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Abstract
Modern data analysis platforms, such as Tableau, Microsoft Power

BI, Google Looker Studio, Kibana, and Splunk, have democratized

data exploration by enabling users to interact with data through

intuitive visual interfaces, eliminating the need for proficiency in

query languages like SQL. These platforms allow both experts and

non-experts to perform high-level operations and incrementally

construct complex analysis workflows. As the volume and com-

plexity of data grow, assisting users in navigating these workflows

becomes increasingly important. One promising direction is to

provide intelligent next-action recommendations that guide users

through meaningful and efficient exploration paths.

In this paper, we presentExplorAct, a context-aware next-action
recommendation framework that leverages historical session logs

to predict and suggest relevant next steps during data exploration.

Unlike existing approaches that suffer from scalability issues due

to log-size-dependent retrieval, ExplorAct achieves constant-time

inference by employing a deep learning architecture that models

both the structural and sequential aspects of exploration sessions.

Through extensive experiments on four real-world datasets, we

show that ExplorAct consistently outperforms state-of-the-art

(SOTA) baselines across three core recommendation tasks, while

maintaining stable and low-latency inference regardless of log size.

CCS Concepts
• Information systems→ Recommender systems; Query sug-
gestion; Data analytics; • Mathematics of computing → Ex-
ploratory data analysis.
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1 Introduction
Modern interactive data analysis (IDA) platforms empower users to

explore and gain insights from complex datasets. However, as these

platforms grow in complexity, users — particularly non-experts

—face increasing challenges in navigating their workflows effi-

ciently [2]. To mitigate this, action recommendation systems have

emerged as promising tools to guide users by suggesting relevant

next steps during exploratory analysis. Practical recommendations

not only accelerate the discovery process but also enhance user

understanding and decision-making by reducing cognitive and op-

erational overhead.

Consider the case of scientists analyzing datasets from multiple

experimental trials to identify anomalies or validate theoretical pat-

terns. Recommendations based on previous exploration sessions,

either their own or those of peers, can foster collaboration and

knowledge transfer [14, 17, 28]. Such suggestions serve dual roles:

encouraging novel exploration while grounding actions in previ-

ously successful analytical strategies. The result is a more efficient,

informed, and user-friendly analysis experience.

Recent work has formalized the next-action prediction prob-

lem in IDA platforms, particularly within multi-dataset environ-

ments [28]. Other efforts have targeted related challenges, such as

estimating the "interestingness" of query results [36], or generating

exploration notebooks that encapsulate analytical intent [5, 25],

which often rely on prior knowledge of the analysis objective and

are less suited to open-ended exploratory scenarios. Additional lines

of research focus on explaining user behaviour via interestingness-

based rationales [10].

A common abstraction used in state-of-the-art (SOTA) next-

action recommendation systems is the analysis tree: a hierarchical
representation of a user’s exploration session, where nodes de-

note actions and edges encode transitions or dependencies [28].

From these, a context tree is derived to represent the user’s current

state. This structured representation offers advantages over flat se-

quences by preserving branching behaviors typical in exploratory

workflows. Despite this, existing systems face two key limitations

(depicted in Figure 1):

1○ Under-utilization of Tree Structures: Prior work largely

applies simple similarity-based retrieval over context trees, pri-

marily using 𝑘-nearest neighbors with tree edit distances [28, 36].

Such an approach fails to exploit the rich, hierarchical, and feature-

annotated nature of these trees, leaving substantial latent informa-

tion untapped.

2○Neglect of Sequential Patterns:While tree structuresmodel

the structural context of a session, they often overlook the inher-

ently sequential nature of exploration. The temporal progression
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of user actions carries important signals for predicting future steps,

which are under-exploited in current approaches.

To address these gaps, we propose ExplorAct, a deep learning

framework for context-aware next-action recommendation in mod-

ern IDA platforms. Our key idea is to combine the expressive power

of graph-based representations with sequential modeling, captur-

ing both the structural context (via context trees) and temporal

dynamics (via action sequences).

Similar to the prior work [28], we focus on three core recom-

mendation tasks:

1○ Action-Type Recommendation: Predicting the next type of
analytical action a user is likely to perform (e.g., filter, projection).

2○ Column Recommendation: Suggesting the most relevant

column(s) for the upcoming action.

3○ Action-Type and Column Pairing: Jointly predicting action-

type and associated column, a more fine-grained and practical

recommendation setting.

This work makes the following key contributions:

• Problem Formulation:We formulate next-action recom-

mendation as a candidate probability prediction task. This

novel formulation enables us to train on new candidates

incrementally without restructuring the model architecture.

• NovelDeep LearningArchitecture:We introduce a hybrid

model combining Graph Isomorphism Networks (GIN) to

embed structural context and Gated Recurrent Units (GRU)

to capture sequential dependencies, viewing context trees

as a sequence of evolving user states. We also provide two

variants of input encoding strategies.

• Evidence Fusion via Dempster-Shafer Theory (DST):
We propose an evidence fusion mechanism to improve rec-

ommendation robustness across tasks. Each model, trained

for a specific task, acts as an independent evidence source

with its own uncertainty. We use DST to systematically com-

bine these sources, yielding more reliable joint action-type

and column recommendations.

• Comprehensive Experimental Validation: Through ex-

tensive experiments on real-world data sets, we demon-

strate consistent improvements of up to 16.98% (11.5% avg.),

22.22% (17.02% avg.), and 20.94% (13.69% avg.) of Recall@3

for the three recommendation tasks, over the SOTA respec-

tively. Column recommendation and joint action-type, col-

umn recommendation tasks show improvements up to 34.38%
(22.49% avg.), and 13.87% (11.54% avg.) of Mean Recipro-

cal Rank, respectively. Our model also achieves superior

generalization and sample efficiency. Notably, the inference

cost remains constant with respect to session log size, a key

advantage over existing kNN-based methods, which scale

poorly due to log-size-dependent retrieval operations. The

inference time depends only on the maximum context size of

a context tree sequence. We publish our code to assist future

research.

The remainder of this paper is organised as follows. Section 2

defines the problem formally. Section 3 presents our proposed frame-

work in detail. Section 4 reports empirical results, followed by a

discussion. Section 5 reviews related work and background. We

conclude in Section 6.
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Figure 1: Existing SOTA vs. ExplorAct

Table 1: Summary of notations.

