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Abstract—Existing materialized view (MV) selection methods
rely on historical queries to select MVs. However, queries are
dynamically and continually changing, and it is ineffective to
generate MVs based only on historical queries. To address
this limitation, we propose a novel MV forecasting framework,
MYVGPT, which utilizes large language models (LLMs) to predict
effective MVs for evolving query workloads. First, we fine-
tune an LLM for MV forecasting, retrieve relevant events to
incorporate real-time event knowledge to instruct the query
workload evolution inference. We then propose a predicate-level
MY model based on the Bayesian network to generate valid and
effective MVs. Finally, we propose a variable set representation
method as the interactive interface between the LLM and the
MYV model to address the risk that the LLM generates incorrect
results. We have implemented our system MVGPT and deployed
it into Alibaba’s advertising analysis platform, and experimental
results on real datasets show that our method outperforms
existing state-of-the-art approaches.

Index Terms—database, autonomous materialized view, large
language model

I. INTRODUCTION

In Database Management Systems (DBMS), analytical
query workloads often contain complex but repetitive sub-
queries, leading to redundant computation and slow queries.
The materialized view (MV) is a commonly used technique
in DBMS to avoid these redundant computations, which pre-
computes an intermediate result derived from a frequent sub-
query for answering subsequent queries. MVs will be refreshed
when the source table changes, to ensure the result is up-to-
date. In this way, users can utilize M Vs instead of the original
large table, achieving faster query processing.

Existing MV generation methods select MVs from historical
query workloads according to varied strategies, including rule-
based and learning-based techniques [1]I, [3]], [9ll, [10], [12],
(13]], [16]-[18], [21], [22], [24], [34]-[36], [39], [40], [56].
Specifically, given a query workload, they select a set of
MVs from common subqueries in the query workload and

Guoliang Li is the corresponding author. This work was supported by
National Key R&D Program of China (2023YFB4503600), NSF of China
(62525202, 62232009), Shenzhen Project (CJGIZD20230724093403007),
Science and Technology Research and Development Plan of China Railway
& National Engineering Research Center of System Technology for High-
Speed Railway and Urban Rail Transit (L2024W001), Science and Technology
Project of the East China Branch of State Grid (52992425001D), Zhongguan-
cun Lab, and Huawei, and Beijing National Research Center for Information
Science and Technology (BNRuist).

Guang Qiu Bo Zheng
Alibaba Group, China Alibaba Group, China
guang.qiug@alibaba-inc.com  bozheng@alibaba-inc.com

Table: Search (Search log of consumers)
ID | CID ProductName Country Keyword
1 1 milk Australia baby
wine France balanced
2 Phryge model France Olympic
SELECT COUNT(*) FROM User JOIN Search WHERE
Old Query  ProductName = ‘wine’ and Country = ‘France’ and
3 f}?}’word = ‘balancerqi
Unexpected News: “From March 29, 2024, tariffs on imported wine
Event I ”frrrqrm Australia will bremreduced”
SELECT COUNT(*) FROM User JOIN Search WHERE
New Query ProductName = ‘wine’ and Country = ‘Australia’ and
3 Keyword = ‘balancerqr’r
CREATE MATERIALIZED VIEW CountWine AS
Generated SELECT Keyword, COUNT(*) FROM User JOIN

MV Search WHERE ProductName = ‘wine’ and Country =
‘Australia’ GROUP BY Keyword

SELECT ProductName, COUNT(*) FROM

Old Query  User JOIN Search WHERE Country = ‘France’ and
3 ”QBOUP BY Produq{l}{ame
Event News: “The Paris 2024 Olympic Games will take place
: _from July 26 to August 5, 2024”
SELECT ProductName, COUNT(*) FROM
New Query User JOIN Search WHERE Country = ‘France’ and
3 ”Kreﬁyword = ‘OIympiQLGROUP BY Prodgp}Name
CREATE MATERIALIZED VIEW CountOlympic AS
Generated SELECT ProductName, COUNT(*) FROM

MV User JOIN Search WHERE Country = ‘France’ and
Keyword = ‘Olympic’ GROUP BY ProductName

Fig. 1: Evolving query workload examples.

use these MVs to rewrite and answer queries to minimize
the total latency of the query workload with an acceptable
overhead of MVs. These methods are suitable for static or
periodic query workloads where future queries highly overlap
with past queries. However, analytical query workloads in
real scenarios have two problems that challenge existing MV
generation methods: (1) Query workload distribution often
changes due to unexpected external events, called evolving
query workloads. Traditional methods primarily rely on histor-
ical queries, which may implicitly capture certain event effects,
but lack mechanisms to explicitly model and incorporate event
knowledge. (2) New query statements, with new combinations
of predicates and joins, do not appear in past queries. Existing
MYV generation methods that extract MVs from past subqueries



struggle to cover these new queries.

Evolving query workloads increasingly include new queries,
making old MVs ineffective. For example, in e-commerce
advertising analysis scenarios, like the data-management plat-
form of Alibaba where advertisers conduct audience analysis
queries for advertisement placement, we observe that the hit
rate of old MVs drops by 30% after 30 days. As shown
in the unexpected event of “reducing tariffs on
wine from Australia” triggers more sales and new queries
on Australian wines. Thus, creating corresponding MVs for
these queries in advance will significantly improve the query
performance. However, existing methods cannot anticipate
the workload changes to generate MVs for unseen queries.
Moreover, existing query workload forecasting methods also
cannot predict the predicate-level new queries. Therefore, it is
necessary to study the event-aware query workload forecasting
and predicate-level MV generation.

Our proposal. To address the problem of unexpected events
changing query workloads and introducing new query state-
ments, we propose a generative end-to-end MV forecasting
method. There are two key innovations. (1) Generative MV
model. To address the new query statements problem, we
decompose the query at the predicate level and model the
conditional probability distribution (CPD) of predicates, ag-
gregations, and group by clauses in historical queries. Then we
recompose new MVs with new combinations of predicates. (2)
Event-aware query workload change inference. To address the
unexpected events problem, we explicitly extract and incorpo-
rate real-time event information to improve inference of query
workload changes and generate MV seeds. As new events have
various types and are mainly described in natural language,
we use language models, especially large language models
(LLMs) [4], [31], [47], [57] with stronger reasoning ability and
the retrieval-augmented generation (RAG) mechanism [23]], to
infer how events change query workloads.

Challenges. There are four challenges of forecasting MVs
in evolving workloads. C1: Evolutionary query workloads
are hard to accurately predict based on historical queries
because they are related to unexpected external events. C2:
The causal relationship between events and high-utility MVs
is difficult to estimate, and there is a lack of ground truth and
training data. C3: LLMs suffer risks and unreliability when
inferring query changes and generating results, e.g., generate
syntactically invalid SQL statements, lack awareness of the
frequency of query predicates within workloads, and have high
computational costs. C4: The diversity of generated MVs is
hard to guarantee, leading to overlapping and low total utility.

