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ABSTRACT
Deep learning over relational databases is conventionally realized
by translating data into graph representations and applying graph
neural networks (GNNs) within external frameworks. This round-
trip between the database and external machine learning (ML) sys-
tems introduces non-trivial engineering overhead. In effect, GNNs
operate on tuple embeddings and manipulate them in ways that
capture the interactions induced by relational joins. Given this
correspondence, there is no fundamental reason why specifying
a neural network over a database should be substantially harder
than querying it. We propose an approach that naturally integrates
deep learning with database queries. By associating each tuple with
provenance, represented as a vector with learnable parameters,
queries operate jointly on tuples and embeddings, producing new
output relations with embedded tuples. This approach provides
a declarative foundation for relational deep learning, facilitating
integration with database systems, optimization, and adoption.

We present RelaNN, a proof-of-concept implementation of this
approach built on top of PyTorch and cuDF. We illustrate the utility
of RelaNN by implementing various graph-learning models, in-
cluding graph convolutional networks, heterogeneous graph trans-
formers, hypergraph neural networks and deep homomorphism
networks. The simplicity of the programs and their competitive
runtime performance demonstrate a concrete path toward mak-
ing the implementation of state-of-the-art neural networks over
databases as simple as writing a query.
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1 INTRODUCTION
Integrating databases and machine learning (ML) is a central chal-
lenge in data science. Both paradigms are fundamental to data-
driven workflows: databases provide powerful abstractions for
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modeling, querying, and managing data, while ML enables the
extraction of predictive models from it. However, they traditionally
rely on different modeling primitives and implementation strate-
gies, making their integration nontrivial. As a result, bridging the
gap between databases and ML has been a major challenge in data-
base foundations over the past decades [1, 40]. Previous efforts to
bridge this gap range from adding black-box ML functionalities
to the database [22, 29], through integrating ML building blocks
into DBMS kernels [26, 31], to creating unified languages for both
paradigms [25, 30, 32, 44, 45]. Advances in deep neural networks,
particularly neural networks over graphs [37, 43, 52], have funda-
mentally advanced relational deep learning by enabling prediction
models to operate directly over structured data, avoiding ad-hoc
feature engineering.

The common approach to applying deep learning over rela-
tional databases is to translate the data into a graph representa-
tion: records become nodes and foreign-key relationships become
edges. A model (e.g., a GNN) is designed and trained over the re-
sulting graph outside of the database context [5, 7, 10, 14, 33, 48].
To capture schema information of the database, architectures like
GNNs and graph transformers have been extended to heteroge-
neous settings, where nodes and edges are associated with different
types [50, 54]. Hence, designing a neural network over a relational
database amounts to developing a predictive model over the in-
duced graph using imperative ML graph libraries such as PyTorch
Geometric [16], DGL [49], or Scikit-network [3], which act as ab-
stractions over PyTorch, providing the graph operations that are
cumbersome to write in raw tensor code. The role of the database
query language is reduced to exporting the database into a tensor
representation of a graph, and reintegrating the predictions back
into the database for further processing.

We argue that this round-trip is unnecessary, and that it arises
from an artificial separation of abstractions that forces developers
to work across disparate paradigms. Instead, relational query lan-
guages are inherently well-suited for designing neural networks
over relational databases, given an appropriate extension of the
relational model. From this perspective, applying graph-learning ar-
chitectures to a database amounts to manipulating tuple embeddings,
where each tuple is associated with a (parametric) numeric vector,
and the resulting computations reflect interactions between tuples
through relational operations. In particular, similarly to the ab-
straction of database provenance as semirings [19, 20], joins should
determine not only how tuples are combined, but also how their
embeddings are composed, while projections (grouping) should
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determine how embeddings are aggregated. By extending the re-
lational model with these embedding semantics, we can express
deep-learning architectures directly over the database, without re-
sorting to intermediate graph representations. This lets developers
design neural models using familiar, declarative query constructs
such as SQL and Datalog.

As an example, the following program represents query-key-
value attention as used by heterogeneous graph transformers [23],
over a dataset of patients and treatments.

Score(p,t; q*k) :- Treat(p,t), Queries(p; q), Keys(t; k) .
Attention(p; sum(a*v)) :- Score(p,t; a), Values(t; v) .

Each relation is written as 𝑅( ®𝑥 ; 𝑧), pairing ordinary content at-
tributes ®𝑥 with a tuple embedding 𝑧. The first rule derives Score

by joining the three relations on their shared variables 𝑝 and 𝑡 :
Treat links each patient 𝑝 to the treatment 𝑡 it received and carries
no embedding. Queries and Keys attach a query vector 𝑞 to each
patient and a key vector 𝑘 to each treatment. The join brings 𝑞
and 𝑘 together on every linked pair (𝑝, 𝑡), and the head records
their product 𝑞 ∗ 𝑘 as that pair’s embedding. The second rule joins
Score with the treatment values Values on the shared attribute 𝑡 ,
weighting each value 𝑣 by its score 𝑎. Its head, Attention, keeps
only the patient 𝑝 and drops 𝑡 . This projection groups the treat-
ments by patient and applies sum, aggregating the weighted values
𝑎 ∗ 𝑣 to a single embedding per patient. The program maintains an
assignment of values to its parameters, and training adjusts them
by minimizing a loss function.

Our approach adopts the idea of representing every database fact
in two domains—the logical domain having the traditional database
context, and the numerical domain that associates a meaning in
the Euclidean space and allows for numerical reasoning, as stud-
ied in prior work on tuple embedding [4, 5, 11, 33, 36, 48]. This is
contrasted with existing in-database ML frameworks that typically
bridge the two domains by integrating tensor data types and lin-
ear algebra operators into the query engine [26, 30–32, 44, 45], as
also endorsed by the recent Tensor Logic [12] that unifies neural
and symbolic AI by treating relations as sparse Boolean tensors,
interpreting joins as tensor products and projections as sums over
dropped dimensions. These frameworks require the user to ex-
plicitly define and maintain the connection between the logical
and the vector representations, as well as their evolution through
the composition of deep models. Rather than collapsing both into
one representation, as Tensor Logic does, our proposed framework
holds the relational structure and the embedding tensors side by
side, allowing the user to interact with both faces of the data.

