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Abstract
While prior work in Information Extraction (IE) has focused on extracting information from either textual content or
tables in isolation, they miss critical information that emerges only from their interplay. Indeed, tables may summarize
facts that are sparse in the text, while text can disambiguate or elaborate on table entries. This complementarity may
take the form of relations which are expressed across text and tables. In this context, we are interested in extracting
such relations whose expression spans the two modalities. We propose this original task for which no reference
evaluation corpora exists. Thus, we created ReTaT, a dataset that can be used to train and evaluate systems for
extracting such relations. This dataset is composed of (table, surrounding text) pairs extracted from Wikipedia
pages and has been manually annotated with relation triples. ReTaT is organized in three subsets with distinct
characteristics: domain (business, telecommunication and female celebrities), size (from 50 to 255 pairs), language
(English vs French), type of relations (data vs object properties), close vs open list of relation, size of the surrounding
text (paragraph vs full page). We then assessed its quality and suitability for the joint table-text relation extraction
task using Large Language Models (LLMs), at a time when LLMs have demonstrated their ability to extract relations
from either text or tables in isolation.

Keywords: Relation extraction, Large Language Models, Information Extraction, Text-Table complementar-
ity

1. Introduction

While documents may contain tables with associ-
ated paragraphs, i.e. paragraphs that elaborate on
table contents, previous work in Relation Extraction
(RE) has typically processed textual content and
tables as independent sources, overlooking
the semantic relationships that arise from their
interaction. Tables in a document rarely convey
meaning in isolation; they are generally supported
by surrounding text that offers necessary context.
Conversely, the narrative text frequently introduces
and expands upon information that is synthesized
into tables. This strong semantic interplay sug-
gests that considering tables and text jointly rather
than separately could significantly improve the
quality and completeness of relation extraction.
This is illustrated by the example in Figure 1. In
the paragraph, we can identify lexically expressed
relations such as "Roman J. Israel, Esq. is
a product of the Topic Studio company",
"Roman J. Israel, Esq. was directed by
Dan Gilroy". The table, in turn, carries relation-
ships expressed between the values in the Title
and Notes columns, such as "Roman J. Israel,
Esq. is distributed by Sony Pictures
Releasing". While the paragraph only mentions
one Topic Studio production, the table enriches

this information by presenting, in chronological
order, other productions by the studio (including
the one cited in the paragraph). Nevertheless, the
name of the production company is not explicitly
mentioned in the table. Collaborative relationships
between Topic Studio and Roadside Attrac-
tions or Neon can also be identified. Only by
jointly processing the two modalities (text and
tables), one can extract complete and semantically
rich relation triples such as: (LeaveNoTrace,
product_of, Topic Studio),
(Topic Studio, collaboration, Neon).

Ignoring this interplay leads to fragmented or in-
complete extractions, ultimately limiting the perfor-
mance of downstream NLP tasks such as question
answering, fact verification, relation extraction, etc.
Despite the clear and demonstrated value of ex-
tracting relations expressed across different modal-
ities, to the best of our knowledge, only one study
has investigated the joint extraction of triples from
both text and tables (Zhuang et al., 2022). In that
work, a BERT-based model has been trained to
identify only one entity, without identifying the type
of relations. The lack of research and results in this
area can be explained by two main factors. Firstly,
each modality (text or table) has its own structural
characteristics and therefore requires specific pro-
cessing methods. Until now, tools have typically



Figure 1: Illustration of the need for joint extraction from text and tables. Key triples are only recoverable
by combining textual and tabular information (Source: Wikipedia page "Topic Studios".)

been trained to perform a single well-defined task.
Secondly, no aligned text/table corpus annotated at
a fine-grained semantic level is currently available.

In this work, we fill up this gap and we introduce
several contributions for improving RE systems:

• The definition of an original relation extraction
task in which (i) the subject is an entity and the
object can be either an entity or a value, and (ii)
the subject and the object must be extracted
from two distinct modalities (text and table).

