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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 top-𝑘 retrieval, bundle retrieval is
inherently combinatorial and, in general, NP-hard. Although pack-
age queries can efficiently retrieve bundles given a well-formed
query, two key user-centric challenges remain: (1) expressing and
tuning multi-dimensional bundle intent through a user-friendly in-
terface, and (2) ensuring feasibility when the query yields empty re-
sults. We introduce Ex2Bundle, an Example-driven Bundle retrieval
framework that enables users to specify their intent through exam-
ple bundles and automatically synthesizes package queries that cap-
ture the intent implicit in those examples via aggregate constraints.
Ex2Bundle also addresses a challenge unique to bundle retrieval:
when inferred constraints are infeasible over the target data, our
data-aware constraint relaxation minimally adjusts the constraint
bounds while preserving alignment with user intent. We instantiate
a specific application of focused text snippet extraction to demon-
strate the efficacy of Ex2Bundle. Extensive experiments over real-
world datasets and a user study demonstrate that Ex2Bundle im-
proves 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 [12]; recommender systems
suggest playlists (sets of songs) or combo offers (sets of products)
tailored to user preferences [5]; and extractive text summarization
systems retrieve subsets of sentences from documents that form
coherent summaries based on user queries [22, 66, 94]. Unlike tra-
ditional retrieval that returns individual or top-k items, bundle
retrieval involves selecting a set (or package [12]) 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 [12]. While systems exist for the efficient
retrieval of data bundles from this combinatorial search space [12],
two user-centric challenges remain as primary obstacles: (1) the
interface challenge—how can humans easily express their intent of
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) [12] allows specification of a bun-
dle query through linear constraints and objective functions over
data attributes, but the users must know the exact query parameters:
attribute names and their numerical bounds. This is particularly
difficult for non-experts who must (i) learn the PaQL [12] syntax,
(ii) know the database schema, (iii) determine the attributes of inter-
est, (iv) have a good sense of the value distributions, and (v) translate
their intent precisely to parameterized constraints and global objec-
tives of a PaQL query. We show in Example 1 that even for experts,
step (v) is particularly difficult 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 [94], an
alternative is to specify the intent in natural language. However,
as prior work shows, natural language is too generic to express
specific user intents [22] and subsequent conversational tuning of
intent is imprecise and frustrating for humans [97].

Example 1 (Synthesizing a package qery). Morpheus, a CS
department Chair, is seeking to fill two tenure-track assistant professor
positions to strengthen AI and Databases. Since he plans for the two
new hires to jointly teach an “AI 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: 1

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);

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,

1While this toy example involves 2 hires over 4 criteria; faculty searches typically
involve 5–10 candidates and 15+ criteria, yielding a combinatorial search space. E.g.,
choosing 5 from 200 candidates yields

(200
5
)
≈ 2.5 billion possible bundles.
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AI 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.

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 AI 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 to correctly parameterize the PaQL query,
which affects experts and non-experts alike. In Example 1, Mor-
pheus 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 [101], which has seen significant success in traditional SQL
querying [24] and other domains [22, 29, 31, 71] by lowering the
barrier 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. BQbE is particularly use-
ful when users cannot articulate precise criteria but can instead
provide representative examples of what they seek.

Example 2 (Parameterizing a package qery). 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 AI 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(*) = 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);

Example 2 highlights a scenario where a user cannot directly
specify precise criteria via PaQL query parameters 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, another key challenge remains,
which we highlight in Example 3.

AI Databases Teaching Recommendation

ai_score db_score teaching_score reco_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 1.3 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?

b1 {Smith, Jones} 1.2 1.1 0.3 (↓ 0.4) 1.3 no

b2 {Smith, Neo} 1.2 0.9 (↓ 0.1) 0.5 (↓ 0.2) 1.2 no

b3 {Smith, Brown} 1.3 (↑ 0.1) 0.8 (↓ 0.2) 0.5 (↓ 0.2) 1.3 no

b4 {Jones, Neo} 0.8 1.2 0.6 (↓ 0.1) 1.7 almost

b5 {Jones, Brown} 0.9 1.1 0.6 (↓ 0.1) 1.8 almost

b6 {Neo, Brown} 0.9 0.9 (↓ 0.1) 0.8 1.7 almost

Table 3: No candidate bundle fully satisfies the constraints of Q2. For
instance, 𝑏6 violates the constraint “SUM(db_score) BETWEEN 1.0 AND
1.3”, as its db_score (0.9) is 0.1 below the lower bound (1.0).

Example 3 (Ensuring qery feasibility to obtain results).
Morpheus issues Q2 to a package query execution engine [12], 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 b6 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: b4 and b5. Then following the goal of
maximizing the reco_score, the bundle 𝑏5 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 [56, 65], 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 [42, 74].
Existing package query execution systems [12] 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
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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 [12] require fully parame-
terized queries and return empty results when infeasible; QbE sys-
tems [24, 101] reduce the parameter burden for single-tuple retrieval
but do not extend to bundle queries with aggregate constraints.
Top-𝑘 retrieval. For BQbE, an alternative is to treat the entire exam-
ple bundle as a single query vector and retrieve top-𝑘 similar tuples
based on vector similarity [55, 78] to assemble the result bundle.
However, this approach can miss globally optimal bundles and vio-
late intended constraints, since top-𝑘 retrieval evaluates items inde-
pendently using an implicit scoring function—without guarantees
of global optimality—whereas bundle retrieval requires reasoning
over combinations of tuples under globally enforced [100], multi-
dimensional aggregate constraints. RAG systems inherit the same
limitation, as they perform top-𝑘 nearest-neighbor search over in-
dividual 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 target bundle sizes differ. In summary, bundle retrieval
is fundamentally an NP-hard combinatorial optimization problem,
and similarity-based greedy top-𝑘 search fails to address it.
Conversational LLMs. An LLM prompted with examples (few-shot
learning) could produce the bundle directly, but this requires reason-
ing over the entire target data and solving a combinatorial optimiza-
tion problem, which LLMs handle unreliably [88]. An LLM could
instead synthesize PaQL queries; however, the bounds would reflect
an opaque mapping between the user’s examples and constraint
values. LLMs also have no native mechanism to detect infeasibility
or relax bounds in an intent-preserving way, 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 [97].

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 Model the user intent implicit in the examples into a represen-
tation with explicit parameters, 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.

Ex2Bundle. 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, addressing D3; and (iv) provides an intuitive interface for
interactive intent refinement, addressing D4.

Use cases. We now present three real-world applications where
BQbE lowers the barrier for data bundle retrieval:
• Supplier selection for business. Businesses entering new markets
struggle to identify a set of suppliers via explicit constraints over
acceptable price ranges, inventory availability, or financial stability
thresholds. Ex2Bundle can infer these constraints implicitly from
examples of supplier bundles drawn from existing markets where
the business is successful, adapt them to the target market, and
retrieve an optimal set of suppliers that satisfies the constraints.
• Focused snippet extraction. In the context of text summarization,
BQbE arises as focused text snippet extraction: given a “focus” in the
form of several source document–summary pairs, where each sum-
mary is expressed as a set of extracted sentences (snippet), the goal
is to select a snippet from a target document that is consistent with
the examples. Ex2Bundle builds on our prior work SuDocu [22]
to support personalized extractive summarization [95].
• Playlist recommendation. Existing playlist recommenders—e.g.,
Spotify’s Discover Weekly [80], YouTube’s Daily Discover [8], and
Netflix’s Top Picks [3]—rely on item-level or single-playlist similar-
ity, which often fail to capture diverse tastes and cause user frus-
tration [1]. Ex2Bundle allows users to provide example playlists
reflecting their desired spread across genres, artists, tempo, etc.,
and generates playlists that satisfy their preferences.

Contributions. We make the following contributions:
• We formalize the problem of example-driven bundle retrieval and

show how it translates to the package query framework (§2).
• We present Ex2Bundle, 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 (§3).

• We evaluate Ex2Bundle on two use cases—package queries over
the TPC-H dataset [87] and focused text snippet extraction over
real-world datasets [34, 95]—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 (§4).

• 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 (§5).

2 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
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Symbol Description

f = {𝑓1, . . . , 𝑓𝐾 } Common schema over 𝐾 attributes/features
𝑇 𝑠𝑖 |= f A source data over the schema f
𝑡 |= f A single tuple over the schema f
f (𝑡) = [𝑓1 (𝑡), . . . , 𝑓𝐾 (𝑡)] ∈ R𝐾 Feature vector of tuple 𝑡
𝐸𝑖 ⊆ 𝑇 𝑠𝑖 Example bundle for the source data 𝑇 𝑠𝑖
T𝑠 = {𝑇 𝑠1 , . . . ,𝑇 𝑠𝑁 } Set of 𝑁 source data
E = {𝐸1, . . . , 𝐸𝑁 } Set of 𝑁 user-provided example bundles

𝑇𝑞 |= f A target data over f to retrieve a bundle from
𝐵 |= f A bundle over the schema f
Θ = {⟨lb𝑗 , ub𝑗 ⟩}𝐾𝑗=1 Constraint bounds for 𝐾 attributes
F(𝐵) = [𝐹1 (𝐵), . . . , 𝐹𝐾 (𝐵)] Feature profile of bundle 𝐵
F(𝐵) ⊢ Θ F(𝐵) satisfies the constraints given by Θ
𝜎 (𝑡) ↦→ R Domain-specific tuple-level scoring function

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

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 table2 over 𝐾 numerical3 at-
tributes/features {𝑓1, . . . , 𝑓𝐾 }. Each source data𝑇 𝑠𝑖 must conform to
f , denoted as 𝑇 𝑠𝑖 |= f . In Table 2, the source data for all the Univer-
sities conform to the schema {ai_score, db_score, teaching_score,
reco_score}. A tuple 𝑡 over f , denoted as 𝑡 |= f , is characterized by
a feature vector f (𝑡)=[𝑓1 (𝑡), . . . , 𝑓𝐾 (𝑡)] ∈ R𝐾 . In Table 2, Trinity’s
feature vector is [0.6, 0.5, 0.3, 0.7]. We use 𝑇𝑞 |= f to denote the tar-
get data from which the user wants to extract their desired bundle.
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 bundles E = {𝐸1, . . . , 𝐸𝑁 }, where
each 𝐸𝑖 ⊆ 𝑇 𝑠𝑖 consists of a subset of tuples from the corresponding
source data 𝑇 𝑠𝑖 . In Example 2, E = {{Trinity, Cypher}, {Link, Niobe,
Seraph}} and the source data set T𝑠 = {𝑇 𝑠UofX,𝑇

𝑠
UofY}.

2.1 Example-driven bundle retrieval

We are now ready to (informally) define our problem:
Problem 2.1 (Example-Driven Bundle Retrieval). Given a

set of source data T𝑠 over the same schema f , corresponding example
bundles E, where 𝐸𝑖 ∈ E is an example bundle for the source data
𝑇 𝑠𝑖 ∈ T𝑠 , and a single target data 𝑇𝑞 |= f , identify a bundle 𝐵∗ ⊆ 𝑇𝑞
that (i) satisfies the “user intent” implicit in E w.r.t T𝑠 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.
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 (§4).
3For unstructured data such as text, we derive numerical features through domain-
specific methods such as topic modeling or learned vector embeddings (§3) to produce
a structured representation under a fixed numerical schema.

2.1.1 Modeling user intent. Capturing user intent from example
bundles may require complex models involving non-linear con-
straints. However, practical use cases share the following common
structure: (i) the desired bundle is a set of items, (ii) quality of the
bundle depends on some aggregate properties (e.g., total score) of
the set, and (iii) the user preference is expressible as bounds on those
aggregates. These align perfectly with package query [12]—which
retrieves subsets of tuples from relational tables that collectively
satisfy (linear) aggregate constraints while optimizing a (linear)
global objective—as illustrated by Q2 in Example 2. Thus, we model
user intent as linear constraints on the bundle’s feature profile, with
an optional cardinality constraint on the bundle size. The benefit
of this modeling is twofold: it provides interpretability —as linear
constraints can be easily understood and inspected by humans [32,
62, 63, 69, 73, 75]—and tractability—it maps to Integer Linear Pro-
gramming (ILP) with established solvers and foundations [12].
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) = [𝐹1 (𝐵), . . . , 𝐹𝐾 (𝐵)], where 𝐹 𝑗 (𝐵) =A𝑡 ∈𝐵 𝐹 𝑗 (𝑡)
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 [24], 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
T𝑠 , and the target data 𝑇𝑞 . Formally:

{lb1 ≤ F1 (𝐵) ≤ ub1, . . . , lb𝐾 ≤ F𝐾 (𝐵) ≤ ub𝐾 }
where lb𝑗 and ub𝑗 depend on E, T𝑠 , and 𝑇𝑞 for 1 ≤ 𝑗 ≤ 𝐾

WeuseΘ = {⟨lb1, ub1⟩, . . . , ⟨lb𝐾 , ub𝐾 ⟩} to denote constraint bounds
for all 𝐾 attributes over the schema f . The notation F(𝐵) ⊢ Θ de-
notes that the feature profile of the bundle 𝐵 satisfies the constraint
bounds specified by Θ, i.e., ∀ 1 ≤ 𝑗 ≤ 𝐾, lb𝑗 ≤ 𝐹 𝑗 (𝐵) ≤ ub𝑗 .

