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Abstract

Accurate optimizer statistics are fundamental to query and ML-
prediction performance in modern database systems, yet maintain-
ing them poses a significant challenge for large-scale data ware-
houses. Traditional statistics collection relies on full table scans,
which become prohibitively expensive as tables grow to billions of
rows and beyond. This creates a critical tension: statistics must be
kept current to ensure high-quality query plans and accurate ML
predictions, but the cost of collecting them grows with data volume.
Amazon Redshift, a fully managed, petabyte-scale cloud data ware-
house, exemplifies this challenge as customers continuously ingest
data from sources such as application logs, IoT telemetry, clickstream
data, or use zero-ETL to ingest transactional and operational data.
Incremental statistics collection addresses this challenge by updat-
ing statistics based solely on modified data, avoiding full table scans
while maintaining accuracy. In this paper, we present the design and
implementation of incremental statistics collection and maintenance
based on data sketches in Amazon Redshift. This technique reduced
the fleet-wide weekly compute time spent on collecting statistics for
large tables by 40%, while producing statistics that are as accurate as,
or even more accurate than before. Our experiences offer practical
insights for database practitioners seeking to adopt incremental sta-
tistics in production systems at scale, particularly those employing
PostgreSQL-style optimizer statistics.
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1 Introduction

A common pattern in enterprise data warehousing workloads in-
volves periodic data ingestion followed by immediate querying of
newly loaded data. However, this creates a challenge for cardinality
estimation as new data can be out-of-distribution of the existing
statistics, potentially leading to suboptimal query plans and also
propagating as noisy inputs to downstream ML predictors, degrading
performance on all fronts. Timestamp columns or ID columns, which
monotonically increase over time, are especially susceptible to this
problem, asnewly ingested data often falls outside the range captured
by existing statistics. While most commercial systems implement
techniques to automatically update statistics, e.g., Amazon Redshift’s
built-in automatic ANALYZE, many existing solutions do so by recom-
puting them from scratch using a sample or even a full table scan.

Analysis of Amazon Redshift fleet logs revealed a critical insight:
the 90th percentile of ANALYZE time for large tables (10B+ rows)
exceeds 10 hours, amounting to months of cumulative compute time
per day across the entire Redshift fleet. Reducing the ANALYZE time
directly improves performance through fresher optimizer statistics
and decreased operational costs.

While data distribution in large tables typically remains stable
during append operations, timestamp columns were hypothesized
as a particular challenge. We validated this assumption through log
analysis for the Redshift fleet, which revealed a 25-fold increase
in Q-Error [40] for predicates involving temporal column filters
when comparing estimates from stale to fresh statistics. Temporal
columns are of type DATE, TIME or TIMESTAMP and constitute 10%
of all columns in Amazon Redshift [53]. 45% of scans have a filter
containing a predicate on a temporal column. We consider statistics
stale when inserted or deleted rows comprise more than 10% of the
table’s total rows.

While incremental maintenance of statistics has been studied
extensively [10, 20, 22, 23, 25, 30, 37, 45, 54], implementing a solution
for our case presents unique challenges:

(1) Amazon Redshift is a large-scale production system. Tens
of thousands of customers cumulatively process exabytes of data
every day. Regressing performance because of a new statistics
collection mechanism is unacceptable. Additionally, we must
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minimize changes to the user-facing catalog interface, as some
customers depend on existing statistics.

(2) Data structures for incremental statistics (sketches) ex-
hibit insufficient insertion throughput in practice. While
novel alternatives exist, they did not meet performance expecta-
tions. This necessitated significant engineering effort and novel
implementation strategies to achieve the required insertion
speeds.

Amazon Redshift’s new incremental query optimizer statistics fea-
ture relies on data sketches, substantially reducing the cumulative
cost of maintaining statistics for large tables. Statistics are refreshed
when the percentage of newly inserted rows exceeds a threshold. Our
benchmarks demonstrate that incremental ANALYZE outperforms the
existing ANALYZE in cumulative execution time after only 3 refresh
operations (corresponding to 30% table growth) when using identical
refresh thresholds. More importantly, incremental ANALYZE main-
tains 10X fresher statistics by reducing the refresh threshold from 10%
to 1% of newly inserted rows, while still achieving lower cumulative
cost after just 34 refresh operations (34% table growth). Real-world
deployment data from thousands of production clusters reveals a 40%
reduction in weekly time spent collecting statistics for large tables,
with this advantage increasing over time as tables continue to grow.
We make the following contributions:

o Sketches-to-statistics conversion. An algorithm that derives
Redshift’s single-column statistics from sketches.

o Sketch selection. A combination of sketches to generate Red-
shift’s PostgreSQL-style statistics.

o Incremental ANALYZE framework. Hierarchical sketch aggre-
gation, MVCC-based delta scans, sampling, and refresh policies.

e Production deployment. Rollout to thousands of Redshift clus-
ters, and an analysis of its effect on the fleet.

In the remainder of this paper, we provide background (Section 2),
givean overview of incremental query optimizer statistics in Amazon
Redshift (Section 3), dive deep into data sketches (Section 4), describe
incremental ANALYZE, the framework that builds and maintains in-
cremental statistics (Section 5), evaluate both statistics collection
and statistics quality (Section 6), discuss related work (Section 7),
and conclude (Section 8).

2 Background

This section provides the necessary background on terms and con-
cepts that are relevant to the remainder of the paper, such as query
optimizer statistics, Amazon Redshift and data sketches.

2.1 Query Optimizer Statistics in Databases

Database Management Systems rely on query optimizer statistics
to generate efficient execution plans. Stale or inaccurate statistics
can lead to suboptimal plans that degrade performance by orders of
magnitude, making the maintenance of fresh statistics critical for
optimal database performance. Beyond plan quality, modern cloud
data warehouses also embed ML-based components that consume
optimizer-produced estimates as input features. Inaccurate statistics
therefore not only affect the query performance but also propagate
errors into these learned models, compounding their impact on
system performance.

These statistics typically capture both table-level properties such
as row counts and column-level distribution properties such as dis-
tinct values, null fractions, and histograms, which the optimizer uses
to estimate the cost and selectivity of alternative execution plans.

As data is modified, added, or deleted, the underlying statistics
must be updated to reflect these changes. Many database systems
offer automatic statistics collection mechanisms, though database
administrators often need to fine-tune these processes based on their
specific workload patterns and performance requirements.

2.2 Amazon Redshift

Amazon Redshift [6] is Amazon’s fully managed, petabyte-scale
cloud data warehouse service. It operates on a distributed architec-
ture comprising a single leader node and multiple compute nodes.
The leader node functions as a centralized coordinator, managing
query planning and orchestrating overall system operations. The
compute nodes are responsible for executing the distributed query
workload, with their data partitioned into units called slices (or par-
titions), each processing its assigned portion independently. Data in
Amazon Redshift resides in Redshift Managed Storage (RMS) backed
by Amazon S3 ina compressed columnar format in blocks of 1IMB. Itis
append-only, meaning that deletes are implemented as marking arow
as deleted and inserting a new row. To speed up scans, Redshift main-
tains min/max values per data block (zone maps) used to avoid scan-
ning blocks whose [min,max] range does not overlap with the predi-
caterange of afilter column. The Amazon Redshift Query planner fea-
tures both a rule-based rewriting engine and a cost-based optimizer.