The theoretical foundations of this approach have recently been
studied in terms of homomorphisms of patterns (join queries) in
the graph domain [2, 34]. However, a key question remains open:
whether and how such an approach can be realized in practice. This
paper addresses this challenge. We introduce RelaNN,1 an open-
source system that enables the design of neural models directly over
relational data through a declarative query language as described
above. As illustrated in Figure 1, programs are first translated into
Neuro-Relational Algebra (NRA) to incorporate embedding ma-
nipulation, and subsequently compiled into a physical plan across

1Source code: https://github.com/yuvallu/relann.
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Figure 1: Compilation pipeline of RelaNN. A program is com-
piled into Neuro-Relational Algebra (NRA), then to a term
graph and a physical plan that executes over SQL, cuDF, and
PyTorch. Neural operators (e.g., Linear and ReLU) are resolved
at compile time from the torch.nn library.

PyTorch, cuDF, and SQL to execute the model. In the current pre-
liminary stage, we assume that datasets fit in GPU memory, and
we are currently developing out-of-core or distributed data support
(via designated mini-batching) as an ongoing effort.

NRA extends classic relational algebra by equipping every op-
erator with two complementary semantics: the standard content
semantics, determining how tuples are derived, and an embedding
semantics, specifying how their embeddings are computed. In par-
ticular, joins combine tuples in the usual sense while concatenating
their embeddings; projection and union are unified into a projected
union operator that aggregates embeddings over multisets of tuples
using aggregate functions such as sum, mean, or max; and trans-
formation operators apply differentiable maps (e.g., feed-forward
networks) to embeddings, introducing learnable parameters. To
support learning, NRA is coupled with a fit operation that assigns
values to these parameters by minimizing a loss function defined
over the output of an NRA expression. Thus, NRA expressions de-
fine end-to-end differentiable computations over relational data,
unifying relational query processing with neural model design and
optimization within a single formal framework.

Our experiments demonstrate several key properties of our ap-
proach. First, RelaNN can express a wide range of graph-learning
architectures in concise, simple programs, including graph convolu-
tional networks (GCN) [28], relational GCN (R-GCN) [43], heteroge-
neous graph transformers (HGT) [23], hypergraph neural networks
(HyGNN) [42], and deep homomorphism networks (DHN) [34]. Sec-
ond, RelaNN programs are significantly shorter than the reference
implementations and closely mirror the mathematical formulations
in the original publications. Third, RelaNN achieves comparable
predictive accuracy to the corresponding PyTorch and PyG imple-
mentations, and remains within the same order of magnitude in
runtime; in the case of DHNs, RelaNN achieves a considerable im-
provement of runtime, up to 14× faster. Finally, RelaNN enables
rapid design and iteration of task-specific models where minor,
localized programmatic changes lead to meaningful improvements
in predictive performance, significantly reducing engineering over-
head.

2 NEURO-RELATIONAL ALGEBRA (NRA)
This section presents NRA—the formal framework that serves as
the basis for the RelaNN language. NRA extends standard relational
algebra with numerical updates to tuple annotations, which are
defined in Section 2.1. Section 2.2 defines the NRA operators. Finally,
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Section 2.3 formalizes training as a loss-minimizing assignment of
values to the parameters of an NRA expression.

2.1 Neuro-Relational Data Model (NRM)
Our database and schema models extend the classic relational
model [9] with vector annotations of tuples, which we name em-
beddings. A schema S associates a content arity 𝑘 and an embedding
dimension 𝑑 with each relation name 𝑅. We assume that relation
names are unique within a schema.

A database 𝐷 over the schema S contains, for each relation
name 𝑅 in S with content arity 𝑘 and embedding dimension 𝑑 , an
embedded relation (𝑟, 𝜂), where 𝑟 is a relation with 𝑘 attributes and
𝜂 is an annotation that maps every tuple 𝑡 ∈ 𝑟 to an embedding
𝜂 (𝑡) ∈ R𝑑 . We call 𝑟 the content of the embedded relation.

2.2 Neuro-Relational Operators
Having fixed the data model in Section 2.1, we now define Neuro-
Relational Algebra (NRA): a relational algebra whose objects are
embedded relations. NRA operators take a finite number of em-
bedded relations and return a single embedded relation. A finite
composition of these operators is named an NRA expression. For
each operator, we define its content semantics and its embedding
semantics. The former treats the content of the derived embedded
relation, while the latter treats its embeddings.

Join (⊲⊳). This operator executes a natural join, pairing tuples from
the given embedded relations (𝑟1, 𝜂1) and (𝑟2, 𝜂2) that agree on
all shared attributes. Let (𝑟, 𝜂) := (𝑟1, 𝜂1) ⊲⊳ (𝑟2, 𝜂2) be the join
of the two embedded relations. The content semantics of join are
defined as usual: 𝑟 = 𝑟1 ⊲⊳ 𝑟2. The embedding of each output tuple
is formed by concatenating the contributing embeddings from the
input relations. Hence, for 𝑡 ∈ 𝑟 :

𝜂 (𝑡) := 𝜂1 (𝑡 [A1]) ⊕ 𝜂2 (𝑡 [A2])
where ⊕ denotes concatenation and A1 and A2 are the attribute
sequences of 𝑟1 and 𝑟2, respectively.

