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ARTICLE INFO ABSTRACT

Recommended by Dennis Shasha The integration of AI models into DBMSs has recently been proposed and implemented in tools such as
PostgresAl. However, these solutions do not take full advantage of the multidimensional vision of information
typically adopted in complex analytical tasks. At the same time, Al offers a chance to reconsider and improve
analytical tasks based on the multidimensional model. In this work, we propose Cube+AI, a fresh vision of the
Keywords: multidimensional model aimed at extending the expressive power of cube queries to include semantically rich
LLM and multimodal operations on free text and images in addition to the analysis of categorical and numerical data.
Text-to-SQL Cube-+Al supports crossed semantic searches between text and images for filtering and grouping; moreover,
Multimodal databases it significantly extends aggregation by operating on text and images rather than on numeric data only. Thus,
Multidimensional model while the multidimensional model provides the structured context necessary to enhance Al execution, Al
Al-integrated DBMSs models expand the multidimensional paradigm by enabling the analysis and aggregation of unstructured data.
The Cube+AI framework includes (i) a formal extension of the multidimensional model, which supports the
dynamical definition of virtual categorical levels derived at query time from other levels via Al, as well as (ii)
a text-to-SQL method where an LLM is leveraged to translate natural language queries into SQL. Specifically,
we propose an implementation that relies on PostgresAl as a DBMS and on the Gemini LLM as a natural
language querying interface. The paper is completed by the discussion of a set of experiments made with a
sample workload of queries and by some robustness tests.

Dataset link: Query workload and prompts (Ori
ginal data)

1. Introduction

Artificial Intelligence (AI) has made significant strides in recent
years, generating and comprehending natural language text and visuals
with previously unheard-of capabilities. Thanks to these developments,
decision-makers can now tackle complex tasks requiring human intu-
ition and observation, going beyond traditional analysis [1]. Following
this trend, several academic and industrial works have recently pro-
posed the integration of AI models into Database Management Systems
(DBMSs) leading, for instance, to relational DBMSs that natively sup-
port AI methods (e.g., PostgresAl, https://postgres.ai/) and to vector
databases [2]. These Al-integrated DBMSs (AI-DBMSs) optimize the
deployment of AI models by facilitating in-place execution, thereby
eliminating the latency and overhead of data movement to external
cloud environments while preserving established security and access
control policies. Furthermore, the relational paradigm ensures that Al
models operate on consistent, high-integrity data. This approach by-
passes the need for traditional data-flattening processes, often achieved

through complex integration tools, which are tedious, time-consuming,
and prone to error. In a relational AI-DBMS, static flattened tables are
replaced by dynamic SQL queries that join, filter, and feed structured
data directly into AI models, ensuring both logical consistency and
operational efficiency.

Despite these advancements, contemporary AI models integrated
within DBMSs do not take full advantage of the multidimensional
vision of information typically adopted in complex analytical tasks.
Historically, multidimensional modeling has remained a cornerstone
of Business Intelligence, enabling the use of statistical indicators to
analyze huge quantities of numerical data stored in multidimensional
cubes via the On-Line Analytical Processing (OLAP) paradigm [3]. The
multidimensional model facilitates the analysis of numerical measures
across diverse dimensions (analysis axes) and varying levels of gran-
ularity (hierarchies). While traditionally implemented within OLAP
systems, cubes have also been successfully adapted for real-time stream-
ing environments — such as Stream Data Warehouses — and conventional
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static reporting [4]. Bridging the gap between Al execution and this
structured multidimensional view presents a significant opportunity to
enhance the depth and context of Al

We believe Al offers a significant chance to reconsider and improve
analytical tasks based on the multidimensional model. Indeed, while
there has been some research on combining textual and picture data
(e.g., [5,6]), multidimensional cubes are normally used to store and
query structured data, mainly categorical attributes and numerical
measures. We asserted in [7] that the emergence of Al models creates
a new type of multidimensional cubes that incorporates unstructured
data — like text and images - into the analytical processes. Based
on that vision, in this work we propose Cube+Al, a fresh vision of
multidimensional cubes that attempts to extend the expressive power
of cube queries to include semantically rich operations on free text
(e.g., “Classify restaurant textual reviews into ‘good’ and ‘bad’ and group
revenues based on this classification”) and images (e.g., “Classify pictures
of restaurants and count the orders made in restaurants with a terrace”) in
addition to the analysis of categorical and numerical data. Because it
allows for cross-semantic searches between text and images for filtering
and grouping, our method can be categorized as multimodal [8]. Inter-
estingly, it also expands aggregation by working with text (e.g., “Create
a summary of a set of reviews”) and images (e.g., “Create a representative
image of a set of dish pictures”) instead of just numeric data, with the
help of generative models. Finally, the integration of Al also enables
additional knowledge to be incorporated in analyses (e.g., “Given a
restaurant dimension with a level country, group orders by restaurant
continent, with the continent of each country determined by AI”). There-
fore, in Cube+Al, while multidimensional cubes provide the structured
depth and context necessary to enhance Al execution, AI models simultane-
ously expand the multidimensional paradigm by enabling the analysis and
aggregation of unstructured data.

The broad querying expressiveness implied by Cube+AI calls for
an equally effective querying interface. In this regard, recent advance-
ments in data management have witnessed a significant surge in the
integration of Large Language Models (LLMs) to facilitate natural lan-
guage interfaces to databases, primarily through text-to-SQL transla-
tion [9]. This is particularly beneficial to AI-DBMSs, where a critical
challenge arises from the semantic gap between an end-user’s high-
level intent and the physical data representation. Indeed, end-user
queries often involve subjective or latent concepts — such as ‘good’ or
‘bad’, ‘cheap’ or ‘expensive’ — that are not explicitly defined within
the database schema. Furthermore, SQL queries in AI-DBMS environ-
ments have increased in complexity, frequently incorporating vector
embeddings and LLM calls directly within the query logic. Because
there is often no direct, isomorphic mapping between an end-user’s
abstract request and the underlying relational structures, the use of
LLMs to interpret intent and generate these sophisticated queries has
become essential. Consequently, we posit that leveraging text-to-SQL
methods for querying multidimensional cubes in Cube+Al is mandatory
for enabling effective, Al-augmented data analysis.

To investigate the feasibility of Cube+AlI, in [7] we have provided a
proof-of-concept by relying on the open-source vector DBMS [2] Weav-
iate. However, that preliminary work does not provide a general and
formal framework of Al and cube integration, nor does it discuss how
queries can be formulated by end-users. Therefore, in this paper we sig-
nificantly extend [7] by proposing a complete Cube+AI framework that
includes (i) a formal model to represent multidimensional (structured
and unstructured) data and semantically rich queries over them, as well
as (ii) a text-to-SQL method where an LLM is leveraged to translate
natural language queries into SQL queries to be executed on an Al-
DBMS. Specifically, we experiment with the use of PostgresAl and of
the Gemini LLM (https://gemini.google.com/). A functional overview
of querying in Cube+AlI is given in Fig. 1. The end-user formulates
a query (possibly involving text and images) in natural language via
Gemini, which translates it into SQL by relying on a library of Al-based
functions and on the multidimensional (relational) schema of data. The
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query is then executed on PostgresAl, and the results are eventually
returned to the user.

The novel research contributions of this paper are listed below in
more detail:

1. A formal extension of the multidimensional model is proposed
to support, besides categorical and numerical data, also text
and images, and to enable the dynamical definition of virtual
categorical levels, not defined at design-time but derived at
query time from other levels, e.g., via Al-based discretization.

2. We introduce a core library of Al-based SQL functions for com-
puting virtual levels at query time and for aggregating non-
numerical data.

3. We give a definition of multidimensional query using both phys-
ical and virtual levels.

4. We show that Gemini can be trained, via prompt engineering, to
translate natural language queries expressed on a multidimen-
sional cube into SQL queries to be executed on PostgresAl.

We emphasize that the focus of this paper is on showing that the
enhanced querying capabilities entailed by Cube+AlI can indeed be
supported by an AI-DBMS and that an LLM can effectively be used to
achieve text-to-SQL; the issues related to query performance optimiza-
tion are out of scope.

The remainder of the paper is structured as follows. After discussing
the related literature in Section 2, in Section 3 we introduce the
Cube+AI framework. The two components of the framework, namely,
the formal model it relies on and LLM-based text-to-SQL translation,
are detailed in Sections 4 and 5 respectively. In Section 6 we describe
the implementation we made on PostgresAl. Section 7 discusses the
experiments we made to test Cube+Al in terms of performances and
robustness, and Section 8 closes the paper by discussing the main open
challenges for research.

