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Abstract. Entity summarization aims to generate concise summaries
of entities by selecting a size-constrained subset of RDF triples from an
entity’s description. This process reduces cognitive overload and enables
users to comprehend the essential information more efficiently. Exist-
ing approaches mainly rely on supervised learning, which requires large
volumes of labeled data. To overcome these challenges, this study intro-
duces an extractive method using large language models (LLMs), termed
ToT4ES (Tree of Thought for Entity Summarization). ToT4ES is a
training-free framework leveraging the tree of thought strategy to produce
high-quality entity summaries without any task-specific fine-tuning. The
summarization task is decomposed into three complementary objectives:
relatedness, informativeness, and coverage/diversity. We employ a tree
search strategy to explore potential summaries. At each depth level, can-
didate partial summaries (states) are evaluated using an LLM-guided
heuristic score. This score is a weighted combination of our three objec-
tives. The search then prunes the tree to retain only the most promising
candidate summaries. The proposed approach is evaluated on the ESBM
benchmark (DBpedia, LinkedMDB) and the FACES datasets, considering
two summary size constraints (k = 5 and k = 10). Experimental results
indicate that ToT4ES outperforms existing unsupervised methods based
on F-measure. Notably, ToT4ES achieves a 20.3% relative improvement
on LinkedMDB. Our implementation, including source code and datasets,
is available at https://github.com/dice-group/ToT4ES.

Keywords: Entity Summarization · Large Language Models · Tree of
Thought

1 Introduction

The rapid expansion of knowledge graphs (KGs) across diverse domains, from
general ones like DBpedia to specific domains such as healthcare [1], education [12],
and finance [13], has led to a substantial increase in the volume of structured
data [11,21]. Consequently, the sheer amount of information linked to a single
entity can easily overwhelm users and hinder their ability to identify salient
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facts [23]. This challenge motivates the task of entity summarization, which aims
to select a compact and relevant subset of RDF triples that preserves essential
information while reducing cognitive load [16]. For instance, entity summarization
enables the RDF browser [5] to present a concise RDF representation of entities on
the web, facilitating user comprehension. Existing entity summarization methods
generally fall into two categories [18]: Unsupervised methods that rely on rigid,
hand-crafted heuristics [3,9,23,27], or supervised methods that require large
volumes of labeled training data, inherently limiting their transferability across
domains [6,7,19,31]. Furthermore, most traditional methods frame this task as a
simple "learning-to-rank" problem [10], evaluating and scoring triples in isolation
rather than considering the set-level coherence of the final summary. To overcome
these limitations, we formulate extractive entity summarization as a Tree-of-
Thought-guided, multi-trajectory subset search with iterative state expansion and
beam pruning under weighted semantic constraints. We introduce ToT4ES (Tree
of Thought for Entity Summarization), a training-free framework that uses the
reasoning abilities of Large Language Models (LLMs) to dynamically navigate the
summary search space. Specifically, ToT4ES formulates selection as a multi-step
Think-Branch-Summarize planning process. In contrast to standard beam search
for token-level sequence decoding, it maintains a beam of state trajectories over
candidate sub-summaries. The LLM acts both as generator (Think) and critic
(Summarize): Think/Branch propose and expand partial states, while Summarize
evaluates them along relatedness, informativeness, and coverage/diversity for
beam pruning. This tree-search framework prunes suboptimal paths and mitigates
greedy local traps, overcoming single-pass LLM rankings that score triples in
isolation and ignore cross-triple redundancy. This approach enforces strict size
bounds and aims to optimize the final triple subset jointly across relatedness,
informativeness, and coverage/diversity. Our results demonstrate that ToT4ES
consistently outperforms state-of-the-art unsupervised methods, achieving gains
of up to 20.3% in F-measure on the LinkedMDB dataset, while also surpassing
LLM baselines across five out of six benchmark settings. The main contributions
are summarized as follows:

– We introduce ToT4ES, a training-free framework that adapts LLMs through
a Tree of Thought search strategy for extractive entity summarization.

– We introduce a deliberative search process in ToT4ES that comprises three
functional components: Think (which encompasses three specific subtasks),
Branch, and Summarize. This process explicitly optimizes for key semantic
criteria, including relatedness, informativeness, and coverage/diversity.

– We provide an extensive empirical evaluation across three standard bench-
marks (DBpedia, LinkedMDB, and FACES), including an ablation study and
hyperparameter sensitivity analysis.

