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ABSTRACT

In recent years, there has been significant progress in the devel-
opment of deep learning models over relational databases, includ-
ing architectures based on heterogeneous graph neural networks
(hetero-GNNs) and heterogeneous graph transformers. In effect,
such architectures state how the database records and links (e.g.,
foreign-key references) translate into a large, complex numerical
expression, involving numerous learnable parameters. This com-
plexity makes it hard to explain, in human-understandable terms,
how a model uses the available data to arrive at a given prediction.

We present a novel framework for explaining machine-learning
models over relational databases, where explanations are view def-
initions that highlight focused parts of the database that mostly
contribute to themodel’s prediction.We establish such global abduc-
tive explanations by adapting the classic notion of determinacy by
Nash, Segoufin, and Vianu (2010). In addition to tuning the tradeoff
between determinacy and conciseness, the framework allows con-
trolling the level of granularity by adopting different fragments of
view definitions, such as ones highlighting whole columns, foreign
keys between tables, relevant groups of tuples, and so on.

We investigate the realization of the framework in the case of
hetero-GNNs, and develop a model-specific approach via the notion
of learnable masks. For comparison, we propose model-agnostic
heuristic baselines and show that our approach is both more effi-
cient and achieves better explanation quality in most cases. Our
extensive empirical evaluation on the RelBench collection across
diverse domains and record-level tasks demonstrates both the use-
fulness of our explanations and the efficiency of their generation.
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Figure 1: An explanation view defines a subdatabase (or, more

generally, a derived view). The rest of the database is ran-

domly perturbed. As long as the view is preserved, a model

gives similar predictions over the perturbed database as the

original. We say the view soft determines the prediction.

1 INTRODUCTION

Machine learning over relational databases was traditionally done
via a reduction to unstructured data: flatten the data into a feature
matrix, with a collection of predefined queries that produce features
for every prediction instance, and then learn a flat model [10, 63, 93].
Progress in deep learning, and specifically Graph Neural Networks
(GNNs) [121] and graph transformers [90] changed this practice:
the best performing models now deploy prediction models directly
from the structured data without ad-hoc feature extraction [40, 114].

Specifically, deep learning is commonly applied to relational
databases by translating them into a graph representation: nodes
represent entities (usually tuples), and edges represent relation-
ships (usually foreign-primary key constraints). Graph-based deep
models are then trained on these graphs [17, 29, 40, 112, 114]. To
handle the varying node and edge types determined by the database
schema, heterogeneous graph models are used [103, 116, 131]. This
creates a two-paradigm pipeline: the relational database defines the
graph, and the graph-based ML library learns the model. At infer-
ence, new data is exported to the graph representation, predictions
are computed, and results are reintegrated into the database.

The deep model induced by the above graph ML approach over
the database can be viewed as a complex numerical function con-
structed from the database’s tuples and values, and parameterized
by learned weights. Consequently, the model’s behavior is inher-
ently opaque and cannot be readily understood through direct
inspection. To address this, the field of Explainable Artificial Intelli-
gence (XAI) provides tools that shed light on different aspects of the
model [5, 6, 31, 81]. These include local explanations, which account
for the model’s prediction on a specific instance, and global expla-
nations, which aim to characterize the model’s general behavior.
Explanations may be contrastive (or counterfactual [13]), identify-
ing hypothetical changes that would alter the model’s outcome,
or abductive, pointing to focused parts of the input that suffice to
determine the outcome [81].
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In this work, we study global abductive explanations for deep re-
lational models. We focus on settings where the underlying schema
consists of multiple interrelated tables with numerous attributes—a
common real-world scenario. We aim to identify concise subsets of
the data that best account for the model’s predictions. Specifically,
we address the question:Which parts of the database does the model
rely on most for its predictions? Our goal is to provide global insights
into the model’s behavior by identifying the database fragments
that are most influential across multiple predictions.

Example 1. To illustrate the nature of our explanations, consider
a relational database with schema R(rid, 𝑎1, . . ., 𝑎5), S(sid, rid, 𝑏1,
. . ., 𝑏5, flag), T(tid, rid, 𝑐1, . . ., 𝑐5), where rid is the primary key
of 𝑅 and a foreign key in both 𝑆 and 𝑇 . All attributes 𝑎𝑖 , 𝑏𝑖 , 𝑐𝑖 are
numerical, while flag is boolean. Consider two binary classification
tasks predicting labels for 𝑅-records. The ground truth of Task 1
corresponds to whether at least 3 linked 𝑆-records have flag = TRUE,
while Task 2 requires only at least 3 linked 𝑆-records (regardless
of flag values). Task 2 thus depends purely on the join structure
(on R.rid = S.rid), while Task 1 additionally depends on a specific
attribute (i.e., the flag).

Now suppose a data scientist has trained a relational deep learn-
ing model that achieves high accuracy (ROC-AUC > 0.95) on both
tasks. Applying our approach, the data scientist can understand
what drives each model’s predictions. For Task 1, explanations fo-
cused on important features reveal that only S.flag is critical, while
all other feature columns (𝑎𝑖 , 𝑏𝑖 , 𝑐𝑖 ) are excluded. To verify whether
the relational structure also contributes, the data scientist requests
relationship-focused explanations, which show that only the 𝑅-𝑆
join is significant (while the 𝑅-𝑇 join plays no role). Together, these
findings show the model aggregates flag values over 𝑆-records linked
to each 𝑅-record. Switching to Task 2, feature-focused explanations
identify no feature column as important. How can the model pre-
dict accurately without features? Our data scientist now pivots to
relationship-focused explanations and finds that the 𝑅-𝑆 join is im-
portant. This reveals that the model relies purely on connectivity
structure (i.e., counting linked records) rather than attribute values.

This workflow, where users can select explanation types tailored to
databases (columns, relationships, etc.) distinguishes our framework
from conventional XAI approaches [15, 76, 97, 110]. In our example,
traditional feature importance methods would fail to convey that
Task 2 depends solely on connectivity structure. We implemented
these tasks and confirmed our method produces these explanations.

To gain insights such as those in Example 1, we propose a frame-
work in which explanations are expressed as view definitions in SQL
(or any query language of choice). This grounds explanations in a
representation familiar to database users, in contrast to common al-
ternatives that require machine learning expertise to interpret [19].
For graph ML, this would require knowledge of the graph modeling
details or even the inner workings of GNNs [125].

To this aim, we deploy the classical notion of determinacy, in-
troduced by Nash, Segoufin, and Vianu [91], that captures in a
fundamental way when a collection of database views is enough to
determine the result of a query. For reasons of usability, flexibility,
and practical implementation, we propose a soft and statistical adap-
tation of this concept. Roughly speaking, the definition we propose

identifies an explanation as accurate if the model is likely to have
similar predictions on our database as it would have on alternative
databases, as long as they agree on the views. Figure 1 shows a
visual illustration. In addition to accuracy, we seek concise expla-
nations that are easy to digest. Our framework naturally supports
the tradeoff between accuracy and conciseness, allowing users to
balance interpretability with fidelity to the model’s behavior.

While our framework is model-agnostic, as it applies to any rela-
tional predictive model, efficient computation requires heuristics
to avoid exhaustive search over the space of candidate explanation
views, with model-specific algorithms offering further advantages
by leveraging model structure. We instantiate the framework for
the case of hetero-GNNs, for which we propose a model-specific
approach for important classes of views: projections, joins over for-
eign keys, and selections (filters). The approach is based on learning
masked variations of the GNN at hand, by applying masks on GNN
components that correspond to the different view classes.

Lastly, we present an empirical evaluation of our techniques on
the RelBench collection of databases and tuple-level tasks [98]. In
particular, the experiments show the tradeoff between explanation
accuracy and conciseness. As a side benefit, we show that, for most
RelBench tasks, we can achieve models of similar quality to the
ones publicly available, while using only a fraction of the database.

Our main contributions. 1 We introduce a model-agnostic
framework for generating relational explanations of predictive mod-
els over relational databases, based on a statistical adaptation of
determinacy. The framework uses relational queries, supports user-
controlled granularity, and does not rely on internal model repre-
sentations. 2 We instantiate the framework for hetero-GNNs, and
develop an efficient model-specific approach via learnable masking
that generates explanations without explicitly estimating soft de-
terminacy. 3 We conduct extensive experiments on the RelBench
benchmark across several databases and tasks. To facilitate com-
parison, we implement model-agnostic heuristic alternatives and
demonstrate that our model-specific method consistently produces
high-quality explanations at significantly lower computational cost.

2 PRELIMINARIES

In this section, we define the concepts and notation that we use
throughout the paper.

2.1 Relational Database Concepts

We begin with database concepts and terminology.
Databases. A relation schema R is associated with a sequence

att(R) = (𝐴1, . . . , 𝐴𝑘 ) of distinct attributes, and a key signature
key(R) = (𝐵1, . . . , 𝐵ℓ ), so that key(R) is a subsequence of att(R).
Each attribute 𝐴𝑖 is associated with a (finite or infinite) domain,
denoted dom(𝐴𝑖 ). If C = (𝐶1, . . . ,𝐶𝑚) is a sequence of attributes
of 𝑅, then we denote by dom(C) the set dom(𝐶1) × · · · × dom(𝐶𝑚).
A tuple 𝑡 over a relation schema R is a member of dom(att(𝑅)). For
𝑖 = 1, . . . , 𝑘 , we denote by 𝑡 [𝐴𝑖 ] the 𝑖-th value in 𝑡 (corresponding
to the attribute 𝐴𝑖 ). If C = (𝐶1, . . . ,𝐶𝑚) is a sequence of attributes
from att(R), then we denote by 𝑡 [C] the tuple (𝑡 [𝐶1], . . . , 𝑡 [𝐶𝑚]).

