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ABSTRACT

Selecting a bundle of items that collectively satisfies constraints is a
fundamental task across databases, recommender systems, and text
summarization. Unlike traditional retrieval that returns individual
or top-k items, bundle retrieval is inherently combinatorial and, in
general, NP-hard. Although package queries can efficiently retrieve
bundles given a well-formed query, two key user-centric challenges
remain: (1) expressing and tuning multi-dimensional bundle in-
tent through a user-friendly interface, and (2) ensuring feasibility
when the query yields empty results. We introduce Ex2BUNDLE, an
Example-driven Bundle retrieval framework that enables users to
specify their intent through example bundles and automatically syn-
thesizes package queries that capture the intent implicit in those ex-
ample bundles via aggregate constraints. Ex2BUNDLE also addresses
a challenge unique to bundle retrieval: when inferred aggregate con-
straints are infeasible over the target data, our data-aware constraint
relaxation minimally adjusts the constraint bounds while preserv-
ing alignment with user intent. We instantiate a specific application
of focused text snippet extraction by example to demonstrate the
efficacy of the Ex2BUNDLE framework. Extensive experiments over
real-world datasets and a user study demonstrate that Ex2BUNDLE
improves usability and consistently returns intent-aligned bundles
even under distributional shifts of the target database.

Artifact Link: https://github.com/kuangfei-long/ex2bundle.

1 INTRODUCTION

Data bundle retrieval is a fundamental task across multiple domains:
package queries retrieve packages (sets of tuples) from relational
databases under aggregate constraints [10]; recommender systems
suggest playlists (sets of songs) or combo offers (sets of products)
tailored to user preferences [4]; and extractive text summarization
systems retrieve subsets of sentences from documents that form
coherent summaries based on user queries [19, 53, 75]. Unlike tra-
ditional retrieval that returns individual or top-k items, bundle
retrieval involves selecting a set (or package [10]) whose elements
must collectively optimize global objectives while satisfying set-
level constraints that align with user preferences. Consequently, the
inclusion or exclusion of any single item affects the feasibility and
overall quality of the bundle, making the problem inherently com-
binatorial and NP-hard [10]. While systems exist for the efficient
retrieval of data bundles from this combinatorial search space [10],
two user-centric challenges remain as primary obstacles: (1) the
interface challenge—how can humans easily express their intent of
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the desired data bundles—and (2) the feasibility challenge—how to
ensure non-empty answers for the user queries.

Challenge 1: Usable interface. The first challenge is communi-
cating the user intent of the desired data bundle. Like SQL, the
Package Query Language (PaQL) [10] allows specification of a bun-
dle query through linear constraints and objective functions over
data attributes, but the users must know the exact query parame-
ters: attribute names and their bounds as numerical values. This is
inherently difficult for human users—especially non-experts—who
must (i) learn the PaQL [10] syntax, (ii) know the database schema,
(iii) determine the attributes of interest, (iv) have a good sense of
the value distributions, and (v) translate their intent precisely to pa-
rameterized constraints and global objectives of a PaQL query. We
show in Example 1 that even for experts, step (v) is particularly diffi-
cult for PaQL because constraints are over bundle aggregates (SUM,
AVG, COUNT): users must reason at the bundle level—predicting
what a SUM should be over a bundle of unspecified size—rather
than at the tuple level as in SQL. For certain applications, such as
extractive document summarization [75], an alternative is to spec-
ify the intent in natural language. However, as prior work shows,
natural language is too generic to express specific user intents [19]
and subsequent conversational tuning of intent is imprecise and
frustrating for humans [78].

EXAMPLE 1 (SYNTHESIZING A PACKAGE QUERY). Morpheus, a CS
department Chair, is seeking to fill two tenure-track assistant professor
positions to strengthen Al and Databases. Since he plans for the two
new hires to jointly teach an “Al in Databases” course, he wants them
to have reasonable collective teaching experience, but not too much,
as that may indicate teaching-focused or senior candidates who are
unlikely to accept a tenure-track entry-level position. He also wants
to maximize the total recommendation score of the new hires based
on their letters. This is a bundle retrieval problem: Morpheus must
pick a set of two out of 200 candidates that best satisfy his criteria, as
shown via the following under-specified package query:

Q1: SELECT PACKAGE(*) FROM CANDIDATES
SUCH THAT COUNT(*) = 2
AND SUM(ai_score) is high
AND SUM(db_score) is high
AND SUM(teaching_score) is reasonable
MAXIMIZE SUM(reco_score);

IFor ease of exposition, we use a toy example, albeit somewhat unrealistic, of 2 hires
over 4 simple criteria; in practice, faculty searches involve more candidates (5-10)
over more complex criteria (15+). The search space grows combinatorially with the

#candidates. E.g., choosing 5 out of 200 yields (*°) ~ 2.5 billion possible bundles.


https://github.com/kuangfei-long/ex2bundle

Al Databases Teaching Recommendation
ai_score db_score teaching_score reco_score
Smith 0.8 0.4 0.1 0.4
Jones 0.4 0.7 0.2 0.9
Neo 0.4 0.5 0.4 0.8
Brown 0.5 0.4 0.4 0.9

Table 1: Partial list of candidates for Example 1.

However, at this point, all Morpheus has are the raw application
materials (resumes, statements, letters, etc.) of these candidates. Be-
fore querying the candidate database, he must first map each candi-
date’s application materials to a 4-dimensional vector space: ai_score,
db_score, teaching_score, and reco_score. Morpheus decides to use
an off-the-shelf embedding technique to obtain numeric scores for each
of these dimensions for every candidate (Table 1). However, he now
faces another problem: he does not know what constitutes an appro-
priate replacement for the underspecified values high and reasonable
in Q1. Is 0.7 considered a high score for Al expertise? What value rep-
resents the reasonable range for teaching score? He can examine the
value distributions of the embeddings, but still cannot determine which
corresponding values would accurately capture his intended criteria.

Example 1 highlights two key struggles in formulating package
queries to express bundle query intent: (1) the lack of means to
accurately map a database to a vector database with appropriate
dimensions of interest, which primarily affects non-experts; and
(2) the lack of knowledge of the correct parameters for the PaQL
query, which affects experts and non-experts alike. In Example 1,
Morpheus was interested in only 4 criteria; however, his struggle
would be even worse if there were a larger number of criteria.

Our solution to Challenge 1: bundle-query by example. To
overcome the usability challenge in the interface of bundle query
intent specification, we build on the Query by Example (QbE) par-
adigm [82], which has seen significant success in traditional SQL
querying [21] and other domains [19, 27, 28, 57] by lowering the bar-
rier to task specification. We extend QbE to bundle queries (BQbE):
the user provides a few exemplar data bundles to convey their query
intents implicitly, thereby bypassing the construction of a precisely
parameterized PaQL query. BQDbE is particularly useful when users
cannot articulate precise criteria but can instead provide represen-
tative examples of what they seek. For a large number of use cases,
BQDE significantly lowers the barrier to bundle querying (§2).

ExAMPLE 2 (PARAMETERIZING A PACKAGE QUERY). Continuing
from Example 1, Morpheus recalls that strong new hires resemble
recent hires at top universities, such as {Trinity, Cypher} (University
X) and {Link, Niobe, Seraph] (University Y). These exemplars excel
in Databases and Al with reasonable collective teaching experience.
Morpheus computes their scores across 4 dimensions using the same
embedding of Example 1 (Table 2). Guided by the aggregated scores,
he parameterizes the underspecified query Q1 to obtain:

Q2: SELECT PACKAGE(*) FROM CANDIDATES
SUCH THAT COUNT(x*) = 2
AND SUM(ai_score) BETWEEN 0.8 AND 1.2
AND SUM(db_score) BETWEEN 1.0 AND 1.3
AND SUM(teaching_score) BETWEEN 0.7 AND 1.3
MAXIMIZE SUM(reco_score);

Recommendation
reco_score

Al Databases
db_score

Teaching

ai_score teaching_score

Example 1: University X hires

Trinity 0.6 0.5 0.3 0.7
Cypher 0.2 0.8 0.4 0.9
SUM 0.8 1.3 0.7 1.6
Example 2: University Y hires

Link 0.9 0.3 0.4 0.6
Niobe 0.2 0.3 0.6 0.8
Seraph 0.1 0.4 0.3 0.7
SUM 1.2 1.0 13 2.1

Morpheus’ (implicit) intent

[0.8,1.2] [1.0,1.3] [0.7, 1.3] Maximize

Table 2: Example bundles help discover query parameters.

bundle ai db teaching reco valid?
b; {Smith, Jones} 1.2 1.1 0.3 (Fail) 1.3 no
b, {Smith, Neo} 1.2 0.9 (Fail) 0.5 (Fail) 1.2 no
bs {Smith, Brown} 1.3 (Fail) 0.8 (Fail) 0.5 (Fail) 1.3 no
by {Jones, Neo} 0.8 1.2 0.6 (Fail) 1.7  almost
bs {Jones, Brown} 0.9 1.1 0.6 (Fail) 1.8 almost
bs {Neo, Brown} 0.9 0.9 (Fail) 0.8 1.7  almost

Table 3: No candidate bundle fully satisfies the constraints of Q2.

