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ABSTRACT

Analytical queries within a session often share expensive interme-
diate computations (e.g., joins over large tables and filters). Ma-
terializing these as reusable views and rewriting a new query in
terms of these materialized views can significantly improve query
performance by avoiding redundant computation. However, a key
challenge here is deciding which views to materialize under re-
source constraints such as limited storage and materialization time.
This yields an optimization problem: given a query workload, iden-
tify reusable substructures to materialize as views that maximize
the expected performance within a storage budget. Traditional ap-
proaches assume a static workload and perform view selection and
materialization during offline database tuning, failing to adapt to
user’s dynamic analytical query sessions. In practice, queries arrive
sequentially with temporal gaps in between. These gaps can be
exploited to materialize views on the fly, requiring view selection
strategies that adapt to recent query patterns. Crucially, such strate-
gies must also account for materialization latency to ensure views
are fully materialized before the user issues their next query.

We present PreView, a personalized system for expediting
query performance during a user’s analytical query session through
Predictive Viewmaterialization. PreView observes a user’s recent
query history to predict the next queries, along with their likeli-
hood and time to appear. Guided by this prediction, it identifies
and materializes views that maximize the expected future query
speedup subject to storage and materialization-time constraints.
PreView further supports cross-user view reuse by leveraging rel-
evant views already materialized by others. We will demonstrate
how PreView significantly reduces query latency in a real-world
dataset over a user’s analytical query session.

1 INTRODUCTION

During an analytical query session, queries often exhibit predictable
patterns [6] and share substantial computation that overlap with
previously executed queries. Materializing these shared substruc-
tures as views—such as joins over large tables or selective filters—
can significantly expedite subsequent queries by avoiding expensive
redundant computation. However, materializing all potentially use-
ful views is impractical. Real systems operate under limited storage
and computational budgets, and an excessive number of material-
ized views introduces additional overheads, including view mainte-
nance costs and increased complexity for the query optimizer when
selecting among candidate views. Consequently, the key challenge
is to determine which views to materialize so as to maximize their
overall benefit to query performance subject to resource constraints.

Example 1. Consider Kruti, an analyst exploring the IMDb data-

base [5] through interactive analytical SQL queries. In a typical session,

she may start with actor-centric exploration, such as finding Action

movies featuring ACTOR after DATE; then move to genre-level analysis,

such as identifying the top 10 GENRES since DATE; and later exam-

ine director- and production-oriented questions, such as retrieving

movies directed by DIRECTOR within a given time range. Although

the concrete predicates and parameter values may change from one

session to another, Kruti’s sessions often follow similar exploratory

patterns and repeatedly involve the same families of queries over the

same relational structure. Consequently, her analytical queries con-

tain recurring sub-queries both within individual sessions and across

sessions, such as repeated expensive joins.

An opportunity for computation reuse arises with the join among

actors, cast, movies, and genres. For instance, her first query is:

SELECT m.title FROM actors a JOIN cast c
JOIN movies m JOIN movie_genres mg JOIN gen
res g WHERE a.name=‘ACTOR’ AND g.name=‘Action’
AND m.year > ‘DATE’;

After observing the result of the above query for 5 minutes, she

issues another query, which repeats the same join structure:

SELECT g.name, COUNT(*) FROM actors a JOIN
cast c JOIN movies m JOIN movie_genres
mg JOIN genres g WHERE a.name=‘ACTOR’ AND
m.year > ‘DATE’;

Instead of recomputing this expensive multi-way join for each

query, we can materialize the shared result:

CREATE MATERIALIZED VIEW actor_movie_genre
AS SELECT a.name, m.title, m.year, g.name
FROM actors a JOIN cast c JOIN movies m
JOIN movie_genres mg JOIN genres g;

The above materialization completes in under 3 minutes. Subse-

quent queries arriving after this point can be rewritten to operate

directly on the materialized view actor_movie_genre, allowing the
optimizer to avoid repeatedly executing the expensive join and thereby

significantly reducing query latency.

A simple approach to improve computation reuse is to aggres-
sively materialize all intermediate results that might benefit future
queries. However, this is infeasible due to the overhead of storing
and maintaining an excessive number of views and overwhelming
the query optimizer with too many options. A better strategy is
to materialize a small set of high-utility views that are likely to
benefit future queries. Common approaches to estimate the utility
of candidate views is to use query frequency, materialization cost,
expected workload benefit, and normalized measures like benefit-
to-cost ratio [2]. However, these approaches struggle to adapt to
dynamic environments, where user query sessions evolve, making
the materialized views stale.



