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Abstract. Relational Deep Learning (RDL) has become a powerful
paradigm for learning from multi-tabular data. However, manually defin-
ing RDL prediction tasks is a laborious process that frequently results
in data leakage. To address this issue, we introduce Relational Task
Generation Language (RTGL) - an open-source declarative language
that streamlines RDL task formulation by abstracting away low-level
SQL details. We showcase RTGL by reconstructing existing RDL bench-
mark tasks and uncovering their inconsistencies stemming from manually
crafted SQL definitions of RDL prediction targets, thereby underscoring
the value of a dedicated declarative language. In addition, we demon-
strate the practical utility of RTGL by designing various new tasks with
diverse forms and target types. Our experiments confirm the robustness
and usability of RTGL, as well as its seamless integration with the ex-
isting RDL frameworks, making it widely accessible to the community.
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1 Introduction

Relational databases (RDBs) are ubiquitous for storing and managing structured
data across modern enterprises [7]. Yet, leveraging deep learning [14] on this data
remains highly challenging [4]. While classic machine learning (ML) domains like
computer vision readily represent data in the suitable form of fixed-size numeric
tensors [27U200409], relational data, fragmented across multiple interrelated ta-
bles of diverse shapes and forms, is fundamentally different. To adapt relational
data for classic ML, practitioners used to perform complex joins and aggre-
gations to first denormalize the RDBs [26] into the suitable format. However,
this manual feature engineering is not only time-consuming but also inevitably
discards information while disrupting the original RDB structure.

To learn from these multi-table structures without the need for manual fea-
ture flattening, Relational Deep Learning (RDL) [44l12] has recently emerged
as a new ML paradigm. Rather than forcing the data into a fixed-form tensor,
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RDL treats the entire database as a temporal heterogeneous graph [38]. In this
representation, tables are translated into distinct node types, and the foreign-
key relationships between them define the edges. Once this graph is constructed,
it can be directly processed by specialized graph neural architectures [34J637]
designed to capture both the semantic features of individual rows as well as the
structural topology of the RDB.

While RDL offers an elegant model architecture blueprint, the practical bot-
tleneck has moved to defining the prediction tasks themselves. Particularly, in re-
lational learning [8], training depends on precisely specified prediction problems—
what entity to forecast, which label to target, and the exact timestamp of predic-
tion. Deriving such training data demands complex, time-aware SQL [5] queries,
where engineers must enforce strict temporal cutoffs so the model only sees past
data, fully isolated from future outcomes [38/33]. This, mostly manual, process
is error-prone and often leads to temporal leakage, where information from the
future unintentionally contaminates the training features.

Very recently, a Predictive Query Language (PQL) [24], was introduced to
simplify task generation in RDL by providing a high-level abstraction specifically
tailored for predictive modeling on relational data. However, PQL remains a pro-
prietary, closed-source language, deeply embedded within a specific commercial
platformEI which severely limits its accessibility, transparency, and extensibility
for the broader RDL research community.

To address this limitation, we introduce the Relational Task Generation Lan-
guage (RTGL), an open-source declarative language for generating tasks in RDL,
which we make publicly availableﬂ to the community. While RTGL largely adopts
the syntax and conceptual goals of the PQL, it is a completely independent
project designed to integrate into the wider existing open-source RDL ecosys-
tems, such as RelBench [38] and ReDeLEx [33].

RTGL allows researchers to define complex temporal prediction tasks using
but a few lines of declarative code, as depicted in Figure [II We demonstrate
RTGL'’s capabilities by reconstructing existing RelBench [38] tasks and identi-
fying inconsistencies arising from manually written, complex SQL definitions of
RDL prediction targets—highlighting the value of a new dedicated language. We
further showcase RTGL by formulating various new tasks within the REDELEX
framework [33] with diverse target types, emphasizing its practical utility.