2. Related work

Common systems for multidimensional data analysis focus on struc-
tured data with numeric measures and categorical attributes. However,
in past years, some works investigated the usage of textual data as mea-
sures, as discussed in [10]. For instance, DocCube is a framework for
the multidimensional exploration of large document sets through clas-
sification [11]. Lin [12] introduced the TextCube, a multi-dimensional
data cube structured with a term hierarchy specifically designed for
text data analysis. By incorporating two key measures-term frequency
vectors and inverted indexes, a TextCube seamlessly integrates informa-
tion retrieval techniques with traditional OLAP operations. Conversely,
TextRank [13] serves as an unsupervised, graph-based ranking frame-
work for natural language processing. This model evaluates the global
importance of individual words or sentences, making it highly effec-
tive for both keyword extraction in text classification and sentence
extraction for automatic summarization. In [14], an architecture is
proposed that integrates a corporate warehouse containing structured
data with a warehouse of text-rich XML documents. This integration
creates a contextualized warehouse, where facts from the structured
warehouse are linked to their relevant contextual documents using a
fact extractor module. Users define an analysis context by providing a
sequence of keywords; the system retrieves relevant documents from
the document warehouse and associates them with facts from the
corporate warehouse. The integrated data is then materialized as a
type of OLAP cube called the R-cube, which contains all the facts,
their related contextual documents, and a numeric relevance score that
indicates the importance of each fact-document pair with respect to the
context. While the integration of textual data in OLAP systems has been
recognized as effective and useful, the existing works are not Al-based;
thus, they lack the generative analysis capabilities offered by LLMs.
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Fig. 1. Functional overview of the Cube+AI approach to querying.

Taking complex data into account in multidimensional models has
also been investigated. For example, several works investigate stor-
ing and querying spatio-temporal multidimensional data [15]. A few
works have studied the use of images in multidimensional analyses.
For instance, iCube [6] is a similarity-based data cube designed to
support OLAP similarity queries over medical images. iCube extends a
traditional data warehouse by including a dimension table that stores
intrinsic image features as vectors, along with distances to specific
reference points (called representatives) within a metric space. A user
query specifies an image and a range radius to return the images whose
distance from the given one is below the radius. Multimedia data are
analyzed in [16] by integrating them as measures and aggregating them
to extract numerical summarized indicators. Photos are used in [17] as
dimension members; by means of tags associated to them, this work
allows a multidimensional exploration of huge volumes of images. In
the same line, in [18] video data are introduced, allowing end-users to
browse them in an online and multidimensional way. Like for textual
data, these works do not rely on advanced Al methods; thus, they do not
support multimodal, generative, and complex aggregation and selection
methods.

A natural language interaction with OLAP systems has been in-
vestigated in a few works. COOL is a framework that supports a
text-to-SQL approach tailored for an OLAP context [19]. Designed for
conversational OLAP, COOL translates natural language questions into
SQL queries that are executed against multidimensional data organized
in a star schema. This framework achieves translation by parsing the
natural language input through a structured grammar capable of rec-
ognizing both standard query keywords (such as “select” and “group
by”) and domain-specific vocabulary (e.g., “store” and “product”). To
enable non-technical users to perform multi-dimensional data analysis,
in [20] a syntax-driven parser is implemented that extracts database
objects and analytical predicates from a natural language specification,
sequentially compiling them into equivalent SQL queries designed for
OLAP hypercubes.

Some more recent works improve over the previous ones by intro-
ducing LLMs as interfaces for OLAP systems. For example, LLMs are
used to interact with MDX-based OLAP servers [21] and to generate
SQL queries [22]. LLMs have also recently been used to explore multi-
dimensional data by recommending queries to end-users [23]. On the
one hand, these recent works emphasize the effectiveness of advanced
Al models, such as LLMs, to interact with multidimensional datasets.
On the other hand, they operate on numerical and categorical mul-
tidimensional datasets without complex data and advanced Al-based
aggregation and filtering methods.

Finally, the analysis of data sources external to the organization
(specifically, linked open data from the web) has been investigated in

several works (see [24] for a survey). Some of these works propose
to collect linked open data, transform them, and integrate them into
relational data sources, while others propose to store multidimensional
data as linked open data. These works show the benefit of using
external data; however, they require this external data either to be
structured in an ad hoc way or to be collected, cleaned, and integrated
with internal multidimensional datasets by means of complex method-
ologies. Therefore, this integration step requires an intervention of ICT
people and cannot be transparently achieved by end-users.

3. Cube+AlI overview

In this section, we illustrate the main features of the Cube+AlI
model and introduce the approach we will adopt to translate end-
user queries expressed in natural language into SQL for execution. As
already stated, Cube+AlI relies on an extension of the notion of cube.
A cube is a multidimensional depiction of a business phenomenon
relevant to decision-making. In the classical multidimensional model,
a cube features a set of numerical measures and a set of categorical
dimensions. Each dimension is the root of a hierarchy of categorical
levels that can be used to select portions of the cube data and to group
them by applying aggregation operators to measures.

To describe our proposal, we will rely on a retail case study where
decision-makers want to analyze the orders made in a restaurant chain.
Each order line is related to a restaurant and a dish; it is characterized
by classical numerical measures, such as quantity and unit price, but
also by a textual review and a picture of the dish, both provided by
the customer. Besides, all restaurants and dishes have their official
pictures. A possible end-user query on the order lines cube would be:
“For each year and each restaurant with a terrace, give me a short text
that summarizes customer reviews”. This query asks for applying two
Al tasks (picture classification and text summarization) based on the
multidimensional model (grouping by restaurant and year). Therefore,
it is an example of a Cube+Al query. On the one hand, it cannot
be executed in a traditional OLAP setting since (i) the latter would
not support generative text aggregation and (ii) there is no terraceYN
Boolean level in the cube, but only a picture of each restaurant; on
the other, directly applying a text summarization model to order lines
would require a pre-processing step to create flattened tables for each
year and restaurant.

From the structural point of view, Cube+AlI extends the multidimen-
sional model in two ways:

1. The distinction between dimensions and measures is overcome,
and only two types of levels are distinguished:
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A categorical level is one with a finite domain of discrete
values (e.g., level nation has values ‘Italy’, ‘France’, etc.).

* A non-categorical level potentially has an infinite domain of
values; this group includes numerical levels (e.g., unitPrice
and quantity), textual levels (e.g., customerReview), and
image levels (e.g., restaurantPhoto).

2. Virtual levels are not defined at design-time; they can be dy-
namically defined as categorical levels to be derived at query
time from other levels via some Al method, e.g., by discretiza-
tion, classification, etc., and possibly by resorting to additional
(i.e., external to the cube) knowledge.

As to querying expressiveness, we recall that, in classical multidi-
mensional queries, selection and grouping are normally performed on
categorical levels, while aggregation is done on measures (which in
Cube+AlI correspond to numerical levels) via classical aggregation oper-
ators such as SUM and AVG. Conversely, in Cube+AlI, selection, group-
ing, and aggregation can be performed both on categorical and non-
categorical levels thanks to the integrated use of Al. The additional op-
erations enabled, besides those provided in classical multidimensional
queries, are listed below:

1. Selection and grouping on non-categorical levels. This is
made possible by adopting Al methods like classification to
dynamically derive virtual categorical levels. This can be done
with numerical levels (e.g., segment dishes into cheap, fair, and
expensive based on their unit price), text levels (e.g., segment
restaurants into cheap and expensive based on customer re-
views), and image levels (e.g., segment restaurants into indoor
and outdoor based on their pictures).

2. Selection and grouping on unavailable categorical levels.
This is done by deriving virtual levels from other categorical
levels via Al methods (e.g., group restaurants by their continents,
the latter being derived from the restaurant countries).

3. Aggregation on non-numerical levels. This is made possible
by applying AI methods to text levels (e.g., generate a sum-
mary of the reviews made for each restaurant) and image levels
(e.g., generate for each dish a single representative picture with
the common features shown in most customer pictures).

In the sample query described at the beginning of this section, grouping
is done on physical levels year and restaurant, while selection is
operated on virtual level terraceYN derived from restaurant pictures
via classification (by computing their multimodal semantic distance
with term ‘terrace’). Finally, aggregation is done on text level review
via summarization.

The second component of the Cube+AI framework, alongside the
model, is text-to-SQL translation. As described above, the formulation
of Cube+AlI queries is challenging because these can involve (i) virtual
cube levels, which are not physically part of the cube schema, and (ii)
any methods (either AI or mathematical) required to compute these vir-
tual levels and/or to aggregate levels. To address these challenges, the
Cube+AI framework lets end-users express queries in natural language,
which is then mapped onto selections, groupings, and aggregations
according to the Cube+Al model by means of an LLM. This LLM is
also responsible for selecting, from a core set of predefined methods
we provide within a library, the methods required to achieve the
tasks (e.g., classification) entailed by the query. When the query needs
external knowledge (i.e., knowledge not included in the cube), the
LLM calls a generative-Al function provided by the AI-DMBS. Finally,
the LLM generates the SQL query for the AI-DBMS. Automation is
crucial here, as manually writing SQL code for AI-DBMSs is tedious and
error-prone. Overall, text-to-SQL translation in Cube+AI overcomes the
barriers imposed by rigid, predefined data schemata and lets end-users
seamlessly embed the similarity methods implemented in AI-DBMSs,
enhancing the decision-making process with sophisticated analytical
capabilities.
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4. The Cube+AI model

In this section we introduce the formal model of Cube+Al As
already stated, the possibility of performing selection, grouping, and ag-
gregation both on categorical and non-categorical levels allows the dis-
tinction between dimensions and measures to be overcome in Cube+AlI
Thus, we give the following definition of cube schema.

