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ABSTRACT

A large class of data-centric tasks is exploratory, where users iter-
atively steer workflows, refining subjective goals as new insights
emerge. These Exploratory Data Tasks (EDTs) are performed by
millions of users with varying levels of expertise to understand
unfamiliar data, discover trends, and identify evidence that informs
critical decision-making. However, a key challenge in EDTs is the
enormous space of possible actions that one can take at each step:
users struggle to choose among thousands of joins, transforma-
tions, and aggregations, causing “exploration paralysis”. Because
EDT workflows are interconnected, each choice impacts subsequent
exploration, and suboptimal choices can lead to inefficiency, missed
insights, confirmation bias, and incomplete coverage. This calls for
intelligent recommendations that efficiently guide users toward
optimal EDT actions.

We envision recommendation as a core capability of data systems,
proactively guiding users toward promising actions and thereby
lowering the barrier to exploratory data tasks. EDT recommenda-
tion is challenging because the action space is combinatorial and
actions are data-dependent, which require costly materialization.
Moreover, recommendation often involves bundles or sequences of
actions across interdependent tasks, requiring coordination across
tasks. In this paper, we present our vision of EDT recommenda-
tion systems along two axes: single-task vs. multi-task settings
and single-action vs. multi-action recommendations. We outline
a research agenda that progresses from recommending individual
EDT actions to constrained bundles and sequences of actions, and
ultimately to coordinated recommendations across interconnected
EDTs. We identify research directions for incorporating various
contexts (user, data, task, and ecosystem), addressing efficiency
challenges, and coordinating across tasks.

1 INTRODUCTION

In today’s world, where users are overwhelmed by an abundance of
content options (e.g., products, movies, news), recommendation is
essential for information filtering. Recommendation systems assist
users in discovering relevant items from a large pool of candidates—
by analyzing past behavior, preferences, and contextual signals—
while striking a balance between exploration (discovery) and ex-
ploitation (personalization). Task recommendations support rapid
onboarding for novices and improve efficiency for experts. While
recommendation systems are well-studied in content domains, their
use in data management tasks remains underdeveloped.
Recommendations are particularly beneficial for Exploratory
Data Tasks (EDTs), where users iteratively steer workflows, refining
subjective goals as new insights emerge. For instance, data analysts
choose which data subsets to drill into based on emerging patterns,
and database administrators reason about diagnostic queries and

logs to guide subsequent debugging steps. Similar examples arise
across numerous applications such as exploratory data analysis [43],
summarization [18], insight discovery [86], explanation [78], and vi-
sualization [83]. As data becomes central to decision-making, EDTs
are ubiquitous across users of all expertise levels. However, users
must repeatedly choose the next action from thousands of options
(joins, aggregations, transformations). Suboptimal choices lead to
(1) inefficiency, wasting human time, effort, and computational re-
sources on futile directions; (2) confirmation bias, arising from an
unprincipled exploration process; and (3) missed insights, due to por-
tions of the data remaining unexplored, which may lead to incorrect
conclusions and adversely affect critical decision-making.
Exploration is an iterative process and choosing the next best
action at each step is challenging due to two key reasons. First,
unlike fully observable entities such as tuples in a database, EDT
actions are merely programs parameterized by the underlying data.
Thus, the utility of an action is difficult to assess without material-
izing it over the data. Second, the space of possible EDT actions is
often combinatorial (Example 1.1), which overwhelms users with
too many choices, leading to “exploration paralysis”. Programmati-
cally enumerating and materializing this vast space of candidate
actions is computationally prohibitive, motivating the need for
recommendations toward choosing optimal EDT actions.

Example 1.1 (Combinatorial search space of EDT actions). Con-
sider a business dataset with the exploratory goal of identifying dis-
crepancies across groups under some (unknown) data partitioning,
by computing various aggregated attributes such as AVG(salary)
or SUM(cost) grouped by various attribute combinations such as
gender & educationorregion & year. Even with only 5 aggregate
functions over 20 numeric attributes and 20 grouping attributes,
and restricting queries (actions) to only 2 aggregate and 2 grouping

attributes, the number of possible choices is 5%+ () - (%)) ~ 1 million!