2 Related Work

While Tabular Learning methods (e.g., TabNet [I], tabular ResNet [16]) and in-
database machine learning extensions (e.g., BigQuery ML [I5], PostgresML [36],
SQL4AML [30]) have simplified model deployment, they remain fundamentally
constrained by their strict requirement for single, flat input tables. To cap-
ture the heterogeneity of relational databases, recent advances in RDL have
shifted toward integrating tabular representation learning [29I34] with graph

1 developed by the team at Kumo.ai
% at https://github.com/kolesole/RTGL
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Fig.1: RTGL Pipeline. Schematic overview of the system architecture, detail-
ing the required inputs—(A) a relational database, (C) an RTGL query, and
(B) optional anchor timestamps for temporal tasks—(D) the three-stage RTGL
converter engine, and the final outputs—(E) a materialized training table or (F)
a raw time-safe SQL query.

representation learning [45], large language models [43], and graph transform-
ers [I0/28]. This progress is driving the field toward RDL foundation mod-
els [42ITTIT322I4T10], supported by task-agnostic pretraining [35] and synthetic
data generation [2325]. To support the architectural evolution, standardized
benchmarking ecosystems like RelBench [38/17] and REDELEX [33] have formal-
ized predictive tasks with chronological splits to prevent temporal leakage [24]
and expanded evaluation across diverse databases to analyze structural impacts.

3 Relational Deep Learning

Relational Deep Learning is a machine learning paradigm built on interpreting
relational databases as heterogeneous graphs. This perspective enables direct ap-
plication of deep learning techniques—specifically graph neural networks along-
side tabular representation learning—on the native structures of RDBs. While
the underlying idea was explored in earlier work [39/3l2], it was recently formal-
ized under the RDL umbrella [I2] to consolidate these efforts into a cohesive
research field, detailed below.

3.1 Graph Representation

Formally, a relational database R is defined as a finite set of relations
Ry, Ry, ..., R,. Each relation R consists of a heading (signature) R, formed
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by the set of its attributes, and a body, formed by the tuples of attribute val-
ues t; = (ay,as,...,a,), commonly represented as a table Tg. Additionally,
the relation R can be defined extensionally by the unordered set of its tuples:
R = {t1,ta,...,tm}, corresponding to the rows (or entities) of the table Tg.

Practically, the attributes forming the rows of each table Tk are categorized
into four functional groups: (i) primary key, a minimal set of attributes PKpg
that uniquely identifies each entity, such that for any two distinct tuples t,,t, €
R, t,|[PKpR] # tp|PKg]; (ii) foreign key, a set of attributes in a relation R;
that references the primary key of another relation R;, establishing a structural
dependency ensuring referential integrity V¢ € Ry, t[F KR, r,] € {t'[PKg,] |
t' € R;}; (iil) feature attributes, containing characteristic information about the
entity; and, optionally, (iv) a timestamp, indicating when the row was created.

The relational entity graph of a database R is a temporal heterogeneous
graph defined as G = (V, €, ¢, ¢, 7). The set of nodes V is defined as the union
of all tuples from each relation: V = {v; ; | R; € R,t; € R;}, inferring v; ; ~t; €
R;. Consequently, the set of edges £ is defined by the primary-key to foreign-
key relationships: € = {(v@k,ij) | tx € Rit; € Rj,tk[FKRj] = tl[PKRj] V
t[FKg,] = tx[PKg,]}.

To capture the heterogeneity of the database, the function ¢ : V — TV
serves as a node mapping. The set of node types T corresponds directly to the
set of relations within R, meaning ¢ maps a node v; ; strictly to its original
source relation R;. Similarly, ¢ : £€ — T° is an edge mapping function, where
the set of edge types T¢ corresponds to the specific pairs of key attributes (or
their reversed counterparts) that generated the edge. Finally, the time mapping
function 7 : ¥V — T assigns a timestamp to each node such that 7(v) = T,. If a
temporal attribute is not available, a zero timestamp is assigned by default.