– The implementation is released as open-source code, including prompt fac-
tories and the modular search engine, to facilitate further research in LLM-
driven knowledge graph summarization.
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2 Related Work

Unsupervised Learning Entity Summarization. In unsupervised entity summa-
rization, methods typically rely on hand-crafted features—used individually or
in combination—such as relatedness (frequency and centrality), informativeness,
and diversity/coverage to select the RDF triples most relevant to an entity [18].
For instance, RELIN [3] ranks an entity’s triples by combining a random-surfer
relatedness centrality (weighted PageRank) with a corpus-based informativeness
measure, then selects the top k (e.g., k = [5, 10]) triples. Unlike RELIN, which
combines relatedness and informativeness features, LinkSUM [26] is relatedness-
oriented: it combines centrality features—such as PageRank—with backlink
signals for resource selection and uses property-frequency statistics for relation
selection. By contrast, FACES [9] explicitly incorporates diversity when selecting
facts for the entity summary. Furthermore, BAFREC [16] balances predicate
frequency and rarity by utilizing ontology-derived statistics to optimize related-
ness and informativeness. MPSUM [30] applies predicate-based matching and
Latent Dirichlet Allocation (LDA) topic modeling to identify thematically coher-
ent triples. KAFCA [33] employs Formal Concept Analysis to group concepts
and select representative facts. More recently, IRES [20] adopts graph neural
methods to model indirect relationships, leveraging multi-hop context to enhance
summarization. Collectively, these baselines illustrate complementary strategies
in frequency and rarity, topic structure, concept lattices, and relational reasoning,
providing a comparative framework for evaluating ToT4ES’s multi-dimensional,
search-based approach.

Supervised Entity Summarization. In contrast, recent supervised approaches
formulate entity summarization as a learning-to-rank problem and employ neural
models with learned embeddings to score triples. These models are trained on
labeled data (e.g., the ESBM benchmark [17] and FACES [9]) and then used
to select the highest-scoring subset as the entity summary. ESA [31] is the
first deep-learning approach to entity summarization, formulating the task as a
learning-to-rank problem with a BiLSTM and supervised attention. It encodes
predicates with learned embeddings, such as word2vec [2], and objects with
TransE [29] embeddings, consuming predicate–object pairs to score and rank
triples. Unlike ESA, DeepLENS [19] leverages a BiLSTM architecture with a
permutation-invariant, text-semantic model. It represents predicates and values
using pre-trained text embeddings (e.g., fastText [14]), encodes triples with a
multilayer perceptron (MLP), aggregates all triples in the entity description via
attention to obtain a context vector, and finally scores each candidate triple
with an MLP conditioned on that context. Furthermore, GATES [6] introduces
graph neural networks—specifically graph attention networks (GATs) [28]—to the
entity summarization task. By contrast, ESLM [7] leverages pretrained contextual
language models (e.g., BERT [4], ERNIE [25], T5 [24]) to encode triple text and
combines these representations with an attention mechanism and an MLP to
rank triples. While these supervised approaches advance the state of the art in
the entity summarization task, they rely on substantial amounts of labeled data.



4 Firmansyah et al.

This challenge becomes particularly pronounced when implementing such models
in new domains, leading to poor out-of-domain transferability and necessitating
costly relabeling efforts to adapt [20].

Language Model-Driven Entity Summarization The integration of language
models into entity summarization has substantially advanced the field by enabling
the capture of complex semantic patterns beyond those present in raw, structured
data. Early supervised extractive methods, such as ESA [31], DeepLENS [19], and
GATES [6], employed static word representations (e.g., word2vec [2], FastText [14],
and GloVe [22]) to enhanced triple embeddings. To address the limitations of
static embeddings, ESLM [7] introduced pre-trained encoder-decoder language
models that leverage T5 to capture deeper contextual dependencies. More recently,
in the abstractive domain, ANTS [8] utilized large language models (such as
GPT-4) to generate implicit, absent triples, thereby addressing informational
gaps and enriching the resulting summaries. While language models have mainly
dominated supervised and generative-abstractive pipelines, the present work
diverges from these approaches. Instead of relying on data-intensive supervision
or unconstrained text generation, ToT4ES introduces an unsupervised, training-
free framework that leverages LLM reasoning to dynamically select a semantically
coherent subset of factual triples. By shifting the task from data-driven pattern
matching to generalized semantic reasoning, this framework overcomes the data-
dependency bottleneck, thereby improving its transferability across different
domains without requiring retraining data labels.