Projected union (∪𝛼,A). This operator is a set-semantics𝑘-ary union
combined with a projection. It first projects the tuples of the 𝑘
given relations onto a common attribute sequence, and then ag-
gregates the embeddings of tuples with identical content. Let A
denote the attribute sequence, and let 𝛼 denote a multiset aggre-
gator. Let (𝑟1, 𝜂1), . . . , (𝑟𝑘 , 𝜂𝑘 ) be 𝑘 embedded relations over the
attributes A, and denote (𝑟, 𝜂) := ∪𝛼,A

(
(𝑟1, 𝜂1), . . . , (𝑟𝑘 , 𝜂𝑘 )

)
. The

projections of the incoming tuples onto A are unified, that is,
𝑟 = 𝜋A (𝑟1) ∪ · · · ∪ 𝜋A (𝑟𝑘 ). Each tuple 𝑡 ∈ 𝑟 is associated with a
multiset 𝐵𝑡 of input tuples whose projection overA yields 𝑡 , namely
𝐵𝑡 := {{𝑡 ′ ∈ ∪𝑘

𝑖=1𝑟𝑖 | 𝑡
′ |A = 𝑡}}. The embedding of each 𝑡 ∈ 𝑟 is then

given by aggregating the embeddings of all the tuples from 𝐵𝑡 :

𝜂 (𝑡) := 𝛼
(
{{𝜂𝑖 (𝑡 ′) | 𝑡 ′ ∈ 𝐵𝑡 ∩ 𝑟𝑖 , 𝑖 ∈ {1, . . . , 𝑘}}}

)
Note that this operation generalizes union and projection opera-

tors. For 𝑘 = 1 we get the standard projection operator. For 𝑘 = 2
and identical relational schemas A of 𝑟1 and 𝑟2, we get the union
operator. The reason for this unification of operators is rooted in
the embedding calculation. Any of the sub-operations along the
way (projection or union of a subset of the 𝑘 given relations) may
trigger the need for aggregation, due to duplicate tuples. Since we

do not assume decomposability of the aggregation (e.g., mean), it
must be applied only once, at the end of the full operation.

Transformation (T𝜏 ). A transformation operator alters the embed-
dings of a single embedded relation. Content is unchanged; a dif-
ferentiable transformation 𝜏 , composed of learnable layers and
activations, is applied independently to each tuple embedding. This
is the only operator that may introduce new parameters, as part
of the learnable layers. We denote by 𝑃𝜏 the set of parameters as-
sociated with a transformation operator T𝜏 . Formally, given an
embedded relation (𝑟0, 𝜂0) and a transformation 𝜏 over its embed-
dings, the outcome (𝑟, 𝜂) := T𝜏 (𝑟0, 𝜂0) is given by 𝑟 := 𝑟0 and
∀𝑡 ∈ 𝑟 : 𝜂 (𝑡) := 𝜏 (𝜂0 (𝑡)).

Other operators. NRA also includes selection (𝜎), set difference (\),
and renaming (𝜌), which behave as in classical relational algebra
and apply no transformation to embeddings: each output tuple
keeps its input embedding.

2.3 Training (fit)
To evaluate an NRA expression, the parameters introduced by its
transformation operators must be assigned values. Given an NRA
expression 𝜙 , we denote by 𝑃𝜙 the union of the parameter sets 𝑃𝜏
for each transformation 𝜏 in the composition of 𝜙 . We now define
a training operation that produces the best such values.

A fit operation accepts an NRA expression 𝜙 , its parameter set
𝑃𝜙 , and a database 𝐷 . It returns an assignment 𝛾 : 𝑃𝜙 → R to the
parameters, ideally one that minimizes a predefined optimization
objective. In Section 3.2 we lift this operation into a language-level
statement that maintains 𝛾 across calls.

3 THE RELANN LANGUAGE
We next describe the concrete syntax of the RelaNN language,
extending the Neuro-Relational Algebra introduced in Section 2.

A neuro-relational program (NRP) is a finite sequence of state-
ments. It takes as input a database𝐷in over a schemaS and produces
an output database 𝐷out. The core building blocks are rule state-
ments, each adding a new embedded relation to 𝐷out (Section 3.1).
As in Section 2, rules may introduce parameters; the full set 𝑃 , with
an assignment 𝛾 : 𝑃 → R, is held statefully alongside 𝐷out. Fit
statements (Section 3.2) update the parameter assignment to fit data.
Predict statements (Section 3.3) evaluate the program at the current
assignment without updating it.

On top of these core statements, RelaNN provides two organiza-
tional primitives: aliases (Section 3.4) for parameter sharing across
rules, and function definitions (Section 3.5) for code reuse.

3.1 Rule Statements
A RelaNN rule statement (rule for short) is the basic component of
an NRP. It takes as input a set of embedded relations, either from
𝐷in or from previous rules, and specifies how to translate them
into a new embedded relation that is introduced to the database.
Each rule is directly compiled into an NRA expression, composed of
neuro-relational operators (Section 2.2). The embedded relations in
a rule take the form 𝑅( ®𝑥 ; 𝑧), where 𝑅 is the relation name, and ®𝑥 and
𝑧 tuple-wise bind the relation’s content variables and embeddings,
respectively. RelaNN supports two types of rules: join rules and
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union rules. Together with filter clauses in their body, they expose
the join, union, projection, transformation, and selection operators
of NRA (Section 2.2).

A join rule is an expression of the form

𝑅( ®𝑥 ; 𝛼 (𝜏)) :– 𝑅1 ( ®𝑥1; 𝑧1), 𝑅2 ( ®𝑥2; 𝑧2) , · · · , 𝑅𝑘 ( ®𝑥𝑘 ; 𝑧𝑘 ), 𝜑 .

It compiles into the NRA ∪𝛼,®𝑥 (T𝜏 (𝜎𝜑 (𝑅1 ⊲⊳ 𝑅2 ⊲⊳ . . . ⊲⊳ 𝑅𝑘 ))). First,
the input embedded relations 𝑅1, . . . , 𝑅𝑘 are joined on their shared
variables using 𝑘 −1 NRA join operations. This results in each tuple
containing all the input variables ®𝑥𝑖 , and the input embeddings
concatenated together in the order the relations appear in the rule
body. If the (optional) filter expression 𝜑 is specified, a selection
operator is applied to the result. Next, an NRA transformation
operator 𝜏 (𝑧1 ⊕ · · · ⊕𝑧𝑘 ) is evaluated. The syntactic expression that
specifies 𝜏 in the rule is called the transformation expression. Finally,
an NRA projected union operation is executed over ®𝑥 using the
aggregator described in the aggregation expression 𝛼 . This yields
the output embedded relation 𝑅. An example of a join rule can be
seen in lines 3–4 of Example 1.

A union rule is an expression of the form

𝑅( ®𝑥 ; 𝛼 (𝜏)) :– 𝑅1 ( ®𝑥1; 𝑧1) | 𝑅2 ( ®𝑥2; 𝑧2) | · · · | 𝑅𝑘 ( ®𝑥𝑘 ; 𝑧𝑘 ), 𝜑 .

