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ABSTRACT
The increasing number of large knowledge graphs (KGs) now avail-
able online requires methods for their efficient exploration. Most
of these KGs offer online SPARQL endpoints for querying and
exploring their data. In a typical scenario, the users issue coarse,
exploratory queries at the beginning, refining them further in the
sequel in order to find the answer to the question in mind. However,
those coarse exploratory queries are costly to evaluate as they usu-
ally involve many results and take too much time to be answered, or
even worse, they time out, limiting the exploration potential of the
data they expose. In this paper, we present the LFS (Love-at-First-
Sight) system, offering a unique solution to the aforementioned
problem, enabling users to efficiently get the first answers to their
queries. More specifically, we are the first to define the problem
of constructing first-sight summaries (FSS), i.e., summaries able to
provide rapidly, first answers to user queries, relying on existing
query logs. We provide effective algorithms for constructing both
exact and approximate FSS under budget constraints with theoret-
ical guarantees. We analytically and experimentally demonstrate
latency reductions of up to two orders of magnitude over SPARQL
endpoints and one order of magnitude over relevant baselines.
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1 INTRODUCTION
Knowledge Graphs (KGs) are vast collections of interconnected
entities used extensively for data integration and exploration [8].
As users increasingly leverage SPARQL endpoints to harvest in-
formation [8], efficiency is critical. In a typical usage scenario of
a SPARQL endpoint, a user queries the data and gradually refines
her query until the desired result is obtained [8].

The problem. In the aforementioned typical scenario, in the
first coarse, exploratory phase, the returned results are usually too
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many, and as such, the users have to wait for a significant amount
of time before they see the first results. Public endpoints, such as
DBpedia or Wikidata, in order to prevent long-running queries that
require a lot of CPU and memory resources, try to ensure stable and
responsible services to the user community by setting up quotas
on the execution time and arrival rate [2]. This certainly limits the
exploration potential of the information that the SPARQL endpoints
expose. This first-answer latency problem is especially harmful in
interactive settings such as iterative query refinement, debugging
query patterns, or exploratory analytics, where users rely on early
examples to validate query intent and decide whether to continue,
abort, or reformulate their query.

Existing approaches. Tomitigate long delays at online SPARQL
endpoints, users often rely on the LIMIT clause. However, LIMIT
only restricts the number of returned results and typically does not
reduce the amount of data processed during query evaluation, as
the engine must still scan the full dataset to identify matches.

For substantial performance improvements, recent research on
the area focuses on restricted SPARQL servers [6, 30, 40], which
ensure termination by fragmenting query execution or paginating
results. These methods, however, require intelligent clients and
incur additional overhead due to client-side processing. Progressive
query processing [7], on the other hand, returns results incremen-
tally but provides no guarantees on the number or availability of
early answers. Another prominent approach focusing on improving
the efficiency of query answering is view selection and materializa-
tion. Given a KG and a query workload, materialize an appropriate
set of views to improve query efficiency such that the views fit
into a pre-specified storage constraint. However, the problem of
selecting the appropriate views to materialize, is hard [27], and does
not scale for workloads containing thousands of queries. Semantic
summarization, on the other hand, extracts compact representa-
tions of large KGs for tasks such as visualization, exploration, and
query answering [9, 32]. Workload-based summaries further iden-
tify frequently accessed graph regions [38, 39], but have not been
designed to support rapid retrieval of the first few query answers.

LFS. Our system, Love-at-First-Sight (LFS), combines ideas from
semantic summarization and view materialization to construct a
compact subgraph of the original KG that enables rapid retrieval of
the first answers to SPARQL queries.

To rapidly return the first few answers for a specific user query,
a small, relevant part of the original graph should be extracted
and used for query answering. However, for returning the first few
answers to any user query, in essence, the entire graph should be
available. Already, this shows the conflicting properties that such
a summary should have and the difficulties entailed in optimally
selecting the proper part of the graph to extract and use.
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Figure 1: LFS main ideas.

LFS addresses this challenge by exploiting user query logs: each
valid query is transformed into a CONSTRUCT query, and the result-
ing answer-induced subgraphs are merged into a compact summary,
as illustrated in Figure 1. An optional budget constraint retains only
the most informative triples, yielding a first-sight summary (FSS)
that can be queried directly to retrieve the first 𝜆 answers with-
out scanning the full KG. This approach scales to large workloads
while keeping the summary compact (at most 205MB), supports
incremental updates as new queries arrive, and generalizes well to
future queries by trading completeness for efficiency. Overall, our
contributions within the LFS system, are the following:
• We introduce the problem of constructing first-sight summaries

(FSS), compact subgraphs that enable rapid retrieval of the first
query answers and satisfy modularity and monotonicity.

• Wepropose an efficient log-driven algorithm for FSS construction
with linear complexity in the workload size and low memory
footprint, allowing summaries to reside in main memory.

• We propose a budgeted greedy algorithm for approximate FSS
with quality guarantees under space constraints.
• We show FSS is naturally incremental and propose a budget-

constrained incremental algorithm for summaries.
• We experimentally evaluate LFS on YAGO, DBpedia, and Wiki-

data, demonstrating compact summaries and speedups of up to
210× over SPARQL endpoints for known queries.

• We further show that FSS generalize to unseen queries, covering
up to 93% of the workload and achieving order-of-magnitude
latency reductions over existing baselines.
To the best of our knowledge, we are the first to define the prob-

lem of constructing a first-sight summary for knowledge graphs
and to provide effective, incremental algorithms for their construc-
tion. While our approach is inspired by classical materialized view
selection and semantic summarization, LFS targets a fundamentally
different optimization objective: minimizing first-answer latency.
Unlike traditional view selection, which aims to reduce the total
evaluation cost of queries, LFS focuses specifically on the earliest ob-
tainable answers and on constructing lightweight, answer-centric
mini-graphs. Existing SPARQL view-selection methods do not ad-
dress (i) early-answer semantics, (ii) strict memory budgets requir-
ing partial graph materialization, or (iii) operation under real-world
query-log workloads at scale.

2 FIRST-SIGHT SUMMARIES
Preliminaries. We consider RDF Knowledge Graphs (KGs), the
W3C standard for representing structured data on the Web. An RDF
KG 𝐺 is a set of triples (𝑠, 𝑝, 𝑜), where a subject 𝑠 is connected to
an object 𝑜 via a property 𝑝 . Let U, L, and B denote the sets of
URIs, literals, and blank nodes, respectively, which are pairwise

disjoint. Blank nodes represent anonymous or unknown resources.
Let𝑇 = U ∪B ∪L be the set of RDF terms. An RDF triple belongs
to (U ∪ B) ×U ×𝑇 . Further, let𝑉 be a set of variables. A solution
mapping is a partial function 𝜇 : 𝑉 → 𝑇 , with domain 𝑑𝑜𝑚(𝜇) ⊆ 𝑉 .

For querying, we use SPARQL. SPARQL [1] is the W3C standard
query language for RDF and follows a graph-matching semantics.
A SPARQL query 𝑄 specifies a graph pattern 𝑃 that is matched
against an RDF graph𝐺 . The basic building block is a triple pattern,
and a set of triple patterns forms a basic graph pattern (BGP). The
evaluation of a BGP𝑄 over𝐺 , denoted𝑄 (𝐺), yields a set of solution
mappings. We write |𝑄 (𝐺) | for the number of answers and |𝐺 | for
the number of triples in 𝐺 . SPARQL also provides operators such
as OPTIONAL, FILTER, and EXISTS. To simplify presentation, we
focus on BGPs in our formal development; however, our approach
applies to the full monotonic fragment of SPARQL [20], excluding
aggregates. This choice is empirically well justified: in the query
logs used in our evaluation (Section 3), aggregate queries account
for only 0.9%, 1.3%, and 8% of the queries over YAGO, DBpedia, and
Wikidata, respectively, while non-monotonic queries account for
0.2%, 1.3%, and 6.1%.
High-Level Architecture. Figure 2 depicts how the LFS server can
be used in practice and the components of the LFS engine. Users
visit the corresponding SPARQL endpoint and can select either
to retrieve the complete answers or the first few answers to their
queries. In the online part, in case the users select the complete
answers, their queries are forwarded to be answered by the corre-
sponding traditional SPARQL endpoint of the KG. Otherwise, users
select to trade efficiency for completeness, and as such, their queries
are forwarded to be rapidly answered by the corresponding FSS. In
the offline part, query logs are used along with their corresponding
SPARQL endpoint in order to construct the first-sight summaries.
As more queries are accumulated in the query logs, FSS can be
incrementally updated offline to include the missing information.