User perception of exploratory findings is highly subjective and
must be accounted for when computing action utility, making per-
sonalization essential during EDT recommendation (Example 1.2).
Yet, existing data systems provide limited support for EDT recom-
mendations, leading to adoption of Al chatbots: users are exposed
to unvalidated suggestions (not materialized over data) driven by
surface-level patterns or popularity signals, not principled notions
of exploration such as data coverage and bias avoidance. While in-
correct recommendations in entertainment are inconsequential, the
same can have catastrophic consequences in high-stakes decision-
making. This critical risk around AI safety further motivates the
need for principled foundations for EDT recommendation.

Example 1.2 (Need for personalization). Consider two users ex-
ploring the dataset of Example 1.1 with the same intent of finding
discrepancies. One is an investigative journalist and finds evidence
of discrimination across demographic groups (e.g., gender-based



salary disparities) insightful. The other is a company manager and
finds discrepancies in resource utilization across team, region,
or year insightful. The intent and data remain the same, yet the
perceived utility of an action differs significantly between users.

While identifying a single action is already challenging, the prob-
lem is further exacerbated when users must identify a coherent set
(bundle) or sequence (workflow) of actions in a multi-task setting,
with dependencies across tasks. For instance, users may begin with
data discovery, proceed to wrangling, and conclude with summa-
rization. The complexity of this setting requires new theoretical and
algorithmic foundations for unified recommendation of multiple
actions across multiple, interdependent EDTs (Example 1.3).

Example 1.3 (Unified recommendation in a multi-task setting).
During data discovery, a recommender suggests a temperature
table from a data lake. During wrangling, a second recommender
suggests forward-fill imputation for missing temperature readings
based on the time-series semantics inferred during discovery. At
the summarization step, a third recommender avoids trends over
temperature, recognizing its reduced reliability due to imputation.

Our vision for EDT recommendation systems. Our vision is to
develop EDT recommendation as a core capability of data systems,
satisfying three key desiderata:

(1) high utility, by ensuring relevant, semantically valid, personal-
ized, context-aware, and adaptive recommendations;

(2) practical efficiency, by managing the prohibitive computational
cost of enumerating a combinatorial number of candidate actions
and their materialization; and

(3) comprehensive support across single-task single-action, single-
task multi-action, and multi-task multi-action settings.

EDT recommendation requires new foundations. Why are
existing solutions in data systems or recommendation systems in-
sufficient? EDT recommendation systems lie at the intersection of
traditional (non-exploratory) data systems and content recommen-
dation systems [1, 6, 35, 36, 38], inheriting challenges from both
(Table 1). Traditional data systems typically assume precise specifi-
cations and lack support for personalization. Recommendation in
data systems mostly focused on bespoke solutions for individual
tasks such as visualization [83] and exploration [43], but they do
not generalize to other EDTs or support multiple recommendations.

While personalized recommendation systems have seen signif-
icant advances in content domains—e.g., documents in search en-
gines [1, 6], media in streaming platforms [35] and social media [38],
and products in e-commerce [36]—their adaptation to EDTs poses
two computational challenges. First, content recommendation sys-
tems typically assume that the candidate space is pre-enumerated,
such as a catalog of movies. In contrast, EDTs often involve combina-
torially large, programmatically generated spaces of possible actions
that are not stored explicitly (Example 1.1). Second, they assume that
all candidates (or their embeddings) are fully observable and can be
efficiently scored against a user-preference function. In contrast, as-
sessing the relevance of EDT actions requires (i) costly materializa-
tion of candidate actions over the specific data instance (e.g., execut-
ing a query over a database) and then (ii) measuring the relevance of
the materialized results (e.g., output of a query). In essence, content

Traditional Content Rec. EDT Rec.