3.2 Neural Models

Building upon the graph representation GG, RDL models typically follow a four-
stage pipeline: (i) a table-level attribute encoder initializes node embedding ma-
trices hSP) € RV xn by encoding each feature attribute Ay, ..., A, of the node’s
source relation ¢(v) based on its semantic data type; (ii) a table-level tabu-

lar model employs tabular architectures to refine these embeddings into hq(f) €

)
, optionally compressing the matrix into a single vector hg) S Rd¢<v>;

(iii) a graph neural model applies message-passing based on the defined edge
types 7°¢, using standard graph neural networks for vectors or custom schemes
for attribute-matrices; and (iv) a task-specific model head maps the final node
embeddings to predictions, typically via simple multi-layer perceptrons.

Rd(l) Xn

3.3 Predictive Tasks

Predictive tasks in RDL are formalized by constructing a dedicated task ta-
ble Tiqsr that extends the existing relational database R [3824]. A task table
Tiask consists of tuples defining the individual prediction instances, abstracted
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Temporal Training Table Static Training Table
entity id (FK)  timestamp label entity id (FK) label
id1 2026-01-01 0 id1 0
id2 2026-02-02 1 id2 1

Fig.2: Training Tables. Illustration of training tables for temporal and static
prediction tasks. Both table types contain an entity id foreign key that ref-
erences the target table (e.g., a client id), and a label column specifying the
prediction target (e.g., number of client orders). The temporal training table ad-
ditionally includes a timestamp column, indicating when the prediction is made.

as (v,y,t). Here, v € V is the target entity (node) identified via a foreign key
reference Tysk[F K], y € Y is the ground-truth target label to be predicted (e.g.,
y € R for regression), and ¢ € T is the anchor time, specifying the moment at
which the prediction is made.
The objective of an RDL model fj is to predict the target label § = fo(Gy.<t) =

y, where G, <; is the relational subgraph defining the computational context for
entity v, strictly filtered to only include information available at or before an-
chor time ¢. Depending on the role of ¢, these tasks are categorized into static
and temporal formulations. The general structure of the training tables for both
types of tasks is illustrated in Figure [2}

Static Tasks. Static tasks involve predicting missing values or properties within
a database viewed as a single, fixed snapshot in time. The temporal dimension is
effectively ignored, reducing instances to pairs (v, y). The objective simplifies to
learning a function § = fy(G,), utilizing the entire available graph G without the
risk of temporal information leakage. In these cases, the target y forms a feature
column that already structurally exists within the database but is masked out.

Temporal Tasks. Conversely, temporal tasks (or “forecasting” tasks) predict fu-
ture behaviors or events that have not yet occurred. Here, the anchor time t is
crucial, as the label y represents an aggregation or occurrence in a future window
(t,t + Aw]. The set of task labels is formed as Y = {Q A (t) | t € Ttask }, where
Q is a future-pointing task query with a fixed window size Aw, and Ty, is a set
of task anchor timestamps. To prevent temporal data leakage, the model must
strictly condition its representations on past data, requiring the graph to be
temporally masked to yield G<; = (V<¢, E<t), where V<, = {u € V| 7(u) < t}.

4 Relational Task Generation Language

To automatically construct the training tables (Fig.[2)) needed for RDL (Sec. ,
we developed RTGL, modeled on the features of the proprietary PQL [24]. The
language satisfies several fundamental criteria: it is declarative, enabling users to
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Example Temporal RTGL Query Example Static RTGL Query
PREDICT COUNT(ORDERS.* PREDICT COUNT(ORDERS.*

WHERE ORDERS_INF.PRICE >= 1000, 0, 30, DAVS) WHERE ORDERS_INF.PRICE >= 1000)
FOR EACH CLIENTS.* FOR EACH CLIENTS.*
WHERE CLIENTS_INF.GENDER = “MALE” WHERE CLIENTS_INF.GENDER = “MALE";
WHERE COUNT(ORDERS.*, -INF, -365, DAYS) > 5