2.1.2 Defining bundle optimality. The second issue in Problem 2.1
is that, when multiple candidate bundles satisfy Θ, a principled way
is required to quantify their quality and ensure optimality. To this
end, we assume knowledge of an application-specific tuple-level
function 𝜎 (𝑡) ↦→ R, typically provided by a domain expert who con-
figures the system for end users. We define the quality of a bundle 𝐵
by aggregating 𝜎 over all 𝑡 ∈ 𝐵, which naturally fits the linear objec-
tive function optimized by the PaQL framework. For example, this
could correspond to maximizing the total recommendation score
in Example 1, or minimizing the word count in text summariza-
tion. Alternatively, 𝜎 can be learned from user feedback on bundle
quality, e.g., for playlist recommendation in music streaming.

2.2 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
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Problem 2.1 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 𝑇𝑞 , constraint bounds Θ = {⟨lb𝑗 , ub𝑗 ⟩}𝐾𝑗=1,
and (optional) cardinality constraint bounds C = ⟨lb𝑐 , ub𝑐 ⟩, we fix
the following parameterized package query:
PQ(𝑇𝑞,Θ, C): SELECT PACKAGE(*) AS B FROM 𝑇𝑞

SUCH THAT COUNT(B) BETWEEN lb𝑐 AND ub𝑐
AND 𝐹 𝑗 (𝐵) BETWEEN lb𝑗 AND ub𝑗 ∀1 ≤ 𝑗 ≤ 𝐾
MAXIMIZE A

𝑡 ∈𝐵
𝜎 (𝑡 )

Here, A aggregates the tuples 𝑡 ∈ 𝐵 using 𝜎 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
𝜎 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 §3.3. Also, without loss of generality, the cardinality constraint
lb𝑐 ≤ COUNT(𝐵) ≤ ub𝑐 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., 𝜎 = reco_score).

While Morpheus manually derived the constraint bounds in Θ,
the resulting query was infeasible over the target data 𝑇𝑞 repre-
senting his university. Thus, the main requirement is to determine
the parameter Θ, and use it to synthesize a package query that will
retrieve the optimal bundle 𝐵 ⊆ 𝑇𝑞 , as specified in Problem 2.1.

Problem 2.2 (Example-driven packageqery synthesis). Giv-
en a schema f , a set of source data T𝑠 = {𝑇 𝑠1 , . . . ,𝑇 𝑠𝑁 } where each
𝑇 𝑠𝑖 |= f , corresponding example bundles E, a target data𝑇𝑞 |= f , and a
tuple-level scoring function 𝜎 : 𝑡 ↦→R, together with the corresponding
aggregator A, determine a synthesis function 𝐺 : (E,T𝑠 ,𝑇𝑞) ↦→
⟨R,R⟩𝐾 to derive the constraint bounds Θ such that:
(1) Feasibility: the package query 𝑃𝑄 (𝑇𝑞,Θ) returns a non-empty

result over 𝑇𝑞 , ensuring ∃𝐵 ⊆ 𝑇𝑞 s.t. F(𝐵) ⊢ Θ.
(2) Optimality: the retrieved bundle 𝐵∗ = 𝑃𝑄 (𝑇𝑞,Θ) (𝑇𝑞) maxi-

mizes the objective, i.e., 𝐵∗= argmax
𝐵⊆𝑇𝑞 s.t. F(𝐵)⊢Θ

A
𝑡 ∈𝐵

𝜎 (𝑡).

The core challenge here is to determine the synthesis function
𝐺 : (E,T𝑠 ,𝑇𝑞) ↦→ ⟨R,R⟩𝐾 to derive the constraint bounds Θ by
capturing the intent implicit in E while generalizing to the tar-
get data 𝑇𝑞 . Unlike general query-by-example, we do not focus
on synthesizing package queries with arbitrary structures, which
would require inferring joins and aggregates. Instead, we focus on
inferring the parameters of the constraint bounds Θ. This task is
particularly challenging because the distribution of 𝑇𝑞 may differ
from T𝑠 : overly tight constraints (Example 2) can yield infeasible
queries on the target data, while overly relaxed constraints allow
bundles that deviate from user feasibility.

Bound synthesizer: encode user intent into feasible constraint bounds

(2) Synthesize initial bounds

(3) Relax to feasible bounds

(6) Translate bounds to sliders

(8) Translate sliders to bounds

User interface

(1) User provides example bundles

(7) User examines result and
adjusts bound sliders

Objective synthesizer: encode
quality function for optimality

(0) Encode application-specific
quality function as objective

PaQL execution engine: synthesize PaQL query and return result bundle

(4) Synthesize PaQL query using constraint bounds and objective

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

Figure 5: Ex2Bundle workflow: before end-user interaction, a

domain expert provides a quality function to be used as the objective

and specifies an aggregate function to be used in the constraints.

(0) Ex2Bundle encodes the quality function as objective, (1) the

user provides example bundles, from which Ex2Bundle formulates

constraints using the expert-specified aggregate, (2) 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).

3 THE EX2BUNDLE FRAMEWORK

Ex2Bundle consists of four main components (Fig. 5): (§3.1) bound
slider, an interface that allows users to refine their intent by adjust-
ing constraint bounds; (§3.2) bound synthesizer, which encodes user
intent into feasible constraint bounds; (§3.3) objective synthesizer,
which encodes an application-specific quality function as the ob-
jective of the PaQL query; and (§3.4) 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 (FTSE), a primary application
through which we evaluate Ex2Bundle (§4). Because Ex2Bundle
requires numeric features and text is non-numeric, we apply con-
textualized topic modeling (CTM) [6] with sentence embeddings
from SBERT [84] to map sentences into a numeric vector space of
topic-based features. Under the resulting topic model defined over
schema f , 𝑓𝑗 (𝑡) ∈ [0, 1] denotes the relevance of a sentence 𝑡 to topic
𝑓𝑗 , and f (𝑡) denotes the vector representation of 𝑡 in the topic space
f . For ease of understanding, we use the following, more specific
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 topicmodel f over Demographics, Geography,
and Economy applied to documents describing U.S. states. Let 𝑇 𝑠UT de-
note the Utah document and 𝐸UT = {𝑡1UT , 𝑡

2
UT , 𝑡

3
UT} ⊆ 𝑇

𝑠
UT be three
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Sentence/snippet Topic score/profile

(𝑡1UT ) The largest ancestry groups in the state are: 26.0%
English, 11.9% German, [...] 0.0

1.0 0.90

0.00 0.00

(𝑡2UT ) In comparison to all the U.S. states and territories,
Utah, with a population of just over three million, is the
13th-largest by area, the 30th-most populous, and the
11th-least densely populated.

0.0

1.0 0.90 0.90

0.00

(𝑡3UT ) St. George was the fastest-growing metropolitan
area in the United States from 2000 to 2005. 0.0

1.0 0.90
0.30 0.10

(𝐸UT ) The largest ancestry groups in the state are: 26.0%
English, 11.9% German, [...]. In comparison to all the U.S.
states and territories, Utah, with a population of just
over three million, is the 13th-largest by area, the 30th-
most populous, and the 11th-least densely populated. St.
George was the fastest-growing metropolitan area in the
United States from 2000 to 2005.

D
em

ographics

G
eography

Econom
y

0.0
2.0

2.70
1.20

0.10

Table 6: Topic scores for sentences 𝑡1
UT

, 𝑡2
UT

, and 𝑡3
UT

; and topic profile

for the example snippet 𝐸UT = {𝑡1
UT
, 𝑡2

UT
, 𝑡3

UT
}.

sentences (Table 6). Under f , 𝑡1UT maps to f (𝑡1UT) = [0.90, 0.00, 0.00],
indicating a demographics focus; 𝑡2UT to [0.90, 0.90, 0.00], covering
demographics and geography; and 𝑡3UT to [0.90, 0.30, 0.10], primarily
demographics with weaker geography and economy associations.

3.1 Bound slider interface for intent refinement

A key requirement (D4 in §1) for Ex2Bundle is an intuitive user
interface for iterative intent refinement. A simple approach is to let
users directly edit the synthesized constraint bounds (Ex2Bundle’s
bound synthesis is discussed in §3.2). However, non-experts often do
not know the precise mapping between their intent and constraint
bounds (as in Example 1). Based on studies [16, 25, 44, 76, 81, 92]
establishing that humans are better at relative judgments (more
vs. less) than absolute ones (assigning ratings) [86], we introduce a
single-parameter slider that abstracts the raw bounds.

Fig. 7 shows the slider interface, where each position corre-
sponds to a pair of upper and lower bounds, and the neutral point
corresponds to the feasible bounds synthesized from user examples
(details in §3.2). The slider instance in Fig. 7 depicts the topic De-
mographics, where the neutral point 0 corresponds to the feasible
bounds ⟨1.50, 2.70⟩. The slider further encodes other representa-
tions on 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) relevance to the
topic by moving the slider right (left). This design also reduces the
number of controllable parameters, consistent with HCI findings
that simpler control spaces are cognitively less demanding [39].
Mapping between slider positions and bounds.We use 𝛾 𝑗 to
denote the position of the slider for topic 𝑓𝑗 . We map the initial
feasible bounds ⟨lb𝑗 , ub𝑗 ⟩—synthesized from user examples—to the
midpoint of the slider at 𝛾 𝑗=0. For a target document 𝑇𝑞 , the min-
imum and maximum attainable bundle scores for topic 𝑓𝑗 are 0 and
𝐹 𝑗 (𝑇𝑞), respectively. Let us use mx to denote 𝐹 𝑗 (𝑇𝑞) 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. A key challenge here is that both sides of the midpoint of
the slider have an equal number of positions (100 on each side); how-
ever, the distance between the initial feasible bounds and the two
extreme bounds is not necessarily equal. Thus, for slider positions

𝛾 = −100

Very little

⟨0.00, 1.09⟩

𝛾 = −50

Less

⟨0.75, 1.89⟩

𝛾 = 0

Neutral

⟨1.50, 2.70⟩

𝛾 = +50

More

⟨3.56, 4.70⟩

𝛾 = +100

A lot

⟨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.

left of the midpoint, we determine the lower bound by interpolat-
ing based on the position’s relative distance between the left-most
endpoint (𝛾 𝑗=−100) and the midpoint (𝛾 𝑗=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 (𝛾 𝑗=+100) and the midpoint (𝛾 𝑗=0). Assuming
a constant width w for all bounds, the mappings are as follows:

Slider Position Lower bound Upper bound 𝜸𝒋

(left-most) 0 w −100
(left of the center) lb𝑗 · (100−𝑥 )100 lb𝑗 · (100−𝑥 )100 + w −𝑥
(center) lb𝑗 ub𝑗 0
(right of the center) ub𝑗+

(mx−ub𝑗 ) ·𝑥
100 − w ub𝑗+

(mx−ub𝑗 ) ·𝑥
100 +𝑥

(right-most) mx − w mx +100

A question still remains: how to determine the value of w? Should it
be constant for all slider positions? We use the width of the neutral
position (ub𝑗−lb𝑗 ) as a guide to derive the bound width of slider
position at 𝛾 𝑗=𝑥 with the formula: w(𝑥) = 𝑒−

𝛼 · |𝑥 |
100 ·(ub𝑗−lb𝑗 ).

Here, 𝛼 is a tunable parameter between 0 and ∞, which deter-
mines how aggressively bound widths are narrowed as the slider
moves farther away from the neutral position. When 𝛼=0, all slider
positions use the same width as the neutral position, i.e., (ub𝑗−lb𝑗 ).
As 𝛼 increases, the width shrinks more rapidly as the slider moves
away from the neutral position, resulting in increasingly tighter
bounds for extreme values of 𝛾 𝑗 . Regardless, Ex2Bundle 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
represented by different slider positions can be overlapping (Fig. 7).

Overall, the 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 the slider interface in §5.