Recent works on the materialized view selection problem em-
ploy more sophisticated selection criteria to enable automatic and
adaptive view generation [6, 10]. However, the candidate views are
drawn from subqueries in the historical workload, without any pre-
diction of future queries. Their optimization objective is “retrospec-
tive”: maximize the total speedup on recent queries using a selected
set of views𝑉 while accounting for the cost of materializing𝑉 . The
rationale is that future queries will follow the same distribution
as past workloads. However, this assumption is misaligned with
practical requirements: (1) future queries may follow a different dis-
tribution than past queries, and (2) for a query to benefit from a view,
that viewmust already bematerialized before the query is issued, en-
abling immediate rewriting at submission time. Existing approaches
ignore these constraints. As a result, even if the selected views are
optimal, ignoring materialization time relative to the estimated ar-
rival of the next query undermines the purpose of materialization.

PreView. In this paper, we present PreView, a personalized system
for expediting query performance during a user’s analytical query
session through Predictive View materialization. Given a user’s re-
cent query history, PreView applies a predictive model to estimate
a distribution over possible next queries, along with their likelihood
and estimated time of arrival. Unlike prior works [6, 10], PreView
uses predicted future queries to generate the candidate space of
possible views. PreView then selects a small set of views that max-
imizes the expected speedup of future queries subject to storage
constraints, while accounting for the time to materialize the views.
To ensure views are materialized before future queries arrive, Pre-
View considers the earliest predicted arrival time for each possible
future query and computes the expected next-query-arrival time
from these conservative estimates. PreView also supports view
sharing across multiple users sharing the same database. This is
particularly important in emerging analytics-as-a-service concept,
where multiple users issue related analytical jobs over shared data,
with overlapping intermediate computations [7]. To reuse cross-
user computations, PreView exploits relevant views materialized
by other users instead of re-materializing them.

While viewmaterialization is automatic, PreView can operate in
a recommendationmode inwhich the user chooses which suggested
views to materialize. Unlike approaches that target a single global
workload [10], PreView enables personalized view materialization.

Related Work. Materialized-view selection has long been studied in
database management, aiming to choose views for a given work-
load under storage and maintenance constraints [1]. More recent
systems make this process dynamic, using machine learning or on-
line controllers to adapt the view set as workloads change [3, 4, 9],
while self-driving database research has shown that workload fore-
casting can enable proactive tuning [8]. However, these methods
largely assume a fixed or slowly changing workload; dynamic view
materialization systems are mostly reactive, and workload forecast-
ing does not directly determine which views to materialize before
the next query arrives. No prior system unifies query prediction,
candidate-view generation, and optimal view selection under stor-
age constraints, while ensuring views are materialized in time for
interactive analytical query sessions. PreView addresses these gaps
by predicting future queries and materializing only views that are
both useful and can be completed before the next query arrives.

Demonstration. We demonstrate PreView on the IMDB dataset [5],
following Kruti’s interactive analytical session. Participants will
explore how PreView automatically predicts future queries, materi-
alizes views under storage and build-time constraints, and rewrites
incoming queries on the fly. We show that PostgreSQL combined
with PreView achieves a median speedup of 10.83× over a baseline
system without view materialization on a realistic analytical query
session, with some queries accelerated by up to 30,000×.

We provide an overview of PreView in Section 2 and a detailed
walkthrough of our demonstration scenario in Section 3

2 SYSTEM OVERVIEW

Our goal is to reduce the latency of a user’s future queries by
observing their past queryworkload and proactively decidingwhich
views should be materialized before the next query arrives. Below,
we discuss how we predict the future queries, how we generate
candidate views whose materialization may benefit the predicted
queries, and howwe select an optimal subset of views to materialize.
Query Prediction. Given a user’s recent query workload as a time-
ordered stream of queries W = {(𝑞𝑖 , 𝜏𝑖 )}𝑛𝑖=1, where 𝑞𝑖 is the 𝑖-th
query and 𝜏𝑖 ∈ R+ is its submission time, the first task is to predict
which queries the user is likely to issue next. We capture the notion
of a future query at two levels of abstractions. For some workloads,
it might be preferable to predict the template of the next query, that
is, its structural pattern such as joins, group-bys, or aggregations.
For other workloads, it is more informative to predict the parameters

of the next query, such as a date range, genre, or user-specified
entity. Therefore, each predicted future query is represented at one
or both of the following abstraction levels:
1. T : query templates (structural patterns, e.g., joins/group-bys),
2. P: query parameters (e.g., ranges such as year intervals).