Definition 1 (Hierarchy and Cube Schema).
h = (L,>,>) where:

A hierarchy is a triple

1. L is a set of levels, each level / being coupled with a domain,
Dom(l);

2. > is a roll-up lattice' of L; and

3. > is a part-of partial order of | J,c, Dom(l).

The bottom level of >, denoted ALL,, has a single member ALL,. The
part-of partial order is such that, for each couple of levels / and !
such that / > I, for each value u € Dom(l) there is exactly one value
u' € Dom(l") such that u > /. A cube schema is a set of hierarchies,
C = {h;,i = 1,...,n}. The top level of each hierarchy is called a
dimension of C.

For the sake of simplicity, in all the following examples we will omit
the ALL bottom levels of hierarchies and their ALL members.

Example 1. As a working example we use cube schema Order Line,
which describes the orders placed at the restaurants of an international
chain and features 9 dimensions:

orderNumber, which identifies each single order.

day, i.e., the order date with levels day > month > year. All
these levels are categorical.

dish, whose values correspond to all the dishes offered by the
restaurant chain, with levels dish > standardDishPicture. While
dish is categorical, standardDishPicture is an image (Fig. 2.a).
restaurant, whose values are the chain’s various restaurants with
their geographical locations and descriptions: restaurant > city
> country; restaurant > restaurantDescription; restaurant >
restaurantPicture. All these levels are categorical except restau-
rantDescription and restaurantPicture which are textual and im-
age levels, respectively. The latter shows whether the restaurant
is outdoor or indoor (Fig. 2.b).

quantity, unit price, and amount (computed as quantity x
unit price) are numerical levels that quantitatively describe each
order line.

review is a textual level containing the reviews given by cus-
tomers (Fig. 2.c).

dishPicture is an image level containing the pictures of the dishes
actually served to customers (Fig. 2.d).

As to the part-of partial order we have, for instance, Le Marais >
Paris > France and 2025-04-15 > Apr-2025 > 2025.

Formally speaking, the Al-enabled forms of selection and aggre-
gation discussed above correspond to the possibility of dynamically
defining categorical levels that are derived at query time from other
levels, e.g., via discretization, classification, summarization, and enrich-
ment, and possibly by resorting to additional (i.e., external to the cube)
knowledge. These levels are called virtual to distinguish them from
those present in the cube schema, which are called physical. Virtual
levels extend the roll-up lattices of hierarchies as immediate successors
of the physical levels they are derived from. To populate virtual levels
and extend the part-of partial orders accordingly, a library of Al-based

1 A lattice is a partially ordered set in which every two elements have a
unique least upper bound and a unique greatest lower bound.
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Sweet, but the price
felt slightly high for
what it was

(¢)

Fig. 2. Examples of standardDishPicture (a), restaurant picture (b), review (c), and dishPicture.

SQL functions is available to be applied to physical levels within queries
for selection and grouping. If a query demands knowledge not included
in the cube, we resort to the generative Al methods integrated in the
AI-DBMS.

Example 2. With reference to our working example, an example of
virtual level is cheapOrExpensive, the immediate successor of review.
This level is assigned a value through a library function, by computing
the (uni-modal) semantic distance between the review made for each
order line and the terms ‘cheap’ and ‘expensive’. An example of a corre-
sponding part-of relationship is “Sweet, but the price ... ” > expensive.
Another example of virtual level is terraceYN, the immediate successor
of restaurantPicture; its value is obtained again through a library
function, by computing the (multimodal) semantic distance between
the restaurant images and the term ‘terrace’. As an example of a virtual
level derived from a physical categorical level, we consider continent,
derived via enrichment from country based on knowledge external to
the cube resorting to a generative Al method integrated in the AI-DBMS.
Finally, virtual level priceRange can be derived from unitPrice by
comparing the price of each order line with the average price of that
dish in that country as determined by classification (again, based on
knowledge external to the cube). The extended lattices are depicted in
Fig. 3.

Before defining cubes and queries over them, we need to introduce
group-by’s to rule how aggregations can be performed.

Definition 2 (Group-by). Given cube schema C, a group-by of C is a
tuple G of levels, at least one from each hierarchy of C. A coordinate
of G is a tuple of values, one for each level of G. We denote with >,
the lattice of all the possible group-by’s of C, induced by the roll-up
lattices of the hierarchies in C. Given coordinate y of group-by G and
another group-by G’ such that G >, G’, we will say that y rolls-up to
y' if ' is the coordinate of G’ whose components are related to the
corresponding components of y in the part-of orders.

Note that, differently from the case of the classical multidimensional
model, a group-by can include virtual and non-categorical levels as
well. However, since virtual levels are always derived from other levels,
the top group-by G in the > lattice (i.e., the finest one) includes only
physical levels.

Example 3. Three group-by’s of Order Line are G' =
(orderNumber, day, restaurant, dish, quantity, unitPrice, amount,
review, dishPicture), G; = (month,city,cheapOrExpensive), and
G, = (year), where G' >, G, >, G,. Examples of coordinates of the
three group-by’s are, respectively, yT = (#0011, 2025-04-15, Le Marais,
Bigburger, 20,10.00, 200.00, “Sweet, but the price...”, picture), y, =
(Apr-2025, Paris, expensive), and y, = (2025), where y, rolls-up to y,
and y; rolls-up to y,.

day > month > year
restaurant > city = country > continent
> restaurantDescription
> restaurantPicture = indoorOrOutdoor
> terraceYN
dish > standardDishPicture
Order Line — orderNumber
quantity
unitPrice = priceRange

amount

review > cheapOrExpensive

dishPicture

Fig. 3. Hierarchies extended with virtual levels (in italics) for the ORDER
LINE cube; categorical levels in black, numerical levels in red, textual levels
in blue, image levels in green. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)

Definition 3 (Fact and Base Cube). A fact of C is a tuple including a
component for each level of G, each component storing a value of the
corresponding level. A base cube over C is a set of facts of C.

In order to store base cubes on a (relational) AI-DBMS, we use an
adaptation of the star schema. The star schema is widely recognized
as the standard for relational implementations of the multidimensional
model, as its denormalized structure allows efficient navigation, fil-
tering, and aggregation of massive volumes of data through simple,
high-performance joins. In its classical form, a star schema includes
a fact table that contains measures, connected via foreign keys to
multiple dimension tables that store levels. In Cube+Al, we introduce
complex types to support non-categorical levels in fact and dimension
tables; specifically, we use text and bytea types for textual and image
levels, respectively. Furthermore, since there is no formal distinction
between dimensions and measures in Cube+Al, we include in the fact
table all degenerate dimensions as well (i.e., all dimensions that have
no children in the roll-up lattice). Finally, we associate each text and
image level to a vector column to be used for similarity queries.

Example 4. The schema used to implement the Order Line cube
is shown in Fig. 4; ORDER_LINE is the fact table, while the oth-
ers are dimension tables. Levels orderNumber, amount, quantity,



H. Bazza et al.

Information Systems 142 (2026) 102787

RESTAURANT ORDER_LINE DAY
Restaurantid :integer Restaurantid rinteger Dayld :integer
restaurant : text Dayld rinteger day :integer
restaurantDescription s text — Dishld rinteger month : text
city s text Orderld rinteger year :integer
country s text quantity :integer
restaurantPicture : bytea unitPrice : double precision
restaurantDescription_embed : vector amount :integer
restaurantPicture_embed : vector review s text

dishPicture : bytea
dishPicture_embed : vector
review_embed : vector
DISH

—» Dishid :integer
dish s text
standardDishPicture : bytea
standardDishPicture_embed : vector

Fig. 4. Relational schema for the Order Line example (primary keys are underlined, vector columns are in gray).

orderNumber #0011 #0231 #0540
day 2025-02-11 2025-02-15 2025-02-21
restaurant Le Deux Magots Le Deux Magots>———-f
dish BigBurger SmallBurger BigBurger v
quantity 20 10 15
unitPrice  10.00 6.00 9.00
amount  200.00 60.00 135.00
) Sweet', but tht? price Good for its price Tasty, price lower
review  felt slightly high for than average
what it was
dishPicture
city Paris Paris year 2025 2025 month  Feb-2025
quantity 20 35 restaurant Le Marais Le Deux Magots country France
unitPrice  10.00 7.50 review Middling value ~Good value orderNumber 2
for money for money
cheapOrExpensive  Expensive Cheap

Fig. 5. Sample facts (gray) and their grouping for queries g, (green), ¢, (blue), and ¢; (orange) in Example 5. (For interpretation of the references to color in

this figure legend, the reader is referred to the web version of this article.)

unitPrice, review, and dishPicture are degenerate dimensions; thus,
they are stored within the fact table. The vector column associated to
standardDishPicture is standardDishPicture_embed.