• ReTaT, a manually annotated corpus, drawn
from Wikipedia pages in three domains - busi-
ness, telecommunications and female celebri-
ties - which were selected to ensure diversity in
terms of domain, size, relation types, language
and size of surrounding text;

• Experiments that confirm the relevance of this
task, by computing a measurable performance
gain, i.e. by counting the number of original
triples identified using jointly tables and text,
but not found using tables or text alone;

• The implementation of a baseline system for
this task using LLMs’ potential, given that LLMs
have recently shown great ability to process
information from various types of textual struc-
tures.

The remainder of this paper is organized as fol-
lows. Section 2 proposes a review of related work
on relation extraction from text and tables. Sections
3 and 4 respectively describe the resources, the
experimental settings, and the results related to our
experiments. Section 5 highlights the relevance of
the task by computing a performance gain. Finally,
Section 6 concludes and outlines future directions.

2. Related work

Many studies described in the literature have fo-
cused on extracting semantic relations expressed
in textual structures such as sentences (Zhao et al.,
2024), paragraphs (Zheng et al., 2023), or tables
(Jiang et al., 2022; Yang et al., 2022; Liu et al.,
2023), to name a few. Although less numerous,
some works do exist that propose approaches ca-
pable of reasoning over both text and structured
tabular data, such as tables. TaBERT (Yin et al.,
2020), an extension of the BERT model (Devlin
et al., 2019), is a language model designed to jointly
understand natural language and tabular data. It
was pre-trained on a corpus of 26 million tables
and their textual contexts in English. The perfor-
mance of TaBERT has been validated on question
answering (QA) and SQL query generation tasks,
after being fine-tuned using manually annotated QA
datasets. Zayats et al. (2021) introduced a novel
mechanism to enrich table representations based
on the surrounding text, using an adaptation of
Graph Neural Networks within a transformer frame-
work. Their model was pre-trained on 1.6 million
Wikipedia tables and a corpus of real-world natural
language questions. Significant performance gains
were observed on QA tasks. ReSel (Zhuang et al.,
2022) is a step closer to our setting, as it tackles
N-ary relation extraction from scientific documents
using both text and tables. The authors pose the N-
ary relation extraction task as a question-answering
problem: given a query structured as a partial N-
ary tuple (e.g., <Task, Method, Dataset, Metric,
Score>), a BERT-based model is trained to identify
the missing final entity (Score) within the scientific
document. Thus, it is indeed a relation extraction



task, but only one entity is retrieved, and the rela-
tion itself is not explicitly identified. Although they
leverage the semantic relationships between tables
and their surrounding text, these approaches were
not specifically tailored to the task of extracting re-
lations jointly expressed across the two modalities.
Nevertheless, fine-tuning models like TaBERT for
this task could yield some initial insights. This high-
lights the need for a manually annotated corpus of
(text, table) pairs, where each relation is expressed
jointly in text and tables.

While table-focused datasets (e.g., TabFact
(Chen et al., 2019)) emphasize table understanding,
entity linking, or question answering, they do not
provide manually annotated, gold-standard relation
triples grounded in both tables and text. Similarly,
hybrid or text-table QA datasets such as HybridQA
(Chen et al., 2020b), OTT-QA (Chen et al., 2020a),
and FinQA (Chen et al., 2021) target text and ta-
ble question answering, but are not designed for
the explicit extraction of triples with a grounding
distributed over both text and tables.

In this work, we introduce ReTaT, a dataset that
systematically aligns Wikipedia tables with their
semantically related paragraphs, where each (text,
table) pair is annotated with the relations jointly
expressed in the two modalities.

3. The ReTaT dataset

This section details the construction of ReTaT, a
set of three manually annotated datasets contain-
ing either full Wikipedia pages with both text and
tables, or aligned paragraph-table pairs extracted
from Wikipedia pages. The distinct characteristics
of these datasets enable a more comprehensive
assessment of extraction tools across different con-
figurations. These datasets differ mainly in their
domain, language, and size; the set and the type
of relations they target; and the size of the text
surrounding the table. The different processes in-
volved – selecting domains and relations, collecting
Wikipedia pages with tables, annotating triples –
are detailed below alongside statistics about these
datasets. Some steps were performed in the same
way for all three corpora, while others had their
own specific methodology. By carefully selecting
and annotating linked textual and tabular data from
Wikipedia pages, the ReTaT dataset enables con-
trolled experiments for RE from single vs. multiple
types of textual structures, setting a novel bench-
mark for future NLP research.