Symbol Definition
↦→ Mapping operator

𝐴 The set of attributes (columns)

𝑎 ∈ 𝐴 An attribute/column 𝑎

𝑂𝑖
The set of rows (records)

in the 𝑖-th dataset

𝐷𝑖 = (𝑂𝑖 , 𝐴) The 𝑖-th dataset

𝐶 The set of all possible columns

𝐷 = {𝐷𝑖 | 𝑖 = 1, 2, . . . }
The set of datasets with

matching attributes (same

columns, different rows)

D = (
⊕𝑚

𝑖=1𝑂𝑖 , 𝐴) The concatenated (

⊕
) dataset.

𝑎(𝐷𝑖 )
The multiset of values for

attribute 𝑎 in 𝐷𝑖

𝑎(D) The multiset of values for

attribute 𝑎 in D

Δ𝑟 = (𝑜𝑖 , 𝑐)
𝑜𝑖 ⊆ 𝑂𝑖 , 𝑐 ⊆ 𝐶

The result of an action 𝛼𝑠
performed on dataset 𝐷𝑖 ;

𝑟 ∈ Z+ indicates step index

𝑎(Δ𝑟 )
The multiset of values for

attribute 𝑎 in Δ𝑟

𝜁 ∈ 𝑍∗
𝑍∗ is the set of candidates
for a recommendation task,

and 𝜁 is one such candidate

2 Preliminaries and Problem Definition
To motivate and formalize our recommendation approach, we begin

by introducing key concepts that capture user interactions during

data exploration. We first define the structure of analysis actions,
which serve as the atomic units of user behavior. Next, we describe

how sequences of these actions form analysis trees, which represent

the evolving state of a user’s exploration session. From these trees,

we extract context trees, substructures that encapsulate the recent
history leading to a given action, and use them as the primary

input to our learning model. Finally, we formally define the recom-

mendation objective. The notations used throughout the paper are

summarized in Table 1.
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Throughout the paper, we use a running example in which users

explore datasets containing information about age, country, city,

employment, and COVID-19 vaccination status of surveyed popu-

lations. The datasets contain the columns: Id, Age, Country, City,
Employed, and Vaccinated.

We define analysis actions (Def. 2.1), analysis trees (Def. 2.2),

and context trees (Def. 2.3) as follows.

Definition 2.1 (An Analysis Action). An analysis action 𝛼 on a

dataset 𝐷𝑖 ∈ 𝐷 is a tuple 𝛼 = (𝜏, 𝑎, 𝜅,Ω,Λ) where, 𝑎 ∈ 𝐴, 𝜏 ∈ T , 𝜅 ∈
{∅} ∪ K , 𝜔 ∈ {∅} ∪ Ω, Λ ∈ {∅} ∪ {(𝑎,𝛾) | 𝑎 ∈ 𝐴, and 𝛾 ∈ Γ}.

The set T = {Projection, Filter, Group, Sort} includes all

possible action types. K includes operators such as =, ≤, >, while
Ω contains literal values used in filtering operations (e.g., fil-

tering rows where Country equals "France"). The set Γ =

{count, min, max, sum, avg} specifies aggregation functions for col-

umn operations (e.g., avg(Age), count(City)). The component

Λ pairs columns with these aggregation functions. Note that the

action type and column are always present, while the other compo-

nents are optional.

An example of an action is (Filter, Country,=, "France").
Henceforth, we refer to analysis actions simply as actions.

The recommendation task involves suggesting possible compo-

nents of an action (e.g., column) or combinations of components

(e.g., action type and column).

Definition 2.2 (Analysis Tree). Given a dataset 𝐷𝑖 ∈ 𝐷 , let Ψ =

(𝑢0,𝑈Ψ, 𝐸Ψ) be an analysis tree, where:

𝑢0 ↦→ Δ0 ↦→ 𝐷𝑖 is the root node;𝑈Ψ = {𝑢0, . . . , 𝑢𝑟 , . . . } is the finite
set of nodes, ordered such that 0 < · · · < 𝑟 < . . .; 𝐸Ψ is the set

of directed edges; Each node 𝑢𝑟 maps to an action result Δ𝑟 i.e.

𝑢𝑟 ↦→ Δ𝑟 ; A directed edge 𝑒𝑠 = (𝑢𝑟 , 𝑢𝑠 ) ∈ 𝐸Ψ exists if an action 𝛼𝑠
is performed on Δ𝑟 resulting in Δ𝑠 . Thus, each edge 𝑒𝑠 ↦→ 𝛼𝑠 .

Continuing the example, Figure 2a illustrates an analysis tree

representing a user’s exploration session.

Definition 2.3 (𝛿-Context Tree). Let Ψ = (𝑢0,𝑈Ψ, 𝐸Ψ) be an analy-

sis tree. The 𝛿-context tree of an action 𝛼𝑟 is defined as the minimal

(i.e., smallest connected) sub-tree of Ψ that includes the 𝛿 most

recent nodes preceding the edge 𝑒𝑟 ↦→ 𝛼𝑟 . Formally, it contains the

nodes {𝑢𝑟−𝛿 , 𝑢𝑟−𝛿+1, . . . , 𝑢𝑟−1} ⊆ 𝑈Ψ . The corresponding context

tree is denoted𝜓 = (𝑈𝜓 , 𝐸𝜓 ). Note that a 𝛿-context tree exists for
𝛼𝑟 if and only if 𝑟 − 𝛿 ≥ 0.

Figure 2b illustrates the 3-context tree for action 𝛼7 of the analy-

sis tree shown in Figure 2a.

2.1 Problem Definition
Intuitively, our goal is to estimate the likelihood that a given context

tree sequence leads to a particular action. Each action corresponds

to a candidate, which we represent as an object. We recommend

the top-𝑛 most probable actions based on this likelihood.

For instance, in recommending columns, each candidate rep-

resents a different column. As described in the next section, we

represent these candidates using a graph structure called the Can-
didate Representative Graph.

Definition 2.4 (Objective). Given a context tree (Def. 2.3) sequence
[𝜓1, . . . ,𝜓𝑇 ] and an object 𝜙 (e.g. a graph, a vector, an image etc.)

representing a candidate 𝜁 ∈ 𝑍 , find a function 𝑓 (·, ·) that esti-
mates the likelihood that the given sequence leads to the action

represented by 𝜙 , i.e.,

𝑓 ( [𝜓1, . . . ,𝜓𝑇 ], 𝜙) ∈ [0, 1] .