The definition we give of query in Cube+Al must consider the
possibility that virtual levels are used together with physical ones for
grouping and selection, and that categorical, textual, and image levels
are used for aggregation together with numerical ones. In each query
we have four components: G, which includes the categorical levels used
for grouping; P, the set of selection predicates applied to levels of any
type; M, which includes the levels of any type to be aggregated; and O,

which explains how the levels in M will be aggregated (e.g., by using

a simple sum or by generating a summary of texts).

Definition 4 (Query and (Derived) Cube). Given a base cube CT over
schema C, a query over C is a quadruple g, = (G, P, M, O) where:
1. G is a group-by of C including only categorical levels;
2. Pisa (possibly empty) set of selection predicates, each involving
one level of H;

3. M is a tuple of levels (M disjoint from G);
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4. O is a tuple of aggregation operators such that there is one
operator w; € O for each level /, € M.

Let G* = G U M. The result of applying g, to base cube CT, denoted
gc(CT), is called a (derived) cube and is a partial function that assigns,
to each coordinate y of G satisfying the conjunction of the predicates
in P, a value for each /; € M computed by applying w; to the values of
I; for all the coordinates of G* that roll-up to y.

As concerns the O component of g, we assume that a set of aggre-
gation operators are available including, besides trivial ones such as
SUM and AVG, Al-based ones such as TEXTSUMMARY; the methods for
executing these latter operators are defined in our function library.

Example 5. As a first example, we consider query g,

({city, cheapOrExpensive), {month = Feb-2025}, (quantity, unitPrice),
(SUM, AVG)). This query returns, for each city, the total quantities
ordered and the average unit prices of cheap and expensive dishes,
respectively, during February 2025. In this case, quantity and unit-
Price are used as measures in classical OLAP. As a second exam-
ple, we consider a query that returns a summary of the reviews
made in each restaurant during 2025: ¢, = ({restaurant), {year =
2025}, (review), (TEXTSUMMARY)). Clearly, the TEXTSUMMARY aggre-
gation operator requires an Al-based function defined in the library. Fi-

nally, query ¢; = ((month), {terraceYN = Y}, (orderNumber), (COUNT))

returns the monthly number of orders made in each restaurant with a
terrace. A few sample facts and their grouping for these queries are
sketched in Fig. 5.

5. Text-to-SQL in Cube+Al

As mentioned in the introduction, the end-user initially submits a
query in natural language, N LQ, to the chatbot of an LLM. N LQ can
entail selection and grouping on any physical level of the cube schema.
Importantly, selection and grouping may also involve virtual levels, as
long as an explanation of how to derive them is given in N LQ. As an
example to present our approach, in the remainder of the paper we
will use a complex query that entails the most significant features of
our approach: “For each restaurant and price category (where the price
category is determined by review similarity as ‘cheap’, ‘fair’, or ‘expensive’)
provide a summary of customer reviews made in February 2025 for the
orders that include a picture of a pepperoni pizza” (this query corresponds
to ¢q;¢ in Table 1). Here, grouping is made on levels restaurant and
priceCategory; however, while the former is physical, the latter is
virtual and must be computed at run time by classifying review as
suggested by the text. Thus, in this case, a virtual level is involved in
grouping. Besides, a selection is required on virtual level pepperoniYN,
to be derived at run time from dishPicture. Finally, aggregation relies
on generative Al to create review summaries for each group. In all three
cases, library functions are used.

The text-to-SQL task consists of translating N LQ into an SQL query,
0O, to be formulated on a cube via an AI-DBMS (PostgresAl in our
implementation). As already mentioned, to achieve this task, we resort
to Gemini 3.5 Flash. To support Gemini in the translation, we created a
library of Al-based SQL functions and engineered a prompt to explain
when and how they can be used. At the core of these functions is
the vector data type, a specialized array structure designed to store
dense numerical representations of data, known as embeddings. Unlike
standard arrays, the vector type is mathematically optimized for high-
dimensional space, where each dimension captures a specific semantic
feature of the underlying data (such as a word, image, or audio clip).
It works by mapping these features into a coordinate system, allow-
ing the AI-DBMS to perform complex geometric calculations. Instead
of searching for exact keyword matches, AI-DBMSs use specialized
similarity functions (such as Cosine Distance, Euclidean Distance, and
Inner Product) to calculate the distance between vectors, thus en-
abling efficient semantic search and Retrieval-Augmented Generation
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(RAG). Moreover, AI-DBMSs integrate LLM reasoning directly within
SQL queries by letting LLM functions be called as part of a SELECT
statement to perform real-time data summarization, classification, or
translation.

The complete prompt we propose for text-to-SQL is shown at our
GitHub repository; in the following we summarize its main compo-
nents, simplifying the procedure:

Prompt:

Role: You are an SQL programmer. I am the end-user. Input:

1. A natural language query, N LO.

2. A relational schema R including one fact table and a set of
dimension tables. Some columns of R have a corresponding
embedding column named ¢ ‘ column_name’ ’ _embed. Levels
required by NLQ and not present as columns of R are called
virtual.

3. Afile named 1ibrary that contains a set of SQL functions. Each
SQL function has:

* Name

+ Description

+ A parameter named input_R_column, which corre-

sponds to a column of a table of R

* An optional parameter named input_function_

prompt

» Some SQL code that can be used as it is.

Task: Write the SQL formulation of N LQ, called Q.

Procedure:

1. Parse NLQ

2. Identify dimensions and measures, and map them to the tables
of R

3. For each virtual level / required by N LQ that can be computed
using ONLY columns in R, and for each Al-based aggregation
operator o, if any:

(a) find the function F required by / or w in 1ibrary;

(b) ask the user confirmation for F, providing its description;
if the user does not confirm F, generate another one;

(c) identify in NLQ the parameter input_R_column;

(d) identify in NLQ the parameter input_function_
prompt when the default value is not defined in F;

(e) ask the user confirmation for input_function_
prompt, else generate another one;

(f) use ONLY the columns of R, and use the associated

embedding columns whenever possible.

4. For each remaining virtual level / required by NLQ not
computed at step 3, if any:

» whenever possible, use a Common Table Expression (CTE)
to establish a lookup table for /, and join it to the fact table;
identify in NLQ the text P describing /, to be used for
prompting the LLM;
ask confirmation to the user for P; if the user does not
confirm P, generate another one;
integrate column names from R into P if required;
include function ai.openai_chat_complete(P) in
0;
if ai.openai_chat_complete(P) is used for mathe-
matical computation, selection, or grouping, wrap its result
in a sanitization block.

5. Finalize O with all remaining physical levels and aggregation
operators

In the first part of the prompt, we assign the role of an SQL
programmer to the LLM to ensure its reasoning is strictly oriented
towards creating SQL queries. Besides the natural language query to
be translated, N LQ, some additional inputs are provided to support
the translation task:
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Ask your database anything (in plain English):

For each continent give me the name and the quantity ordered of dishes that were considered very expensive by the customers

Submit
continent dish_name total_quantity_ordere
Africa French Toast 451
Africa Kabab 467
Africa Lasagna 471
Africa Pancakes 343
Asia Roasted Chicken 325
Asia Taco 192
Asia Tajine 198
Europe Burrito 911
Fig. 6. A simple user interface for Cube+AlL
Table 1
Experimental workload W: natural language formulation.
Query Natural language formulation
q, For each city and price category (where the price category is determined by review

similarity as ‘cheap’, ‘fair’, or ‘expensive’), find the average unit price and the total
quantity ordered during February 2025

a0 For each year and for each restaurant, give me a short text that summarizes
customer reviews for February 2025

a3 Give me the number of monthly orders made in restaurants with a terrace

qs For each restaurant continent and each month, give me the average quantity ordered

(you can find the continent of each restaurant looking at the countries; for instance,
if a restaurant is in France the continent is Europe)

qs For each restaurant, give me the total amount spent on orders that were considered
expensive by the clients

s For 2025, give me the total quantity of the dish named ‘Burger’ ordered in romantic
restaurants

4 For each restaurant, and for orders where the picture taken by the client is similar
to the official dish picture, give me the average price for ‘Pizza’ orders

qg Give me a one-line summary description for romantic restaurants

9 For each continent give me the name and the quantity ordered of dishes that were

considered very expensive by the customers

410 For each restaurant and price category (where the price category is determined by
review similarity as ‘cheap’, ‘fair’, or ‘expensive’) provide a summary of customer
reviews made in February 2025 for the orders that include a picture of a pepperoni
pizza

q For each city and price range (either ‘cheap’, if the price is significantly lower than
the average price of each dish in the same country based on your knowledge;
‘expensive’, if the price is significantly higher than the average price of each dish in
the same country based on your knowledge; or ‘fair’ otherwise), find the average
unit price and the total quantity ordered during February 2025

a1 Find the average unit price of order lines by restaurant type (either indoor or
outdoor)
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« A relational schema, R, with its table names, columns, data types,
and foreign keys. We also identify specific embedding columns to
guide semantic operations.