To address these challenges, we propose an LLM-based
materialized views forecasting framework MVGPT to actively
generate MVs for future query workloads. For C1, we fine-
tune an LLM with an event-query-MV dataset to learn the
relationship between events, query workload change, and high-
utility MVs (Section [[V). For C2, we build a knowledge base
to manage real-time events to improve query workload change
inference and MV matching (Section [[V-A). For C3, we learn
a Bayesian network (BN) based on our MV variable set

representation to model the predicate conditional probability
and quickly generate MVs with ensuring the SQL statement
correctness and diversity (Section [V). For C4, we propose
a pipeline of using LLM to instruct the BN to effectively
generate thousands of MVs for future queries (Section [V-C).
Contributions. We make the following contributions.

(1) We propose a generative-model-based framework for ef-
fectively forecasting future materialized views.

(2) We design a query workload evolution-related event knowl-
edge base and a relevant event retrieval method to improve
long-term materialized view forecasting.

(3) We design a prompt and fine-tuning method for LLMs on
materialized views forecasting task.

(4) We propose an expressive graph structure for materialized
views’ features representation and high-utility materialized
views generation method using the BN.

(5) We have implemented and deployed our system into
Alibaba, and evaluated our method in a real-world e-commerce
advertising platform. Experimental results show that MVGPT
significantly outperforms existing approaches.

II. BACKGROUND AND RELATED WORK

We first introduce the evolving workloads and then discuss
the necessity of MV forecasting and why existing MV selec-
tion methods cannot adapt to evolving query workloads.

A. Evolving Query Workloads

Evolving query workloads refer to a scenario in database
systems where query workloads continually evolve due to
changing user demands, typically over days, months, or even
years. Changes in query workloads cover aspects such as query
predicates, aggregations, group by clauses, and join structures.

We introduce evolving query workloads with an example
of advertising analysis, as shown in The database
table “Search” contains consumers’ search history, including
the product name, country of origin, and other keywords.
Adbvertisers query this table to analyze consumers’ interests for
targeted advertisement placements, e.g., counting the number
of people searching for their products. The queries usually
change because of various events. First, we define the event:

Definition 1 (Event): An event is a pair of two elements, oc-
currence time and description, represented as (¢, g), extracted
from news, websites, activities, and so on. The description
contains not only the original text but also the source, region,
and category information. The description is used to identify
the influence scope of the event, whether and how the event
will change the queries, and the time indicates when the
event will change the queries. The set of events is denoted
as (Date T, Knowledge G).

We use two examples to illustrate how unexpected events
lead to completely new queries and what the MVs look like.
For instance, after the news “Tariffs on imported wine from
Australia will be reduced from March 29, 2024 released
on March 28, users suddenly submitted 300 new analytical
queries on Australian wine products on April 1, as shown

in The example query is “SELECT COUNT(¥)
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Fig. 2: Evolutionary query trend analysis

FROM User JOIN Search WHERE ProductName = ‘wine’ and
Country = ‘Australia’ and Keyword = ‘balanced’” which aims
to analyze how many consumer searches are about wines from
Australia. Thus, if we collect events daily and extract the date
and description information, we can create the corresponding
MVs in advance, e.g., “CREATE MATERIALIZED VIEW
CountWine AS SELECT Keyword, COUNT(*) FROM User
JOIN Search WHERE ProductName = ‘wine’ and Country
= ‘Australia’ GROUP BY Keyword”, to optimize the new
queries. Another example is the worldwide famous event
“The Paris 2024 Olympic Games” which takes place from
July 26 to August 11, 2024, and more consumers search for
Olympic souvenirs such as the Phryge model from France.
Accordingly, advertisers query about the search frequency of
Olympic products from France to place more advertisements
on hot products. To verify this, we analyze the queries each
day from July 5 to August 19, 2024, as shown in[Figure 2b] We
find that the number of queries on “Olympics” significantly
increases during the Olympic Games. Therefore, creating
MV of “CREATE MATERIALIZED VIEW CountOlympic
AS SELECT ProductName, COUNT(*) FROM User JOIN
Search WHERE Country = ‘France’ and Keyword = ‘Olympic’
GROUP BY ProductName” will significantly optimize the
queries. In addition to the examples above, many other events,
such as thousands of product launches, product promotions,
and festivals, lead to new queries and change the query
distribution. Thus, it is necessary to collect the new events
daily and learn how the events change the queries.

B. Query Workload Trend Analysis

Capturing different query change characteristics is important
for MV forecasting. Firstly, we define the query workload
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Fig. 3: Query category trend analysis (Oct 1 to Nov 10).

trend as the changes in query predicate, aggregations, group
by clauses, and join structures occurrence frequency and
conditional probability distribution (CPD). To clearly illustrate
the evolutionary trends in query workloads, we visualize the
workload changes from aspects of daily query frequencies,
query predicates, and proportions of query categories. We use
the audience analysis query workload of 40 days before a
marketing event on November 11, 2023, for visualization.
First, we observe a gradual increase in query frequency as
shown in This indicates that advertisers begin to
make more queries to prepare for the marketing event. On the
other hand, there is a periodic pattern in the query frequency:
during weekends and holidays (the first seven days in the data).
Second, shows a slightly gradual decrease in the
consumer age predicate. This suggests that advertisers expect
young people to participate more in marketing events.
Fourth, shows the proportion of several query
categories. We observe that the proportion of furniture queries
peaked on October 28, 2023, and subsequently declining.
The proportion of beauty care queries gradually increased as
the event approached, specifically rising during the five days
leading up to the event. Meanwhile, queries for essential items
such as underwear remained relatively stable. This indicates
that the shifting interests of users change the proportion of
different query categories within the query workload.

C. Related Work

MYV generation methods. MV generation aims to find the
optimal MV set for a given query workload within a spec-
ified storage budget which is NP-hard [11]. This problem
can be modeled as a O-1 integer linear programming (ILP)
problem [18]], [53]]. However, the complexity of the ILP solver
approach is O(2") for large workloads. Thus, various heuristic
methods [[1], [3[, [O], [10], [16]—[18], [22], [40] including
genetic algorithms [16], [17], reefs optimization [3[], and
particle swarm optimization [22]], have been proposed. These
heuristic methods, however, are based on assumptions about
data and query distributions, limiting their generalizability to
other workloads and datasets. To overcome this limitation,
learning-based methods [13], [24], [56] have been proposed.
AutoView [13] encodes features of queries and MVs and
utilizes an RNN model [5] to estimate the benefits of MVs.
RLView [56] uses reinforcement learning (RL) to select MVs.



TABLE I: Advantages of LLM/BN

Models LLM
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Align with user intent
Long-term inference
SQL validity

Training costs

Parameter interpretability

XX XN
NN\ X%

MV dynamic management. The performance of MVs de-
creases in the dynamic query workload scenario because
query patterns and data distributions shift over time. This
necessitates the regular maintenance of MV sets, i.e., create
new ones and evict low-utility ones. Traditional approaches
like WATCHMAN [39], DynaMat [21], and HAWC [34]
manage MVs based on quality scores, but often suffer from
inaccurate quality estimations, result in suboptimal solutions.
DQM [24] uses an RL model trained on real runtime statistics
to select and evict M Vs, but its lack of query feature encoding
leads to unstable score estimations.