Figure 3 shows a simple context tree sequence based on the

analysis tree (Fig. 2a).

3 ExplorAct Framework
To support intelligent recommendations during data exploration,

we propose ExplorAct, a framework designed to predict the subse-

quent analysis action a user is likely to take. ExplorAct leverages

both the contextual properties of recent user interactions and the se-

quential behavior inherent in exploratory tasks. The framework in-

tegrates tree-based and sequence-based modelling with uncertainty

reasoning to provide accurate and interpretable recommendations.

We now describe the core components of ExplorAct, including its

recommendation tasks, overall architecture, and key design choices.

The action-type recommendation task is denoted as 𝜏-rec, the

column recommendation task as 𝑎-rec, and the combined action-

type and column recommendation task as (𝜏, 𝑎)-rec. The user’s

choice of action-type and the corresponding column are key factors

that determine their analysis trajectory.

3.1 Framework Overview
A high-level overview of the ExplorAct framework is shown in

Figure 4. The pipeline comprises four core stages: candidate repre-

sentative object generation, training, evidence fusion, and recom-

mendation.

• Candidate Representative Object Generation: Since the prob-
lem is modeled as a candidate probability prediction task, effec-

tively representing candidate-specific information is critical. To

this end, we introduce a simple yet effective method called can-
didate representative graphs. These graphs capture candidates’
characteristics, aiding the model in predicting actions from con-

text sequences.

• Training:We formulate two types of context tree sequences to

serve as our model’s input. These sequences are used in super-

vised training tasks across all three recommendation types (𝜏-rec,

𝑎-rec, and (𝜏, 𝑎)-rec). The model is trained to learn sequence-

based patterns that lead to specific candidates.

• Evidence Fusion: Once the models for the individual tasks are

trained, we treat each as a source of uncertain evidence. We use

Dempster-Shafer Theory (DST) to fuse their outputs, generat-

ing improved predictions for the (𝜏, 𝑎)-rec task. DST enables us

to combine the strengths of each model while accounting for

uncertainty in their predictions.

• Recommendation: Based on the fused candidate probabilities,

we select the top-𝑛 candidate actions to recommend to the user

as potential next steps.

ExplorAct is designed to leverage the hierarchical and contextual

information in context trees and the temporal patterns in sequences

of analysis actions. We hypothesize that Graph Isomorphism Net-

works with Edge-features (GINE)[21, 40], a state-of-the-art Graph

Neural Network (GNN) model, can effectively extract rich, latent
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u0

u1 u7

u4

u2

u5

u3

u6

α1: FILTER by 
Country='France'

α4: FILTER by
Age > 35

α7: SORT by
Age

α3: GROUP by 
Vaccinated

α6: GROUP by
Employment

α5: GROUP by
City

α2: FILTER by
Age > 30

ID Age Country City Employed Vaccinated

1 23 France Paris Yes Yes

5 29 France Lyon Yes Yes

… … … … … …

20 30 France Bordeaux No Yes

25 41 France Toulouse Yes Yes

ID Age Country City Employed Vaccinated

2 45 USA New York No Yes

4 52 UK London No Yes

... … … … … …

25 41 France Toulouse Yes Yes

ID Age Country City Employed Vaccinated

10 50 France Marseille No Yes

15 46 France Nice Yes Yes

25 41 France Toulouse Yes Yes

Vaccinated Count

Yes 3

Employed Count

Yes 2

No 1

ID Age Country City Employed Vaccinated

25 41 France Toulouse Yes Yes

15 46 France Nice Yes Yes

10 50 France Marseille No Yes

ID Age Country City Employed Vaccinated

1 23 France Paris Yes Yes

2 45 USA New York No Yes

4 52 UK London No Yes

… … … … … …

24 34 Germany Munich No Yes

25 41 France Toulouse Yes Yes

City Count

Paris 1

Lyon 1

Marseille 1

Nice 1

Bordeaux 1

Toulouse 1

Δ0

Δ1

Δ2

Δ4

Δ5

Δ7

Δ6

Δ3

(a) An example analysis tree. Node 𝑢0 represents the initial dataset Δ0. An action 𝛼 𝑗

on an action result Δ𝑖 represented by node 𝑢𝑖 leads to the action result Δ𝑗 represented
by node 𝑢 𝑗 . See Def. 2.2.

u0

u1 u7

u4

u2

u5

u6

α6: GROUP by
Employment

u3
α3: GROUP by 

Vaccinated

α5: GROUP by
City

α7: SORT by
Age

α2: FILTER by
Age > 30

α1: FILTER by 
Country='France'

α4: FILTER by
Age > 35

depth 0

depth 3, 
order 1

depth 3, 
order 0

(b) The 3-context tree for action 𝛼7 from the analysis
tree presented in Figure 2a (Def. 2.3). Positional iden-
tity assignments of nodes 3 and 6 are shown (Sec. 3.3.2).

Figure 2: Analysis Tree and Context Tree
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Figure 3: Context Tree Sequence for Action Sequence
[𝛼4, 𝛼5, 𝛼6].
representations from context trees.We select GINE due to its demon-

strated performance on graph isomorphism tasks, which are essen-

tial for capturing nuanced structural variations in user interaction

histories. Section 3.2 describes how we construct feature vectors

for the nodes and edges of the analysis trees to be consumed by the

GINE layers.

To model sequential patterns, we employ Gated Recurrent Units

(GRUs)[6]. We opt for GRUs instead of Long Short-Term Memory

(LSTM)[18, 20] models due to their lower computational cost[7] and

the relatively short lengths of analysis action sequences (typically

up to 25 steps). This combination enables efficient and accurate

modeling of user exploration behavior.

3.2 Node and Edge Feature Vectors
To be processed by GINEs, feature vectors are assigned to nodes

and edges of analysis trees, with features inherited by context

trees. ExplorAct employs a simple method for node feature vector

generation. First, generate feature vectors for each column of the

action result. Then, concatenate those vectors to form the action

result vector. Finally, dimensionality is reduced to produce node

feature vectors. For each column, including those from aggregations

(count, min, max, sum, avg), we compute a probability vector over

bins, unique items, or text templates.