A relation over the relation schema R is a finite set of tuples
over R so that 𝑡1 [key(R)] ≠ 𝑡2 [key(R)] for every two distinct
tuples 𝑡1 ≠ 𝑡2. If 𝑟 is a relation over R and C = (𝐶1, . . . ,𝐶𝑚) is a
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sequence of attributes from att(R), then 𝑟 [C] denotes the relation
{𝑡 [C] | 𝑡 ∈ 𝑟 }. We denote with |𝑟 | the number of tuples in 𝑟 .

A database schema S is associated with a set rel(S) of relation
names, and it maps every relation name 𝑅 ∈ rel(S) to a relation
schemaS(𝑅). To ease the notation, we may write att(𝑅) and key(𝑅)
as a shorthand notation for att(S(𝑅)) and key(S(𝑅)), respectively.
In addition, a database schemaS includes a set FK(S) of foreign-key
constraints, or FK for short, where an FK is an expression of the
form 𝑅 [C] ⊑ key(𝑆), where 𝑅 and 𝑆 are relation names in rel(S),
the sequence C consists of attributes from att(𝑅), the sequences
C and key(𝑆) have the same length, and dom(C) ⊆ dom(key(𝑆)).
A database 𝐷 over S maps every relation name 𝑅 ∈ rel(S) to a
relation 𝐷 (𝑅) over S(𝑅), so that every key constraint and every
constraint in FK(S) is satisfied: the FK 𝑅 [C] ⊑ key(𝑆) is satisfied
if 𝐷 (𝑅) [C] ⊆ 𝐷 (𝑆) [key(𝑆)].

Relational queries and predictive models. Let S be a data-
base schema. A query 𝑄 overS is associated with a relation schema,
which we consistently denote by R𝑄 , and it maps every database
𝐷 over S to a relation 𝑄 (𝐷) over R𝑄 .

If 𝑅 ∈ rel(S) is a relation name, then an 𝑅-model is a query (pos-
sibly very complicated and with learned parameters) over S whose
purpose is to make a prediction (e.g., classification or regression) for
every tuple in 𝑅. Formally, an 𝑅-model (of dimension 𝑑) is a query
𝑀 with the following properties:

• existence of prediction attribute 𝐴: att(R𝑀 ) = (key(𝑅), 𝐴),
where𝐴 is an attribute with dom(𝐴) = R𝑑 , where R stands
for the set of real numbers.

• key signature agreement: key(R𝑀 ) = key(𝑅).
• instance-prediction relation correspondence: For every data-

base 𝐷 , 𝑀 (𝐷) [key(𝑅)] = 𝐷 (𝑅) [key(𝑅)]. In words, if 𝑟 =

𝑀 (𝐷) is the relation resulting from applying𝑀 to 𝐷 , then
𝑟 has the exact same key values as the 𝑅-relation of 𝐷 .

We refer to each tuple in 𝐷 (𝑅) [key(𝑅)] (notice the projection on
only the key attributes) as an instance (to be classified by𝑀).

Let𝑀 be an 𝑅-model and 𝐷 a database, both over the schema S.
Let 𝑠 be an instance (i.e., a key tuple of 𝐷 (𝑅)) to which we apply
the model. We denote by𝑀𝐷 (𝑠) the unique prediction of𝑀 for 𝑠 ,
that is, the value 𝑡 [𝐴] ∈ R𝑑 of the unique tuple 𝑡 ∈ 𝑀 (𝐷) with
𝑡 [key(𝑅)] = 𝑠 .

Determinacy. We briefly recall the concept of determinacy
by Nash et al. [91]. Let S be a schema, let 𝑉1, . . . , 𝑉𝑚 be queries
over S, referred to as views, and let 𝑄 be a query over S. We say
that {𝑉1, . . . ,𝑉𝑚} determines 𝑄 if for all databases 𝐷1 and 𝐷2, if
𝑉𝑖 (𝐷1) = 𝑉𝑖 (𝐷2) for every 𝑖 = 1, . . . ,𝑚, then 𝑄 (𝐷1) = 𝑄 (𝐷2).
Hence, knowing the result of every view suffices to determine the
result of 𝑄 without even looking at the database itself.

2.2 Heterogeneous Graphs

Next, we present the concepts and notation related to machine
learning over heterogeneous graphs.

Hetero-graphs. A heterogeneous featured graph, or hetero-graph
for short, is a quadruple G = (𝑉 , 𝐸, 𝜏,X) where:

• 𝑉 is a finite set of nodes;
• 𝐸 is a set of typed directed edges, that is, triples (𝑢, 𝜆, 𝑣)

where 𝑢 and 𝑣 are nodes in 𝑉 and 𝜆 is an edge type;

• 𝜏 (·) is a node-type function, mapping every node 𝑣 ∈ 𝑉 to a
type 𝜏 (𝑣); and

• X is a node-feature function that maps every node 𝑣 ∈ 𝑉 to
a vector X𝑣 ∈ R𝑑𝜏 (𝑣) for some predefined feature dimension
𝑑𝜏 (𝑣) for each node type.

Every edge type 𝜆 in 𝐺 is associated with a source type src(𝜆) and
a target type tgt(𝜆), and we require all edges 𝑒 = (𝑢, 𝜆, 𝑣) to be
consistent in that 𝜏 (𝑢) = src(𝜆) and 𝜏 (𝑣) = tgt(𝜆). We denote by
𝜏 (𝑉 ) the set {𝜏 (𝑣) | 𝑣 ∈ 𝑉 }. If 𝛼 ∈ 𝜏 (𝑉 ), then we denote by 𝑉 [𝛼]
the set of nodes 𝑣 ∈ 𝑉 with 𝜏 (𝑣) = 𝛼 .

We denote by N in (𝑣) (resp., Nout (𝑣)) the set of incoming (resp.,
outgoing) neighbors of 𝑣 , that is, the set {𝑢 | ∃𝜆[(𝑢, 𝜆, 𝑣) ∈ 𝐸]}
(resp., {𝑢 | ∃𝜆[(𝑣, 𝜆,𝑢) ∈ 𝐸]}). If 𝜆 is an edge type, then we denote
by N in

𝜆
(𝑣) the set of nodes 𝑢 ∈ N in (𝑣) such that (𝑢, 𝜆, 𝑣) ∈ 𝐸; anal-

ogously, we denote by Nout
𝜆
(𝑣) the set of nodes 𝑢 ∈ Nout (𝑣) with

(𝑣, 𝜆,𝑢) ∈ 𝐸.
Node-centric models. Let G = (𝑉 , 𝐸, 𝜏,X) be a hetero-graph,

and let 𝛼 ∈ 𝜏 (𝑉 ) be a type, which we refer to as a prediction entity
type. A 𝛼-model (of dimension 𝑑) is a function 𝑀 : 𝑉 [𝛼] → R𝑑 ,
mapping every 𝛼-node 𝑣 to a predicted vector𝑀 (𝑣). Note that the
dimension 𝑑 depends on the task (e.g., it is one in binary classifica-
tion and regression, and 𝑘 − 1 in 𝑘-class classification), and is not
necessarily the same as 𝑑𝛼 .

2.3 Heterogeneous Graph Neural Networks

A GNN defines a model over a graph by applying message passing
to produce a vector representation of each node; in each step, called
layer, the vector of a node is updated by aggregating the vectors of
its neighbors, referred to as messages. A hetero-GNN operates over
a hetero-graph similarly, except that messages of each edge type
are aggregated separately. We give a more precise definition of a
typical hetero-GNN next. We note that our definition is slightly
more general and detailed than common definitions (e.g., [12]),
stressing the role of labels and directionality in the GNN.

Let G = (𝑉 , 𝐸, 𝜏,X) be a hetero-graph and 𝛼 ∈ 𝜏 (𝑉 ). A hetero-
GNN with 𝐿 layers defines an 𝛼-model using the functions h(ℓ )
and A (ℓ ) , for ℓ = 0, . . . , 𝐿, constructed inductively as follows. First,
define h0 (𝑣) = X𝑣 for all 𝑣 ∈ 𝑉 . For ℓ = 0, . . . , 𝐿 − 1, define

A (ℓ ) (𝑣, 𝜆, 𝑜) = AGG({{h(ℓ ) (𝑢) | 𝑢 ∈ N𝑜
𝜆
(𝑣)}})

for every node 𝑣 , edge label 𝜆 and orientation 𝑜 ∈ {in, out} such
that N𝑜

𝜆
(𝑣) is defined. Here, AGG is an aggregation function such

as average or max, and {{·}} is the bag (multiset) notation. Next, for
ℓ > 0 we define

h(ℓ ) (𝑣) = UPD(h(ℓ−1) (𝑣),

A (ℓ−1) (𝑣, 𝜆1, 𝑜1), . . . ,

A (ℓ−1) (𝑣, 𝜆𝑞, 𝑜𝑞))

(1)

for some ordering (𝜆1, 𝑜1), . . . , (𝜆𝑞, 𝑜𝑞) of all pairs (𝜆, 𝑜) where
N𝑜
𝜆
(𝑣) is defined. Here,UPD is an update function, which is realized

as a neural model. A typical example of model architecture for
hetero-GNNs [103] involves a linear combination followed by an
activation function (e.g., ReLU). The model𝑀 is given by𝑀 (𝑣) =
MLP(h(𝐿) (𝑣)) whereMLP is a multilayer-perception function that
transforms the last layer into the actual prediction. The learnable
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parameters are incorporated in the functions AGG, UPD, and MLP.
The same hetero-GNN defines an 𝛼-model over any graph G′ with
the same node type set, edge type set and feature dimensions as G.