3.1. Domains and their relation types
Business. The business domain was chosen due
to its practical relevance and the abundance of pub-
licly available textual and tabular data, which reflect

real-world information extraction challenges. We
relied on the CORE dataset (Borchert et al., 2023),
a high-quality resource specifically designed for ex-
tracting company relations, which are a subset of
business relations. CORE is manually annotated,
covering the 11 relations listed in Table 1. In this
dataset, triples have entities as subject and object.

Female Celebrities. This dataset highlights fa-
mous women across various domains. No target
list of relations was defined, since we operate in an
open relation extraction context. Nevertheless, we
restricted the annotation to Wikidata properties. We
identified relations by focusing on entities present
in the document tables and their mentions in the
surrounding text. Because this open approach nat-
urally surfaces a long tail of highly specific or in-
frequent relations, we retained only relations that
occurred at least five times across the dataset to
ensure the benchmark evaluates representative
semantic patterns. This frequency constraint was
exclusively applied to the Female Celebrities do-
main.

Telecommunications. This dataset centers on
documents related to Wi-Fi standards and network-
ing equipment, which are grouped into different
themes. No target relations are defined since we
operate in an open relation extraction context. Nev-
ertheless, we restricted the annotation to Wikidata
properties.

3.2. Collecting Wikipedia pages and
constructing Text-Table pairs

Pages were extracted from recent (2024) English
(Business and Telecommunications) or French (Fe-
male Celebrities) Wikipedia dumps in XML format.
Each Wikipedia page was retrieved from the dump
as a plain-text WikiText file, where tables follow
the native MediaWiki markup syntax (i.e., pipe-
delimited WikiText tables) and prose content is en-
coded as annotated plain text. As part of our prepro-
cessing pipeline, tables were parsed and converted
into structured CSV files (one file per table, with
rows and columns explicitly delimited), while the
surrounding paragraphs were extracted and stored
as plain text files. This separation into two distinct
file formats enabled systematic downstream align-
ment between tabular and textual content during
the annotation phase.

Business. We collected full Wikipedia articles
containing the original CORE sentences to ensure
their relevance for the Business domain. From this
set, we manually selected 255 articles containing
at least one table that was semantically relevant



to the target relations. For each page, we com-
pute cosine similarity using sentence embeddings
produced by all-mpnet-base-v2 (Reimers and
Gurevych, 2019), a Sentence-BERT model that has
demonstrated strong performance on semantic tex-
tual similarity tasks, to select the paragraphs most
semantically related to the table content. The most
relevant paragraphs are the ones that get higher
cosine scores. Subsequently, all automatically gen-
erated table–paragraph pairs were manually ver-
ified by the annotation team to ensure semantic
coherence and contextual relevance. This valida-
tion step allowed us to correct mismatches and
confirm that both elements referred to the same
business-related entities or events. The Business
dataset thus comprises 255 high-quality, manually
validated table–paragraph pairs.

Female Celebrities. The initial corpus extraction
focused on French Wikipedia pages that included
both textual and tabular content. From this larger
pool, 100 pages were retained based on diversity,
informativeness, and structural richness. Prefer-
ence was given to pages whose tables express re-
lational information with multiple attributes (rather
than simple entity lists) and whose surrounding text
provides contextual or analytical information rele-
vant to those tables. After selection, each page un-
derwent manual verification to confirm that essen-
tial information appeared consistently in both types
of textual structures. The dataset was then curated
from these 100 French Wikipedia pages containing
a total of 665 tables, which can be categorized into
four themes: performers and creative artists in arts
and entertainment (e.g. Céline Dion; 21 pages), in-
dividual athletes and competition lists in sports (e;g.
Serena Williams; 36 pages), sovereigns, consorts
and dynastic lists within Royalty and Nobility (e.g.
liste des duchesses de Lorraine; 33 pages), and
biographies of politicians or academics, as well as
institutional or thematic lists related to Public Affairs
and Academia (e.g. Emmy Noether; 10 pages).

Each candidate page was manually verified to
ensure the presence of both rich tabular content
and substantive accompanying text suitable for fu-
ture joint triple extraction. Human verification was
performed to confirm that key information appears
consistently across both tables and text. This cor-
pus thus offers a valuable resource for research on
entity-centric relation extraction and cross-modal
information alignment in multilingual contexts.