3.2 Encoding intent into feasible constraints

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

3.2.1 Synthesizing the initial bounds. We extend SQuID [24], which
learns user intent from example tuples, to a bundle-level granularity.
Given example bundles E = {𝐸𝑖 }𝑁𝑖=1, we use SUM as the aggregate to
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Algorithm 1: Ex2Bundle bound relaxation algorithm
Input : Initial bounds Θinit, schema f , target data𝑇𝑞

Relaxation parameters 𝜇 and 𝜏
Output :Feasible bounds Θ to construct the PaQL constraints

1 Θ← Θinit

2 #attempts← 0 // Initialize #attempts

3 while 𝑃𝑄 (Θ,𝑇𝑞 ) = ∅ // While query is infeasible

4 do

5 Θviolated = IdentifyViolations(Θ,𝑇𝑞 ) // Violated constraints

6 Θrelaxed = ∅ // Relaxed constraints

7 𝜌 ← exp
(
𝜇 ·max

(
1,
⌊
#attempts++

𝜏

⌋ ))
// Relaxation step multiplier

8 foreach ⟨lb𝑗 , ub𝑗 ⟩ ∈ Θviolated do

9 𝜖 𝑗 ←
𝐹 𝑗 (𝑇𝑞 )
|𝑇𝑞 | // Relaxation step size

10 lb𝑗 ← max(lb𝑗 − 𝜌 ·𝜖 𝑗 , 0) // Decrease lower bound

11 ub𝑗 ← min(ub𝑗 + 𝜌 ·𝜖 𝑗 , 𝐹 𝑗 (𝑇𝑞 ) ) // Increase upper bound

12 Θrelaxed = Θrelaxed ∪ {⟨lb𝑗 , ub𝑗 ⟩}
13 Θ = (Θ \ Θviolated ) ∪ Θrelaxed // Update constraint bounds

14 return Θ

compute their feature profiles {F(𝐸𝑖 )}𝑁𝑖=1. The choice of aggregate
is application-specific and our framework can support any linear
aggregate such as COUNT, MIN, MAX, etc. However, SUM is often pre-
ferred since AVG cannot distinguish single- frommulti-tuple bundles,
and MAX/MIN are outlier-sensitive. We derive the initial constraint
bounds Θinit = {⟨lb𝑗 , ub𝑗 ⟩}𝐾𝑗=1 by taking the topic-wise minimum
and maximum of the feature profiles of bundles in E:

lb𝑗 =min1≤𝑖≤𝑁 𝐹 𝑗 (𝐸𝑖 ), ub𝑗 =max1≤𝑖≤𝑁 𝐹 𝑗 (𝐸𝑖 )

Example 5. Consider 3 example snippets 𝐸UT , 𝐸AZ , and 𝐸WA over
the source documents 𝑇 𝑠UT , 𝑇

𝑠
AZ , and 𝑇

𝑠
WA that represent Wikipedia

pages for Utah, Arizona, and Washington, respectively. The topic
profile of 𝐸UT, F(𝐸UT) = f (𝑡1UT) + f (𝑡

2
UT) + f (𝑡

3
UT) = [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 Θinit = {⟨1.50, 2.70⟩, ⟨0.90, 1.20⟩, ⟨0.10, 0.40⟩}.

𝐹1 (Demographics) 𝐹2 (Geography) 𝐹3 (Economy)

F(𝐸UT ) 2.70 ↑ 1.20 ↑ 0.10 ↓
F(𝐸AZ ) 1.80 0.90 ↓ 0.40 ↑
F(𝐸WA ) 1.50 ↓ 1.00 0.30

lb (min) 1.50 0.90 0.10
ub (max) 2.70 1.20 0.40

Remark on constraint expressivity. Ex2Bundle supports any tuple-
level constraint that standard SQL supports, such as equality pred-
icates involving categorical attributes, logical conditions, and con-
straints over derived (potentially non-linear) attributes. Techniques
for deriving such tuple-level constraints are addressed in prior
work [24]. Ex2Bundle also supports more complex bundle-level
constraints, such as interactions among aggregated attributes, and
special cases of bounded constraints, such as equalities (by setting
lb = ub) and one-sided inequalities (by setting lb = −∞ or ub =∞).
Ex2Bundle supports any linear aggregate within the bundle-level
constraints. The choice of the aggregate is application-specific and
should be specified by a domain expert. In the absence of domain
expertise, an LLM can suggest a suitable aggregate based on the task
context. We note that practical applications may involve non-linear
constraints, such as Max-Min diversity [4]. However, this is a limita-
tion of PaQL, which Ex2Bundle relies on, not of Ex2Bundle itself.

In fact, the underlying ILP solvers such as IBM CPLEX [41] support
certain classes of quadratic constraints with specific properties (e.g.,
convexity and semi-definiteness) and Ex2Bundle can potentially
support such constraints once PaQL provides support for them.

3.2.2 Bound relaxation to ensure feasibility. Overly tight bounds
can yield infeasible queries that return no valid bundle (Example 3),
particularly when bounds are misaligned with the target data’s fea-
ture distribution under distributional shift (Example 3). Infeasibility
arises from two sources. The first is insufficient feature coverage: the
target data cannot satisfy a feature’s lower bound even when all tu-
ples are selected. For example, if the source data (e.g., Utah, Arizona,
& Washington) and example snippets emphasize national parks
(e.g., Bryce, Grand Canyon, Olympics), but the target document
is Kansas, which contains no national parks, its maximum contri-
bution to that topic is 0, making any positive lower bound (e.g.,
0.10) infeasible. The second is atomicity: tuples are indivisible, so
selecting any single tuple may violate an upper bound. For instance,
if every target sentence has a topic score of at least 0.15, an upper
bound of 0.10 is infeasible because no tuple can be partially 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 boundsΘinit are infeasible (line 3), we first identify
the violated constraints Θviolated (line 5) using ILP solver signals
(e.g., IBM CPLEX [41]). To preserve the original intent, we relax
only the violated constraints. Specifically, we decrease lb𝑗 toward 0
(line 10) and increase ub𝑗 toward 𝐹 𝑗 (𝑇𝑞) (line 11). We determine the
symmetric relaxation amount at each iteration using 𝜌 ·𝜖 𝑗 (lines 10 &
11), where the step multiplier 𝜌 (line 7) controls the relaxation rate
based on the number of prior attempts, and the step size 𝜖 𝑗 (line 9)
is a target-data-specific parameter. We also considered two alterna-
tive relaxation techniques, including directional relaxation, which
leverages the ILP solver’s information about whether the lower or
upper bound causes a violation. However, as shown in §4.6.2, these
alternatives never improved bundle quality over symmetric relax-
ation and had comparable runtime for typical relaxation severity.
We therefore adopt symmetric relaxation due to its simplicity and
empirical effectiveness.

Relaxation step multiplier, 𝜌 . It controls the relaxation rate and
is defined as 𝑒𝜇 ·max(1,⌊#attempts/𝜏 ⌋ ) . Here, 𝜇 (default 0.5) sets the base
relaxation rate, while 𝜏 (default 10) controls how frequently 𝜌 is
boosted. Consequently, 𝜌 increases exponentially every 𝜏 attempts,
enabling faster escape from infeasible regions.

Relaxation step size, 𝜖 𝑗 .While 𝜌 determines the rate of relaxation,
different features exhibit varying score distributions within 𝑇𝑞 . To
account for this, we derive a feature-specific step size from the
target data distribution and set 𝜖 𝑗 =

𝐹 𝑗 (𝑇𝑞 )
|𝑇𝑞 | , which corresponds

to the average contribution of feature 𝑓𝑗 per tuple in 𝑇𝑞 . Since
the output bundle is a subset of the target data 𝑇𝑞 , the appropriate
relaxation magnitude depends on the empirical scale of each feature
in 𝑇𝑞 . We therefore derive 𝜖 𝑗 from 𝑇𝑞 : a fixed step can be too small
or too large for features with different value ranges. Computing 𝜖 𝑗
per feature automatically adapts the step size to the scale of that
feature, even when feature values are not normalized.
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Example 6. Consider the California document 𝑇𝑞CA over 5 sen-
tences (|𝑇𝑞CA | = 5), where 𝐹2 (𝑇𝑞CA) = 0.60. The initially synthesized
constraint is 0.90 ≤ 𝐹2 (𝐵) ≤ 1.20 (Example 5). This is infeasible since
the maximum achievable score over 𝑇𝑞CA is 0.60, requiring relaxation.
For the first 10 iterations, 𝜌=𝑒0.5×1≈1.65 and 𝜖=0.60

5 =0.12. Thus, the
first iteration relaxes the bounds to max(0.90−1.65×0.12, 0)=0.70 ≤
𝐹2 (𝐵) ≤ 𝑚𝑖𝑛(1.20+1.65×0.12, 0.60)=0.60. This is still infeasible, so
the second iteration yields max(0.70−1.65×0.12, 0)=0.50 ≤ 𝐹2 (𝐵) ≤
min(0.60+1.65×0.12, 0.60)=0.60, at which point the constraint be-
comes feasible and relaxation stops. The upper bound is not relaxed
due to it already being at max.

3.2.3 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
⟨lb∗𝑗 , ub∗𝑗 ⟩ are known, we use them as an additional reference during
relaxation. Specifically, we reduce lb𝑗 until max(0, lb∗𝑗 ) (line 10 of
Algorithm 1) and increase ub𝑗 until min(ub∗𝑗 , 𝐹 𝑗 (𝑇𝑞)) (line 11). Ad-
ditionally, if the user requests termination of relaxation before the
process finishes, we move the slider to the closest feasible bounds.

3.3 Devising a quality function for optimality

As discussed in §2.1.2, the quality function defines the notion of
optimality used to break ties among multiple valid bundles. This be-
comes particularly important as bounds relaxation often yields mul-
tiple 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 Fig. 5. Given
(i) a tuple-level scoring function 𝜎 : 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) =A𝑡 ∈𝐵 𝜎 (𝑡). Be-
low, we present example quality functions for the three applications
discussed in §1.

Supplier selection for business. Cost and reliability are common qual-
ity functions 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., Σ𝑡 ∈𝐵cost(𝑡). For
reliability, suitable aggregates include AVG or MIN, depending on
the preference: maximizing average reliability, or maximizing the
minimum reliability among the selected suppliers.

Focused snippet extraction. Informativeness and conciseness are com-
mon quality functions when extracting snippets from a text doc-
ument. Sentence-level informativeness can be modeled using term
frequency within a sentence 𝑡 , weighted by inverse document fre-
quency in the corpus (TF-IDF), which assigns higher scores to sen-
tences containing rarer words w.r.t the corpus. Informativeness can
also 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
or character count of a sentence, with the objective of minimizing
the total number of words or characters in a snippet. In both cases,

the most appropriate aggregate is SUM. Alternatively, conciseness
can be modeled by minimizing the COUNT of sentences in a snippet.
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 using aggregate
AVG, i.e., AVG𝑡 ∈𝐵 popularity(𝑡). Diversity can be modeled using
pairwise dissimilarity between songs based on features such as
genre, mood, or artist. This can be captured via a distance func-
tion over song features, with the objective of maximizing diversity
within the playlist. A suitable aggregate is MIN over all pairwise
distances, i.e., MIN𝑡𝑖 ,𝑡 𝑗 ∈𝐵,𝑖≠𝑗distance(𝑡𝑖 , 𝑡 𝑗 ), and maximizing this
ensures that even the most similar pair of songs in the playlist re-
mains sufficiently dissimilar. While in this paper we assume a linear,
tuple-wise scoring function, Ex2Bundle can support quadratic ob-
jectives via CPLEX’s quadratic programming or MILP linearization.

3.4 Package query execution

For the package query execution engine, we use PaQL [12], 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 [41]. 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, Ex2Bundle first PreFilters 𝑇𝑞 to at most 10𝑥 tuples most
similar to the examples, where 𝑥 is the average example size; the
ILP then enforces the constraints and selects the optimal bundle
from that pool. Since this reduction shrinks as 𝑥 grows, Ex2Bundle
also applies PaQL’s SketchRefine [12], which solves the ILP over
cluster representatives with a guaranteed (1 + 𝜖)6 approximation
of the optimal bundle. Empirical results are in §4.5.

Ex2Bundle formulates a PaQL query that encodes the constraint
boundsΘ (§3.2) as constraints over packages (analogous to snippets
in FTSE or bundles in general) and defines the optimization objec-
tive using the scoring function 𝜎 together with the aggregateA
(§3.3), as shown in §2.2. It then executes the package query, and, if
feasible, returns the optimal bundle. The PaQL engine also informs
the bound synthesizer (§3.2) about any violated constraints when
the query is infeasible in line 5 of Algorithm 1.

Example 7. For the constraint boundsΘ={⟨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 𝑇𝑞CA, 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(𝑇𝑞CA,Θ): SELECT PACKAGE(*) AS B FROM 𝑇
𝑞

CA
SUCH THAT 𝐹1 (𝐵) BETWEEN 1.50 AND 2.70

AND 𝐹2 (𝐵) BETWEEN 0.50 AND 0.60
AND 𝐹3 (𝐵) BETWEEN 0.10 AND 0.40

MINIMIZE SUM𝑡 ∈𝐵 word_count(𝑡)

Remark: Example-based inference assumes the provided examples
are correct, yet in practice they may be noisy or insufficiently rep-
resentative. Ex2Bundle mitigates this by letting users adjust the
intent sliders directly. Alternatively, examples that differ substan-
tially from the others could be flagged for the user to verify, as
in prior work on disambiguating user intent in programming by
example [58]; we leave this to future work.
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4 EXPERIMENTAL RESULTS

We now present experimental results addressing two sets of re-
search questions. RQ1–RQ3 evaluate to what extent Ex2Bundle’s
PaQL synthesis algorithm meets the three correctness criteria for
BQbE: constraint satisfaction, alignment with user intent, and con-
sistency between constraints and bundles (detailed in §4.1). RQ4–
RQ6 focus on scalability, practical efficiency, and robustness aspects.
RQ1 To what extent do the bundles returned by Ex2Bundle satisfy the

synthesized constraints? How does it compare to alternatives? (§4.2).
RQ2 To what extent do the bundles returned by Ex2Bundle align with user

intent? How does it compare to LLM-based baselines? (§4.3.1).
RQ3 Does moving farther from the synthesized constraints produce increas-

ingly less aligned bundles with the intended bundle? (§4.4).
RQ4 How does Ex2Bundle’s runtime scale with the size of example bundles

and the size and dimensionality of the documents? (§4.5).
RQ5 How often is constraint relaxation triggered as example size increases,

and how effective is it for BQbE? (§4.6.1).
RQ6 How robust is Ex2Bundle to varying degrees of skewness in the target

document’s topic distribution? (§4.7).

Implementation. Ex2Bundle uses a Python backend—with Gen-
sim for frequency-based topic modeling, SBERT [84] for semantics-
aware topic modeling, IBM CPLEX 20.1 via docplex for ILP solving,
and a JavaScript/Bootstrap frontend for the slider interface. We ran
experiments on a shared compute cluster, utilizing 4 Intel Emerald
Rapids CPU cores, 64 GB RAM, and an NVIDIA H200 GPU.