Figure 2: LFS high-level architecture.

Informal problem statement.We begin with an example in order
to allow the readers to fully understand the complexity of the
problem under discussion.

Example 1. Consider the KG in Figure 3, representing a university
domain with persons and organizations. A user begins exploration
by querying for advisors of Richard Feynman:
Q0: SELECT * WHERE {?x advisorOf ?y}.

Although the KG may contain many matching instances, the
user primarily wants to verify that the query is valid and in-
spect initial results. If 𝑄0 was known in advance, retaining only
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Figure 3: An example RDF KG and an FSS (𝜆 = 1) for 𝑄1.

the triple (𝐽𝑜ℎ𝑛 𝐴𝑟𝑐ℎ𝑖𝑏𝑎𝑙𝑑𝑊ℎ𝑒𝑒𝑙𝑒𝑟, 𝑎𝑑𝑣𝑖𝑠𝑜𝑟𝑂 𝑓 , 𝑅𝑖𝑐ℎ𝑎𝑟𝑑 𝐹𝑒𝑦𝑛𝑚𝑎𝑛)
would suffice to return a first answer and enable further exploration,
while additional answers could provide useful context.

Based on the aforementioned example, we are now ready to
informally describe the problem of constructing a first-sight sum-
mary: Given a KG 𝐺 and a query workload Q, construct a summary
𝑆 ∈ 𝐺 that can be queried instead of 𝐺 returning rapidly the first 𝜆
answers for all input queries 𝑄 ∈ Q.

Note that we are not interested in the top-k answers satisfying a
selection criterion or maximizing a function. We are just interested
in any 𝜆 results.
Summary Size vs Query Efficiency: This very first problem state-
ment also makes it clear that the first-sight summary 𝑆 should have
the following properties:
• Compactness. Ideally, the first-sight summary should be able to

provide the first few answers rapidly. In order to do this, it should
contain minimal data that will enable efficient query answering.

• Completeness. On the other hand, it should contain minimal
data for all queries in Q. As the queries under consideration
are numerous, in essence, a significant portion of the graph 𝐺

should be kept in summary, which in turn leads to execution
times similar to the standard execution time for querying the
entire graph.

This, in essence, demonstrates that compactness and complete-
ness are two conflicting properties that such a first-sight summary
should possess, and the complexity entailed in deciding which
triples from the original graph to keep as a summary. As we show
in the sequel, as queries tend to search for similar information,
achieving both is feasible.
Formal problem statement.We are now ready to formally define
the problem of first-sight summary construction.

Definition 1 (First-Sight Summary). Given a KG 𝐺 , a query work-
load Q𝑛 with 𝑛 queries, and a number 𝜆, a first-sight summary
𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆), is a subgraph 𝐹𝑆𝑆 ⊆ 𝐺 such that for every 𝑄 ∈ Q𝑛 :
(i) 𝑄 (𝐹𝑆𝑆) ⊆ 𝑄 (𝐺) and (ii) |𝑄 (𝐹𝑆𝑆) | ≥ 𝑚𝑖𝑛{𝜆, |𝑄 (𝐺) |}

When 𝑛 is irrelevant, we will use Q instead of Q𝑛 . Based on the
aforementioned definition, we then could use 𝐹𝑆𝑆 instead of 𝐺 to
return at least 𝜆 answers (when they exist) to any𝑄 ∈ Q. An FSS is
not unique, as many different subsets of the original graph might
exist with at least 𝜆 answers for each one of the queries in Q.

It can be easily shown that there are always solutions of FSS
for any set of arguments for which FSSs enjoy modularity and
monotonicity.

Lemma 1 (Modularity). Given a set of queries Q𝑛 = {𝑄1, ..., 𝑄𝑛}
targeting a knowledge graph𝐺 , and a number 𝜆, there exist a solution
𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆) such that:

𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆) ⊆
𝑛⋃︂
𝑖=1

𝐹𝑆𝑆 (𝑄𝑖 ,𝐺, 𝜆)

Proof. (sketch) As an FSS should contain at least 𝜆 answers for
all queries in Q𝑛 , in essence, it should contain at least 𝜆 for each
one of the {𝑄1, ..., 𝑄𝑛}. ■

Lemma 2 (Monotonicity).
|𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆) | ≤ |𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆 + 1) |

and also
|𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆) | ≤ |𝐹𝑆𝑆 (Q𝑛+1,𝐺, 𝜆) |

Proof. |𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆) | ⊆ |⋃︁𝑛
𝑖=1 𝐹𝑆𝑆 (𝑄𝑖 ,𝐺, 𝜆) | ≤

|⋃︁𝑛
𝑖=1 𝐹𝑆𝑆 (𝑄𝑖 ,𝐺, 𝜆 + 1) | = |𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆 + 1) |. Further,

|𝐹𝑆𝑆 (Q𝑛,𝐺, 𝜆) | =|⋃︁𝑛
𝑖=1 𝐹𝑆𝑆 (𝑄𝑖 ,𝐺, 𝜆) | ≤|

⋃︁𝑛+1
𝑖=1 𝐹𝑆𝑆 (𝑄𝑖 ,𝐺, 𝜆) | =

|𝐹𝑆𝑆 (Q𝑛+1,𝐺, 𝜆) | ■

In essence, 𝜆 is used in order to tune the size of the summary
based on the number of answers that a user would like to be re-
turned, given that the original graph has at least that number of
answers. Obviously, the larger the 𝜆, the larger the summary size
will be, as it would need to store more triples.

2.1 The LFS algorithm
Next, we present an algorithm for constructing an FSS, capitalizing
on the modularity property. The LFS algorithm (Algorithm 1) re-
ceives as input a KG 𝐺 , a number 𝜆 denoting the number of results
to be stored in the summary for each query, and a query log with
BGP queries Q. In addition, it receives the SPARQL endpoint 𝑆𝑃 of
the knowledge graph. The algorithm initializes the feature-based
semantic summary (FSS) as an empty set of triples (line 1). It then
processes the query workload sequentially (lines 2–4). For each
query𝑄 , the triple patterns in the WHERE clause are extracted and
rewritten into a CONSTRUCT query that retrieves the correspond-
ing subgraph, including all involved variables, while limiting the
number of returned answers to 𝜆 (line 3). The constructed query is
executed against the SPARQL endpoint 𝑆𝑃 of the knowledge graph
𝐺 , and the resulting triples are added to the summary (line 4). After
all queries have been processed, the algorithm returns the final FSS.

Algorithm 1 LFS
Input: Queries Q; limit 𝜆; Endpoint 𝑆𝑃 .
Output: Summary 𝑆 .
1: 𝑆 ← ∅
2: for all𝑄 ∈ Q do
3: 𝑄 ′ ← construct(𝑄, 𝜆) ⊲ Extract BGP and apply limit
4: 𝑆 ← 𝑆 ∪ execute(𝑄 ′, 𝑆𝑃 )
5: return 𝑆

The following theorem holds, proved directly by construction:

Theorem 1 (Correctness). The LFS algorithm constructs a first-
sight summary for 𝐺,Q and 𝜆.
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The generated FSS enjoys completeness in the sense of Definition
1. For every query in Q, the FSS contains all triples belonging to
the mini-graphs of the first 𝜆 answers retrieved during construc-
tion. Further, it enjoys partial compactness as each individual query
introduces at most 𝜆 results in the summary graph. It is partial,
as queries are treated independently, and eventually there might
be more than 𝜆 answers in the summary for a specific query, as
allowed also by Definition 1. We will focus more on the notion
of compactness in Section 2.2, respecting budget constraints and
providing guarantees on the size of the result.

Example 2. Assume a query log over the KG of Figure 3 containing
the following queries:
Q1. SELECT ?x WHERE { ?y rdf:type Professor.

?x rdf:type Person. ?y advisorOf ?x.}

Q2. SELECT ?y WHERE { ?y rdf:type Organization.