Query workload forecasting. Query workload forecasting
methods are usually used for query optimization, tuning,
or database resource adjustment [28]], [29]], [54]. The re-
searchers [15], [33] predict the next query using Markov
models. QueryBot 5000 [25] predicts the arrival rate of the
clusters’ queries by applying the logical composition method.
However, the forecast queries are primarily based on historical
queries without explicitly modeling external events, and it is
hard to cover new queries triggered by certain events.

Large language models (LLMs). LLMs have strong abilities
in understanding and generating text, thereby well handling
tasks like question answering [4]], [43], [48[, [49], [58l,
NL2SQL [8], and code generation [31]]. For the MV forecast-
ing task, the model learns three tasks: SQL modeling, MV
generation, and reasoning about how events change queries,
which is hard for smaller models. Thus, we fine-tune LLMs
for MV forecasting. However, LLMs have limitations as
shown in including “hallucination”, high computation
cost of training, and weak interpretability, as discussed in
Section[IV-F| The parameters of BN are the CPD tables among
elements, which are easier to explain or manually edit.

Bayesian networks (BN). BN offer a powerful framework
for knowledge representation and reasoning. The structure
learning methods [20], [30] of BN include heuristic searches
and model structure scoring methods to determine the edges
and CPDs of the graph according to the training data. BN
can be used to synthesize data, e.g., population synthesis [42],
[53]]. However, as shown in BN are unable to capture
event knowledge, leading to their inability to forecast future
materialized views for specific events.

Existing MV generation methods struggle to generate high-
utility MVs for evolving query workloads because they rely on
historical data without considering external events influencing
query evolution. Thus we need a novel approach for evolving
query workloads via integrating event knowledge. To this end,
we consider leveraging the strengths of both LLMs and BN.

III. MVGPT FRAMEWORK

We first introduce the overall framework of MVGPT. As
shown in[Figure 4 MVGPT consists of three modules: genera-
tive MV model, event-aware query workload change inference,
and MV generation. At a high level, the generative MV
model decomposes MVs in the predicate space and learns the
distribution of high-utility MVs’ predicates. With this model,
we compose new high-utility MVs that can optimize future
unseen queries. However, the model cannot perceive the future
changes of queries caused by real-time events. Thus, the event-
aware query workload change inference module collects new
events daily relevant to the workload and analyzes the event
information with an LLLM to adjust the predicate distribution
with prior conditions. Finally, based on the adjusted predicate
distribution, the MV generation module selects predicates to
generate MVs that are tailored to specific events and offer
high utility. Next, we overview the design of the generative
MYV model and query workload change inference module.

A. Generative MV model

The main challenge of MV generation at the predicate level
is how to find high-utility MVs in exponential combinations
of predicates. To address this challenge, we propose the
generative MV model to learn the high-utility predicates.

First, we decompose MV statements into units of query tem-
plate, predicate, aggregation, and other clauses. An MV tem-
plate is “CREATE MATERIALIZED VIEW <MV name> AS
SELECT [aggregations, columns] FROM <tables> WHERE
[predicates] GROUP BY [columns]” which covers most of
the analytical queries. The predicate units are represented as
triplets (identifier, operator, value). For example, the WHERE
clause “WHERE ProductName IN (‘wine’, ‘milk’)” will be
decomposed to “ProductName = ‘wine’” and “ProductName
‘milk™”. Aggregations and group by clauses are represented as
(agg, expression) and (group by, identifier) such as “COUNT
*” and “group by Keyword”. We also collect the utility and
category of MVs as attribute units to help generate high-utility
and category-specified MVs. For example, “hit rate = 0.8”
indicates that the MV optimizes more queries. The full set of
the units above is denoted as C.

High-utility MVs typically consist of predicate units that
are commonly queried together, so our goal is to identify
which subsets of these units frequently co-occur. We learn the
CPDs between units from historical MVs using the BN. We
first construct units in C' into a DAG, where edges represent
relationships between units. We then search the structure of
the DAG and learn the parameters of CPDs to make the
BN best describe the historical MVs. For example, because
France is famous for its wine, users often query about French
wine. Thus, its MVs have higher utility. Accordingly, the edge
between ‘“ProductName = ‘wine’” and “Country = ‘France
will have a higher weight. Moreover, we also learn the CPDs
between the “hit rate” unit and predicates to figure out what
predicates are queried frequently.

With the well-learned generative MV model, we generate
MVs by sampling and composing the units according to MV

EEL)
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Fig. 4: Overall Framework of MVGPT.

templates. To improve the utility and diversity of generated
MYVs, we control the probability weight of the “hit rate” unit
and predicates by giving specific evidence to the BN.

B. Event-aware query change inference

In evolving query workloads, the probability distribution of
predicates will be changed by unexpected and unseen events
as discussed in Section [[I] Thus, the learned MV model from
past data does not perform well for future query workloads.
A straightforward method is to first predict future queries and
then select MVs. However, existing forecasting methods are
not designed for MV selection, so the predicted queries are
inefficient for selecting MVs. Therefore, we incorporate real-
time event information to directly adjust MVs’ predicate CPDs
and control MV generation. The main challenge is finding the
events that are the most related to the query workloads and
identifying how events change the CPDs.

First, as there are many new events coming up daily, we
use the language model to automatically select relevant events
and extract information to store in the knowledge base. The
event type includes news, festivals, holidays, and others. The
event information is formed in date and description pairs
(Date T, Knowledge G), e.g., (“March 29, 2024”, “Tariffs
on imported wine...”) with text embedding indexes generated
by a text embedding model. To filter out irrelevant events, we
design a prompt to use LLM to estimate the similarity between
the event description and the query workload context, which
includes query values, source region, user information, and
other characteristics depending on the workload. For example,
a tariff adjustment announcement from the government of
South Africa will not affect the sale in China and this event
will be filtered out because the query source region does not
match the region in the event description even though the
query statements contain the keyword “wine”. Note that vector
databases, used as the storage of the event knowledge base, are
scalable and can easily store and index billions of entries [26]],
[51]. Instead, the scale of event knowledge base depends on
the efficiency of event selection based on LLM.

Then, we design a retrieval algorithm to automatically
search top-k relevant events with the scoring function based
on the semantic similarity and temporal proximity to augment
the generation of MVs. We feed the event description text as
additional context into the LLM prompt to infer the query
changes, e.g., “users will query more about Australian wine”.
To enable the LLM to infer the query changes at the pred-
icate level, we fine-tune the LLM with the domain-specific
knowledge, i.e., query and MV’s SQL statements. With the
fine-tuned model, we generate future sample MVs with input
of the event information. We use these sample MVs as seeds
to adjust the predicate CPDs of the BN model. Specifically,
we extract predicate/agg/group by units from the MVs seeds
as the evidence of the predicate graph in the MV generation
phase to generate many more event-specified high-utility MVs.