Amazon Redshift aims to automate as much as possible for its
customers. It incorporates autonomics to automate critical tasks
such as workload management [51], cluster right-sizing [44], phys-
ical design optimization [16], and statistics collection [4]. Several of
these components, including Auto-WLM [51] and Redshift’s next-
generation Al scaling [44], rely on ML-based execution time and
memory predictors [44, 51, 55] that featurize physical query plans
using optimizer-estimated costs and cardinalities, making them con-
crete examples of the dependency on fresh statistics described above.

2.3 Optimizer Statistics used in Amazon Redshift

Amazon Redshift uses single-column statistics comparable to those
implemented in PostgreSQL.

Basic Statistics. These fundamental statistics can trivially be col-
lected with a single pass over the data and maintained incrementally.
They include the table Row Count, the Average Width of a column’s
values in bytes, the Null Fraction, and the column Minimum and Max-
imum, which are also used to reduce the scan set size via zone maps.
Number of Distinct Values (NDV). The optimizer uses NDV pri-
marily for join strategy selection and intermediate result size es-
timation. Exact NDV computation is resource-intensive for large
datasets, so many database systems employ probabilistic counting
techniques such as HyperLogLog [20] or sampling strategies [26]
to estimate it efficiently.

Most Common Values (MCVs). MCVs capture the most frequently
occurring values in a column, enabling the optimizer to account for
data skew. When an equality predicate references a value present in
the MCV list, the optimizer uses its precise frequency; otherwise, it
assumes a uniform distribution over the remaining values. MCVs are
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Figure 1: Overview of ANALYZE operations in Amazon Redshift. CN are compute nodes, LN is the leader node.

also used to estimate the selectivity of pattern-matching predicates
such as LIKE or regular expressions.

Histogram. A histogram approximates the cumulative distribution
function (CDF) of a column by dividing the data into equi-depth buck-
ets. The optimizer uses it to estimate selectivity for range queries and
inequality predicates by interpolating between bucket boundaries.
To avoid distortion from skew, Amazon Redshift uses a “compressed”
histogram that represents the data distribution after removing values
listed in the MCVs.

2.4 Statistics Collection in Amazon Redshift

Amazon Redshift collects statistics about its data using the ANALYZE
command [3]. Prior to incremental statistics collection, the ANALYZE
command would fully scan the table to build a sample (used for
average width, null fraction, histogram, and MCVs) and Hyper-
LogLog++ [5, 27] (used for NDV) sketch per column. This sample
and the sketch are not persisted after deriving the optimizer sta-
tistics from them. Note that the minimum and maximum values
are maintained during data insertion and stored on a block level,
independently from the optimizer statistics.

Statistic collection is triggered in the current user transaction af-
ter a manual ANALYZE command, a CREATE TABLE AS (CTAS) query
creates a new table, or a COPY inserts into an empty table. Redshift
additionally employs some autonomics to collect statistics on its
customers’ behalf. Automatic ANALYZE [4] periodically performs
analyze operations in the background. To minimize performance
impact on user workloads, automatic ANALYZE is only run during
periods of low system activity. Redshift tracks the set of predicate
columns (those used in a filter, join, or group condition) used during
query planning. These predicate columns represent the subset of
columns where collecting statistics is worthwhile. Automatic ana-
lyze (and user analyze with the PREDICATE COLUMNS option) only
analyze predicate columns, and distribution/sort keys.

Per table staleness is tracked by counting the number of rows
inserted/updated/deleted since the last analyze. By default, a user
triggered ANALYZE skips tables where fewer than 10% of rows have
changed since the last analyze. The automatic ANALYZE [4] worker
uses staleness to prioritize statistics collection for tables that have
changed the most.

2.5 Data Sketches

Data sketches (or sketches for short) implement stochastic algo-
rithms and maintain memory-efficient data structures that can be
used to provide approximate answers with theoretically-guaranteed
error bounds. Sketches have many desirable properties. One key
property of sketches is that they are usually small in size (in the
order of kilobytes) and the size grows sub-linearly to the size of the
raw data, or not at all. Another key attribute of sketches is that they
only need to see each element of the underlying data once, i.e., res-
canning existing data is never necessary. Sketches are also agnostic
and insensitive to the distribution of the data. All sketches we apply
are mergeable, i.e., sketches over partitions of data can be combined
and the resulting merged sketch has the same accuracy as a single
sketch built over the entire data set. Details on merging sketches, in
particular for quantile and heavy hitter sketches, are discussed in [1].

Sketches can be tuned using accuracy parameters, most com-
monly expressed as relative error (€). The relative error € defines the
maximum acceptable deviation from the actual result as a fraction
of the total dataset size N.

Some sketch algorithms also incorporate an error probability (5),
which represents the likelihood that the sketch’s estimate deviates
significantly from the true value. These sketches are called “random-
ized” or “probabilistic”. For sketches that use both parameters, they
provide guarantees that the approximation will be within a factor
of (1 + €) of the dataset size with probability at least (1 - §). Users
can typically configure these parameters to balance the trade-off
between accuracy and memory consumption, as tighter error bounds
generally require storing more information. A larger sketch size may
also result in lower insertion throughput.

3 Incremental Query Optimizer
Statistics in Amazon Redshift Overview

This section provides a high-level overview of incremental ANALYZE,
Redshift’s framework for maintaining statistics incrementally. Fig-
ure 1 illustrates both the sampling-based and incremental ANALYZE.

Amazon Redshift’s query optimizer statistics (detailed in Sec-
tion 2.3) cannot be incrementally maintained directly because their
generation requires access to the full dataset or a representative



Table 1: Sketches. Overview of the sketches relevant to this work.

Sketch Space Update Time Deletes Count  Heavy Hitters Quantiles  NDV
Count Sketch (CS) [10] 0(%10g%) O(%) V1 v Vel

Dyadic Count Sketch (DCS) [54] O(Llog!*Ulog!®(22Y)) O(logUlog ("% )) /1 v /5 v
Greenwald-Khanna (GK) [25] o( élog(eN) ) o (Iog% +loglog(eN)) v
Karnin-Lang-Liberty (KLL) [30] o( élogzlog( é )) o( é ), O(log( é )) [29] V2 v
HyperLogLog (HLL) [20] O (e %loglogn+logn) o(1) V3 v
Space Saving (SS) [37] O(1/e) O(1/e) V4 v

! Items that have previously been inserted can be deleted
2 Can be made to support bounded deletes [58]
3 Can be made to support deletes by using probabilistic counting [22]

sample. ANALYZE requires scanning the entire table to estimate NDV
using HLL++ sketches, while computing remaining statistics from
a sample (Section 2.4), as computing them from the full table would
be prohibitively expensive. This process is illustrated in Figure 1a.
We retain this approach for tables of small size.

To address the computational burden for large tables, we intro-
duce an incremental maintenance strategy that processes only newly
inserted rows since the last ANALYZE execution. Our approach lever-
ages probabilistic sketches (Section 2.5) to efficiently generate query
optimizer statistics, significantly improving both statistics freshness
and reducing the computational overhead associated with ANALYZE
operations. This is depicted in Figure 1b.

The system operates hierarchically, beginning at the partition
(slice) level where local column sketches are created by incorporating
all values within each partition. These partition-level sketches are
then consolidated at the compute node (CN), which merges sketches
from all its assigned partitions into a single one before transmitting
it to the leader node (LN). At the final stage, the LN combines all
received CN sketches into one unified sketch, generates the corre-
sponding statistics, and persists them in the sketch store.