Datasets.We evaluate Ex2Bundle in two applications: (1) supplier
selection over the TPC-H dataset [87], using a synthesized view
of Supplier (100 rows), Partsupp (8,000 rows), and Nation (25
rows) at scale factor 0.01, with five attributes: price, availability,
balance, region_europe, and region_america; and (2) focused
text snippet extraction (FTSE) over two datasets: (a) SubSumE [95],
containing 275 (user, intent) pairs, each with 8 manually curated
summaries; we use 5 summaries as examples and the remaining 3 for
test; and (b) CNN/DailyMail [35], containing human-written article
highlights spanning four news categories. Since these highlights
are abstractive, we use ChatGPT-4o to align each with sentences
from its source article, capping the resulting extractive snippet at
10 sentences or 30% of the article’s sentences.

Baselines. We consider the following baselines, where 𝑘 is the
average example size:
• Greedy greedily selects 𝑘 tuples by decreasing objective score.
• Cluster uses K-means clustering over the attribute space, and

selects the tuple with highest objective score from each cluster.
• Random selects 𝑘 tuples uniformly at random.
• Top-k selects the 𝑘 most similar sentences to the examples by

SBERT [84] cosine similarity.
• SuDocu [22] is our prior FTSE system, using Latent Dirichlet

Allocation [7] topic distributions.
• BERTSumExt [54] is an extractive summarizer adapted for BQbE

by pre-filtering sentences based on similarity to the examples.
• MemSum [27] is a reinforcement-learning extractive summarizer

for long documents, adapted via the same pre-filtering.
• ChatGPT-4o [67] is prompted for FTSE.
• LLM-agent uses Llama-3.3-70B-Instruct-FP8 [59] for agent-based

PaQL synthesis (including bounds), relaxation, and execution.
• LLM-Ex2Bundle uses the same LLM for PaQL synthesis, but

with Ex2Bundle’s constraint relaxation and execution.

4.1 Correctness Criteria & Metrics

We define the correctness criteria for BQbE along three axes:
Constraint satisfaction provides a formal correctness guarantee
for feasible queries by ensuring that the returned bundle satisfies
the synthesized constraints. To measure the degree of constraint
satisfaction, we use Constraint Satisfaction Rate (CSR), the fraction
of synthesized constraints satisfied by the retrieved bundle.
Intent alignment is a key correctness criterion that ensures the
result bundle produced by a BQbE system closely matches the
ground truth in terms of user intent. We use application-specific
metrics to measure intent alignment: (1) Objective score: composite
of TPC-H attributes: sum of price, availability, and balance;
(2) ROUGE-1/2/L [50]: F1 scores measuring unigram, bigram, and
longest-common-subsequence overlap between result and ground
truth; and (3) Semantic Similarity (SS): cosine similarity between
average SBERT embeddings of result and ground-truth snippets.
Constraint-bundle alignment consistency evaluates whether
deviations from the synthesized PaQL 𝑄 produce corresponding
deviations in the resulting bundle. Specifically, as a query𝑄 ′ moves
farther from𝑄 , its resulting bundle should become increasingly less
aligned with the intended bundle. We measure this using Pearson’s
correlation coefficient (PCC) between the Hausdorff distance [72]
between the feasible regions induced by two queries and the cosine
distance between the SBERT embeddings of the resulting bundles.

4.2 Constraint satisfaction effectiveness

We evaluate RQ1 (constraint satisfaction) for the task of supplier
selection on TPC-H.We construct 3 example supplier bundles repre-
senting diverse procurement strategies (conservative, price-focused,
and balanced); Ex2Bundle infers constraints from these examples
per §3.2, synthesizes a PaQL query, and executes it to retrieve a re-
sult bundle. We compare Ex2Bundle against 3 baselines: constraint-
agnostic Greedy (top-𝑘 highest-scoring tuples), Cluster (best tuples
from each of the 𝑘 clusters), and Random (random 𝑘 tuples).

Table 8 shows that Ex2Bundle 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 constraints. Cluster outperforms
greedy (CSR = 66.7%); however, it fails to satisfy many constraints.
Random has a higher CSR (70.0%) than Greedy and Cluster, but with
a much lower objective score (10.48), highlighting the importance
of jointly optimizing both constraint satisfaction and objective.
� Greedy andCluster have lower constraint satisfaction rate (CSR)

while Random has low objective score.
� Ex2Bundle achieves 100% CSR with a competitive objective

score as it accounts for both objective and constraints.

System CSR (%) ↑ Average Objective Score ↑ Runtime (s) ↓

Random 70.0 10.48 0.0005

Greedy 33.3 15.61 0.0024
Cluster 66.7 14.04 0.4712
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.

Intent System Semantic Similarity ↑

Intent 1: What about this state’s arts
and culture attracts you the most?

ChatGPT-4o 0.64
Ex2Bundle 0.88

Intent 2: What are some of the most
interesting things about this state?

ChatGPT-4o 0.65
Ex2Bundle 0.76

Table 10: Ex2Bundle outperforms ChatGPT-4o on both SubSumE

intents; the advantage narrows on the more general one.

Method R1 R2 RL SS Time (s) #Relaxation #Tokens

LLM-agent 0.35 0.17 0.23 0.68 923.60 2.11 104,127
LLM-Ex2Bundle 0.39 0.22 0.27 0.74 29.11 2.67 6,536
Ex2Bundle 0.56 0.43 0.48 0.85 0.84 1.67 0

Table 11: Ex2Bundle outperforms LLM-agent and LLM-Ex2Bundle.

4.3 Alignment with user intent

4.3.1 Comparison with non-LLM baselines. For RQ2, we use the
SubSumE dataset and evaluate Ex2Bundle against Top-𝑘 , SuDocu,
BERTSumExt, and MemSum. We report ROUGE-1/2/L F1 scores
and SBERT-based semantic similarity (SS) between retrieved and
ground-truth snippets, together with per-query runtime.

Fig. 9 shows that Ex2Bundle consistently outperforms all base-
lines on ROUGE and SS. SuDocu is a BQbE system and outperforms
non-BQbE extractive summarizers MemSum and BERTSumExt, but
its topic modeling is inferior to Ex2Bundle and Top-𝑘 , both of
which use semantics-aware topic modeling.
� Ex2Bundle outperforms all baselines in terms of ROUGE & SS.
� Systems that use semantics-aware topic modeling (Ex2Bundle

& Top-𝑘) outperform SuDocu and non-BQbE extractive sum-
marization (BERTSumExt & MemSum).

4.3.2 Comparison with LLM-based baselines as direct snippet extrac-
tor. We compare Ex2Bundle against LLM-based baselines prompted
to directly retrieve snippets from a target document given a few
example snippets. We use ChatGPT-4o as a RAG baseline that per-
forms few-shot learning from the examples.We evaluate two intents
from SubSumE—one more specific and one less specific—to assess
how each approach handles varying intent specificity (Table 10).
Ex2Bundle outperforms ChatGPT-4o on both intents, but the ad-
vantage narrows for the less specific intent. For generic intents
over CNN/DailyMail, ChatGPT-4o outperforms Ex2Bundle, which
highlights that generic intent is too broad for example-driven re-
trieval, making Ex2Bundle inappropriate. However, the benefit
of Ex2Bundle being LLM-free is that its latency scales with the
corpus rather than model size, it applies to private data where LLM
pipelines cannot run, and it incurs no per-query inference cost.

4.3.3 Comparison with LLM-based baselines as intermediate PaQL
generator. We additionally compare against two LLM-based base-
lines that generate PaQL queries as the mechanism for snippet
retrieval, rather than directly retrieving snippets. LLM-agent is an

agent-based approach that performs the end-to-end pipeline of
PaQL construction, bound relaxation, and query execution, while
LLM-Ex2Bundle is a hybrid approach that delegates relaxation and
execution to Ex2Bundle after the LLM generates the PaQL query.
We evaluate both approaches on three SubSumE instances, allow-
ing up to three self-critique-based relaxation steps per instance for
LLM-agent. Table 11 summarizes the results.

Ex2Bundle outperforms both baselines across all metrics: (1) it
is several orders of magnitude faster, (2) it retrieves more intent-
aligned bundles, (3) it requires fewer relaxations, and (4) incurs no
token cost. LLM-Ex2Bundle is 32× faster than LLM-agent and out-
performs it in terms of quality metrics, runtime, and token cost, but
requires more #relaxations. These results highlight two advantages
of Ex2Bundle: superior initial bound synthesis and a data-aware
relaxation strategy that outperforms LLMs’ self-correction loop.
Notably, LLM-Ex2Bundle’s advantage over LLM-agent persists
even when both start from LLM-generated bounds, demonstrat-
ing the benefit of Ex2Bundle’s data-aware relaxation strategy. In
contrast, LLM-generated bounds require more relaxation rounds,
increasing not only runtime but also token cost.

� Ex2Bundle achieves the highest intent alignment across tradi-
tional and LLM-based baselines, especially for focused intents.

� LLM-generated PaQL queries struggle to produce intent-
aligned bundles, while LLM-based bound relaxation is less ef-
fective than Ex2Bundle’s data-aware relaxation.

4.4 Constraint-bundle alignment consistency

To evaluate RQ3, we test whether larger deviations from synthe-
sized constraints produce larger deviations in the resulting bundles.
For each query, we shift all topic constraints by the same additive
amount 𝑠 (lb′ = lb + 𝑠 , ub′ = ub + 𝑠), using 15 log-spaced values
in [0.01, 20]. We retain only feasible, unrelaxed original–shifted
pairs, yielding approximately 411 pairs per topic (4,115 total); the
resulting Hausdorff distances range from 0.01 to 11.3. We compute
PCC between the Hausdorff distance of the induced feasible regions
and the cosine distance between the corresponding bundle embed-
dings. Across topics, the distances are strongly correlated with an
average PCC of 0.93, indicating that larger constraint deviations
consistently produce larger bundle deviations.
� Bounds synthesized by Ex2Bundle consistently align with the

intended bundles, achieving a PCC of 0.93.

4.5 Scalability analysis

We evaluate Ex2Bundle’s scalability (RQ4) w.r.t (a) the size of
the examples in #sentences; (b) the size of the target document in
#sentences; and (c) the dimensionality of the documents in #topics.
Ex2Bundle achieves practical scalability via the twomechanisms of
§3.4, PreFilter and PaQL’s SketchRefine. For small 𝑥 , PreFilter
keeps the ILP size tractable and independent of target document
size. However, its effectiveness diminishes as 𝑥 grows or limiting
search to only 10𝑥 sentences becomes suboptimal, which is where
SketchRefine contributes.

Over 400 instances of the SubSumE dataset, we vary the example
size from 5 to 100 sentences and the target document size from
100K to 1M sentences, using 5 source and 45 target documents per
instance. We increase the number of sentences in each document by
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Figure 12: Ex2Bundle achieves scalability w.r.t example size (left),

target document size (center), and topic dimensionality (right).

paraphrasing the original sentences using an LLM. To synthesize
the example bundles, we iteratively sample sentences without re-
placement to avoid duplicates, randomly selecting sentences across
topics until the required bundle size is reached.

Fig. 12 (left) shows that for small documents (≈ 500 sentences),
SketchRefine scales better than PreFilter as #sentences in the
examples (𝑥 ) grows. This is because PreFilter relies on direct ILP:
when the document contains fewer than 10𝑥 sentences, it retains the
full target document. In contrast, SketchRefine always considers
the full document but reduces the search space via clustering and
invokes ILP over cluster representatives. Ex2Bundle applies Pre-
Filter before SketchRefine, benefiting from both. Fig. 12 (center)
shows that for a fixed example size (𝑥 = 100), PreFilter’s runtime
increases linearly with target document size due to the single pass
required to retain the top 1000 sentences, while SketchRefine’s
runtime increases more steeply. Ex2Bundle benefits from both and
inherits the scalability of PreFilter, with runtime under 0.5 sec-
onds even for documents with 1M sentences. Fig. 12 (right) shows
that increasing document dimensionality in #topics (or constraints)
causes linear runtime growth for all approaches (note x-axis is in log
scale). However, practical workloads rarely exceed 1024 constraints,
and even then, Ex2Bundle keeps its runtime under 9 seconds.
� Ex2Bundle scales nearly independently of document size.
� Ex2Bundle’s runtime grows linearly with #topics, and remains

under 9 seconds even for practically large #constraints.

4.6 Relaxation behavior and alternatives

4.6.1 Relaxation behavior analysis. We analyze relaxation behavior
(RQ5) by varying the example size from 10 to 10K sentences and
the target document size from 10 to 1M sentences. About 22% of
queries are infeasible when varying example size and 47% when
varying target document size. For infeasible queries, Fig. 13 (left)
shows that #relaxations grows with example size, as more examples
yield a higher lower bounds of the constraints, making them tighter.
Conversely, #relaxations decreases with target document size, since
larger documents are more likely to contain sentences satisfying
the example-derived bounds (Fig. 13 (right)).

4.6.2 Alternative relaxation mechanisms. We contrast our symmet-
ric relaxation (SYM), which relaxes both bounds of each violated
constraint equally, against two alternatives: (1) directional (DIR)
relaxation, which uses an Irreducible Infeasible Subsystem to de-
termine each bound’s relaxation direction, and (2) FeasOpt [40],
which minimizes the total slack needed for feasibility. We force
infeasibility using pad ∈ {30%, 40%, 50%, 60%} with (lb, ub) ↦→
((1 + pad) × lb, (1 − pad) × ub). Across 80 queries, these levels
yield median relaxation rounds of 2/4/7/13 and infeasibility rates
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Figure 13: Number of relaxation rounds needed to reach feasibility

as (left) example size and (right) target document size grow.