OR (COUNT(ORDERS.*, -2, -1, vEArs) != 0
AND CoUNT(ORDERS.*, 1, 0, vEARs) 1= @) DEFINITION OF THE PREDICTIVE OBJECTIVE

ASSUMING COUNT(ORDERS.*, 30, +INF, DAYS) > 0; DEFINITION OF THE ANALYTICAL GRAIN

STATIC FILTERING
TEMPORAL FILTERING WITH HISTORICAL WINDOW

TEMPORAL FILTERING WITH PREDICTION WINDOW

Fig.3: RTGL Query Examples. In both queries, the predictive goal is to
determine the total number of orders with a price of at least 1000 placed by
male clients. The static query (right) evaluates this condition over the entire
global state, whereas the temporal query (left) adds constraints that limit the
aggregation to events occurring within the historical observation and prediction
window (30 days) defined around the reference timestamp.

state what to predict rather than how to obtain it; it enforces temporal safety by
clearly distinguishing historical from predictive time windows to avoid data leak-
age [I8]; and it is broadly applicable across different task types, including classi-
fication, regression, and link prediction. While RTGL adopts its main structure,
syntactic patterns, and keywords from PQLﬂit forms a completely independent,
open-source project.

4.1 Language Syntax

Following a SQL-like syntax [5], RTGL expresses predictive RDL tasks by speci-
fying what to predict, at which entity, and within what (temporally safe) future
and historical time context.

Particularly, the PREDICT keyword serves as the entry point for defining the
predictive objective of the task, dictating the target label to be computed for each
prediction instance (Sec7 as illustrated in the query of Figure [3] where the
objective is to predict the COUNT of orders. *. This clause supports mathematical
aggregations, logical conditions, or direct references to raw column values in
static scenarios. For temporal queries (Fig.[3)), all features evaluated within this
block must strictly reference a defined future time window to prevent leakage.

The FOR EACH keyword defines the primary entity table (Sec. [3.3) and the
specific identifier column that acts as the focal point for the prediction. By
binding the extraction logic to a specific node type in the heterogeneous graph
(Sec. 7 this clause ensures that the resulting task table accurately maps pre-
dictions back to the correct entities via their primary keys. In Figure |3, FOR

3 For a more comprehensive account of the language, we recommend that the
reader refer to Kumo.ai’s official documentation at https://kumo.ai/docs/
predictive-query/, or the associated publication [24].
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EACH clients binds the predictions to individual users, establishing the analyt-
ical grain of the predictive task.

Aggregation operators, such as SUM, COUNT, and AVG, are fundamental for
compressing future or historical records into single scalar values. As summarized
in Table [ RTGL supports a comprehensive set of mathematical and logical
operators tailored to specific data types. For temporal tasks, these aggregations
explicitly require defined start and end time shifts, forcing the user to map out
the chronological bounds of the operation. Combining these aggregations with
comparison operators then formulates regression or binary classification tasks.

The ASSUMING keyword governs the future prediction window. This clause
applies filtering logic directed toward future events relative to the anchor times-
tamp. For instance, in Figure the temporal query applies
ASSUMING COUNT(orders., 30, +INF, DAY) to restrict the result to entities
that still have at least one order occurring after the 30-day prediction window.

The WHERE keyword governs the historical observation window. By looking
strictly backward from the anchor timestamp, it bounds the historical context
needed for prediction, allowing the framework to select training instances ac-
cording to prior behaviors or conditions, as illustrated in Figure |3] where the
clause WHERE COUNT (orders., -1, 0, YEARS) =! O, limits the training data
to include only clients who have placed at least one order in the year preced-
ing the anchor timestamp. Additionally, WHERE can be used for static filtering,
without temporal constraints, in which case its behavior coincides with that of
standard SQL [5].

Finally, the LIST_DISTINCT operator is utilized for tasks requiring set-based
predictions, such as multilabel classification or link prediction. Unlike standard
aggregations that return a scalar value, this operator returns an aggregated set
of distinct categorical entities or foreign keys over a specified temporal window.
This feature is important for scenarios where the objective is to predict multiple
future interactions, such as recommending a list of items a user might purchase.