2.4 Relational Learning via Heterogeneous

Graphs

A common way to apply deep learning over relational databases
is to convert the database 𝐷 into a hetero-graph G𝐷 , namely the
relational graph, and then learn a hetero-GNN over G𝐷 [18, 29, 40,
114]. We now describe this process more precisely for a typical
conversion, specifically r2n (row-to-node) [114].

Let S be a schema, and let 𝐷 be a database over S. The graph
G𝐷 = (𝑉 , 𝐸, 𝜏,X) is defined as follows. The set 𝑉 of nodes consists
of the pairs (𝑅, 𝑡), where 𝑅 is a relation name and 𝑡 is tuple in 𝐷 (𝑅):

𝑉 = {(𝑅, 𝑡) | 𝑅 ∈ rel(S) ∧ 𝑡 ∈ 𝐷 (𝑅)} .

For a node 𝑣 = (𝑅, 𝑡), we define 𝜏 (𝑣) = 𝑅, that is, the type of a node
is the name of its relation. There is a directed edge 𝑒 = (𝑣, 𝜑,𝑢)
from a node 𝑣 = (𝑅, 𝑡) to a node 𝑠 = (𝑆, 𝑡 ′) whenever the two are
connected by a reference via an FK 𝜑 of the form 𝑅 [C] ⊑ key(𝑆);
in particular, the type of the edge is the FK that it corresponds to.
Finally, the feature vectorX is defined as follows. Let 𝑅 be a relation
name with att(𝑅) = (𝐴1, . . . , 𝐴𝑘 ). For each attribute 𝐴 we assume a
trainable encoder Enc𝑅.𝐴 : dom(𝐴) → R𝑑𝑅.𝐴 for some predefined
dimension 𝑑𝑅.𝐴 . In addition, for each relation name 𝑅 we assume
a trainable encoder Enc𝑅 : R𝑑𝑅enc → R𝑑𝑅 , for some dimension 𝑑𝑅
and 𝑑𝑅enc =

∑𝑘
𝑖=1 𝑑𝑅.𝐴𝑖

. For a node 𝑣 = (𝑅, 𝑡) we then define:

X𝑣 = Enc𝑅
(
Enc𝑅.𝐴1 (𝑡 [𝐴1]) ⊕ · · · ⊕ Enc𝑅.𝐴𝑘

(𝑡 [𝐴𝑘 ])
)

(2)

where ⊕ stands for vector concatenation. This formulation allows
us to exclude some attributes 𝐴 of a relation 𝑅 from the encoding,
simply by setting Enc𝑅.𝐴𝑖

to map every value to the empty vector.
For example, in our implementation, we exclude key and foreign-
key attributes from the features. Notice that this conversion process
of 𝐷 into G𝐷 ensures that the node type set, edge type set and
feature dimensions of G𝐷 depend solely on the schema S.

Finally, let 𝑅 be a relation name in rel(S). An 𝑅-model𝑀′ over
G𝐷 yields an 𝑅-model𝑀 over the schema S in a straightforward
way. For a tuple 𝑡 ∈ 𝐷 (𝑅):

𝑀 (𝑡 [key(𝑅)]) = 𝑀′ (𝑣)

where 𝑣 is the node (𝑅, 𝑡) in the node set 𝑉 [𝑅].

3 RDL EXPLANATIONS VIA SOFT

DETERMINACY

In this section, we introduce our framework, where we leverage
the concept of determinacy to define RDL explanations.

3.1 Explanation Views

Let S be a schema with a relation name 𝑅, and let 𝑀 be an 𝑅-
model. Let 𝐷 be a database over S. We think of𝑀 as a black-box
complex model, involving a considerable number of computational
components and learned parameters. By an explanation of 𝑀’s
behavior on𝐷 , we refer to a collection of views𝑉 (called explanation
views), each indicating a focused component of 𝐷 that is important
for𝑀 . Next, we define the explanation views more formally.

We assume an explanation language EL, which is simply a query
language that we use as a formalism for defining explanation views.
An explanation view 𝑉 states what component of the database 𝐷
(existing or derived) is relevant for𝑀 to make the prediction𝑀𝐷 (𝑠)
on any instance 𝑠; for that, 𝑉 can be parameterized by 𝑠 , denoted
𝑉 ⟨𝑠⟩. This means that 𝑉 ⟨𝑠⟩ is an ordinary database query with the
result 𝑉 ⟨𝑠⟩(𝐷), for every instance 𝑠 . Recall that 𝑠 is represented as
a key tuple in 𝐷 (𝑅); hence, to represent explanation views, queries
in EL can refer to the attributes of key(𝑅) as constants. If𝑉 ignores
its parameter 𝑠 , we say that it is instance-agnostic, otherwise it
is instance-specific. Formally, 𝑉 is instance-agnostic if, for each
database 𝐷 and instances 𝑠 and 𝑠′ it holds that𝑉 ⟨𝑠⟩(𝐷) = 𝑉 ⟨𝑠′⟩(𝐷).
For the remainder of this work we consider instance-agnostic views.

Finally, by an explanation 𝐸 we mean a finite subset of concrete
queries from EL. The quality of an explanation is measured using
two criteria: determinacy (i.e., whether 𝐸 is enough to determine
the behavior of𝑀) and conciseness (i.e., how easy it is to grasp 𝐸).

3.2 Soft Determinacy

Consider an explanation 𝐸 of an 𝑅-model𝑀 on a database 𝐷 . Intu-
itively, 𝐸 “sufficiently determines”𝑀 if𝑀 behaves similarly when
𝐷 changes, as long as the result of 𝐸 is not affected by this change.
Ideally, for any two databases that agree on the explanation views
in 𝐸, the output of 𝑀 should be identical. Viewing 𝑀 as a query,
this strict sufficiency notion is precisely determinacy (Section 2.1).
To capture the imperfect nature of explanations, we relax in two
dimensions. First, we do not require exact determinacy; instead,
we account for approximate agreement by quantifying the distance
between model predictions before and after the change. Second,
we adopt a probabilistic adaptation, where we require determinacy
in expectation, using our original database 𝐷 as reference and as-
suming a probability distribution of contingency databases. The two
relaxations lead to an approximate probabilistic notion of determi-
nacy, namely soft determinacy.

Formally, we assume a distribution Δ over contingency databases
that agree on the schema S of 𝐷 . To be comparable to 𝑀 (𝐷), we
require each database 𝐷′ in this distribution to agree with 𝐷 on the
keys of 𝑅, that is: [𝐷′ (𝑅) [key(𝑅)] = 𝐷 (𝑅) [key(𝑅)] .

To define approximate agreement, suppose that𝑀 maps an in-
stance 𝑠 to 𝑎, and an instance 𝑠′ to 𝑎′. We use a distance metric dist
that quantifies how far 𝑎 is from 𝑎′ as dist(𝑎, 𝑎′). For example, in
the special case of a binary classifier𝑀 with predictions ∈ {0, 1}, it
makes sense for dist to check for identity: dist(𝑎, 𝑎′) = 1{𝑎≠𝑎′ } .

Using the above, we arrive at the soft determinacy property for
an explanation 𝐸, quantified by deviation from determinacy, so that
lower deviation implies a better explanation.

Definition 2 (Deviation from Determinacy). For an instance
𝑠 , and a distribution Δ of contingency databases, the (instance-specific)
deviation from determinacy devΔ (𝐸, 𝑠) of an explanation 𝐸 is the
expected distance between the prediction for 𝑠 on𝐷 and the prediction
on a contingency 𝐷′, given that 𝐷′ respects the views:

devΔ (𝐸, 𝑠) := E
𝐷 ′∼Δ

[
dist(𝑀𝐷 (𝑠), 𝑀𝐷 ′ (𝑠))

��� ∧
𝑉 ∈𝐸

𝑉 (𝐷)=𝑉 (𝐷′)
]

Deviation from determinacy of 𝐸 is the empirical mean over instances:
devΔ (𝐸) := 1

|𝐷 (𝑅) |
∑
𝑠∈𝐷 (𝑅) [key(𝑅) ] devΔ (𝐸, 𝑠).
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3.3 Explanation Conciseness

We associate with each𝑉 ∈ EL a cost related to its complexity. This
cost can be syntactic, e.g., the number of symbols involved in the
SQL representation. It can also be semantic, e.g., the number of
tuples in the view |𝑉 (𝐷) |. We denote this cost by cost(𝑉 ). We then
define the cost of an explanation 𝐸 as cost(𝐸) = ∑

𝑉 ∈𝐸 cost(𝑉 ).
The computational problem of finding the best explanation can

be phrased as an optimization problem:

Definition 3 (Soft determinacy explanations). Given an 𝑅-
model𝑀 and a database 𝐷 , the soft determinacy explanation problem
asks for a solution 𝐸 ⊆ EL to the following optimization objective:

min
𝐸
[devΔ (𝐸) + 𝜆 · cost(𝐸)],

for a trade-off captured by 𝜆 ∈ R, 𝜆 ≥ 0.