Rounds (n) 1–2 (8) 3–4 (9) 5–6 (21) 7–9 (18) 10–14 (22) 15+ (2)

SYM 1.41 2.16 1.38 1.86 8.59 5.83
DIR 1.48 1.98 1.34 1.88 8.64 5.39
FeasOpt 1.45 1.27 1.52 1.53 1.84 1.33

Table 14: Runtime comparison (in seconds) among Ex2Bundle’s re-

laxation technique SYM, directional relaxation (DIR), & FeasOpt [40].
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Figure 15: Ex2Bundle’s (a) number of relaxations, (b) runtime, and

(c) intent alignment as the topic skew in the target document varies.

of 66%/78%/97%/100%. Table 14 (bin size 𝑛) shows that FeasOpt
outperforms the other methods in runtime mostly at high severity
(≥10 rounds). However, FeasOpt produces lower-quality bundles:
in a separate evaluation over 177 queries, its quality score is lower
than SYM’s in 85% of cases and 8% lower on average. SYM matches
DIR in 96.6% of cases and is 0.08% higher on average otherwise,
since its relaxed feasible region is a superset of DIR’s.
� More examples result in tighter constraints and require more

#relaxation; larger documents provide more options to satisfy
those bounds, requiring fewer #relaxations.

� The quality of SYM is never lower than DIR’s, while FeasOpt’s
quality score is worse than SYM’s in 85% of cases.

4.7 Robustness to data skew

To evaluate robustness to varying degrees of skewness in the target
document’s topic distribution (RQ6), we designate one topic as
the focus topic and vary the fraction of sentences drawn from it
(50%, 60%, 70%, 80%, and 90%), with the remaining sentences drawn
uniformly from the other topics, over 100 instances of the SubSumE
dataset. Fig. 15 shows the effect of increasing topic skew: (a) shows
that the number of relaxations stays stable despite skew; (b) shows
that runtime remains largely unaffected by target data skew; and
(c) shows that the resulting bundles maintain a consistent level of
alignment with the ground truth across all skew levels.
� Ex2Bundle’s runtime, intent alignment, and #relaxations re-

main robust to skew in the target document’s topic distribution.

Additional experimental results are in our technical report [15].

5 INTENT SLIDERS: A USER STUDY

To evaluate Ex2Bundle’s slider-based intent-refinement interface
for FTSE, we ran a within-subjects study with 20 Amazon Mechani-
cal Turk participants (fluent in English, experienced with document
search), who identified their preferred US state for relocation from
Wikipedia articles using Ex2Bundle versus SBERT, the Top-𝑘 base-
line (§4.3.1). We exclude non-BQbE baselines (e.g., conversational
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LLMs), which underperform on FTSE (Table 10). We set the slider
parameter 𝛼 = 0.1 and, following a mixed-methods approach [26],
randomized each participant’s starting tool (anonymized) to mit-
igate transfer effects. Each participant was assigned 25 randomly
selected states per tool and asked to provide snippets for at least 2,
with no upper limit. With Ex2Bundle, participants could select sen-
tences, search by keyword, and refine intent via sliders; with SBERT,
they could select sentences and search by keyword too, but had to
adjust intent by manually adding or removing example sentences.

We quantitatively analyzed the data by comparing the partici-
pants’ ratings of summary quality, ease of use, and 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’
open-ended feedback on their experience additionally surfaced sig-
nals relevant to the perceived interpretability of the sliders. The
majority used the sliders to refine their intents, and their comments
suggest an interpretability benefit, for instance: “I used them [sliders]
to reduce importance of certain things and increase the importance
of others to see how that would affect generated summaries” and “I
raised the slider up so that the output summaries would prioritize
information that pertained to the economy and climate of each state.”
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, Ex2Bundle users had
more Slider interactions and consequently about 2.1 times more Re-
trieval interactions, as Ex2Bundle automatically retrieves bundles
upon slider adjustments. Ex2Bundle’s interactive sliders encour-
aged more iterative refinement of results, while SBERT’s lack of
interactivity led to more manual searching.

6 RELATEDWORK

Programming by example [29–31, 58] is a paradigm where users
provide examples to express their intent and has seen significant
success in data tasks such as data discovery by example [47, 61, 71]
and query by example (QbE) [9, 18, 23, 24, 70, 77, 101]. QPlain [18]
incorporates explanations with data provenance, some works prune
the search space for efficient query synthesis [9, 77] or generalize
the output [70], and recently SQuID [23, 24] semantically synthe-
sizes SQL queries from user-provided examples rather than relying
on structural similarity. However, all existing QbE systems are de-
signed to retrieve individual items and do not account for the combi-
natorial 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 [43, 49, 51], but requires users to explic-
itly formulate their intents. RAG-based approaches [2, 33, 48, 52]
can also support snippet extraction via few-shot prompting [11],
but are not designed to jointly satisfy multiple constraints. Faceted
query-by-example approaches leverage representative documents as
an example query, additionally conditioned on explicit facets (con-
straints) to extract snippets across multiple constraints [19, 64, 89].
However, existing systems either require users to specify con-
straints via keywords [19] or natural language [89], or rely on
opaque vector matching that lacks interpretability [64].
Bundle retrieval involves selecting an optimal set of items subject
to a set of constraints [12, 14, 20, 57, 91]. It has also been studied
extensively in recommender systems across various domains, such
as e-commerce [53, 82, 93], entertainment [13, 68], and travel plan-
ning [21, 28, 98]. However, these systems rely on greedy heuristics
or approximate generative models to generate bundles and strug-
gle to enforce strict constraints. Package queries increase bundle
query efficiency [12, 57], but require users to formulate the query.
Diversification-based retrieval [14, 20, 91] retrieves bundles that
collectively satisfy user constraints, but targets simpler constraints
involving cardinality or diversity. In contrast, Ex2Bundle addresses
the challenge of automatically synthesizing multi-constraint pack-
age queries from user examples.
Constraint relaxation. FeasOpt [40] relaxes infeasible constraints
to obtain a feasible solution, potentially at the cost of solution qual-
ity. Related work in provenance and explanation addresses similar
problems but in different settings. CAPE [60] explains surprising
aggregate results by mining counterbalancing patterns from data
outside the query’s provenance, while QFix [90] diagnoses data
errors by computing minimal repairs to historical queries that could
cause the observed discrepancy. However, these approaches do not
directly apply to our PaQL constraint relaxation problem.

7 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 Ex2Bundle captures
user intent and outperforms other baselines in intent alignment.

Several directions extend the framework. Manual example se-
lection is burdensome, especially for complex intents or large data;
an adaptive example recommendation that infers preference pat-
terns from prior selections would lower this barrier. Ex2Bundle
currently optimizes linear objectives over per-tuple scores; native
PaQL support for pairwise or quadratic objectives (e.g., bundle di-
versity 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 optimization [36]—would remove the domain-expertise
requirement. Choosing the best aggregate to use in the constraints
is another open problem. LLMs can potentially suggest the best
aggregate based on the task context, which will lower the config-
uration burden currently on the domain expert.
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APPENDIX A: USER STUDY

To evaluate Ex2Bundle, we conducted a within-subjects study with
20 participants recruited via Mechanical Turk. Participants were
tasked with identifying their preferred state for relocation based on
Wikipedia articles, using both a baseline (SBERT) and Ex2Bundle.
We followed a mixed-methods approach [26] to analyze quantita-
tive and qualitative data from the study. The study protocol was
approved by the institutional review board (IRB) of University of
Massachusetts Amherst.

A.1 User Study Settings

Participants.We recruited 20 participants (P01-P20) through Ama-
zon Mechanical Turk [17]. Our inclusion criteria stipulated that the
participants must reside in North America, where this study was
conducted, and be fluent in English. All participants were qualified
Amazon Master Workers, demonstrating a high success level across
a wide range of tasks. Participants were compensated with $25.
Procedure. We followed a single-session within-subject study pro-
tocol (Fig. A1). Each study session began with collecting partici-
pants’ consent. Participants then watched a 5-minute unskippable
video tutorial on using the tool before performing their tasks. After
the tutorial, participants completed a pre-study questionnaire to
gather their information-seeking purpose, practice, tool usage, time
spent, strategy, and ratings of the quality of information. Then,
participants were randomly assigned to start with either SBERT or
Ex2Bundle to negate the transfer effect. During the study, partic-
ipants interacted with an interface, Fig. A2, to perform their tasks.
The interface was designed to allow users to input examples, review
and modify them, adjust the importance of different topics using
sliders only for Ex2Bundle, and view the retrieved snippets. We
anonymized the tools’ names to obscure which tool each was using.

Participants were asked to perform a decision-making task: to
identify which state in the United States (US) they would relocate to
and live in if they were offered their dream job there. We provided
them with Wikipedia articles on 25 randomly generated US states.
Therefore, each participant worked with two different sets of 25
states across the two tools. We instructed them to read and input
at least 2 state snippets with no upper limit. They were also free to
use the assigned tool however they wanted.

After working with one tool, we asked the participants to per-
form the same task with the other tool, but this time, Wikipedia
articles were provided on 25 other states. This was done to negate
potential unwanted bias and transfer effect from one tool to the
other. After completing tasks with both tools, we asked them a set
of post-study questions to compare SBERT and Ex2Bundle regard-
ing their summary quality, ease of use, and extracted snippets. We
also asked them if given the choice, which tool they would use to
perform their usual information-seeking tasks.
Data Collection and Analysis. We collected both quantitative
and qualitative data. Quantitative data include usage logs, interac-
tions, and time spent working with the tool components. We also
collected responses to the Likert scale as well as qualitative an-
swers to open-ended questions pre-study, post-task, and post-study
questionnaires. We analyzed the quantitative data by comparing
the participants’ ratings such as the summary quality, ease of use,
and daily usage of the tools. We analyzed the qualitative data using

thematic analysis [10]. Two members of the research team indepen-
dently coded data from five randomly selected participants using
the open coding method [46] using spreadsheets. The coders dis-
cussed, resolved disagreements, and consolidated their codes into
a codebook containing the representative set of codes. Then the
coders used this codebook to individually code the data from all
20 participants, adding new codes as they emerged. Finally, they
compiled the codes into themes across five discussion sessions. The
themes were discussed and finalized by the research team.4

A.2 Pre-study Questionnaire

In the pre-study questionnaire, we asked participants about their
information-seeking purpose, practice, tool usage, time spent, strat-
egy, and ratings of the quality of information. We show bar charts
of the results for four of the questions in Fig. A3. The majority of
participants (11/20) reported frequently searching across multiple
documents or websites. In an information-searching session, the
majority of participants (10/20) spent 15-30 minutes, while 2/20
spent <15 minutes, and 5/20 spent 30-45 minutes and 2/20 spent 45-
60 minutes, or 1/20 60+ minutes. When asked about the unexpected
results, 10/20 said rarely, 7/20 said neutral, and 3/20 said often. This
suggests that most participants do not often encounter unexpected
results during their information-seeking process. Finally, 8/20 rated
the quality of the information gathered after their search process
as good. Another 6/20 rated average, while 6/20 rated above aver-
age. In summary, the pre-study questionnaire results suggest that
most participants frequently search across multiple documents or
websites, spend a moderate amount of time on information-seeking
sessions, and do not often encounter unexpected results. The qual-
ity of information gathered is generally rated as good or above
average by most participants.

A.3 Post-study Questionnaire

We asked participants to answer the same set of questions after
completing their task with each tool: SBERT and Ex2Bundle. The
questions were designed to evaluate the participants’ experience
with each tool, including their interactions, the quality of the ex-
tracted snippets, and their preferences for future use.
Post-Task Questionnaire (SBERT). After completing their task
with SBERT, participants answered questions about their experi-
ence. Out of the 20 participants with valid responses, one partic-
ipant didn’t submit their responses for the post-task questionnaire
for SBERT, so we analyzed the responses from 19 participants.
When asked about modifying their example input snippets, 8 mod-
ified their example input snippets during the task while 11 did
not. Among all participants, 11/20 rated modifying examples as
useful or very useful, 5/20 were neutral, and the remaining 3/20
found it somewhat useful or not useful. Regarding ease of modifi-
cation, 10/20 rated it as easy or very easy, while 5/20 were neutral.
For the quality of the extracted snippets, 14/20 participants rated
them as good or excellent (9 good, 5 excellent), while 3/20 rated
them average and 2/20 rated them poor. When asked whether the
extracted snippets helped them make a decision, 14/20 said yes.
Only 4/20 reported encountering unexpected information in the

4The codes, and themes are available at https://github.com/kuangfei-long/ex2bundle/
tree/main/demo.
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Figure A1: User study protocol. Participants first completed a consent form and watched a tutorial video on how to use the assigned tool. Then,

they first performed a pre-study questionnaire, followed by a decision-making task using either SBERT or Ex2Bundle. After completing the

first task with following post-study questionnaire, they performed the same task with the other tool. Finally, they completed a post-study

questionnaire comparing both tools and providing feedback on their experience.