Requi ts & ti
equirements & properties Data Systems  Systems Systems

User-oriented: personalized & adaptive
Subjective goal & vague success metric
Context matters

Novelty/serendipity matters

Semantic understanding required
Interactive speed required
Combinatorial candidate space
Non-independence of candidates
Search over sets of candidates
Candidate generation required

Utility unknown before materialization
High materialization cost
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Table 1: EDT recommendation inherits challenges from traditional
data systems and content recommendation systems.

recommendation systems suggest the data itself, whereas EDTs
need recommending actions—programs that are applied to data.

LLMs and AI agents: new enablers for EDT recommendation.
The recent development of Large Language Models (LLMs) and
Al agents makes our vision timely and the unique challenges in
EDT recommendation tractable. Specifically, LLMs and Al agents
enable development of effective techniques in ways that were not
previously possible: (1) LLMs can provide semantic understanding
of data to estimate action utility from structural and domain-specific
semantics, enabling effective pruning of candidate-action space and
reduced materialization cost; and (2) Al agents can track inter-
task dependencies and fetch external information, which enables
coordinated recommendation across tasks.

However, these capabilities raise a fundamental question: Can
EDT recommendation be solved solely using LLMs and AI agents?
Despite their semantic reasoning and planning capabilities, these
systems primarily generate plausible but unvalidated actions [18].
However, EDT recommendation is fundamentally a search and opti-
mization problem, not a generation problem. Even Al agents remain
bottlenecked by the cost of search and validation [45, 79]. Thus,
EDT recommendation requires new foundations, with LLMs and
agents as enablers, not complete solutions.

Organization. The rest of the paper is organized as follows. Section 2
presents a categorization of EDT recommendation systems along
two axes—recommendation modality and task setting. Section 3
describes the core components of EDT recommendation systems.
Section 4 outlines a research agenda based on the key challenges
to building theoretical foundations and ensuring the practical re-
quirements of EDT recommendation systems. Section 5 presents an
evaluation framework. Section 6 positions our vision with respect
to prior work. Section 7 provides concluding remarks.

2 EDT RECOMMENDATION SYSTEM VARIANTS

In this section, we formulate the general problem of EDT action
recommendation and categorize EDT recommendation systems
along two axes—recommendation modality and task setting.

ProBLEM 1 (EDT AcTION RECOMMENDATION). For a specific EDT,
given a user, a data instance, constraints, and context, the EDT ac-
tion recommendation problem is to identify the best action(s) that
maximize progress toward the user’s (implicit) exploratory goals.
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Figure 2: EDT recommendation spans two task settings—single-
task and multi-task—and three recommendation modalities: single-
action, bundle, and workflow recommendation.

Figure 2 shows our categorization of EDT recommendation along
two axes: task settings—single-task, where recommendations sup-
port one EDT, and multi-task, where recommendations span mul-
tiple EDTs—and recommendation modalities: single-action, where
top-k actions are recommended, such as insight discovery [22] and
visualization [83]; bundle, where a set of complementary actions
is recommended together, such as data summarization [18] and
discovery [69]; and workflow, where a sequence of actions is recom-
mended, such as data wrangling [19] and debugging [70]. This cat-
egorization yields four variants of EDT recommendation systems.

2.1 Top-k recommendation for single task

The simplest setting for EDT recommendation is single-action rec-
ommendation within a single-task setting, where users execute
one action at a time and the outcome of each action informs next
exploration steps. Examples include insight discovery, visualization,
data profiling, dataset search, hypothesis exploration, and anomaly
discovery. For these tasks, the recommendation system should rank
candidate actions by their utility to the user and return the top-k
actions, allowing users to choose among multiple promising next
actions. Notably, solutions for this setting provide the foundation
for more complex settings that require recommending multiple
actions or spanning multiple EDTs.