Example 2 highlights a scenario where a user cannot directly
specify precise criteria via PaQL query parameters for bundle re-
trieval but can provide valid examples to implicitly convey the
criteria. These examples can be used to automatically learn user
preferences and translate them to query parameters. However, an-
other key challenge remains, which we highlight in Example 3.

ExAMPLE 3 (ENSURING QUERY FEASIBILITY TO OBTAIN RESULTS.).
Morpheus issues Q2 to a package query execution engine [10], but it
returns no result. A close inspection reveals that indeed none of the
2-candidate bundles fully satisfies Q2 (Table 3). However, the last three
bundles “almost” satisfy the constraints. If the db_score constraint
had a slightly relaxed lower bound (0.9 instead of 1.0), then bs would
be a valid bundle. Similarly, slightly relaxing the lower bound of
the teaching_score constraint (0.6 instead of 0.7) would result in
two additional valid bundles: by and bs. Then following the goal of
maximizing the reco_score, the bundle bs would be the final result.

Challenge 2: ensuring feasibility. While BQbE addresses the first
challenge, it brings forth a second one that is particular to bundle
retrieval and absent from traditional single-tuple QbE: constraints
inferred from example bundles may yield queries that are infeasible
over the target data, returning empty answers [47, 48, 52], because
aggregate constraints can be jointly unsatisfiable even when indi-
vidually plausible, especially under distribution shift between the
example and target domains. In Example 3, even with a fully formed
PaQL query, with the desired constraints and specific parameters, it
turned out to be infeasible over the target data (Morpheus’ Univer-
sity). This happened because the data distributions differed between
the example domains (Universities X and Y) and the target domain
(Morpheus’ University), a common scenario in practice [35, 58].
Existing package query execution systems [10] provide no further
insight into how the query parameters interact with the target data,
leaving users uncertain about how to tune the parameters to make
the query feasible such that valid results are retrieved.



Our solution to Challenge 2: data-aware relaxation of query
parameters. To ensure feasibility even when the original query
is infeasible, we introduce data-aware constraint relaxation tech-
niques that adapt the synthesized PaQL query to the target data
by adjusting constraint bounds. By analyzing the data distribution
of the target database, we identify which constraints act as bot-
tlenecks that prevent “almost-valid” bundles from being retrieved.
This analysis guides us to relax the appropriate constraints, while
minimizing deviation from the user’s original intent.

Why existing approaches fall short. Three classes of relevant
approaches exist, but all of them fail to support BQbE.

PaQL and QbE systems. PaQL engines [10] require fully parame-
terized queries and return empty results when infeasible; QbE sys-
tems [21, 82] reduce the parameter burden for single-tuple retrieval
but do not extend to bundle queries with aggregate constraints.

Top-k retrieval over vector DBs. For BQbE, an alternative solution
is to treat the entire example bundle as a single query vector and
retrieve top-k similar tuples based on vector similarity [46, 61] to
assemble the result bundle. However, this approach can miss glob-
ally optimal bundles and violate intended constraints. The main
issue is that top-k retrieval evaluates items independently using an
implicit scoring function—without guarantees of global optimality—
whereas bundle retrieval requires reasoning over combinations of
tuples under globally enforced [81], multi-dimensional aggregate
constraints. RAG systems inherit the same limitation, as they per-
form top-k nearest-neighbor search over individual tuples (but not
their combinations) before passing results to a generative model.
Another alternative is to match each tuple in the example bundle
independently and combine their top matches to form the result
bundle; yet this approach breaks down when the example and tar-
get bundle sizes differ and still offers no optimality guarantees. In
summary, bundle retrieval is fundamentally an NP-hard combinato-
rial optimization problem, and similarity-based greedy top-k search
is ill-suited to address it.

Conversational LLMs. An LLM prompted with examples (few-shot
learning) could produce the bundle directly, but this requires rea-
soning over the entire target data—infeasible for large data—and
solving a combinatorial constrained problem, which LLMs handle
unreliably [70]. An LLM could instead produce code that extracts
the bundle. Text-to-SQL is well-studied [23], but SQL operates on in-
dividual tuples and cannot natively express aggregate-constrained
set selection. PaQL closes this gap; an LLM could plausibly synthe-
size PaQL queries similarly, though text-to-PaQL is less established.
Even so, the bounds would reflect an opaque LLM-internal policy
mapping the user’s examples to constraint values (e.g., element-
wise min/max or mean=+o), with no verification. The LLM also has
no native mechanism to detect infeasibility or relax bounds in an
intent-preserving way; outputs are non-deterministic across ver-
sions, and per-query latency limits interactive use. In a pure NL
interface, without examples to anchor the bounds, the user must rely
on conversational refinement, which is imprecise and tedious [78].

Desiderata. Examples 1-3 and the limitations of alternative ap-
proaches motivate the desiderata of an ideal BQbE system:

D1 Ensure a user-friendly interface for specifying intents, where
users can provide examples to implicitly convey their bundle

query intents, without requiring any knowledge of the database
schema and complex query syntax and parameters.

D2 Accurately model the user intent implicit in the examples into
a transparent intermediate representation with explicit param-
eters, such as a PaQL query.

D3 Ensure feasibility of the synthesized PaQL query over the target
database, yielding a non-empty result even when no bundle
perfectly matches the user’s intent.

D4 Provide an intuitive interface for iterative intent refinement,
allowing users to adjust query constraints in a way that guar-
antees a valid result.

Ex2BunpLE. We introduce Ex2BUNDLE, an example-driven data
bundle retrieval system that (i) enables users to specify bundle query
intent through example bundles, addressing D1; (ii) synthesizes a
package query from these examples to transparently capture user
intent, addressing D2; (iii) applies data-aware constraint relaxation
to ensure feasibility of the synthesized query w.r.t. the target data
domain—particularly when its distribution differs from that of the
example data domain—addressing D3; and (iv) provides an intuitive
interface for interactive intent refinement, addressing D4.

In the context of text summarization, BQbE arises as focused text
snippet extraction: given a “focus” in the form of several pairs of
source document and corresponding example summary—expressed
as a set of extracted sentences from the document—the goal is to
select a set of sentences from a target document that collectively
forms an extractive summary consistent with those examples. Our
preliminary work SuDocu (summarizing documents by example),
published as a demonstration paper at VLDB [19], involved a simple
solution for focused text snippet extraction. In this work, we signif-
icantly extend it to build a generalized and more robust framework
to support bundle retrieval tasks across multiple domains.

Contributions. We make the following contributions:

e We introduce a novel paradigm for specifying bundle retrieval
intents through examples, and highlight its broad applicability
across real-world applications in several domains (§2).

o We formalize the problem of example-driven bundle retrieval and
show how it translates to the package query framework (§3).

e We present ExX2BUNDLE, an end-to-end framework for example-
driven bundle retrieval that synthesizes PaQL query constraints
from user examples. We contribute a data-aware constraint-bound
relaxation technique that ensures query feasibility. We further
introduce design principles for an interactive slider-based inter-
face for intent refinement, along with effective techniques to
translate between sliders and constraint bounds (§4).

o We evaluate Ex2BUNDLE on two use cases—package queries over
the TPC-H dataset [69] and focused text snippet extraction over
real-world datasets [30, 76] —showing that Ex2BUNDLE achieves
100% constraint satisfaction while maintaining competitive ob-
jective scores, and outperforms retrieval and extractive baselines.
Notably, Ex2BUNDLE remains competitive with LLM-based ap-
proaches without incurring any additional token or inference
cost, while scaling to realistic workloads (§5).

o Our user study shows that Ex2BUNDLE achieves high user sat-
isfaction, due to improved ease of use and customizable sliders,
for the task of focused text snippet extraction (§6).



2 EXAMPLE USE CASES

We now present three real-world applications where example-
driven intent specification lowers the barrier for data bundle re-
trieval: supplier selection for business, focused snippet extraction from
text documents, and playlist recommendation in streaming services.

Supplier selection for business expansion into a new country. Bundle
retrieval by example is valuable in business settings where an owner
seeks to expand into a new country and must identify a set of new
suppliers to establish relationships with. The objective is to select
a bundle of about 100 suppliers from a large candidate pool over
10,000 suppliers (similar to the TPC-H [69] dataset). Manually con-
structing an optimal supplier set here is tedious and error-prone, as
the selected suppliers must collectively satisfy a range of constraints.
Formulating these requirements as an explicit package query is
equally challenging: business owners often lack precise knowledge
of the exact parameter values for their desired constraints in an un-
familiar market (e.g., acceptable price ranges, inventory availability,
or financial stability thresholds). However, they can readily provide
example bundles of suppliers drawn from countries where their
business already operates successfully. Ex2BUNDLE can leverage
these examples to infer the underlying implicit constraints, adjust
them to the new supplier database of the target country, and retrieve
an optimal set of suppliers that collectively satisfies the constraints.