?x rdf:type Person. ?y affiliationOf ?x.}

Let LFS be executed with 𝜆 = 1. For each query, LFS extracts the
WHERE clause, issues a corresponding CONSTRUCT query with LIMIT
1, and adds the resulting answer-induced mini-graph to the sum-
mary. For 𝑄1, this yields the triples (𝐽𝑜ℎ𝑛 𝐴𝑟𝑐ℎ. 𝑊ℎ𝑒𝑒𝑙𝑒𝑟, 𝑟𝑑 𝑓 :
𝑡𝑦𝑝𝑒, 𝑃𝑟𝑜 𝑓 𝑒𝑠𝑠𝑜𝑟 ), (𝑅𝑖𝑐ℎ𝑎𝑟𝑑 𝐹𝑒𝑦𝑛𝑚𝑎𝑛, 𝑟𝑑 𝑓 : 𝑡𝑦𝑝𝑒, 𝑃𝑒𝑟𝑠𝑜𝑛), and
(𝐽𝑜ℎ𝑛 𝐴𝑟𝑐ℎ. 𝑊ℎ𝑒𝑒𝑙𝑒𝑟, 𝑎𝑑𝑣𝑖𝑠𝑜𝑟𝑂 𝑓 , 𝑅𝑖𝑐ℎ𝑎𝑟𝑑 𝐹𝑒𝑦𝑛𝑚𝑎𝑛). For 𝑄2, the
summary is extendedwith (𝑃𝑟𝑖𝑛𝑐.𝑈𝑛𝑖𝑣 ., 𝑟𝑑 𝑓 : 𝑡𝑦𝑝𝑒,𝑂𝑟𝑔𝑎𝑛𝑖𝑧𝑎𝑡𝑖𝑜𝑛),
(𝑅𝑖𝑐ℎ𝑎𝑟𝑑 𝐹𝑒𝑦𝑛𝑚𝑎𝑛, 𝑎𝑓 𝑓 𝑖𝑙𝑖𝑎𝑡𝑖𝑜𝑛𝑂 𝑓 , 𝑃𝑟𝑖𝑛𝑐. 𝑈𝑛𝑖𝑣 .), and the shared
type triple for Richard Feynman. The resulting first-sight summary
for Q = {𝑄1, 𝑄2} and 𝜆 = 1 is the union of these six triples, shown
in light green in Figure 3.

Due to the modularity property, the algorithm is highly paral-
lelizable, as queries can be evaluated in parallel in order to construct
the FSS. However, we leave the exploration of the parallelization
aspect of our algorithm for future work.
Incremental Maintenance. Furthermore, the first-sight summary
(FSS) can be efficiently maintained over time as new queries arrive.
Thanks to the modularity of FSS construction (Lemma 1), each
query contributes an independent mini-graph to the summary, en-
abling incremental updates without requiring reconstruction from
scratch. When a new query appears in the log, LFS extracts its
WHERE clause, issues the corresponding CONSTRUCT query, re-
trieves up to 𝜆 results, and simply appends the resulting triples to
the existing summary. This preserves correctness by construction
and increases the summary size monotonically, consistent with
Lemma 2. Section 3.3 empirically confirms the efficiency of this
incremental behavior: as more queries are incorporated, both cov-
erage and first-answer latency improve smoothly.
Complexity. To identify the complexity of the algorithm, we
should first identify the complexity of its components. The algo-
rithm, in essence, should visit each query once, extract the where
clause, and execute the corresponding query. As query answer-
ing of BGP queries is NP-complete, the problem remains in that
complexity class. However, we have available really good query
engines able to provide answers to the corresponding queries in a
reasonable time (offline and without users waiting online), and our
algorithm is linear to the number of queries in the query log that
are needed for constructing the FSS.
Summary Size. Similarly, we can estimate the size of an FSS in
terms of triples, as in essence, the LFS algorithm introduces for

each one of the 𝑛 queries in Q𝑛 at worst 𝜆 times the mini-graph
induced by the triple patterns. Assuming that each query has 𝑇𝑎
triple patterns at most, then the size of the FSS is at most (𝑛 ×
𝜆 ×𝑇𝑎) triples. Of course, as many queries might include the same
triple, and most of the queries usually include less than 5 triples,
the summary size is expected to be relatively small, which is also
confirmed from our experiments (refer to Section 3.1).

2.2 The LFS-Budget-Greedy algorithm
To address the theoretical unbounded growth of 𝑛, we introduce
a hard budget 𝐵. Although this may yield an approximate FSS, our
strategy ensures the summary maintains 𝜆 answers per query with
high probability. In this direction, we formalize the construction
of approximate FSSs under a triple budget as an instance of the
well-known set cover problem (more specifically, a set multicover)
[14]. Let each query 𝑄𝑖 ∈ Q𝑛 have a set of sampled answers 𝐴𝑖 =

{𝑎𝑖1, 𝑎𝑖2, . . . , 𝑎𝑖𝑚𝑖
}, where each answer 𝑎𝑖 𝑗 ⊆ 𝐺 is a set of RDF

triples (i.e., a mini-graph). Let 𝑇 =
⋃︁

𝑖, 𝑗 𝑎𝑖 𝑗 be the set of all triples
appearing in any answer to any query. We define binary variables
𝑥𝑡 ∈ {0, 1} for each triple 𝑡 ∈ 𝑇 , where 𝑥𝑡 = 1 if 𝑡 is selected in FSS
and 0 otherwise. We also define binary indicator variables for each
answer 𝑎𝑖 𝑗 :

𝑦𝑖 𝑗 =

{︄
1 if all triples in 𝑎𝑖 𝑗 are included in FSS (𝑥𝑡 = 1, ∀𝑡 ∈ 𝑎𝑖 𝑗 ),
0 otherwise.

We now formulate the problem as follows:

Minimize
∑︂
𝑡 ∈𝑇

𝑥𝑡 (P2)

subject to
𝑚𝑖∑︂
𝑗=1

𝑦𝑖 𝑗 ≥ 𝜆, ∀𝑖 = 1, . . . , 𝑛, (1)

𝑦𝑖 𝑗 ≤ 𝑥𝑡 , ∀𝑖, 𝑗 and 𝑡 ∈ 𝑎𝑖 𝑗 , (2)
𝑥𝑡 ∈ {0, 1}, 𝑦𝑖 𝑗 ∈ {0, 1},∀𝑡 ∈ 𝑇, ∀𝑖, 𝑗 .

Constraint (1) ensures that for each query 𝑄𝑖 , at least 𝜆 of its
sampled answers are fully retained (i.e., all triples in those answers
are included). Constraint (2) enforces that an answer 𝑎𝑖 𝑗 can only
be marked as retained (𝑦𝑖 𝑗 = 1) if all of its constituent triples
are selected (𝑥𝑡 = 1 for all 𝑡 ∈ 𝑎𝑖 𝑗 ). This formulation captures
the semantic requirement that query answers must be preserved
in full (not partially), and provides a combinatorial foundation
for optimizing approximate FSS construction under a strict triple
budget. As we will demonstrate in Section 3.2, this budget-aware
approach not only respects strict triple constraints but also achieves
coverage (i.e., the percentage of queries that the approximate FSS
can answer with at least 𝜆 results -when such results exist) close to
the optimal, with onlymarginal performance loss even at aggressive
budget reductions.
Greedy Approximation Algorithm. A natural approach for ad-
dressing the aforementioned problem is a greedy heuristic that
iteratively picks triples to cover as many remaining query require-
ments as possible. In this direction, we present Algorithm 2. The
algorithm begins (line 1) by initializing the summary set and the
universe of all candidate triples. In lines 2–7, it processes each query
in the workload by initializing its answer set, required coverage
count, and extracting and executing an oversampled SPARQL query
to retrieve candidate answers. Each answer is stored along with
a coverage flag, and all encountered triples are accumulated into
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Algorithm 2 LFS-Budget-Greedy
Input: Q; 𝜆; 𝑆𝑃 ; 𝜅 is the total number of results to consider from each
query; the target summary size 𝐵.
Output: An approximate FSS for𝐺 , 𝜆 and𝑄 of size 𝐵.
1: 𝑆 ← ∅;𝑈 ← ∅
2: for all𝑄𝑖 ∈ Q do
3: 𝐴𝑖 ← ∅; 𝑟𝑖 ← 𝜆 ⊲ initialize answers & answer requirements
4: 𝑄 ′

𝑖
← construct(𝑄𝑖 , 𝜅 )