3 Our Approach

3.1 Preliminaries

Let E , R, C, and L denote the sets of entities, relations, classes, and literals,
respectively. A KG is defined as a set of triples:

T ⊆ E ×R× (E ∪ C ∪ L), (1)

where each (s, r, o) ∈ T asserts that the relation r holds between the subject s
and the object o. Graph-theoretically, a KG is modeled as a directed, labeled
multi-graph [11]. In this graph, entities (E) and classes (C) serve as resource
nodes, relations represent labeled directed edges, and literals (L) function strictly
as terminal nodes with no outgoing edges.

Entity Description Each entity e ∈ E is associated with an entity description,
denoted by Desc(e, T ), which comprises the set of triples in T where e appears
as either the subject or the object. Formally, this set is defined as:

Desc(e, T ) = {(s, r, o) ∈ T | s = e ∨ o = e}. (2)
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Fig. 1: The architecture Tree of Thought for entity summarization (ToT4ES)

Entity Summarization Given an entity description Desc(e, T ), the task of
entity summarization is to generate an optimal summary [18], denoted by S∗

e .
Formally, we seek a candidate subset S ⊆ Desc(e, T ) that maximizes a quality
objective under a size constraint k:

S∗
e = find argmax

S⊆Desc(e,T )

score(S | T ), subject to |S| ≤ k. (3)

Here, score(S | T ) denotes the quality score of a candidate triple subset. In our
formulation, these scores are defined through a ranking objective that balances
factual entity-relatedness, factual informativeness, and structural coverage/diver-
sity.

3.2 The Architecture

Figure 1 illustrates the architecture of ToT4ES, which consists of three distinct
stages—Think, Branch, and Summarize. The model incrementally constructs the
final entity summary by adding one triple at each step. This process runs for at
most K steps, where the maximum summary length is Lmax = K. At each step
k ∈ {1, 2, . . . , Lmax}, one triple is selected from the remaining candidates.



6 Firmansyah et al.

Stage 1: Think (Candidate Generator) In the Think stage, the framework
generates candidate next-step expansions by querying three task-specific LLM
policies (Relatedness, Informativeness, and Coverage/Diversity), rather than a
single monolithic selector. Formally, we use a unified policy notation:

π(at | st−1,Desc(e, T )), (4)

where π is shorthand for the task-decomposed policies. At depth t, each policy
proposes an index from the feasible action set:

At = Idx(Desc(e, T ) \ st−1) . (5)

The three task-specific policies are:

πR(at | st−1,Desc(e, T )), πI(at | st−1,Desc(e, T )), πC(at | st−1,Desc(e, T )),

with at ∈ At.
Let St

R,St
I ,St

C ⊆ At denote the candidate sets sampled from (πR, πI , πC) at
depth t. Here, at is the discrete action of selecting one triple index at depth t.
Each policy conditions on: (i) the full description Desc(e, T ) (global context), (ii)
the current partial summary state (st−1), and (iii) a task-specific instructional
prompt.

The three semantic criteria are handled independently during candidate
generation:

– Relatedness (R): prioritizes triples that are central and semantically defining
for the entity.

– Informativeness (I): prioritizes specific, non-trivial facts while down-weighting
generic or high-frequency predicates.

– Coverage/Diversity (C): prioritizes triples that add novel facets and reduce
redundancy with (st−1).

Box 3.2 provides a streamlined excerpt of the evaluation prompt for the entity
Adele. This structure forces the LLM to ground its candidate selection in predicate
frequency and value specificity rather than generic text generation.

Example: Instructional Prompt Structure for Candidate Generation
(Relatedness Domain)

Role: You are evaluating triples for RELATEDNESS to the entity.
Target Entity: Adele
Relatedness Definition:
1. Centrality: Uses core/frequent predicates that define entity types.

State Trajectory Input: [Already Selected: None] → [Remaining Candidates:
1. birthPlace: London, 2. genre: pop, . . . ]
Task Constraint: Select ONE triple index that is MOST RELATED/CEN-
TRAL to the entity.



ToT4ES: Tree of Thought for Entity Summarization 7

The output of this stage is the sampled candidate sets St
R,St

I ,St
C (valid unseen

indices), and their merged representation Ãt, where

Ãt = St
R ∪ St

I ∪ St
C , Ãt ⊆ At.

The merged set Ãt is passed to the next stage.