To prevent the LLM from generating SQL code with unsupported
functions, we provide a structured library file, L. This file is
critical because it forces the LLM to rely only on the functions
defined within our approach, ensuring that any generated query
is fully functional and compatible with PostgresAl. Each library
function is defined with a name, a description, and an SQL
prototype that the LLM must apply to the target query context.
Each prototype requires one mandatory parameter (the database
column to be processed, input_R_column) and an optional
parameter input_function_prompt used to inject natural
language context from the user’s query directly into the function.

The second part of the prompt precisely describes the procedure the
LLM must follow to transform N LQ into the final SQL query and
includes the following steps:

1. Query parsing: The LLM parses N LQ to capture its intent and
structural requirements.

2. Schema mapping: The LLM identifies the dimensions and mea-
sures involved in N LQ and maps them directly, when possible,
to the physical tables and columns within the relational schema.

3. Handling virtual levels and Al-based aggregation operators:
This step is critical as it explains to the LLM how to deal with
cases where the user’s query cannot be executed by only relying
on data that are physically stored in the database and on stan-
dard aggregation operators. In such cases, the LLM must execute
a specific procedure and explicitly ask the user for confirmation
of any proposed functions, prompt texts, and parameters before
proceeding:

« If the required data can be derived or computed using the
data stored in the schema (this is the case, for instance,
of deriving priceCategory from review), the LLM must
use these columns to derive this data either by combining
them or by invoking functions from the library. The LLM is
asked to prioritize the use of embedding columns whenever
possible to optimize query execution performance.

If the required data cannot be derived from the database
(for instance, continent), the LLM must invoke an Al-
DBMS function (i.e., ai.openai_chat_complete),
which generates a response to a prompt or conversation.
After that, the LLM must use a specific function of the
library dedicated to external lookup tables. To ensure that
the data obtained can be safely and immediately integrated
into Q, a set of rules is provided to sanitize the LLM’s
output.

If an Al-based aggregation operator is required by NLQ
(for instance, TEXTSUMMARY), the LLM must look for its
implementation in the library.

4. Query Finalization: After securing all user’s confirmations, the
LLM integrates the remaining physical levels and aggregation
operators to generate in output the final, executable SQL query

0.

Example 6. Consider again query g¢,,. When Gemini is prompted with
the corresponding natural language formulation given at the beginning
of this section, it answers as follows:

Answer (excerpt):
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+ Steps 1 & 2: Parse NLQ and Map to R

— Dimensions & Filtering Levels Identified: restaurant (maps
to physical column RESTAURANT.Restaurantld), Mon-
th/Year (maps to physical columns DAY.month and
DAY.year)

- Filter Criteria: Month is ‘February’, Year is 2025
(DAY.month = ‘February’ and DAY.year = 2025)

— Measures & Aggregation Operators Identified: Summary of
customer reviews (requires an Al-based text aggregation
operator to combine and summarize multiple text strings
across the group)

— Virtual Levels / Image Filters Identified: priceCategory
(determined dynamically based on the text column OR-
DER_LINE.review mapped to three potential structural
classifications: ‘cheap’, ‘fair’, and ‘expensive’); dishPicture
filter (filtering for pictures that include a ‘pepperoni pizza’
using the image column ORDER_LINE.dishPicture)

+ Step 3: Process Al Library Functions

1. Price Category Evaluation

- Function found in Library: Text Embedding Sim-—
ilarity.

— Parameter Identification: input_R_column — OR-
DER_LINE.review_embed; input_function_prompt
— Dynamic strings depending on the bucket: ‘cheap’,
‘fair’, or ‘expensive’.

2. Dish Picture Filter

- Function found in Library: Image Embedding
Similarity.

— Parameter Identification: input_R_column —
ORDER_LINE.dishPicture_embedded; input_
function_prompt — ‘pepperoni pizza’.

3. Al-based Aggregation (Review Summarization)

- Function Found in Library: Summarization-
text.

— Parameter Identification: input_R_column — OR-
DER_LINE.review; input_function_prompt — Uses
the default value ‘give me a one-line summary.’

» Step 4: User Confirmation Requests

1. Do you confirm the use of the library function Text
Embedding Similarity to calculate the distance flags
for ‘cheap’, ‘fair’, and ‘expensive’?

2. Do you confirm the explicit prompt parameters ‘cheap’,
‘fair’, and ‘expensive’ to extract and isolate these semantic
profiles from the review embedding vector?

3. Do you confirm the use of the library function Image
Embedding Similarity to isolate dishes containing a
‘pepperoni pizza’?

4. Do you confirm the prompt parameter ‘pepperoni pizza’ to
screen the order line images?

5. Do you confirm the use of the library function
Summarization-text as an aggregation operator
to synthesize the customer reviews for each group?

» Step 5: Process Remaining Virtual Levels via LLM

— All semantic requirements, filters, and aggregations for
N LQ are explicitly satisfied by functions already present in
your Al library file. Therefore, no standalone external LLM
structures or sanitization blocks are needed.

+ Step 6: Final SQL Formulation

— Once you confirm the parameter definitions above, I will

generate the final SQL query Q.

6. Implementation

In this section, we present our implementation of Cube+Al on
PostgresAl. We first introduce the function library that guides the
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generation of SQL queries (Section 6.1), then we discuss query imple-
mentation (Section 6.2). To streamline access by end-users and hide the
technical complexity of setting up PostgresAl and running the scripts,
we developed a simple web interface where end-users can interactively
enter their queries in natural language and check the results (a sample
screenshot is shown in Fig. 6). This interface is built with Python
and uses Streamlit (https://streamlit.io/) to handle inputs and data
rendering. It leverages the psycopg2 library (https://pypi.org/project/
psycopg2/) to manage connections with PostgresAl and integrates the
Gemini API (gemini-3.5-flash) to translate natural language queries into
executable SQL queries.

6.1. Function library

The library defines the set of functions supported and guides Gemini
in generating SQL queries to be executed by PostgresAl, enabling
the advanced embedding-based similarity and aggregation operations
required by Cube+Al over relational tables. It further specifies the
parameters that must be specified during query generation.

Each function is defined by a name, a description, a set of input pa-
rameters identified from N LQ, and the associated SQL code. Depending
on the function, the parameters may include an input_function_
prompt parameter (i.e., a textual prompt with an optional default
value), as well as one or more input_R_column parameters cor-
responding to relational attributes processed by the function. These
specifications must be strictly followed during query generation to
ensure compatibility between Gemini-generated SQL queries and the
functions supported by PostgresAl. For example, when a column re-
quired by NLQ is not present in the database, Gemini must rely
on the predefined function ai.openai_chat_complete() with
the supported LLM, Llama 3.1 8B Instant, to retrieve or generate
the necessary data. Without this library, Gemini could generate SQL
queries that deviate from these specifications, for instance, by using
unsupported models, undefined functions, or inconsistent similarity
thresholds, leading to incompatibilities with PostgresAl.

Below we illustrate some functions defined in the library, together
with their associated Al models and SQL implementations. We start
with the function that generates a summary of a textual level (corre-
sponding to the TEXTSUMMARY operator used in Example 5), defined
as follows:

Name: Summarization-text

Description: This function summarizes text.

Parameters: input_R_column and input_function_prompt
are parameters identified in N LQ. The default value of input_func-
tion_prompt is: “Give me a one-line summary”.

SQL Code:
(

ai.openai_chat_complete (
’llama-3.1-8b-instant’,
jsonb_build_array(
jsonb_build_object(
’role’, ’user’,
’content’,
input_function_prompt ||
STRING_AGG (input_R_column)
)
)
)->’choices’->0->’message’->>’content’
) ::text

Similarly, the library provides embedding-based similarity functions
for textual and image data. An example of a text embedding similarity
function is given below:

Name: Text Embedding Similarity

10
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Description: This function embeds a textual query and computes the
similarity between the generated embedding vector and an existing text
embedding column.

Parameters: input_R_column and input_function_prompt
are parameters identified in N LQ.

SQL Code:

ai.ollama_embed( // ollama is a function of the Llama LLM
// that generates the vector
// representation of the input data
’mxbai-embed-large’,
input_function_prompt,
host => ’http://pgai-ollama:11434°
)::vector <=> input_R_column < 0.4

The library also supports embedding-based similarity computations
for image data. To achieve this, images are first converted into textual
descriptions using the Small Vision Language Model moondream, and
these descriptions are then embedded using the text embedding model
nomic-embed-text of Llama. The resulting embeddings are stored
in the database and compared against query embeddings using the same
vector similarity mechanism as for textual data.

Finally, the library supports direct similarity computations between
two existing embedding vectors stored in the database, as illustrated
below:

Name: Embedding Similarity

Description: This function computes the semantic similarity between
two existing embedding vectors.