We denote the predicted query abstraction by 𝑧, where 𝑧 ∈ Z=T∪P.
Using the workload history up to time 𝜏𝑛 , the predictive model out-
puts a distribution over likely future queries:

Q =
{
(𝑧 𝑗 , 𝑝 𝑗 , 𝜏 𝑗 )

}𝑚
𝑗=1 ,

where 𝑧 𝑗 ∈ Z is a future query representation, 𝑝 𝑗 is the probability
of the query to arrive, and 𝜏 𝑗 is its estimated arrival time.

We first canonicalize queries by replacing all literal constants
with placeholders, so that structurally identical queries with dif-
ferent parameters map to the same template. We then embed the
canonical forms and cluster them to identify recurring query pat-
terns. Each cluster’s probability 𝑝 𝑗 is a linear combination of its rel-
ative frequency and a recency score based on exponential temporal
decay, giving more weight to patterns that appeared more recently
in the workload. We predict the arrival time 𝜏 𝑗 from per-cluster
Poisson arrival rates, estimated from the query workloadW.
Candidate View Generation. The next step is to generate candidate
views that are likely to expedite the predicted queries. Specifically, if
a future query can be rewritten in terms of a materialized view, then
the DBMS can reuse precomputed results instead of recomputing
the corresponding joins or aggregations from scratch, substantially
reducing query latency. Given a distribution over future queriesQ, a
view-generation model constructs a candidate setV = {𝑣1, . . . , 𝑣𝑟 },
where each 𝑣𝑖 ∈ V is a candidate view that can benefit one or more
predicted queries in Q.
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We generate candidate views with the assistance of OpenAI
GPT-4o language model: given Q, we prompt the LLM with each
cluster’s structural summary—including its tables, join conditions,
aggregations, and representative example queries—and request SQL
definitions for up to 8 candidate views, each annotated with the
clusters it is expected to benefit. While we use an LLM for this step,
the approach is not specific to PreView; any method for generating
candidate views from a query workload could be used instead.
Selecting a set of Views to Materialize.Once the candidate views are
generated, the final task is to choose which of them should actually
be materialized. This is the Materialized View Selection (MVS)
problem, where the objective is to select the subset of views that
maximizes the benefit, in terms of the expected gain of runtimes
over the predicted future queries.
View Benefit Model. Let Latency(𝑧 | 𝑉 ) denote the execution
latency of query abstraction 𝑧 rewritten in terms of the set of mate-
rialized views 𝑉 ⊆ V . Then the benefit, in terms of runtime gain,
obtained from using 𝑉 is defined as the latency reduction relative
to the case where no views are materialized:

Gain(𝑧 | 𝑉 ) = Latency(𝑧 | ∅) − Latency(𝑧 | 𝑉 ) .

Since 𝑧 is an abstraction rather than a concrete query, evaluating
Latency(𝑧 | 𝑉 ) exactly is infeasible. We therefore use a heuristic
that measures the structural overlap between 𝑧 and views in 𝑉

to approximate the expected runtime reduction. Given a view 𝑣 ,
we compute overlap(𝑣, 𝑧) · Latency(𝑧) to estimate Latency(𝑧 | 𝑣),
where overlap(𝑣, 𝑧) ∈ [0, 1] is the fraction of 𝑧’s tables, join con-
ditions, and aggregates covered by the view 𝑣 , and Latency(𝑧)
is the average latency of three representative instantiations of 𝑧
measured via PostgreSQL’s EXPLAIN ANALYZE. We then compute
Latency(𝑧 | 𝑉 ) =min𝑣∈𝑉 Latency(𝑧 | 𝑣)
Storage and Time Constraints. Two key constraints while se-
lecting which views to materialize are: (1) ensuring that too many
views are not being materialized, respecting a storage budget 𝑆 and
(2) the time required to materialize the views must be less than the
expected next-query arrival time 𝑇 , to ensure practical benefit.

Let Size(𝑉 ) denote the total storage required by the selected
views in 𝑉 . Thus, Size(𝑉 ) = ∑

𝑣∈𝑉 Size(𝑣), where Size(𝑣) denotes
size of the view 𝑣 ∈ 𝑉 , when materialized. Let Time(𝑉 ) denote
the total time needed to materialize the set 𝑉 . If up to 𝑘 views
can be materialized in parallel, then Time(𝑉 ) depends on both the
materialization times of individual views, Time(𝑣), and the materi-
alization schedule across the 𝑘 available workers. Thus, Time(𝑉 ) =∑ |𝑉 |/𝑘

𝑖=1 Time(𝑣1+𝑘 (𝑖−1) ), assuming that 𝑉 is sorted in descending
order of Time(𝑣). Since exact evaluation of Size(𝑉 ) and Time(𝑉 )
is not feasible, we estimate Time(𝑣) using PostgreSQL’s EXPLAIN
ANALYZE on the view definition, and approximate Size(𝑣) from the
query’s row count and row width, estimated from column types.
However, these estimates can be improved from historical data.