Telecommunications. This dataset was curated
from 32 English Wikipedia pages containing a total
of 144 tables. The pages of this corpus can be cate-
gorized into four themes: Standards for norms and
protocols (e.g. IEEE 802.11ad; 7 pages), Concepts
and techniques with technical concepts (e.g. Wave-

LAN; 6 pages), Equipment for networking devices
(e.g. AirPort; 16 pages) and Companies as orga-
nizations (e.g. Cisco; 3 pages). Each page was
selected to ensure the presence of tabular data,
enabling the identification of semantic relationships
across text and tables during the annotation phase
of the corpus. The corpus was designed to main-
tain topic consistency, ensuring that all documents
revolve around telecommunications, networking, or
related domains.

3.3. Annotation process

This annotation aims to identify semantic relations
between two items (e1 and e2) that occur across
two different textual structures: a textual paragraph
and a table or infobox. Each relation is mediated
by a predicate linking the two items. e1 is an entity
whereas e2 can either be an entity or a litteral at-
tribute. The three components of the relation (e1,
predicate, e2) appear within a shared context, al-
though they are not necessarily located within the
same paragraph or table — they must be distributed
across both structures. Annotation was supported
by a custom web-based interface that enabled syn-
chronized highlighting of text spans and table cells.
Where applicable, entity mentions were canonical-
ized by linking them to Wikidata QIDs to maintain
consistency across texts and tables and support
downstream processing. We used the following
guidelines during the annotation process: (i) Entity
mentions were linked to Wikidata QIDs to ensure
consistency across text and tables. (ii) Annotations
were performed to capture relationships distributed
across text and tables that are close in a document.
(iii) Predicates were selected from the curated list of
Wikidata properties to ensure semantic coherence.

As a result, the corpus is distributed as paired
files sharing a unique document identifier: a plain
text file for the extracted paragraphs and a CSV
file for the structured table. Gold-standard relation
triples are provided separately in a dedicated anno-
tation file, indexed by document identifier to allow
direct alignment with the source content.

Business. Four annotators conducted the an-
notation: one graduate student with a dual back-
ground in computational linguistics and business,
and three experts in information extraction. They
underwent a training phase on a set of 50 docu-
ments (paragraphs and tables), including adjudi-
cation steps. These sessions allowed the team to
collaboratively refine the annotation guidelines and
decision rules. Then each document was anno-
tated by two annotators and systematically verified
by an expert, resulting in 2,997 triples. Consider-
ing that two triples match when the textual spans
of their entity mentions overlap exactly and if they



share the same relation type and direction, the inter-
annotator agreement on the double-annotated cor-
pus is k = 0.70 (Cohen’s kappa).

Female Celebrities. Two annotators performed
the annotations: a PhD student specializing in
knowledge engineering and a research engineer in
information extraction. A double-annotation proto-
col was applied to 100% of the dataset: the PhD
student conducted the primary annotation, and the
research engineer independently reviewed and re-
annotated the same documents. This procedure
ensured full cross-validation and expert verification
of the entire corpus.

Telecommunications. A single annotator, a se-
nior researcher in AI with ten years of experience
in a Telco company, performed the annotations.
The annotator conducted a first round of annota-
tion on the entire corpus, followed by a thorough
review of all annotations a few weeks later to en-
sure accuracy and coherence across the dataset.
It is planned to engage a second reviewer in the
future to enhance the robustness of the annotation
process.

3.4. Descriptive statistics
Tables 1, 2 and 3 give the list of relations and their
distribution in each of the annotated datasets.

The Business dataset exhibits a coherent rela-
tional structure, mainly centered on corporate re-
lations such as product_or_service_of (1,669 in-
stances), client_of (526), and collaboration (384).
All relations are object properties linking organiza-
tions or corporate entities, with no data properties
(i.e., literal attributes). This clear relational scope
explains the strong extraction results obtained in
this dataset.

In contrast, the Female Celebrities dataset con-
tains a wider and more heterogeneous range of
social and professional links, including noble ti-
tle (526), award received (425), and participant
in (314). The distribution is more balanced, with
roughly 65% object properties (e.g., spouse, cre-
ator) and 35% data properties (e.g., ranking, vote
received).