In this rule all the embedded relations 𝑅 and 𝑅𝑖 must share the
same structure, including the content attributes (i.e., ®𝑥 = ®𝑥𝑖 for all
𝑖) and the embedding shape. It is compiled into the NRA expression
T𝜏 (𝜎𝜑 (∪𝛼,®𝑥 (𝑅1, 𝑅2, . . . , 𝑅𝑘 ))). The tuples are first unified using a
projected union operation (which reduces to a plain union operator
because a union rule requires all its relations to share the same
content attributes). They are then optionally filtered by the selection
operator using the filter expression 𝜑 . Finally, the embeddings are
transformed using the transformation expression 𝜏 .

The filter expression 𝜑 is defined as a comma-separated list of
atomic predicates: 𝜑 := 𝜑1, . . . , 𝜑𝑚 . Each predicate 𝜑𝑖 takes the
form 𝑒1𝜃𝑒2, where the operator 𝜃 ∈ {=,≠, <, ≤, >, ≥}, and 𝑒1, 𝑒2 are
arithmetic terms over the body’s content variables and constants.
This list is interpreted conjunctively, meaning that its semantics
correspond to the predicate 𝜑 =

∧𝑚
𝑖=1 𝜑𝑖 .

3.2 Fit Statements
A fit statement realizes the fit operation (Section 2.3) as a language
construct. We maintain an assignment 𝛾 to the parameters, and
each invocation of the fit operation reads the current 𝛾 , computes
a new assignment from the data, and writes it back. Note that
“fit” does not introduce new content; instead, it specifies how the
parameters should be updated based on some given optimization
hyperparameters. Syntactically, it is written as

?fit ⟨kwargs⟩ L .

𝐿 plays the role of a loss function: its schema has the content arity
0 and embedding dimension 1. Therefore, it contains a single distin-
guished numeric cell, representing the loss value of an NRA expres-
sion. This value is then optimized over the parameters derived from
the NRA expression. The optimization process is configured via op-
timization hyperparameters (e.g., learning rate, number of epochs,
weight decay), which are specified in the keyword-argument list
kwargs. Executing ?fit updates the assignment 𝛾 by minimizing
the single embedding value exposed by 𝐿 (see Example 1).

3.3 Predict Statements
NRP rule statements define an NRA expression, but never execute
it. For execution we introduce a predict statement. It takes the NRA
expression that is defined by the NRP, the current assignment to the
parameters (ideally, previously optimized using the fit statement),
and a relation name to be evaluated. Syntactically, it is written as
“?pred R.” (See Example 1, line 11). The embedded relation 𝑅 must
be defined in prior rules. After processing the predict statement,
the embedded relation 𝑅 is included in the output database 𝐷𝑜𝑢𝑡 .

3.4 Aliasing
Programs may include aliases that introduce readable names for
expressions reused across rules. An alias is a statement of the form
“name = 𝑒” where 𝑒 is an alias expression, of the same syntactic form
as the transformation expression 𝜏 of a rule but evaluated once,
ahead of rule execution, rather than per tuple and per rule.

We distinguish two kinds of aliases by the form of 𝑒 . In a scalar
alias, 𝑒 is an arithmetic expression over numeric constants, oper-
ators, and previously bound names (e.g., d = 64, h = d/4), which
resolves to a numeric value. A parameterized alias introduces new
parameters into the parameter set 𝑃 (e.g., p = Parameter(64) or
A = Linear(2, 3)). Every textual occurrence of the aliased name in
a rule’s transformation expression refers to the same parameters,
so the alias is RelaNN’s mechanism for parameter sharing across
rules. Examples appear in line 1 of Example 1.

3.5 Function Definitions
A function definition (or simply a function) abstracts a sequence of
statements into a single named statement over embedded relations.
Syntactically, it takes the form

def 𝐹 (𝑅1, . . . , 𝑅𝑛) : 𝑠1 . . . . 𝑠𝑚 . enddef

where 𝑅1, . . . , 𝑅𝑛 are the function parameters standing for embed-
ded relations supplied at each call, and the body 𝑠1, . . . , 𝑠𝑚 is a
non-empty sequence of statements. The last statement 𝑠𝑚 must
be a rule, with its head determining the schema of the embedded
relation returned by 𝐹 . Intermediate statements are local to the
function body. A call to 𝐹 appears as a substitute for a relation
name in a rule’s body, written as 𝐹 (𝑅𝑎1 , . . . , 𝑅𝑎𝑛 ) ( ®𝑥 ; 𝑧) with argu-
ment relations supplied positionally in the first parenthesised list
and the usual content attributes ®𝑥 and embedding variable 𝑧 in the
second. Semantically, such a call is equivalent to inlining the body
of 𝐹 with each parameter 𝑅𝑖 substituted by the actual argument 𝑅𝑎𝑖 ;
the resulting embedded relation (produced by 𝑠𝑚 ’s head) is then
exposed at the call site under ®𝑥 and 𝑧, like any other embedded
relation. Functions therefore provide code reuse: the same body can
be applied to different input relations, without code duplication.
Functions are illustrated in Example 1, with lines 2–6 including a
function definition, and line 7 including a call to a function.

3.6 NRP Example
Consider a database with four embedded relations. Drivers and
Races have content arity 1, each with a learned 16-dimensional
embedding of a driver and of a race, respectively. Results has con-
tent arity 2, with a learned 16-dimensional embedding of a driver’s
result in a race. Label has content arity 1, with a 4-dimensional
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1 d = 16. k = 4. Mix = Linear(2*d, d). Cls = Linear(d, k) .

2 def DriverProfile(Dr, Ra, Re):
3 Inter(x,y; Mix(Concat(z1, z2)) + z3) :-
4 Dr(x; z1), Ra(y; z2), Re(x,y; z3) .
5 Out(x; sum(z)) :- Inter(x,y; z) .
6 enddef

7 Profile(x;z) :- DriverProfile(Drivers,Races,Results)(x;z) .
8 Loss(; CrossEntropyLoss()(Cls(z_p), z_l)) :-
9 Profile(x; z_p), Label(x; z_l) .