Focused text snippet extraction. Another use case of ExX2BUNDLE is
focused snippet extraction from text documents, also termed as per-
sonalized extractive summarization [76]. Here, the goal is to select
(extract) a subset of sentences (snippet) from a text document that,
collectively, best aligns with user’s information need (focus). For
example, when a user wishes to extract sentences from a technical
paper that are most relevant to their own research interests. While
such intent can, in principle, be expressed in natural language, prior
work [19, 76] shows that articulating subjective intents this way is
difficult and often leads to user fatigue [78] due to iterative, back-
and-forth intent refinement via conversations. Instead, users can
provide a few example (document, snippet) pairs to implicitly com-
municate their focus [32, 62, 66, 77]. For instance, a journalist sum-
marizing reports of all U.S. states with a particular focus—e.g., “ba-
sic” economic information, “moderate” coverage of education, and
“strong” emphasis on technology—can highlight sentences from a
few state’s reports to form example snippets. From these exemplars,
Ex2BUNDLE can infer the journalist’s focus, transparently encode it
as PaQL constraints, and apply them to new state reports to extract
snippets with the same focus. Notably, for reports with substantially
different structure or content, ExX2BUNDLE can minimally adjust
these inferred constraints to ensure feasible snippet extraction.

Playlist recommendation for streaming services. In streaming ser-
vices, users seek recommendations for bundles of items that collec-
tively satisfy their preferences. Spotify, YouTube Music, and Netflix
exemplify this through playlist/watchlist recommendations (e.g.,
Discover Weekly [63], Your Daily Discover [7], and Top Picks for
You [3]), where the goal is to generate a set of songs/movies aligned
with user interest. Existing approaches typically rely on item-level
similarity—recommending songs similar to those in a user’s listen-
ing history—or on similarity to a single reference playlist. For in-
stance, a user who frequently listens to AC/DC may receive playlists

dominated by rock songs, or playlists resembling those curated
for users with similar histories. While effective in homogeneous
preference settings, such approaches struggle to capture diverse
tastes and is notoriously known to cause user frustration, as evi-
dent from complaints about lack of variety in Spotify’s Discover
Weekly playlist [1]. Consider a user whose taste spans multiple
genres—predominantly energetic rock, with a mix of heavy metal,
some soft country songs, alongside occasional calm classical mu-
sic. A playlist based only on rock similarity or a single reference
list cannot capture such diversity. Moreover, explicitly specifying
such nuanced preferences (e.g., how to balance genre, artist, mood,
and tempo) is difficult, even with natural language or LLM-based
interfaces. Example-driven bundle recommendation addresses this:
users provide a few example playlists that reflect their desired diver-
sity across genres, artists, tempo, and mood, and Ex2BUNDLE infers
implicit constraints to generate playlists that collectively satisfy
the inferred constraints.

3 PROBLEM FORMULATION

In this section, we formalize the problem of example-driven bun-
dle retrieval. We begin by introducing how we model the source
and target data—from which bundles are retrieved—and example
bundles—which communicate the user’s intent. We then show how
bundle retrieval can be naturally modeled within the package query
framework and define the problem of example-driven package query
synthesis for bundle retrieval, our focus in this paper. Table 4 pro-
vides a summary of notations used throughout the paper.

Source and target data. In example-driven bundle retrieval, each
example bundle is taken from a corresponding source data. In Ex-
ample 2, {Trinity, Cypher} is an example bundle from the source
data of University X and {Link, Niobe, Seraph} from the source data
of University Y. One key requirement here is that the source data
for all the example bundles must have the same schema, to allow
for effective intent discovery across the shared attributes.

We define a schema f of a single table? over K numerical® at-
tributes/features {fi, ..., fx}. Each source data T’ must conform
to the schema f, denoted as T |= f. In Table 2, the source data

2While our formalization focuses on a single-table schema, it is not an inherent limita-
tion: we support relational databases by joining tables into a denormalized table, as
shown in our experiments over the TPC-H dataset (Section 5).

3For unstructured data such as text, we derive numerical features through domain-
specific methods such as topic modeling or learned vector embeddings (Section 4) to
produce a structured representation under a fixed numerical schema.

Symbol Description

f={fi..... fx} Common schema over K attributes/features
T Ef A source data over the schema f

ti=f A single tuple over the schema f

f(r) =[f(2),..., fi(t)] € RK  Feature vector of tuple ¢

E; C T Example bundle for the source data T;

™ ={T},..., T3} Set of N source data

E={E,....,En} Set of N user-provided example bundles

T =f A target data over f to retrieve a bundle from
Bl=f A bundle over the schema f

© = {(1b;, ubj>};(:1 Constraint bounds for K attributes
F(B) = [Fi(B)...., Fk(B)]
F(B) - ©

o(t)» R

Feature profile of bundle B
F(B) satisfies the constraints given by ©
Domain-specific tuple-level scoring function

Table 4: Table of notations. Bold letters denote sets or vectors.



for all the Universities conform to the schema {ai_score, db_score,
teaching_score, reco_score}. A tuple t over f, denoted as ¢ |=f, is
characterized by a feature vector f(t)=[f; (%), ..., fx(t)] € RK. For
instance, in Table 2, Trinity’s feature vector is [0.6, 0.5, 0.3,0.7]. We
use T? |= f to denote the target data, the data from which the user
wants to extract their desired bundle from. In Example 2, Table 1
represents the target data.

Example bundles. In example-driven bundle retrieval, users con-
vey their intent via a set of example bundlesE = {E, ..., EN }, where
each E; C T} consists of a subset of tuples from the corresponding
source data 7. In Example 2, E = {{Trinity, Cypher}, {Link, Niobe,
Seraph}} and the source data set T* = {T] ., T v}

3.1 Example-driven bundle retrieval

We are now ready to (informally) define our problem:

ProBLEM 3.1 (EXAMPLE-DRIVEN BUNDLE RETRIEVAL). Given a
set of source data T° over the same schema £, corresponding example
bundles E, where E; € E is an example bundle for the source data
T’ € T°, and a single target data T? |= £, identify a bundle B* C T4
that (i) satisfies the “user intent” implicit in E w.r.t T* and (ii) is the
“best” among such bundles.

However, this problem is underspecified: it is unclear how to
model the user intent and define “best” or the notion of optimality.

3.1.1 Modeling user intent. In its most general form, capturing
user intent from example bundles may require arbitrarily complex
models—non-linear constraints, distribution matching, or opaque
learned representations. However, the use cases in Section 2 share
a common structure: (i) the desired bundle is a set of items, (ii) qual-
ity of the bundle depends on some aggregate properties (e.g., total
score) of the set, and (iii) the user’s intent is expressible as bounds
on those aggregates. These are precisely the defining characteristics
of a package query [10]—which retrieves subsets of tuples from re-
lational tables that collectively satisfy (linear) aggregate constraints
while optimizing a (linear) global objective—as illustrated by Q2
in Example 2. We therefore model user intent as linear constraints
on the bundle’s feature profile, with an optional cardinality con-
straint on the bundle size. The benefit of this modeling is twofold:
it provides interpretability—the resulting constraints are human-
readable—and tractability—it maps to Integer Linear Programming
(ILP) with well-established solvers and foundations [10].

Feature profile of a bundle. To capture the feature-wise proper-
ties of a bundle B, we define its feature profile F as a vector obtained
by aggregating, for each feature, the values of that feature across
all tuples in B. Formally,

F(B) = [Fi(B),....Fx(B)], where F;(B) = Ayep Fj(1)

Here, A is an aggregate such as SUM. In Table 2, using SUM as the
aggregate, the feature profile of the bundle {Trinity, Cypher} is
[0.8, 1.3, 0.7, 1.6]—the column-wise sums for University X hires.

Formulating constraints. Following prior work in QbE [21], given
a set of user-provided example bundles, we posit that the user’s
intended result bundle would exhibit a feature profile similar to that
of the example bundles. Accordingly, we model the user’s intent
as a set of bounded constraints over the feature profile of the desired
bundle, where the derivation of the bounds should be guided by

the feature profiles of the example bundles in E, the source data set
T, and the target data T9. Formally:

{1b; < F{(B) < uby,...,1bg < Fx(B) < ubg}
where, 1b; and ub; depend on E, T*, and T? for 1 < j < K

Weuse © = {(1by, ub;),..., (lbg, ubg)} to denote constraint bounds
for all K attributes over the schema f. The notation F(B) + © de-
notes that the feature profile of the bundle B satisfies the constraint

bounds specified by ©,i.e.,V1 < j <K, 1b; < F;(B) < ub;.

3.1.2  Defining bundle optimality. The second issue in Problem 3.1
is that, when multiple candidate bundles satisfy ©, a principled
way is required to quantify their quality and ensure optimality. To
this end, we assume knowledge of a tuple-level function o(t) — R,
which is application-specific and is typically provided by a domain
expert who configures the system for end users. We then define
the quality of a bundle B by aggregating o over all ¢t € B, which
naturally fits the linear objective function optimized by the package
query framework. For example, this could correspond to maximiz-
ing the total recommendation score in Example 1, or minimizing the
word count in text summarization. Alternatively, o can be learned
from feedback signals reflecting users’ perceived quality of returned
bundles in a human-in-the-loop setting, which is especially prac-
tical for playlist recommendation in music streaming (Section 2).