5 Internal Design and Implementation

The internal implementation of RTGL translates the declarative syntax (Sec.
into robust, executable SQL while guaranteeing semantic and chronological cor-
rectness. As depicted in the RTGL pipeline (Fig. , the converter engine (Fig.[1D)
operates on a raw RTGL query (Fig.[1()), a relational database schema (Fig.
and optional anchor timestamps (Fi. To retain a modular architecture, the
engine is conceptually divided into three sequential steps: parsing and AST gen-
eration, semantic validation, and query conversion.

5.1 Parsing and AST Generation

The first operational step transforms the raw query string (Fig. into a struc-
tured format. This phase is implemented with the use of ANTLR4 [32] parser
generator, chosen for its robust adaptive LL(*) parsing algorithm and its ability
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Type Aggregation Condition
Numerical ~ AVG, COUNT, COUNT_DISTINCT, !=, <, <=,
FIRST, LAST, MAX, ==, >, >=
MIN, SUM
String FIRST, LAST NOT LIKE, NOT CONTAINS, ENDS WITH,

STARTS WITH, LIKE, CONTAINS,

Nullable AVG, COUNT, COUNT_DISTINCT, IS NULL, IS NOT NULL
FIRST, LAST, MAX,
MIN, SUM, LIST_DISTINCT

Table 1: Aggregation and Condition Functions in RTGL. The exhaustive
list of aggregations and conditions available in RTGL for each data type, map-
ping closely to the foundational capabilities outlined in PQL.

to automatically generate a Concrete Syntax Tree (CST) based on the formal
grammar. However, the raw CST contains redundant syntactical artifacts. To
extract meaningful semantic logic, the engine employs a Visitor traversal pat-
tern. This process selectively explores the tree and dynamically constructs an
Abstract Syntax Tree (AST), standardizing the representation into a nested dic-
tionary. This structure effectively isolates the raw text parsing from the deeper
logical operations while preserving positional metadata (line and column num-
bers) necessary for precise error reporting.

5.2 Semantic Validation

While ANTLR4 enforces syntactic correctness, a grammatically valid query is
not necessarily semantically sound or executable within the context of the given
database. The generated AST is thus passed to the validation process, which en-
sures logical correctness against the provided relational schema (Fig. . The
validation module verifies the existence of all referenced tables and columns, and
ensures that primary and foreign key constraints are valid. Notably, the process
performs strict type-checking, verifying that the data types of the columns align
perfectly with the conditional operators applied to them. Furthermore, temporal
validation enforces strict chronological logic: observation windows must reference
negative time shifts (the past), whereas predictive windows must reference pos-
itive time shifts (the future). A key architectural principle of this module is its
avoidance of a fail-fast paradigm. Rather than halting at the first detected error,
the validation process accumulates all syntactic and semantic violations across
the entire AST to provide a comprehensive error report to the user before any
data extraction occurs.
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rel-f1 driver-top3

PREDICT MIN(QUALIFYING.POSITION, 6, 30, DAYS) <= 3
FOR EACH DRIVERS.*
ASSUMING COUNT(PROBEHNUTO.*, 0, 30, DAYS) == 6;

(a) rel-f1 driver-top3. Binary classification task, for each driver predict if they will
qualify in the top-3 for a race in the next 1 month.

rel-f1 driver-dnf

rel-f1 driver-position

PREDICT MAX(RESULTS.STATUSID, 8, 30, DAYS) != 1
FOR EACH DRIVERS.*
PREDICT AVG(RESULTS.POSITIONORDER, 0, 60, DAvs) != 1 WHERE COUNT(RESULTS.*, -365, 0, DAYs) != @
FOR EACH DRIVERS.*; ASSUMING MAX(RESULTS.STATUSID, O, 30, DAYS) IS NOT NULL;

(b) rel-fl1 driver-position. Regression (c) rel-fl driver-dnf. Binary classifica-
task, predict the average finishing posi-  tion task, for each driver predict not fin-
tion of each driver in the next 2 months.  ishing a race (DNF) in the next 1 month.