Stage 2: Branch (Search Paths) The Branch stage shifts summarization
from a linear selection process to multi-path tree exploration. It takes candidate
index proposals Ãt from the Think stage and instantiates competing summary
trajectories. Given a parent node st−1 and the proposed action set, the algorithm
generates distinct successor nodes:

{s1t , s2t , . . . , s
Nt
t }, Nt ≤ |Ãt|. (6)

Here, Nt denotes the number of feasible triple transitions actually instantiated
at depth t (after validity and duplicate filtering). Each successor appends exactly
one candidate triple index from Ãt to the parent state. The branch expansion at
depth t yields a frontier of feasible partial summaries,

Ft = {s1t , s2t , . . . , s
Nt
t }.

Stage 3: Summarize (Scoring and Pruning)

Scoring. After generating alternative candidate paths Ft, the framework applies
a heuristic value function, denoted VM(s), to convert the qualitative attributes of
each partial summary state s to a scalar utility score. While both Stage 1 (Think)
and this scoring component rely on the same three dimensions, they use them
differently. Think (Stage 1) performs a local, per-triple decision: it evaluates each
unselected triple with respect to the current state and processes the next best
addition. Summarize (Stage 3), by contrast, is a global evaluator: it scores the
entire partial summary after the triples have been assembled.

To achieve fine-grained calibration, the system provides the LLM with the
state’s accumulated triples and the entity description Desc(e, T ). The LLM
acts as an analytical evaluator, scoring the trajectory across three independent
semantic dimensions: R(s) (Relatedness), I(s) (Informativeness), and C(s) (Cov-
erage/diversity). The composite scalar utility of the state is then computed as a
weighted linear combination:

VM(s) = wrR(s) + wiI(s) + wcC(s) (7)

where wr, wi, and wc represent weights that determine the specific behavioral
emphasis of the summarizer.
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Prune (Beam Search Control). The final phase of each search cycle enforces search
control through a dedicated Prune process. As the pool of open branches grows
with depth, the framework applies a beam-search pruning operator to globally
evaluate and rank all active candidates. At each search depth t, the operator
merges the newly generated branches across the entire active frontier, evaluates
them through the critic VM(s), and discards low-utility branches according to a
depth-dependent beam width:

St = ΦBt
(Ft), Ft =

⋃
s∈St−1

Branch
(
s, Ãt(s)

)
, (8)

where Bt = 3 for intermediate steps (t < K) and Bt = 1 at the final step (t = K).
Thus, intermediate steps retain the top Bt highest-scoring partial trajectories,
while the final step retains only the single best complete trajectory among the
surviving candidates.

Following pruning, a conditional check in the breadth-first search loop deter-
mines the subsequent action. If t < K, the updated active frontier St is fed back
into the Stage 1 Think policy for further expansion. If t = K, the loop terminates
and returns the highest-scoring surviving complete trajectory as the final output
entity summary S∗

e .

4 Experiment

In our experiments, we answer the following research questions:

RQ1: To what extent does a Tree of Thought strategy improve entity summa-
rization quality?

RQ2: How do the individual components of ToT4ES—specifically the thought
policy, branching strategy, and the three semantic dimensions (relatedness,
informativeness, and coverage)—contribute to the overall summarization
performance?

4.1 Datasets

To evaluate ToT4ES, we use two existing benchmarks: ESBM version 1.2 [17]
and FACES [9]. Table 1 shows that ESBM comprises two subsets derived from
DBpedia and LinkedMDB. The DBpedia subset represents general domains, such
as agents, events, locations, species, and works, whereas LinkedMDB subset
focuses on specific domains, such as films and people. Consistent with prior
studies, we select 125 target entities from the DBpedia subset (comprising 2,721
entities and 4,436 relations) and 50 target entities from LinkedMDB subset
(comprising 1,853 entities and 2,148 relations) for experimentation. Furthermore,
FACES includes 50 target entities from DBpedia spanning diverse domains,
such as persons, politicians, TV shows, songs, and universities. Overall, FACES
contains 1,379 entities and 2,152 relations.
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Table 1: Statistics for ESBM (DBpedia and LMDB) and FACES datasets.
Metric DBpedia (ESBM) LMDB (ESBM) FACES
Entities (|V|) 2 721 1 853 1 379
Relations (|E|) 4 436 2 148 2 152
Target Entities 125 50 50

4.2 Evaluation Protocol

To assess the quality of the generated entity summaries (Sm), we use F-measure
(F1-score), a standard metric in entity summarization [18]. This metric provides
a balanced evaluation by calculating the harmonic mean of Precision (P ) and
Recall (R) with respect to a "ground truth" (Sh) set of triples selected by human
experts. The F-measure is formally defined as follows:

F-measure =
2.P.R

P +R
, where P =

|Sm ∩ Sh|
|Sm|

, R =
|Sm ∩ Sh|

|Sh|
,

4.3 Baselines

In this study, we evaluate our approach against state-of-the-art unsupervised
learning models.