Clearly, there is a natural trade-off between achieving high soft
determinacy (minimization of devΔ (𝐸)) and low explanation com-
plexity (minimization of cost(𝐸)). Consider the extreme case of 𝐸
recovering the entire database: 𝐸 fully determines𝑀 , but also fails
to reduce the complexity of the model or the schema. On the other
hand, a void explanation 𝐸 = ∅ has minimal complexity, but likely
does not capture any insight on the model’s behavior.

The optimization problem in Definition 3 displays the challenges
commonly associated with bilevel optimization [28, 33]. It involves
two levels: the outer selects explanation views to minimize cost,
while the inner estimates devΔ (𝐸) by sampling and evaluating the
model on multiple perturbed databases that respect the constraints
imposed by the outer explanation selection. The outer level, i.e.,
searching among exponentially-many subsets of database compo-
nents to find those that best preserve the model behavior, requires
exploring a vast combinatorial space (see Example 4).

Example 4. Consider the case where we seek explanation views
that only involve projections over a single table with binary at-
tributes, and we require exact determinacy (devΔ (𝐸) = 0). Suppose
our model𝑀 is a disjunction (OR) over all attributes, i.e.,𝑀 predicts
1 for all tuples except the all-zeros tuple (0, . . . , 0). A minimal expla-
nation corresponds to a minimal set of columns such that every tuple
has at least one 1 in those columns. This is precisely the classical
hitting set problem, which is NP-hard. This example demonstrates
that even for the simplest explanation language and model structure,
finding optimal explanations requires considering exponentially
many column subsets. The problem becomes more complex with
more expressive explanations not restricted to projections.

To address these challenges, in Section 4 we discuss several
choices for realizing this objective into a more practical optimiza-
tion problem. Additionally, in Section 5we propose a learning-based
solution for efficient explanation view discovery for hetero-GNNs.

4 INSTANTIATING THE FRAMEWORK FOR

SELECTED SQL FRAGMENTS

The framework presented in Section 3 is abstract and requires the
choice of an explanation language EL together with a concrete met-
ric for conciseness and the distribution of contingency databases Δ.
In this section, we give specific instantiations that we deem useful

and general. In the next sections, we propose heuristic implemen-
tations of these over GNN models and test them in experiments.

4.1 Explanation Languages (EL’s)
Our explanation framework highlights the database components
that provide the most useful information for the model. These may
include important features, important feature combinations, or in-
fluential values and value ranges of particular features. In SQL terms,
these explanations can be expressed through three core operations:
projecting only the relevant attributes of relations, joining relations
to reveal informative combinations, and selecting tuples that satisfy
specific conditions. To capture these explanations, we focus on
three simple SQL fragments utilizing the fundamental relational
algebra operations: projections, joins, and selections. Throughout
the remainder of this paper, we restrict our attention to instance-
agnostic explanation views, for which we define suitable choices of
EL and later propose efficient algorithms. We leave the study on
instance-specific explanations for future work.

To define each EL precisely, we classify the attributes of a relation
schema R in a database schema S into three categories. Given
att(R) = (𝐴1, . . . , 𝐴𝑛), an attribute𝐴𝑖 is a key attribute if it appears
in the key signature key(R). It is a foreign-key attribute if it appears
on the left-hand side of a foreign-key constraint in FK(S). Any
attribute that is neither a key nor a foreign key is called a data
attribute. In the definitions of EL that follow, these three attribute
types are treated separately.

(1) The language Projection can be used to highlight subsets of
data attributes corresponding to important features, while always
preserving all key attributes and foreign-key attributes. Formally,
Projection contains views of the form:

select key(𝑅), F, 𝐴1, . . . , 𝐴𝑘 from 𝑅

which project onto a chosen subset of data attributes 𝐴1, . . . , 𝐴𝑘 ,
while retaining the sequence key(𝑅) of key attributes and the se-
quence F of foreign-key attributes of S(𝑅).

(2) The language FKJoin consists of foreign-key joins. Each ex-
planation view in FKJoin is associated with a foreign-key constraint
𝑅 [C] ⊑ key(𝑆) in the schema, and has the form:

select ∗ from 𝑅 as 𝑟 , 𝑆 as 𝑠 where 𝑟 [C] = 𝑠 [key(𝑆)]

These views retain all tuples produced by joining 𝑅 and 𝑆 using
foreign-key references. Note that more complex join patterns can
be captured by a set of multiple views. Because FKJoin focuses
on foreign keys, it always preserves all key attributes and data
attributes of relations that appear in at least one explanation view.

(3) The language Selection focuses on filtering tuples based on
attribute values. As with Projection, the emphasis is on data at-
tributes, while key and foreign-key attributes are always preserved.
Formally, Selection contains views of the form:

select ∗ from 𝑅 where 𝜙

where 𝜙 is a selection predicate that identifies an informative subset
of tuples. For example, consider a database with a Product 𝑃 rela-
tion. The explanation view: “select ∗ from 𝑃 where 𝑃 .𝑝𝑟𝑖𝑐𝑒 < 50 and
𝑃 .𝑐𝑎𝑡 = ‘Electronics’” highlights the group of affordable electronics.

Cost model. Explanation conciseness requires a precise defi-
nition of the cost model so that every explanation view 𝑉 ∈ 𝐸 is
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associated with a value cost(𝑉 ). Here we propose a simple cost
model that focuses on minimizing the description cost of expla-
nation views, making them easier for a user to understand. For
Projection, cost(𝑉 ) is the number of highlighted data attributes,
i.e., cost(𝑉 ) = 𝑘 . For FKJoin, each binary join incurs a cost of 1, i.e.,
cost(𝑉 ) = 1. For Selection, cost(𝑉 ) depends on the complexity of
the selection predicate 𝜙 . Later, we will consider disjunctions of
the form 𝜙1 or . . . or 𝜙𝑙 , where each 𝜙𝑖 is an atomic predicate. In
this case we simply assign cost(𝑉 ) = 𝑙 , i.e., the number of atomic
predicates involved.

Language composition.We consider combinations of the three
languages by constructing composite explanation views in the re-
lational algebra sense. Importantly, these combination languages
produce composite views rather than unions of separate explana-
tion views belonging to one of the three defined languages. For
composite views, the cost model is naturally extended: we sum the
number of data attributes in projections, the number of joins, and
the number of selection predicates involved.

4.2 Database Perturbations

Recall that the definition of deviation from determinacy (Defini-
tion 2) allows the liberty to choose any distributionΔ of contingency
databases, as long as they agree with 𝐷 on the explanation views 𝐸.

Let us consider two extreme scenarios to illustrate the impact of
Δ. First, consider a Δ over databases𝐷′ that differ from𝐷 in just one
value of a single tuple. A well-behaved model would likely give a
similar output on 𝐷 and 𝐷′, irrespective of the chosen explanation
𝐸. Therefore, such Δ would not yield a discriminative criterion
between candidate explanations. On the other hand, if Δ is the
uniform distribution over all possible 𝐷′, no matter how different
they are from 𝐷 , it is not clear how one could obtain samples from
Δ. More importantly, the sampled 𝐷′ could be unrepresentative
for the application domain of the original database 𝐷 . Ideally, we
would like to limit the explanatory power of 𝐸 to the useful regime,
i.e., restricting Δ to a local neighborhood of 𝐷 that captures realistic
variations while preserving relevance to the application domain.

Defining input perturbations is a fundamental challenge across
ML explanation approaches that replace insignificant features with
uninformative values. Permutation Feature Importance (PFI), a well-
knownmodel-agnostic feature selection technique [15, 88], replaces
feature values by permuting them across instances, preserving mar-
ginal statistics while breaking correlations with the target. However,
this approach may generate unrealistic data variations that violate
feature correlations, thus forcing models to extrapolate [42, 57].
PFI variants address this by sampling from the conditional distribu-
tion 𝑃 (𝑥 𝑗 |𝑥− 𝑗 ) of the perturbed feature 𝑥 𝑗 [32, 42, 133], but become
computationally inefficient without strong assumptions like feature
locality [133], assumptions more natural for images than tabular
data. Subgroup-based methods partition instances into groups in
order to reduce dependence before permuting [89], however they
introduce additional complexity by training auxiliary models (e.g.,
decision trees) to identify appropriate subgroups for each feature.

We adapt these insights to relational databases by designing
language-specific perturbations. For each explanation language EL,
we provide strategies for realizing Δ by perturbing the original
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Figure 2: Example permutations for Projection (upper) and

Selection (lower). For Projection, only attributes 𝐴 and 𝐵

(in orange) are in Attr(𝐸) of explanation 𝐸. For Selection,

the tuples (in orange) {(1, 0, 1, 2), (2, 1, 2, 4)} are in Tups(𝐸). The
key attribute 𝐴 is always retained.

database 𝐷 . Each strategy neutralizes information outside the ex-
planation while respecting the explanation views. Following the PFI
literature’s concern with correlation preservation [42, 57, 89], we
test both correlation-preserving and correlation-breaking variants
in Section 6 and find results are mostly robust to this choice.