Fig. 4: Recreated rel-f1 dataset tasks from RelBench [I7] benchmark.

5.3 Query Conversion

Once the query passes all semantic checks, the AST is processed by the conver-
sion module to materialize the executable logic. Instead of generating a single,
massive SQL statement, the converter dynamically constructs isolated relational
algebra subtables for distinct logical expressions by recursively unwrapping the
AST dictionary. These subtables are then combined using formal relational op-
erations; for instance, boolean AND conditions translate into SQL INTERSECT
operations, while OR conditions translate into UNION operations. For temporal
tasks, the conversion engine leverages Common Table Expressions (CTEs) [31]
to inject the required anchor timestamps (Fig. directly at the top of the
SQL query. All subsequent intermediate subtables and historical observation
windows are strictly computed relative to these anchor timestamps, preventing
temporal leakage at the execution level. The final output is returned either as a
materialized training table (Fig. or as a raw, time-safe SQL query (Fig. .

6 Validation and Experiments

The primary objective of our experiments is to demonstrate that RDL task gener-
ation via RTGL is simple, correct, and practically viable. To validate the frame-
work, the experimental pipeline is divided into empirical baseline verification
against the established RelBench benchmark [38], an extensibility demonstration
using the REDELEX framework [33], and a structural integrity confirmation via
end-to-end model training. Importantly, all tasks, along with the source code for
the experiments that utilize RTGL, are freely accessible on GitHubE|

4 https://github.com/kolesole/rtgl-tasks
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6.1 Recreated Tasks

To establish an empirical baseline and verify the correctness of RTGL, we regen-
erated several pre-defined tasks from the RelBench benchmark across the rel-f1
(Fig. |4) and rel-stack (Appendix Fig. @ datasets. The majority of standard
predictive tasks were successfully recreated using simple declarative statements.
To empirically demonstrate the consistency of the generated relational tables,
we joined them with the RelBench reference tables to identify any discrepancies.
This direct comparison guarantees equivalence between the RTGL outputs and
the established baselines for correctly formulated tasks. We note that special
tasks requiring deeply nested, multi-hop connections without direct foreign key
paths could not be natively modeled in the current version of RTGL without
defining intermediate database views. As of current, RTGL prioritizes structural
transparency by explicitly defining each table used within the task definition.

6.2 Found Inconsistencies

Importantly, the process of re-defining these tasks using our declarative engine
yielded an unexpected but essential outcome: it revealed that the official Rel-
Bench benchmar contains underlying logical and structural errors within its
manually constructed SQL tasks. By comparing the tables, we identified prob-
lems where the original RelBench tables incorrectly contained more rows than
the temporally sound RTGL tables.

For instance, in the driver-dnf (Fig. binary classification task, analyzing
the original manual SQL query revealed a error in its temporal logic. The query
filtered for active drivers but failed to apply an upper-bound constraint relative
to the current timestamp. Consequently, the query looked into the future, fil-
tering the main table based on driver activity that had not yet occurred at the
prediction moment, and occasionally included drivers that did not yet exist in
the database.

A similar mismatch occurred during the validation of the user-engagement
and user-post-comment tasks. In these tasks, the original RelBench SQL failed to
filter users by their creation date. As a result, the baseline tables included records
for users who had not yet registered at the given prediction timestamps. This
demonstrates that manually writing temporal SQL queries is a highly error-prone
process, with RTGL’s strict bounding automatically preventing such scenarios.

6.3 New Tasks

Following the verification of the framework against established benchmarks, we
demonstrate the practical extensibility of RT'GL by introducing novel predictive
tasks, as shown in Figure [f] These new tasks were formulated for the real-world
Seznam dataset from the REDELEX framework [33], which is a highly com-
plex, enterprise-scale relational databaseEI RTGL successfully parsed complex

® https://relbench.stanford.edu
5 derived from the Czech web portal |seznam. cz
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ctu-seznam client-outside