IV. QUERY EVOLUTION FORECASTING

This section introduces how to predict future query work-
loads with consideration of event influence. The challenges
include: (1) How to detect and classify the varied evolutionary
trend of query workloads. (2) How to model the influence of
events on query changes. (3) LLMs are not pre-trained on
the MV task. To address these challenges, we first build an
event knowledge base related to the query workload based on
multiple sources. We then define the pattern of query changes
and induce the evolutionary trend. Next, we propose an event
retrieval method based on semantic similarity and temporal
proximity to determine the related events for queries. Finally,
we fine-tune an LLM to learn the relationship between events
and query changes from large training data and design a
pipeline to predict future MV seeds.

A. Event Knowledge Base Construction and Maintenance

In evolving query workloads, queries shift over time due
to new analytical requirements arising from external events,
resulting in queries that cannot be found in historical queries. It
is essential to gather and analyze the correlation and influence
of events related to queries to inform the forecasting of
future MVs. Therefore, we propose an automatic construction



method including an event relevance analysis and description
extraction method using LLMs. The event knowledge base is
built by collecting event records from multiple sources, includ-
ing news, activities, festivals, and domain-specific sources. We
employ search engines to retrieve websites related to events,
such as news. For example, festival events have a significant
impact on tourism. For specific query workloads, domain-
specific knowledge will be useful. For example, in the case
of advertising analysis scenarios, promotions and marketing
events strongly impact ad placement strategies. Moreover,
news also has an impact on the query workload as discussed
in Section [[I-A] However, most of these event sources are
unstructured text, so we instruct LLMs to extract the event
date and description from the source text to form event tuples
(t,g), which are then stored in the event knowledge base.

To ensure the quality, the event knowledge base is updated
daily to incorporate new events, and outdated, irrelevant, or du-
plicate events are removed. We consider two aspects: relevance
and hotness [60]]. We find that the relevance of events to a
query is not only related to the query statement itself but is also
closely tied to the query’s context, e.g., query source region
and product category features. For instance, while summer
clothing is popular in northern hemisphere countries, winter
clothing is more favored in southern countries during the
same period. Similarly, sports souvenir shops are influenced
by sporting events more than temperature changes. Therefore,
considering query contexts helps estimate events’ relevance.
We sample the queries’ context information and statements to
represent the query workload. We input the query workload
information and event description into the LLM and output
whether the event is relevant. To measure the hotness, we use
the hot topic detection method [60], which is based on the TF-
IDF [19] (term frequency and inverse document frequency)
algorithm that is widely used in information retrieval to mea-
sure the importance of words in documents. Higher hotness
means that the event has a greater impact. Finally, we filter
out events that lack both hotness and query relevance.

B. Related Event Matching

We incorporate event information to improve the inference
of query workload changes, which requires an event matching
algorithm to find the most related event in the event knowledge
base for the target query, formally speaking, matching events
(tr, g) that are related to a given query ¢ at time ¢;. Thus, we
rank events based on their semantic similarity and temporal
proximity to the query. To estimate the semantic similarity, we
use a text embedding model [32]], [45] to transform the event
description into embedding vectors in the semantic space. We
utilize the Euclidean distance of embeddings to measure the
similarity, where a smaller distance means higher similarity:

Dis(xy,xq) =

6]

Where d is the number of dimensions of the embedding,
x4 is the event knowledge embedding, and x, is the query

embedding. Notice that event knowledge in natural language
is significantly different from queries of SQL, we enrich SQL
statements with their interpretation and context. Specifically,
we first revert predicates in the query to its textual represen-
tation (e.g., mapping “age = 2” to “age = ‘10~19 years old’”)
and then utilize the LLM to interpret the query ¢ into natural
language, facilitating a more effective matching within the
event knowledge base. For the temporal proximity function,
we require it to decay with increasing temporal distance.
Therefore, we utilize a normal distribution with the query time
t; as the mean and o2 as the variance.
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Observing that events significantly impacting queries are more
likely to occur within a week before or after the query time,
we set o to 7 days. This choice results in the area under the
curve of the temporal proximity function, within the interval
(t;—7days, t;+7days), being 0.683. As the value of t;, ranges
from ¢; to t; + 7 days, the value of the temporal proximity
function decays from 0.057 to 0.035. A higher value of the
temporal proximity function indicates a greater likelihood of
relevance between the query and the event.

Finally, we design a scoring function to estimate the
likelihood of event knowledge influencing a query by
combining semantic similarity and temporal proximity:
Sim(ty,t;)/(Dis(xy, x4) + 1). Based on this scoring func-
tion, we fetch top-k event knowledge records for a given
query as the potentially related events for later query change
reasoning. We empirically found that setting £ = 3 provides
a good balance between coverage and precision, which means
fetching more events often introduces less relevant events
without significantly improving the MV performance, while
fetching fewer ones often misses the most relevant one.

C. Query Evolutionary Trend Modeling

We model the evolutionary trends of queries by essentially
modeling the CPDs within the sequence of queries, as ex-
pressed in the following formula.

n
P(W):HP(%‘|(I17Q2,~-~»(Ij—1,9) 3)

j=1
Where W denotes the query workload, g; denotes the jth
query in the workload, n denotes the total number of queries,
and ¢ denotes the event that influences the query evolu-
tion. However, given millions of queries, it is challenging
to learn the aforementioned CPDs. Thus, we utilize the
Markov assumption [27], approximating the CPDs of the
entire sequence based on the distribution between two queries:
P(g; | gi,g9),Vi < j. This means that the model learning
through query pairs. An advantage is that it enables the model
to perform temporal reasoning on different time scales (with
timestamps attached to g; and g;), whereas traditional methods
mostly infer on a fixed time scale at each step. Further,
considering that the number of MVs is significantly smaller



than the number of queries, we directly predict MVs because
their CPDs are easier to learn: P(v; | ¢;,9),Vi < j.

D. Training Data

We introduce how to construct high-quality training sam-
ples, which are crucial for fine-tuning performance. Training
samples are tuples of (event, past query, future query, future
MYVs5s), indicating how the query changes under the impact of
an event and what MVs can effectively optimize the future
queries. Two examples are shown in Figure [T} including MVs
for the Australian wine and French Olympic souvenir queries.
Samples are selected by three principles: (1) predicates of
future query and MVs should relate to the event; (2) the
past query and future query have similar join structure with
changed predicates; (3) the future MVs can effectively opti-
mize the future query. We build training samples in three steps:
(1) sample query pairs (past query, future query); (2) retrieve
query-pair-related events; (3) match effective MVs from the
MYV dataset. We then introduce the details of these steps and
methods to improve the data quality.

(1) Query pairs sampling. We sample query pairs from the
workload, forming pairs of past query (t¢;,¢;, f) and future
query (t;,q;, f), where ¢ denotes the timestamp, ¢ denotes the
SQL, and f denotes the query context features. However, ran-
domly sampling often yields irrelevant pairs. To address this,
we propose clustering queries, assuming that query changes
usually occur within similar query groups. First, we extract
query features such as query templates, query fields, join
structures, predicates, aggregation fields, timestamp, user ID,
and user category. These features are grouped into evolution
and clustering types. We cluster queries by query templates,
join structure, and user category, and then sample query pairs
in each cluster where queries have higher correlation.