Parameters: input_R_columnl and input_R_column2 are pa-
rameters identified in N LQO.

SQL Code:

input_R_columnl <=> input_R_column2 < 0.4

6.2. Queries

The functions described above constitute the building blocks used
by Gemini to generate executable SQL queries implementing Cube+AI
operators. We illustrate their usage through query ¢,,, whose SQL
translation as created by Gemini is shown in Fig. 7.

Query ¢, combines standard multidimensional operations with Al-
enabled functions from the library. The temporal selection is translated
into the predicate t.month = ’February’ AND t.year = 2025
(where t is an alias for the DAY dimension table), while restaurants
are identified and grouped through ol .RestaurantId (where ol is
an alias for the ORDER_LINE fact table).

The remaining elements of the query correspond to information
that is not explicitly represented by physical attributes in the rela-
tional schema. Their implementation, therefore, relies on Al-enabled
functions from the library, namely:

» Text Embedding Similarity: The concept of priceCategory (ei-
ther ‘cheap’, ‘fair’, or ‘expensive’) is not stored as a database
attribute. The query dynamically derives this virtual level by
measuring the Cosine Distance (<=>) between the text embed-
dings of the target words and the existing physical embedded
review column (ol.review_embed) using the Text Embedding
Similarity function.

Image Embedding Similarity: The user’s semantic request for
pepperoni pizza is implemented using the Image Embedding Sim-
ilarity function. The request is mapped onto the embedding col-
umn (0l.dishPicture_embed) using distance scoring. This
illustrates that the LLM correctly prioritizes embedding columns
whenever possible, as specified in the prompt, to optimize query
execution.


https://streamlit.io/
https://pypi.org/project/psycopg2/
https://pypi.org/project/psycopg2/
https://pypi.org/project/psycopg2/
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-- Determining price category via the Text Embedding Similarity function

CASE

WHEN (ai.ollama_embed(’mxbai-embed-large’, ’cheap’,

host => ’http://pgai-ollama:11434°)::vector <=> ol.review_embed) <

(ai.ollama_embed(’mxbai-embed-large’,

’fair?,

host => ’http://pgai-ollama:11434°)::vector <=> ol.review_embed)

AND

(ai.ollama_embed(’mxbai-embed-large’,

’cheap’,

host => ’http://pgai-ollama:11434°)::vector <=> ol.review_embed) <

(ai.ollama_embed (’mxbai-embed-large’,

’expensive’,

host => ’http://pgai-ollama:11434’)::vector <=> ol.review_embed)

THEN ’cheap’

WHEN (ai.ollama_embed (’mxbai-embed-large’,

’fair?,

host => ’http://pgai-ollama:11434°)::vector <=> ol.review_embed) <

(ai.ollama_embed(’mxbai-embed-large’,

’expensive’,

host => ’http://pgai-ollama:11434’)::vector <=> ol.review_embed)

THEN ’fair’
ELSE ’expensive’
END AS priceCategory,

-- AI-based Text Aggregation Operator (Summarization-text code injected)

(ai.openai_chat_complete(
’llama-3.1-8b-instant’,
jsonb_build_array(

jsonb_build_object(
’role’, ’user’,
’content’,

)

’give me one-line summary ’

|| STRING_AGG(ol.review, ’, ?)

)->’choices’->0-> ‘message’->>’content’ )::text AS customer_reviews_summary

FROM ORDER_LINE ol
JOIN DAY t ON ol.DayId = t.DayId
WHERE t.month = ’February’ AND t.year =

2025 -- Filtering physical constraints

-- Image filtering using the Image Embedding Similarity function
’pepperoni pizza’,

host => ’http://pgai-ollama:11434°)::vector
<=> o0l.dishPicture_embed < 0.4

AND ai.ollama_embed(’nomic-embed-text?,

GROUP BY ol.RestaurantlId, priceCategory;

Fig. 7. The SQL code created by Gemini for g,,.

Summarization-text: In order to summarize the textual review
column, the LLM uses the specific function defined within the
library (ai.openai_chat_complete). It correctly applies the
usage prototype by combining the required instruction parameter
(“Give me a one-line summary”) with the aggregated physical
column data (STRING_AGG(ol.review, ’, ’)).

The execution of the generated SQL query on PostgresAl produces the
result shown in Fig. 8.2

7. Experiments

In this section, we present an experimental evaluation of the pro-
posed implementation. To this end, we designed a workload of queries
covering the main analytical capabilities of Cube+AI and executed
them on our PostgresAl-based prototype (see Section 7.1). We recall
from the Introduction that query optimization is out of scope for this
paper; nevertheless, in Section 7.2 we discuss the performances of the
query workload with reference to an experimental setting in which
PostgresAl runs on a laptop equipped with a 13th Gen Intel Core i7-
13700H (14 Cores/20 Threads, up to 5.00 GHz), 32 GB LPDDR5 RAM,
and a high-speed 1 TB PCle Gen 4 NVMe SSD running Windows 11.
Finally, we evaluate, in Section 7.3, the robustness of the framework
by considering different natural language query formulations.

2 The SQL code and outputs for the remaining queries, along with the
database schema, can be found at our GitHub repository.
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7.1. Workload

The workload W we have used to test Cube+AlI includes 12 queries,
designed to cover the most significant combinations of classical and
advanced selection, grouping, and aggregation. The natural language
formulations of these queries are shown in Table 1. Besides, Table 2
shows, for each query in W, the type(s) of level involved in grouping,
selection, and aggregation. For each virtual level (in italics), we also
show the type of the physical level from which it is derived. For
instance, in ¢3, “image — cat” means that the categorical (Boolean)
virtual level terraceYN is derived from the image level restaurantPic-
ture; in ¢, “cat — cat” means that the categorical level continent is
derived from the categorical level country.

The Method(s) column shows the particular Al method(s) used. For
example, in g¢,, Generative refers to the library method
Summarization-text, which generates a short summary of texts.
The column Ext. refers to the usage or not of external cube data, while
the last column, Task(s), shows the main task(s) of the AI methods used
by the query. For instance, Ext. is Yes for g, since the latter uses data
external to the cube to create the continent virtual level from country
in order to achieve an Enrichment Al task.

For grouping, selection, and aggregation, we have used all possible
data types; for example, as to grouping, ¢, operates text, g, on a
categorical value, while g;, involves images. Selection is organized in
the same way: ¢; operates on images, g5 on text, and ¢, on categorical
values. Besides classical aggregation functions, denoted as num — num,
we introduce Al-based aggregation functions that are applied to text
and categorical values (e.g., ¢, and g3). Note that aggregation of images
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text L]

Overall reviews are overwhelmingly positive, praising the excellent "very great experience; good vibes,” and “delicious meals;” but some reviewers note that the experience is "expensive" and the ...

that praise a product, service, or experience, and often mention specific benefits or features that make it stand out, fre...

“Highly Recommend" is a Netflix reality series that invites experts to rate various products and services in a straightforward, unapologetic manner, providing viewers with their honest, unbiased

The majority of reviews describe a very positive experience, with frequent mentions of a *very great experience", "amazing meal’, “very good vibes", and *highly recommend", indicating a generall

restaurantid o - pricecategory o customer_feviews_summary
integer text
1 1 expensive
7 1 fair Customers reported a highly positive experience with the service or product, praising its quality, ease of use, and efficient support.
3 2 cheap "I was impressed by the overall atmosphere and service, but the quality of the food didn't quite match the premium price | paid for it
4 2 expensive Mixed reviews for the meal, ranging from extremely satisfied to overpriced with some average taste, with overall recommendation still leaning towards positive.
5 3 cheap Reviews that “highly " are gly positive
6 3 expensive Many reviewers praised the restaurant for its delicious meals and good vibes, but were divided on the value for the high price.
7 3 fair Reviewers were extremely satisfied with their experience, highlighting exceptional service, quality, and overall satisfaction
8 4 cheap I'm happy to help, but | need more information. Which reviews or products would you like me to give a one-line summary of?
9 4 expensive The reviews describe an "amazing” but “expensive” meal with varying opinions on the value for money, consistently expressing positive experiences.
10 4 fair Reviewers generally expressed high satisfaction and delight with a pleasant or exceptional experience at a specific location or with a service.
n 5 cheap
12 5 expensive
13 5 fair Customers have generally expressed satisfaction with the service or product, describing it as excellent, great, or very good, with some mentioning specific positive experiences.
14 6 cheap The reviewer had an gly positive exp: and highly r whatever it was they reviewed
15 6 expensive Overwhelmingly positive reviews with some minor criticism about high prices, consistently praising the quality of the meals and overall dining experience.
16 7  cheap "Highly Recommend" and "Very Good Vibes" are usually seen as positive phrases typically found in customer reviews indicating exceptional service, quality, or experience.
17 7 expensive The overwhelming consensus is that the establishment offers a wonderful dining experience with highly praised food and service, but with some reviewers criticizing the high price.
18 8  cheap The reviewer was extremely satisfied but found the taste unremarkable compared to the price.