While the storage budget 𝑆 is a user-defined parameter, the
available materialization-time budget 𝑇 depends on the prediction
of the future queries. To model 𝑇 , we consider two estimators:

𝑇min = min
1≤ 𝑗≤𝑚

(𝜏 𝑗 − 𝜏𝑛) 𝑇exp =
∑

1≤ 𝑗≤𝑚 𝑝 𝑗 (𝜏 𝑗 − 𝜏𝑛),

where 𝜏 𝑗 is the predicted arrival time of the future query 𝑞 𝑗 , 𝜏𝑛 is
the arrival time of the most recent query in the workloadW, and

𝑝 𝑗 is the probability of 𝑞 𝑗 . 𝑇min is conservative: it uses the earliest
predicted arrival time, while𝑇exp is probability-weighted and repre-
sents the expected time until the next predicted query, giving higher
weight to more likely queries. Finally, we use a linear combination
of these two estimators to compute 𝑇 = 𝛽𝑇min + (1 − 𝛽)𝑇exp where
the user can tune 𝛽 to prioritize either of the estimators.
Optimization Problem. Combining all components above, the
overall optimization problem that we aim to solve is:

𝑀∗ = arg max
𝑉 ⊆V

∑𝑚
𝑗=1 𝑝 𝑗 Gain(𝑧 𝑗 | 𝑉 )

subject to Size(𝑉 ) ≤ 𝑆 and Time(𝑉 ) ≤ 𝑇 .

Since we limit |V| to at most 8, we solve the optimization via
exhaustive enumeration of all subsets. For larger candidate sets, a
greedy or ILP-based method is needed.
Preliminary Results.We evaluate PreView on IMDB [5] using a syn-
thetic workload of 200 queries that simulates a 9-hour interactive
session divided into three behavioral phases: an actor-centric morn-
ing phase, a genre-centric midday phase, and a director/production-
centric evening phase.We benchmark 20 queries sampled uniformly
across the three behavioral phases, and reset cache between exper-
iments, averaging over three runs with a 100MB storage budget
and latency estimate using𝑇exp (𝛽 = 0). PreView identifies up to 14
clusters for predicted queries, generates up to 8 candidate views,
and materializes up to 7 under 4 seconds. On PostgreSQL, this yields
a median speedup of 10.83× across the 20 benchmark queries, with
individual speedups up to 30,000× (for cast-aggregation queries).

3 DEMONSTRATION

We demonstrate PreView over the IMDB dataset, following Kruti’s
scenario from Example 1, which consist of joins involving actors,
movies, and genres with various parameters. We guide participants
through ten steps (annotated in Figure 1), impersonating Kruti, who
wants her queries to run faster.

Steps A○ & B○ (Loading the database and adjusting session

context). Kruti enables Baseline Comparison in A○ to see side-by-
side latency comparisons during her session. She then selects the
database type, uploads the data, and provides a historical query
workload in B○. PreView loads the database schema and displays
the available tables.

Steps C○ & D○ (Issuing and executing queries). Kruti then
begins exploring the database by issuing SQL queries in the input
panel in C○ and executing them in D○. She does not need to man-
ually materialize any view or rewrite her SQL queries, PreView
does that automatically for her.

Steps E○ & F○ (Predicting future queries). As Kruti issues
more queries over time, PreView identifies recurring patterns from
both the historical workload and the live query session. It uses
these patterns to predict likely future queries, shown in E○, with
an estimated probability and expected time of arrival in F○.

Step G○ (Materializing views). Using the predicted future
queries, PreView automatically materializes views that are likely
to accelerate upcoming queries, as shown in the Materialized Views

panel in G○, along with their defining SQL, estimated size, build
(materialization) time, and expected speedup.

Steps H○, I○ & J○ (Explaining how a query is re-written).