(2) Query-pair-related event retrieval. We search the knowl-
edge base for events that drive the query change. However, the
query change is implicitly indicated by the difference between
the two queries. To improve the retrieval result, we identify
and encode the differing fields and predicates between ¢; and
g; as the query change features, and then use the event retrieval
method to obtain event knowledge records g related to g; and
the query change feature.

(3) MV matching. The quality of “ground truth” future MVs
is very important for the training samples. The mapped MV
should be optimal for the past query and event. To this end, we
first build a high-quality MV dataset from the query workload
using the MV selection method, which will be introduced in
Section [V-A] Next, because the future query g; is the potential
changed query of g;, we match MVs in the MV dataset that can
optimize ¢; and estimate the corresponding benefit. We then
enumerate combinations of matched MVs and select ones that
offer the maximum benefit to g;, denoted as v;. To improve the
efficiency of matching a large MV dataset, we create indices
on tables and fields to prune irrelevant MVs.

Following the steps of query pair sampling, event knowl-
edge retrieval, and MV matching, we obtain the query pairs
(ti,qi, f) and (t;,q;, f), event knowledge (tx,g), and MVs

(tj,vj, ), where t; < t; = t;,. We form training samples as
(9,4, q;,v;), where the past query g; changes to future query
g; under impact of the event g, and can be optimized by MVs
v;. We use these tuples as data to train LLMs for evolutionary
trend forecasting and MV seed generation.

E. Event Retrieval-Augmented Generation

To address the challenge that LLMs are not pre-trained
with the complex objectives of evolutionary trend forecasting,
we proposed to fine-tune the LLM on our evolutionary trend
dataset with a specially designed prompt.

Given the training dataset, we design the prompt to instruct
the LLM to predict evolutionary trends and generate MV seeds
according to the query and event knowledge. The prompt is the
input of the LLM, consisting of three parts: instructions, con-
texts, and the response. In the instructions part, we outline the
task objectives, describe the data format, and provide guidance
on the steps for forecasting query evolutionary trends. In the
context part, we offer an introduction to MV’s concept to assist
the LLM’s understanding, along with future event knowledge.
In the response part, we present the solving process and target
MYV seeds. The prompt design is as follows:

Instructions: Predict the query evolutionary trend and gen-
erate future MV seeds given the query gpa and the future
event knowledge g. Follow the step-by-step inference: (1)
Understand user intent. Explain ¢, into natural language
descriptions, deduce the underlying user intent driving it,
and classify it into a specific query category. (2) Integrate
event knowledge. Incorporate event knowledge g to assess
how it influences gp. (3) Predict the evolutionary trend of
queries. Predict the evolved query gruwre Of gpast considering
the integrated event knowledge g and the inferred user intent.
Then suggest potential MV seeds vsyre fOr Guture-

Contexts: (1) MV’s concept. (2) Event knowledge: <g>. (3)
The past query from the query pair: <gpas>.

Response: (1) <The explanation of s> and <the query
category>. (2) The event knowledge <g> relevant to the query.
Under the influence of the event, gpas evolves into <qpe>.
(3) To optimize Gfyre, WE suggest MV seeds <vjiure>.
Fine-tuning and evaluation. We use a supervised fine-tuning
approach that is to incrementally train a pre-trained LLM
on the tasks of forecasting evolutionary trends. Fine-tuning
the large model is necessary to internalize the knowledge of
query evolutionary trends and MVs into model parameters. We
design an MV-task criterion for the generated results, and it
differs from those of classical Q&A tasks and query workload
forecasting tasks. The most important evaluation metric for
MVs is the query optimization effect. Thus, we test the hit
rate of the MV seeds as the criterion. The model parameters
update via back propagation [37] based on this criterion signal.
RAG during inference. Given a past query, we retrieve related
events, which are semantically similar to the query and close
in time to the present, from the event knowledge database. We
also retrieve similar historical queries and MVs as examples.
These retrieved records are concatenated with the context
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Fig. 5: Evolving trend forecasting and MVs generation.

in the prompt for LLM inference, in line with RAG. This
improves the query change inference and MV quality.

F. Limitations and Risks of LLMs

While LLMs enable our system to incorporate external
event knowledge and reason about unseen queries, they also
introduce well-known challenges regarding controllability and
reliability. These risks include: (1) generation of syntactically
invalid or semantically incorrect SQL statements, (2) hallu-
cination of events or predicates not grounded in the query
workload, and (3) high computational costs that limit frequent
retraining and deployment. These issues could reduce the
practicality of our approach in production systems.

We analyze these risks and propose the following solutions.
First, we do not directly execute the MVs generated by LLMs,
because syntactically invalid SQL will lead to errors in the
database, which is unacceptable in production systems. In-
stead, we constrain the role of the LLM to high-level reasoning
and seed generation, and propose a BN model to explicitly
formalize the MV generation (introduced in Section[V]), avoid-
ing SQL execution errors. Second, LLM "hallucinating" and
linking irrelevant events will lead to useless MVs that bring
additional maintenance costs while providing no benefits. To
address this, we verify the optimization effect of MVs online
and remove useless ones from the database and training set to
mitigate their impact on performance. Third, while the high
computational cost of LLM inference limits the MV seeds
generation speed, the BN can perform multiple inferences
quickly for each MV seed, supporting scenarios that require
a large number of MVs. We acknowledge that these risks are
not yet fully solved and require broader effort, but our design
choices (LLM only for reasoning + BN for controlled MV
generation) offer a practical and reliable pathway.

V. MV GENERATION USING BN

The MV seeds cannot be used for query optimization
directly due to the LLMs’ limitations, while the BN can syn-
thesize data efficiently and its parameters are interpretable and
modifiable. Therefore, we propose the pipeline of two steps:
forecasting evolutionary trends (via LLMs) and generating
high-utility MVs (via BN). As shown in we use
LLMs to predict the trends of representative queries selected
from the query workload, thereby generating MV seeds, and
use BN to model the probability distribution of predicates and
generate high-utility MVs based on the MV seeds. The main
challenges are (1) how to represent M Vs in a graph structure of
BN; (2) hard to learn the CPDs of a large number of predicates.
Next, we introduce our method to generate varied, high-utility,
and syntactically correct MVs.

MV1: COUNT(*) FROM user WHERE age IN (1,2,3) and crowd IN (343, 596)
MV2: ... COUNT(*), age FROM user WHERE age IN (2, 3) GROUP BY age
time_ age age age crowd COUNT GROUP
seg 596 BY age
MVl 0.4 ‘6-11"
MV2 0.6 4  ‘12-17 4 0 1 1 0 0 1 1
L 1 J
Y

T
MV hit rate & features MV statement template & conditions

Fig. 6: Variable set representation of MVs.

A. MV Data Generation

We first generate ground truths of high-utility MVs. Given
a query workload @, we parse the queries into join structures
and predicates. For each query, we enumerate subsets of
the predicates to form subqueries and generate MV can-
didates [13]. Since the number of predicate combinations
grows exponentially, we reduce the complexity by grouping
the predicates by tables. We propose a utility function to
measure the value of MV candidates, using the hit rate of
MYV candidates to queries as a measurement. Given the query
workload within the time interval [ti,|o(], we simulate the
query execution process of the query workload and evaluate
the hit rate of each MV. To ensure a fairer comparison, we
normalize MV hit rates by the length of their life cycle.
Moreover, we multiplied the utility of MVs by a time-decaying
factor to emphasize the urgency of optimizing recent queries.