3.2 Example-driven package query synthesis

With our models of user intent and bundle optimality, which nat-
urally align with the package query framework, we reformulate
Problem 3.1 of example-driven bundle retrieval as that of synthe-
sizing a package query—specifically, its parameters—from example
bundles. The synthesized package query serves as a mechanism for
efficiently retrieving the optimal result bundle.

Given a target data T9, constraint bounds © = {(1b}, ubj>}§(=1,
and (optional) cardinality constraint bounds C = (1b,, ub.) we fix
the following parameterized package query:

PQ(T%,©,C): SELECT PACKAGE(*) AS B FROM T4
SUCH THAT COUNT(B) BETWEEN 1lb. AND ub,
AND F;(B) BETWEEN 1b; AND ub; V1< j <K
MAXIMIZE tZJ{B o(t)

Here, A aggregates the tuples t € B using o to compute the
quality of B, which the package query aims to maximize as its ob-
jective. Without loss of generality, a minimization objective can
be expressed as a maximization objective by simply negating the
objective. The choice of aggregation functions (including those
used to compute the feature profile F(B)) and the scoring function
o is typically guided by the application domain. These are system
parameters determined during setup and are not optimized over. We
discuss how to choose the aggregation and scoring functions in Sec-
tion 4.2. Also, without loss of generality, the cardinality constraint
1b. < COUNT(B) < ub, can be subsumed into the feature-profile
constraints by augmenting the feature profile with an additional
dimension representing bundle cardinality. Hence, we do not explic-
itly include the cardinality constraint in the remainder of the paper.

In Example 2, Q2 is a package query over the schema f={ai_score,
db_score, teaching_score}, so K = 3. The aggregation used to com-
pute the feature profile is SUM, and the objective is to maximize
SUM(reco_score) (i.e., 0 = reco_score).



While Morepheus manually derived the constraint bounds in ©,
the resulting query was infeasible over the target data TY repre-
senting his university. Thus, the main requirement is to determine
the parameter ©, and use it to synthesize a package query that will
retrieve the optimal bundle B C TY, as specified in Problem 3.1.

PROBLEM 3.2 (EXAMPLE-DRIVEN PACKAGE QUERY SYNTHESIS). Giv-
en a schema f, a set of source data T° = {T?, .. .,TIf]} where each
T’ = {1, corresponding example bundlesE, a target dataT? = f, and a
tuple-level scoring function o : t—R, together with the corresponding
aggregator A, determine a synthesis function G : (E,T°,T9) —
(R,R)X to derive the constraint bounds © such that:

(1) Feasibility: the package query PQ(TY, ®) returns a non-empty
result over T? ensuring 3B C T4 s.t. F(B) + ©.
(2) Optimality: the retrieved bundle B* = PQ(T4,0)(T?) maxi-
mizes the objective, i.e., B*=  argmax A o(t).
BCTY st. F(B)r@ t€B

The core challenge here is to determine the synthesis function
G: (E,T5,T9) — (R,R)X to determine the constraint bounds © by
capturing the intent implicit in E while generalizing to the target
data T9. The challenge is that the distribution of T? may differ from
T®: overly tight constraints (Example 2) can yield infeasible queries
on the target data (overfitting), while overly relaxed constraints
return bundles that deviate from user intent.

Section 4 describes the techniques to ensure query feasibility.
Package queries avoid exhaustive search over T for efficiency, so
the returned bundle may be suboptimal; however, our empirical
results (Section 5) show the suboptimality is minimal.

4 THE EX2BUNDLE FRAMEWORK

Ex2BUNDLE consists of three main components as shown in Figure 5:
(§4.1) constraint synthesizer, which encodes user intent into feasible
constraint bounds; (§4.2) objective synthesizer, which encodes an
application-specific quality function as the objective of the PaQL
query; and (§4.3) PaQL execution engine, which synthesizes and
executes package queries to retrieve result bundles.

Running example for focused text snippet extraction. Throughout
the rest of the paper, we use a running example centered on the
task of Focused Text Snippet Extraction (FISE), a primary applica-
tion through which we evaluate ExX2BUNDLE (Section 5). Because
Ex2BUNDLE requires numeric features and text is non-numeric, we
apply contextualized topic modeling (CTM) [5] with sentence embed-
dings from SBERT [67] to map sentences into a numeric vector space
of topic-based features. Under the resulting topic model defined
over schema f, f;(t) € [0, 1] denotes the relevance of a sentence t to
topic f, and f(t) denotes the vector representation of ¢ in the topic
space f. For ease of understanding, we use the following, more spe-
cific and domain-relevant terms for FTSE, instead of generic terms:

General term FTSE term ‘ General term  FTSE term
source/target data  source/target document tuple sentence
bundle snippet or summary schema topic model

attribute/feature topic feature profile  topic profile

ExampLE 4. Consider a topic model f over Demographics, Geography,
and Economy applied to documents describing U.S. states. Let Tj;;. de-
note the Utah document and Ey = {th, téT, t?]T} C TLS,T be three

User interface Objective synthesizer: encode
quality function for optimality

[(1) User provides example bundles}

- (0) Encode application-specific
{(7) User examines result and & quality function as objective

adjusts bound sliders

Constraint synthesizer: encode user intent into feasible constraint bounds

[(2) Synthesize initial bounds {(b) Translate bounds to sliders }

! I

[(’%) Relax to feasible bounds }<—{(8) Translate sliders to bounds }

[2)

PaQL execution engine: synthesize PaQL query and return result bundle

[(4) Synthesize PaQL query using constraint bounds and objective }

i

[(5) Execute PaQL query over the target data and return a result bundle }

Figure 5: ExX2BUNDLE workflow: before end-user interaction, (0) a
domain expert defines a quality function, which Ex2BUNDLE encodes
as the objective. During use, (1) the user provides example bundles,
from which (2) Ex2BUNDLE synthesizes initial constraint bounds
and (3) relaxes them to ensure feasibility. A PaQL query is (4) formed
using these bounds and the objective and (5) executed to retrieve a
result bundle. For further intent refinement, (6) an interactive slider
interface is generated, (7) the user inspects results and adjusts sliders,
(8) Ex2BUNDLE maps adjustments back to bounds, and repeats (3)-(5).

Sentence/snippet Topic score/profile
0.90
(#}yr) The largest ancestry groups in the state are: 26.0% 10
English, 11.9% German, [...] 0.0 0.00 0.00
(t[zJT) In comparison to all the U.S. states and territories, 0.90 0.90
Utah, with a population of just over three million, is the 10
13th-largest by area, the 30th-most populous, and the ¢ 0.00
11th-least densely populated.
0.90
(t?n.) St. George was the fastest-growing metropolitan -0 030 g0
area in the United States from 2000 to 2005. 0.0 =
(Eut) The largest ancestry groups in the state are: 26.0% 90 270 120
English, 11.9% German, [...]. In comparison to all the U.S. 0'0 0.10
states and territories, Utah, with a population of just o o ot
over three million, is the 13th-largest by area, the 30th- g U'o: §
most populous, and the 11th-least densely populated. St. @ £ g
George was the fastest-growing metropolitan area in the '—és‘; g =
United States from 2000 to 2005. g

Table 6: Topic scores for sentences tIIJT’Z tIZJT; and t%T ; and topic profile
for the example snippet Eyt = {t,}n., o tor )

sentences (Table 6). Under f, t{,T maps to f(tg,T) =10.90, 0.00, 0.00],
indicating a demographics focus; t2. to [0.90,0.90,0.00], covering
demographics and geography; and t}, to [0.90,0.30,0.10], primarily
demographics with weaker geography and economy associations.

4.1 Encoding intent into feasible constraints

The constraint synthesizer (i) synthesizes initial, potentially infeasi-
ble, bounds from user examples to form constraints, (ii) relaxes the
initial bounds to ensure feasibility, (iii) exposes the feasible bounds
via a slider interface for iterative refinement, and (iv) translates the
adjusted sliders back to feasible bounds after refinement.