We need to define new columns based on analysis actions

originating from aggregation functions. For instance, applying a

count on the City column when grouping by Country creates

a "City-count" column. Columns generated from aggregation

functions on different groupings, like "Age-avg" when grouping

by Country or City, are considered similar. Finding all possible

columns involves applying aggregation functions on the original

columns, constrained by their data types.

Numerical columns are allowed with any of the five aggrega-

tion functions. Nominal categorical and text columns are limited

to the count function, while ordinal categorical columns can use

count, min, and max functions. An example of potential columns

are ["Age-avg", "City-count", "Employed-count", . . . ].

3.2.1 Numerical Columns. Original numerical columns, their ag-

gregated forms, and count aggregations remain numerical. We

discretize numerical columns into equal-width bins. The bins

for any original column or its emergent avg, min, and max
columns are defined on the range [min𝑎(D),max𝑎(D) + 𝜖). For
emergent count columns, the range is

[
0,max

𝑚
𝑖=1

|𝑎(𝐷𝑖 ) | + 𝜖

)
.[

min
𝑚
𝑖=1

∑
𝑥∈𝑎 (𝐷𝑖 )

𝑥<0

𝑥,

(
max

𝑚
𝑖=1

∑
𝑥∈𝑎 (𝐷𝑖 )

𝑥≥0
𝑥

)
+ 𝜖

)
is the range for

emergent sum columns. Positive increment choices, 𝜖 > 0, are arbi-

trary. A range is divided into 𝑏 bins. Then the probability vector of

a numerical column 𝑎 of an action result Δ𝑟 is

P𝑎 =
[
𝑃 (𝐵𝑎

1
| 𝑎(Δ𝑟 )), 𝑃 (𝐵𝑎2 | 𝑎(Δ𝑟 )), . . . , 𝑃 (𝐵𝑎𝑏 | 𝑎(Δ𝑟 ))

]
with 𝐵𝑎

𝑖
denoting the i-th bin.

3.2.2 Categorical Columns. Original categorical columns and min-
max aggregations of ordinal columns are treated as categorical. We

can form a probability vector for the unique column values using

the action result Δ𝑟 and the categorical column 𝑎. (𝑞𝑖 denotes a

unique value, and |𝑄 | is the count of unique values.)

P𝑎 =
[
𝑃 (𝑞1 | 𝑎(Δ𝑟 )), 𝑃 (𝑞2 | 𝑎(Δ𝑟 )), . . . , 𝑃 (𝑞 |𝑄 | | 𝑎(Δ𝑟 ))

]
3.2.3 Text Columns. We extract a finite set of common patterns,

or templates, from text values using a rule-based algorithm with

regular expressions, though other methods can be used. The calcu-

lated probability vector for a text column 𝑎 in an action result Δ𝑟 is
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Figure 4: ExplorAct Overview. Data-flow of the system is shown by the arrows.

denoted as

P𝑎 =
[
𝑃 (𝑡1 | 𝑎(Δ𝑟 )), 𝑃 (𝑡2 | 𝑎(Δ𝑟 )), . . . , 𝑃 (𝑡 |𝑇 | | 𝑎(Δ𝑟 ))

]
, where 𝑡 𝑗 represents a template and |𝑇 | the number of templates.

3.2.4 Node Feature Vector. For a node 𝑢𝑟 representing an action

result Δ𝑟 in an analysis tree, the feature vector is given by 𝑣 (Δ𝑟 ) =⊕
𝑎∈𝐶 P𝑎 . The feature dimension 𝑑𝑣 can be large. Hence, we apply

principal component analysis (PCA) to reduce its dimension by

selecting the top-𝑑𝑣′ components, forming the final node feature

vector 𝑣 (𝑢𝑟 ) = 𝑣 ′ (Δ𝑟 ).

3.2.5 Edge Feature Vectors. For each edge in a context tree, the edge
feature vector 𝑣𝛼 is formed by concatenating a one-hot encoded

action-type with a one-hot encoded column.

3.3 Candidate Representative Graph
Our objective is to evaluate a context tree sequence’s probabil-

ity leading to an action represented by a candidate object (2.4).

Therefore, we construct Candidate Representative Graphs as model-

understandable representative objects (𝜙) of candidates in recom-

mendation tasks. The construction involves: (1) Separating context
trees into candidate sets, (2) Assigning positional identities to con-

text tree nodes, and (3) Defining the nodes, edges, and feature

vectors of the Candidate Representative Graph.

3.3.1 Context Tree Separation. Consider an extracted list of 𝛿-

context trees for specific actions. Candidate sets are defined based

on the recommendation task, separating the trees accordingly. For

an example, assume that the context trees [𝜓1,𝜓2,𝜓3,𝜓4,𝜓5,𝜓6]
lead to actions,

[(Filter, Age, >, 30), (Group, Vaccinated, ∅, ∅, {(Id, count)}),
(Filter, Age, >, 35), (Group, City, ∅, ∅, {(Id, count)}),

(Group, Employed, ∅, ∅, {(Id, count)}), (Sort, Age)]
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Figure 5: Construction of a Candidate Representative Graph.

For 𝜏-rec, the candidates are {Filter, Group, Sort}; for 𝑎-rec, {Age,
Vaccinated, City}; and for (𝜏, 𝑎)-rec,{(Filter, Age), (Group,
Vaccinated), (Group, Employed), (Group, City),(Sort, Age)}.
For 𝜏-rec, trees are divided as {Filter:[𝜓1,𝜓3], Group:[𝜓2,𝜓4,𝜓5],
Sort:[𝜓6]}. We denote candidate sets for tasks 𝜏-rec, 𝑎-rec and

(𝜏, 𝑎)-rec as 𝑍T , 𝑍𝐴 , and 𝑍T×𝐴 .

3.3.2 Positional Identity Assignment. Positional identity assign-

ment labels nodes in a context tree to indicate their location. The

label 𝜌𝑢 is used for a node 𝑢. The node’s position is determined by

its depth d in the tree and its sequential index i𝑑 at that depth. i𝑑
is based on the order of the node’s action result. Thus, positional

identity is a pair 𝜌𝑢 = (d, i𝑑 ). In the 3-context tree (Figure 2b) of

action 𝛼7, nodes at depth 3 are [𝑢3, 𝑢6], representing [Δ3,Δ6] ac-
tion results. Indices 0 and 1 are assigned to 𝑢3 and 𝑢6 based on Δ3

occurring before Δ6. Hence, positional identities for 𝑢3 and 𝑢6 are

(3, 0) and (3, 1).
3.3.3 The Candidate Representative Graph. A representative graph

(Def. 3.1) captures collective structure, node, and edge representa-

tions of a given set of context trees.