The Telecommunications dataset is the most di-
verse and numerically driven, with relations like
data transfer speed (559), uses (127), order num-
ber (64), and frequency (61) reflecting technical
attributes. Here, data properties dominate (70%
of relations), while object properties such as par-
ent organization or unit or developer make up the
remaining 30%.

Overall, the datasets differ not only in size but
also in the balance between object and data proper-
ties, providing complementary conditions for evalu-

ating joint text–table relation extraction and testing
model adaptability across domains of increasing
structural and semantic diversity.

4. Experimental settings and results

We conducted experiments using Large Language
Models (LLMs), at a time when LLMs have demon-
strated their ability to extract relations from either
text or tables in isolation. Our goal was not to de-
sign an efficient model but rather to assess the
quality and suitability of the ReTaT datasets for this
new joint extraction task.

4.1. Selected LLMs
We conducted experiments using two recent LLMs:
llama-4-maverick-17b-128e-instruct, a 17-billion-
parameter transformer optimized for multi-turn
instruction following and factual reasoning, and
deepseek-r1-distill-llama-70b, a distilled variant
from a larger 70-billion-parameter model, focusing
on extracting reusable knowledge representations
through high-fidelity distillation from expert LLMs.
For all experiments, we used 4-bit precision on
RTX 8000 GPUs, ensuring reproducibility via fixed
random seeds and standardized decoding hyperpa-
rameters (temperature = 0.2, max_tokens = 2048).

4.2. Instruction-based Prompt for Joint
Relation Extraction

We used an instruction-based prompting approach
with a prompt explicitly tailored for joint relation
extraction, ensuring that the model captures
the interconnections between narrative text and
structured table content. The prompt begins
by precisely framing the objective (joint extrac-
tion), from both a text and a table content. To
maximize consistency and downstream usability,
the expected output follows a strictly defined
triplet schema. Each model was evaluated under
zero-shot and few-shot configurations. For the
few-shot setup, the prompt includes 3 examples
representing distinct relation types. Below is the
finalized instruction template employed across
both zero-shot and few-shot experiments:
The prompt presented below is the result of a sys-
tematic exploration of several prompt formulations.
We experimented with variants that progressively
incorporated additional constraints, notably the
cross-source grounding rule (requiring each triple
to draw evidence from both text and table) and the
internal validation instruction. The version retained
here consistently yielded the best results across all
three datasets and both evaluation configurations,
and is therefore used in all reported experiments.



Property Label Description # #
Product or service of e1 is offered for commercial distribution by e2. 1669
Client of e1 uses (and pays for) products or services from e2. 526
Collaboration e1 and e2 collaborate in parts of their business activities. 384
Subsidiary of e2 legally owns e1. 174
Acquired by e2 purchases a controlling stake in e1. 81
Shareholder of e1 owns shares in e2. 61
Brand of e2 offers products or services of e1 (brand). 40
Traded on Shares of e1 are listed on e2 (stock exchange). 5
Merged with e1 and e2 merged their business operations (fully or partially). 1

Table 1: Semantic relation types in the Business dataset with the CORE definitions and distribution.

PID Property Label # #
P97 noble title 526
P166 award received 425
P1344 participant in 314
P1352 ranking 140
P26 spouse 108
P1111 votes received 104
P1346 winner 92
P170 creator 81
P8810 parent 24
P184 doctoral advisor 16
P39 position held 6

Table 2: Semantic relation types and number of
occurrences in the Female Celebrities dataset.

PROMPT:
You are an expert in relation extraction. For this task,
think step by step for each given relation.
Return **only** a valid JSON array of arrays, where each
inner array is exactly: ["subject", "relation", "object"]
Rules:
- The provided text is contained within the
<TEXT></TEXT> tags. The provided tables are
contained within the <TABLE></TABLE> tags.
- Each of the subject, predicate, and object must come
from the provided text and/or tables.
- Keep a triple only if it uses information from both the
text and the table. Reject any triple that is produced
using only the text or only the table.
- "relation" MUST be one of these identifiers: rela-
tions_list. Do not invent new relation labels.
- Output MUST be valid JSON. No prose, no code
fences, no prefixes/suffixes, no trailing commas.
- Do not include any explanation or text outside the
JSON.
- Before outputting, perform an internal validation pass:
for every triple you plan to output, identify the source of
each element (TEXT or TABLE). If any triple fails rule
(3) or (4), remove it. After validation, if no triple remains,
output ’[]’.
List of relations with their description: relations_text
Now process the new data: {data}