10 ?fit ⟨ epochs=100, lr=0.01, weight_decay=5e-4 ⟩ Loss .
11 ?pred Profile .

Example 1: NRP for driver category prediction.

embedding holding a supervised category label per driver (e.g., a
demographic segment). The following program computes, for each
driver, a profile embedding aggregated from their results, and fits it
to predict the driver’s category. The first four statements are aliases:
two scalar aliases fix the embedding width 𝑑 and the number of
target classes 𝑘 , and two parameterized aliases allocate the shared
linear maps Mix (pair-mixing) and Cls (classifier head).

The function DriverProfile takes Drivers, Races, and Results

relations as arguments. For each (driver, race, result) tuple it con-
catenates the driver and race embeddings, applies the shared linear
map Mix, and adds the result’s embedding (rule Inter); it then aggre-
gates by driver with sum (rule Out) to produce one embedding per
driver. The call on the following line binds this result to Profile.

The Loss relation calculates the final loss value using cross en-
tropy over the previously bound linear transformation Cls and
Label relation. It has empty content attributes (a single distin-
guished row), and its embedding expression reduces each joined
pair to a scalar loss by passing 𝑧𝑝 through the shared classifier Cls
and comparing the resulting logits against 𝑧𝑙 .

The final statements are fit and predict. The fit is executed over
the embedded relation Loss. It specifies the keyword-argument
list ⟨epochs=100, lr=0.01, weight_decay=5e-4⟩ which determines
how the current assignment 𝛾 of the parameter set 𝑃 should be
updated. Crucially, 𝑃 here comprises both the per-tuple embeddings
stored in Drivers, Races, and Results, and the weights introduced
by the aliases Mix and Cls; the fit statement updates them jointly
so as to minimize the loss averaged over all (driver, driver’s class,
label) triples. The predict statement ?pred Profile thenmaterializes
Profile in the output database under the updated 𝛾 .

3.7 Language Extensions
Beyond the core rule grammar of Section 3.1, RelaNN provides two
language extensions. Encoding and decoding move values between
a relation’s content attributes and its embedding. Templates factor
out repeated statements and repeated body relations.

Encoding and decoding. RelaNN provides machinery for producing
initial embeddings from the database and writing back the results.
Encoding reads raw content columns into embeddings, giving a net-
work its initial features. Decoding writes a learned embedding back
as a content attribute, so a prediction becomes a regular column of
the database. Both directions use a uniform [ · ] bracket syntax.

As an example, suppose the Drivers table has a bio column—the
text of the Wikipedia page linked by each driver’s url—and we
want to learn a per-driver score and store it as a new column. The
architecture encodes bio into a feature embedding, runs a network
over it, and decodes the learned score into a new Pred relation:

DriverFeat(d_id; [TextEncoder(bio)]) :- Drivers(d_id,bio) .
// ... intermediate rules computing the score
Pred(d_id, [c]) :- Score(d_id; c) .

In the first rule, an encoding bracket inside the head’s transforma-
tion expression reads the bio attribute into the embedding. Because
bio is text, a rich type, the bracket wraps an encoder nn.Module,
as in [TextEncoder(bio)]. Numeric and boolean attributes need no
module and tensorize directly, written simply as [𝑐𝑜𝑙], and multiple
bracketed items concatenate along the last dimension. In the last
rule, a decoding bracket in the head’s content position runs the other
way, writing an embedding value back as a content attribute: [𝑐]
decodes Score’s learned embedding 𝑐 into a column of Pred.

Templates. Neural architectures over relational data often contain
dozens of near-duplicate definitions, one per attention head, edge
type, or layer. Inspired by C++, templates factor out this repetition:
a statement template factors out repeated statements, and a body
template factors out repeated body relations within a single rule.
We use eight-head attention as a running example, where each head
transforms an input embedding through its own learned matrix and
the head outputs are combined. Written out in full, this example
takes eight per-head rules and one rule that combines them:

AttHead1(k; Linear(d, d)(z)) :- Input(k; z) ..
.
.

AttHead8(k; Linear(d, d)(z)) :- Input(k; z) .
MultiHead(k; Concat(z1, ..., z8)) :-

AttHead1(k; z1), ..., AttHead8(k; z8) .

Statement templates. A statement template parameterizes a state-
ment by an index in angle brackets. For the running example, this
collapses the eight rules into one:

AttHead<i>(k; Linear(d, d)(z)) :- Input(k; z) .

A template is a pattern—it produces nothing until a rule invokes it.
When AttHead<i> is invoked, the compiler materializes a concrete
Linear(d,d) for each distinct argument, before term-graph construc-
tion. Arguments may range over schema type names, integers, or
string labels. Invocations with identical arguments share parame-
ters; invocations with different arguments yield independent ones.

Body templates. The combine rule still lists eight body relations.
A body template replicates one body relation across an iteration
domain in square brackets, either an integer range or the tuples of a
relation. The “, . . .” replicator replicates the relation as a conjunction,
collapsing the eight-way body to a single atomic expression

MultiHead(k; Concat(*z)) :- Att<i>(k; z) ,... [i = 1 to 8]

Each replica binds i afresh, indexing the AttHead<i> template, and
the splat ∗𝑧 gathers the eight head embeddings for Concat. The
disjunctive replicator “| . . .” unions the replicas instead, so the rule
head adds the heads with sum rather than concatenating them. Repli-
cators expand at compile time into ordinary body relations, adding
no runtime machinery. Hence, template resolution entails, concep-
tually, a static expansion (unrolling) over each replicator’s finite
iteration domain.
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Drivers Results

Join ⊲⊳

Transformation TLinear(2𝑑,𝑑 ) ◦Concat

Projected union ∪sum, 𝑥

DriverAgg

Figure 2: Term graph (logical plan) for DriverAgg. Leaves are
database relations and inner nodes are NRA operators.

4 IMPLEMENTATION
The RelaNN pipeline (Figure 1) follows the architecture of a classic
DBMS. A RelaNN program (NRP, Section 3) is translated statement-
by-statement into an NRA expression, represented as a term graph
(Section 4.1). When a fit or predict statement is invoked, the sub-
graph that produces that statement’s target relation is compiled to
a physical plan over cuDF [38] and PyTorch operations (Section 4.2)
that execute joins, projections, and learned transformations end-
to-end on the GPU. Data loaders then connect the corresponding
database relations to the physical plan via SQL queries.