Despite their diverse objectives, recommendations across EDTs
share a set of fundamental requirements (Table 1, §4). Thus, instead
of task-specific bespoke recommendation systems, as exemplified
by existing systems in Table 4, a generalizable framework should
be developed for top-k EDT action recommendation that can be
instantiated for any single EDT. The framework should factor out
shared components across EDTs, such as search-space reduction
and candidate-action materialization, to ensure their reuse. It should
require only two task-specific components: (i) a language of candi-
date actions, defined by its vocabulary, grammar, and operational
semantics on the data (how to execute an action over a dataset),
and (ii) a utility notion to score the materialized results.

2.2 Bundle recommendation for single task

Many EDTs involve a set of actions [91] that must jointly satisfy
global constraints or optimize a global objective, such as ensur-
ing diversity among data summaries [18] and explanations [9] or

maximizing data coverage during data exploration [43] and dis-
covery [69]. While general constrained set discovery with a global
objective is NP-hard, prior solutions for bundle recommendation in
data-centric tasks [9, 12, 18, 29, 40, 43, 49, 60, 66, 85] exploit prop-
erties of the constraints or objectives, such as submodularity, to
devise practically efficient approximate solutions. However, these
solutions are often task-specific and do not generalize across EDTs.

Unlike bundle recommendation over standalone items [50], EDT
actions require materialization over specific data instances. For
example, consider the global constraint of ensuring diversity by en-
suring minimum distance between the closest recommended items
is above a threshold. The distance between two standalone items c;
and c; can simply be measured as dist(E(c1), E(cz)), where E maps
each item to an embedding space. In contrast, given a database
D, the distance between two actions a; and a; must be computed
over their materialized results, dist(E(a;(D)), E(az(D))), where
each action g; is parameterized by D. As such, bundle recommen-
dation for EDTs must strategically push down global constraints
into the recommendation process, in the same spirit as predicate
pushdown [41, 54, 77, 81, 88] in query optimization.

2.3 Workflow recommendation for single task

For EDTs that require a sequence of interdependent actions, deci-
sions made early in the workflow constrain later choices, which
makes workflows fundamentally different from unordered bundles.
Finding the highest utility workflow for recommendation is a se-
quence optimization problem, similar to planning, scheduling, and
job sequencing. However, since each EDT action transforms the
data, subsequent actions operate on the resulting intermediate data.
For example, during data wrangling, recommending (i) conversion
of risk probability to a discrete ordinal scale of 1-5 (for categorical
analysis), followed by a recommendation of (ii) missing value impu-
tation using the attribute mean, introduces incompatible values w.r.t
the ordinal scale (e.g., 3.36). This calls for targeted techniques, such
as leveraging semantic structure of actions, to ensure compatibility
within the recommended workflow.

2.4 Unified recommendations across tasks

A key characteristic of EDTs is their interconnected and interleaved
nature in a multi-task setting. Exploratory data analysis may begin
with discovery to identify relevant data, proceed through wrangling
to clean and reshape the data, and conclude with summarization to
extract insights. A one-shot workflow fails in this setting because
the process is iterative and actions are mutually dependent. For
instance, insights from summarization often trigger further discov-
ery, and newly discovered data may require additional wrangling.
Recommending for each EDT in isolation fails to account for how
recommendations in one task influence recommendations in an-
other, calling for coordination across recommenders (Example 1.3).

3 EDT RECOMMENDATION COMPONENTS

EDT recommendation can be approached through three paradigms.
The first is generation-based, where generative Al directly con-
structs a plausible action without considering all possible alterna-
tives. However, such recommendations are unvalidated, providing
no guarantee that the recommended action has high utility w.r.t the
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Figure 3: Core components of an EDT recommendation system.

data instance. The second is prediction and ranking based, prevalent
in traditional recommendation systems, where an ML model as-
signs utility scores to candidate EDT actions based on materialized
results. This approach requires candidate actions to be material-
ized beforehand over the data, and it also requires training data,
which is often unavailable in practice. The third paradigm models
EDT recommendation as a search and optimization problem that
leverages the structure of the problem and properties of the utility
model and constraints: only promising candidate regions are ex-
plored, the utility of materialized results can be approximated, and
efficient approximate search algorithms can be devised. We argue
that this search-and-optimization paradigm is well suited to EDT
recommendation because it directly addresses the combinatorial
action space and costly materialization issues inherent to EDTs.