Projection. We permute columns not appearing in the expla-
nation (independently or jointly), inspired by PFI.

Example 5. The example in Figure 2 shows two column-wise
permutation strategies. The attributes 𝐴 and 𝐵 are part of the ex-
planation 𝐸, whereas𝐶 and 𝐹 are not. Thus, we permute𝐶 and 𝐹 to
produce different 𝐷′. We can either apply the permutations to both
attributes 𝐶 and 𝐹 jointly (left) or independently (right). Note that
the latter completely breaks correlations between 𝐶 and 𝐹 , possibly
creating unnatural tuples in 𝐷′. In this example, we have 𝐹 = 2 ·𝐶
for all tuples in 𝐷 . Joint permutation preserves this property in 𝐷′.

Formally, let Attr(𝐸) be the set of attributes used in a projection
explanation 𝐸. Recall that Attr(𝐸) includes all key attributes. Be-
cause explanation views must be respected by Δ, we only permute
attributes not in Attr(𝐸). We define two permutation distributions
that differ in how they handle correlations among non important
attributes. The joint column-wise permutation distribution Δ

joint
𝐸

is the uniform distribution over all databases 𝐷′ where, for each
relation in 𝐷 , attributes ∉ Attr(𝐸) are permuted together by the
same permutation. This preserves correlations among unimportant
attributes while destroying correlations between important and
unimportant attributes, and between the target and unimportant
attributes. The independent column-wise permutation distribution
Δind
𝐸

is the uniform distribution over all databases 𝐷′ where each
attribute ∉ Attr(𝐸) is permuted independently. This additionally
breaks correlations among unimportant attributes.

FKJoin. The goal of a perturbation is to make joins uninforma-
tive unless they appear in 𝐸. Since the joins we consider always
correspond foreign-key constraints, we apply a perturbation on
the foreign key side. This perturbs the target join without affecting
other joins on the side of the primary key.

Example 6. Figure 3 (left) shows perturbations applied to the
primary-foreign pair 𝑇2 .𝐵 - 𝑇1 .𝐵. One could consider permuting
the foreign key 𝑇1 .𝐵. But this strategy would not be effective in
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Figure 3: Example 6: foreign key perturbations for FKJoin.

Here, the foreign key 𝑇1 .𝐵 is perturbed as it is not in FK(𝐸).

breaking the predictive signal encoded in the actual join condition as
it would retain the number of primary-foreign key pairs per unique
value of 𝑇1 .𝐵, i.e., 1 would appear 4 times while 2 and 3 would each
appear once. In order to break the join information, we randomly
replace each value of𝑇1 .𝐵 with a value in the domain {1, 2, 3}, either
uniformly at random (right) or mimicking the underlying frequency
distribution of foreign keys (middle). In the former each value in
{1, 2, 3} appears 2 times while in the latter 2 appears 4 times while
1 and 3 each appear once, preserving the frequencies 4, 1, 1.

We consider two alternative strategies: In uniform replacement
Δuniform
𝐸

, each foreign key value is replaced independently and
uniformly at random from its domain. In the frequency-preserving
replacement Δfreq

𝐸
, the frequences of foreign key values in the origi-

nal relation 𝑟 and the perturbed one 𝑟 ′ match: if a value occurs 𝑖
times in 𝑟 , then there exists some value in 𝑟 ′ that occurs 𝑖 times,
although not necessarily in the same tuples. Figure 3 shows an
example, with FK(𝐸) denoting the foreign keys in explanation 𝐸.

Selection. We adapt the column-wise permutation strategies
used in the case of Projection for all data attributes, but applied
only to the tuples that do not satisfy the selection condition of the
explanation view. Figure 2 (lower) shows an example, with Tups(𝐸)
denoting the set of tuples that satisfy the selection condition.

5 GNN-SPECIFIC APPROACH

We now instantiate our framework (Section 3) for the case of GNNs.
We present a model-specific approach that leverages properties
of the model to efficiently solve the optimization in Definition 3:
differentiability enables explanation discovery via gradient-based
learning, while the model structure (i.e., feature encoding followed
by message-passing) provides natural intervention points.

5.1 Mask Learning: From Discrete to

Continuous Optimization

As discussed in Section 3.3, a direct solution to Definition 3 is not
practically feasible. We now show how mask learning naturally
arises as a continuous relaxation of the discrete soft determinacy
problem, specifically for Projection explanations.

Discrete Attribute Selection Problem. Recall that soft deter-
minacy (Definition 2) measures sufficiency of an explanation 𝐸 by
evaluating the expected distance between𝑀𝐷 (𝑠) and𝑀𝐷 ′ (𝑠) over
contingency databases 𝐷′ that respect the explanation views. For
Projection explanations over 𝑁 data attributes, we seek a binary
selection vector a ∈ {0, 1}𝑁 indicating which attributes to include

in the explanation. To evaluate soft determinacy, we construct con-
tingency databases by applying the joint column-wise permutation:
for each tuple 𝑡 , we replace the value of each attribute 𝐴𝑖 as:

𝑡 [𝐴𝑖 ] ← 𝑎𝑖 · 𝑡 [𝐴𝑖 ] + (1 − 𝑎𝑖 ) · 𝑡 ′ [𝐴𝑖 ]

where 𝑡 ′ is a randomly selected tuple from the same relation, and
𝑎𝑖 ∈ {0, 1} determines whether attribute 𝐴𝑖 is fixed (𝑎𝑖 = 1) or
replaced (𝑎𝑖 = 0). The soft determinacy objective then becomes:

min
a∈{0,1}𝑁

E𝑠 E𝜔
[
dist(𝑀𝐷 (𝑠), 𝑀a,𝜔,𝐷 (𝑠))

]
+ 𝜆 | |a| |0

where 𝑠 is an instance, 𝜔 represents the randomness in selecting
replacement tuples 𝑡 ′, and | |a| |0 counts the number of selected
attributes. However, optimizing over a ∈ {0, 1}𝑁 requires searching
through 2𝑁 combinations, which is intractable.

Continuous Relaxation via Direct Masking. A natural ap-
proach is to relax the binary constraint: replace a ∈ {0, 1}𝑁 with
continuous mask values m ∈ [0, 1]𝑁 . This yields the continuous
optimization problem:

min
m∈[0,1]𝑁

E𝑠 E𝜔
[
loss(𝑀𝐷 (𝑠), 𝑀m,𝜔,𝐷 (𝑠))

]
+ 𝜆 | |m| |1

where we apply the masking operation at the feature encoding
level. Concretely, let x ∈ R𝑑 be a feature vector for attribute 𝐴𝑖 .
Applying mask component𝑚𝑖 ∈ [0, 1] means replacing it with:

𝜇𝜔 (x,𝑚𝑖 ) =𝑚𝑖 · x + (1 −𝑚𝑖 ) · u𝜔 ,

where u𝜔 is the encoding of the replacement value from tuple 𝑡 ′,
i.e., u𝜔 = Enc𝑅.𝐴𝑖

(𝑡 ′ [𝐴𝑖 ]). Note that the ℓ1 penalty | |m| |1 serves as
a convex relaxation of the ℓ0 cardinality constraint, encouraging
sparsity [54]. Additionally, the function loss() is now a continuous
distance metric (e.g., cross entropy, mean squared error).

This continuous relaxation enables gradient-based optimization
using automatic differentiation frameworks.When𝑚𝑖 = 0, attribute
𝐴𝑖 is completely replaced, and as𝑚𝑖 increases toward 1, the original
value is progressively restored. In practice, we use stochastic opti-
mization [64] as follows: for each optimization step we first sample
a mini-batch of instances from 𝐷 (𝑅) to compute the empirical loss,
and then we apply one realization of the random replacement 𝜔
(e.g., one random permutation of tuples in each relation of 𝐷). After
optimization, we threshold masks using𝑚𝑖 ≥ 𝛿 to recover discrete
explanations, a common technique for mask discretization [3].

Direct masking is also adopted for FKJoin and Selection as
described in Section 5.2, providing a surrogate optimization for the
soft determinacy objective.

Alternative Approaches. While direct masking has proven
effective for interpretability in images [43] and graph neural net-
works [122], other techniques also exist for continuous relaxation
of discrete selection problems. Policy gradient methods such as
REINFORCE [119] treat selection as a stochastic policy, comput-
ing gradients via the likelihood ratio trick. Reparameterization
approaches like Gumbel-Softmax [60, 79, 80] introduce auxiliary
random variables to create differentiable approximations of discrete
sampling. For example, L2X [21] uses these techniques to compute
local explanations via feature selection with a fixed budget.

We adopt direct masking due to several practical advantages.
First, it provides computational efficiency: requiring only a single
forward pass per mask-learning step without sampling auxiliary
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Figure 4: RDL model pipeline with hetero-GNNs. The figure

shows where different masks are located in the pipeline.

variables, and producing stable gradients at all points in the contin-
uous domain [0, 1]. Second, it naturally fits for the complex RDL
model, where computation involves multiple stages (feature encod-
ing, multi-layer message passing), allowing unified intervention
across different explanation languages EL by modulating continu-
ous internal representations.