Algorithm 1: Ex2BUNDLE bound relaxation algorithm

Input :Initial bounds Ojpit, schema f, target data T9
Relaxation parameters p and 7
Output :Feasible bounds © to construct the PaQL constraints
1 0« ®init
2 #attempts « 0
3 while PQ(0,T9) =0

// Initialize #attempts

// While query is infeasible

4+ do
5 Oyiolated = IdentifyViolations(®, TY) // Violated constraints
6 Orelaxed = 0 // Relaxed constraints
#attempts++ . P

7 p < exp|y- max 1, — // Relaxation step multiplier
8 foreach (1bj,ub;) € ©,jgjreq do

Fj(T9) . .
9 € — 7] // Relaxation step size
10 ].bj — max(lbj — p-€, 0) // Decrease lower bound
11 ubj — min(ubj + p-€, Fj (Tq)) // Increase upper bound
12 Orelaxed = Orelaxed Y {<1bjs ubj>}

13 0 = (0 \ BOyiolated) U Orelaxed

14 return ©

// Update constraint bounds

4.1.1 Synthesizing the initial bounds. We extend SQUID [21], which
learns user intent from example tuples, to a bundle-level granularity.
Given example bundles E = {E;}I¥ , we use SUM as the aggregate*
to compute their feature profiles {F(Ei)}ﬁ\; 1- We derive the initial
constraint bounds @i, = {(1bj, ub J’>}§(:1 by taking the topic-wise
minimum and maximum of the feature profiles of bundles in E:

1bj = mini<;<n Fj(E;), ubj =maxi<i<n Fj(E;)

ExAMPLE 5. Consider 3 example snippets Eyr, Eaz, and Ewy over
the source documents T, T} ,, and T}, that represent Wikipedia
pages for Utah, Arizona, and Washington, respectively. The topic
profile of Eyr, F(Eyr) = f(t],;) + £(¢2,) + £(¢},,) = [2.70,1.20,0.10],
as shown in the last row of Table 6. The topic profiles for the example
snippets, along with the initial constraint bounds are given below,

which results in ©,;; = {(1.50,2.70), (0.90, 1.20), (0.10, 0.40) }.

F, (DEMoGrapHIcs) F, (GEoGrapHY) F; (Economy)

F(Eur) 2.70 T 1.20 7 0.10 |
F(Eaz) 1.80 0.90 | 0.40 T
F(Ewa) 1.50 | 1.00 0.30
1b (min) 1.50 0.90 0.10
ub (max) 2.70 1.20 0.40

4.1.2  Bound relaxation to ensure feasibility. Overly tight bounds
can lead to infeasible queries that return no valid bundle over the
target data (Example 3), particularly when the constraint bounds
are misaligned with the target data’s feature distribution due to dis-
tributional shift. Infeasibility generally arises from two sources. The
first is insufficient feature coverage, where the target data cannot sat-
isfy a feature’s lower-bound constraint even if all tuples are selected.
For instance, if the source data (e.g., Utah, Arizona, & Washington)
and example snippets heavily emphasize the topic national parks
(e.g., Bryce, Grand Canyon, Olympics), but the target document
is Kansas, which contains no national parks, then its maximum
possible contribution to that topic is 0. Any positive lower bound
(e.g., 0.10) becomes unattainable, leading to infeasibility via lower-
bound violation. The second source of infeasibility is atomicity,

4SUM is preferred since AVG cannot distinguish single- from multi-tuple bundles, and
MAX/MIN are outlier-sensitive. Our framework can support any linear aggregate.

which arises from the indivisibility of tuples. If selecting any single
tuple already violates an upper bound, no feasible solution exists.
For example, if every sentence in the target document has a topic
score of at least 0.15 while the constraint’s upper bound is 0.10,
feasibility is impossible since tuples cannot be fractionally selected.

Bound relaxation algorithm. We address infeasibility via bound
relaxation, which iteratively widens constraint bounds until the
resulting package query becomes feasible. Algorithm 1 outlines this
process, which repeats until feasibility is achieved (lines 5-13). If the
initial constraint bounds @iy are infeasible (line 3), we first identify
the violated constraints Oyiglated (line 5) using ILP solver signals
(e.g., IBM CPLEX [34]) used by the package query engine (§4.3). To
preserve the original intent, we selectively relax only the violated
constraints, while keeping all others unchanged.

Since it is unknown whether the upper or lower bound (or both)

caused the violation, we relax both bounds symmetrically. We
decrease 1b; toward 0 (line 10) and increase ub; toward F;(T7)
(line 11). We determine the relaxation amount at each iteration us-
ing p-€ (lines 10 & 11), where the step multiplier p (line 7) controls
the relaxation rate based on the number of prior attempts, and the
step size € (line 9) is a target-data-specific parameter.>
Relaxation step multiplier, p. It controls the relaxation rate and
is defined as et max(LLfattempts/z]) Here 1y (default 0.5) sets the base
relaxation rate, while 7 (default 10) controls how frequently p is
boosted. Consequently, p increases exponentially every 7 attempts,
enabling faster escape from infeasible regions.
Relaxation step size, e. While p determines the rate of relaxation,
different features exhibit varying score distributions within T9. To
account for this, we derive a feature-specific step size from the
target data distribution and set € = Fﬁ;ZT) , which corresponds to
the average contribution of feature f; per tuple in T9.

Remark: Although our relaxation algorithm is iterative (rather than
abinary search or other principled optimization method), it achieves
rapid convergence in practice. We empirically found that relaxation
terminates in approximately 40 iterations and takes about 4 seconds
on average, even when examples contain around 100 tuples. We
provide more details in §5.5 and §5.6.

ExampLE 6. Consider the California document TgA over 5 sentences
(|TgA| =5), where Fz(TgA) = 0.60. For Geography (F;), the initially
synthesized constraint is 0.90 < F,(B) < 1.20 from Example 5. This
is infeasible since the maximum achievable score, even when all sen-
tences from TgA are used to form the bundle, is 0.60, requiring relax-
ation. For the first 10 iterations, p:eO'SXIzl.()S and e:%:o.lz. Thus,
the first iteration relaxes the bounds tomax(0.90—1.65X0.12, 0)=0.70 <
F,(B) < min(1.20+1.65X0.12,0.60)=0.60. This is still infeasible, so
the second iteration yields max(0.70—1.65%0.12,0)=0.50 < F,(B) <
min(0.60+1.65%0.12,0.60)=0.60, at which point the constraint be-
comes feasible and relaxation stops. Note that, the upper bound is not
relaxed due to it already being at max.

4.1.3  Refining intent via bound sliders. A key usability requirement
(desideratum D4 in §1) for ExX2BUNDLE is an intuitive user interface
for iterative intent refinement. A straightforward approach is to let
5The step size € is analogous to gradient and the step multiplier p to learning rate in

stochastic gradient descent. However, constraint violation is not differentiable, since it
yields zero gradients in the interior and undefined gradients at the boundary.



y =-100 y=-50 y=0 Y =+50 ¥y = +100
| 1 1 1 |
1 1 1 1 1
Very little Less Neutral More A lot
(0.00,1.09)  (0.75,1.89) (1.50,2.70) (3.56,4.70)  (5.61,6.70)

Figure 7: Slider for DEMoGRaPHICS. Users can adjust topic emphasis
from —100 (very little) to +100 (a lot). Each slider position maps to
specific constraint bounds; the neutral position (0) corresponds to
the feasible bounds synthesized (and relaxed) from user examples.

users directly edit the upper and lower bounds of the synthesized
constraints. While this offers full transparency and suits experts, it
reduces usability for non-expert users, who do not know how to
map their intent to the corresponding constraint bounds.
Motivated by studies showing that humans are better at relative
judgments (more vs. less) than absolute ones (assigning ratings) [68],
we introduce a single-parameter slider [14, 22, 37, 59, 64, 73] that
abstracts raw bounds (Figure 7). Each slider position corresponds to
a pair of upper and lower bounds. For example, for GEOGRAPHY, the
neutral point 0 corresponds to the feasible bounds (1.50, 2.70) syn-
thesized from user examples (Example 5). The slider further encodes
other bounds into a scale from —100 to +100 around the neutral
point to allow fine-grained adjustments. Upon reviewing the result
bundle, users simply indicate whether they want more (less) rele-
vance to the topic by moving the slider right (left). Beyond enabling
relative adjustments, this design reduces the number of controllable
parameters, consistent with human-computer interaction findings
that simpler control spaces are cognitively less demanding [33].

Mapping between slider positions and bounds. We use y; to de-
note the position of the slider for topic f;. We map the initial feasible
bounds (1bj, ub;)—synthesized from user examples—to the mid-
point of the slider at y;=0. For a target document T9, the minimum
and maximum attainable bundle scores for topic f; are 0 and F;(T9),
respectively. Let us use mx to denote F;(T?) for simplicity. These two
extreme values—0 and mx—map to the lower bound of the left-most
slider position and upper bound of the right-most slider position.
However, a key challenge here is that both sides of the midpoint of
the slider have equal number of positions (100 on each side), how-
ever, the distance between the initial feasible bounds and the two
extreme bounds are not necessarily equal. Thus, for slider positions
left of the midpoint, we determine the lower bound by interpolat-
ing based on the position’s relative distance between the left-most
endpoint (y;=—100) and the midpoint (y;=0). Symmetrically, for
positions right of the midpoint, we determine the upper bound by
interpolating based on the position’s relative distance between the
right-most endpoint (y;=+100) and the midpoint (y;=0). Assuming
a constant width w for all bounds, the mappings are as follows:

Slider Position Lower bound Upper bound yi

(left-most) 0 w -100

Eleft of)the center) ig - 180=x) 12 U0 Ly x

center, j ub; 0

(right of the center) ub;+w -w ub;+w +x

right-most mx —w mx +100
g

A question still remains: how to determine the width of the bounds w
in the above mappings? Should it be constant for all slider positions?
We use the width of the neutral position (ub;—1b;) as a guide to
derive the bound width of slider position at y;j=x with the formula:

w(x) = e (ub;~1b)).