Overview. Figure 3 shows the core components of a generaliz-
able EDT recommendation system within this paradigm. Central to
EDT recommendation across all variants are personalization and
context-awareness, requiring the system to model user, data, task,
and ecosystem contexts that serve as input to the recommendation
engine. The recommendation engine consists of a search and opti-
mization module, which efficiently explores the combinatorial ac-
tion space while reducing the materialization cost required to score
candidates, and an action compatibility checker, which enforces
global constraints and ensures compatibility among recommended
actions. The output of the recommendation engine is either top-k
actions, a bundle of actions, or a workflow.

3.1 Contexts

Four sources of context are relevant for EDT action recommenda-
tion: (i) user: intent, preferences, historical behavior, and feedback;
(ii) task: the primary goal (e.g., summarization), secondary goals
(e.g., interpretability), and constraints (e.g., diversity); (iii) data:
semantics, metadata, and profiles; and (iv) ecosystem: workflow,
tools in use, and search and communication history. Table 4 shows
examples of established and emerging EDTs along with represen-
tative work, which provide limited support for these contexts.

Example 3.1 (Leveraging context for unified recommendations).
A data scientist begins by cleaning sensor data, where the recom-
mendation system suggests forward-filling imputation for miss-
ing temperature readings—leveraging its time-series nature (data

Representative Contexts
Task
work user data_ task ecosystem
semantics

~ Data exploration Smart Drill-Down [43] X X X X
% Data preparation Auto-Suggest [87] X X v X
:_*‘.; Data summarization SAGE [18] v v X X
E Data visualization SeeDB [83] X x X X

ShiftScope [72] v X v X
¢ Cherry-picked generalizations OREO [56] X X X X
‘& Explain data change Explain Da-V [78] x X X x
& Explain outliers in aggregates CAPE [59] X X X X
™ Discover entity-enhancing rules Fan et al. [29] v X X X

Table 4: Examples of established and emerging EDTs, representative
work, and supported contexts.

context)—which she accepts. During feature selection, the system
avoids recommending actions that rely on temperature, recognizing
its reduced reliability due to imputation (workflow context). At the
visualization step, the system suggests binning temperature into
wide intervals to reduce noise from imputation (task context) and
recommends bar plots, drawing on user preferences observed in
other documents (user context).

As Example 3.1 highlights, user context, such as user response
to earlier recommendations, enables personalization and adaptivity.
Task context provides properties that the recommendation engine
can leverage to guide search and optimization; for example, task
constraints can prune the search space and focus recommenda-
tions on task-relevant actions. Data or domain context—which can
be obtained from LLMs—provides essential signals for semantic
understanding and action utility estimation. Ecosystem context—
including recommendations made in other tasks, how prior actions
transformed the data, the software environment, search history,
and chat or email interactions—enables cross-task coordination.

3.2 Recommendation engine

3.2.1 Search & optimization. This module is responsible for ef-
ficiently searching for high-utility EDT actions, which requires
managing the large and expensive-to-materialize candidate action
space. It generates promising candidates by prioritizing those that
align with the user’s preferences and task requirements. It further
reduces unnecessary materialization by pruning irrelevant, seman-
tically invalid, or low-potential candidates using available context.

For bundle and workflow recommendation, this module searches
over combinations of actions while enforcing global constraints,
such as diversity, coverage, and consistency. It pushes properties
of these constraints into candidate generation and materialization,
pruning unpromising candidates that cannot contribute to a high-
quality bundle or valid workflow. Full materialization is only pur-
sued for the most promising candidates, striking a balance between
maintaining high recommendation quality and ensuring low rec-
ommendation latency.

3.2.2  Action compatibility checker. This module ensures that rec-
ommended actions are coherent and compatible, especially for
workflows, where each action transforms the data and affects subse-
quent actions that operate on the transformed data. It tracks order
dependencies among actions and eliminates candidates that yield
incompatible sequences. Further, unified recommendation requires
coordination among task-specific recommenders, tracking inter-
task dependencies, and obtaining relevant external information.