When table growth reaches a predetermined threshold, the system
triggers delta ANALYZE. This process focuses exclusively on newly
added rows, generating sketches using the same methodology as full
analyze. Delta ANALYZE then merges these newly created sketches
with the single existing sketch maintained for each column. This
approach ensures that only the initial full analyze bears substan-
tial computational cost, while subsequent delta ANALYZEs efficiently
maintain statistical accuracy with minimal resource consumption.

4 Incremental Optimizer Statistics via Sketches

To incrementally maintain Amazon Redshift’s statistics, we lever-
age several sketches. Unlike sampling-based approaches, we do not
retain a representative sample of the table, as maintaining such sam-
ples would require prohibitive storage at Redshift’s large scale and
raises planning latency concerns. All sketches relevant to this work
are summarized in Table 1.

Amazon Redshift’s query optimizer statistics (see Section 2.3) con-
sist of basic statistics, NDV, MCVs, and compressed histogram. The
basic statistics Row Count, Average Width and Null Fraction can be
computed in a single pass over the data using a few counters. Coun-
ters from multiple parts of the data can easily be merged. For NDV,
we continue estimating them using the mergeable HLL++ sketch.

4 Can be made to support bounded deletes [57]
5 By using an auxiliary min-heap [10]

4.1 Most Common Values (MCVs)

Identifying the most common values in the data requires efficiently
tracking heavy hitters while accurately estimating their frequencies.
We address this challenge using two complementary sketches: Space
Saving (SS) for fast identification of frequent items, and Count Sketch
(CS) for accurate frequency estimation. This pairing is inspired
by [12], which combines Count Min Sketch (CMS) with a heap; how-
ever, we opt for CS because it provides unbiased estimates. SS cheaply
guarantees that items above a coarse frequency threshold appear in
its candidate set, but its own frequency estimates only honor that
same threshold; CS, sized with a much tighter error bound, then re-
fines the candidates’ frequencies. Making SS accurate enough to skip
the CS refinement would be prohibitively slow on the insertion path.
Space Saving (SS) [37]. The SS sketch is a deterministic algorithm
for identifying and tracking frequent items (heavy hitters) within
streaming data. The structure maintains k item-count pairs, where k
represents the space-accuracy trade-off parameter. For each incom-
ing item, the algorithm either increments its existing counter or, if
the item is not currently monitored, replaces the entry with the small-
est count. In the latter case, the new item’s counter is initialized to
the minimum count plus one. This replacement mechanism ensures
that frequency estimation errors are bounded by N /k, where N rep-
resents the stream size. The sketch provides a strong guarantee: all
items whose true frequency exceeds N /k will be captured within the
structure, making it particularly effective for heavy hitter detection.
CountSketch (CS)[10]. CSisaprobabilistic data structure designed
for frequency estimation. It maintains a two-dimensional array of
counters organized into d rows and w columns. The parameter d
controls the trade-off between error probability (§), and memory con-
sumption and insertion performance, while w determines the balance
between relative error () and memory usage. Initially, all counters
are set to zero. For each row, CS employs two hash functions: one
maps items to column indices, while the other generates a sign (+1 or
—1) for counter updates. During frequency estimation, the algorithm
applies these same hash functions to select one counter per row, mul-
tiplies each by its corresponding sign, and returns their median value.
Unlike the Count Min Sketch (CMS) [12], which only performs
counter increments and returns the minimum counter value during
queries, CS can both increment and decrement counters. This key
difference allows CS to avoid the inherent positive bias present in
CMS estimates, where frequencies can never be underestimated.



Table 2: Sketch Insertion Performance and Size.
Single-threaded for a dataset of 1M uniform random 32-bit integers.

Sketch Inserts/s Size (Bytes)
Count Sketch (CS) 111M 81920
Space Saving (SS) 49M 1152
Dyadic Count Sketch (DCS) 5M 1687544
Greenwald-Khanna (GK) 21M 1412
Karnin-Lang-Liberty (KLL) 33M 3976
HyperLogLog (HLL) 237M 2048
CS +SS +KLL + HLL 15.5M 89096

4.2 Compressed Histogram

Constructing compressed histograms requires estimating quantiles
over data. While Amazon Redshift already employs a Greenwald-
Khanna (GK) implementation for APPROXIMATE PERCENTILE_DISC,
we selected the more modern Karnin Lang Liberty (KLL) sketch for
this work. The key concern is long-term stability: GK sketches grow
unbounded during merge operations, which becomes problematic
as sketches are repeatedly merged throughout a table’s lifetime. This
is acceptable for a single SQL function invocation but not for our use
case, where sketches must be maintained indefinitely. In contrast,
KLL maintains bounded size while supporting mergeability with
preserved accuracy guarantees.

We also considered dyadic sketches (DCS or DCMS) paired with
a heap, which could provide both MCVs and compressed histograms
in a unified structure. However, these approaches require a fixed-
size universe, precluding support for variable-length types such
as strings. Furthermore, their O (logU) space complexity makes
them impractical: for 64-bit integers, they would be up to 64 times
larger than a single CS, an unacceptable overhead for our use case.
Additionally, their insert throughput was too slow.
Greenwald-Khanna (GK) [25]. The GK sketch is a deterministic
data structure designed for computing approximate quantiles. GK
maintains a sample of the input values, each containing a value
and additional tracking information about minimum and maximum
ranks. The sketch ensures that any quantile query can be answered
within a guaranteed relative error € while using O ( élog(eN )) space,
where N is the dataset size. The structure maintains its accuracy
by merging and compressing tuples when certain criteria are met,
effectively summarizing the distribution of the data stream. Each
tuple tracks a range of possible ranks for its value, and the com-
pression mechanism ensures these ranges remain tight enough to
guarantee the desired error bounds. The sketch can not be merged
into another one while keeping the same error guarantees [1]. There
exist merging algorithms for GK that work well in practice, however
the sketch will grow unbounded when using them [13]. To get an
estimated rank of a given item, we scan the sketch for the position
where the item would be put, and sum up all ranks up to that point.
Karnin-Lang-Liberty (KLL) [30]. KLL is a randomized sketch for
computing approximate quantiles that offers practical improvements
over deterministic approaches such as GK. It maintains a hierarchy of
levels containing sorted items, with each successive level employing
exponentially decreasing sampling rates. The parameter k controls

the space-accuracy trade-off: it is the capacity of the sketch’s bot-
tom level and determines the total memory footprint, with the error
bound e shrinking as k grows via k= (C/€)+/log(2/J) for a small con-
stant C. New elements enter at the bottom level and progressively
migrate upward through a probabilistic compaction mechanism,
which preserves items with probability 1/2 between levels. This
design ensures that higher levels maintain increasingly sparse but
representative samples of the input stream. A significant optimiza-
tion by Ivkin et al.[29] improved the worst-case update complexity
from O(1/¢) to O(log1/e) while preserving accuracy guarantees.
The sketch maintains an error bound of € with probability at least
1-6, utilizing space complexity of O( %loglog(l /96)).

Unlike GK, KLL is fully mergeable, allowing sketches built from
distinct subsets of the full dataset to be combined while maintaining
the same accuracy guarantees as a sketch built over the entire dataset.
Dyadic Count Sketch (DCS) [54]. The DCS extends the Count
Sketch by maintaining multiple sketches organized in a hierarchical,
dyadic structure. This arrangement enables it to support frequency
estimation as well as quantile estimation both in one sketch. The
structure maintains logU Count Sketches, where U is the size of
the domain, with each level corresponding to a different granularity
of intervals. At level i, the domain is partitioned into intervals of
size 2!, and a Count Sketch tracks frequencies for each such interval.
This dyadic decomposition allows for arbitrary range queries to be
answered by combining estimates from at most 2logU dyadic inter-
vals. The last level is just a normal Count Sketch, and can be used
for frequency estimation. Like its base structure, the Dyadic Count
Sketch provides unbiased estimates, but with additional space com-
plexity proportional to logU times the size of a single Count Sketch.
The trade-off between accuracy parameters (€, §) and memory usage
follows the same principles as the basic Count Sketch for each level.