PID Property Label # #
P6711 data transfer speed 559
P2283 uses 127
P8470 order number 64
P2144 frequency 61
P9767 edition/version 58
P2928 storage capacity 52
P1343 described by source 49
P880 CPU 48
P13351 model number 45
P13525 RAM capacity 42
P5204 commercialization

date
40

P2669 discontinuation date 32
P306 operating system 31
P2284 price 30
P31 instance of 28
P2664 units sold 27
P2403 total assets 23
P2139 total revenue 23
P2560 GPU 22
P2295 net profit 22
P2149 clock frequency 19
P2049 width 19
P1128 employees 18
P2109 nominal power output 18
P2652 partnership with 15
P2048 height 14
P2067 mass 13
P749 parent organization or

unit
13

P12323 working memory type 13
P1056 product or material

produced
12

P5524 horizontal depth 11
P169 chief executive officer 8
P516 powered by 7
P2043 length 6
P178 developer 5

Table 3: Semantic relation types and number of
occurrences in the Telecommunication dataset.

4.3. Evaluation metrics
To comprehensively assess the performance of the
LLMs on the joint text-table relation extraction task,
we defined three evaluation levels that progres-



sively relax the matching criteria. This approach
provides a more nuanced understanding of how
models behave, that goes beyond strict triplet exact-
ness, by highlighting areas of partial understanding
and relational consistency.

• Exact Triple Match: A triple is considered
correct only if all three components (subject,
predicate, object) exactly match a reference
triple in the document gold standard.

• Entity-Level Partial Match: Here, a triple is
considered partially correct if the predicted sub-
ject and object match a gold-standard pair, re-
gardless of the relation label. This relaxed
criterion isolates the model’s ability to correctly
identify relevant subject-object pairs across
text and table.

• Relation-Level Partial Match: A prediction
is considered partially correct if the extracted
relation and either the subject or the object
match a reference triple in the gold document.
This dimension measures whether the model
infers the correct relation type even when iden-
tifying the entity boundaries is imperfect.

Each evaluation level relies on standard information
extraction metrics: Precision, Recall, and F1-score.

4.4. Results and discussion
Table 4 presents the results obtained by LLaMA-4
and DeepSeek models across the three manually
annotated datasets. Results are reported for both
zero-shot and few-shot (3-shot) configurations un-
der three evaluation granularities: (i) exact triplet
match, (ii) partial match on both entities, and (iii)
partial match on relation plus one entity.
Across all corpora, the few-shot setting substan-
tially improves precision, recall, and F1-score, con-
firming that limited in-context examples help models
internalize structural constraints and relational se-
mantics. DeepSeek outperforms LLaMA-4 in both
precision and recall, denoting greater stability and
control in structured reasoning.
The Business dataset yields the highest scores
overall, with DeepSeek reaching 0.43 F1 (exact)
and 0.47 F1 (2-entity partial) in the few-shot setup,
while LLaMA-4 attains 0.31 and 0.34 F1, respec-
tively. This good performance is largely due to
the dataset’s well-defined relation schema, explicit
text–table alignments, and lexically stable entities
such as company names and events. The clear
semantic overlap between narratives and struc-
tured information enables both models to efficiently
leverage complementary textual cues. DeepSeek’s
higher precision (0.71) reflects its ability to make
conservative and accurate predictions, whereas
LLaMA-4 shows slightly broader but noisier recall.