Definition 3.1 (Candidate Representative Graph). Consider a col-
lection of context trees wherein nodes are attributed with positional
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identities. Denote {𝜌1, 𝜌2, . . . , 𝜌𝑛} as the resultant set of unique po-
sitional identities. Consequently, a representative graph is defined

as a graph𝐺 = (𝑈𝐺 , 𝐸𝐺 ), characterized by𝑈𝐺 = {𝑢𝜌1 , 𝑢𝜌1 , . . . , 𝑢𝜌𝑛 }
with 𝑢𝜌𝑖 ↦→ 𝜌𝑖 and ∃(𝑢𝜌𝑖 , 𝑢𝜌 𝑗

) ∈ 𝐸𝐺 (signifying a directed edge) if

and only if there exists at least one edge from a node possessing

the 𝜌𝑖 positional identity to a node possessing the 𝜌 𝑗 positional

identity within any of the context trees in the given set.

A representative graph is a connected, directed acyclic graph,

but not necessarily a tree. Its node and edge feature vectors are

calculated by averaging feature vectors from context trees with

matching settings as cited in Def. 3.1. For instance, a node’s feature

vector with a (3, 1) positional identity label in a 𝐺 results from

averaging all similar nodes in context trees with (3, 1) positional
identity. Likewise, an edge’s feature vector in𝐺 , from a node with

(3, 1) to (4, 3) positional identities, is the average of all similar

edges in context trees, transitioning from nodes with (3, 1) to (4, 3)
positional identities (See figure 5).

3.4 Context Tree Sequence Formulation
We propose two different context tree sequence formulations, each

constructed by considering distinct perspectives that lead to the

next action. They are described as follows.

3.4.1 State-Perspective Context Tree Sequence: We define this as

the sequence of context trees corresponding to a series of actions,

constrained by a specific context size 𝛿 . If an action lacks a 𝛿-context

tree, the largest available context tree is used instead (e.g., if the

maximum context tree for an action is 5, the 5-context tree is se-

lected when needing an 8-context tree). This sequence encapsulates

the user’s state at each action step.

3.4.2 Multi-Perspective Context Tree Sequence: We retrieve context

trees of sizes from 1 to 𝛿 for a given action. By ordering these

trees in descending size, we create this sequence, which presents

information from oldest to newest, offering multiple perspectives

on the action.

These formulations provide a comprehensive approach to mod-

eling user actions, enhancing the accuracy and relevance of our

recommendations.

3.5 Model Function
This section outlines our model functions. We define Latent(·) for
processing context trees and graphs, where BN is Batch Normaliza-

tion, 𝜎 is the ReLU activation, and 𝜎L is the Leaky ReLU activation.

The Latent(·) updates node features at layer 𝑙 , (ℎ (𝑙 )𝑢 ) using edge

features (ℎ𝑢𝑣 ) with the GINE update rule,

ℎ
(𝑙 )
𝑢 = 𝜎

©­«BN ©­«MLP
©­«(1 + 𝜖) ℎ (𝑙−1)𝑢 +

∑︁
𝑣∈𝑁 (𝑢 )

𝜎

(
ℎ
(𝑙−1)
𝑣 +𝑊 · ℎ𝑢𝑣

)ª®¬ª®¬ª®¬
(1)

The MLP is a multi-layer perceptron. Global add pooling is applied,

pooling vectors from each GINE layer are concatenated, then passed

through a linear projection and a Leaky ReLU to produce the final

output.

ℎ
(𝑙 )
𝐺

=
∑︁
𝑢∈𝐺

ℎ
(𝑙 )
𝑢 ℎ⊕

𝐺
=

𝐿⊕
𝑙=1

ℎ
(𝑙 )
𝐺

ℎ𝐺 = 𝜎L
(
𝑊𝑝 · ℎ⊕

𝐺
+ 𝑏𝑝

)
(2)

Given a sequence of context trees, and a candidate representative

graph𝐺𝜁 , we use a dedicated Latent(·) for context trees and another
Latent(·) for processing 𝐺𝜁 .

𝑥 ′
𝜓
= LatentΨ (𝜓 ) 𝑥𝜁 = Latent𝐺

(
𝐺𝜁

)
(3)

For each 𝑥 ′
𝜓
, compute the Hadamard product (⊙), find its difference

with 𝑥𝜁 , and then concatenate them.

𝑥𝜓 = 𝑥 ′
𝜓
⊕
(
𝑥 ′
𝜓
− 𝑥𝜁

)
⊕
(
𝑥 ′
𝜓
⊙ 𝑥𝜁

)
(4)

For a context tree sequence [𝜓1, . . . ,𝜓𝑡 , . . . ,𝜓𝑇 ], we can obtain the

concatenated hidden representations, [𝑥𝜓1
, . . . , 𝑥𝜓𝑡

, . . . , 𝑥𝜓𝑇
]. Then,

for an input vector 𝑥𝜓𝑡
at step 𝑡 , and the previous hidden state ℎ𝑡−1,

the GRU updates are defined as,

𝑧𝑡 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑 (𝑊𝑧 · 𝑥𝑡 +𝑈𝑧 · ℎ𝑡−1 + 𝑏𝑧) (Update gate)

𝑟𝑡 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑 (𝑊𝑟 · 𝑥𝑡 +𝑈𝑟 · ℎ𝑡−1 + 𝑏𝑟 ) (Reset gate)

ℎ′𝑡 = tanh(𝑊ℎ · 𝑥𝑡 +𝑈ℎ · (𝑟𝑡 ⊙ ℎ𝑡−1) + 𝑏ℎ) (Prospective hid. state)

ℎ𝑡 = (1 − 𝑧𝑡 ) ⊙ ℎ𝑡−1 + 𝑧𝑡 ⊙ ℎ′𝑡 (New hid. state)

In a stacked GRU with 𝐿 layers, let the hidden states from each

GRU layer at the final step 𝑇 be [ℎ (1)
𝑇

, . . . , ℎ
(𝐿)
𝑇

]. We concatenate

the final hidden states and it is concatenated with the latent rep-

resentation 𝑥𝜁 of 𝐺𝜁 . Finally, ℎ undergoes a linear layer followed

by Sigmoid function to estimate the likelihood of𝜓𝛿 leading to the

next action of candidate 𝜁 .