B. MVs’ Graph Representation

We introduce the variable set representation for MVs,
as shown in We first decompose the MV state-
ments into templates, predicates, aggregations, and group by
clauses. Templates are indexed by the variable vary,, <
[1, [templates|]. The basic MV template is “CREATE MA-
TERIALIZED VIEW <MV name> AS SELECT [aggrega-
tions, columns] FROM <tables> WHERE [predicates] GROUP
BY [columns]”’. We also enumerate the clauses to generate
other templates. Next, we represent predicates as tuples. For
equation-type predicates, we convert them into triplets (iden-
tifier, operator, value). For example, “price > 10” will be
represented as var(price,>,10) € {0, 1}. Predicates containing
IN clauses are split into multiple equations. For example,
“age IN (2,3) is split into var(gge,—2) and var(gge - 3)-
Moreover, aggregations and “group by” clauses are also rep-
resented as variables to indicate their existence. The value
of {0,1} indicates the absence or presence of the predicate
or clause. We also use variables to represent the features
of MVs, such as hit rate, category, and the time segment
are denoted as var, € R, vare, € [1,|categories|], and
VAT time_seg € {70-57,“6-117,“12-177,“18-23”}, respectively.
Finally, we build the variable set C.

Variable pruning. Converting all predicates into BN variables
leads to an unmanageable number, e.g., 2 million queries yield
800,000 distinct variables, greatly increasing the BN learning
cost. However, state-of-the-art learning methods support only
up to hundreds of thousands of variables [38]], [59]. Fortu-
nately, we find that a small set of high-frequency variables
makes the most contribution, which means we can cover most
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queries with a smaller variable set. Thus, we evaluate the
performance of MVs generated on top-k frequent variables
(Section [VI-C), finding that about the top 1/40 (20,000)
variables can optimize about 50% of queries. Therefore, we
select these high-frequency variables in practice to balance
computation cost and performance. This pruning inevitably
leaves a portion of queries that are not optimized. But it will
not lose much benefit because the overhead of creating MVs to
optimize extremely rare queries outweighs their benefits. We
note this as a scalability limitation of BN structure learning.
To overcome this, future directions include (1) hierarchical BN
structures that partition variables by table or predicate type, (2)
replacing BN with other scalable graphical models. Next, we
introduce how to build the graph of variables and train BN.

C. BN Learning & MV Generation

We transform high-utility MVs in the MV dataset into sets
of variables as training samples of the BN. When training [20],
[30] the BN, we have two primary objectives: (1) Model the
CPDs of features and query predicates of MVs. (2) Generate
high-utility, diverse and valid MVs. The BN is a DAG where
nodes indicate variables and edges indicate the relationship.
For example, as shown in[Figure 7] if the predicates “age = 17
and “age = 2” often co-occur, they will have higher conditional
probability P(var(gge,—2) | var(age,—1))-

First, we identify the most effective network structure that
describes the dataset, including edge connections and node
CPDs. Popular structure learning methods [20], [30] include
PC algorithm [46], hill-climbing, Chow-Liu Algorithm [6],
exhaustive search, and model structure scoring methods. We
chose the PC algorithm, which gradually removes edges from
a complete graph via conditional independence tests, for its
stability and efficiency. Although exact structure learning is
NP-hard, the PC algorithm is asymptotically consistent under
assumptions of causal sufficiency (all common causes are
measured) and faithfulness (conditional independencies in the
distribution reflect the BN graph). Thus, with infinite data, it
recovers the true graph. However, with finite data, errors in
conditional independence tests can lead to suboptimal graphs.
Its worst-case time complexity is exponential, but we find
that causal relationships of predicates in the MV dataset are
sparse, reducing the runtime to polynomial. We further reduce
computational cost by two heuristics: (1) constraining the
maximum degree of each node to prevent overly complex CPD
tables and ensure the sparsity; (2) pre-screening correlations
to remove edges between variables with weak correlation,
thereby reducing the candidate edge set.

TABLE II: Attributes of datasets

Datasets ‘ # of queries  # of tables Duration
Ad-summer 2,926,599 690 3 months (Jun~Aug)
Ad-festival 3,235,692 690 3 months (Sep~Nov)
XuetangX 35,749 14 2 months (Aug~Oct)

TABLE III: Example of Query and MV

Quer SELECT COUNT(*) FROM User JOIN Search
y WHERE keyword IN (‘wine’, ‘imported’, ‘Australia’)
example -
and period <= 30
CREATE MATERIALIZED VIEW CountWine AS
MV SELECT COUNT(*), channel_id FROM User JOIN
example Search WHERE keyword IN (‘wine’, ‘imported’,

‘Australia’) and period <= 30 GROUP BY channel_id

With the learned BN, we sample the predicate variables
to compose MV statements with given predicate evidence
extracted from MV seeds generated by LLM based on events.
We also give high-value evidence for the hit rate variable
to control the MV utility. We then traverse the graph along
the edges, sampling variable values according to their CPDs
and previously sampled variables. Once all variable values are
sampled, we construct the MV statement with templates. Since
the CPDs are learned from the training data, the generated
MVs follow the same distribution. When sampling the network
multiple times, the generated MVs tend to overlap with each
other, which contributes less to the total utility. Thus, to
increase the MV diversity, we enumerate the values of the
category, time_seg, and template variables as evidences during
sampling to ensure the MVs cover more queries.

MYV Selection & Creation. MV creation is scheduled daily
during idle periods (mostly at night) to minimize impact on
database performance. Although BN can quickly generate
many MV candidates, not all of them are materialized be-
cause of MVs’ creation and maintenance cost that depends
on data volume, update frequency, and MV refresh strategy.
Thus, we select MVs by estimated benefit versus cost using
existing dynamic management methods [13], which creates
MVs whose benefit (hit rate x MV latency - cost) exceeds
a given threshold. We omit its details because MV cost
estimation and selection are not the core contribution of this
paper. Moreover, the MV refresh strategy also influences the
maintenance cost. Using a daily scheduled MV refresh strategy
for batch analytical queries makes the cost more controllable.

VI. EXPERIMENT

We conduct extensive experiments to evaluate the effective-
ness of the MVGPT. First, we evaluate the overall perfor-
mance of the generated MVs on the evolving query workload.
Next, we examine the contributions of each component of
MVGPT with ablation studies and case studies. We also
evaluate the impact of hyper-parameter choices.

A. Experimental Settings

Dataset. We use three real-world datasets, including two ad-
vertising analysis datasets, Ad-summer (Advertising-summer)
and Ad-festival (Advertising-festival), and a massive open on-
line courses (MOOC) platform query dataset XuetangX [41]],
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Fig. 9: Average query saved time on Ad-summer dataset.