5: R𝑖 ← executeQuery(𝑄 ′
𝑖
, 𝑆𝑃 ) ⊲ Retrieve answers

6: for all results 𝑎𝑖 𝑗 ∈ R𝑖 do ⊲ Answer coverage indicators
7: 𝑦𝑖 𝑗 ← 0; 𝐴𝑖 ← 𝐴𝑖 ∪ {𝑎𝑖 𝑗 };𝑈 ← 𝑈 ∪ 𝑎𝑖 𝑗
8: while some 𝑟𝑖 > 0 and |𝑆 | < 𝐵 do
9: for all 𝑡 ∈ 𝑈 \ 𝑆 do
10: gain(𝑡 ) ← 0
11: for all queries𝑄𝑖 with 𝑟𝑖 > 0 do
12: for all 𝑎𝑖 𝑗 ∈ 𝐴𝑖 with 𝑦𝑖 𝑗 = 0 and 𝑡 ∈ 𝑎𝑖 𝑗 do
13: if 𝑎𝑖 𝑗 ⊆ 𝑆 ∪ {𝑡 } then gain(𝑡 ) ← gain(𝑡 ) + 1
14: Select 𝑡∗ ∈ 𝑈 \ 𝑆 with highest gain(𝑡 ) (break ties arbitrarily)
15: 𝑆 ← 𝑆 ∪ {𝑡∗}
16: for queries𝑄𝑖 with 𝑟𝑖 > 0 do
17: for all 𝑎𝑖 𝑗 ∈ 𝐴𝑖 such that 𝑦𝑖 𝑗 = 0 and 𝑎𝑖 𝑗 ⊆ 𝑆 do
18: 𝑦𝑖 𝑗 ← 1; 𝑟𝑖 ← 𝑟𝑖 − 1
19: return 𝑆

the candidate pool. The core greedy loop (lines 8–18) continues
as long as there are queries needing answers and the budget has
not been exhausted. For each triple not yet selected, the algorithm
computes a gain score reflecting how many new full answers that
triple could help complete. It then selects the triple with the highest
gain (line 14), adds it to the summary (line 15), and updates the
coverage status of answers and queries that are now satisfied (lines
16–18). Once all query requirements are met or the budget is used
up, the final summary is returned (line 19).

Example 3. Now consider Q1 from Example 2 and Q3
Q3. SELECT ?x WHERE { ?x rdf:type Person. ?x worksWith ?y.

?x affiliationOf <Princeton University >.}

Assume we invoke Algorithm 2 with 𝜆 = 1, 𝜅 = 2 and a triple
budget of 𝐵 = 5. The result CONSTRUCT queries retrieve the
following answers for 𝑄1:
𝑎11 = {𝑡1 = (John Arch. Wheeler , rdf:type , Professor),

𝑡2 = (Richard Feynman , rdf:type , Person),

𝑡3 = (John Arch. Wheeler , advisorOf , Richard Feynman )}

𝑎12 = {𝑡4 = (Albert Einstein , rdf:type , Professor),

𝑡6 = (Nathan Rosen , rdf:type , Person),

𝑡5 = (Albert Einstein , advisorOf , Nathan Rosen)}

For 𝑄3:
𝑎21 = {𝑡2 = (Richard Feynman , rdf:type , Person),

𝑡8 = (Richard Feynman , affiliationOf , Princ. Univ.),

𝑡9 = (Richard Feynman , worksWith , John Arch. Wheeler )}

𝑎22 = {𝑡6 = (Nathan Rosen , rdf:type , Person),

𝑡7 = (Nathan Rosen , affiliationOf , Princ. Univ.),

𝑡10 = (Nathan Rosen , worksWith , Albert Einstein )}

The candidate universe𝑈 consists of the triples 𝑡1–𝑡10 appearing
in the above answer-induced mini-graphs. The greedy process first
selects the shared high-gain triple 𝑡2, contributing to both 𝑎11 and
𝑎21. It then completes 𝑎21 by adding 𝑡8 and 𝑡9, satisfying𝑄2. Finally,
to satisfy𝑄1, the algorithm selects 𝑡3 and 𝑡1, exhausting the budget.

The resulting summary is 𝑆 = {𝑡1, 𝑡2, 𝑡3, 𝑡8, 𝑡9}, which satisfies both
queries by prioritizing high-utility shared triples.

By formulating the summary construction problem as a set mul-
ticover problem, we also gain formal performance guarantees. In
particular, the greedy strategy provides a tractable way to approxi-
mate the optimal summary size within a logarithmic factor.

Theorem 2 (Approximation Guarantee). Let OPT be the maximum
number of queries that can be covered under a budget 𝐵. Then the
greedy algorithm achieves:

CoveredQueries ≥
(︂
1 − 𝑒−𝐵/OPT𝑠𝑖𝑧𝑒

)︂
· OPT

where OPT𝑠𝑖𝑧𝑒 denotes the minimum number of triples required to
fully satisfy OPT queries.

Proof. (sketch) For the proof, the problem is modeled as a quota-
based coverage task, where each query must be fully satisfied (i.e., 𝜆
complete answers covered). At each greedy step, we select the triple
that maximizes the number of newly satisfied queries. By averaging
over the optimal solution, there always exists a triple contributing
at least a 1/𝑂𝑃𝑇𝑠𝑖𝑧𝑒 fraction of the remaining optimal coverage.
This leads to a recurrence showing exponential decay of the gap
to the optimum, which solves to the aforementioned bound, gen-
eralizing the classic analysis of greedy submodular maximization
under cardinality constraints [18]. ■

This triple bound improves over the classical (1 − 1/𝑒) as the
available budget 𝐵 becomes large relative to the cost of the optimal
solution. Intuitively, this theorem ensures that even though we
cannot compute the exact optimal set of triples under the budget
in a reasonable time, our greedy approach will always find a set
whose coverage is provably close to the best possible.

Example 4. For example, in our DBpedia workload with 𝜆 =

5, 𝜅 = 50, 𝐵 = 104, the optimal budget-constrained coverage of
the queries would require an exhaustive search over more than
1040 candidate triple subsets, which is computationally infeasible.
Theorem 2 guarantees that LFS-Budget-Greedy achieves a solution
within a provable factor of this unreachable optimum. In practice,
our experiments show (Fig. 8) that the achieved coverage is within
95–98% of the best coverage observed among all tested methods,
confirming that the theoretical bound translates into high-quality
summaries while keeping a reasonable runtime.

Budget Estimation. Similarly, we can estimate the required sum-
mary size 𝐵 that ensures, with high probability, that each query
𝑄𝑖 has at least 𝜆 of its sampled answers retained. We assume each
query𝑄𝑖 contributes a set𝐴𝑖 = {𝑎𝑖1, . . . , 𝑎𝑖𝜅 } of 𝜅 sampled answers,
where each 𝑎𝑖 𝑗 is a set of maximum 𝑇𝑎 triples. Our objective is to
retain at least 𝜆 fully-covered answers for each query. The total
number of sampled answer triples is at most 𝑛 × 𝜅 ×𝑇𝑎 . Let 𝑝 be
the probability that a randomly selected triple from the universe
of candidate triples 𝑇 contributes to the completion of a required
answer (i.e., it belongs to some 𝑎𝑖 𝑗 such that 𝑦𝑖 𝑗 = 0 and 𝑟𝑖 > 0).
Since each answer requires all of its 𝑇𝑎 triples to be included, we
assume that an answer is successfully covered only if all 𝑇𝑎 of its
triples are included in 𝑆 . The expected number of triple insertions
needed to cover one answer is approximately𝑚/𝑔̄, where 𝑔̄ is the
average gain per triple (i.e., number of uncovered answers it can
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help complete). Since the greedy strategy always selects the triple
with the maximum gain, we approximate:

𝐵 ≈ 𝜆 × 𝑛 × 𝑇𝑎

𝑔̄
.

In realistic graphs, 𝑔̄ ≥ 1 due to shared triples among answers
(e.g., entity types, affiliations), especially when variable bindings
overlap across queries. To make the estimation robust, we include
a safety factor 𝜌 > 1:

𝐵 ≈ 𝜌 × 𝜆 × 𝑛 · 𝑇𝑎
𝑔̄
.

The factor 𝜌 can be empirically tuned based on graph redundancy,
e.g., 𝜌 = 1.2 for graphs with moderate overlap, and 𝜌 = 2.0 in sparse
graphs with low triple reuse.

Example 5. In Example 3, each query has two answers of 𝑇𝑎 = 3
triples. Setting 𝜆 = 1, 𝑛 = 2, and assuming average gain 𝑔̄ ≈ 1.5, we
get: 𝐵 ≈ 1.5 · 2 · 3

1.5 = 6. As shown in the example, the greedy algo-
rithm succeeds with 𝐵 = 5, confirming that the estimation is slightly
conservative, which is desirable under uncertainty. This analysis
provides a principled way to anticipate resource requirements for
summary construction in budget-constrained environments.