4 RESEARCH AGENDA

EDT recommendation systems combine requirements from tra-
ditional data systems and recommendation systems (Table 1), re-
quiring personalization, adaptation, semantic understanding, and
interactive response times. However, the combinatorial action space
and the unknown utility of actions until materialization on data
pose efficiency challenges. Below, we outline ten research directions
toward realizing our vision of EDT recommendation systems.

Learning user preferences over action space. Personalization
requires modeling user preferences and intent, which are often
implicit and must be learned from interactions [48, 68]. The combi-
natorial action space makes learning a complete user—action rele-
vance matrix infeasible. However, EDT actions are compositions of
a much smaller set of primitives, including operations (FILTER or
SPLIT for wrangling) and their parameters, such as data attributes,
aggregate functions, and constants. Thus, a promising direction is
to learn user relevance models over these primitives and compose
these learned preferences to estimate action relevance.

Model rich data context. Prior work [21, 22, 39, 83] primarily
used statistics and metadata to model data context. However, data
semantics provide richer signals, such as identifying invalid actions
(sum of ZIP codes) and distinguishing expected from surprising
insights (Example 4.1). LLMs can now infer such semantic context
by estimating the probabilities of domain-specific hypotheses.

Example 4.1. Outliers can signal valuable insights—e.g., PhD hold-
ersin IT earning $140K vs. a general average of $60K. However, not
all outliers are insightful; some, like this, are expected. In contrast,
high blood pressure in kids indicates a genuine insight.

Optimize LLM usage via proxy. A practical challenge for LLM
adoption is their high inference cost and latency. Thus, a relevant
research direction is reducing LLM usage via (1) caching LLM re-
sponses, (2) precomputing responses for a selected set of queries,
and (3) training lightweight classifiers as “LLM-proxies” to mimic
LLM behavior such as a decision-tree classifier trained over a lim-
ited number of prompt-response pairs tailored to the data and
task. These proxies will mimic LLMs in answering fixed-template
likelihood questions and return discrete probability scores with
negligible latency. The proxy models will not require retraining
unless the data distribution or task objective change.

Search space reduction and search acceleration. Possible direc-
tions to address the combinatorial search space include: (1) restrict
candidate generation to operations and parameters relevant to the
user, data, and task contexts, e.g., prioritize user-preferred opera-
tions and omit cryptic attributes like job_code when interpretabil-
ity is desired; (2) prune unpromising candidates based on action
semantics, such as avoiding “drop rows with any missing value”
when 90% of values are missing; (3) bias candidate generation by
pushing down global constraints, e.g., avoid near-duplicate actions
when diversity is desired; and (4) cluster actions across multiple
dimensions, such as user preferences, action semantics, and data
impact, to focus search on relevant clusters and promote bundle
diversity by discouraging multiple selections from the same cluster.

Action materialization cost reduction. Beyond established tech-
niques—such as approximate query processing [62], sampling [5],
distributed computing [20], and lazy materialization [89]—LLMs

could estimate action utility from action semantics, data statis-
tics, and context. For example, an LLM could estimate filter result
size from its condition and data statistics, avoiding materialization.
Other directions include anytime materialization [65] that termi-
nates early for unpromising actions and reinforcement learning to
predict data-specific utility without materialization. For workflow
recommendation, materialization could also terminate as soon as
incompatibility with actions selected earlier is detected. For exam-
ple, if earlier actions rely on a functional dependency, a candidate
action can be safely discarded once it modifies the data in a way
that violates that dependency.

Decompose global objectives for algorithmic benefits. Recom-
mending a set of actions that maximize a global objective is gen-
erally NP-hard [73]. Certain decomposability properties of global
objectives, such as submodularity and monotonicity, admit efficient
greedy solutions. Thus, a promising direction is to develop a taxon-
omy of decomposable global objectives across EDTs, characterize
their algorithmic properties, and identify approximation algorithms
that generalize across EDTs.