Figure A2: A snapshot of Ex2Bundle’s interface. A○ Users can input examples by clicking on the interface, and search for keywords that they

are interested in the documents. B○ Users can review their examples and modify them. C○ On the right side, users can adjust the importance of

different topics to tune the retrieved snippets using sliders. D○ Users can save their retrieved snippets. E○ The retrieved snippets are displayed

under the examples, the figure showing the snippets in California state.

snippets, one participant stating that the snippets showed some
information that is not relevant to their input snippets. Regarding
future use, 13/20 agreed or strongly agreed that they would use
SBERT to search information across multiple documents, while
2/20 disagreed. Participants who liked SBERT highlighted its ease
of use and ability to filter relevant content. Common complaints
included slow performance, occasional browser crashes, and the
absence of importance sliders for tuning results.
Post-Task Questionnaire (Ex2Bundle). After completing their
task with Ex2Bundle, participants answered questions about their
experience. We asked them the same questions as in the post-task
questionnaire for SBERT, but we also asked them additional ques-
tions about their experience with the topic importance sliders,
which is a distinctive feature of Ex2Bundle. Of the 20 participants
with valid responses, 10 modified their example input snippets

while 10 did not. Among all participants, 8/20 found modifying
examples useful or very useful, 9/20 were neutral, and 3/20 found
it not useful. Regarding ease of modification, 11/20 rated it as easy
or very easy, while 7/20 were neutral and 2/20 found it not easy.

A distinctive feature of Ex2Bundle is its relative topic impor-
tance sliders. The majority of participants (18/20) used the sliders
during the task, while 2/20 did not, citing technical issues. Of those
who used the sliders, 7/18 observed a change in the extracted snip-
pet after adjusting them. Regarding usefulness of the sliders, 10/20
rated them as useful or very useful, 6/20 were neutral, and 4/20
found them not useful. In terms of ease of use, 15/20 rated the
sliders as easy or very easy.

For the quality of the extracted snippets, 12/20 participants rated
them as good or excellent (9 good, 3 excellent), while 6/20 aver-
age and 2/20 poor or very poor. When asked whether the snippets
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Figure A3: Pre-study questionnaire results (N=20): (a) search frequency from documents or websites, (b) time spent per session (min), (c)

frequency of encountering unexpected results, and (d) self-rated search quality.

Question and Response Count

What was your overall experience of searching for information using summaries?
Excellent 1
Good 13
Average 3
Very poor 3

While creating example input summaries, did you identify any interesting information that you had not previously thought about?
Yes 9
No 11

(a)

Which tool did you prefer in each category? SBERT Ex2Bundle

Which tool generated better summaries? 8 12

Which tool did you find more useful? 9 11

Which tool did you find easier to use? 4 16

Which tool helped you better in making a decision? 8 12

Which tool did you find more flexible? 8 12

Which tool did you find more comfortable to use? 5 15

If you had to choose a tool to search for information from multiple documents/websites, which one would you choose? 9 11

(b)

Figure A4: User study satisfaction results. (a) Overall experience of the user study and discovery of new information. Most participants had

a good experience with the system, and more than half of the participants discovered new information. (b) Tool preference responses. The

majority of participants preferred Ex2Bundle over SBERT across all categories, showing that Ex2Bundle was generally favored for extracting

text snippets for focused intent tasks.

helped them make a decision, 14/20 said yes. For participants who
said no, they mentioned that the snippets were not fully covering
the information they wanted. Only 3/20 reported finding unex-
pected information in the snippets, mentioning that some informa-
tion was not what they expected based on their input snippets. Re-
garding future use, 11/20 agreed or strongly agreed that they would
use Ex2Bundle to search information across multiple documents,
while 2/20 strongly disagreed, 3/20 disagreed, and 4/20 were neutral.
Participants who liked Ex2Bundle highlighted the topic impor-
tance sliders, easy navigation, and the ability to customize snippet
content. Common complaints included slow performance, freezing,
and occasional confusion because of the tool’s technical issues.

A.4 Quantitative Results after Using Both Tools

We first analyzed the quantitative data by comparing the partici-
pants’ ratings such as the summary quality, ease of use, and daily

usage preference for both SBERT and Ex2Bundle. We also com-
pared the number of interactions of each type between the two
tools to understand how participants engaged with them and how
much time they spent working with the tools to support their
decision-making process.

Participants’ satisfaction. After using both tools, we asked par-
ticipants to rate the summary quality and ease of use of each tool.
In Table A4, overall participants evaluated the experience with
retrieving snippets with tools as good (13/20; Table A4 (a)). When
comparing SBERT and Ex2Bundle, many participants preferred
Ex2Bundle over SBERT for all dimensions (Table A4 (b)). For ex-
ample, 12/20 participants preferred Ex2Bundle over SBERT for
generating better snippets, 11/20 preferred Ex2Bundle for useful-
ness , and 16/20 preferred Ex2Bundle for ease of use. When asked
which tool they would choose for their usual information-seeking
tasks, 11/20 participants preferred Ex2Bundle, while 9/20 SBERT.
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Figure A5: Comparison between SBERT and Ex2Bundle in terms

of interaction type counts by averaging the number of interactions

per user. Here, Search: keyword queries, Selection: example selection,

Update: example modification, Learn: intent learning, Retrieval: bun-

dle retrieval, Slider: slider adjustments.

Participants’ interactions. To understand how participants in-
teracted with the tools, we categorized interactions into six types:
Search: keyword queries, Selection: example selection, Update: ex-
ample modification, Learn: intent learning, Retrieval: backend re-
trieval, and Slider : interactive parameters. Search includes keyword
queries that participants used to find relevant information in the
Wikipedia articles such as “climate”. Selection includes interactions
where participants selected specific sentences or sections from the
Wikipedia articles to include in the input snippets. Update includes
interactions where participants modified their selected examples,
such as adding or removing sentences from the input snippets.
Learn includes Ex2Bundle’s learning process, where it learns the
user’s intent based on their example selections. Retrieval includes
interactions where participants retrieved snippets with PaQL after
providing examples or adjusting sliders. Slider includes interactions
where participants adjusted the importance sliders to tune the re-
trieval results. We averaged the count of each interaction type per
user and compared the counts between SBERT and Ex2Bundle.

Fig. A5 shows that SBERT users have more manual interac-
tions: they performed about 3.1 times more Search interactions
than Ex2Bundle users, and selected and updated more examples
than Ex2Bundle users by about 2.2 and 2.8 times, respectively.
However, since Ex2Bundle users can adjust the importance sliders
unlike SBERT users, they have more Slider interactions than SBERT
users. Naturally, Ex2Bundle users also have about 2.1 times more
Retrieval interactions than SBERT users, since Ex2Bundle retrieves
bundles based on slider adjustments, while SBERT does not have
such capabilities.

Participants’ querying time.We measure the cumulative back-
end processing time per participant session. This metric reflects
backend request processing time rather than end-to-end partici-
pant interaction time. We report this metric to demonstrate the
level of engagement and interaction participants had with the sys-
tem. As shown in Fig. A6, Ex2Bundle has a higher average back-
end processing time than SBERT, with a median of 42.05 seconds
for Ex2Bundle compared to 17.61 seconds for SBERT. This sug-
gests that participants interacted more frequently and deeply with
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Figure A6: Average request time (s) for SBERT and Ex2Bundle.

Ex2Bundle has a higher average request time than SBERT, which

is expected due to the additional processing steps involved in

Ex2Bundle such as tuning sliders.

Ex2Bundle, likely due to its interactive features such as the im-
portance sliders and the ability to retrieve snippets based on user
input. In contrast, SBERT’s lower processing time may indicate
less frequent interactions, as it does not offer the same level of
interactivity and customization as Ex2Bundle. Furthermore, on
average participants retrieved bundles 15.8 times with Ex2Bundle,
while only 7.8 times with SBERT, which also supports the notion
of higher engagement with Ex2Bundle.

A.5 Qualitative Results after Using Both Tools

We analyzed the qualitative data by asking participants to provide
feedback on their experience with both tools. We asked them to
share their preferences, grievances, and suggestions for improve-
ment. We also asked them to provide feedback on the extracted
snippets and how they supported their decision-making process.

Participants preferred Ex2Bundle over SBERT. Compared to
SBERT, our participants preferred Ex2Bundle. When comparing
SBERT and Ex2Bundle, many participants (at least 11/20 for each
category; Table A4 (b)) preferred Ex2Bundle over SBERT due to its
greater customization. P07 mentioned, “I absolutely loved the sliders.
Being able to rank what is most important to me instead of the system
trying to guess is great.” While performing their tasks in SBERT,
several participants (5/20) mentioned that it lacked customizability.
P16 said, “There was no way to adjust which factors were more or
less important to me. It was tedious to scroll through long Wikipedia
articles looking for relevant info to include, and sometimes articles
did not address specific things that I wanted to include. I sometimes
filtered/searched for certain words or terms, but there were no results,
or none relevant.” However, some participants (4/20) preferred the
simplicity that SBERT provides. P20 mentioned, “It [SBERT ] didn’t
require much input to generate summaries that captured what I was
most interested in, which made it easier to review the information
and make a decision.”

Topic importance sliders helped to tune snippets.While work-
ing on their tasks using Ex2Bundle, the participants had access to a
set of topic importance sliders to adjust extracted information. The
majority of participants (18/20) used the topic importance sliders to
fine-tune their snippets and ensure they reflected the information
specific to participants’ needs. P08 explained how they used the
sliders to focus on the economy and climate for each state, “I raised
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the slider up so that the output summaries would prioritize informa-
tion that pertained to the economy and climate of each state since
those were the most important factors for me when it came to choosing
a state to work in.” In contrast, P09 used the sliders to reduce the
importance of certain topics, “Topics that I wasn’t interested in, I just
moved to lower importance. [...] That seems to have put more emphasis
on certain topics I cared about [in the summary].” The participants
(2/20) who did not use the topic importance sliders stated that their
choice was predetermined and that changes to the snippets would
not have swayed their decision.
Extracted snippet supported informed decision-making. Par-
ticipants across both conditions (17/20 for SBERT and 20/20 for
Ex2Bundle) reported that the extracted snippets helped themmake
informed decisions by enabling them to identify relevant informa-
tion, gain insight into interesting information, and validate their
own preferences. After using Ex2Bundle, P04mentioned, “The sum-
maries show me the details and aspects that I’m interested in while
omitting many irrelevant details that I have no interest in knowing. I
was able to quickly see which states I find more appealing through
reading only the details that I would find relevant.” Similarly, after
using SBERT, P07 mentioned, “It was easy to see just the things that
were most important to me without the entire Wikipedia page in front
of me. Having such detail is nice, but it can be overwhelming. I was
able to read the summaries and say, Oh, that doesn’t sound good. I’m
going to avoid that, or Awesome! I am going to continue learning more
about this state.” Participants were also happy with the quality of
the summary and how it organized their preferred data quickly and
concisely. P07 pointed out how such efficiencies helped with their
tasks, “Being able to switch between the states quickly meant I could
see almost instantly how those states compared to each other.”

Participants’ feedback for improvement. The participants sug-
gested several improvements. One of the major grievances of partic-
ipants was the presence of irrelevant information in the extracted
snippet. However, P08 found use in such irrelevant snippet while
making decisions: “I read information that showed that North Car-
olina had a high poverty rate, which I did not remember inputting into
the input summaries. However, this data helped me to exclude North
Carolina from my list of states to live in.” In addition, some noted
the documents’ text-heavy nature. They suggested that, while the
snippets were useful for identifying relevant information, creating
the input snippets was sometimes tedious and often led to con-
fusion, as going through the Wikipedia article to find candidate
sentences for the input was time-consuming. Participants also rec-
ommended following the document organization and adding an
option to filter sections while reading the articles. Additionally,
after using Ex2Bundle, 3/20 participants suggested that working
with the tool has a steep learning curve. P16 mentioned, “It was a
bit confusing at first, even after the tutorial, to know exactly how to
use it [Ex2Bundle ] and what to do for the best results. I did not like
having to scroll through really long Wikipedia articles for each state
in order to find which parts to highlight and use for the summary.”

APPENDIX B: CONSTRAINT-BUNDLE

ALIGNMENT CONSISTENCY

To evaluate whether Ex2Bundle’s synthesized bounds produce con-
sistent output, we test whether shifting the synthesized constraint

bounds consistently shifts the returned output bundle. For each
query, we shift every topic dimension’s constraint bounds by the
same additive amount 𝑠 (i.e., 𝑙𝑏′ = 𝑙𝑏 + 𝑠 and 𝑢𝑏′ = 𝑢𝑏 + 𝑠), drawn
from 15 log-spaced steps in [0.01, 20], avoiding linear spacing since
it tends to produce infeasible constraints especially at the extremes.
We restrict this experiment to queries whose original and shifted
constraints are both feasible and unrelaxed, since a relaxed or in-
feasible query’s ILP solver falls back to a similar feasible region
regardless of the shift and would therefore not test consistency.
The Hausdorff distance between the original and shifted bounds is
observed to be in the range [0.01, 11.3]; shifts producing a larger
distance were infeasible. This restriction yields about 411 clean
pairs of original and shifted constraints per topic, 4,115 pairs in
total across topics. We compute the Pearson correlation between
Hausdorff distances of original and shifted constraints and cosine
distances of the corresponding output bundles. Across topics, the
two distances are strongly correlated (Fig. A7), with an average
PCC of 0.93, indicating that different constraint shifts consistently
produce different changes in the returned bundle.
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Figure A7: Consistency of constraint shifts and bundle deviations.