PREDICT COUNT(PROBEHNUTO_MIMO_PENEZENKU.*, 6, 30, DAYS) != @
FOR EACH CLIENT.*
WHERE COUNT(PROBEHNUTO.*, -INF, O, DAYS) != @
OR COUNT(DOBITO.*, -INF, B, DAYS) != @
OR COUNT(PROBEHNUTO_MIMO_PENEZENKU.*, -TNF, 0, DAYS) !=
ASSUMING COUNT(PROBEHNUTO.*, 0, 38, DAYS) == @;

(a) ctu-seznam client-outside. Binary
classification task, predict whether a
client will spend money outside wallet in
the next 30 days.

ctu-seznam client-services

PREDICT LIST_DISTINCT(PROBEHNUTO.SLUZBA, 6, 30, DAYS)
FOR EACH CLIENT.*
WHERE COUNT(PROBEHNUTO.*, ~INF, 0, DAYS) != @
OR COUNT(DOBITO.*, -INF, O, DAYS) != 8
OR COUNT(PROBEHNUTO_MIMO_PENEZENKU.*, -INF, 0, DAYS) != 8;

(c¢) ctu-seznam client-services. Multi-
label classification task, predict services
client will use in the next 30 days.

ctu-seznam client-first-service

PREDICT FIRST(PROBEHNUTO.SLUZBA, 0, 30, DAYS)
FOR EACH CLIENT.*
WHERE COUNT(PROBEHNUTO.*, ~INF, 8, DAYS) != @
OR COUNT(DOBITO.*, -INF, O, DAYS) != 8
OR COUNT(PROBEHNUTO_MIMO_PENEZENKU.*, -INF, O, DAYS) 1= 8;

(b) ctu-seznam client-first-service.
Multiclass classification task, predict the
first service a client will use in the next
30 days.

ctu-seznam client-spending

PREDICT SUM(PROBEHNUTO.KC_PROKLIKANO, O, 30, DAYS)
FOR EACH CLIENT.*
WHERE COUNT(PROBEHNUTO.*, —~INF, 8, DAYS) 1= @
OR COUNT(DOBITO.*, -INF, 8, DAYS) != 8
OR COUNT(PROBEHNUTO_MIMO_PENEZENKU.*, -INF, 8, DAYS) != @

(d) ctu-seznam client-spending. Bi-
nary classification task, predict client
spending amount in the next 30 days.

Fig. 5: Novel tasks on ctu-seznam dataset from REDELEX [33] framework.

schema relationships to define a variety of novel tasks including binary classi-
fication, multiclass classification, multilabel classification, and regression. This
demonstrates the high-level abstraction and simplicity of using the framework
to generalize beyond curated academic benchmarks.

6.4 Results

To confirm the structural integrity and practical utility of the generated tasks,
we selected several re-defined tasks from RelBench, alongside the newly defined
REDELEX tasks, and trained predictive RDL models (Sec. on them. We
evaluated two structurally different neural architectures configured with com-
parable complexity: a GraphSAGE baseline utilizing a mean aggregator, and a
Heterogeneous Graph Transformer (HGT) utilizing two attention heads, repre-
senting a more advanced RDL approach. Detailed hyperparameter configurations
are provided in Appendix

The results are presented in Table [2] in the form of the mean and standard
deviation of the test and validation metrics. Both models showed strong predic-
tive capabilities and consistent improvement during training across all diverse
task types. The successful convergence confirms that the task tables generated
by the RTGL engine are structurally sound and temporally valid. Notably, the
simpler GraphSAGE baseline frequently surpassed the HGT model, in line with
recent evidence in relational deep learning [10].
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RDL Model
SAGE HGT