– RELIN [3] adopts a random-surfer–based ranking scheme that integrates a
centrality-oriented relatedness measure with statistical informativeness over
description elements, producing concise entity summaries.

– BAFREC [16] balances frequency and rarity across entity properties, rather
than merely selecting common concepts. It groups facts into distinct cate-
gories, scoring each via tailored metrics favoring rarity for type information
(preferring specific concepts) and general popularity for remaining facts.

– MPSUM [30] extends probabilistic topic models (e.g., LDA) by incorporat-
ing predicate uniqueness and object importance for triple ranking, thereby
generating concise, representative entity summaries.

– KAFCA [33] uses non-incremental Formal Concept Analysis for entity
summarization. It ranks RDF triples via formal concept scores but requires
complete summary recomputation upon arrival of new descriptions.

– IRES [20] explicitly exploits indirect relationships (e.g., second-hop neigh-
bors) to derive compact, expressive entity descriptions. Grounded in graph-
theoretical principles, it overcomes limitations of traditional first-hop-exclusive
approaches.

– Zero-shot LLM [15]. This baseline adopts a direct single-pass prompting
strategy, where the LLM is given the candidate RDF triples of an entity and
asked to select exactly k triples that best satisfy three summarization criteria:
relatedness, informativeness, and coverage/diversity.

– Chain of Thought (CoT) LLM [32]. This baseline uses the same candidate
triples and the same summarization criteria as the Zero-shot LLM baseline,
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namely relatedness, informativeness, and coverage/diversity. The difference
is that, instead of directly selecting the summary triples in a single pass,
the LLM is encouraged to perform explicit step-by-step reasoning over these
criteria before producing the final subset of k triples.

Supervised methods such as ESA and ESLM are excluded from these com-
parisons because they require extensive human-labeled training data, whereas
ToT4ES operates in a fully training-free setting. To ensure a fair comparison,
ToT4ES is evaluated against standard LLM baselines using the same underlying
LLM backbone and decoding parameters. Results for traditional unsupervised
baselines (eg, RELIN, BAFREC) are reported directly from the benchmark
publications [17] and their respective original papers (eg, IRES [20]), while
all LLM-based baselines and ToT4ES variants were evaluated under identical
experimental settings on the ESBM benchmark and FACES datasets.

4.4 Experimental Settings

LLM Settings. We evaluate ToT4ES using two open-source, instruction-tuned
LLMs families: LLaMA1 and Qwen2. These models are treated as frozen black
boxes accessed only through direct prompting. During thought generation, we
systematically investigate the use of temperatures within the range [0.0, 0.9], while
setting the temperature to 0.3 during the evaluation. In addition, during search,
invalid indices (outside the valid range [1, Ntriples]), out-of-range responses, and
duplicate triple selection are automatically discarded.

Hyperparameter Settings. Given all triples of an entity, the Tree-of-Thought
search grows candidate summaries for up to K ∈ {5, 10} steps. At each step,
the thinking policy consists of three task-specific LLM queries — one each for
relatedness, informativeness, and diversity — each proposing up to N ′ = 3
candidate triple indices. Invalid indices (outside the valid range), duplicates,
and out-of-range responses are automatically discarded, yielding approximately
N = 9 total valid candidates per step (or fewer when invalid). The branching
module applies beam pruning with a beam width of B = 3 at intermediate steps
and B = 1 at the final step (K). The summarizing component then scores all
candidate states using a weighted function (wr, wi, wc) that aggregates three
semantic dimensions: relatedness, informativeness, and coverage. To maintain a
strictly training-free and dataset-agnostic setup, we adopt fixed global weights
(i.e., wr = 0.4, wi = 0.4, wc = 0.2) across all benchmark datasets without dataset-
specific hyperparameter tuning.