APPENDIX C: QUALITY FUNCTION VARIANTS

Fig. A8 demonstrates how different quality function variants affect
the performance of Ex2Bundle in retrieving sentences on the Sub-
SumE. C-FREQ is the original implementation introduced in Sec-
tion 3, which incorporates the term-frequency quality function as
the objective function. This variant serves as the base Ex2Bundle.
BS integrates the SBERT cosine-similarity quality function into
the Ex2Bundle ILP formulation, which maximizes the similarity
between selected sentences and the user examples. P-FREQ in-
corporates the TF-IDF and LPR quality functions that capture the
importance of sentences based on their frequency and position. TS
adds a topic-similarity quality function based on cosine similarity,
thereby maximizing topic similarity between selected sentences
and the examples.

C-FREQ achieves the best performance across all metrics, demon-
strating its ability to identify sentences that are semantically aligned
with the user examples. Although Ex2Bundle relies on this sim-
plified objective function, it outperforms the more complex for-
mulations in terms of both ROUGE scores and semantic similarity.
The variant incorporating topic similarity (TS) shows the worst
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Figure A8: Frequency-based quality functions (C-FREQ & P-FREQ) outperform similarity-based functions (BS & TS) on SubSumE.

performance across all metrics. This indicates that explicitly maxi-
mizing topic similarity is not a reliable signal for selecting sentences
that are important and semantically relevant to the examples. Ul-
timately, while integrating sentence-level semantic similarity or
topic similarity seems intuitively promising, they are not effective
signals for sentence selection compared to frequency-based objec-
tives. This finding is highly consistent with prior work [45, 85],
which observes that frequency-based methods often outperform
pure semantic similarity-based methods in retrieval tasks.
• Users can choose different quality functions to optimize for,

but the original Ex2Bundle formulation with term-frequency
quality function (C-FREQ) achieves the best performance across
all metrics.

• Frequency-based quality functions outperform semantic
similarity-based objectives, suggesting that frequency is a more
reliable signal for selecting sentences aligned with user intent
in this setting.

APPENDIX D: 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 [87] dataset). Manually con-
structing an optimal supplier set here is tedious and error-prone, as
the selected suppliersmust 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 Ex2Bundle is
focused snippet extraction from text documents, also termed as per-
sonalized extractive summarization [95]. 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 [22, 95] shows that articulating subjective intents this way is
difficult and often leads to user fatigue [97] 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 [37, 79, 83, 96]. 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, Ex2Bundle 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 [80], Your Daily Discover [8], 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.
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APPENDIX E: DATASET DETAILS

TPC-H. For the package query retrieval task, we use the TPC-
H benchmark datasets [87], which consists of a set of business-
oriented queries and concurrent data modification. For our ex-
periments, we synthesize a SupplierFeatures view derived from
three tables using a 0.01 scale factor: Supplier with 100 tuples,
Partsupp with 8,000 rows, and Nation with 25 rows. Each supplier
is represented by five normalized features: price competitiveness,
inventory availability, financial stability (account balance), and two
geographic indicators (America and Europe). Ex2Bundle infers
sum-based bounds for these features by observing three manually
provided example packages representing distinct strategies: Conser-
vative, Price-Focused, and Balanced. The optimization objective is
to maximize the aggregate utility of cost, availability, and stability:
𝑂𝑏 𝑗 =

∑(𝑓𝑝𝑟𝑖𝑐𝑒 + 𝑓𝑎𝑣𝑎𝑖𝑙 + 𝑓𝑏𝑎𝑙 ). We compare Ex2Bundle against a
Greedy baseline, which selects the top-𝑘 suppliers by raw objective
score while ignoring constraints, and a Random baseline.
SubSumE [95]. SubSumE is a dataset for the evaluation of subjective
summary extraction systems. The dataset contains 2,200 (document,
intent, summary) triplets over the 50 Wikipedia pages for US states,
with ten intents of varying subjectivity, provided by 103 individuals
over Mechanical Turk. “Intent” is the underlying question motivat-
ing the creation of a summary. In order to evaluate the effectiveness
of a personalized automatic summarization system, given an intent,
we need a few snippets where a subset of the snippets are used as
examples provided to the system and the rest are used to evaluate
the snippets that the system produces. Accordingly, SubSumE in-
cludes 275 unique (user, intent) pairs, each contributing 8 different,
manually curated snippets. During ChatGPT-4o evaluation, five
of the snippets are used as example user-inputs for the system to
derive a user-intent model in a few-shot manner, and the remaining
three are held-back as a test-set to evaluate the system’s ability to
capture user-summarization-intent using the five examples. In this
work, we explore ten random splits between the example and test
sets for each user in the dataset.
CNN/DailyMail. The CNN/DailyMail dataset provides snippets in
the form of human-written highlights [34]. However, because these
highlights are often abstractive they cannot be directly used for
extractive tasks. To adapt this dataset for sentence-level extractive
summarization, we employed ChatGPT-4o to align the abstractive
snippets with their source articles. The model was tasked with
identifying the indices of the article sentences that most closely
correlate with the reference highlights. To ensure the resulting
extractive snippets remained concise and useful, we imposed two
structural constraints: the selection could not exceed 10 sentences
or 30% of the original article’s sentence count. These constraints
prevent the inclusion of excessive or redundant text, forcing the
model to prioritize high-density semantic information.

APPENDIX F: CONSTRAINT EXPRESSIVITY

Here, we provide additional details on how we represent different
types of constraints in the integer linear program (ILP) formulation
of PaQL. We illustrate three example queries that demonstrate
categorical, nonlinear/interaction, and logical operators. Even with
linear representations, PaQL can accommodate richer expressions.
To validate that these extensions are actually usable by our system,

we ran three case studies on the real-world Spotify Tracks dataset5.
For each case study we test whether Ex2Bundle’s actual bound-
synthesis mechanism can formulate a query with the constraint
extension, and (2) whether the resulting query can then be solved
with Ex2Bundle. Concretely, for each case study we froze 5 random
example playlists matching a natural-language intent, and solved
the resulting package query with an ILP solver:

Q1:CategoricalCategorical information can be represented through
indicator variables in the integer linear program. To represent this
extension, we created a PaQL query about “retrieving a workout
playlist that’s mostly dance tracks to keep users energy up, but
throw in a couple of hip-hop tracks for variety.” This is a typical
example of a categorical constraint as it involves selecting items
based on their category (genre=‘dance’). The query below bounds
the count of dance tracks with a range, while constraining the count
of hip-hop tracks to an exact value, the average number of such
tracks across the example playlists:

Q1: SELECT PACKAGE(*) FROM SPOTIFY
SUCH THAT COUNT(*) BETWEEN 10 AND 13
AND COUNT(genre = 'dance')

BETWEEN 8 AND 10
AND COUNT(genre = 'hip-hop')= 3
MAXIMIZE SUM(popularity);

The result shows COUNT(*)=14, COUNT(dance)=11, COUNT(hip
-hop)=3, SUM(popularity)=1296. The total and dance-count bounds
were infeasible over the real dataset and relaxed.

Q2: Nonlinear/Interaction Feature interactions and nonlinear
relationships can be modeled by computing a derived attribute once
as a preprocessing step and then bounding it like any other attribute.
The intent, “retrieve a quick hits mix that includes tracks that are
popular given how short they are, not old epics that only racked up
plays because they’re long. About 10 songs, where the average dura-
tion is around 3.5 minutes”, includes non-linear attribute hit density.
The hit density derived attribute that expresses non-linear relation-
ships is computed asℎ𝑖𝑡_𝑑𝑒𝑛𝑠𝑖𝑡𝑦 = 𝑝𝑜𝑝𝑢𝑙𝑎𝑟𝑖𝑡𝑦/𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛_𝑚, where
𝑑𝑢𝑟𝑎𝑡𝑖𝑜𝑛_𝑚 is the track’s duration in minutes and 𝑝𝑜𝑝𝑢𝑙𝑎𝑟𝑖𝑡𝑦 is its
popularity score.

Q2: SELECT PACKAGE(*) FROM SPOTIFY
SUCH THAT COUNT(*) BETWEEN 8 AND 12
AND SUM(popularity / (duration_m))

BETWEEN 112.0 AND 240.0
AND AVG(duration_m) = 3.50

MAXIMIZE SUM(popularity);

The result shows COUNT(*)=10, AVG(duration_m)=3.51, SUM(hit
density)=239.97, SUM(popularity)=843. The synthesized hit-density
bound was infeasible over the real dataset and relaxed upward to
reach this optimum.

Q3: Logical Operators Logical conditions can be expressed with
AND, OR, and NOT. The intent for Q3 is “retrieve a road-trip playlist
that covers a mix of moods: it must include at least one relaxed
chill track AND at least one upbeat pop track, but keep every track
under 5 minutes. About 10 songs total.” With this intent, we add a
logical constraint to ensure the playlist meets the specified criteria.

5The Spotify tracks dataset: www.kaggle.com/datasets/maharshipandya/-spotify-
tracks-dataset.
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Q3: SELECT PACKAGE(*) FROM SPOTIFY
SUCH THAT COUNT(*) BETWEEN 8 AND 12
AND COUNT(genre = 'chill') >= 1
AND COUNT(genre = 'pop') >= 1
AND NOT (COUNT(duration_m > 5) >= 1)
MAXIMIZE SUM(popularity);

The result shows COUNT(*)=12, COUNT(chill)=1, COUNT(pop)=11,
SUM(popularity)=1132. All synthesized bounds were feasible and
no relaxation was needed.

APPENDIX G: BASELINE DETAILS

SBERT [84] is a widely used sentence embedding model that gen-
erates semantically meaningful vector representations of sentences.
We use SBERT as a simple baseline for example-driven text snippet
extraction for selecting sentences that are semantically similar to
the example snippets provided by the user based on cosine simi-
larity. We select a snippet using top-𝑘 high-scoring sentences in
the document, where 𝑘 is simply the average number of sentences
across the examples.
BERTSumExt [54] is a widely adopted extractive summarization
model. By default, BERTSumExt solely considers the input docu-
ment and extracts important sentences based on general document
content, without accommodating specific user inputs. During its
training, it learns to identify important sentences by optimizing
for word overlap (e.g., ROUGE scores) with gold-standard snip-
pets. To adapt BERTSumExt for our example-driven text snippet
extraction task, we first pre-filter the target document, retaining
only the candidate sentences that are semantically similar to the
user-provided example snippets. We then feed this pre-filtered doc-
ument into BERTSumExt. The intuition behind this approach is
that by restricting the input space to sentences semantically aligned
with the examples, we effectively bias BERTSumExt towards ex-
tracting a snippet that reflects the user’s specific intent. In our
implementation, we use the BERTSumExt model pre-trained on
the CNN-DailyMail dataset [34].
MemSum [27] is a state-of-the-art reinforcement-learning model
for long-document extractive summarization. Unlike BERTSumExt,
MemSum is history-aware: it conditions each extraction on the sen-
tences already selected, producing snippets with greater semantic
consistency and reduced redundancy. Sentence selection is trained
to maximize word overlap with the gold-standard snippet. In this
work, we use the model pre-trained on the GovReport dataset [38].
Similarly to BERTSumExt, we first pre-filter each target document
using the same SBERT-based approach.
ChatGPT-4o [67] is a large language model from OpenAI. We use
it as a retrieval-augmented baseline for example-driven text snippet
extraction to evaluate how well it can understand user intent and
learn extraction patterns from a few examples. We use a file attach-
ment method to provide the model with the target document and
example snippets, and we prompt the model to generate a snippet
that captures the intent expressed in the examples.

APPENDIX H: PROMPTING DETAILS

SubSumE. For the initial set of ChatGPT-4o few-shot experiments,
we conducted inference on each user input file, where each file
corresponds to a single intent question. The process involved up-
loading the relevant Wikipedia text files for the states alongside a

Intent in SubSumE ChatGPT-4o Predicted Intent

How is the government struc-
tured in this state?

What is the governmental and legislative struc-
ture of {state}?

How is the weather of the state? What is the climate like in {state}?

What drives the economy in
this state?

What are the economic drivers and geographi-
cal characteristics of different U.S. states?

Table A9: Comparison of original intents in the SubSumE dataset and

intents predicted by ChatGPT-4o using file attachment for context.

structured prompt to instruct the model. For instance, one of the
prompts used is as follows:

Few-Shot Prompt for SubSumE

I am providing you with eight text documents. For three of
them, Delaware, New Jersey, and Virginia, I will give you
example summaries. From these, you need to understand my
summarization intent and learn the summarization pattern
from the given examples. Then summarize the remaining
five documents based on the learned pattern. Make sure to
use extractive summarization: select only the original
sentences from the given text without generalizing. You
can perform detailed summarization by selecting relevant
sentences from the text files. Return the final summaries
as a combined paragraph.

CNN/DailyMail. For the CNN/DailyMail dataset, we used a simi-
lar few-shot prompting approach with ChatGPT-4o as SubSumE.
The prompt was designed to guide the model in learning snippet
extraction patterns from a few examples and applying them to new
articles. The prompt structure is as follows:

Few-Shot Prompt for CNN/DailyMail

System Instructions:

You are an advanced summarization assistant. I will
provide some examples of original articles with
its summarization. Please try to learn the pattern
of summarization and use it to generate a similar
summarization on new given content.

Few-Shot Examples:

{{example_article}}

User Input:

The given new article is {{test_article}}. Please return
a list of zero-based sentence indices from the original
text that best align with the intent of the summary.
Like [1,2].