Complexity. The complexity of the LFS-Budget-Greedy algorithm
is dominated by two main components: the preprocessing phase,
where each of the 𝑛 queries in the workload is executed against the
SPARQL endpoint to retrieve 𝜅 oversampled answers of at most
𝑇𝑎 triples each, and the greedy selection phase, where triples are
iteratively chosen to satisfy the 𝜆-coverage requirements under the
budget 𝐵. The preprocessing incurs a cost of 𝑂 (𝑛 · SPARQL(𝜅)),
where SPARQL(𝜅) denotes the cost of retrieving 𝜅 answers for a
BGP query. The greedy loop runs for at most 𝐵 iterations, and in
each iteration, it computes the gain of every remaining candidate
triple, requiring scanning all uncovered answers, yielding 𝑂 (𝐵 ·
|𝑈 | ·𝑛𝜅𝑇𝑎) time in the worst case, where𝑈 is the candidate universe
of triples. Consequently, the overall running time of LFS-Budget-
Greedy is 𝑂 (𝑛 · SPARQL(𝜅) + 𝐵 · |𝑈 | · 𝑛𝜅𝑇𝑎), with the SPARQL
executions typically dominating in practice, while space complexity
is 𝑂 (𝑛𝜅𝑇𝑎).
Incremental Maintenance. When the summary has already
reached the target budget 𝐵, new queries may still require addi-
tional triples in order to satisfy their 𝜆 required answers. In this
case, Algorithm 3 extends the summary incrementally by allowing
swaps between existing and newly discovered triples. After inte-
grating the new queries and their sampled answers (lines 1–6), the
algorithm recomputes for each query how many answers are cur-
rently covered by the existing summary (lines 7–12). In the greedy
improvement phase (lines 13–29), it selects a triple 𝑡+ ∉ 𝑆 with the
highest marginal gain (i.e., the number of additional answers that
would become covered if 𝑡+ were inserted; lines 14–19) and a triple
𝑡− ∈ 𝑆 with the smallest loss (i.e., the number of currently covered
answers that depend on 𝑡− ; lines 21–25). If the gain of inserting 𝑡+
exceeds the loss of removing 𝑡− , the algorithm performs a swap
while keeping |𝑆 | = 𝐵 (lines 26–29). Coverage is then updated ac-
cordingly (lines 28–33), and the process repeats until no beneficial
swap exists. In this way, the summary remains within the fixed
budget while continuously adapting to newly arrived queries by
evicting low-utility triples and incorporating higher-impact ones.

Algorithm 3 Incremental-LFS-Budget-Greedy with Eviction
Input: Summary 𝑆 (with |𝑆 | = 𝐵); existing candidate triple universe𝑈 ;
existing answer sets 𝐴𝑖 for past queries; Qnew ; 𝜆; 𝜅; 𝑆𝑃 ; 𝐵.
Output: An approximate FSS for𝐺 , 𝜆 and Q ∪ Qnew of size 𝐵.
1: for all𝑄𝑖 ∈ Qnew do ⊲ Phase 1: process only the new queries
2: 𝐴𝑖 ← ∅ ⊲ initialize answers for new query
3: 𝑄 ′

𝑖
← construct(𝑄𝑖 , 𝜅 )

4: R𝑖 ← executeQuery(𝑄 ′
𝑖
, 𝑆𝑃 ) ⊲ Retrieve answers

5: for all results 𝑎𝑖 𝑗 ∈ R𝑖 do
6: 𝐴𝑖 ← 𝐴𝑖 ∪ {𝑎𝑖 𝑗 }; 𝑈 ← 𝑈 ∪ 𝑎𝑖 𝑗
7: for all𝑄𝑖 do ⊲ Phase 2: recompute coverage for all queries
8: 𝑐𝑖 ← 0 ⊲ number of covered answers for𝑄𝑖

9: for all 𝑎𝑖 𝑗 ∈ 𝐴𝑖 do
10: if 𝑎𝑖 𝑗 ⊆ 𝑆 and 𝑐𝑖 < 𝜆 then 𝑦𝑖 𝑗 ← 1; 𝑐𝑖 ← 𝑐𝑖 + 1
11: else 𝑦𝑖 𝑗 ← 0
12: 𝑟𝑖 ← 𝜆 − 𝑐𝑖 ⊲ remaining answer requirements
13: while some 𝑟𝑖 > 0 do ⊲ Phase 3: greedy local improvement
14: for all 𝑡 ∈ 𝑈 \ 𝑆 do ⊲ compute gain
15: gain(𝑡 ) ← 0
16: for all queries𝑄𝑖 with 𝑟𝑖 > 0 do
17: for all 𝑎𝑖 𝑗 ∈ 𝐴𝑖 with 𝑦𝑖 𝑗 = 0 and 𝑡 ∈ 𝑎𝑖 𝑗 do
18: if 𝑎𝑖 𝑗 ⊆ 𝑆 ∪ {𝑡 } then gain(𝑡 ) ← gain(𝑡 ) + 1
19: Select 𝑡+ ∈ 𝑈 \ 𝑆 with highest gain(𝑡 )
20: if gain(𝑡+ ) = 0 then break ⊲ no triple improves coverage
21: for all 𝑡 ∈ 𝑆 do loss(𝑡 ) ← 0 ⊲ compute loss of removing 𝑡
22: for all queries𝑄𝑖 do
23: for all 𝑎𝑖 𝑗 ∈ 𝐴𝑖 with 𝑦𝑖 𝑗 = 1 do
24: for all 𝑡 ∈ 𝑎𝑖 𝑗 ∩ 𝑆 do loss(𝑡 ) ← loss(𝑡 ) + 1
25: Select 𝑡− ∈ 𝑆 with smallest loss(𝑡 )
26: if gain(𝑡+ ) ≤ loss(𝑡− ) then break ⊲ no beneficial swap under 𝐵
27: 𝑆 ← (𝑆 \ {𝑡− }) ∪ {𝑡+} ⊲ perform swap
28: for all𝑄𝑖 do ⊲ update coverage after swap
29: 𝑐𝑖 ← 0
30: for all 𝑎𝑖 𝑗 ∈ 𝐴𝑖 do
31: if 𝑎𝑖 𝑗 ⊆ 𝑆 and 𝑐𝑖 < 𝜆 then 𝑦𝑖 𝑗 ← 1; 𝑐𝑖 ← 𝑐𝑖 + 1
32: else 𝑦𝑖 𝑗 ← 0
33: 𝑟𝑖 ← 𝜆 − 𝑐𝑖
34: return 𝑆

In the incremental setting, only the newly arrived queries 𝑛𝑛𝑒𝑤
are issued against the endpoint, giving a preprocessing cost of
𝑂 (𝑛𝑛𝑒𝑤 · SPARQL(𝜅)). These queries contribute at most 𝑛𝑛𝑒𝑤𝜅𝑇𝑎
additional triples to the candidate universe 𝑈 . Since the sum-
mary already contains 𝐵 triples and eviction is allowed, each local-
improvement iteration performs both (i) a full recomputation of
gains for all triples in 𝑈 \ 𝑆 , costing 𝑂 ( |𝑈 | · 𝑛𝑛𝑒𝑤𝜅𝑇𝑎), and (ii) a
recomputation of losses for all triples in 𝑆 , costing𝑂 (𝐵 ·𝑛𝜅𝑇𝑎) over
the combined old and new workloads. At most 𝐵 swaps can be
performed under the fixed budget, leading to a total incremental
complexity of𝑂

(︂
𝑛𝑛𝑒𝑤 ·SPARQL(𝜅) + 𝐵 · ( |𝑈 | ·𝑛𝑛𝑒𝑤𝜅𝑇𝑎+𝐵 ·𝑛𝜅𝑇𝑎)

)︂
.

Construction Cost and Trade-offs. Although the construction
of the FSS requires issuing SPARQL queries for the workload, this
process is executed entirely offline and is linear in the workload
size. In practice, as shown in Section 3.1, even for real logs con-
taining tens of thousands of queries, construction completes on
commodity hardware within a few hours. Moreover, LFS provides
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multiple mechanisms that allow practitioners to trade construction
cost for summary size or accuracy. The parameter 𝜆 controls how
many results per query are materialized, while the oversampling
parameter 𝜅 in LFS-Budget-Greedy bounds the number of answers
retrieved, directly reducing endpoint load. The budget parameter 𝐵
enables the user to specify any target summary size, and the greedy
procedure guarantees high coverage even under aggressive budget
reductions. Finally, because FSSs are incrementally maintainable
(Section 3.3), only newly observed queries need to be processed as
logs evolve, avoiding recomputation from scratch. Together, these
mechanisms provide flexible and effective trade-offs for balancing
construction overhead and summary quality.