This principle can also be used with a Count Min Sketch to create
a Dyadic Count Min Sketch (DCMS) [54], but the DCS is preferable
for the same reason that CS is preferable over CMS.

4.3 Sketch Parameters

We selected sketch parameters to match or outperform the accuracy
of Redshift’s existing ANALYZE implementation in our extensive ex-
periments. For Count Sketch, we use width w of 2048 and depth d of
5, yielding a relative error upper bound € of ~0.01% and theoretical
failure probability § of ~0.67%. Space Saving uses k = 96 entries,
guaranteeing capture of all elements with frequency exceeding ~1%.
CS is sized with a much tighter error bound than SS precisely to
refine the candidates’ frequencies: SS’s own frequency estimates
inherit the same ~1% threshold, which is too coarse for the optimizer.
Tightening SS enough to skip this refinement would require roughly
a100x larger k, which is prohibitively slow when inserting into the
SS. For Karnin-Lang-Liberty, we set k =200, achieving an average
relative error € of ~1.8%. These configurations consistently deliver
statistics quality that meets or exceeds the previous implementation.

4.4 Insert-Optimized Sketch Implementation

Insertion performance dominates because every value inserted into
every column passes through the sketches; merge and query are
comparatively rare. Reference implementations from other works
and the Apache DataSketches library did not meet our throughput



Table 3: Summary of key challenges, design decisions, and rationale.

§ | Challenge Design Decision Reason

4.4 | Existing sketch implementations pro- | Employ insert-optimized imple- | Novel sketch designs fail to meet performance expectations in practice,
vide insufficient insertion throughput. | mentation strategies. whereas insert-optimized implementations achieve required throughput.

5.3 | Must minimize plan changes, avoid per- | Convert sketches into single- | The conservative initial implementation requires no modifications to the
formance regressions, and limit modifi- | column optimizer statistics. query optimizer while maintaining a clear path for future enhancements.
cations to user-facing catalog interface.

5.5 | Data deletion can occur, altering the un- | Perform a full data re-scan once | While sketches can be extended to support deletions, doing so incurs
derlying data distribution. Note that an | a deletion threshold is reached. | penalties in both size and insertion speed. Since deletions are infrequent,
updateisadeletion followed by an insert. the chosen approach suffices. If needed, we can transition to per-partition

sketch storage to rebuild only affected portions upon deletion.

5.6 | Statistics must be kept as fresh as | Refresh statistics asyn- | Performing updates on the ingestion path introduces excessive overhead
possible. chronously while reducing the | that would measurably degrade ingestion performance.

staleness threshold by 10x.

targets, so in prior work [47] we developed insert-optimized imple-
mentations of CS, SS, and KLL that deliver up to 12.3X%, 2.0%, and
1.52x speedups, respectively, while preserving the algorithms’ the-
oretical guarantees. We use those implementations unchanged here
and refer the reader to [47] for the optimization techniques.

Table 2 reports the single-threaded throughput and size of each
sketch at the parameters in Section 4.3, on 1M uniform 32-bit integer
inserts, measured on an AWS m5. 12x1arge instance. GK and DCS
are configured to match KLL’s error bound. Two takeaways from the
table: first, the combination we use (CS + SS + KLL + HLL) achieves
15.5M inserts per second at roughly 90KB; second, DCS is ~ 20X
larger and ~ 3% slower than this combination at 32 bits and scales
worse at 64 bits, which rules it out despite its unified frequency-plus-
quantile support (Section 4.2). Hash sharing [47] lets CS reuse HLL’s
hash computation. Performance on other fixed-size types is compa-
rable to 32-bit integers; skew improves SS and KLL throughput by up
to 2x and 1.33x%, while CS and HLL are unaffected. Strings are 2-7x
slower depending on length, at which point hashing dominates.

5 Incremental ANALYZE

Incremental ANALYZE is the framework that maintains statistics in-
crementally for large tables in Amazon Redshift. Figure 1b gives an
overview. Table 3 presents the unique challenges that came with
implementing a solution for a petabyte-scale data warehouse, and
how we addressed them.

5.1 Sketch-based ANALYZE

Our implementation of sketch-based ANALYZE is similar to standard
SQL query execution: the process begins with a table scan, followed
by insertion into sketches, and concludes with an aggregation step
that merges sketches to obtain a single unified sketch per column.
The system employs a hierarchical architecture for sketch con-
structionand aggregation. At the partition level, local column sketches
are created by inserting all values within each partition. These
partition-level sketches are subsequently consolidated at each com-
pute node (CN), which merges sketches from all assigned partitions
into a unified representation before transmitting it to the leader node
(LN). Finally, the LN combines all received CN sketches into a single
sketch, derives the statistics, and persists them in the sketch store.

We employ sketch-based ANALYZE exclusively for large tables
(tens of billions of rows) for two key reasons. First, small tables can
be analyzed exactly without sampling, yielding perfectly accurate
statistics that are better than sketch-derived approximations, while
medium-sized tables incur negligible overhead from repeated scans.
Second, sketch-based ANALYZE imposes higher per-row cost than
sample-based ANALYZE, which inserts each row into an HLL sketch
and cheaply computes the remaining statistics from a small sample.
Consequently, the efficiency gains of sketch-based analysis emerge
only for large tables, where the amortized ANALYZE cost becomes
favorable despite higher per-execution overhead.

A key advantage of sketch-based ANALYZE is its ability to process
new data incrementally without affecting the quality of resulting
statistics. This property enables us to reduce the staleness threshold
for inserts from the existing 10% to just 1% of data change — more
frequent statistics refreshes at basically the same cost. We retain
the existing catalog logic for determining when to skip ANALYZE,
but introduce two modifications: a substantially lower row change
threshold (1% instead of 10%) and an additional time-based threshold
(maximum staleness of 1 day). These adjustments yield significantly
fresher statistics while preserving ANALYZE performance.

To address the impact of deletions on data statistics, we’'ve im-
plemented a new mechanism. When a table reaches a 10% deletion
threshold, the next ANALYZE will trigger a full re-scan of the table.
This process rebuilds the sketches entirely from the current data,
ensuring that the statistics accurately reflect the table’s state after
significant deletions have occurred. This full re-scan process is com-
putationally expensive. However, we anticipate that such deletions
will be occurring infrequently, as discussed in detail in Section 5.5.
We store the serialized per-column sketches as a blob in Redshift
Managed Storage (RMS) alongside per-table MVCC metadata, en-
abling transactional durability and isolation.

There are two kinds of sketch-based ANALYZE runs: The first
is a full-scan bootstrap sketch-based ANALYZE, which constructs
sketches from all currently visible data. This mode is triggered when
a table first becomes eligible for sketch-based analysis, when enough
deletions have occurred, or for new columns. The second mode is
delta sketch-based ANALYZE, which processes only the data inserted
since the previous run. For large tables, this delta approach offers
significant performance advantages over full scans.