The rewritten query is shown in H○, highlighting the sub-query
3



PREVIEW

Interactive View Materializer Console

Source Database

Database Type postgresql

Upload Database link

Historical Query Log link

Available Tables

casts ~4.5M genre ~2.3M

title_basics~8.2M title_ratings~1.4M

Predicted Future Queries

SELECT c.role,

FROM casts c
JOIN genre g
WHERE g.genre = 'Documentary'

COUNT(*) AS role_count

SELECT role,

FROM mv_cast_role_genre
GROUP BY role

COUNT(*) Probability: 9%

Time of arrival: In 35s

Probability: 87%

Time of arrival: In 18s

Materialized Views

mv_cast_role_genre

mv_movies_highvote_2000

SELECT c.role, c.mid,

FROM casts c
JOIN genre g

GROUP BY c.role, c.mid, g.genre
ON c.mid = g.mid

g.genre,
COUNT(*) AS role_count

Baseline Comparison: ON OFF

Speedup: 4.2×

Speedup: 6.3×

size: 1.8GB

time: 18s

name_basics~11.8M

Write your SQL

SELECT genre,

FROM mv_cast_role_genre
GROUP BY genre

AVG(role_count) Probability: 2%

Time of arrival: In 52s

SELECT b.*, r.*
FROM title_basics b
JOIN title_ratings r

WHERE b.title_type = 'movie'
ON r.tconst = b.tconst

AND b.start_year ≥ 2000
AND r.num_votes ≥ 20000

size: 1.6GB

time: 25s

Rewritten Query

ORDER BY role_count DESC

AGGREGATE COUNT(*) AS role_count

GROUP BY c.role

FILTER g.genre = 'Talk-Show'

→ Optimized by reusing mv_cast_role_genre

SELECT c.role,

FROM casts c
JOIN genre g

WHERE g.genre = 'Talk-Show'
GROUP BY c.role
ORDER BY role_count DESC

ON c.mid = g.mid

COUNT(*) AS role_count

JOIN casts ⋈  genre
SCAN casts
SCAN genre

Execute Clear Past Queries

SELECT genre,

FROM mv_cast_role_genre
GROUP BY genre

A(role_count)

SELECT c.role,

FROM casts c
JOIN genre g
WHERE g.genre = 'Action'

COUNT(*)

Probability: 8%

Time to appear: 12

Performance Outcome

16

12

8

4

0

Execution Time Breakdown SELECT primar_name,

FROM mv_casted_movies
GROUP BY primar_name
HAN  ≥ 

AVG(aerage_ratng) core
COUNT(*) AS ilm_count

12.4ms
(58%)

Query breakdown

4.0ms
(19%)

Probability: 1%

Time of arrival: In 1m 15s

View selection

3.0ms
(14%)

mv_actor_scores

mv_casted_movies_actors

SELECT m.*, p.*, n.*
FROM movies m
JOIN title_principals p

JOIN name_basics n

WHERE p.category IN

ON p.tconst = m.tconst

ON n.nconst = p.nconst

('actor', 'actress')

Query modification

2.0ms
(9%)

Query execution

Speedup: 6.4×

size: 2.4GB

time: 28s

Speedup: 8.×Total: 21.4 ms

size: 3.6GB

build: 41s

Budgets & Constraints

Storage constraint

Time until next query arrives

7.2 / 10 GB

in 14 sec

COMPARATIVE ANALYSIS: LATENCY (MS)

15000

12000

9000

6000

3000

0

Baseline PreView

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8

A

B E G

F

C

D

H J

K
I

Figure 1: PreView’s interface during Kruti’s interactive exploration session: A○ & B○ loading the database and session context, C○ & D○
issuing and executing queries, E○ & F○ predicting future queries, G○ & H○materializing views under budget constraints, I○ & J○ explaining

query optimization and performance gains, and K○ contrasting against the baseline latency throughout the session.

that was replaced by a materialized view. The Budgets & Constraints

panel in I○ shows the remaining storage budget and the time left
before the next predicted query arrives. The Performance Outcome

panel in J○ shows a detailed execution-time breakdown across the
major stages of PreView’s pipeline, including query breakdown,
view selection, query modification, and query execution. For the
query shown in J○ (Query 8), PreView reduces latency from a
baseline of 836.7ms to 21.4ms, yielding a 39.1× speedup.

Step K○ (Tracking speedup over the session). As the session
progresses, the Comparative Analysis panel in K○ updates contin-
uously to report query runtimes of PreView against the baseline
across all queries in the session.

Our target users are data analysts who want to accelerate their
interactive workflow without manual tuning. After a guided walk-
through, participants can explore PreView with additional datasets.
The key takeaway is that the natural pause between queries in an
interactive session provides ample opportunity to proactively pre-
dict future queries and materialize views to reduce their latency.
PreView demonstrates that this idle time, often overlooked, can be
be leveraged for expediting query performance.
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