By contrast, the Female Celebrities dataset exhibits
the lowest performance levels, with F1 rarely ex-
ceeding 0.15 for LLaMA-4 and 0.42 for DeepSeek
under partial-matching criteria. Several factors ex-
plain this gap: the corpus is smaller, with fewer rela-
tional examples; it lacks explicit text–table pairings,
increasing contextual noise; the texts are much
longer, diluting relevant signals; and the relation list
is considerably larger and more diverse, making
fine-grained distinctions harder. Despite these diffi-
culties, DeepSeek’s few-shot configuration shows
a notable improvement (up to 0.42 F1 under re-
lation + 1 entity partial matching), indicating that
large models can still recover plausible relational
patterns in noisy environments.
The Telecommunications dataset produces inter-
mediate results between the two extremes. In
few-shot mode, DeepSeek achieves 0.38 F1 (re-
lation + entity partial) and LLaMA-4 reaches 0.26
F1 under the same measure. These moderate
outcomes result from the corpus characteristics:
smaller size limiting relational coverage, tables
dominated by numeric entries that provide weak lex-
ical anchors, the relations involves highly technical
and fine-grained ambiguities, especially compared
to other domains. For instance, the model must dis-
tinguish between closely related software versions
and hardware models which share overlapping fea-
tures, similar naming conventions, and incremental
updates. Such distinctions require domain-specific
knowledge and precise contextual understanding,
making classification more challenging than in do-
mains with broader or more distinct categories.
Overall, the results also highlight the importance of
developing dedicated datasets like ReTaT to study
joint text–table extraction, emphasizing that combin-
ing structured and unstructured textual information
is crucial for achieving broader relational coverage
and more holistic knowledge extraction.

4.4.1. Cross-Corpus Comparison

Aggregated across domains, several conclusions
emerge. First, few-shot prompting consistently
enhances performance, demonstrating the adapt-
ability of in-context learning for structured reason-
ing. Second, dataset characteristics strongly influ-
ence accuracy. The Business corpus, with its clear
schema and alignment, produces the most reliable
results, whereas the smaller and noisier Female
Celebrities and Telecommunications corpora yield
much lower precision and recall. The larger relation
inventories and the presence of numeric or overly
long text segments introduce further noise, explain-
ing the significant precision gap (Business > 0.47
F1 vs. < 0.30 for the other datasets).



4.4.2. Error Analysis

Error inspection reveals recurring challenges: En-
tity boundary mismatches, overly extended or
truncated entity spans cause misalignment with
gold annotations; Relation confusion, models al-
ternate between semantically neighboring predi-
cates; and Single source extraction bias, where
the model infers relations solely from text or table,
rather than jointly from both.

5. Is Joint Extraction Necessary?

To prove the usefulness of the task and the Re-
TaT dataset, we measure the contribution of a joint
extraction approach, compared to a text-only or
table-only approach. This contribution represents
the percentage of additional correct triples iden-
tified by the joint extraction method compared to
the single-source settings (text-only and table-only),
computed as follows:

C =

(
#NewTriples

#Triples Separately + #NewTriples

)
where,
- NewTriples are correct triples identified
uniquely through joint reasoning across text
and tables (i.e., not present in triples extracted
separately from text or tables).
- TriplesSeparately is the sum of correct
triples retrieved independently from text and tables.

For this purpose, we systematically derived three
corpora from the Business dataset, which is the
larger one. All three corpora are based on the same
set of 255 text and tables, with different annotations:

• CorpusP (Text-only): Only the 255 selected
paragraphs were manually annotated with re-
lations explicitly expressed in text only, leading
to a total of 239 triples.

• CorpusT (Table-only): Relations explicitly ex-
pressed in tables only were manually anno-
tated in the 255 selected tables, by inspecting
the interactions of the rows and columns. This
resulted in 855 triples.

• CorpusPT (text-table jointly): This is the
Business dataset presented in Section 3 com-
posed of 2,997 triples. It ensures that each
relation is supported jointly by evidence from
both text and tables.

Thanks to a unified annotation schema across the
various types of textual structures, the corpora
share the same entity space (business organiza-
tions, products, and actors) and relations, which
guarantees the possibility to compare results from
the three of these corpora. To quantify the benefit

of using joint information from both text and tables,
we measured the contribution of our approach com-
pared to using each textual structure in isolation.
In the annotated business dataset, there are 1,034
triples in either texts or tables in isolation, whereas
2,544 triples were discovered from both a text and
a table (C=70,7%), demonstrating that more than
two-thirds of the correct triplets could only be cap-
tured when models jointly considered both textual
structures.
To evaluate whether large language models (LLMs)
also benefit from joint structured reasoning, we ap-
plied the same analysis using the best-performing
model from previous experiments, DeepSeek-70B.
When restricted to text-only or table-only settings,
the model correctly extracted 655 triplets under
exact matching. However, when allowed to jointly
process both text and table content, it identified 788
correct triplets, yielding a contribution of 54.6%.