5.2 Delta ANALYZE

The mergeability property of our chosen sketches enables incremen-
tal construction of column statistics through a hierarchical merging
strategy. During delta ANALYZE, we first construct sketches over the
data inserted since the last incremental analyze. These new sketches
are built independently per partition, mirroring the approach used in
full sketch-based analyze. We then merge the per-partition sketches
into a single global sketch representing all newly inserted data. Fi-
nally, this global sketch is merged with the existing sketch retrieved
from the sketch store, producing an updated sketch that reflects the
complete dataset. This incremental approach avoids re-scanning pre-
viously analyzed data while maintaining statistical accuracy equiv-
alent to a full analyze. Figure 1b illustrates this process.

Leveraging Redshift’s MVCC implementation, delta ANALYZE
identifies and scans only newly inserted rows using metadata. Specif-
ically, we record (1) the transaction ID of the last analyze command
(analyze_xid) and (2) the set of active transaction IDs at that time
(inflight_xids). During delta ANALYZE, we augment the standard
MVCC visibility checks to include only rows satisfying one of two
conditions: (1) inserted by a transaction that began after the last
analyze committed (insert_xid > analyze_xid), or (2) inserted
by a transaction that executed concurrently with the last analyze
and subsequently committed (insert_xid < analyze_xid and
insert_xid in inflight_xids). This approach closely parallels
Redshift’s incremental materialized view refresh mechanism [6],
adapted for the insert-only case. Since RMS blocks store insert_xid
metadata, we perform block-level pruning using the minimum of
inflight_xidsand analyze_xid, scanning only blocks containing
rows that satisfy the visibility criteria.

5.3 Converting the sketches to
Redshift’s single-column optimizer statistics

After each sketch-based ANALYZE run, we transform the global sketch
for each analyzed column into statistics to be used by the Redshift
query optimizer (Section 2.3). Basic statistics are obtained from
simple counters, the Most Common Values (MCVs), compressed
Histogram, and Number of Distinct Values (NDV) are inferred from
the sketches.

Directly querying CS for equality selectivity, KLL for inequal-
ity selectivity, and SS’s frequent values for predicates such as LIKE
or REGEX would be more straightforward, but we instead convert
sketches at collection time into the existing optimizer statistics for-
mat. Sketches are substantially larger than single-column statistics
and cannot all remain resident in memory on the leader node; loading
them on demand would add per-query planning latency on top of the
cost of deriving estimates from them. Converting at collection time
sidesteps both overheads and avoids any changes to the cost-based
optimizer, isolating the rollout of incremental ANALYZE from future
optimizer-side work. Direct sketch-based estimation remains an
option for future work.

Our decision to use sketches, rather than reservoir sampling with
HLL sketches [22] or relying solely on block metadata [15], was
driven by this cautious approach and the unique requirements of
our system. We do not keep a representative sample of the table, as
storing samples at Redshift’s scale would demand excessive storage
and may increase planning latency.

Algorithm 1 Converting the sketches to the single-column statistics
the Amazon Redshift optimizer uses for cost-based optimization.

1: function CONVERT(target, rows, cs, ss, kll, hll)
2: ndv < hll.ndov()

3: mcous [ ]
4: for value,weight € ss do
5: mcus.append((value,weight))
6: for value,weight € mcus do
7: weight « cs.count(value) > More accurate.
8: SORT (mcus) > By frequency.
9: target «— COMPUTE_NUM_MCV (target,rows,ndv,mcos)
10: mcus.resize(target)
11: hist ]
12: s« SUM(mcuos) > Sum of MCV frequencies.
13: SORT(mcus) > By value.
14: merows—s—1 > Max rank.
15: cov—0 > Sum of covered MCV frequencies.
16: boundary — @ > Current histogram boundary.
17: jeo0 > Current MCV index.
18: forallie {0,....target} do
19: br «— (mxi)/target > Base rank.
20: preco > Previous rank.
21: for r < br+cou;r # pr;r < br+cov do
22: boundary — kll.quantile(r)
23: prer
24: while mcus|j].value <=boundary do
25: cov«cov+mcus| j|.weight
26: ++j
27: hist « hist+boundary
28: return {mcvs, hist, ndv}

The conversion process is outlined in Algorithm 1. This algorithm
takes several parameters: target (the desired number of MCVs and
histogram buckets), the number of rows, and cs, ss, kIl hil sketches.
The MCV count and histogram bucket count are sized with the same
parameter to match the existing Redshift behavior.

Number of Distinct Values. The NDV is obtained directly from
the HLL++ sketch.

Most Common Values. For MCVs, we first extract candidates
from the Space Saving, then refine their estimated frequencies us-
ing the Count Sketch, which provides more accurate results. The
compute_num_mcv function determines the optimal subset of MCVs
to retain in the final statistics. It applies several filtering criteria:
MCVs must exceed a minimum frequency threshold, represent a
significant portion of the table’s data, and occur more frequently
than the average value (estimated as num_rows/ndistinct). Given
the approximate nature of sketch-based statistics, we extended this
function by introducing an additional constraint: we now exclude
MCVs whose frequency falls below the count sketch’s absolute error
bound eN. The rationale is straightforward: if a candidate’s esti-
mated frequency falls below €N, it is within the CS error margin,
meaning it is indistinguishable from noise. This modification suc-
cessfully addressed several performance regressions we observed in
TPC-DS benchmark queries where the estimated MCV frequencies
led to a bad plan.



Histogram. To construct the histogram, we utilize both the MCV list
and the KLL sketch. Given that a compressed histogram is required,
we must account for and effectively “remove” the MCV frequencies
from the estimated distribution. The process of generating a con-
ventional equi-depth histogram involves partitioning the interval
[0,rows—1] into target equally-sized buckets resulting in target+1
ranks. To incorporate the MCVs, we iteratively adjust each boundary
by adding the ranks of all MCVs less than or equal to the current
boundary to the queried rank, and then re-query the KLL sketch.
This process continues until the boundary stabilizes, at which point
it is emitted. This approach ensures that the resulting histogram
represents the data distribution without the MCVs.

Anotable behavioral change exists between the statistics resulting

from existing, sample-based ANALYZE and sketch-based incremental
ANALYZE. In the sample-based method, MCVs were removed from
the sample before histogram construction. This means that MCVs
could never appear as histogram boundaries. With our sketch-based
approach, due to the inherent approximation in sketches, MCVs may
occasionally appear as histogram boundaries. However, the opti-
mizer’s selectivity estimation logic naturally works in this scenario
without any modifications.
Worked Example. In the following, we present a worked example
for Algorithm cONVERT. Suppose a column with rows=100 over the
values [1,50], where the non-MCV values have uniform frequency.
Let target =2, i.e., two MCVs and two histogram buckets. Further,
for the sketch inputs, suppose the HLL sketch reports 20 NDV and
the SS reports the heavy hitter values {10,30,42}.

The algorithm first extracts NDV from HLL and heavy hitters
from SS, then looks up their frequencies in CS (Line 6). Suppose
CS returns (10,22),(30,20),(42,7). All candidates exceed the average
frequency 100/20=5, but cOMPUTE_NUM_MCV eliminates the least
frequent due to target=2, giving mevs=[(10,22),(30,20)].