Decompose global constraints for computational benefits.
Learning “action embeddings” could enable decomposition of con-
cepts such as distance, used in global constraints like diversity, to
accelerate computation (Example 4.2). Action embeddings should
capture three aspects: (1) structural embedding, representing action-
defining elements such as selection predicates or operations like
fillna; (2) semantic embedding, capturing what the action does,
such as compression, addition, or aggregation; and (3) impact em-
bedding, representing the action’s effect on the data.

Example 4.2 (Decomposing distance). “Distance” can be decom-
posed into 3 components: (D1-cheapest) structural disjointness of
actions, (D2-moderate) data-agnostic semantic difference of actions,
and (D3-costliest) divergence in outcomes when actions are applied
to data. Under diversity constraints, an action can be skipped if it
fails the D1 check w.r.t the already selected actions.

Model action compatibility. Action compatibility can be modeled
as a weighted directed graph, but constructing it over the combina-
torial action space is infeasible. A promising direction is building
a task-specific compatibility graph over action clusters. If no edge
connects clusters A and B, no action in A can precede one in B (e.g.,
lossy transformations cannot precede imputation).

Adaptive recommendation. Adaptive recommendation [57] can
incorporate user feedback by modeling the semantics of user inter-
actions with recommended actions. For instance, modifying a filter’s
threshold signals relevance to the operation but not its parameters.
A key challenge is balancing recent feedback with historical behav-
ior. A direction is to learn temporal user preference embeddings from
edits, refinements, and rejections, capturing short- and long-term
preferences through learnable temporal decay.

Multi-agent collaboration for cross-task coordination. Agen-
tic approaches enable agents to acquire relevant external infor-
mation and coordinate across tasks [37, 90]. Multi-agent collabora-
tion [23, 80] could serve as an outer orchestration layer, with per-task
recommenders providing guardrails through (i) a context-request
interface for missing context and (ii) a conflict-report interface to
help resolve cross-task incompatibilities.



5 EVALUATION FRAMEWORK

Evaluating EDT recommendation systems is challenging due to
their user-centered nature and the lack of benchmark datasets in
this space, which necessitates a multi-pronged evaluation strategy.
Evaluation axes. EDT recommendation systems should be evalu-
ated along six axes using established and new metrics.
Generalizability. Generalizability across tasks and domains should
be assessed by evaluating across diverse EDTs and data domains.
Scalability. Scalability should be evaluated under varying data com-
plexity in #tuples and #attributes of the datasets.

Efficiency. Practical efficiency and fitness for interactive use should
be assessed via recommendation latency and reduction of search
space and materialization cost.

Validity. Syntactic validity should be measured by error-free exe-
cution of the recommended actions. Semantic validity should be
measured using (i) precision@Kk, recall@k, and Mean Reciprocal
Rank (MRR) for top-k, (ii) utility and degree of constraint satis-
faction for bundles, and (iii) utility and inter-action coherence for
workflows. For the multi-task setting, evaluation should also con-
sider reduction in time to achieve the end goal.

User alignment. Since EDT recommendation targets human users,
it must be validated via user studies, including controlled experi-
ments, interviews, and contextual observation using think-aloud
protocols. Metrics should include increase in user satisfaction over
EDT iterations to measure adaptivity and across sessions to measure
personalization. Likert-scale questions such as “How frequently did
you find the recommended actions relevant?” can quantify user sat-
isfaction, while #iterations and time to task completion can measure
the impact of recommendations on user efficiency.

Robustness and parameter sensitivity. Robustness should be evalu-

ated under noise, data skew, intent ambiguity, and task complex-
ity. Sensitivity to system knobs, including parameters, optimiza-
tion techniques, materialization strategies, and global constraints,
should be analyzed via ablation studies.