ℎ⊕
𝑇
=

𝐿⊕
𝑙=1

ℎ
(𝑙 )
𝑇

ℎ = 𝑥𝜁 ⊕ℎ⊕𝑇 𝑧 =𝑊 ·ℎ+𝑏 𝑝 = 𝑆𝑖𝑔𝑚𝑜𝑖𝑑 (𝑧) ∈ [0, 1]

(5)

𝑊∗ and 𝑈∗ are learnable weight matrices, 𝑏∗ are learnable bias

vectors.

3.6 Training
Given a set of analysis trees and a context size 𝛿 , training proceeds

as follows:

• Context tree sequences are generated using a selected formula-

tion (see Section 3.4).

• Candidate representative graphs are constructed from context

trees in the training sequences.

• Each sequence is paired with each candidate graph𝐺𝜁 , for 𝜁 ∈ 𝑍∗.
• A binary label 𝑦 ∈ {0, 1} is assigned: 1 if 𝐺𝜁 matches the true

candidate of𝜓𝛿 ; 0 otherwise.

Model training uses backpropagation with binary cross-entropy

loss:

Loss = − 1

𝑁

𝑁∑︁
𝑖=1

[𝑦𝑖 log𝑝𝑖 + (1 − 𝑦𝑖 ) log(1 − 𝑝𝑖 )]

where 𝑝𝑖 is the predicted probability and 𝑦𝑖 the ground truth label.

3.7 Recommendation Inference
Given a test sequence of context trees (constructed according to

one of the defined formulations), we begin by generating pairs

( [𝜓1, . . . ,𝜓𝑇 ],𝐺𝜁 ) for all candidates 𝜁 ∈ 𝑍∗ obtained from the train-

ing set. For each of these pairs, we compute the model’s output.

By selecting the top-𝑛 values among these outputs, we identify

the top-𝑛 most likely candidates corresponding to the given input

sequence. These predicted candidates directly correspond to the

top-𝑛 next action recommendations.
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3.8 Evidence Fusion
Dempster-Shafer Theory (DST) is an evidence-based reasoning

framework[8, 41] that accounts for all possible outcomes in a prob-

lem space. It is beneficial when handling uncertainty, conflicting

information, and imprecise data without the need for strict priors

or assumptions required by methods like Bayesian inference[15, 19,

33, 34, 42]. When presented with multiple sources of evidence, one

can combine them using Dempster’s rule of combination[35]. It has

been extensively utilized in computer vision[9, 31, 32], sensor data

fusion[1], and multi-modal recommendation[39].

Let Θ denote the frame of discernment, a finite set of mutually

exclusive and exhaustive hypotheses. DST defines a basic belief
assignment (BBA), or mass function, as,𝑚 : 2

Θ → [0, 1] such that

𝑚(∅) = 0 and

∑
𝑋 ⊆Θ𝑚(𝑋 ) = 1. Each value𝑚(𝑋 ) represents the

amount of belief assigned exactly to the subset 𝑋 ⊆ Θ. From the

mass function𝑚, two key functions are derived; the belief function
𝐵𝑒𝑙 (𝑋 ) = ∑

𝑌 ⊆𝑋 𝑚(𝑌 ), representing the total belief that supports
𝑋 and the plausibility function 𝑃𝑙 (𝑋 ) = ∑

𝑌∩𝑋≠∅𝑚(𝑌 ), which mea-

sures how much belief could potentially support 𝑋 . Given two

independent mass functions𝑚1 and𝑚2, Dempster’s rule of combi-

nation defines a new mass function𝑚 as:

𝑚(𝑊 ) =
∑
𝑋∩𝑌=𝑊 𝑚1 (𝑋 ) ·𝑚2 (𝑌 )

1 −∑
𝑋∩𝑌=∅𝑚1 (𝑋 ) ·𝑚2 (𝑌 )

for, 𝑍 ≠ ∅

To refine recommendation confidence, we perform evidence fusion

over model outputs. We begin by normalizing predicted likelihoods

into probabilities, dividing each by the total likelihood across all

candidates. Then, we apply Dempster’s combination rule to fuse be-

lief masses associated with their respective frames of discernment.

Θ𝜏 = {∅, Filter, Projection,Group, Sort}, Θ𝑎 = {∅, 𝑎1, . . . , 𝑎 |𝐴 | }

This results in probability mass assignments over the joint space

Θ𝜏 × Θ𝑎 , which are then further combined with the mass function

from the model that predicts the joint action-type and column

pairs, represented byΘ(𝜏,𝑎) . Finally, we compute belief values 𝐵𝑒𝑙 (·)
over these fused outcomes. The resulting belief scores are used to

determine the top-𝑛 most probable action-type and column pairs,

which form the final set of recommendations.

4 Experimental Evaluation
Our experiments are designed to address the following questions:

• Do our models achieve higher recommendation accuracy com-

pared to the state-of-the-art (SOTA) approach?

• Does evidence fusion improve the accuracy of action-type and

column-pair recommendations?

• Do our models achieve constant, sub-second inference times?

4.1 Experimental Setup
We evaluate our models using the REACT-IDA next-action recom-

mendation benchmark [16], which consists of four datasets. The

benchmark includes session logs from 56 cybersecurity analysts

exploring four network traffic datasets provided by the Honeynet

Project [37] to find security events (e.g. hacking, malware infiltra-

tions etc.). This benchmark is recognized as the de-facto in evalu-

ating recommender systems for next action recommendations in

modern IDA platforms [29].

Table 2: Number of cases per context tree size.

Context Size 3 4 5 6 7 8

Total Cases 1185 918 714 552 435 350

To simulate realistic exploratory behavior, sessions were user-

separated and randomly shuffled, mimicking concurrent dataset

analysis by multiple users. These shuffled sessions were split into

five balanced folds, ensuring that all sessions from a single user

appear in only one fold, thereby avoiding bias from repeated pat-

terns. We generated three such scenarios using different random

seeds. We report the averaged accuracy values with their standard

deviations. The number of recorded sessions per dataset is 158, 120,

96, and 80, respectively. We consider the context sizes ranging from

3 to 8 and their distribution is shown in Table 2.