6. Conclusion and Future Work

This paper introduced ReTaT, a novel benchmark
designed to foster research on joint relation extrac-
tion from text and tables. Unlike previous datasets
that treat these two sources independently, ReTaT
explicitly aligns textual and tabular evidence, allow-
ing the study of relational reasoning that emerges
only through their interplay. Moreover, relations in
ReTat are jointly expressed across text and tables,
which is complementary to the relations available
in each of these modalities.

We manually curated and annotated three
domain-specific datasets; Business, Telecommuni-
cations, and Female Celebrities, ensuring diversity
in domains, sizes as well as relation numbers and
types. Experiments with large language models
(LLaMA-4 and DeepSeek-R1-70B) demonstrated
that combining structured and unstructured textual
evidence leads to substantially more complete and
semantically rich extractions, with more than 70%
of valid triples being discoverable only when both
modalities are jointly considered.

Beyond its immediate use as a benchmark, Re-
TaT paves the way for several directions of future
work. First, while this study focused on LLM-based
approaches, an important next step will be to evalu-
ate non-LLM models specifically designed for joint
text–table reasoning, such as TaBERT (Yin et al.,
2020), which was pre-trained on large collections
of Wikipedia tables paired with their textual context.
Comparing LLM-based and fine-tuned encoder-
based approaches on ReTaT will provide a more
comprehensive picture of the state-of-the-art on this
task. Second, future work could explore the use of
similarity-based text–table alignment strategies, as
used in the Business corpus, to improve dataset
construction and reduce annotation noise across



Business Dataset
... Zero-shot Few-shot (3)

Model Eval. Method P R F1 P R F1

LLaMA-4
Exact matching 0.23 0.11 0.15 0.48 0.22 0.31

Partial matching (2 entities) 0.29 0.14 0.18 0.53 0.25 0.34
Partial matching (relation + 1 entity) 0.44 0.21 0.28 0.69 0.32 0.44

DeepSeek-70B
Exact matching 0.61 0.26 0.37 0.71 0.31 0.43

Partial matching (2 entities) 0.64 0.28 0.39 0.79 0.34 0.47
Partial matching (relation + 1 entity) 0.68 0.30 0.41 0.76 0.33 0.46

Female Celebrities Dataset
... Zero-shot Few-shot (3)

Model Eval. Method P R F1 P R F1

LLaMA-4
Exact matching 0.07 0.05 0.06 0.06 0.04 0.05

Partial matching (2 entities) 0.15 0.11 0.12 0.13 0.09 0.11
Partial matching (relation + 1 entity) 0.19 0.14 0.16 0.13 0.09 0.10

DeepSeek-70B
Exact matching 0.12 0.10 0.11 0.16 0.18 0.17

Partial matching (2 entities) 0.19 0.16 0.18 0.19 0.20 0.19
Partial matching (relation + 1 entity) 0.31 0.26 0.29 0.42 0.42 0.42

Telecommunications Datasets
... Zero-shot Few-shot (3)

Model Eval. Method P R F1 P R F1

LLaMA-4
Exact matching 0.20 0.07 0.11 0.38 0.13 0.20

Partial matching (2 entities) 0.32 0.12 0.18 0.50 0.18 0.26
Partial matching (relation + 1 entity) 0.31 0.12 0.17 0.51 0.18 0.26

DeepSeek-70B
Exact matching 0.21 0.08 0.11 0.39 0.27 0.32

Partial matching (2 entities) 0.28 0.10 0.15 0.43 0.29 0.35
Partial matching (relation + 1 entity) 0.29 0.11 0.16 0.46 0.32 0.38

Table 4: Zero-shot and few-shot results for LLaMA-4 and DeepSeek models.

domains. Finally, ReTaT opens broader research
avenues in cross-structured information extraction,
knowledge base population, and explainable rea-
soning, where jointly exploiting structured and un-
structured textual evidence is key to achieving more
complete and semantically grounded knowledge
extraction.
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