RelaNN is a Python-embedded DSL parsed with Lark [46]. Trans-
formation operators such as Linear and ReLU are resolved by name
from the caller’s Python namespace, so any user-defined nn.Module
can be referenced directly in a rule. The system is available as an
open-source prototype with demos and documentation.

4.1 From RelaNN to NRA Term Graph
Each RelaNN rule translates to an NRA subexpression that captures
its declarative semantics, as detailed in Section 3.1. For example,
consider the rule DriverAgg, which combines each driver’s embed-
ding with that driver’s result embeddings (Section 3.6)

DriverAgg(x; sum(Linear(2*d,d)(Concat(z1, z2)))) :-
Drivers(x; z1), Results(x,y; z2) .

The corresponding NRA statement is

DriverAgg = ∪sum, 𝑥

(
TLinear(2𝑑,𝑑 ) ◦Concat (Drivers ⊲⊳ Results)

)
.

The compiler assembles all NRA subexpressions of a program into
a single term graph: a DAG of NRA operators that captures every
rule’s semantics. Its inner nodes are NRA operators, its leaves ref-
erence the program’s database relations, and its directed edges run
from each operator to its consumers. The logical query plan for a
given fit or predict statement is then the subgraph of the term
graph rooted at that statement’s target relation. Figure 2 illustrates
the resulting term graph for DriverAgg.

4.2 From Term Graph to Physical Plan
The term graph defines what to compute; the physical plan de-
fines how to execute it on a GPU. Each NRA operator compiles
to a subgraph of physical operations. Data loaders compile to an
SQL subtree that runs in the underlying database. All other oper-
ators compile to cuDF and PyTorch operations that maintain the
alignment between content rows and embedding rows while pre-
serving the gradient path through the embeddings. The core node

⊲⊳

T𝜏

∪sum,𝑥

𝑥 𝑧1

Drivers

𝑥, 𝑦 𝑧2

Results

content loaded
from the database

via SQL

cuDF merge index_select

Concat

Linear

cuDF groupby scatter_add

𝑥 𝑧

DriverAgg

row idx

group idx

Figure 3: Physical plan for DriverAgg. Each NRA operator
expands into cuDF operations on content and PyTorch oper-
ations on embeddings. Dashed arrows are non-differentiable
index tensors, and gradients flow only along the blue chain—
the differentiable path.

types compile as follows (others analogously): • Data loaders
compile to an SQL subtree that executes in the underlying data-
base, returning the content of an input relation as rows of a cuDF
DataFrame. For example, a selection or projection on a database
relation can be pushed into this subtree, so the database filters
and prunes columns before any content reaches the GPU. Our
current prototype materializes each relation in the GPU mem-
ory. Optimizations are left for future work, as we discuss in Sec-
tion 6. • Join (⊲⊳) compiles to a cuDF DataFrame merge that emits
row-index tensors, which torch.index_select uses to fetch em-
beddings with full autograd support. • Selection (𝜎) uses the
same differentiable torch.index_select with a boolean-mask in-
dex. • Projected union (∪𝛼,A) compiles to a cuDF groupby that
emits a group-index tensor. Scatter operations [13] (scatter_add,
scatter_mean, or scatter_max, selected to match the aggrega-
tor 𝛼) apply the operator’s multiset aggregation to the embeddings
of each group. This is a sparse aggregation, reducing variable-sized
groups directly over the index tensor, without materializing an adja-
cency matrix, and gradients flow back through the scatter primitive.
• Transformation (T𝜏 ) nodes apply their nn.Module (nn.Linear,
nn.LayerNorm, or a custom layer) directly via a PyTorch forward
call, so their parameters receive gradients automatically.

Together, the subgraphs of the NRA operations form a single
computation graph that torch.autograd [41] traces dynamically.
Any nn.Module, built-in or custom, can appear in a transformation
and is trained end-to-end with the other operations. Figure 3 shows
the physical plan compiled from the DriverAgg term graph.

5 EXPERIMENTS
Our experimental study supports three claims. First, RelaNN ex-
presses a wide range of published graph-learning architectures—
from classical message passing, through graph transformers, to
those beyondmessage passing—reproducing eachmodel’s reference
accuracy in a fraction of the code (Section 5.2). Second, its per-epoch
runtime is competitive with hand-written reference implementa-
tions, remaining practical across these architectures (Section 5.3).
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Third, we illustrate that a data owner can design a task-specific
architecture directly over a multi-table database, expressing it in a
handful of rules and refining it through local edits (Section 5.4).

5.1 Experimental Setup
Architectures and datasets. We evaluate RelaNN on five published ar-
chitectures. • Standard GNN architectures:GCN [28] and R-GCN [43]
cover standard and relational message passing. We compare against
PyG [16] for GCN and a newer implementation [47] for R-GCN,
on the Cora and AIFB datasets respectively, both from the original
papers. • Graph transformers: We compare against heterogeneous
graph transformer (HGT) [23] with both the original implementa-
tion and the newer PyG one, on the DBLP dataset [18] from the
PyG HGT tutorial.2 • Beyond GNNs: We also evaluate RelaNN on
two architectures that go beyond the expressive power of GNNs:
Deep Homomorphism Networks (DHNs) [34] and Hypergraph Neu-
ral Networks (HyGNNs) [42]. For both, we compare against the
baselines and datasets from the original papers: the CSL and EXP ex-
pressivity benchmarks for DHNs, which are two synthetic datasets
that ordinary message passing cannot solve, and the TWOSIDES
and DrugBank drug-interaction datasets for HyGNNs.

Metrics. For each architecture, we report three metrics (Table 1):
test-set accuracy, wall time of a single training epoch, and number of
non-blank, non-comment lines of code. Accuracy and wall time are
measured over five runs (seeds 42–46). Every baseline is a PyTorch
implementation, the same framework RelaNN compiles to.

System setup. We used a single Linux server (Ubuntu 22.04.5)
with two Intel Xeon CPUs, 503GiB of RAM, and a single NVIDIA
A40 GPUwhose graphics and memory clocks were locked for stable
timing. Software versions are PyTorch 2.5.0 and CUDA 12.4.