Prompting Design for Summarize Component. The prompt for the Summarize
component is designed to evaluate and score competing partial summaries gener-
ated during the search process. Following the candidate extraction in the Think
1 https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
2 Qwen/Qwen3-Coder-30B-A3B-Instruct

https://huggingface.co/meta-llama/Llama-3.1-8B-Instruct
Qwen/Qwen3-Coder-30B-A3B-Instruct
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stage and the generation of alternative paths in the Branch phase, the Summarize
module acts as a critic. It scores and ranks these partial summaries, enabling the
framework to perform beam-search pruning and retain only the most promising
summary trajectories. The structure of the prompt is as follows:

The template instructional prompt for summarize component

You are evaluating RDF triple summaries for the entity:

Entity: {entity_label}

Each candidate summary is a set of triples about this entity. You must rate
each summary on:
- relatedness (0.0–1.0): how central and relevant the selected triples are to
the entity. Emphasize triple_centrality and how core the predicates and
values are to describing this entity.
- informativeness (0.0–1.0): how much important, non-trivial information
the summary contains. Emphasize low freq_property and freq_value (rarer
facts are more informative) and higher type_depth (more specific / deeper
ontological types).
- coverage (0.0–1.0): how diverse and comprehensive the summary is
across different aspects (types, roles, locations, time, etc.) while avoiding
redundancy. Prefer summaries whose triples use different predicates/entity
roles and whose values are not too similar.

5 Results and Discussion

5.1 Comparison of Performance Among State-of-the-Art Models
(RQ1)

The results presented in Table 2 demonstrate that ToT4ES consistently outper-
forms both traditional baseline models (such as RELIN, IRES) and LLM baseline
methods (Zero-shot, CoT) across all benchmarks, including DBpedia, Linked-
MDB, and FACES datasets. A notable performance gap is observed between
ToT4ES and LLM baseline methods. The Zero-shot LLM yields competitive
results on the top k = 5, outperforming other approaches on FACES with an
F-measure of 0.252. Incorporating reasoning steps through CoT LLM degrades
performance below Zero-shot LLM across all datasets. Nevertheless, ToT4ES
yields superior performance across nearly all benchmark settings. On DBpedia
(k = 5) and FACES (k = 10), ToT4ES slightly outperforms the Zero-shot LLM
baseline, while achieving significant improvement across DBpedia (k = 10) and
the LinkedMDB (k = 5, 10), achieving F-measures of 0.573, 0.421, and 0.478,
respectively. Our findings demonstrate that ToT4ES consistently satisfies length
constraints (e.g., k = 5, 10), whereas LLM baselines frequently output incomplete
or empty summaries. In particular, Chain-of-Thought (CoT) prompting fails to
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Table 2: Performance evaluation (F -measure) of ToT4ES against baseline models
on ESBM benchmark datasets (higher is better). Baseline scores of unsupervised
methods for DBpedia and LinkedMDB are imported directly from canonical
ESBM literature [17], whereas FACES scores are locally reproduced. Bold text
indicates the best score among unsupervised/LLM training-free methods, and
underlined scores represent the runner-up. (▲) denotes statistically significant
improvement over the runner-up baseline (p < 0.05, paired two-tailed Wilcoxon
signed-rank test).

DBpedia LinkedMDB FACES

Model k=5 k=10 k=5 k=10 k=5 k=10

RELIN 0.242 0.455 0.203 0.258 0.114 0.254
MPSUM 0.314 0.512 0.272 0.423 0.152 0.286
BAPREC 0.335 0.503 0.360 0.402 0.131 0.258
KAFCA 0.314 0.509 0.244 0.397 0.122 0.298
IRES 0.327 0.540 0.350 0.445 0.128 0.265

Zero-shot LLM 0.371 0.531 0.306 0.353 0.252 0.304
Chain of Thought (CoT) LLM 0.246 0.504 0.277 0.339 0.227 0.191

TOT4ES (our) 0.374 0.573▲ 0.421▲ 0.478▲ 0.212 0.329

generate valid summaries in up to 42% of evaluation cases on the FACES dataset
(k = 10), severely degrading overall performance.

Compared to traditional baseline models, the superior improvement is mainly
due to the tree-of-thought framework embedded in ToT4ES occurring in the
LinkedMDB dataset, where it increases by approximately 20% at k = 5 compared
to IRES. This architecture replaces traditional ranking-based selection with a
multi-step deliberative search. By maintaining a beam of candidate states and
evaluating them against three semantic dimensions—relatedness, informativeness,
and coverage/diversity—the model captures the global context of an entity rather
than merely selecting isolated triples. As a result, the generated summaries are
more coherent and representative of an entity’s diverse facets. The robustness
of ToT4ES is further evidenced by its consistent performance across three
distinct knowledge domains. On DBpedia, as a general-purpose knowledge base
that often contains generic or redundant triples. ToT4ES achieves the highest
F-measure (0.374 and 0.573) at k = 5 and k = 10, respectively. In LinkedMDB,
this movie-centric dataset is characterized by dense relational interconnections,
such as actor-director-film links. The substantial performance gap exceeds the
nearest baseline (IRES) by over 0.07 at k = 5. Finally, on the FACES dataset,
ToT4ES maintains a statistically significant lead across all unsupervised baselines
for both summary lengths. By leveraging LLM reasoning within a structured
search process, ToT4ES maintains high summary quality even under strict size
constraints, positioning ToT4ES as the state-of-the-art method for unsupervised
entity summarization.
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Table 3: Impact of LLM temperature settings on ToT4ES performance, evaluated
based on F-measure on benchmarks (higher is better).