[50]. Queries in these datasets are naturally assigned times-
tamps. Ad-summer and Ad-festival are from the scenario of
the advertising data management platform [2]], [52] (DMP)
of Alibaba, where we implement and deploy our system. On
this platform, advertisers use target user behavior to segment
audiences and deliver personalized advertisements, thereby
improving click-through conversion rates. The system handles
over 500 QPS, with daily requests reaching the million level,
and is deployed on cloud servers. We automatically recom-
mend MVs daily to optimize user query latency to cope with
query load peaks such as the Double Eleven Shopping Festival.
As shown in Ad-summer and Ad-festival contain
690 tables with 2,926,599 and 3,235,692 queries respectively.
Table [I1I| shows an example of a query and MV. We focus on
this basic MV structure rather than complex forms like nested
subqueries. Additionally, both datasets include the “User ID”
and “User category” features per query. Since data changes
have a limited impact on MV performance, we emphasize
query changes and omit data updates. Moreover, this paper
focuses on MV generation, while the MV maintenance and
discarding which can be handled by existing dynamic man-
agement methods [12], [34]. To build the event knowledge
base for the advertising, we collect the news, season, festival,
and marketing events, including 4 seasons, 24 solar terms, 158
festivals, 6 promotional events, and 5,428 news items. The
XuetangX dataset captures student activities such as course
searches, comments, and homework. It contains 14 tables and
35,749 slow queries (latency>1s) spanning two months. We
collect course events for the knowledge base.

Environment. We use a machine with an Intel(R) Xeon(R)
6242R CPU @ 3.10GHz and 256GB RAM. For fine-tuning
the LLM, we use 16 NVIDIA A100 GPUs, each with 80GB
RAM. The LLM we selected is LLaMA [44]. We use the last
month of the workload for testing and the rest for training.
Evaluation metrics. We evaluate the performance by the
utility of generated MVs. We first use each method to generate
the same amount of MVs, and then compare their hit rates and
saved execution time on the test set. Assuming the test set size
is |@|, and the number of queries that can be optimized (hit)

Fig. 11: Average query saved time on Ad-festival dataset.

by the generated MVs is |Qpit,
the MVs as |Qpit|/|Q], where|Q| > 0. The saved execution
time is the difference between the query and the optimized
query. We averaged the time savings to avoid the effect of the
number of queries: ., (timey — timey)/|Q)|.

B. MVs Performance Evaluation

We first evaluate the performance of MVs generated by
MVGPT on real-world workloads. Given the training query
workload, we generate 1,000 MVs and examine their hit rate
on the testing workload. We then evaluate MVGPT’s ability to
respond to external events, adjust the MV generation, and per-
form long-term forecasting. Evaluations are conducted across
different time scales (from 1 day to 1 month). Additionally,
to verify the model’s performance on new queries, we also
measure the hit rate and reduced execution time of MVs on
new queries appearing only in the test set.

Baselines. We compare MVGPT with the following baselines.
(1) Heuristics: It is a greedy algorithm that extracts and sorts
the MV candidates by their hit rate in descending order and
prioritizes those with higher hit rates.

(2) AutoView [13[]: It is an MV selection method that uses
DL to estimate MV benefits and uses RL to select MVs.

(3) RNNQP: It first uses a GRU [7]] model to predict future
queries. We use it to predict a number of future queries and
then generate MVs by selecting frequent subqueries.

(4) DQM [24]: 1t is an RL-based method that learns MV scores
from database runtime statistics and updates the MV scores
after each query execution.

(5) QB5000 [25]: It predicts the arrival rate of different types
of queries in the future by applying the logical composition
method on historical queries. We then select MVs from the
predicted query workload.

After training the model on the training set, we evaluate
the hit and saved execution time of generated MVs on the
testing query set across different time intervals, as shown
in Figure [8] O] [T0} [IT] [12] [13] First, on evolutionary query
workloads, most methods show declining MV effectiveness
over time, while MVGPT maintains high performance by
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leveraging future event knowledge to pre-generate useful MVs.
This highlights its capability for long-term MV prediction.
We then analyze the model’s ability to respond to external
events. The hit rate of Heuristics drops several times due to
limited MV diversity and poor adaptability to query changes.
In contrast, MVGPT incorporates recent events into MV
generation, enabling event-targeted responses. Next, we assess
the performance on new queries in the query workload, which
often come from user manual input rather than scheduled
scripts. Optimizing latency for these queries is critical for
user experience. Heuristics, AutoView, and RNNQP achieve
lower hit rates, as they primarily select or predict MVs based
on historical workloads, resulting in a lower generalization
capability. In contrast, by deriving MVs from predicate CPDs,
MYVGPT achieves better optimization of new queries.

As shown in Figure 8] 0] on dataset Ad-summer, MVGPT
achieves a hit rate 364% higher than Heuristics. Heuristics
tends to select MVs from periodic query workloads, exhibiting
high stability but weaker generalization capability. In contrast,
MVGPT generalizes well because the BN learns the CPDs of
varied MVs, thus generating more diverse MVs.

AutoView and DQM both use RL to select MVs. AutoView
learns the MV benefit offline while DQM learns online. As
shown in Figure on dataset Ad-festival, MVGPT achieves
a hit rate 48% higher than AutoViewand 96% higher than
DQM in the evaluation of optimizing new queries. This
is because AutoView selects MVs from historical queries,
but new queries in evolving workloads rarely match them.
DQM updates MVs scores at runtime, which causes a delay
when the query changes. As shown in Figure DQM has
higher improvement than RNNQP on execution time, although
DQM’s hit rate is lower. This is because DQM and AutoView
learn the MV utility from the actual execution time. However,
learning-based methods are less efficient because they use
deep neural networks to estimate MV benefits and use RL to
select MVs, both of which are computationally slow. Similarly,
MVGPT has relatively high hardware requirements.

RNNQP and QB5000 are query workload forecasting meth-
ods, with the former predicting at the predicate level and the

Fig. 14: Query execution time improvements.

TABLE IV: Training and Inference Overhead

Methods | Training time | Inference time/MV

AutoView 1.37 hrs 65 ms
RNNQP 1 hrs 33 ms

DQM - 599 ms
QB5000 0.05 hrs 80 ms
MVGPT 8.8 hrs 30 ms

latter at the query level. As shown in Figure [I2] [I3] on dataset
XuetangX, MVGPT achieves a hit rate 134% higher than
RNNQP and 157% higher than QB5000. RNNQP performs
worse because long-term RNN predictions accumulate errors,
as each step depends on the previous query. The prediction
error in query workload prediction reduces the performance of
MYV generation. QBS000 captures implicit workload trends but
fails to cover new queries. Moreover, because query workload
forecasting methods are not designed for MV selection, most
predicted queries are unrelated to MVs.

We evaluate the improvement on queries of different exe-
cution time. As shown in [Figure 14h, on Ad-festival, MVs
reduce the average, 95th, 99th, and max execution time by
16.16%, 54.17%, 66.07%, and 69.59% respectively. As shown
in [Figure T4p, on XuetangX, MVs reduce that by 31.74%.
14.98%, 22.50%, and 45.04% respectively. It shows that MVs
are more effective in optimizing slow queries.