Quality of Mask Learning Solutions.We discussed how mask
learning arises as a natural continuous relaxation of the discrete
soft determinacy problem for Projection. When the masks are
discrete (m ∈ {0, 1}𝑁 ), the objectives are equivalent: dev

Δ
joint
𝐸

(𝐸) =
E𝑠 E𝜔

[
loss(𝑀𝐷 (𝑠), 𝑀m,𝜔,𝐷 (𝑠))

]
. In practice, we learn continuous

masks and threshold them to obtain discrete explanations. We now
argue that this approach yields high-quality solutions.

Consider the simplified setting of a binary classifier 𝑀C that
relies on precisely 𝑘 data attributes. First, there exists a high-
quality Projection explanation 𝐸∗ for𝑀C : since𝑀C uses exactly
𝑘 columns, the 𝑘-column explanation selecting these achieves cost
ℓ∗ = 𝜆 ·𝑘 (zero task loss plus regularization). Second, the mask learn-
ing objective promotes this solution: any smaller mask (with 𝑘′ < 𝑘

attributes) will incur substantial task loss since important features
are masked, thus predictions flip with probability 𝜖 > 0, yielding
expected cost ℓ′ = 𝜖 + 𝜆 · 𝑘′ >> ℓ∗ for appropriate 𝜆. Conversely,
any larger mask (with 𝑘′′ > 𝑘 attributes) incurs higher regulariza-
tion cost 𝜆 · 𝑘′′ > ℓ∗ without reducing task loss. Hence, the mask
learning objective promotes the optimal 𝑘-column explanation 𝐸∗.

5.2 Language-Specific Masking

Depending on EL, masking is applied at the feature encoding stage
or the message-passing stage of the model, as depicted in Figure 4.

(1) Projection. We apply mask components attribute-wise in
the feature encoding space. Since Projection necessarily includes
all primary and foreign keys, we restrict masks to data attributes.

For each relation 𝑅 ∈ rel(S), we assign one mask component
𝑚𝑅.𝐴𝑖

∈ [0, 1] per data attribute 𝐴𝑖 , 𝑖 = 1, . . . , 𝑛. For each node
𝑣 = (𝑅, 𝑡), the same mask vector (𝑚𝑅.𝐴1 , . . . ,𝑚𝑅.𝐴𝑛

) is applied at
feature encoding, changing Equation (2) as follows:

X𝑣 = Enc𝑅 (𝜇 (Enc𝑅.𝐴1 (𝑡 [𝐴1]),𝑚𝑅.𝐴1 ) ⊕ · · · ⊕
𝜇 (Enc𝑅.𝐴𝑛

(𝑡 [𝐴𝑛]),𝑚𝑅.𝐴𝑛
))

Recall that 𝜇 (x,𝑚) applies the mask component𝑚 to the encoding
vector x. Every time we apply masking attribute-wise, we first
consider a random permutation to the tuples of𝐷 (𝑅), which assigns
for each tuple 𝑡 a replacement tuple 𝑡 ′. Then to apply masking to

𝑣 = (𝑅, 𝑡) for each attribute 𝐴𝑖 we use the replacement vector
u𝑖 = Enc𝑅.𝐴𝑖

(𝑡 ′ [𝐴𝑖 ]), i.e., the encoding of the value of𝐴𝑖 in 𝑡 ′. This
ensures the replacement of the 𝑡 [𝐴𝑖 ] encoding is uninformative, yet
realistic. Masks for all relations and attributes are learned jointly.

(2) FKJoin. We apply masks at message-passing, learning a
mask value𝑚𝜆𝑖 ∈ [0, 1] for every edge type 𝜆𝑖 . Since every foreign-
key pair corresponds to an edge type (see Section 2.4),𝑚𝜆𝑖 indicates
the importance of the corresponding join. Equation (1) becomes:

h(ℓ ) (𝑣) = UPD(h(ℓ−1) (𝑣) , 𝜇 (A (ℓ−1) (𝑣, 𝜆1, 𝑜1),𝑚𝜆1 ), . . . ,

𝜇 (A (ℓ−1) (𝑣, 𝜆𝑞, 𝑜𝑞),𝑚𝜆𝑞 ))

For each edge type 𝜆𝑖 , the same mask component𝑚𝜆𝑖 is applied at
the aggregate vector of messages irrespective of the direction 𝑜𝑖 , as
both directions correspond to the same join. Also, the same mask
components are used across all layers ℓ , because message-passing
corresponds to the same join operation irrespective of the GNN
layer. We replace each aggregate with a zero replacement vector u.

(3) Selection. First, consider the case of a single selection
predicate 𝜙 . We assign a mask𝑚𝜙 ∈ [0, 1] to all tuples that satisfy
𝜙 and a mask𝑚−𝜙 ∈ [0, 1] to the rest. For each node 𝑣 = (𝑅, 𝑡), we
set𝑚 (𝑅,𝑡 ) =𝑚𝜙 if 𝜙 (𝑡) = 1 and𝑚 (𝑅,𝑡 ) =𝑚−𝜙 otherwise. Masking
is then applied per tuple by adapting Equation (2) into:

X𝑣 = 𝜇 (Enc𝑅
(
Enc𝑅.𝐴1 (𝑡 [𝐴1]) ⊕ · · · ⊕ Enc𝑅.𝐴𝑛

(𝑡 [𝐴𝑛])
)
,𝑚 (𝑅,𝑡 ) )

Similarly to Projection, when masking 𝑣 = (𝑅, 𝑡), we replace X𝑣

with u = X𝑣′ for a replacement 𝑣 ′ = (𝑅, 𝑡 ′), 𝑡 ′ ∈ 𝐷 (𝑅) according to
a random permutation of tuples in 𝐷 (𝑅).

For the implementation of Selection, we consider conditions
that involve disjunctions of atomic predicates 𝜙1 ∨ · · · ∨ 𝜙𝑙 . Fol-
lowing real-valued logic techniques that map logical formulas into
differentiable form [69], we employ the Łukasiewicz t-conorm for
disjunctions. Thus, the mask values per tuple are calculated as
𝑚 (𝑅,𝑡 ) = min

{
1,
∑
𝜙𝑖 (𝑡,c𝑖 )=1𝑚𝜙𝑖

}
. A similar strategy may be ap-

plied for conjunctions. In our experiments (Section 6), we restrict
ourselves to categorical attributes with equality predicates and
numerical attributes with range predicates defined via quantiles.

In all cases, continuous mask values are mapped into discrete
explanations using a threshold 𝛿 > 0;𝑚′𝑥 = 1 if𝑚𝑥 ≥ 𝛿 and 0 other-
wise. Components 𝑥 with𝑚′𝑥 = 1 are included in the explanations;
the rest are omitted.

6 EXPERIMENTAL EVALUATION

Metrics. The main metric is deviation from determinacy devΔ (𝐸)
(see Definition 2). The distance dist is absolute difference of proba-
bilities for binary classification and normalized absolute difference
dist(𝑥,𝑦) = |𝑥−𝑦 |

|𝑥 |+|𝑦 |+𝜖 for regression, both bounded in [0, 1]. Each
devΔ (𝐸) estimate is over 5 perturbation samples; we report both
mean and standard deviation. Second, we evaluate the explanation
size 𝑘 . Recall that this is the number of projected data attributes
for Projection, the number of join conditions for FKJoin, and the
number of predicates for Selection. Finally, we report the genera-
tion time, which corresponds to training time for mask learning.

Data.We use RelBench, the standard benchmark for RDL [98]
with real-world databases and diverse predictive tasks. We focus on
node-level tasks, i.e., regression and binary classification. Dataset
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details are provided in the online appendix. As Table 2 shows, we
denote each combination of database 𝑖 and task 𝑗 as D𝑖T 𝑗 .

Explained Models. We train RDL models from scratch. For
each database, we construct a graph (Section 2.4) and use Py-
Torch Frame [58] for feature encoders. The GNN is implemented
in PyG [41] with 32-dimensional channels. We perform hyper-
parameter tuning over the learning rate, batch size, and number
of GNN layers, and use the train/val/test split of the benchmark.
Our models reach performance similar to the one previously re-
ported [98] for GNN approaches. For each explanation task, we
sample 100 instances for mask training and 100 instances for eval-
uation. For classification tasks, we report a class-balanced 𝑑𝑒𝑣Δ
that averages over an equal number of instances from each class,
avoiding majority-class dominance. For temporal tasks we perform
temporal sampling [40] to ensure time-consistency.

Methods. (1)Mask-based: Ourmethod as introduced in Section 5,
with early stopping and thresholding with 𝛿 = 0.1. Note that, on
average, only 1.97% of mask values for Projection and 2.17% for
FKJoin fall in the range [0.05, 0.2] and are sensitive to small 𝛿
variations. (1a) Column Mask: Masks for Projection. (1b) FKPK
Mask: Masks for FKJoin. (1c) Filter Mask: Masks for Selection.

Since no prior work generates SQL explanations for RDL, we
implement a set of baselines. (2) Ranking-based for Projection:We
order data attributes according to their importance, and select the
top-𝑘 for each target explanation size 𝑘 . A known limitation of such
methods is that they ignore dependencies between attributes [88].
(2a) Local Impact: The importance of a data attribute is computed
as 𝑑𝑒𝑣Δ when the attribute is taken as an explanation by itself. The
lower the 𝑑𝑒𝑣Δ the more important the attribute. (2b) PFI: We adapt
Permutation Feature Importance (PFI) [88] bymeasuring the change
in 𝑑𝑒𝑣Δ when each attribute is removed. Attributes are ranked by
impact, where higher deviation implies higher importance.