5.2 Implementing Known Architectures
We implemented each of the five architectures as a RelaNN program.
RelaNN reproduces the reference accuracy while expressing each
model in roughly 4× fewer lines of code compared to the baseline
(Table 1). Beyond the model, a baseline also needs data-loading and
training code, which a RelaNN reduces to loading its relations and a
single fit call—widening the gap for a whole-program comparison.

On GCN and HGT, both initialized with the same weights as
the baseline, RelaNN reaches accuracy identical to the baseline,
confirming that the compiled execution is faithful to the refer-
ence. The other comparisons run from independent initialization:
HyGNN lands within one standard deviation of the baseline on both
datasets, and R-GCN reaches 91.7% on AIFB, a few points below
the parameter-matched torch-rgcn reference. For DHN [34] we
follow its two pattern sets and reproduce its results at both: the
smaller set (C2:4) is insufficient for the task, while with the larger
set (C2:10) RelaNN reaches 100% on CSL and 95% on EXP.

HGT: attention as rules. Figure 4 places HGT’s attention head
beside its RelaNN encoding: each of the equations defining 𝐾𝑖 and
𝑄𝑖 become a single rule, and the ATT𝑖 equation becomes two (a dot-
product rule and a softmax rule). The same correspondence holds
2https://github.com/pyg-team/pytorch_geometric/blob/master/examples/hetero/
hgt_dblp.py

Table 1: Architectures in RelaNN, each compared to its offi-
cial reference (Section 5.1). Accuracy is the paper’s test met-
ric (%, mean±std), Time is per-epoch wall-clock time (ms,
median±std), and LOC counts non-blank, non-comment lines
of the NN model definition. GCN and HGT run from shared
initial weights, so their accuracies match by construction.

Accuracy (%) Time (ms/epoch) LOC

Arch. Dataset RelaNN Baseline RelaNN Baseline RelaNN Baseline

GCN† Cora 80.1±1.6 80.1±1.6 6.8±0.3 4.9±0.4 21 217

HGT 1L𝑎,† DBLP 76.8±2.3 76.8±2.3 38.6±4.4 34.8±1.3 41 186
HGT 2L𝑎,† DBLP 72.5±3.8 72.5±3.8 103.6±3.5 52.5±1.0 42 186
pyHGT𝑎,† DBLP 79.5±0.4 79.5±0.4 40.4±2.5 66.6±1.3 43 143

HyGNN TwoSides 87.7±0.2 87.8±0.2 61.9±0.9 73.5±4.8 41 150
HyGNN DrugBank 91.9±0.5 89.9±5.6 163.5±0.6 482.5±5.9 41 150

DHN (C2:4)𝑏 CSL 22.0±8.4 28.1±0.9 45.9±4.2 232.0±8.7 21 259
DHN (C2:4)𝑏 EXP 50.0±0.0 49.0±0.6 45.8±0.7 514.5±12.8 21 259
DHN (C2:10)𝑏 CSL 100.0±0.0 100.0±0.0 275.8±25.8 561.0±4.0 76 259
DHN (C2:10)𝑏 EXP 95.0±6.4 99.9±0.1 130.3±2.3 1872.5±50.3 76 259

R-GCN𝑐 AIFB 91.7±0.0 95.0±3.0 595.4±15.8 18.7±0.6 20 219

𝑎RelaNN and the baseline both use the Paper→Author scope of HGT [23] (one edge type per layer).
Full-scope PyG and pyHGT baselines, traversing all six edge types, run 1.5–4× slower. 𝑏The
gear/dhn baseline runs at the configuration of DHN [34], reproducing its reported accuracy.
𝑐 torch-rgcn and RelaNN both use full per-relation R-GCN weights (24M parameters, no basis
decomposition), so the comparison is parameter-matched. †Weight initialization identical to the
baseline.

across the architectures we implemented: each source equation
maps to just one or two rules.

DHN: cycles as joins. DHN’s core construct is graph homomor-
phism enumeration, which detects subgraph patterns and relates
to the 𝑘-WL hierarchy [35]. This enumeration has no native layer
in PyG or DGL [49], so published implementations embed it in
several hundred lines of custom tensor code. RelaNN expresses it
declaratively in a few rules: a triangle homomorphism becomes a
cyclic self-join over edge-like relations.

C3_Agg(g,n; sum(
Mu<'C3',0>(h_n) * Mu<'C3',1>(h_v) * Mu<'C3',2>(h_w)) ) :-

Edge(g,n,v), Edge(g,v,w), Edge(g,w,n),
H0(g,n; h_n), H0(g,v; h_v), H0(g,w; h_w) .

The three Edge body relations form the triangle, the H0 relations
fetch each matched node’s previous-layer embedding, and the Mu

transformations apply a per-position learned MLP defined with
templates (Section 3.7). The sum aggregates over all triangle matches
anchored at node n. This single rule is a direct transcription of the
per-pattern term in DHN [34]. A full equation-to-rule listing for
HGT and DHN is available in the project repository.

𝐾𝑖 (𝑠 ) = KLin𝑖
𝜏 (𝑠 )

(
𝐻 (𝐿−1) [𝑠 ]

)
, 𝑄𝑖 (𝑡 ) = QLin𝑖

𝜏 (𝑡 )
(
𝐻 (𝐿−1) [𝑡 ]

)
ATT𝑖 = softmax𝑡

(
𝐾𝑖𝑊 ATT

𝜙 (𝑒 )𝑄
𝑖⊤ ·𝜇 /

√︁
𝑑/ℎ

)
K(s; KLin<L,tau_s,i>(z)) :- HGT<tau_s,L-1>(s; z) .
Q(t; QLin<L,tau_t,i>(z)) :- HGT<tau_t,L-1>(t; z) .
Dot(s,t; (z_k @ W_ATT<L,phi,i> @ z_q.T) * Mu/sqrt(d/h)) :-

K(s; z_k), phi(s,t), Q(t; z_q) .
ATT(s,t; z) :- Softmax(Dot)(s,t; z) .