Here, a is a tunable parameter between 0 and co, which deter-
mines how aggressively bound widths are narrowed as the slider
moves farther away from the neutral position. When a=0, all slider
positions use the same width as the neutral position, i.e., (ub;j—1b;).
As a increases, the width shrinks more rapidly as the slider moves
away from the neutral position, resulting in increasingly tighter
bounds for extreme values of y;. Regardless, ExX2BUNDLE automat-
ically “snaps” the slider to a feasible position in case the user’s
adjustment leaves it at an infeasible state. Note that the bounds rep-
resented by different slider positions can be overlapping (Figure 7).

ExaMPLE 7. For feature fi (DEMOGRAPHICS), the synthesized bounds
from the user examples are (1.50,2.70) (Example 5). The maximum
score along this feature is FJ(TgA):6.70. Figure 7 illustrates the corre-
sponding slider: the neutral position (y=0) is mapped to (1.50,2.70).
At y=+100, the upper bound is fixed to the maximum value 6.70. With
a=0.1, the width is w(+100) = e = -(2.70-1.50) = e7%1.1.20 =
1.09. The lower bound is therefore 6.70—1.09 = 5.61, yielding the
bounds (5.61, 6.70) for y=+100. At y=—50, the lower bound is interpo-

(100—50) . , =0.1-/50]
lated as 1.50-~—5— = 0.75. The width isw(=50) = e~ 10 -1.20 =
e7%95.1.20 ~ 1.14. Adding this width to the lower bound yields the

upper bound 0.75+1.14 = 1.89, so y=—50 maps to {0.75, 1.89).

1)1
100

Bound relaxation after slider interaction. Since slider adjust-
ments may re-introduce infeasibility, we re-relax the bounds af-
terwards using Algorithm 1. Once feasible bounds are obtained,
we snap the slider to the position whose bounds are closest to the
feasible bounds and subsume them, ensuring transparency to the
user. Unlike the initial relaxation, we have an advantage here since
we only need to relax bounds for a single constraint, with all other
constraint bounds fixed. Therefore, if previously feasible bounds
(1b%, ubj) are known, we use it as an additional reference during
relaxation. Specifically, we reduce 1b; until max(0, 1b%) (line 10 of
Algorithm 1) and increase ub; until min(ub;, F;j(T9)) (line 11). Ad-
ditionally, if the user requests termination of relaxation before the
process finishes, we move the slider to the closest feasible bounds.

Overall, our slider interface offers the following benefits: (1) sim-
plicity by reducing the number of controls, (2) semantic clarity
through an intuitive scale from less (negative) to more (positive),
(3) feasibility preservation by automatically snapping user adjust-
ments to a feasible state, and (4) reversibility by allowing users to
reset to the original (or any intermediate) intent. Users can still ad-
just the bounds directly if they wish, but the slider provides a more
intuitive alternative that bypasses the complex underlying numeric
bounds. We evaluate the effectiveness of our design choices for the
slider interface in our user study (Section 6).

4.2 Devising a quality function for optimality

As discussed in Section 3.1.2, the quality function defines the no-
tion of optimality used to break ties among multiple valid bun-
dles that satisfy the constraints. This becomes particularly impor-
tant as bounds relaxation often yields multiple valid bundles. The
quality function is application-specific and is typically specified
by a domain expert prior to user interaction with an instance of
Ex2BUNDLE, as shown in step (0) in Figure 5. Given (i) a tuple-level
scoring function o : ¢t +— R, which assigns a numeric score to
a tuple t, and (ii) an application-specific aggregate function A,



the quality of a candidate bundle B, quality(B) = Aep o(t). Be-
low, we present example quality functions—along with suitable
aggregators—for the three applications discussed in Section 2.

Supplier selection. Cost and reliability are common quality func-
tions when selecting a bundle of suppliers for business expansion
into a new country. For cost, a natural aggregate is SUM, with the
objective of minimizing total cost, i.e., X;epcost(t). For reliability,
suitable aggregates include AVG or MIN, depending on the prefer-
ence: maximizing average reliability, or maximizing the minimum
reliability among the selected suppliers.

Focused text snippet extraction. Informativeness and conciseness are
common quality functions when extracting snippets or summaries
from a text document. Sentence-level informativeness can be mod-
eled using term frequency within a sentence ¢, weighted by inverse
document frequency in the corpus (TF-IDF), which assigns higher
scores to sentences containing rarer words with respect to the
corpus. Alternatively, informativeness can be approximated using
structural signals such as the presence of numbers, citations, or
hyperlinks, which often indicate factual or reference-rich content.
Conciseness can be modeled using the word count or character
count of a sentence, with the objective of minimizing the total num-
ber of words or characters in a snippet. In both cases, the most appro-
priate aggregate is SUM. Alternatively, conciseness can be modeled
by minimizing the number of sentences in a snippet, using COUNT as
a bundle-level quality function that returns the snippet cardinality.

Playlist recommendation. Popularity and diversity are common qual-
ity functions in playlist recommendation. Popularity can be mod-
eled using the number of weekly plays or chart rankings of a song,
with the objective of maximizing overall popularity. A suitable ag-
gregate in this case is AVG, i.e., AVG,egpopularity(t). Diversity can
be modeled using pairwise dissimilarity between songs based on
features such as genre, mood, or artist characteristics. This can be
captured via a distance function over song features, with the objec-
tive of maximizing diversity within the playlist. A suitable aggregate
is MIN over all pairwise distances, i.e., MIN, +;ep,ixjdistance(t;, ti),
and maximizing this ensures that even the most similar pair of
songs in the playlist remains sufficiently dissimilar.®

4.3 Package query execution

For the package query execution engine, we use PaQL [10], a query
engine for declarative package queries. PaQL translates queries into
Integer Linear Programs (ILPs), which are then solved using off-the-
shelf solvers such as IBM CPLEX [34]. For large target data with
many tuples, solving the ILP becomes computationally expensive
due to the combinatorial nature of the search space. To address this,
PaQL includes the SKETCHREFINE algorithm, a scalable method with
a guaranteed (1 + €)® approximation. SKETCHREFINE first clusters
similar tuples to form a compact sketch of the data, solves the ILP
over the cluster representatives, and then maps the solution back
to the original tuples to construct the final bundle.

Ex2BuNDLE formulates a PaQL query that encodes the constraint
bounds © (§4.1) as constraints over packages (analogous to snip-
pets in FTSE or bundles in general) and defines the optimization

®While in this paper we assume a linear, tuple-wise scoring function, ExX2BUNDLE can
support quadratic objective via CPLEX’s quadratic programming or MILP linearization.

objective using the scoring function o together with the aggregate
A (§4.2), as shown in Section 3.2. It then executes the package
query, and, if feasible, returns the optimal bundle. The PaQL engine
also informs the constraint synthesizer (§4.1) about any violated
constraints when the query is infeasible in line 5 of Algorithm 1.

ExXAMPLE 8. For the constraint bounds ©={(1.50, 2.70), {0.50, 0.60),
(0.10,0.40) } (derived in Example 5 and relaxed in Example 6) and the
target document TgA, ‘we want the snippet with the minimum total
word count. The function word_count : t — N* returns the number
of words in a sentence t. The synthesized PaQL query is as follows:

PQ(TZ,,©): SELECT PACKAGE(*) AS B FROM T,
SUCH THAT F;(B) BETWEEN 1.50 AND 2.70
AND F,(B) BETWEEN ©.50 AND 0.60
AND F5(B) BETWEEN .10 AND 0.40
MINIMIZE SUM;ep word_count(t)

5 EXPERIMENTAL RESULTS

In this section, we present experimental results addressing the
following research questions. (RQ1) Does Ex2BUNDLE satisfy user-
specified bundle constraints, and how does this compare to constraint-
agnostic baselines? (§5.2) (RQ2) Do Ex2BUNDLE’s retrieved bundles
align with user intent, and how does this compare to extractive
and LLM-based baselines? (§5.3 & §5.4) (RQ3) How often is con-
straint relaxation triggered, and how does it scale with the num-
ber of sentences in the example snippets? (§5.5) (RQ4) How does
Ex2BUNDLE’s runtime scale with the number of sentences in the
example snippets? (§5.6)

5.1 Experimental setup

Implementation. Ex2BUNDLE uses a Python backend—with Gen-
sim for LDA (frequency-based topic modeling for FTSE), SBERT [67]
for CTM (semantics-aware topic modeling), IBM CPLEX 20.1 via
docplex for ILP solving, and Flask 2.0 for serving—and a JavaScrip-
t/Bootstrap frontend with an interactive slider interface.” We ran
experiments on a 2019 MacBook Pro with a 2.4 GHz Quad-Core
Intel Core i5 CPU and 16 GB of 2133 MHz LPDDR3 RAM.