Next, we illustrate the histogram construction, starting in Line 11.
Recall that we iteratively find equi-depth bucket boundaries over the
non-MCYV portion of the data by querying the KLL sketch and adjust-
ing for MCV frequencies encountered along the way. To this end, we
sort MCVs by value and compute s =42, m=100—42—-1=57. Since
target = 2, we need the target+1 =3 histogram bucket boundaries
(i€{0,1,2}). For boundary i =0, the base rank is br=(57x0) /2=0. We
query KLL.quantile(0+0) =1. Since no MCV has value < 1, the cover-
age covremains 0 and the rank does not shift. The boundary stabilizes
at 1. Next, for boundary i =1, the base rank is br=(57x1) /2=28, rep-
resenting the midpoint of the non-MCV distribution. In the first itera-
tion, we query KLL.quantile(28+0) =15. The MCV (10,22) has value
<15, so we add its frequency to the coverage: cov=22. This shifts the
rank upward because those 22 MCV rows occupy space in the KLL
but should not count toward our equi-depth target. In the second iter-
ation, we query KLL.quantile(28+22) =25. No additional MCVs have
value <25, so cov remains 22 and the rank no longer changes. The
boundary stabilizes at 25. Finally, for boundary i =2, the base rank is
br=(57x2)/2=57. Note that cov=22 carries over from the previous
boundary. In the first iteration, we query KLL.quantile(57+22) =40.
The MCV (30,20) has value <40, so cov=22+20=42. In the second
iteration, we query KLL.quantile(57+42) =50. No further MCVs are
encountered, so the boundary stabilizes at 50.

Finally, in Line 28, a result tuple with ndv=20, mcvs={10:22,30:
20}, and histogram boundaries [1,25,50] is returned.

5.4 Sampling

Our benchmarks (see Section 6.1) reveal that incremental ANALYZE
can incur up to 6X performance overhead compared to sample-based
ANALYZE. While the cumulative execution time would eventually fa-
vor incremental analysis, we aimed to optimize this further. Sampling
for statistics generation is a well-established technique, as inferring
statistics from a representative sample typically yields sufficiently
accurate results while reducing computational overhead.

We implement random sampling at 25% of the input data to im-
prove performance. However, we apply this sampling selectively:
only the SS and KLL sketches process the sampled data, while the
HLL and CS continue to process the full dataset. This decision was
driven by our previous experience with HLL, where sampling led
to poor NDV estimates for sample-based ANALYZE. Moreover, since
computing the hash for HLL is necessary, we can efficiently utilize
the same hash value for the CS with minimal additional overhead.

The conversion algorithm in Algorithm 1 adapts readily to this
sampling approach by scaling the ranks when querying the quantile
sketch for histogram boundaries.

We chose 25% as a conservative starting point that met our exit
criteria on collection time and avoided plan regressions. Lower rates
are plausibly viable, but the returns will diminish at some point: HLL
and CS continue to process every row, so reducing the sampling rate
only lowers the cost of SS and KLL inserts. We leave the exploration
of lower sampling rates to future work.

5.5 Delete Support

We deliberately chose sketches that do not support deletes. Although
there are methods to enable delete support for KLL, SS, and HLL
sketches [22, 57, 58], and some sketches like CS and DCS inherently
support deletion of inserted values, these options come with trade-
offsin terms of size, insertion speed, and/or accuracy. Given our focus
on insert performance, these compromises were not acceptable.

Moreover, deleting entire rows matching a predicate (e.g., DELETE
FROM t WHERE i = 5;) in a column store like Redshift typically
requires scanning only the i column and marking the associated
rows as deleted in the delete_xid column. However, to update the
sketches accurately, we would need to scan all columns to determine
which values to delete, adding significant overhead, especially for ta-
bles with thousands of columns. Furthermore, if a VACUUM command,
which reclaims disk space occupied by rows marked for deletion by
previous UPDATE and DELETE operations among other things, occurs
before the ANALYZE refresh, the deleted column values may have
already been physically removed, making it impossible to delete
them from the sketches.

Fortunately, deletes are relatively infrequent in Redshift: 86.6% of
tables experience no deletes at all, and among those that do, approx-
imately 85% delete only 10 rows daily [53]. Updates are roughly half
as common as deletes in the fleet, and the tables where incremental
ANALYZE is most valuable (tens of billions of rows, append-heavy
ingestion pipelines) typically see few modifications. Our approach
maintains incrementally updated sketches for newly inserted values,
reverting to a full-scan when the cumulative deletes (10%) justify
the cost.



5.6 Statistics Refresh Strategy

We initially built sketches on the insert path (between parsing the
incoming data and writing it to storage). Updating statistics immedi-
ately after insertion provides the freshest possible statistics but adds
latency to the critical commit path. We hypothesized that this la-
tency overhead could be concealed within S3 latency. However, upon
testing, this proved not to be the case: the overhead for large insert
operations was too high. INSERT, COPY, and CTAS queries account
for over 50% of query runtime in the Redshift fleet [53], so significant
slowdown on this path is unacceptable. Consequently, we decided
to extend the existing automatic ANALYZE infrastructure for now.

6 Evaluation

In this section, we will evaluate the sketch-based incremental query
optimizer statistics collection in Redshift, and compare to the exist-
ing sample-based ANALYZE. We emphasize that the primary goal of
incremental ANALYZE is to reduce the computation spent on statistics
collection while keeping statistics quality on par with sample-based
ANALYZE as this directly translates to fresher statistics and lower
operational cost for our customers. Improved query plans arising
from the new statistics collection methodology are a welcome con-
sequence but not a design goal on their own. Experiments were
performed on a provisioned Redshift cluster with one leader node
and ten compute nodes, where each node is of type ra3. 4xlarge
and is equipped with 12 vCPU cores and 96 GiB of RAM.

6.1 Incremental
Statistics Collection Performance

To evaluate the execution time of sketch-based incremental ANALYZE
compared to sample-based ANALYZE, we designed an experiment that
resembles real-world usage patterns. Our analysis of the Redshift
fleet data shows that for tables exceeding 10 billion rows, the median
daily growth rate is approximately 1%. This growth rate aligns with
the chosen insert threshold that triggers incremental ANALYZE, while
sample-based ANALYZE operates with a higher 10% threshold.

We conduct our experiment using the 1ineitem table from TPC-
Hat scale factor 10000 (10TB). Starting with an initial size of 10 billion
rows, we simulate daily growth by performing 1% incremental inserts
until reaching its final size of approximately 60 billion rows, resulting
in 182 iterations. We take the median execution time of three warm
runs, and compare sample-based ANALYZE to incremental ANALYZE
with no sampling, 50% sampling, and 25% sampling. The results are
visualized in Figure 2 which shows the end-to-end execution time.

Our results reveal that without sampling, the initial bootstrap-
ping phase of sketch-based incremental statistics collection takes
~ 6% longer than sample-based ANALYZE, ~ 3.9x longer with 50%
sampling, and ~ 2.8x longer with 25% sampling. This is due to the
higher cost of initial sketch construction from 10 billion rows of
data, however, this one-time cost is amortized after a certain number
of runs. The subsequent incremental ANALYZE operations are up to
23.7x faster than ANALYZE without sampling, 35.5% faster with 50%
sampling, and 68.4X faster with 25% sampling. Incremental ANALYZE
beats sample-based ANALYZE in cumulative execution time in this
configuration after 121 iterations without sampling, 56 iterations
with 50% sampling, and 34 with 25% sampling — all while maintaining
much fresher statistics (1% vs 10% insert threshold).

We opt to use the performance advantage we get from incremental
ANALYZE to get 10X fresher statistics. We also investigated the cost
improvements we could get if we had the same level of statistic fresh-
ness. For this, we set the threshold for incremental ANALYZE to the
same 10% that sample-based ANALYZE uses. In this case, incremental
ANALYZE beats sample-based ANALYZE in cumulative execution time
in just 8 iterations without sampling, 5 iterations with 50% sampling,
and 3 with 25% sampling. We can also observe that the cumulative
cost of running incremental ANALYZE more frequently incurs a higher
cumulative cost due to the constant overhead associated with each
execution.