DBpedia LinkedMDB FACES

Model k=5 k=10 k=5 k=10 k=5 k=10

ToT4ES (Temperature = 0.0) 0.335 0.527 0.413 0.463 0.202 0.311
ToT4ES (Temperature = 0.3) 0.339 0.522 0.412 0.478 0.203 0.312
ToT4ES (Temperature = 0.5) 0.336 0.512 0.396 0.474 0.196 0.324
ToT4ES (Temperature = 0.7) 0.337 0.509 0.413 0.467 0.198 0.317
ToT4ES (Temperature = 0.8) 0.374 0.573 0.421 0.478 0.212 0.329
ToT4ES (Temperature = 0.9) 0.330 0.518 0.418 0.467 0.205 0.313

5.2 Hyperparameter Sensitivity Analysis

Effect of LLM Decoding Temperature A systematic sensitivity analysis of
the ToT4ES framework was conducted using Qwen3-Coder-30B-A3B-Instruct
backbone across a temperature range of [0.0, 0.9]. The results, summarized in
Table 3, show that ToT4ES is robust to variations in decoding stochasticity.
For general entities in DBpedia, a temperature of 0.8 achieved the peak F-
measure of 0.374 and 0.573 for k = 5 and k = 10, respectively. This setting
also benefited LinkedMDB and FACES by encouraging exploration; specifically,
Temperature = 0.8 yielded the highest F-measure for both LinkedMDB (0.421)
and FACES (0.212) at k = 5, as well as LinkedMDB (0.478) and FACES (0.329)
at k = 10

These findings support the intended design of the Tree of Thought architecture.
The framework functions as a synergistic mechanism for exploration and pruning.
Higher temperatures encourage the "Thinking" stage to propose non-obvious or
highly specific candidate triples, while the "Summarizing" (Critic) component
effectively prunes low-utility noise. This approach enables the system to leverage
LLM creativity for discovery while maintaining the factual rigor necessary for
concise entity summarization.

5.3 Ablation Study (RQ2)

Comparison ToT4ES using Different LLMs Table 4 presents the per-
formance of ToT4ES when evaluated with different LLM backbones. The re-
sults demonstrate that while the framework is model-agnostic, its selection
fidelity scales positively with the model’s reasoning capacity and parameter size.
The larger Qwen3-Coder-30B-A3B-Instruct variant consistently outperforms
Llama-3.1-8B-Instruct across all three datasets and both summary lengths
(k = 5, 10). The performance advantage is most pronounced on DBpedia and
LinkedMDB, where switching to the 30B model yields absoluteF -measure in-
creases of up to 0.094 (on DBpedia at k = 10) and 0.078 (on LinkedMDB at
k = 5). These gains indicate that stronger reasoning capabilities in the thought-
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Table 4: Average F-measure across benchmarks (higher is better).
DBpedia LinkedMDB FACES

Model k=5 k=10 k=5 k=10 k=5 k=10

Llama-3.1-8B-Instruct 0.307 0.479 0.343 0.427 0.202 0.314
Qwen3-Coder-30B-A3B-Instruct 0.374 0.573 0.421 0.478 0.212 0.329

generation and heuristic evaluation steps enable the search process to prune
suboptimal candidate branches more effectively.

Comparison ToT4ES Component Contribution We conducted an ex-
tensive ablation study to evaluate the individual contributions of the modular
components within the ToT4ES framework, comparing the full pipeline against
seven constrained scenarios: (i) No Branching (Greedy, B = 1), (ii) Relatedness
(R) Only, (iii) Informativeness (I) Only, (iv) Coverage (C) Only, (v) Relatedness
& Informativeness (R & I), (vi) Relatedness & Coverage (R & C), and (vii)
ToT4ES without LLM scoring on Stage 3 (Summarize). The results in Table 5
demonstrate that each evaluation dimension provides an indispensable heuristic
signal, as disabling any single objective leads to a consistent performance drop
across all datasets. In isolation, omitting Coverage (C(s)) causes the model to
select semantically redundant triples, whereas removing Informativeness (I(s))
allows generic, non-discriminative facts to pass through.