Dataset Task Split

Binary Classification (Accuracy 1)

rel-fl driver-dnf val .8026 £ .0052 .7996 £ .0089
test 7219 £.0123 .6932 £ .0138
val 9764 +.0016  .9868 £ 0

ctu-seznam  client-outside test 9768 & 0016 9876 L0

Multiclass Classification (Accuracy 1)

val 4417 £ .0058 .4364 £ .0036
test 4677 £.0056 .4585 £ .0005

ctu-seznam client-first-service

Regression (MAE )

val 2.9798 £ .0803 3.8292 £ .0154
test 3.9138 £.0819 4.2645 £+ .0597

val 8826.14 £ 1.11 8839.10 + 3.06
test 9306.87 £1.54 9321.03 £ 2.88

rel-f1 driver-position

ctu-seznam  client-spending

Multilabel Classification (AUPRC 1)

val .6217 £ .0017 .5929 £ .0074
test .6274 £.0017 .5987 £+ .0078

ctu-seznam client-services

Table 2: RDL model performance on selection of RTGL defined tasks.
Metrics vary depending on the objective: Accuracy for binary and multiclass
classification, Mean Absolute Error (MAE) for regression, and Area Under the
Precision-Recall Curve (AUPRC) for multilabel classification.

7 Conclusion

This work addresses the challenge of predictive task generation in relational
deep learning. We showed that manual creation of temporal predictive tasks is a
laborious process that frequently results in data leakage. We presented RTGL, an
open-source declarative language that simplifies predictive task formulation by
abstracting away low-level SQL logic. Our experiments demonstrated that using
RTGL to generate standard benchmarks uncovered temporal inconsistencies in
official manual definitions. Furthermore, RTGL generated valid structural data
for novel tasks, enabling the successful training of downstream RDL models.

While RTGL provides a solid foundation, several limitations remain for fu-
ture work. Particularly, expanding the syntax to natively support interactions
between distant tables separated by multi-hop connections, without requiring
intermediate views, will further enhance the framework’s expressiveness. Addi-
tionally, performance optimization is necessary to accelerate data processing for
massive enterprise datasets.
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A Additional Results and Technical Details

A.1 Experiment Details

To enable a fair comparison between models, we tuned hyperparameters to yield
similar architectural complexity. Both GraphSAGE [19] and HGT [2I] employed
a hidden representation of 128 channels. After the graph message-passing layers,
node embeddings were passed through a shared MLP head with 256 hidden units,
ReLU nonlinearity, layer normalization, and dropout. All experiments used the
AdamW optimizer with a learning rate of 0.0005 and a batch size of 256. Training
was performed for up to 30 epochs with an early stopping patience of 10. For
RTGL tasks, neighborhood sizes per layer were set to 15, 10, and 5, while for
RelBench tasks a constant neighborhood size of 5 was applied to all layers to
speed up training.

A.2 Additional RTGL Tasks

In addition to rel-fI tasks (Fig. , we re-created tasks from rel-stack dataset (Fig. @,
also from the RelBench [I7] benchmark.

rel-stack user-engagement

PREDICT COUNT(VOTES.*, @, 91, DAYs) != @
OR COUNT(POSTS.*, 8, 91, DAYs) != @
OR COUNT(COMMENTS.*, 0, 91, DAYs) != @
FOR EACH CLIENT.*
ASSUMING COUNT(VOTES.*, -INF, O, DAYsS) != @
OR COUNT(POSTS.*, -INF, O, DAYS) != @
OR COUNT(COMMENTS.*, -INF, O, DAVS) != 0;

(a) rel-stack user-engagement. Binary classification task, for each user predict if a
user will make any votes, posts, or comments in the next 3 months.

rel-stack user-post-comment

rel-stack post-post-related PREDICT LIST_DISTINCT(COMMENTS.POSTID
WHERE POSTS.OWNERUSERID IS NOT NULL
AND POSTS.OWNERUSERID != -1, 8, 91, DAYS)

FOR EACH USERS.*;

PREDICT LIST_DISTINCT(POSTLINKS.RELATEDPOSTID, O, 91, DAYS)
FOR EACH POSTS.*;

(b) rel-stack post-post-related. Link (c) rel-stack user-post-comment.

prediction task, predict a list of existing
posts that users will link a given post to
in the next two months.

Link prediction task, predict a list of
existing posts that a user will comment
on in the next two months.

Fig. 6: Recreated rel-stack dataset tasks from RelBench benchmark.
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