Human-validated utility models for evaluation at scale. Val-
idating EDT recommendations by obtaining accept/reject feedback
through user studies is prohibitively expensive and cognitively de-
manding: without assessing the utility of the alternatives, users
cannot correctly judge the fitness of the recommendations. A poten-
tial solution is to use human-validated utility models that capture
real-user preferences and objectively quantify recommendation
quality, as used in prior work [18]. This involves (i) devising poten-
tial utility models that cover various EDT-specific criteria such as
relevance, novelty, diversity, coverage, etc., (ii) a small-scale user
study over several use cases to identify the best model, and (iii) us-
ing the validated model to evaluate recommendations at scale.
Benchmark datasets. Benchmark datasets should be created in
three ways: (i) workflow extraction from existing sources such as
notebooks [84]; (ii) collection of real workflows from user stud-
ies over prototypes; and (iii) brute-force search to identify ground
truths: actions that should be recommended based on user-validated
utility models. For personalization and adaptivity evaluation, a di-
rection is to create a benchmark with a list of intents (e.g., “sum-
marize to find some group-level discrepancy” as in Example 1.1),
and obtain ground-truth workflows from domain experts.

6 RELATED WORK

Existing suggestion systems target specific tasks such as data visual-
ization [8, 21, 26, 42, 46, 53, 64, 72, 83], exploration [7, 13, 24, 25, 34,
58, 61], wrangling [19, 44, 63], analysis [32, 52], explanation [9, 10],
summarization [17, 18], etc. Some focus on suggesting the mecha-
nism (e.g., queries) [15, 28, 30, 31, 33, 47, 51], while others focus on
the results (e.g., tuples). Some consider user profiles, while others
leverage prior query logs. RecDB [74, 75] supports personalized data
suggestion but does not suggest the query that retrieves the data,
while QueRIE [2] is an early work on SQL query suggestion. Sugges-
tion engines have also been explored for other data-management
tasks such as database tuning and indexing [3, 55, 76, 82], cluster-
ing [11], time-series generation [4], identifying valuable attributes
in OLAP [16], view generation [27], and data-science pipeline con-
struction [67]. However, none of these works offers a framework
that generalizes across EDTs.

Some approaches use machine-learning such as reinforcement
learning [72] or convolutional neural networks [42], which as-
sume small candidate space. Most require materializing all can-
didates to evaluate their relevance [64] and support only top-k
suggestions [21, 26, 42, 64, 83]. For suggesting spreadsheet for-
mulas and data-preparation steps, Auto-Formula [14] and Auto-
Suggest [87] use machine learning to predict top-k suggestions.
Generally, machine-learning models treat suggesting the next EDT
action as a standard prediction problem. A vast literature exists
for content recommendation [71], spanning multiple communities,
from information retrieval and recommender systems to data min-
ing, artificial intelligence, and machine learning. However, adapting
content recommendation systems to EDTs is nontrivial.

In summary, prior works have several limitations: (1) they target
a specific task and offer a bespoke solution; (2) they often ignore
signals such as the user’s workflow and ecosystem context, failing
to align with the user intent; and (3) they are history-driven, relying
heavily on ML-based approaches akin to traditional recommenda-
tion engines, which are ineffective for EDTs.

7 CONCLUSIONS

We presented a vision of recommendation systems for exploratory
data tasks where recommendation capability is a first-class citi-
zen of data systems, not an afterthought or a superficial chatbot
feature. We characterized EDT recommendation across single-task
and multi-task settings and single-action, bundle, and workflow
modalities. We provided a design of a generalizable and unified
recommendation framework, outlined a research agenda spanning
context modeling, search-space and materialization cost reduction,
and cross-task coordination, and devised an evaluation framework.
Realizing this vision requires addressing the unique challenges of
EDT recommendation by integrating techniques from data man-
agement, recommendation systems, and constrained optimization,
with capabilities of large language models and Al agents. Our vision
is to make action recommendations for EDTs more trustworthy,
effective, and accessible, democratizing both existing and emerging
tasks, which can ultimately empower millions of analysts, scien-
tists, engineers, journalists, and policymakers to perform complex
exploratory data tasks more accurately and efficiently in diverse
real-world settings.
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