Fig. 8. The result of ¢,,.

Table 2
Experimental workload W: classification (U and M stand for uni-modal and multimodal, respectively).
Query Grouping Selection Aggregation Method(s) Ext. Task(s)
q, cat, text — cat cat num — num (U) Embedding similarity N Classification
4, cat cat text — text (U) Generative N Summarization
a4 cat image — cat cat - num (M) Embedding similarity N Classification
a4 cat — cat, cat - num — num (U) Generative Y Enrichment
qs cat text — cat num — num (U) Embedding similarity N Classification
s - cat, text — cat num — num (U) Embedding similarity N Classification
a4 cat cat, image — cat num — num (M) Embedding similarity N Classification
(U) Embedding similarity, Classification,
qg - text — cat text — text . N .
Generative Summarization
(U) Embedding similarity, Classification,
q9 cat — cat text — cat num — num . Y A
Generative Enrichment
cat, . (M) Embedding similarity, Summarization,
10 image — cat text — text . N . .
text — cat Generative Classification
a5 cat, num — cat cat num — num (U) Generative Y Discretization
415 image — cat - num — num (M) Embedding similarity N Classification
Table 3 Query performance (sec.)
Database sizes in Gigabytes. 1000
Fact table rows DB size
18000 7.4 GB 100
180000 79.5 GB
700000 220.2 GB
10
is not included in W because, although it is formally supported by 1 -—
Cube+Al, it is not currently possible in Llama. From query g, to ¢,, one
AI method is used. Queries from g4 to ¢, are more complex since they o1
use multiple Al methods on different query components, as previously gl g2 g3 g4 ¢S5 g6 q1 ¢8 q9 ql0 gll ql2

seen for ¢,q.
7.2. Performance

To evaluate the proposed implementation in terms of storage re-
quirements and query execution performance, we have defined three
versions of the Order Line cube with increasing sizes of the fact table,
ranging from 18000 to 700 000 rows. Table 3 shows that the storage
space is not excessive even for large fact tables; this is especially
significant considering that each row of the fact table includes an image
whose size ranges between 145 kB and 650 kB.

Fig. 9 shows the execution time of each query in W for the dif-
ferent fact table sizes. Most queries execute in a few seconds even
on the largest fact table, with the exception of ¢;;. For ¢;;, the SQL
formulation generated by Gemini performed Al-based classification row
by row, forcing PostgresAl to execute an Al call for every order line
item, even when multiple orders shared the same features (e.g., dish
name, country, and unit price). The execution time for this formulation
was approximately 4 h. To avoid these redundant calls, we manually

12

18K = 180K m=700K

Fig. 9. Query performances (in seconds, algorithmic scale) for workload W
with three fact table sizes.

optimized the query by first computing the classification only for the
distinct combinations of these features and then reusing the results.
This optimization substantially reduced the number of Al requests and
improved execution time to 14 min for the largest fact table, as shown
in Fig. 9.

A percentage breakdown of the execution times is shown in Fig. 10
with reference to the largest fact table (those for the other fact tables
are obviously quite similar). In the chart, ET stands for the time taken
by the embedding function to embed the text required for the query;
ST for the time taken to perform the similarity calculation between the
query vectors; LLMT for the time taken to request external information
from the LLM (either for summarization or external knowledge); and
SQLT for the time taken to perform the remaining operations (WHERE,
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Table 4
Breakdown of execution times for W with the 700K fact table.
Query ET ST LLMT SQLT Total
a 0.40 0.01 - 0.99 1.40
@ - - 377 4.00 381.00
a3 0.20 0.07 - 0.93 1.20
q, - - 3.10 0.80 3.90
gs 0.27 0.20 - 0.93 1.40
qe 0.26 0.08 - 0.46 0.80
a4 - 1.40 - 0.20 1.6
ds 0.15 0.10 0.3 0.05 0.60
qo 0.20 0.30 4.3 0.50 5.30
a0 1.00 9.00 58.30 1.70 70.00
qp - - 847.00 3.00 850.00
an 0.30 0.07 - 2.00 2.40
Time breakdown from scratch for the 700K database takes about 1500 and 30 h, re-
0% - spectively), we recall that it should be done incrementally at ETL
(Extract-Transform-Load) time, i.e., when the cube is refreshed with
80% i —p— 1 — new data.
(7 E R N s
7.3. Robustness
aE EE EE B . R - e ----tr
20% I . I B A In this section we discuss the results of the tests we made to assess
I I I the robustness of Cube+AI with respect to the workload, by considering
0% I queries that differ from those in W either in their structure or in the
A A L L natural language expressions they use. The complete set of queries we
SET ST “LIMT =SQLT used can be found at our GitHub repository.

Fig. 10. Breakdown of execution times for W with the 700K fact table (ET:
time to embed the text required; ST: time to compute similarity; LLMT: time
to request external information; SQLT: time for the remaining operations).

Performance of g
1000000

100000

10000

1000 a

100 —
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with vector emb. without vector emb.

18K = 180K = 700K

Fig. 11. Performances of g,, (in seconds, algorithmic scale) with and without
vector embeddings.

JOIN, GROUP BY). Clearly, the time distribution changes significantly
with the query depending on the operations involved (for instance, g,
requires no embedding, so both ET and ST are null, while g5 does not
use the LLM, so LLMT is null). However it is important to note that,
in absolute terms, the only relevant time is LLMT, which takes 6 min
for g, and 14 min for q,,, since all other components are largely below
10 s for each query (see Table 4).

Finally, Fig. 11 compares the performance of query ¢, with and
without the use of embeddings. The results show that using embeddings
natively stored within the AI-DBMS improves performance by 2 + 3
orders of magnitude. Although generating these embeddings is very
time-consuming (for instance, generating image and text embeddings
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7.3.1. User queries

First of all, we tried queries that might be formulated by users not
aware of the details of Cube+Al. Specifically, we asked a small team
of researchers with some experience in OLAP to express in natural
language some analytical queries that they believe could be interesting
in the restaurant domain. We just gave them a general description of
Cube+Al, emphasizing that its goal is to integrate OLAP and AI, and
a list of the attributes in the Order Line cube; to avoid introducing
biases, no example of the queries in W was shown to them.

Overall, we got 21 queries. Of these, 7 were very similar to those
in W - which shows that W is representative of a real one — and
were discarded. Of the remaining 14, 9 have the same structure of
those in W and require either Al methods (e.g., “Find the average
number of orders for restaurants located close to the sea”) or external
knowledge (e.g., “Find the total quantity ordered for cities having more
than 50000 population”). These queries were correctly handled and
executed by Cube+Al except one: “Tell me the percentage of restaurants
per city where the reviews indicate the restaurants’ description being incon-
sistent”. When translating this query, Gemini erroneously targeted only
restaurantDescription, ignoring review.

The remaining 5 queries, while still of analytical nature, require a
more complex computation; two examples are “What is the difference in
sales occurring during holidays and working days?” and ‘“‘Are restaurants in
the countryside more expensive than those by the seaside?”, each of which
requires a comparison between the results of two aggregated queries.
Interestingly, with no further instruction, Gemini was capable of going
beyond our prompt and correctly translating both queries into SQL.

The SQL generated for the former query is shown in Fig. 12. External
knowledge is leveraged to classify months into categories representing
either holiday seasons or standard working periods. Each order in the
database is then mapped onto these categories based on the correspond-
ing order date. Finally, total order amounts are computed for both
categories, and working sales are subtracted from holiday sales.


https://github.com/Houssamyy15/Integrating-AI-and-the-Multidimensional-Model-Queries-and-data-samples.git
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WITH date_classification AS (
SELECT date_id,
-- Strict sanitization block applied to the LLM temporal classification
CAST (REGEXP_REPLACE ( (REGEXP_MATCH (
(ai.openai_chat_complete(’llama-3.1-8b-instant’, jsonb_build_array(
jsonb_build_object(

’role’, ’user’, ’content’,
’Analyze this date information: Month is ’’’ || month || ???
and Year is ’’’ || year || ’?’. Is a generic day in this month

and year typically considered a holiday month or a working period?
Reply with exactly ’’1°’ if it leans heavily towards holiday
seasons/vacation months or ’’0’’ if it is a standard working period.

Reply with just the number.’

)

)->’choices’->0->’message’->>’content’)::text, °>[0-9.]+’

)11, °[-0-9.1°,
) AS DOUBLE PRECISION
) AS is_holiday

b
>

)g>

-- Protecting against empty responses using NULLIF before conditional evaluation

1 THEN ’holiday’ ELSE ’working’ END AS day_type,

1 THEN ’holiday’ ELSE ’working’ END

FROM time
),
sales_by_day_type AS (
SELECT
CASE WHEN NULLIF(dc.is_holiday, NULL) =
SUM(o.amount) AS total_sales
FROM order_Line o
JOIN date_classification dc ON o.date_id = dc.date_id
GROUP BY
CASE WHEN NULLIF(dc.iS_holiday, NULL) =
)
SELECT

COALESCE (SUM(CASE WHEN day_type =
COALESCE (SUM(CASE WHEN day_type =
FROM sales_by_day_type;

’holiday’ THEN total_sales END), 0) -
’working’ THEN total_sales END), 0) AS sales_difference

Fig. 12. The SQL code created by Gemini for query “What is the difference in sales occurring during holidays and working days?”.