Several critical insights regarding the framework’s architecture: The "ToT4ES
(No Branch)" variant represents a purely greedy approach where the beam width
is set to B = 1, retaining only the single highest-scoring state at each step. While
this greedy baseline performs surprisingly well on DBpedia (0.340 at k = 5), it is
generally inferior on FACES dataset.

On DBpedia, the Full Pipeline achieves optimal performance at k = 10 (0.573).
Under strict budget constraints at k = 5, C Only (0.359) outperforms both R Only
(0.341) and I Only (0.333), while eliminating LLM-based scoring entirely results
in the lowest performance (0.258). These results suggest that, for general-purpose
entities in DBpedia, the Coverage/Diversity dimension effectively captures the
necessary mix of high-salience taxonomic facts when the size constraint is limited.
In contrast, Coverage alone demonstrates significant limitations on LinkedMDB,
achieving only 0.289 at k = 5, which demonstrates that the integration of all
three dimensions is essential for balanced performance across diverse knowledge
domains.

The most notable result appears in the FACES dataset at k = 10, where I-only
(0.329) surpasses the Full Pipeline (0.318). This counterintuitive result—where
a single dimension outperforms its combination—validates the key observation:
the optimal utility function is highly sensitive to the topological and thematic
structure of the KG. On sparse, high-dimensional entity graphs like FACES,
Informativeness alone proves sufficient and even advantageous, suggesting that
for entities with diverse but focused facets, specificity matters more than breadth.
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Table 5: Average F-measure across benchmarks (higher is better).
DBpedia LinkedMDB FACES

Model k=5 k=10 k=5 k=10 k=5 k=10

ToT4ES (Full Pipeline) 0.374 0.573 0.421 0.478 0.212 0.318
ToT4ES (No Branch) 0.340 0.511 0.418 0.484 0.206 0.315
ToT4ES (R Only) 0.341 0.518 0.406 0.467 0.207 0.306
ToT4ES (I Only) 0.333 0.514 0.413 0.469 0.194 0.329
ToT4ES (C Only) 0.359 0.539 0.289 0.407 0.195 0.317
ToT4ES (R & I) 0.327 0.510 0.302 0.416 0.186 0.320
ToT4ES (R & C) 0.337 0.518 0.320 0.409 0.197 0.313
ToT4ES (Without LLM Scoring) 0.258 0.422 0.246 0.380 0.156 0.277

The pairwise combined metrics (R & I, R & C) generally exhibit suboptimal
performance on DBpedia and LinkedMDB, frequently underperforming compared
to single-objective evaluations due to heuristic interference when the balancing
third dimension is omitted. Notably, R & I attains a score of 0.320 on FACES at
k = 10, marginally surpassing the Full Pipeline (0.318). These results indicate
that, in high-dimensional graphs, two well-aligned dimensions can capture essen-
tial structural information without the dilution caused by competing diversity
constraints. Overall, the Full Pipeline consistently outperforms alternative vari-
ants across nearly all settings, demonstrating that multi-dimensional heuristic
synergy is essential for training-free, generalizable entity summarization.

Limitation. ToT4ES operates more slowly than traditional unsupervised
methods because it repeatedly invokes an LLM during the search process. The
computational cost scales with the summary budget k. In the task-decomposed
variant, each step may require three candidate-generation calls, in addition
to multiple evaluations, resulting in significantly higher costs than lightweight
baselines.

6 Conclusion and Future Work

We introduce ToT4ES, a framework that formulates entity summarization as a
deliberative search process powered by LLMs. By moving beyond traditional rank-
and-pick extractive methods toward a Tree of Thought architecture, this approach
enables more nuanced reasoning about an entity’s semantic identity. The Think,
Branch, and Summarize modules allow the system to explicitly optimize for
relatedness, informativeness, and coverage. Experimental results across DBpedia,
LinkedMDB, and FACES demonstrate strong performance, with particularly
notable gains on LinkedMDB, where broader context appears to be important.
These findings indicate that structured LLM reasoning offers a viable training-
free alternative, addressing the rigidity of isolated unsupervised heuristics while
offering greater domain transferability than data-intensive supervised models.
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Future work will focus on reducing LLM inference cost through adaptive
branching and fewer evaluation calls, improving robustness with dataset-aware
or learned weighting of semantic dimensions, and extending the framework
to additional benchmarks and domains. Another promising direction is the
incorporation of automatic prompt optimization and human evaluation to better
study summary quality, factuality, and diversity.
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