Sampling and Cost–Coverage Trade-offs. It is important to
note that neither LFS nor LFS-Budget-Greedy requires the process-
ing of the full results of the queries in the log. In LFS, each query is
evaluated with a LIMIT 𝜆 clause, and we only materialize up to 𝜆
answer graphs per query. In LFS-Budget-Greedy, we introduce an
oversampling parameter 𝜅 ≥ 𝜆 that bounds the number of answers
per query that are ever retrieved and used to populate the candidate
universe 𝑈 . As a result, the size of 𝑈 is at most 𝑛 × 𝜅 ×𝑇𝑎 triples
rather than the potentially much larger full result sets. This natu-
rally induces a trade-off between construction cost and coverage:
smaller 𝜅 reduces the offline query-execution time and memory
footprint but may miss some answers, whereas larger 𝜅 increases
the likelihood of selecting high-utility triples in the greedy phase.
In Section 4.2, we empirically study this trade-off and show that,
for our workloads, 𝜅 = 50 already achieves coverage very close to
that obtained with 𝜅 = 100 or 200, while keeping construction costs
significantly lower.

Forgetting and Summary Reduction. While the FSS can be
incrementally expanded as new queries arrive, long-running deploy-
ments may require the summary to adapt when storage budgets are
fixed, or when previously important regions of the graph become
less relevant. Our budget-aware formulation naturally supports
both offline and online forgetting. Offline forgetting is achieved
by reducing the target budget 𝐵 and reapplying the greedy con-
struction, which automatically retains high-utility triples while
discarding those that contribute little to satisfying the 𝜆 answer re-
quirements. In addition, Algorithm 3 provides an online forgetting
mechanism: when |𝑆 | = 𝐵 and new queries introduce higher-utility
triples, the algorithm evaluates local gain–loss trade-offs at the
answer level, evicting low-impact triples and inserting more infor-
mative ones while keeping the summary size fixed. This enables
the FSS to evolve over time in a cache-like manner, remaining com-
pact, adaptive, and aligned with the evolving workload, while more
sophisticated eviction heuristics remain an interesting direction for
future exploration.
Query answering using FSSs. In essence, the problem of gen-
erating an FSS is a specialization of the materialized view selec-
tion problem for conjunctive queries. Chirkova et al. [10] showed
that the problem of view materialization for conjunctive queries
is NP-complete, indicating that exhaustive solutions to the afore-
mentioned problem cannot be practically applied to large query
workloads. However, in our approach, we require that for each
query in the query workload only 𝜆 results be stored (when those
are available in the original graph), and we select all views to be
materialized as they only introduce minimal space overhead. In fact,

FSSs require only a hundred MBs, as we will show in the experimen-
tal section, which even commodity computers now have. On top of
that, using LFS-Budget-Greedy, we can further set specific budget
requirements, approximating the best quality FSS that respects the
given constraints. Further, we enjoy one additional and very sig-
nificant benefit in query answering. Instead of rewriting the input
queries to be answered by the views, in our case, no query rewriting
is required, and we can directly forward the queries to the FSS to be
answered. In fact, in FSS summaries, we can guarantee completeness
by construction, i.e., that all queries used for constructing the FSS
can be answered by the summary, returning the first few answers
to those queries.

3 EXPERIMENTAL EVALUATION
Implementation. All algorithms were developed using Python. A
local Virtuoso Triple Store was used for storing all datasets, whereas
the summaries were stored and queried using an RDFLib Simple-
Memory on the samemachine. The evaluation was performed using
a commodity computer, i.e., Windows 10 with an Intel® CoreTM i3
10100 CPU @ 3.60GHz (4 cores) and 16 GB RAM.
Datasets. For our experiments, we used three knowledge graphs,
i.e., YAGO, DBpedia andWikidata. YAGO [36] is a KG that augments
WordNet with common knowledge facts extracted from Wikidata,
converting WordNet from a primarily linguistic resource to a com-
mon knowledge base. YAGO has knowledge of more than 10 million
entities and contains more than 120 million triples about these enti-
ties. The query workload was provided by the YAGO endpoint and
consists of 30,000 queries. Then we use DBpedia [5], along with
the corresponding query workload. DBpedia aims to extract struc-
tured content from the information created in the Wikidata project.
It includes 9.5 billion RDF triples. The available query workload
acquired from the DBpedia endpoint is 16.3 MB, including 58,610
queries. Wikidata [41] is an open knowledge base that can be read
and edited by both humans and machines. Wikidata contains 100
million items, and 1.4 billion triples, covering many general topics
for knowledge exploration and data science applications. The query
workload was retrieved from [28] and includes 192,325 queries.

In some cases, the queries were syntactically wrong and were
removed. Further, several queries did not return results and were
also ignored. Removing aggregate and non-monotonic queries, in
addition, resulted in actually using 17,819 queries for YAGO, 30,800
queries for DBpedia, and 90,696 queries for Wikidata.
Metrics. We split the workload into 80% of the queries (14,255
queries for YAGO, 24,640 queries for DBpedia, and 72,556 queries
forWikidata) for constructing the first-sight summaries (for various
𝜆 and 𝐵), and we keep the remaining 20% for testing the summaries.
For evaluation, we use the following metrics:

Construction time. We evaluate the construction time for the
generation of the summary using the two algorithms.

FSS size. Further, we examine the space required for storing the
uncompressed version of the FSS.

Query answering efficiency. We measure query efficiency when
asking for the first answers. We contrast query efficiency when
users search for the first few answers from the original graph using
the LIMIT clause in their queries.
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Coverage. Further, for approximate summaries, we measure the
percentage of the queries that can return at least 𝜆 answers –when
they exist– from the summary.
Competitors. As we are the first to define the problem of generat-
ing exact and approximate FSSs, a direct competitor that returns the
first few answers to user queries does not exist. Nevertheless, we
compare our approach with SAGE [30], which, although it requires
a smart client, is able to return a first answer for input queries, as it
splits SPARQL execution into chunks of time, returning each time a
subset of the results. Further, we compare our approach with PING
[7], which is also able to answer progressively SPARQL queries,
where we base our evaluation of the first set of answers retrieved.

3.1 Evaluating construction time & size
Construction time. For warming up, we present the time needed
to construct summaries using both the LFS and the LFS-Budget-
Greedy (LFSB) using 80% of the queries of each dataset. The LFS
algorithm for each query has to extract the query mini-graph, exe-
cute the corresponding SPARQL query, and then extract the first
𝜆 results. As such, by far the dominant time is query execution.
We only present LFS for 𝜆 = 1, i.e., 1LFS, as the times for LFS for
𝜆 = 1, 5, 10 are exactly the same –we only keep more results for
the summary. The LFSB, on the other hand, first selects 𝜅 results
(𝜅 > 𝜆) and then uses the greedy loop to finally keep the ones with
the highest gain. As such, we present the LFSB for 𝜆 = 1, 5, 10 out
of 500 and 1000 results (𝜅 = 500, 100) and 𝐵=100% (for 𝐵<100% the
LFSB will have to search for fewer triples and will be faster).

The results are presented in Figure 4 (a, c, e). As shown, in
essence, the time required for constructing the summaries is the
time to query the endpoints with the corresponding LIMIT. As
expected, the cost of LFSB is higher than the cost of LFS since more
results are being retrieved and due to the greedy step in the sequel.
However, still in LFSB, the dominant times are the times to execute
the queries from the endpoints and fetch the results. Regarding the
LFSB, the more answers are retained (as 𝜆 increases), the larger the
execution time of the greedy step. Finally, we can see that the time
required for constructing the summaries is larger in the cases where
we have more queries to execute (14,255 queries for YAGO, 24,640
queries for DBpedia, and 72,556 queries for Wikidata). Nevertheless,
summary construction is a task that is usually executed once and
offline before starting to answer queries (in Section 3.3 we examine
incremental update as well), so the construction time, in essence,
does not affect the main purpose of summary construction, which
is to facilitate rapid retrieval of the first answers.
Size. Next, we present the size of the summaries generated by our
algorithms. The results are shown in Figure 4 (b, d, f). As the overall
size depends on the number of times the query mini-graphs are
instantiated, in essence, the size varies by the 𝜆. The summary size
is almost doubled when the 𝜆 is doubled, and this linear increase is
also expected theoretically (refer to Section 2.1). Now, when more
answers are sampled in the LFSB case, the algorithm retains the
answers with the triples with the maximum gain. The bigger the
sampling, the more chances that we find triples with bigger gain,
which in turn result in a slightly smaller size since those triples
cover more queries. Overall, the largest summary size of the three
reasonably big knowledge graphs used in our experiments is 205MB,

which can be stored in the main memory of commodity computers
(even of mobile phones ), introducing minimal requirements for
answering rapidly the first few answers of users’ queries.
Convergence. An interesting property of the incremental FSS
construction is that, in practice, the summary exhibits a clear ten-
dency toward stabilization as more queries are processed. Figure 4
(g) shows that the number of triples increases rapidly during the
early stages (e.g., up to 40–50% of the workload), but the rate of
growth drops sharply thereafter. For example, in DBpedia, the sum-
mary grows from 1,018 to 10,892 triples between 5% and 50% of
the workload, but only from 18,140 to 20,885 triples between 80%
and 100%. Wikidata and YAGO show the same pattern, with in-
creasingly small increments beyond 70–80% of the workload. This
diminishing-return effect suggests that the FSS gradually captures
the core, high-utility triples that recur across the workload, after
which additional queries contribute only limited new information.
These empirical results indicate that the FSS becomes increasingly
stable as the workload grows.