Datasets. We evaluate ExX2BUNDLE in two applications: supplier se-
lection over the TPC-H dataset, and focused text snippet extraction
over SUBSUME and CNN/DailyMail. For TPC-H [69], we synthe-
size a view from Supplier (100 rows), Partsupp (8,000 rows), and
Nation (25 rows) at scale factor 0.01, with 5 attributes including
price, availability, balance, region_europe, and region_america.
SuBSUME [76] contains 275 (user, intent) pairs, each with 8 manu-
ally curated summaries; we use 5 as user input and hold out the
remaining 3 as a test set. CNN/DailyMail [30] contains news ar-
ticles with human-written highlights, adapted using ChatGPT-40
to map each highlight to its closest sentences in the source article.
We use a subset of 100 articles drawn from the ACL2020 split, with
an average of 39 sentences per article (median 35, range 7-151).
Within each category, we use 5 articles as user examples and 3 as
targets, matching the train/test protocol used for SUBSUME.

Baselines. Section 5.2 introduces task-specific baselines for RQ1.
For RQ2-RQ4: Top-k selects the top-k sentences from the target
document by SBERT [67] cosine similarity to the example sentences
(k is the average example size). SuDocu [19] is our prior system for

7Ex2BUNDLE source code: https://github.com/kuangfei-long/ex2bundle


https://github.com/kuangfei-long/ex2bundle

System CSR (%) T Average Objective Score T Runtime (s) |
Random 70.0 10.48 0.0005
Greedy 33.3 15.61 0.0024
Ex2BUNDLE 100.0 11.72 0.0207

Table 8: Ex2BUNDLE achieves full constraint satisfaction with a com-
petitive objective score. Bold = best; underlined = second-best.
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Figure 9: For focused text snippet extraction on the SUBSUME dataset,
Ex2BUNDLE outperforms all other baselines across all metrics.

focused text snippet extraction, using LDA [6] topic distributions.
BERTSUMExT [45] is a widely-adopted extractive summarizer; we
adapt it for example-driven extraction by pre-filtering the document
to sentences semantically similar to the examples. MEMSUM [25]
is a state-of-the-art reinforcement-learning extractive summarizer
for long documents; we adapt it via the same pre-filtering as BERT-
SUMEXT. ChatGPT-4o [54] is OpenAI's LLM; we provide the target
document and example summaries via file attachment and prompt
it to extract snippets.

Metrics. We use the following metrics:

e Constraint Satisfaction Rate (CSR): percentage of inferred
constraints satisfied by the retrieved bundle, averaged across
runs.

e Objective score: composite of TPC-H attributes maximizing the
sum of price, availability, balance.

o ROUGE-1/2/L [41]: F; scores measuring unigram, bigram, and
longest-common-subsequence overlap between retrieved and
ground-truth snippets.

e Semantic Similarity (SS): cosine similarity between average
SBERT embeddings of retrieved and ground-truth snippets.

More details on the setup, including additional description of
the datasets and baselines, are in our technical report [13].

5.2 Constraint satisfaction performance

We evaluate constraint satisfaction in the BQbE setting for the
task of supplier selection (RQ1) on the TPC-H dataset. We con-
struct 3 example supplier bundles representing diverse procurement
strategies (conservative, price-focused, balanced); ExX2BUNDLE in-
fers constraints from these examples per §4.1, synthesizes a PaQL
query, and executes it to retrieve a result bundle. We compare
Ex2BUNDLE against Greedy (top-k tuples by objective score, ignor-
ing constraints) and Random (uniform k tuples), where k is the
average example bundle size, averaged over 5 runs.

As shown in Table 8, ExX2BUNDLE satisfies all constraints (CSR =
100%) with a competitive average objective score (11.72). Greedy
achieves the highest objective score (15.61) but satisfies on average
only 33.3% of the inferred constraints, indicating that objective-
only optimization fails to enforce explicit constraint requirements.
Random selection has a higher CSR (70.0%) than Greedy with a
lower objective score (10.48), highlighting the importance of jointly
optimizing both constraint satisfaction and objective.

Intent System Semantic Similarity T
Intent 1: What about this state’s arts ~ ChatGPT-40 0.64
and culture attracts you the most? ~ Ex2BUNDLE 0.88
Intent 2: What are some of the most ~ ChatGPT-40 0.65
interesting things about this state? =~ Ex2BUNDLE 0.76

Table 10: Ex2BuNDLE outperforms ChatGPT-40 on both SUBSUME
intents; the advantage narrows on the more general one.

Key Takeaways

e Ex2BUNDLE achieves full constraint satisfaction with a com-
petitive objective score.

o Greedy fails on constraint satisfaction, Random on objective
score; Ex2BUNDLE jointly optimizes both.

5.3 Retrieval-based FTSE performance

For RQ2, we evaluate Ex2BUNDLE on SUBSUME against Top-k, Su-
Docu, BERTSUMEXT, and MEMSUM. We report ROUGE-1/2/L F;
scores and SBERT-based semantic similarity (SS) between retrieved
and ground-truth snippets, together with per-query runtime.

Figure 9 shows that Ex2BUNDLE consistently outperforms all
baselines on ROUGE and semantic similarity. SuDocu, which is
example-driven, outperforms the pure extractive summarizers MEM-
Sum and BERTSUMEXT (which lack example-driven intent model-
ing), but its topic-modeling approach is inferior to Ex2BUNDLE and
Top-k, both of which use semantics-aware topic modeling.

Key Takeaways

e Ex2BUNDLE outperforms all baselines on ROUGE and SS.

e Systems that use topic modeling
(Ex2BunDLE) and Top-k outperform SuDocu and pure
extractive summarization (BERTSUMEXT, MEMSUM).

semantics-aware

5.4 LLM-based summarization performance

Ex2BUNDLE is LLM-free: its latency scales with corpus rather than
model size, it applies to private data where LLM pipelines cannot
run, and it incurs no per-query inference cost. The tradeoff is po-
tential accuracy loss; for RQ2, we test this against ChatGPT-40 on
two settings: focused intents from SUBSUME (specific needs) and
generic intents from CNN/DailyMail (open-ended summaries).

Focused intent. We compare Ex2BUNDLE against ChatGPT-40
(RAG, few-shot) on two intents from SUBSUME—one more specific,
one less so—to see how each tool handles different levels of intent
specificity (Table 10). Ex2BUNDLE outperforms ChatGPT-40 on both
(S5=0.88 vs 0.64 for the more specific Intent 1; 0.76 vs 0.65 for the
less specific Intent 2). The advantage narrows on the less specific
intent—Ex2BUNDLE drops from 0.88 to 0.76 while ChatGPT-4o stays
roughly flat (0.64 to 0.65)—but Ex2BUNDLE leads in both.

Generic intent. On CNN/DailyMail, we compare against ChatGPT-
40 (few-shot) across four categories (Politics, Crime, Sports, & Life-
style). ChatGPT-40 leads on all ROUGE and SS metrics in every
category (Table 11); on Politics, for instance, ChatGPT-40 achieves
ROUGE-L 0.4814 and SS 0.7965, vs. 0.2335 and 0.6272 for ExX2BUNDLE
(similar gaps elsewhere). This is expected: generic news snippets
have broad intent that example-driven retrieval cannot capture [80],
marking the regime where Ex2BUNDLE is not the appropriate tool.



Semantic

Category System ROUGE-1T ROUGE-2T ROUGE-LT SimilarityT
Politics ChatGPT-40 0.5504 0.4403 0.4814 0.7965
Ex2BUNDLE 0.3235 0.1590 0.2335 0.6272
Crime ChatGPT-40 0.4844 0.3513 0.4019 0.7601
Ex2BUNDLE 0.3246 0.1499 0.2204 0.5829
Sports ChatGPT-40 0.5170 0.4219 0.4548 0.8022
P Ex2BUNDLE 0.3148 0.1743 0.2330 0.6255
Lifestvle ChatGPT-40 0.5060 0.3812 0.4294 0.7949
24 Ex2BUNDLE 0.3136 0.1304 0.1982 0.6016

Table 11: ChatGPT-40 outperforms Ex2BUNDLE in generic intent
alignment across CNN/DailyMail news categories.

Key Takeaways

o Ex2BUNDLE outperforms ChatGPT-4o on focused intents.

o The advantage narrows on less specific focused intents.

e On generic extraction, ChatGPT-4o leads, marking the regime
where example-driven retrieval is less effective.

5.5 Relaxation analysis

We analyze relaxation behavior (RQ3) on 50 target documents
varying example sizes from 5 to 45 sentences. For each query,
Ex2BUNDLE synthesizes constraints from the example bundles (§4.1)
and tries to retrieve a bundle from the target document satisfying
those constraints; if no feasible solution exists, ExX2BUNDLE itera-
tively relaxes the violated constraints until feasibility is reached
(§4.1.2). About 17% of queries are initially infeasible, independent
of example size, indicating that infeasibility is driven by the match
between target content and example-derived bounds rather than by
the size of examples. For infeasible queries, Figure 12 shows the dis-
tribution of relaxation iterations needed to reach feasibility, which
grows with example size: more example sentences yield tighter
bounds, requiring more relaxation iterations to reach feasibility.

Key Takeaways

e About 17% of queries require constraint relaxation, indepen-
dent of example size.

e More example sentences yield tighter constraint bounds, re-
quiring more relaxation iterations to reach feasibility.