(3) Greedy approach for Projection and FKJoin: (3a) Greedy:
Starting from the empty set, we iteratively add the attribute that
yields the largest reduction in 𝑑𝑒𝑣Δ. (3b) Greedy Expansion: At
each step, we add a join that maximally reduces𝑑𝑒𝑣Δ while ensuring
connectivity to the prediction entity. This is more computationally
feasible than Greedy due to fewer join candidates at each iteration.

(4) Random Subset for Projection: We randomly sample the
data attributes and report the average over 5 samples.

Experiment details. For text attribute embeddings we use a
BERT-based model1. Experiments are done on a VM with an RTX
6000 Ada GPU, 14 vCPUs, and 188 GB of RAM.

Evaluation plan. We evaluate mask learning separately for
Projection and FKJoin. For fair comparison, we use the same
explanation size for all methods, denoted as 𝑘∗, which we determine
by mask thresholding as discussed in Section 5. We also assess the
robustness of 𝑑𝑒𝑣Δ under different database perturbation strategies
Δ. Finally, we conduct a case study to show end-user usefulness.

6.1 Projection Evaluation

Figure 5 reports the results for Projection across all datasets and
tasks, including averages (AVG).Figure 5a and Figure 5b show devΔ
for two different perturbation strategies. The main takeaway is

1https://huggingface.co/sentence-transformers/distilbert-base-nli-mean-tokens, Ac-
cessed: 2025.

that Column Mask produces higher quality explanations (in terms
of devΔ) than the baselines on most tasks, and on average, while
outperforming them on execution time (Figure 5c) by 1-2 orders
of magnitude for large databases. This is expected since Column
Mask’s running time is dependent on the size of the model and the
size of the explanation task, which is usually small. Among the
baselines, PFI gives the best results both on quality and on time.
However, all baselines suffer from their costly dependence on the
schema size, i.e., the number of data attributes that they consider. On
database D1 PFI is faster, but this is due to the fact that the database
is small and has a concise schema. Comparing the two perturbation
strategies, they appear to yield similar results, indicating that devΔ
is robust to the choice of permutation approach.

While Figure 5 assumes the same explanation size 𝑘∗, Figure 6
shows 𝑑𝑒𝑣Δ for various explanation sizes 𝑘 , illustrating the tradeoff
between the two. As the size 𝑘 increases, we generally observe 𝑑𝑒𝑣Δ
decreasing, i.e., improving explanation quality. This is not true for
Random Subset, which shows that the choice of attributes in the
explanation is crucial. For smaller 𝑘 than 𝑘∗, the baselines are often
better than Column Mask, but Column Mask usually outperforms
them for the optimal 𝑘∗ (i.e., the end of the axis).

6.2 FKJoin Evaluation

Our method FKPK Mask achieves an average (across all datasets and
tasks) devΔ of 0.1366 ± 0.0020 for Δuniform

𝐸
and 0.1359 ± 0.0022 for

Δ
freq
𝐸

. The baseline Greedy Expansion yields 0.1400 ± 0.0022 and
0.1415 ± 0.0023 for the respective distributions. In terms of devΔ,
the gap between FKPK Mask and Greedy Expansion is smaller
than in previous experiments, but FKPK Mask still provides a small
average advantage, winning 54% of the time (15 out of 28 compar-
isons, excluding datasets with ≤ 2 joins). As before, the mask-based
approach FKPK Mask is significantly faster than the greedy baseline
Greedy Expansion, requiring only 101.46 seconds on average com-
pared to 2114.02 seconds under Δuniform

𝐸
and 2844.50 seconds under

Δ
freq
𝐸

, offering a speedup of 1-2 orders of magnitude consistent
across the vast majority of datasets-tasks. The differences between
the two perturbation strategies are again minor verifying that our
metric is robust across the perturbation variants considered.

6.3 Case Study: Diagnosing Model Behavior

We demonstrate how our framework’s expressivity enables users to
diagnose model behavior through a series of controlled scenarios
on the rel-trial dataset [27], a database of clinical trial reports. It
contains 15 tables with a total of 5,852,157 rows and 140 attributes,
out of which 110 are data attributes and 30 are key or foreign-key
attributes. We focus on the binary classification study-outcome
(D6T1), that predicts whether a trial achieves its primary outcome.
To show how different ELs reveal distinct issues, we also construct
3 synthetic variants of the original task, summarized in Table 1.

Original Task. Our method identifies the deciding factors for
whether a study will achieve its outcome. It highlights 15 data at-
tributes and 10 foreign-key pairs using Projection and FKJoin
respectively. Utilized facilities (“studies JOIN facilities_studies
JOIN facilities”) and study designs (“studies JOIN designs”) are
revealed as key predictors. The relation designs originally contains
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Figure 5: Evaluation for Projection. For visualization purposes, tasks are separated into “easy” (left) and “hard” (right) ones,

with separate devΔ scales. The average (AVG) across all tasks is also shown. Below the dataset and task name, we indicate the

explanation size 𝑘∗ and the total number of data attributes.
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Figure 6: Soft determinacy versus conciseness for Projection explanations, for 8 tasks and database perturbation Δind
𝐸

.

13 data attributes, of which 3 are important: allocation, interven-
tion_model, primary_purpose. The relation facilities contains 3
additional important data attributes: name, city, and country, indi-
cating that names and locations of utilized facilities highly influence
the study success or failure. Notably, no attributes from the out-
comes relation (e.g., outcome type or description) are included,
indicating they do not help predict outcome achievement. We fur-
ther examine the important selection predicates discovered by our
method using Selection. Our method detects the following pre-
dictive predicates: “designs.allocation = 0” selects single-arm trials,

“designs.intervention_model = 0” selects single-group interventions
and “studies.phase ∈ {0, 2, 4}” selects trials based on the phase.

Scenario 1: Detecting Column-Level Data Leakage. We
simulate a realistic mistake: a user inadvertently includes a pre-
lim_evaluation table where studies receive an evaluation from mul-
tiple reviewers (many-to-many join) and the numerical column
rating (∈ {1, 2, 3, 4, 5}) as part of the evaluation record is perfectly
correlated with outcome (high grades (∈ {4, 5}) → positive out-
comes, low grades (∈ {1, 2}) → negative outcomes). The trained
model achieves suspiciously high performance (ROC-AUC ≃ 100%).
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Table 1: Summary of case study scenarios showing how dif-

ferent explanation languages reveal distinct patterns.

Scenario EL Size Key Artifacts

Original ALL 30 facilities, designs, etc.
Column Leakage Projection 1 SELECT rating FROM prelim_evaluation
Tuple Leakage Selection 3 eval_category IN (“A”, “B”, “C”)
Structural FKJoin 1 studies JOIN sponsors_studies

Projection 0 No sponsor data attributes

Using Projection, our method immediately flags the rating col-
umn as highly important (maskrating ≃ 1), while mask values for
all other columns are ≃ 0. This provides a clear signal to investigate
potential leakage in this specific column.

Scenario 2: Pinpointing Tuple-Level Leakage.We now make
the leakage more subtle: each evaluation record refers to a certain
evaluation aspect (e.g., “financial”, “ethics”, “methodology” etc.)
indicated by a column eval_category that admits 10 categorical
values (“A”, . . . , “J”). In this case, only ratings on the first three
categories (“A”, “B”, “C”) are correlated with outcomes (as before)
while the rest are uncorrelated. Model performance is again high.
Projection identifies rating as important alongwith eval_category.
Subsequently, to understand which evaluations cause leakage, we
use Selection on the eval_category column. The method precisely
identifies the predicate eval_category IN (“A”, “B”, “C”) with high
mask value, while other evaluation records have low importance.
This fine-grained diagnosis enables targeted data cleaning.

Scenario 3: Understanding Structural Importance.Wemake
the outcome depend purely on structure: outcome = 1 if the study
has multiple sponsors, else 0. The model learns this pattern well.
FKJoin explanations reveal the sponsors_studies join as critical.
However, Projection explanations show that no specific sponsor at-
tributes are important, the predictive signal comes entirely from the
join structure (i.e., counting sponsors). This illustrates that expres-
sivity across multiple languages is essential: neither Projection
nor FKJoin alone would provide the complete picture.

6.4 Retraining Results

As a sanity check, we retrain the models using only the subset of
the data retained by our Projection and FKJoin explanations. As
Table 2 shows, performance is comparable for most tasks while
the database size is substantially smaller. This confirms that the
selected data retain the core predictive signal.

7 RELATEDWORK

Learning over a relational database. Statistical relational learn-
ing [47, 96] is one of the first approaches to directly leverage the
relational structure, factorized learning [66, 92, 102] avoids costly
joins, automatic feature engineering [26, 62, 109, 129] synthesizes
new features, while other approaches train arbitrary (often tree-
based [22]) predictive models. The currently emerging approach
is Relational Deep Learning (RDL) [29, 40, 114]. It models the re-
lational database as a heterogeneous graph, and employs tabular
feature encoders [58] trained jointly with Graph Neural Networks
(GNNs) to solve a wide range of predictive tasks. The current re-
search frontier further builds specialized architectures for RDL that

fall under the same GNN paradigm [23, 55, 127] and adapts Graph
Transformers to the relational setting [35]. Of course, the RDL ap-
proach inherits the opacity of “black-box” deep learning, creating
the need for explainability. Since RDL models, irrespective of their
implementation, make predictions at the database level, we con-
sider explanations that refer to the database rather than the specific
modeling components, such as the heterogeneous graph.