6.2 Incremental Statistics Accuracy

This section compares the statistics generated by sample-based
ANALYZE with those produced by incremental ANALYZE. This compar-
ison is crucial, as lower-quality statistics may degrade performance
relative to the existing solution due to worse query plans or worse
ML predictions.

Our analysis utilizes data generated from a modified TPC-H data
generator [38] that introduces Zipfian skew with a configurable pa-
rameter z €0,1,2,3,4. Here, z=0 represents no skew, corresponding to
the standard TPC-H data with uniform random distribution. Values
of z€1,2,3,4 introduce increasing levels of Zipfian skew, with higher
z values indicating more pronounced data skew.

We evaluate the statistics generated by incremental ANALYZE
against the sample-based ANALYZE statistics. This comparison allows
us to assess the accuracy of incremental ANALYZE across various data
distributions, from uniform to highly skewed. By examining how
closely the incremental statistics approximate both the sample-based
ANALYZE and exact statistics, we can gauge the potential impact on
query optimization and execution performance. This analysis is par-
ticularly important for ensuring that the benefits of incremental
statistics collection do not come at the cost of reduced plan quality or
query performance regression. After taking a look at the generated
statistics, we also check how the statistics influence query execution
performance.

6.2.1 Most Common Values (MCVs)

To evaluate MCV identification accuracy, we employ the F-Score
metric, a standard measure in classification problems. The F-Score
combines Precision (P), which represents the proportion of correctly
identified MCVs among all identified values, and Recall (R), which
indicates the proportion of actual MCVs successfully detected. This
balanced metric is computed as 2*(P*R)/(P+R), producing values
between 0 and 1, where 1 indicates perfect classification. For assess-
ing the accuracy of MCV frequency estimates, we utilize the relative
error € between the actual and estimated frequencies.

The results presented in Figure 3 demonstrate that both sample-
based and incremental ANALYZE achieve perfect MCV classification
on average under uniform distributions (no skew). Performance de-
creases withincreasing data skew, though neither approach’sF-Score
falls below 0.7. While both methods show comparable classification
accuracy, incremental ANALYZE exhibits significantly superior per-
formance in frequency estimation, maintaining consistent accuracy
even as skew increases. In contrast, sample-based ANALYZE’s esti-
mation error grows proportionally with skew. Notably, incremental
ANALYZE’s empirical error consistently outperforms its theoretical
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Figure 2: Incremental Statistics Collection Performance. Comparison of end-to-end ANALYZE execution time between sample-based
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Figure 3: MCYV statistics quality. Comparison between sample-based ANALYZE and incremental ANALYZE with different sampling factors
and different skew configurations. Left: Average F-score for MCV classification. Right: Average Relative Error for MCV frequencies.

bound (indicated by the gray dashed line) derived from the under-
lying Count Sketch algorithm, never exceeding this threshold.

The MCV frequency advantage stems from a structural difference.
The Count Sketch that refines MCV frequencies is exempt from sam-
pling and processes every row, so its error bound scales with the full
N regardless of skew. Sample-based ANALYZE estimates frequencies
from a smaller sample, which increasingly under-represents heavy-
hitter frequencies as skew grows. Space Saving, while sampled, still
sees more rows on large tables than sample-based ANALYZE, improv-
ing candidate identification. Consequently, the MCV frequency error
curves for the three incremental ANALYZE configurations in Figure 3
coincide, independent of sampling rate.

6.2.2 Histogram

To compare the distributions approximated by perfect and estimated
histograms, we employ the Kolmogorov-Smirnov (K-S) test [34]. This
non-parametric test calculates the maximum absolute difference be-
tween the empirical cumulative distribution functions (ECDFs) of
two samples, without assuming any specific underlying probability
distribution. We consider the estimated histogram significantly dif-
ferent from the exact histogram when the test’s p-value is below the
significance level a=0.05.

Additionally, we utilize the Weighted Mean Absolute Percentage
Error (WMAPE) to evaluate the accuracy of estimated histogram

boundary quantiles. WMAPE, a robust metric that accounts for the
magnitude of actual values, is calculated as:

> lyi=dil

iz lil
where y; and 7j; represent actual and predicted values, respectively.

The results in Figure 4 demonstrate comparable performance be-
tween sample-based and incremental ANALYZE across all skew levels.
Both methods maintain an average K-S p-value of ~0.7, with only 3%
of columns falling below the & =0.05 threshold (indicated by the grey
dashed line). This similarity extends to the K-S statistic values and
WMAPE, which remain consistently low across all configurations.
Notably, the columns exhibiting significant differences are largely
consistent between sampling and incremental ANALYZE, indepen-
dent of skew level. These findings suggest that incremental ANALYZE
produces histograms of equivalent quality to sample-based ANALYZE,
regardless of data skew.

WMAPE= X100%

6.3 Impact on Query Execution Performance

To evaluate the influence of incremental ANALYZE statistics on query
performance, we conduct experiments using both sample-based and
incremental ANALYZE statistics. Our evaluation uses TPC-DS and
TPC-H benchmarks at scale factor 3000 (3TB). We set the minimum
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Figure 4: Histogram statistics quality. Comparison between sample-based ANALYZE and incremental ANALYZE with different sampling
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row count threshold for incremental ANALYZE to 1 billion rows to
ensure thatlarge tables (catalog_sales, inventory, store_sales,
and web_sales for TPC-DS and lineitem, orders, and partsupp
for TPC-H) qualify for incremental statistics collection. We compare
the median execution time of 5 warm runs.

In TPC-DS, we identified 8 queries that exhibited plan changes,
resulting in performance variations ranging from a 5% slowdown
to a 9% speedup. However, the overall workload execution time re-
mained constant. For TPC-H, we observed plan changes in queries
7 and 9, yielding performance improvements of 14.6% and 54.1% re-
spectively. These enhancements stem from improved join ordering
and distribution strategy decisions made by the planner.

While TPC-DS and TPC-H utilize normally distributed data, which
may not fully represent real-world scenarios, we extended our eval-
uation using the modified TPC-H data generator that introduces
Zipfian skew [38]. The results demonstrated consistent behavior
across all skew factors: No regressions occurred, but Q9 no longer
showed improvement. Instead, Q10 exhibited performance gains.
The speedups varied by skew parameter: For z=1, Q7 improved by
3.4% and Q10 by 27%; for z =2, Q7 by 15.3% and Q10 by 24.9%; for
z=3,Q7by 22.3% and Q10 by 29.6%; and for z=4, Q7 by 6.4% and Q10
by 31.5%. These findings are expected and align with the theoretical
properties of data sketches, whose error guarantees remain constant
regardless of the underlying data distribution.

Furthermore, we evaluate the impact of sampling by testing both
50% and 25% sampling rates. Consistent with our analysis of statistics
quality above, we observe no significant negative effects on query
performance when using these sampling rates, suggesting that the
reduced statistics collection overhead doesn’t come at the cost of
plan quality.

6.4 Redshift Fleet

Incremental query optimizer statistics in Amazon Redshift are de-
ployed in production and actively used across thousands of clusters
by thousands of customers. Hundreds of thousands of tables qualify
for incremental ANALYZE, with hundreds of thousands of executions
already completed. Approximately 75% of these executions perform
delta scans on modified data, while the remaining 25% perform full
scans for bootstrap initialization or periodic full refresh operations
as can be seen in Figure 5. Most full scans represent initial bootstrap
runs as tables transition to incremental statistics for the first time.