Experiments were conducted on a computing cluster node

equipped with an 80GB NVIDIA A100 GPU, 8GB of RAM, and

a 4-core Intel(R) Xeon(R) Gold 6326 CPU (2.90 GHz). The imple-

mentation code is available at GitHub
1
.

4.2 Baselines and Models
We compare our models against the following baselines:

• Basic GRU : A sequence-based model that takes one-hot encoded

action sequences and predicts the next action as a multi-class

classification task.

• Basic GINE: A graph-based model that processes 𝛿-context trees

to predict the next action. Node features are one-hot encodings

of node numbers within their respective analysis trees.

• REACT : The current SOTA method for next-action recommenda-

tion in IDA platforms. It employs a 𝑘-nearest neighbor algorithm

based on a custom tree edit distance, which incorporates special-

ized node and edge similarity functions [28].

We train two versions of our model for 𝜏-rec and 𝑎-rec tasks to

account for different sequence representations, resulting in four

model variations for the (𝜏, 𝑎)-rec task. The model variants are:

• EA-SP : ExplorAct models based on State-Perspective Context Tree
Sequences.

• EF-SP : EA-SP models enhanced with Dempster-Shafer Theory

(DST) evidence fusion (EF). Applicable only to (𝜏, 𝑎)-rec.
• EA-MP : ExplorAct models based onMulti-Perspective Context Tree
Sequences.

• EF-MP : EA-MP models with DST-based evidence fusion. Applica-

ble only to (𝜏, 𝑎)-rec.

4.3 Implementation Details
All models were implemented in Python using PyTorch, PyTorch

Geometric, and scikit-learn. Training was conducted on four folds,

with the fifth used for testing, rotating folds across for each scenario.

For REACT, we used the official implementation and distance

functions provided in their public GitHub repository [16]. We did

not set a custom distance threshold to ensure coverage across all test

cases. The frequency threshold was set to 0.1, as recommended in

the original paper. For a given training set, we divide it into 5-folds

to find optimal 𝑘 for the 𝑘NN algorithm of REACT by choosing the

𝑘 value that gives the best average accuracy across those folds. 𝑘

1
https://github.com/DinukaManohara/exploract
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Table 3: R@1 values for 𝜏-rec task (the higher the better). The
subscripted values are standard deviations.

𝛿 3 4 5 6 7 8

GRU .44.06 .43.05 .43.07 .46.05 .46.06 .45.08
GINE .61.05 .59.04 .56.05 .56.06 .56.06 .55.06
REACT .61.06 .59.06 .56.07 .53.08 .54.08 .54.06
EA-SP .62.05 .60.07 .59.07 .57.08 .56.09 .56.10
EA-MP .64.06 .63.05 .62.06 .62.06 .61.06 .63.07
Improvement 4.92% 6.78% 10.71% 16.98% 12.96% 16.67%
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Figure 6: ExplorAct inference times on CPU.

values are selected from the integer value range

[ ⌊√
𝑠𝑖𝑧𝑒
2

⌋
,

⌈
3

√
𝑠𝑖𝑧𝑒
2

⌉]
,

where 𝑠𝑖𝑧𝑒 is the size of the training set.

All deep learning models were trained using the Adam optimizer

with a learning rate of 1×10
−4

and weight decay of 1×10
−7

. Model

architecture parameters, such as the number of hidden layers and

dimensionality, were kept consistent across all methods for fairness.

Each model instance was run five times with different training

seeds (this is different from scenario seeds).

4.4 Evaluation Framework
We evaluate the recommendations from the models against the

real next actions taken in the analysis sessions and adopt standard

evaluation metrics commonly used in recommender systems:

1○ Recall@n (R@n): Measures whether the true next action ap-

pears within the top-𝑛 recommended actions.

2○Mean Reciprocal Rank (MRR): Evaluates the recommenda-

tion ranking quality, assigning higher weight to correct actions

ranked earlier.

We assess performance on three tasks: 𝜏-rec (recommend ac-

tion type), 𝑎-rec (recommend column pairs), and (𝜏, 𝑎)-rec (joint
recommendation). Due to the small number of candidates in 𝜏-rec

(four candidates), we use R@1. For 𝑎-rec and (𝜏, 𝑎)-rec, we report
both R@3 and MRR. Finally, we measure inference latency on the

CPU to assess the practical feasibility of deploying this system in

real-world settings.

4.5 Results Comparison
We conduct a comprehensive comparison of ExplorAct and other

methods across three recommendation tasks, with results show-

ing its superior performance in realistic scenarios derived from

benchmark session logs.

𝜏-rec and a-rec Performance: Both ExplorAct models consis-

tently outperform naive methods and REACT across all context

Table 4: R@3 and MRR values for 𝑎-rec task (higher the
better). The first row of each model contains R@3 values,
whereas the second contains MRR values. Subscripted values
are standard deviations.

𝛿 3 4 5 6 7 8

GRU

.47.04

.26.03

.46.05

.27.03

.46.05

.28.03

.47.05

.28.03

.47.05

.28.04

.50.06

.30.04

GINE

.60.04

.42.04

.59.04

.40.03

.57.04

.38.03

.55.04

.36.03

.54.05

.35.04

.54.05

.36.04

REACT

.62.05

.43.04

.61.06

.40.03

.57.06

.39.04

.54.06

.36.04

.53.04

.32.04

.53.06

.32.03

EA-SP

.63.05

.43.03

.62.05

.42.04

.61.05

.40.04

.59.06

.38.04

.56.05

.37.05

.57.08

.38.06

EA-MP

.69.04

.48.03
.68.04
.47.03

.67.05

.46.04
.66.05
.44.04

.64.05

.43.04
.63.06
.42.05

Improvement

11.29%

11.63%

11.48%

17.5%

17.54%

17.95%

22.22%

22.22%

20.75%

34.38%

18.87%

31.25%

Table 5: R@3 and MRR values for (𝜏, 𝑎)-rec task (higher the
better). The first row of each model contains R@3 values,
whereas the second contains MRR values. Subscripted values
are standard deviations.