3.2 Train workload
LFS Query Efficiency. Next, we report query efficiency for return-
ing the first results when we execute the queries in the train set,
over our FSSs. The results are shown in Figure 4 (h). In the figure,
we present the time required for getting the first few answers from
our LFS summaries for 𝜆=10, 5, and 1. We also include the time re-
quired to do the same from the SPARQL endpoints using the LIMIT
clause. As shown in most cases, returning the first few answers
from the FSS is at least two orders of magnitude faster, showing the re-
markable benefits that our summaries enjoy. At worst, our summaries
return answers one order of magnitude faster than SPARQL endpoints
(Wikidata, YAGO 10LFS, DBpedia 10/5LFS), whereas at best our
summaries return answers three orders of magnitude faster (YAGO
5/1LFS, DBpedia 1LFS). As the 𝜆 is decreased, the summary size is
decreased as well, and this results in a decreased query execution
time as a smaller graph has to be searched, and fewer results should
be returned to the user.
LFSB Query Coverage. Next, we introduce a budget limitation,
as a percentage of the FSS size (from x1 to x0.2), to the generated
summaries, and we use LFSB. We present the cases for visiting
𝜅 = 50, 100, 200 results only for 𝜆 = 5 (summaries storing 5 results),
as results are similar for 𝜆 = 1, and 𝜆 = 10. The results are shown in
Figure 5. As shown, the more restrictive the budget, the more the
coverage drops, reaching around 55% for all three datasets when
we only keep 20% of the distinct triples for the summary. This
corresponds to 2,879 triples for YAGO, 7,560 triples for DBpedia,
and 23,653 triples for Wikidata, and is in line with our theoreti-
cal expectations. These results align with the logarithmic-factor
guarantee in Theorem 2. When the budget 𝐵 is reduced to just
20% of the full summary size, LFSB still preserves roughly half of
the query coverage. This slow drop in coverage is expected from
the (1 − 𝑒−𝐵/𝑂𝑃𝑇𝑠𝑖𝑧𝑒 ) bound, which predicts that greedy selection
retains a substantial fraction of the optimal coverage even under
tight budgets. The reason is that the gain-based triple prioritization
front-loads high-utility triples shared across many answers, so the
most coverage-critical information remains in the summary despite
aggressive pruning.
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Figure 4: Construction time and summary size for LFS and LFSB for YAGO (a, b), DBpedia (c, d) andWikidata (e, f). Convergence
results as more queries are processed (g), and query efficiency for the train queries (h).

Figure 5: Coverage for different budget fractions and 𝜅 values.

Figure 6: Time to retrieve 5 answers under budget limits.

LFSB Query Efficiency. Next, we identify how the budget affects
query efficiency for retrieving the 5 first five answers (if they exist)
when we have budget constraints. The results are shown in Figure 6.
For the queries that do not have all answers in the LFSB summary,
we resort to the SPARQL endpoint to retrieve all results, and the
corresponding execution time is shown in gray. As shown, the more
restrictive the budget constraint, the more queries we need to an-
swer through the SPARQL endpoints, and this leads to a significant
increase in total execution time. However, even with a 20% budget,
the combined execution time is two times faster than simply going
to the endpoints (refer to Figure 4h), showing the high benefits of
our approach. Further, we identify that visiting more triples (50,
100, or 200) essentially only marginally improves coverage and

improves efficiency. As such, for the rest of the experiments, we
stick to 𝜅 = 50 for 𝜆 = 5.

3.3 Test workload
Next, we focus on checking how our summaries can be used to
answer queries that appear in the test 20% part of the queries.
Coverage. First, we evaluate the coverage of the LFS summaries
for the various 𝜆. The results are shown in Figure 7 (left). We ob-
serve that the summaries already cover a large percentage of the
YAGO and Wikidata queries (85–93%), while coverage for DBpe-
dia stabilizes around 44–45%. This behavior is closely tied to the
structure of real SPARQL workloads, which are known to exhibit
strong repetition and overlap across queries [8]. In our datasets,
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Figure 7: Coverage (left) and query efficiency (right) on test queries over exact summaries.

Figure 8: Coverage (left) and query efficiency (right) on unknown queries over exact summaries.

Figure 9: Coverage (left) and query efficiency (right) on test queries over approximate summaries (5LFSB).

75% of the YAGO test queries, 40% of the DBpedia test queries,
and 75% of the Wikidata test queries also appear in the training
workload. However, the achieved coverage is significantly higher
than these repetition rates, indicating that the FSS does not only
benefit from exact query reuse (as in caching), but also from struc-
tural and answer-level overlap across different queries that target
similar regions of the KG. This provides empirical support for the
underlying assumption that future queries share information with
past workloads and explains why the summaries generalize well
beyond the exact queries used for their construction.
Efficiency. Next, we focus on identifying how coverage translates
into execution time, again resorting to SPARQL endpoints when
we cannot get the correct number of results from the FSS. The
results are shown in Figure 7 (right). For YAGO, using our sum-
maries, the first few answers to user queries are answered two
orders of magnitude faster than just going to the endpoints using
the LIMIT clause. Note that FSSs can answer 91-93% of the queries
here, but the remaining percentage requires double the time to be
answered. For DBpedia, in all cases, the query execution times are
one order of magnitude faster than directly going to the DBpedia
endpoint. Again, the dominant time is the time required by the
endpoint, whereas in this case, the FSSs can answer only 44-45%
of the queries. Finally, for Wikidata, again the total execution time
is one order of magnitude faster than going to the endpoints with

slight fluctuations based on the quality of the summary, whereas
the FSSs can cover 85-86% of the queries. Overall, in all cases, using
the FSSs is at least one order of magnitude faster than going to the
SPARQL endpoints, showing the promising results of our approach.
Unseen queries. Next, we evaluate the ability of LFS summaries
to generalize to unknown queries, i.e., queries not observed dur-
ing summary construction. Figure 8 reports the results. LFS shows
strong generalization to unseen workloads on YAGO and Wikidata,
where even small summaries answer a substantial fraction of un-
known queries. With 10LFS, coverage reaches about half of unseen
queries, and reducing the summary size leads only to moderate
degradation. In contrast, DBpedia achieves consistently low cover-
age across all settings, indicating higher structural diversity and
limited overlap between training and unseen queries. Execution-
time results further highlight the benefits of LFS when summaries
are applicable. For YAGO, the 56-58% of the queries answered from
the FSS are processed in 8s, compared to 160–113s at the endpoint,
yielding total improvements up to 20×. Similar trends are observed
for Wikidata: although FSS evaluation is more expensive due to
larger summaries, it remains substantially faster than endpoint
execution. DBpedia shows a different pattern: while FSS execution
is higher (from 7s to 101s) due to lower coverage, endpoint times
remain dominant (≈1600s), meaning that even partial coverage
translates into noticeable end-to-end latency reductions. Overall,
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these results demonstrate that LFS summaries retain strong gener-
alization capabilities for unknown queries, especially in datasets
with high structural regularity such as YAGO and Wikidata.
Introducing budget constraints. Next, we introduce budget con-
straints, and we visualize coverage and the impact on the combined
execution time. The results are shown in Figure 9. For YAGO and
Wikidata, coverage gradually drops to 48-49% when we only retain
20% of the triples in the summary, whereas in DBpedia the coverage
gradually drops from 44% to 34%. It is impressive that with only
20% of the triples of the full summary, we can still answer roughly
50% of the test queries still in YAGO and Wikidata. Translating this
into query execution time, we again see that the smaller summaries
lead to an increased execution time, as we need to resort to the end-
points for the queries which we cannot return the correct number
of answers. In all cases, however, using the summary is at least 40%
faster than going to the SPARQL endpoints.
Incremental Update. In the next experiment, we focus on the
incremental version of our algorithms. As such, we keep 20% of
the test queries, and we build an FSS for 10%, 50%, and 100% of the
train queries. We show the experiment for only 𝜆 = 10, which is the
largest summary due to a lack of space. The results are shown in Fig-
ure 10. The construction-time results show a clear and predictable
scaling behavior for both approaches as the workload grows incre-
mentally. Exact LFS exhibits near-linear growth with the number of
processed queries, confirming that summary construction is domi-
nated by issuing LIMIT queries to the endpoint and appending the
resulting mini-graphs. LFSB consistently requires more construc-
tion time at each increment due to the additional greedy selection
and eviction steps needed to enforce the budget constraint; how-
ever, this overhead remains proportional to the workload size and is
incurred entirely offline. Overall, both methods scale smoothly with
increasing history, while LFSB trades higher offline construction
cost for bounded summary size and improved long-term sustainabil-
ity under strict memory budgets. The incremental results highlight
a clear trade-off between coverage and execution time when com-
paring exact LFS with its budget-aware variant, LFSB. As more
training queries are incorporated, both methods exhibit monotonic
improvements in coverage and corresponding reductions in total
query execution time, confirming the effectiveness of workload
accumulation. Exact incremental LFS consistently achieves higher
coverage at each increment, which translates into fewer fallbacks
to the SPARQL endpoint and thus lower endpoint execution time,
particularly for YAGO and Wikidata. However, this comes at the
cost of growing summary size and increased in-memory query time.
In contrast, incremental LFSB enforces a fixed budget, resulting
in slightly lower coverage across all increments, especially under
tight budgets, but maintains bounded summary size and more sta-
ble FSS execution times. Despite the reduced coverage, LFSB still
yields substantial end-to-end latency improvements over endpoint-
only execution, and its coverage gap with LFS narrows as more
queries are processed due to the eviction-aware greedy updates
that prioritize high-utility triples. Overall, these results show that
LFS is preferable when memory is not a constraint and maximum
coverage is desired, whereas LFSB provides a robust and scalable
alternative for long-running systems operating under strict stor-
age budgets, preserving most of the latency benefits while offering
predictable resource usage.