Output Format:

[index_0, index_1, ...]

APPENDIX I: CHATGPT-4O ON SUBSUME

Here we first report the performance of ChatGPT-4o for predicting
intents given example snippets. In Table A9, we show the origi-
nal intents in the SubSumE dataset and the intents predicted by
ChatGPT-4o via an additional query such as “Given these exam-
ple summaries, what is the summarization intent?”. The original
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Example States Test State Semantic Similarity

Task 1:What about this state’s arts and culture attracts you the most?

Delaware,
Idaho,
Wisconsin

Colorado 0.662
New Jersey 0.633
Utah 0.742
Virginia 0.560
West Virginia 0.598

Average 0.639

Task 2:What are some of the most interesting things about this state?

New Hampshire,
Hawaii,
Washington

Arkansas 0.693
California 0.737
Georgia 0.694
Kansas 0.533
Michigan 0.587

Average 0.649

Table A10: Semantic similarity for ChatGPT-4o across focused intent

text snippet extraction tasks, per test state.

Ex2Bundle ChatGPT-4o

(prompt)

ChatGPT-4o

(few-shot)

ROUGE-1

Precision 0.2714 0.6699 0.6655
Recall 0.4769 0.5155 0.5108
F1 0.3235 0.5504 0.5483
F2 0.2022 0.3440 0.3427

ROUGE-2

Precision 0.1364 0.5389 0.5304
Recall 0.2318 0.4106 0.4021
F1 0.1590 0.4403 0.4332
F2 0.0994 0.2752 0.2708

ROUGE-L

Precision 0.1977 0.5873 0.5769
Recall 0.3445 0.4504 0.4405
F1 0.2335 0.4814 0.4734
F2 0.1459 0.3009 0.2958

Semantic Similarity 0.6272 0.7965 0.7853

Table A11: Focused text snippet extraction on Ex2Bundle, ChatGPT-

4o (prompt), and ChatGPT-4o (few-shot) with manually selected

ground truth snippet on CNN/DailyMail dataset crime articles.

intents are more specific and focused on particular aspects of the
states, while the ChatGPT-4o predicted intents tend to be broader
or more general. For example, the original intent of “How is the
government structured in this state?” is focused on governmental
structure, whereas the ChatGPT-4o predicted “What is the govern-
mental and legislative structure of {state}?”, which is more general
and encompasses both governmental and legislative aspects.

Table A10 shows the semantic similarity for ChatGPT-4o across
focused text snippet extraction tasks, per test state. For Task 1
(“What about this state’s arts and culture attracts you the most?”),
the average semantic similarity across the five test states is 0.639,
with Utah having the highest similarity of 0.742 and Virginia having
the lowest similarity of 0.560. For Task 2 (“What are some of the
most interesting things about this state?”), the average semantic
similarity across the five test states is 0.649, with California hav-
ing the highest similarity of 0.737 and Kansas having the lowest
similarity of 0.533. The results give us insights how ChatGPT-4o’s
understanding of user intent generally varies across different states,

Category System ROUGE-1↑ ROUGE-2↑ ROUGE-L↑ Semantic

Similarity

↑

Politics

ChatGPT-4o 0.5504 0.4403 0.4814 0.7965

Ex2Bundle 0.3235 0.1590 0.2335 0.6272

Crime

ChatGPT-4o 0.4844 0.3513 0.4019 0.7601

Ex2Bundle 0.3246 0.1499 0.2204 0.5829

Sports

ChatGPT-4o 0.5170 0.4219 0.4548 0.8022

Ex2Bundle 0.3148 0.1743 0.2330 0.6255

Lifestyle

ChatGPT-4o 0.5060 0.3812 0.4294 0.7949

Ex2Bundle 0.3136 0.1304 0.1982 0.6016

Table A12: ChatGPT-4o outperforms Ex2Bundle in generic intent

alignment across CNN/DailyMail news categories.

which may be influenced by the specific content and characteristics
of each state document.

On CNN/DailyMail, we compare against ChatGPT-4o (few-shot)
across four categories (Politics, Crime, Sports, & Lifestyle). ChatGPT-
4o leads on all ROUGE and SS metrics in every category (Table A12);
on Politics, for instance, ChatGPT-4o achieves ROUGE-L 0.4814 and
SS 0.7965, vs. 0.2335 and 0.6272 for Ex2Bundle (similar gaps else-
where). This is expected: generic news snippets have broad intent
that example-driven retrieval cannot capture [99], marking the
regime where Ex2Bundle is not the appropriate tool.

APPENDIX J: CNN/DAILYMAIL DETAILS

Here, we provide the detailed results for the generic text snippet ex-
traction and customized focused text snippet extraction tasks on the
CNN/DailyMail dataset, as well as the semantic similarity scores for
each focused intent text snippet extraction task. For ChatGPT-4o,
we report the results for both prompt-only and few-shot prompting
approaches. The prompt-only approach uses a single prompt to
guide the model’s generation, while the few-shot prompting ap-
proach includes three examples for each intent, which are randomly
selected from the training set of the CNN/DailyMail dataset.

Generic intent.On CNN/DailyMail, we compare against ChatGPT-
4o (few-shot) across four categories (Politics, Crime, Sports, & Life-
style). ChatGPT-4o leads on all ROUGE and SS metrics in every
category (Table A12); on Politics, for instance, ChatGPT-4o achieves
ROUGE-L 0.4814 and SS 0.7965, vs. 0.2335 and 0.6272 for Ex2Bundle
(similar gaps elsewhere). This is expected: generic news snippets
have broad intent that example-driven retrieval cannot capture [99],
marking the regime where Ex2Bundle is not the appropriate tool.

Table A11 shows that ChatGPT-4o (both prompt and few-shot)
significantly outperforms Ex2Bundle across all ROUGE metrics
and semantic similarity, demonstrating its general capability in
understanding user intent and generating snippets for generic text
snippet extraction tasks. Interestingly, the prompt-only approach
performs slightly better than the few-shot approach in terms of
ROUGE scores and semantic similarity, which may suggest that
providing multiple examples for few-shot prompting does not nec-
essarily lead to better performance in this case.

Table A13 reports the detailed results for the focused text snip-
pet extraction tasks on the CNN/DailyMail dataset contrasting
Ex2Bundle and ChatGPT-4o (few-shot). Crime articles from CNN/
DailyMail contain multi-aspect descriptions (e.g., methods, par-
ticipants, and locations). However, they are generally written for
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broad intent. We compare Ex2Bundle on this generic intent against
ChatGPT-4o (few-shot). We observe that ChatGPT-4o (few-shot)
generally outperforms Ex2Bundle across all ROUGE metrics and
semantic similarity for the focused intent text snippet extraction
tasks, suggesting that ChatGPT-4o is more effective at retrieving
snippets aligned with broad user intents than Ex2Bundle. However,
Ex2Bundle still shows competitive performance relative to its own
generic-intent baseline in Table A11, suggesting that Ex2Bundle
remains effective at retrieving snippets for specific intents, even
though those intents are still relatively broad.

Tables A14 to A17 report the detailed results for the focused
text snippet extraction tasks on the CNN/DailyMail dataset with
our manually crafted focused intents for crime, politics, sports,
and lifestyle categories. Across all categories, the results show that
Ex2Bundle’s performance is generally better for the focused intent
text snippet extraction tasks compared to the generic snippet extrac-
tion task. These findings strengthen the evidence that Ex2Bundle
is effective in retrieving snippets for specific user intents.
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“Crime methods” “Suspects & Victims” “Crime locations”

Ex2Bundle ChatGPT-4o

(few-shot)

Ex2Bundle ChatGPT-4o

(few-shot)

Ex2Bundle ChatGPT-4o

(few-shot)

ROUGE-1

Precision 0.5126 0.6831 0.4562 0.6901 0.4016 0.6825
Recall 0.4489 0.6043 0.4215 0.5855 0.3783 0.4260
F1 0.4608 0.6206 0.4207 0.5999 0.3686 0.5021
F2 0.2880 0.3879 0.2629 0.3749 0.2304 0.3138

ROUGE-2

Precision 0.3009 0.5586 0.2493 0.5781 0.2110 0.5010
Recall 0.2523 0.4928 0.2198 0.4780 0.1862 0.3116
F1 0.2644 0.5066 0.2235 0.4946 0.1861 0.3684
F2 0.1653 0.3166 0.1397 0.3091 0.1163 0.2302

ROUGE-L

Precision 0.3526 0.5944 0.3168 0.6079 0.2904 0.5641
Recall 0.3004 0.5256 0.2850 0.5088 0.2660 0.3498
F1 0.3124 0.5397 0.2872 0.5242 0.2619 0.4135
F2 0.1952 0.3373 0.1795 0.3276 0.1636 0.2584

Semantic Similarity 0.7435 0.8307 0.7021 0.8089 0.6117 0.7552
Table A13: Focused text snippet extraction task on Ex2Bundle and ChatGPT-4o (few-shot) with LLM selected ground truth snippet on crime

detailed description.

Generic “Summarize the crime

mentioned in this article.”

“Who are the suspects and

victims in this event?”

“Summarize the locations where

the crime was committed.”

ROUGE-1

Precision 0.2714 0.5126 0.4562 0.4016
Recall 0.4769 0.4489 0.4215 0.3783
F1 0.3235 0.4608 0.4207 0.3686
F2 0.2022 0.288 0.2629 0.2304

ROUGE-2

Precision 0.1364 0.3009 0.2493 0.211
Recall 0.2318 0.2523 0.2198 0.1862
F1 0.159 0.2644 0.2235 0.1861
F2 0.0994 0.1653 0.1397 0.1163

ROUGE-L

Precision 0.1977 0.3526 0.3168 0.2904
Recall 0.3445 0.3004 0.285 0.266
F1 0.2335 0.3124 0.2872 0.2619
F2 0.1459 0.1952 0.1795 0.1636

Semantic Similarity 0.6272 0.7435 0.7021 0.6117
Table A14: Ex2Bundle’s performance across various metrics for generic and focused intents for crime category of CNN/DailyMail.

Generic “Summarize the politicians and

celebrities mentioned.”

“Summarize the contributions

or impacts of this political

event or statement.”

“What are the key issues or

debates highlighted in this

political event?”

ROUGE-1

Precision 0.3068 0.4699 0.448 0.5055
Recall 0.4029 0.397 0.5131 0.4703
F1 0.3246 0.392 0.4626 0.4684
F2 0.2029 0.245 0.2891 0.2927

ROUGE-2

Precision 0.1395 0.2807 0.2686 0.2975
Recall 0.1853 0.2076 0.3019 0.2617
F1 0.1499 0.2125 0.2751 0.2669
F2 0.0937 0.1328 0.1719 0.1668

ROUGE-L

Precision 0.2065 0.3422 0.3126 0.3511
Recall 0.2746 0.2675 0.36 0.3146
F1 0.2204 0.2699 0.3233 0.3186
F2 0.1377 0.1686 0.2021 0.1991

Semantic Similarity 0.5829 0.671 0.7454 0.7658
Table A15: Ex2Bundle’s performance across various metrics for generic and focused intents for politics category of CNN/DailyMail.
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Generic “Summarize the sports teams

or athletes involved.”

“Summarize the match results

or the event details.”

“Where is the stadium or location

hosting the sports match event.”

ROUGE-1

Precision 0.3148 0.4544 0.5007 0.3875
Recall 0.3886 0.5049 0.4372 0.2503
F1 0.3148 0.4675 0.4488 0.2828
F2 0.1967 0.2922 0.2805 0.1768

ROUGE-2

Precision 0.1823 0.2903 0.3285 0.2407
Recall 0.2098 0.3095 0.267 0.1407
F1 0.1743 0.2932 0.2833 0.1658
F2 0.1089 0.1833 0.1771 0.1036

ROUGE-L

Precision 0.2405 0.341 0.3872 0.3115
Recall 0.2852 0.3732 0.3273 0.1863
F1 0.233 0.3486 0.341 0.2176
F2 0.1456 0.2179 0.2131 0.136

Semantic Similarity 0.6255 0.7552 0.725 0.6476
Table A16: Ex2Bundle’s performance across various metrics for generic and focused intents for sports category of CNN/DailyMail.

Generic “What are the main lifestyle

trends or topics highlighted

in the article?”

“Summarize the key tips or advice

offered for enhancing personal

well-being and daily life.”

“What significant insights or stories

does the article provide about cultural

practices or personal experiences?”

ROUGE-1

Precision 0.3056 0.5585 0.4078 0.6109
Recall 0.3554 0.4031 0.3706 0.4331
F1 0.3136 0.4533 0.3638 0.4931
F2 0.196 0.2833 0.2274 0.3082

ROUGE-2

Precision 0.124 0.3291 0.225 0.4043
Recall 0.1519 0.2235 0.1885 0.2735
F1 0.1304 0.2596 0.1925 0.3178
F2 0.0815 0.1622 0.1203 0.1986

ROUGE-L

Precision 0.1919 0.3868 0.2798 0.4454
Recall 0.2268 0.2726 0.245 0.3032
F1 0.1982 0.3105 0.2445 0.3514
F2 0.1239 0.1941 0.1528 0.2196

Semantic Similarity 0.6016 0.7495 0.673 0.7832

Table A17: Ex2Bundle’s performance across various metrics for generic and focused intents for lifestyle category of CNN/DailyMail.
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