𝛿 3 4 5 6 7 8

GRU

.30.03

.19.02

.28.04

.19.03

.30.05

.20.03

.30.05

.20.03

.30.05

.20.04

.32.05

.22.04

GINE

.42.04

.28.03

.40.04

.27.03

.38.04

.25.03

.35.04

.23.03

.34.05

.22.03

.35.05

.24.03

REACT

.42.04

.30.03

.40.05

.27.03

.40.05

.27.03

.37.06

.26.05

.33.05

.24.04

.34.05

.23.04

EA-SP

.43.05
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Figure 7: Varying inference times against the session log size
(Only for context size 3 is depicted. Other context sizes are
omitted for brevity, and they behave the same).

sizes. ExplorAct MP has 3.23-12.5% R@1 improvement in 𝜏-rec and

9.52–14.29% R@3 with 10.53-16.22% MRR improvement in 𝑎-rec
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over ExplorAct SP, indicating the added value of multi-perspective

context sequences for next action-type prediction. ExplorAct MP

demonstrates 4.92–16.98% R@1 improvement in 𝜏-rec (Table 3) and

11.29–22.22% R@3 with 11.63-34.38% MRR improvement in 𝑎-rec

(Table 4) over the SOTA.

(𝜏, 𝑎)-rec Performance: ExplorAct MP achieves R@3 and MRR

comparable to REACT. However, with evidence fusion (DST mod-

els), ExplorAct consistently outperforms REACT across all context

sizes and scenarios. Notably, ExplorAct MP with evidence fusion

surpasses REACT by 7.72-20.94% R@3 and 8.54-13.87% MRR, high-

lighting the impact of evidence fusion on performance (Table 5).

Effect of DST: ExplorAct MP with evidence fusion (EF-MP) shows
10.62-20.73% R@3 improvement and 7.52-31.53%MRR improvement

over its non-evidence fused counterpart (EA-MP) across all test
configurations.

Inference Times: Our experiments demonstrate that ExplorAct

MP achieves sub-second average inference times across all three

recommendation tasks. ExplorAct SP has sub-second average in-

ference times for 𝜏-rec and 𝑎-rec while achieving around 1.2𝑠 at

maximum for (𝜏, 𝑎)-rec inference (Figure 6). In their user testing,

REACT measured 40𝑠 between consecutive queries, justifying the

inference times. However, in the information retrieval community,

the threshold where the users notice the delay in responses is 1𝑠 [3],

strengthening the need for sub-second recommendations. Further-

more, this demonstrates that the inference time depends on the

maximum context size of a context tree sequence - inference time

increases with the context size. In contrast, REACT’s recommenda-

tion time depends on the session log size. This log-size dependent

inference time behaviour of REACT is also revealed by our experi-

ments (presented in Figure 7).
2

4.6 Discussion
REACT relies on explicit similarity search, employing tree edit

distance and 𝑘-nearest neighbors to retrieve context trees that re-

semble the current session. In contrast, ExplorAct learns latent
representations of context trees using Graph Isomorphism Net-

works (GINs), eliminating the need for computationally expensive

similarity calculations.

By framing the next-action recommendation task as a candidate

probability prediction problem, each candidate action is associated

with a representative object, namely a Candidate Representative
Graph—ExplorAct supports a unified model architecture across dif-

ferent tasks. This design obviates the need for task-specific out-

put layers, allowing for seamless incremental training. As a result,

adding support for new candidates requires only the construction

of corresponding representative graphs and training on the paired

sequences, rather than retraining the entire model from scratch. Fur-

thermore, as context size increases, the number of available training

cases decreases (see Table 2). Despite this reduction, ExplorAct con-
sistently achieves the most substantial accuracy improvements over

REACT, indicating superior generalization and sample efficiency

compared to the current state-of-the-art.

2
It is worth noting that the inference times of our REACT implementation are slightly

higher than those reported in the original paper due to the use of external functions for

distance computations. However, our analysis focuses on trend behavior rather than

absolute performance values. This however, has no impact on the accuracy reported.

5 Related Work
The recommendation of subsequent actions in data exploration can

be broadly categorized into two areas: i) SQL/OLAP-based recom-

mendations, and ii) recommendations within modern Interactive

Data Analysis (IDA) platforms.

SQL/OLAP-based recommendations. Recommender systems

designed for SQL/OLAP environments typically propose complete

or partial SQL queries [17, 23, 24, 38], query templates [24], spe-

cific query predicates [17, 27], or complete sessions composed of

multiple SQL queries [14]. Some systems also suggest data items

that may capture user interest [13, 26] or predict future accesses

to facilitate data prefetching [43]. Identifying interesting regions

of data is often handled by active learning frameworks, commonly

referred to as explore-by-example [11, 12, 22, 30]. In such systems,

recommendations are iteratively refined based on user feedback on

prior suggestions.

Modern IDA platforms. Within modern IDA platforms, RE-

ACT [28] formalizes the problem setting addressed in this paper

and introduces the analysis tree session benchmark for evaluating

next-action recommenders. Another approach [36] builds on RE-

ACT’s methodology to predict interestingness measures that best

characterize the result sets of analysis actions. A closely related line

of work involves generating a complete sequence of exploratory

operations in a Python notebook, based on patterns derived from

previously authored notebooks [5]. This approach assumes prior

knowledge of the types of insights users typically aim to uncover.

More recently, the explainability of analysis actions has been

explored using interestingness measures [10]. Additionally, some

user interfaces [4, 25] incorporate deep reinforcement learning to

assist users in exploring datasets within modern IDA platforms.

6 Conclusion and Future Work
This paper addressed the challenge of recommending next ana-

lytical actions in multi-dataset settings on modern IDA platforms.

We introduced ExplorAct, the first GIN-based recommender for

context trees, capturing both hierarchical and sequential aspects of

analysis sessions. Unlike prior retrieval-based methods like REACT,

our approach models user behavior using context tree sequences

and combines multiple prediction models for improved accuracy.

By applying GNN architectures, we uncover latent representa-

tions of user states—advancing beyond prior similarity-based use of

context trees. Experiments on real-world datasets show our models

outperform the state of the art on 𝜏-rec, 𝑎-rec, and (𝜏, 𝑎)-rec by up to
16.98% R@1, 22.22% R@3 (34.38% MRR), and 20.94% (13.87% MRR),

respectively, all while maintaining sub-second inference times. Our

formulation as a candidate probability prediction problem also al-

lows for efficient incremental training.

Future work includes exploring positional encoding for identify-

ing key context trees, leveraging generative models for candidate

representative graphs, and extending our method to predict opera-

tors and predicate values, which involve complex semantics and

large combinatorial spaces.
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