7.3.2. Operational queries

The Cube+AI approach is not meant to be used by occasional users
(in our example, potential customers) interested in operational queries
(for instance, aimed at finding a good restaurant) but by business
users (in our example, managers of the restaurant chains) willing to
ask analytical, OLAP-style queries. However, it is clearly interesting
to check how Cube+AI performs when dealing with queries that do
not fall in the category specified by our Definition 4. A query such as
“Find inexpensive restaurants” is not an analytical and does not fall into
Definition 4 (it has no grouping and no aggregation); nevertheless, in
principle, it could be answered using the cube data. To investigate this
issue, we created a few operational queries focused on finding either
restaurants (e.g., “Find inexpensive restaurants”) or dishes (e.g., ‘“Where
can I find the most authentic sushi in Paris?”). Surprisingly, Gemini
appeared to partially override our prompt and generated, in all cases,
correct SQL queries with no aggregation, still using AI methods where
necessary.

The SQL code for the former query is shown in Fig. 13. The query
embeds the term “inexpensive” and calculates the vector similarity with
restaurant descriptions using a fixed threshold of 0.4 as defined in the
library.

7.3.3. Queries with unconventional/fuzzy expressions

A check on the TripAdvisor and Reddit platforms revealed that
not only are most queries in the restaurant domain operational (as
expected), but they also make large use of unconventional or fuzzy
natural language expressions to select restaurants. Thus, we extracted
from those platforms a set of unconventional (e.g., “Which restaurants
are an absolute tourist trap?”) and fuzzy (e.g., “Find not-so-expensive
dishes”) expressions and used them to create some additional queries.
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In most cases the queries were correctly translated into SQL. Clearly,
while deciding whether to translate these queries using an Al method or
resorting to external knowledge is up to Gemini, the burden of handling
unconventional and fuzzy expressions is set on Llama. The only excep-
tion is query “Which restaurant has the absolute worst service?”; in trans-
lating this one, Gemini erroneously targeted restaurantDescription
instead of review.

7.3.4. Preference queries

Finally, we wanted to check to what extent Cube+AI can manage
preference queries, where users can express multiple requirements
and combine them by either prioritization or Pareto operators. Al-
though some attempts have been made to consider preferences in
OLAP queries [25], preference queries are more common in operational
contexts. Thus, we created two queries that rely on two competing
predicates to select restaurants and dishes, combined either via priori-
tization (e.g., “Find a restaurant that first of all is cheap, and possibly has
a terrace”) or via Pareto-optimality (e.g., “Find the dishes that offer the
best compromise between being cheap and having good reviews”).

Surprisingly, even in this case Gemini was capable of handling the
query fairly well without having to modify the prompt. For instance,
the code for the Pareto query is shown in Fig. 14. To find the best
compromise, the query measures the vector similarity between each
review and the term “good”, averages this similarity score for each
dish, and multiplies it by the dish average price to rank the best-value
options.

Overall, the results discussed above suggest that Cube+AlI is quite
robust even across types of queries different from those for which the
framework has been conceived.
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SELECT restaurant_id, restaurant_description, city,

Information Systems 142 (2026) 102787

-- Calculate the cosine distance (smaller distance indicates higher semantic similarity)

(ai.ollama_embed(

’mxbai-embed-large’, ’inexpensive restaurant’, host => ’http://pgai-ollama:11434°
)::vector <=> restaurant_description_embedded) AS price_similarity_distance

FROM location
WHERE

-- Filter out locations that do not semantically align with the cheap/budget concept

(ai.ollama_embed(

’mxbai-embed-large’, ’inexpensive restaurant’, host => ’http://pgai-ollama:11434°
)::vector <=> restaurant_description_embedded) < 0.4

ORDER BY price_similarity_distance ASC;

Fig. 13. The SQL code created by Gemini for query “Find inexpensive restaurants”.

WITH dish_metrics AS (
SELECT d.dish_id, d.dish_name,

-- Metric 1: Average unit price (lower is cheaper)

AVG(ol.unit_price) AS average_price,

-- Metric 2: Average distance to ’good’ sentiment (lower is more positive)

AVG(

ol.review_embedded <=> ai.ollama_embed(

‘mxbai-embed-large’, ’good’, host => ’http://pgai-ollama:11434°

) ::vector
) AS average_good_distance
FROM dish d

JOIN order_Line ol ON d.dish_id = ol.dish_id

WHERE ol.review_embedded IS NOT NULL
GROUP BY d.dish_id, d.dish_name
)

SELECT dish_id, dish_name, average_price, average_good_distance,
-- Best compromise formula (lower score indicates optimal balance of price and rating)
(average_price * average_good_distance) AS compromise_score

FROM dish_metrics
ORDER BY compromise_score ASC;

Fig. 14. The SQL code created by Gemini for query “Find the dishes that offer the best compromise between being cheap and having good reviews”.

8. Conclusion and open challenges

Recent advances in Al offer a compelling research opportunity to
re-imagine multidimensional analyses beyond their traditional focus on
structured (categorical and numeric) data. In particular, the integration
of multimodal and generative AI models into DBMSs supported by Al-
DBMSs gave us a chance to envision the Cube+Al framework, which
relies on an extension of the multidimensional model to enable semanti-
cally rich queries over text, images, and numeric data. To validate it, we
have described an implementation that uses PostgresAl as an AI-DBMS
and Gemini as an LLM to support the text-to-SQL process.

While, as shown in Section 7, the Cube+AI framework establishes
a robust foundation for integrating Al-driven multimodal analysis into
the multidimensional model, some limitations have emerged during
research; we list them in the following with their possible mitigations,
which constitute a subject of our future work:

1. Query correctness. Hallucinations may prevent the LLM from
generating the correct query. The adoption of improved rea-
soning strategies, such as few-shot learning [26] and chain-of-
thought [27], may alleviate this problem.

2. Results correctness. The data generated via Al (e.g., text sum-
maries and external knowledge) is inherently vulnerable to hal-
lucinations and semantic drift; to ensure the trustworthiness
of the results produced, we will develop rigorous evaluation
metrics and validation constraints.

3. Optimization. As already mentioned, query optimization is out
of scope for this paper. As discussed in Section 7.2, different
formulations for a query may hugely impact its execution time.
Part of our future work will be devoted to studying optimized
formulations for different types of queries and teaching them to
the LLM.
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4. Scalability. Relying on static vector embeddings and pre-trained

foundation models introduces scalability and efficiency bottle-
necks, particularly when processing massive data cubes with
high-cardinality textual or visual attributes. To address this is-
sue, the definition of ad-hoc index structures and query execu-
tion plans should be investigated.

. Portability. The results obtained with PostgresAl and Gemini are

encouraging. However, we plan to test our approach with other
AI-DBMSs and LLMs to compare performances, scalability, and
Al-based analysis capabilities.

. User interaction. From an architectural point of view, the in-

tegration of AI-DBMSs queries within OLAP servers would let
Cube+AI benefit from the multidimensional analysis capabilities
that the latter natively offer (e.g., hierarchy navigation, complex
mathematical functions, etc.); the design of a visual interface
based on the pivot table paradigm to support textual and image
data as well as natural language is also a promising research
issue.

. User preferences. Analytical tasks entail complex OLAP queries,

often returning large volumes of facts, sometimes providing
little or no information. Thus, as argued in [25], expressing
user preferences could be highly valuable in this domain. In
that paper, the myOLAP approach has been introduced as a
way to express preferences on multidimensional queries with
three main features: (i) preferences can be expressed on both
numerical and categorical attributes; (ii) they can also be ex-
pressed on the grouping level of facts; (iii) they can be combined
using both prioritization and Pareto operators. While myOLAP
relies on a complex SQL-like syntax to let users express their
preferences, integrating myOLAP into the Cube+Al framework
would let users benefit of a simpler interaction based on natural
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language. However, despite the encouraging results discussed in
Section 7.3.4, a full integration would require a large reengineer-
ing of the prompt as well as ad hoc algorithms for efficiently
executing queries, hence, it is left for future work.

8. Domain knowledge. The more the LLM knows about the domain
to be analyzed by end-users, the more accurate the text-to-SQL
translation will be, even when the natural language formulation
of the query is blurry and imprecise. Although we already ad-
dress this issue by prompting end-users during the translation
process to ensure that the generated queries are adherent to their
intents, another possible step in this direction could be making
a catalog of common multidimensional modeling solutions from
different domains available to the LLM.
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