Figure 4: Equation-to-rule correspondence for the HGT at-
tention head [23]. Each equation (top) maps to one or two
RelaNN rules. KLin and QLin are the key and query layers.
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HyGNN: hyperedges as relations. HyGNN predicts drug-drug
interactions by modeling each drug as a hyperedge grouping its
molecular substructures (the hypergraph nodes). Standard GNN
APIs represent an edge as a pair of nodes and have no first-class
encoding for the many-to-one incidence between substructures and
the drug they belong to. PyG does ship a generic HypergraphConv3,
but it implements a different message-passing scheme and is not
equivalent to HyGNN’s double-attention mechanism. In RelaNN,
the set of (drug, substructure) incidences is an ordinary two-column
relation, and message passing between a drug-hyperedge and its
substructure-nodes is a natural join on the shared substructure
identifier, with no special hypergraph API.

5.3 Runtime
Table 1 reports per-epoch training time. On ten of the eleven rows,
the per-epoch time is close to the baseline or well below it: RelaNN
stays within roughly 2× on GCN and HGT, and on the four DHN
rows, it is 2–14× faster. These DHN margins partly reflect that
gear/dhn is a research prototype rather than a tuned library such
as PyG. The single pronounced outlier is R-GCN on AIFB, where
our unoptimized prototype is roughly 30× slower than the special-
ized torch-rgcn baseline. This likely reflects R-GCN’s per-relation
weights: AIFB’s many relation types induce high join fan-out and
many small matrix multiplications that our plan runs as separate
kernels rather than batching them as torch-rgcn does. Even so,
these numbers already show that a fully declarative, database-style
pipeline trains published architectures at a practical per-epoch cost.
We leave cost-based query optimization to future work (Section 6).

5.4 Case Study: Task-Specific Architecture
The previous experiments implement existing architectures. Our
case study illustrates the other direction: designing a task-specific
architecture and refining it through local rule-level edits.

Task. We use four tables from the rel-f1 database [15] which are
extended into embedded relations: Drivers/1⟨d_dr⟩, each driver
belonging to a team in Constructors/1⟨d_co⟩, with each team tak-
ing part in Races/1⟨d_ra⟩, with one row per driver per race in
Results/4⟨d_re+h*2⟩, where d_dr, d_co, d_ra, h are predefined us-
ing aliases. The rules operate on these tables directly—there is no
graph to construct. The binary driver-dnf task predicts whether a
driver receives a Did-Not-Finish in the next race period, evaluated
by the area under the ROC curve (AUROC).

Initial architecture. We start from an architecture that embeds
each Results row together with its team and race context, averages
these embeddings per driver into a history, and scores the driver
from its own embedding and that history. It reaches 0.610 AUROC,
above a random classifier’s 0.5 but below the RelBench baselines
(0.686 for LightGBM, 0.726 for a GNN) [15].

Refining the architecture. The initial History rule averages past
results with a uniform mean. A natural refinement lets the model
weight each result, with a learned [0, 1] gate:

WAvg = Sigmoid(Linear(d_re+h*2, 1)) .
ResultGate(eid,did; WAvg(Concat(z_r, z_c, z_ra))) :-

3https://pytorch-geometric.readthedocs.io/en/2.5.0/generated/torch_geometric.nn.
conv.HypergraphConv.html

1 DriverEmb(did; ReLU(Linear(d_dr, h)(z))) :- Drivers(did; z).
2 ConsEmb(cid; ReLU(Linear(d_co, h)(z))) :-
3 Constructors(cid; z) .
4 RaceEmb(rid; ReLU(Linear(d_ra, h)(z))) :- Races(rid; z) .
5 ResultProj = ReLU(Linear(d_re+h*2, h)) .
6 ResultEmb(eid,did; ResultProj(Concat(z_r, z_c, z_ra))) :-
7 Results(eid,did,rid,cid; z_r), ConsEmb(cid; z_c),
8 RaceEmb(rid; z_ra) .
9 History(did; mean(z_e)) :- ResultEmb(eid,did; z_e) .
10 Score(did; Linear(h*2, 1)(Concat(z_d, z_h))) :-
11 DriverEmb(did; z_d), History(did; z_h) .

Results(eid,did,rid,cid; z_r), ConsEmb(cid; z_c),
RaceEmb(rid; z_ra) .

We add ResultGate and replace History to average the gated em-
beddings:

History(did; mean(z_e * z_w)) :- ResultEmb(eid,did; z_e),
ResultGate(eid,did; z_w) .

This one new rule and one edited rule lift performance to 0.707
AUROC, past the LightGBM baseline and close to the GNN baseline.
Because aggregation is a first-class construct, the edit needs no
change to index bookkeeping, parameter allocation, or gradients:
the compiler re-derives them from the edited rules.

6 CONCLUSIONS AND FUTUREWORK
By extending the relational model with learned embeddings, NRA
naturally merges relational and tensor algebra, enabling deep learn-
ing models to be defined directly and elegantly over the database.
We presented RelaNN, a declarative system and language over NRA.
We have shown that RelaNN enables the implementation of a wide
variety of SOTA neural architectures in a fraction of the code of
the original implementations. While it still lags behind hand-tuned
systems in training runtime, it is a major step towards making
learning over relational data as simple as writing queries.

To make RelaNN useful for real-world scenarios, future work
will focus on two main areas. The first is scaling for memory. Our
prototype assumes datasets fit in GPU memory, whereas real-world
databases often exceed it, calling for database sampling [8, 21, 53]
and mini-batch streaming from the database to the GPU [27]. The
second is query optimization. As a DBMS that separates specifica-
tion from execution, RelaNN admits term-rewriting optimizations
at three levels: 1) Relational optimizations, such as selection push-
downs and join reordering, that can be delegated from the NRA
operators to the database via SQL. 2) Tensor optimizations that
fuse consecutive embedding operators into one kernel. 3) Hybrid
rewrites that exploit the content–embedding interplay—for exam-
ple, pushing a transformation before a join so it runs once per node
rather than once per edge [6, 29, 39].

The recent emergence of relational foundation models [17, 24, 51],
pretrained across many databases, promises to accelerate learning
and improve accuracy. We plan to investigate the implementation
of foundation models in RelaNN.
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