C. Resource Efficiency

Next, we compare the computational costs of MVGPT with
other learning-based methods in fine-tuning and inference,
as shown in Table The results show that MVGPT has
relatively low inference time but high fine-tuning time. The
MYV inference time of the BN is 30 ms/MV, that is 2.17x
faster than AutoView, which uses heavier neural networks,
and 20x faster than DQM, which uses RL to learn online.
For fine-tuning the LLM, we utilize distributed-data-parallel
(DDP) training methods with 16 GPUs, taking about 8 hours
for 3 epochs on 54K training samples. During inference for
MYV seeds, the LLM averages about 10 seconds per MV.
The BN takes 0.8 hours to train on the high-utility MV
dataset, but can generate 10,000 MVs within 5 minutes. Thus,
LLMs alone cannot efficiently produce large numbers of M Vs,
necessitating efficient models like BN for MV generation.
On the other hand, when changing to workloads of different
domains, it needs corresponding query feature engineering and
incremental learning of the BN. We will continually explore
applying deep learning methods more efficiently.

Size of BN. In Section [V] we mention that the number of
variables in BN affects both performance and training time.



»
2 2.0e6
=
3.0e5 = 1.75e6
5‘2.5e5 5 1.5e6
§2.0e5 :o) 1.25e6
Z1.5e5 o 1.0e6
L1 ges 5 0.75e6
o 0.5e6
0.5e5 € 0.25e6
=
0 100 200 300 400 500 600 0 2e5 4e5 6e5 8e5 leb

Condition Id
(a) WHERE condition frequency

Variable Number
(b) MVs statements covering

Fig. 15: MV generation analysis for variable selection.

3 MVGPT-w/o-LLM
I MVGPT-w/o-BN

I MVGPT-LSTM I MVGPT-w/0-KBR
3 MVGPT-w/o-FT [ MVGPT

9 £20.0

50 <175

g 2132

©30 €100

+20 = g(s)

T T

10 :
2 o 2 43
= 1Day 7Days 1Month £ Y 1Day 7 Days 1 Month
(a) Evaluation of Hit Rate (b) Hit Rate on New Queries

Fig. 16: MVs performance contribution of components.

Thus, it is essential to choose an appropriate number of
variables to balance both aspects. To this end, we evaluate
the performance and efficiency under different numbers of
variables. As shown in the frequency of variables
shows a long-tail distribution, which means that a few frequent
variables contribute most to the query optimization. Beyond
a threshold, adding more variables yields diminishing gains.
Therefore, we select the top 20,000 frequent variables that can
cover approximately 50% of the queries.

D. Ablation Study

To evaluate the individual contributions of the LLM, BN,
and event knowledge base, we separately remove each com-
ponent and conduct evaluations of MVs’ hit rates on the Ad-
summer dataset, as shown in Baselines:

(1) MVGPT-w/o-LLM: It removes the LLM, and directly
generates MVs from the BN’s CPDs learned from past MVs.
In other words, it does not use the LLM to infer the event and
adjust the CPDs of BN so that it cannot perceive the event.
(2) MVGPT-w/0-BN: It removes the BN, and directly uses
the MVs seeds output of the LLM as the final MVs instead of
generating from the BN. However, as the LLM cannot ensure
output correctness, we remove invalid MV output (about 5%).
(3) MVGPT-LSTM: It replaces the LLM with Long Short-
Term Memory (LSTM) [14] which is another widely used
neural network architecture of language models.

(4) MVGPT-w/o-FT: It directly uses the pre-trained LLM (no
fine-tuning) to infer events and generate MV seeds.

(5) MVGPT-w/o-KBR: It removes the event knowledge base
retrieval algorithm to verify retrieval’s contributions. Because
it is too large to input all event descriptions into the model,
we randomly select a batch of events.

Evaluate LLM. As shown in [Figure 16b, the hit rate of
MVGPT-w/o-LLM stays high on the first day but drops
quickly at 7 days (from 17.90% to 9.52%) because its CPDs
are learned from historical data and cannot adapt to workload
evolution. Replacing the LLM with an LSTM, i.e., MVGPT-

LSTM, yields a 20.48% higher hit rate than MVGPT-w/o-
LLM on new queries. However, with fewer parameters, it
performs worse than LLM, especially on long-term event
inference (46.71% lower at 1 month). Moreover, as shown in
[Figure T6h, inaccurate event inference by LSTM reduces the
hit rate on the entire workload (39.29% lower at 1 month).
Evaluate BN. As shown in[Figure T6h, we observe that the hit
rate of MVGPT-w/o-BN decreases to 5%. This is because the
LLM lacks the perception of the high-frequent query predicate
distribution, making it hard to generate high-utility MVs.
Evaluate fine-tuning. As shown in [Figure T6h, the hit rate of
MVGPT-w/0-FT is 51.75% lower than MVGPT and 19.54%
lower than MVGPT-w/o-LLM on day 1. This is because
LLMs lack domain-specific knowledge, including predicate
values and schema information in the database, resulting in
generating invalid MV seeds. For example, in the database,
“WHERE age IN (1,2)” means the age of consumers is in the
intervals of 10~19 and 20~29 years old. However, the LLM
without domain-specific knowledge generates “WHERE age
BETWEEN 10 AND 25” which cannot be utilized.
Evaluate event knowledge base. As shown in [Figure 16b,
the hit rate of MVGPT-w/o-KBR is 48.89% lower than
MVGPT. It shows that event retrieval has a higher influence
on new queries because new events lead to more new queries.
The event retrieval method can effectively extract relevant
information from daily collected new events.

E. Case Study

We count the number of used MVs and event facts out
of 1000 queries to verify how many MVs and events make
the key contribution. For 1000 MVs, 127 events are retrieved,
including 1 season, 2 solar terms, 19 festivals, and 105 news
events. This shows that news events play an important role in
query change. 564 out of 1000 queries are optimized, where
the top 20 MVs account for 194 hits, indicating a long-tail
distribution. Specifically, the top 3 MVs are “CREATE ...
WHERE catel_id =“***’ and channel_id = ‘1000’ (23 uses);
“CREATE ... WHERE gender =0’ (17 uses); “CREATE ...
WHERE catel_id =***" and ds <= ‘20230924° and ds >=
20230627 and shop_id = “***’ and trd_cnt > 0” (14 uses).
For example, on April 1, 2024, 291 queries newly appear due
to the news on March 28 “Tariffs on imported wine from
Australia will be reduced from March 29, 2024”. These queries
match our generated MVs instead of the baseline methods.

VII. CONCLUSIONS

We have studied the problem of MV forecasting on evolving
workloads and proposed the MVGPT framework. We pre-
sented a fine-tuning method for LLMs in the context of query
evolutionary trend forecasting tasks. We proposed an event
knowledge retrieval method and modeled the events’ impact on
future queries. We proposed to use a BN to efficiently generate
valid and high-utility MVs. We introduced a joint inference
pipeline that integrates the strengths of LLMs and the BN.
Experimental results on real datasets showed that our method
significantly outperformed state-of-the-art approaches.
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