Beyond Encyclopaedic KGs. In order to test our solution be-
yond encyclopaedic KGs, we focused next on the DrugBank [19], a
curated biomedical knowledge graph that integrates detailed infor-
mation on drugs, drug–target interactions, enzymes, transporters,
pathways, and associated diseases. We extracted 20K queries for
our experiment from LSQ [34]. We again split the queries into test/-
train (80/20), and we only present the results for the test queries.
The results are presented in Figure 11. As shown, LFS achieves
consistently high coverage across all summary sizes, indicating
strong generalization to test queries. 1LFS, covers 60% of unknown
queries, while 5LFS and 10LFS exhibit only marginally lower cov-
erage (0.59 and 0.58, respectively), showing that coverage remains
stable. In terms of execution time, summary-based combined exe-
cution (FSS) is around two times faster than endpoint evaluation.
Queries answered directly from the summary execute in 6–16 sec-
onds. Even when queries must partially fall back to the endpoint,
the use of LFS leads to substantial latency reductions, demonstrat-
ing that DrugBank strongly benefits from summary-based query
answering.
Comparison with baselines. Finally, we compare with SAGE
and PING. SAGE and PING are the only systems we were able to
identify that return a first answer to SPARQL queries. Although
SAGE requires a smart client in order to be able to run and does not
particularly address the FSS generation problem, it still, according to
the authors, highly improves the time for the first results. PING, on
the other hand, returns the answers to a given query progressively;
however, without allowing for the configuration of the number of
returned results in each step - we retain the results from the first
step here. We installed both systems on our machine and ensured
that they both exploit the full memory of the machine. We only
tested WikiData and DBpedia, as they were already pre-configured
for SAGE. In addition, we compare with the SPARQL endpoint
(using LIMIT 10) on the same machine, which corresponds to the
cold start (0% bars) of LFS, and LFSBwith a budget of 0.5x, for 𝜆 = 10.
Again, our summaries are constructed using 80% of the queries of
each dataset, and the results presented in Figure 12 concern the
rest 20% of the queries. The reported times for LFS/LFSB are the
total combined execution time of the queries.

For DBpedia, at 0% (cold start), LFS and LFSB resort to the end-
point for returning first answers (3,590s). SAGE and PING are faster
(2.093s and 1,953s).With 10% of the workload, LFS already overtakes
both baselines, whereas with 50%, LFS reaches 1,273s, 1.6× faster
than PING. With the full workload, LFS reaches 525s, giving a 4×
speedup over SAGE/PING. LFSB mirrors the trend but remains above
full-budget LFS. In the case of WikiData, the gains are even more
pronounced because of the high endpoint cost. At 0%, LFS/LFSB
resolve to the endpoints and require 11,843s. With 10% of the work-
load, LFS drops to 3,582s, outperforming both PING (7,054s) and
SAGE (10,722s). With 50% and 100% of the workload, LFS reaches
3,460s and 3,007s, giving 3.5× speedup over SAGE and 2.3× over PING.
LFSB improves similarly, being faster than both PING and SAGE
after 10%. Overall, LFS and LFSB are competitive with existing sys-
tems even under limited workload history and become substantially
faster as more queries are incorporated. This validates the central
idea: workload-derived first-sight summaries provide major latency
benefits at negligible storage cost, outperforming both SAGE and
PING even with modest logs.
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Figure 10: Construction time, coverage and query efficiency for the incremental versions.

Figure 11: Coverage and query execution for DrugBank

Figure 12: Query execution time for baselines, 10LFS and
10LFSB, as the number of processed queries increases.

4 RELATEDWORK
Several works aim to optimize response time over large online triple
stores, addressing quotas, timeouts, and high query latencies [3].
Query decomposition. A common approach decomposes queries
into smaller subqueries that can be executed within endpoint limits
and recombined client-side [4].While effective in avoiding timeouts,
this strategy requires a smart client and does not guarantee that all
subqueries will terminate efficiently.
Restricted SPARQL server approaches. Systems such as TPF
[40], SAGE [2, 30], and SmartKG [6] guarantee termination by
restricting the SPARQL fragment or execution model. These ap-
proaches shift significant processing to the client, often increasing
data transfer or client-side overhead, and may still delay first an-
swers. In contrast, our approach requires no smart client and returns
early answers directly from a precomputed summary.
Flexible and approximate query answering. Several methods
relax or approximate queries to improve responsiveness. RELAX
[15], preference-based approaches [11, 29], and APPROX [13] gener-
ate relaxed or alternative queries, while sampling-based techniques
[33] approximate aggregates. These methods trade accuracy for
speed, whereas we return exact answers without query relaxation
or approximation.
Progressive and top-𝑘 query processing. PING [7] progressively
returns answers by reducing intermediate results but provides no
guarantees on the size or feasibility of early answers. Top-𝑘 ap-
proaches [16, 17, 26, 42, 43, 46] focus on ranked retrieval using

specialized operators or indexes. In contrast, we aim to return any
𝜆 answers quickly, without ranking or query specialization.
Caching. Caching techniques store results or subqueries to acceler-
ate future executions [21, 25, 31, 35, 44, 45, 47]. These methods face
challenges in selection, eviction, and validity. Our approach differs
by retaining answer-supporting triples from processed queries in a
workload-driven summary: exact LFS grows monotonically with-
out eviction, while the budget-aware variant performs principled
gain–loss swaps at the triple level, ensuring fast delivery of the first
𝜆 answers under strict space constraints.
Exploratory search and KG exploration. Exploration systems
[23] such as SPARKLIS [12], X2Q [24], Re2xOLAP [22], and RDF
Explorer [37], focus on guiding users through large KGs via inter-
action and visualization. These systems do not address first-answer
latency, which is critical in early exploration. LFS is complementary,
enabling the retrieval of initial answers rapidly.

Overall, unlike existing approaches, LFS explicitly targets first-
answer latency by materializing only minimal, answer-supporting
subgraphs under a strict memory budget. To our knowledge, no
prior system constructs budget-aware mini-graphs directly from
query workloads to guarantee early availability of exact and ap-
proximate first answers.

5 CONCLUSIONS
We introduce first-sight summaries, compact semantic subgraphs
that enable low-latency retrieval of the first answers to SPARQL
queries. By combining ideas from materialized views and semantic
summaries, we construct budget-constrained subgraphs that fit in
main memory and can be queried directly. We propose two practical
construction algorithms, LFS and LFS-Budget-Greedy, and show
that both effectively reduce first-answer latency. Experiments on
YAGO, DBpedia, and Wikidata show linear construction time in
the query log size, modest storage requirements (as low as 205
MB), and substantial speedups—up to three orders of magnitude
for known queries and two for unseen queries—outperforming
relevant baselines. To our knowledge, this is the first approach
to achieve such benefits with low construction cost and minimal
storage overhead. Future directions include further compression,
support for aggregate and non-monotone queries, and fully online,
parallel construction methods for real-time summary updates.
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