5.6 Scalability analysis

We evaluate ExX2BUNDLE’s scalability with respect to example-bundle
complexity in terms of their size, i.e., the number of sentences k
(RQ4). Since scalability in target document size is inherited from
the PaQL framework [10], we focus on the example complexity.
On CNN/DailyMail, we vary the example size k from 5 to 100 sen-
tences in increments of 5, using 5 source documents and 45 target
documents per setting. We synthesize examples via three sampling
strategies: single-topic (top-k sentences for one randomly selected
topic), multi-topic (iteratively sampling topics at random until k
sentences are collected), and random (uniform random k sentences
from the document). We report learning time (average time to com-
pute bounds and synthesize the PaQL query from examples) and
retrieval time (average time to execute the PaQL query and retrieve
the snippet from the target document).

Figure 13 shows that learning time (left) dominates total time
(right), exceeding retrieval time (center) across all strategies, since
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Figure 12: Relaxation Analysis for ExX2BUNDLE across varying size
of examples. The number of relaxations triggered increases with the
number of example sentences.
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Figure 13: Average learning (left), retrieval (center), and total times
(right) while varying the example sizes in the example snippets for
single-topic, random, and multi-topic sampling strategies.

computing bounds is more expensive than PaQL execution. The
completion time remains within 5 seconds even at 100-sentence
examples, with total time scaling linearly. Among strategies, multi-
topic has the highest learning time (it computes bounds across a
more diverse snippet), while random has the lowest (treating selec-
tion like independent Top-k rather than a combinatorial bundle).

Key Takeaways

e Learning time dominates total time across all sampling strate-
gies; bound computation dominates the runtime.

e Ex2BUNDLE runs in under 5 seconds even for 100-sentence
example snippets, with total time scaling linearly.

Experiments evaluating the impact of quality function variants
on retrieval performance, prompt details, and extensive compar-
isons against baselines are in our technical report [13].

6 INTENT SLIDERS: A USER STUDY

To evaluate the effectiveness of the intent-refinement slider inter-
face of Ex2BuNDLE for FTSE, we conducted a within-subjects study
with 20 participants recruited via Amazon Mechanical Turk, fluent
in English and experienced with document search. Participants were
tasked with identifying their preferred US state for relocation using
Wikipedia articles, comparing Ex2BUNDLE against SBERT (Top-k
baseline, §5.3), a widely-used embedding model in vector databases
that outperforms other baselines in our evaluation. We exclude non-
BQDE baselines (e.g., conversational LLMs), which underperform
on FTSE (Table 10). Slider parameter a was set to 0.1. Following
a mixed-methods approach [24], participants were randomly as-
signed to start with either tool (anonymized) to mitigate transfer
effects. Each participant was assigned to 25 randomly selected states
per tool and was instructed to provide snippets for at least 2 states
with no upper limit. While interacting with Ex2BUNDLE, they could
select sentences, search using keywords, and refine intents by ad-
justing sliders. In SBERT, they could select sentences and search
using keywords as well, but intent adjustment had to be done via
manual addition/removal of sentences from example snippets.

We quantitatively analyzed the data by comparing the partici-
pants’ ratings of usefulness, ease of use, and daily usage preference



for both SBERT and Ex2BUNDLE. We also compared the number of
interactions with the interface (e.g., selecting examples, adjusting
sliders, requesting snippet retrieval, etc.) between the two tools to
understand how participants engaged with them.

Participants’ satisfaction. On task completion, participants rated
each tool on usefulness, ease of use, and daily usage preference.
Ex2BUNDLE received higher ratings than SBERT on all three: (i) 12/20
rated Ex2BUNDLE more useful (8/20 for SBERT), (ii) 16/20 found
Ex2BUNDLE easier to use (only 4/20 for SBERT), and (iii) 11/20
preferred Ex2BuNDLE for daily use (9/20 for SBERT).

Participants’ interactions. To understand how participants in-
teracted with the tools, we categorized interactions into six types:
Search: keyword queries, Selection: example selection, Update: exam-
ple modification, Learn: intent learning, Retrieval: backend retrieval,
and Slider: interactive parameters. Averaging interaction counts
per user, SBERT users performed about 3.1 times more Search inter-
actions than Ex2BUNDLE users. In contrast, ExX2BUNDLE users had
more Slider interactions and consequently about 2.1 times more Re-
trieval interactions, as ExX2BUNDLE automatically retrieves bundles
upon slider adjustments. ExX2BUNDLE’s interactive sliders encour-
aged more iterative refinement of results, while SBERT’s lack of
interactivity led to more manual searching.

Participants provided feedback on their experience with both
tools. The majority used the interactive sliders to refine their intents:
“Traised the slider up so that the output summaries would prioritize
information that pertained to the economy and climate of each state
since those were the most important factors for me.” However, some
preferred the simplicity of SBERT, while others noted difficulty giv-
ing the system examples, highlighting a limitation of the example-
based approach: ‘T found the original text hard to focus on due to being
one large text block [...] trying to find stuff like food and cuisine didn’t
necessarily pick up on things without knowing exact keywords.”

7 RELATED WORK

Programming by-example [27, 28] is a paradigm where users
provide examples to express their intent and has seen significant
success in databases, particularly in data discovery-by-example [38,
50, 57] and query-by-example (QbE) [8, 15, 20, 21, 56, 60, 82], which
allows users to express their query intent through examples rather
than formal query languages. QPlain [15] incorporates explana-
tions with data provenance, some works prune the search space
for efficient query synthesis [8, 60] or generalize the output [56],
and recently SQUID [20, 21] semantically synthesizes SQL queries
from user-provided examples rather than relying on structural sim-
ilarity. However, all existing QbE systems are designed to retrieve
individual items and do not account for the combinatorial nature of
bundle retrieval. Ex2BUNDLE addresses the bundle retrieval problem
through the lens of QbE, where users express their intent through
example bundles, as opposed to example tuples.

Focused text snippet extraction, also known as query-focused ex-
tractive summarization, allows users to specify keywords or queries
to guide snippet selection [36, 40, 42], but requires users to explic-
itly formulate their intents. RAG-based approaches [2, 29, 39, 43]
can also support snippet extraction via few-shot prompting [9],

8More details on the user study are in our technical report [13].

but are not designed for extracting bundles that jointly satisfy mul-
tiple constraints. Recently, faceted query-by-example approaches
leverage representative documents as an example query, addition-
ally conditioned on explicit facets (constraints) to extract snippets
across multiple constraints [16, 51, 71]. However, existing systems
either require users to specify constraints as keywords (e.g., Method
in scientific articles) [16] or as natural language queries [71], or
rely on opaque vector matching that provides no interpretable con-
straint values [51]. Moreover, because these baselines score snippets
independently, their objective functions fail to capture the joint
constraint satisfaction required for bundle retrieval.

Bundle retrieval is a fundamental task in database that involves
selecting an optimal set of items subject to a collection of con-
straints [10, 12, 17, 49, 72]. It has also been studied extensively in
recommender systems, where the goal is to generate a bundle that
collectively satisfies user preferences across various domains, such
as e-commerce [44, 65, 74], entertainment [11, 55], and travel plan-
ning [18, 26, 79]. However, these systems rely on greedy heuristics
or approximate generative models to generate bundles and struggle
to enforce strict constraints. In relational databases, prior work on
package queries addresses the efficiency of bundle query perfor-
mance [10, 49], but assumes users can already express a well-formed
query. Diversification-based retrieval approaches [12, 17, 72] also
retrieve bundles that collectively satisfy user constraints. However,
they typically operate over a limited set of constraints such as car-
dinality or diversity scores. In contrast, Ex2BUNDLE addresses the
upstream challenge of automatically synthesizing multi-constraint
package queries from user-provided examples.

8 SUMMARY AND FUTURE DIRECTIONS

We introduced Ex2BUNDLE, an example-driven framework for bun-
dle retrieval that enables users to specify intents through example
bundles. Ex2BUNDLE synthesizes package queries from examples
and employs principled constraint relaxation to ensure feasibility.
Our experiments and user study show that ExX2BUNDLE captures
user intent and outperforms other baselines in intent alignment.
Several directions extend the framework. Manual example selec-
tion is burdensome, especially for complex intents or large data; an
adaptive example recommendation that infers preference patterns
from prior selections would lower this barrier. The current relax-
ation widens bounds symmetrically once violations are detected,;
more principled policies, such as minimal or preference-weighted
relaxation, could better preserve user intent. EX2BUNDLE currently
optimizes linear objectives over per-tuple scores; native PaQL sup-
port for pairwise or quadratic objectives (e.g., bundle diversity for
playlists) would broaden expressiveness. Specification of the quality
function requires domain expertise; inferring both objective and
constraints from example bundles—a problem related to inverse op-
timization [31]—would remove the domain-expertise requirement.
Inference relies on example bundles alone; when examples are few
or fail to convey aspects of intent that are better specified using
natural-language modifiers such as “like these examples but with
stronger emphasis on diversity”, a hybrid example-driven inference
with LLM-based reasoning under symbolic soundness guarantees
would extend coverage while preserving bound verifiability.
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