ML explanations. To address the explainability in RDL, we
review the broader XAI literature. Explanations are categorized
as either local (i.e., focusing on individual predictions) or global
(i.e., explaining a model’s overall behavior) [14, 53, 88, 101]. For
example, local feature attribution methods [76, 97, 110], explain in-
dividual predictions by assigning importance scores to each feature
associated with a specific instance, while global feature importance
methods like PFI [15] and its variants [32, 42, 89], detect impor-
tant features across all predictions by measuring the each feature’s
impact on model performance. A more formal distinction further
classifies these methods into abductive and contrastive [13, 82]. Ab-
ductive explanations identify minimal subsets of the input sufficient
to preserve the model’s prediction, whereas contrastive explana-
tions specify the minimal changes required to alter it. In our context,
explanation views are global, as they refer to the database as awhole,
and abductive, as they identify the database components sufficient
to determine the model’s behavior. Crucially, traditional XAI as-
sumes a feature vector associated with each prediction instance. In
RDL, there is no single “prediction tuple” containing all relevant
features. Instead, predictions use the relational graph where tu-
ples across multiple tables are connected, and features are derived
through message-passing and aggregation. This makes these meth-
ods conceptually misaligned with RDL, as they ignore that features
are computed by combining multiple connected tuples and that the
relational structure itself carries predictive information.

Subgraph-based GNN explanations. Instance-level (i.e., local)
explanations specific to Graph Neural Networks (GNNs) aim to an-
swer questions of the type “Why does the GNN produce a particular
output for a given instance (i.e., node in the graph)?”. Most of these
explanations are at the level of individual graph elements, i.e., the
explanation is a subgraph of the input graph. Some instance-level
explainers focus on neighboring nodes and their individual features
[45, 68, 95, 113], others on important edges [75, 122], while oth-
ers on connected subgraphs [70, 71, 87, 108, 126]. Few are tailored
to hetero-GNNs [68, 87] by specializing subgraph explanations to
meta-paths. Similarly, global GNN explainers, which provide in-
sights for a GNN across all instances, use subgraphs as explanations.
More specifically, some recover a collection of subgraphs that col-
lectively explain many instances [24, 65, 77, 117, 124] aiming at
explanation generality, while others extract instance-level expla-
nation subgraphs which are then combined into global insights
[7, 24, 78]. In contrast to our approach, most global explainers im-
plicitly assume the predictive tasks are motif-based [9] and they
are often evaluated against a ground truth. We refer the reader
to a recent survey for more details on these techniques [125]. We
depart from all these subgraph-based approaches in the following
ways: 1 Our explanations are expressed in terms of the relational
database, which is the input object, instead of the graph that is part
of modeling. 2 The complexity of our explanations is measured on
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Table 2: Databases, tasks, model performance, and perfor-

mance after training with only the data in our explanations.

Database, Task D𝑖T𝑗 Perf.

Masked

Perf.
Diff

% Re-

moved

Binary Classification (ROC-AUC)

rel-f1, driver-dnf D1T1 75.91 73.27 -2.64 51.19%
rel-f1, driver-top3 D1T2 76.50 67.29 -9.21 55.49%
rel-avito, user-clicks D2T1 65.03 67.28 2.26 1.93%
rel-avito, user-visits D2T2 64.45 63.64 -0.81 8.34%
rel-stack, user-engage D3T1 89.92 89.60 -0.32 64.56%
rel-stack, user-badge D3T2 88.33 88.11 -0.23 84.05%
rel-hm, user-churn D4T1 68.79 68.82 0.03 50.84%
rel-trial, study-outcome D6T1 71.33 69.40 -1.92 79.46%
rel-event, user-repeat D5T1 75.45 78.60 3.16 94.81%
rel-event, user-ignore D5T2 79.34 75.22 -4.12 73.21%

Regression (MAE)

rel-f1, driver-position D1T3 3.2444 3.3487 0.1043 51.22%
rel-avito, ad-ctr D2T3 0.0451 0.0457 0.0006 11.86%
rel-hm, item-sales D4T2 0.0574 0.0566 -0.0008 31.35%
rel-trial, study-adverse D6T2 46.7445 45.4555 -1.2890 85.23%
rel-trial, site-success D6T3 0.3245 0.3747 0.0502 76.02%
rel-event, user-attendance D5T3 0.2449 0.2381 -0.0067 94.51%

SQL views, which can succinctly refer to billions of data points. This
implies that subgraph-based explanations can be expressed as SQL
views, often much more succinctly than in graph-based representa-
tions. 3 Our SQL explanations can express database components
that go beyond simple subgraphs. For example, a single-column
projection does not correspond to a connected subgraph. It is also
possible for explanations to refer to derived information, such as
aggregates which do not explicitly exist in the graph at all.

Other GNN explanations. Beyond subgraphs, there are other
types of explanations that are fundamentally different. First, some
approaches, if adapted to RDL, would not correspond to any data-
base elements [11, 59, 104–106, 113, 130], e.g., because they refer
to GNN layers or construct surrogate models. Second, distillation
[94] can map the GNN into a logical classifier. This is similar in
spirit to our explanations; however, their base predicates refer to
inner features of the model and can quickly become too complex.
Finally, self-explainable GNNs [30] claim to provide simpler GNN
models, thus with better interpretability properties. Recently this
approach has been adapted to RDL, but it is limited to meta-path
selection [39]. Our explanations are given post-hoc on an already
trained model, instead of training a simpler model from scratch.

Success metrics. Most prior work focuses on sufficiency of ex-
planations, i.e., finding a small subgraph that (by itself) retains the
GNN prediction, quantified by a metric called fidelity2 [125]. Vari-
ants of this metric either focus on retaining prediction confidence
[68] or robustness under random, [132], infinitesimally small [2],
and even adversarial [38] perturbations. In addition to sufficiency,
some works assess explanation necessity [3, 74], i.e., whether the ex-
planation subgraph is essential to maintain the prediction. Closest
to soft determinacy is a fidelity variant called degree of sufficiency
[8, 9] in that it has a probabilistic nature. Compared to all this prior
work, our evaluation has the following key differences: 1 Since
the framework is general, soft determinacy is parameterized by the
explanation language EL. In contrast to subgraph modifications,
2Fidelity is sometimes referred to as fidelity minus [3] or sufficiency [74]

the perturbations needed for soft determinacy are in the database
space and must respect EL to be valid. 2 We minimize explanation
complexity with respect to query instead of data size. 3 We also
focus on the time to obtain an explanation, which has received
limited attention in prior work, with few exceptions [24, 71, 126].

Explanations in databases. In the context of database research,
explanations target various phenomena including why specific
query results are present or not (why-not explanations) [20], out-
liers [86, 120], trends [100] or bias [25, 123] in query outputs,
and performance anomalies [61, 128]. Diverse approaches have
been employed: Provenance-based methods [48] attribute query
results back to input tuples, with techniques ranging from deriv-
ing provenance expressions [4, 16, 51, 52, 107] to quantifying tu-
ple contributions via Shapley values [34, 72, 73] or responsibility
measures [44, 83, 84]. Intervention-based approaches perform tar-
geted data perturbations (e.g., tuple deletion or addition) to assess
causal impact on particular outcomes [99, 100, 120]. Summarization
methods place a focus on conciseness, e.g., employing predicates
[1, 37, 46, 67, 99, 100, 120] or taxonomies [49, 115] to succinctly de-
scribe significant parts of the database. Example-based techniques
focus on minimal examples to enhance interpretability, e.g., high-
lighting errors via counterexamples [85]. These approaches are not
mutually exclusive and can be combined, e.g., using summarization
to refine complex provenance expressions [67, 111]. A complete
taxonomy can be found in [50]. These efforts parallel XAI in aiming
to explain algorithmic outputs via input data and/or computational
logic. Differently, in our framework, explanations are themselves
simple queries, explaining complex queries (deep models).

8 CONCLUSIONS AND FUTUREWORK

We presented a model-agnostic framework for abductive global
explanations of ML models over relational databases, and studied
its instantiation on hetero-GNNs, forwhichwe proposed an efficient
mask-learning approach. Our extensive evaluation on the RelBench
benchmark demonstrated that our method discovers high-quality
explanations with low runtime across diverse tasks.

Several directions for future work emerge from our framework
that concern broadening the applicability and expressivity. One
natural direction is to support additional explanation languages
using aggregates, grouping, nesting, or more complex selection
predicates. To achieve this, several interesting challenges arise, in-
cluding defining appropriate database perturbations that respect
the semantics of these constructs, systematically identifying good
candidate predicates, and investigating efficient approaches for ex-
planation discovery, since it is unclear whether mask-learning can
be applied. Another direction is to develop efficient instantiations
for different model classes, e.g., attention-based models [36, 56, 118],
and different predictive tasks, e.g., recommendations. Beyond these,
a fundamental question is to identify explanation languages that
naturally align with a given use case; can we predict which expla-
nation constructs will yield the most useful results for a particular
combination of model architecture and database schema?
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