Count
Cumulative Execution Time
/

T

Time

Figure 5: Types of incremen- Figure 6: Cumulative ANALYZE
tal ANALYZE over time while executiontimeonlarge tables
the feature rolls out.

We expect the ratio to shift further toward delta scans as the feature
continues rolling out to additional customers.

Production fleet data demonstrates significant and sustained im-
pact on statistics collection overhead. Comparing the week before
initial enablement to the most recent measurement period reveals a
40% reduction in weekly time spent collecting statistics for large ta-
bles. Trend analysis over the measurement period shows a consistent
downward trajectory (see Figure 6) as more tables adopt incremental
statistics and benefit from delta-only collection runs.

Two production cases highlight the practical impact of incremen-
tal statistics. The first involves a customer table with hundreds of
billions of rows where sample-based ANALYZE consistently aborted
due to resource constraints, leaving statistics years out of date and
query performance severely degraded. After enabling incremental
statistics, the initial bootstrap scan completed successfully in one day,
establishing the baseline sketches. Subsequent delta scans now com-
plete in approximately thirty minutes on average, enabling regular
statistics updates that were previously impossible. The second case
involves a table with tens of billions of rows where the bootstrap in-
cremental ANALYZE run took twice as long as sample-based ANALYZE
due to the overhead of initializing sketch data structures. However,
this one-time cost quickly amortized: subsequent delta scans demon-
strate a 50X speedup compared to sample-based full-scan statistics
collection. These cases illustrate the fundamental trade-off of our
approach: a modest upfront investment during bootstrap enables
dramatic ongoing savings for large, frequently updated tables.

Since deploying to production, we have not received any customer
reports of query plan degradation attributable to the feature. This
confirms that sketch-based statistics maintain accuracy to preserve
plan quality while substantially reducing collection cost.



7 Related Work

Comprehensive overviews of optimizer statistics methods are given
in [11, 41]. The earliest approach by Selinger et al. [52] relies on uni-
formity and independence assumptions. A key aspect of our work is
the combination of sketches to derive histograms. In the following,
we discuss both in detail and contrast our approach with statistics
maintenance in other large-scale cloud data warehouses.

7.1 Sketches

HLL sketches build on two ideas: logarithmic counting, i.e., exploit-
ing the uniformity of 1-bits in hash values, first presented in [21],
and stochastic averaging, i.e., scaling up multiple sub-population av-
erages, introduced in [17]. A different approach to NDV estimation
are (A)KMYV sketches [7, 8], which hash attribute values to [0,1] and
scale the k-th smallest hash value hy to the NDV estimate k/hy.
Beyond NDV estimation, sketches have been applied to join size
estimation; Rusu et al. [49] give a comprehensive overview. Mueller
et al. show how to derive join size estimates from HLL sketches [42],
notably allowing selection predicates on base tables, and later extend
this to AKMV sketches for multiple join size estimation [43]. The
CMS [12], discussed in Section 2.5, can also be applied to this problem.
For quantile estimation, all notable approaches rely on a com-
paction mechanism, starting with Manku et al. [33]. Error guarantees
are typically expressed in terms of the difference between the true
and estimated rank of a value. Most sketches provide quantile level
guarantees: for a target quantile level p (e.g., p=0.5 for the median),
the estimate § corresponds to the true value at some level p+¢.In con-
trast, Masson et al. [35] present a sketch with relative quantile value
guarantees, where ¢ differs from g by at most ge. Fernando et al. [19]
provide a recent experimental evaluation of many quantile sketches.

7.2 Histograms

Virtually all database systems employ histograms, differing primarily
in their bucketing scheme, i.e., how they partition the domain of the
attribute(s) they describe. The earliest approach is the equi-width his-
togram [32]. Later work showed that equi-depth histograms, whose
bucket boundaries correspond to quantiles, yield improved selec-
tivity estimates [48]. Many systems store variations of equi-depth
histograms, including Redshift’s elastic histograms [31]. Further
schemes such as max-diff and v-optimal are summarized in [28].

Histograms can also be built over multiple attributes, which com-
plicates bucketing further. Samet [50] gives a detailed overview of
multidimensional histograms, and STHoles [9] is a multidimensional
histogram designed specifically for selectivity estimation. Similar to
sketches, histograms have also been applied to join size estimation,
with a recent approach by Wu et al. [56].

7.3 Statistics in Cloud Data Warehouses

Other large-scale cloud data warehouses face the same statistics-
freshness problem and take contrasting approaches. Snowflake and
BigQuery push most statistics computation and maintenance into the
storage layer. Snowflake writes per-column min/max, NDV, and null-
presence information into every immutable micro-partition at ingest
time [15, 59]. BigQuery writes per-block column statistics (min/max
and additional properties used for query optimization) into each
Capacitor block and into a system-managed column metadata index

that is refreshed incrementally in the background [18, 36, 46]. In
both systems, the cost-based optimizer uses this metadata at compile
time (for join ordering, build-vs-probe side, and broadcast-vs-shuffle
decisions) and complements it with runtime adaptation: Snowflake
revisits join strategy once the build-side size is observed [14], and Big-
Query reuses actual cardinalities from prior executions of the same
query shape via history-based optimizations [24]. Because neither
planner consumes full single-column histograms or MCVs (the sta-
tistics our pipeline targets), the freshness problem largely dissolves,
at the cost of ruling out histogram- and MCV-based estimators.
Azure Synapse’s dedicated SQL pool is closer to our setting be-
cause it inherits the SQL Server optimizer and depends on single-
column histograms, density vectors, and per-table row counts [2, 39].
Statistics are created automatically on first predicate or join use and
auto-updated after a material change in the data distribution [39].
Microsoft’s own guidance recommends supplementing this with
scheduled UPDATE STATISTICS during ETL, especially for ascending-
key columns whose new values fall outside the existing histogram.
Our approach charts a middle path between these extremes: we
retain the richer single-column statistics a cost-based optimizer can
consume (MCVs, compressed histogram, NDV), and we make them
cheap to maintain by computing them incrementally from merge-
able sketches over inserted data, rather than replacing them with
storage-level metadata or rebuilding them from full table scans.

8 Conclusion and Future Work

In this paper, we present Incremental Query Optimizer Statistics in
Amazon Redshift. Our approach leverages data sketches to allow
scanning only new data and merge sketches computed over new data
with existing ones. From these sketches, we derive single-column
query optimizer statistics that the Redshift query planner can utilize
without modification. These statistics are comparable in quality to
those generated by sample-based ANALYZE and even improve query
runtime for some queries, even though that was not our goal.

Incremental ANALYZE outperforms sample-based ANALYZE in cu-
mulative execution time while providing 10X fresher statistics with
the parameters deployed to the Amazon Redshift fleet. In production,
incremental ANALYZE has already reduced the weekly cumulative
time spent on statistics collection by approximately 40%.

Future work includes collecting statistics for predicate columns
on the insert path, using sketches directly in cardinality estimation,
and extending incremental statistics to external tables. Supporting
partition-level sketches is another direction, both to avoid full table
scans for deletions and to enable more accurate cardinality estimates
from partitions surviving static elimination. We plan to lower the
table size threshold to make more tables eligible for incremental
ANALYZE and further reduce analysis time. We will also investigate
additional sketch algorithm optimizations such as batched inserts.
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