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Abstract

Given that substantial amounts of domain-specific knowledge are
stored in structured formats, such as web data organized through
HTML, Large Language Models (LLMs) are expected to fully com-
prehend this structured information to broaden their applications
in various real-world downstream tasks. Current approaches for
applying LLMs to structured data fall into two main categories:
serialization-based and operation-based methods. Both approaches,
whether relying on serialization or using SQL-like operations as
an intermediary, encounter difficulties in fully capturing structural
relationships and effectively handling sparse data. To address these
unique characteristics of structured data, we propose HyperG, a
hypergraph-based generation framework aimed at enhancing LLMs’
ability to process structured knowledge. Specifically, HyperG first
augment sparse data with contextual information, leveraging the
generative power of LLMs, and incorporate a prompt-attentive hy-
pergraph learning (PHL) network to encode both the augmented
information and the intricate structural relationships within the
data. To validate the effectiveness and generalization of HyperG, we
conduct extensive experiments across two different downstream
tasks requiring structured knowledge. Our code is publicly available
at: https://github.com/s1ruihuang/HyperG.
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1 Introduction

With the advancement of digitalization across various industries,
substantial amounts of structured knowledge are stored in tabu-
lar formats. This structured knowledge, often containing domain-
specific information closely tied to different downstream tasks,
complements the general knowledge acquired by Large Language
Models (LLMs) during pre-training, thereby enhancing their capa-
bility to support downstream queries and reasoning [8, 43].

LLMs, leveraging their sophisticated linguistic capabilities and
extensive knowledge base, have been widely utilized as one-/few-
shot learners in various structured tasks [14, 15, 24, 59]. Currently,
the approaches for applying LLMs on structured knowledge, includ-
ing tables, fall into two primary categories: serialization-based [15,
21, 33] and operation-based methods [22, 32, 47, 52]. Serialization-
based methods convert structured knowledge into sequences of
tokens, enabling the model to process the structured data in conjunc-
tion with task descriptions [33, 41]. For example, Hegselmann et
al. [15] utilize a Table-to-Text model or a LLM as the serializer to con-
vert tables into natural language strings, which are then fed into the
LLM along with task descriptions. However, serializing structured
data can undermine the inherent structural relationships, especially
in larger tables, potentially leading to serve knowledge forgetting
and diminished logical coherence during reasoning [28, 56]. Addi-
tionally, the serialized formats critically influenced the performance
of LLMs [42]. The operation-based methods extract relevant infor-
mation from structured data using SQL-like operations based on
task requirements, and then incorporate this knowledge into LLMs
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[Caption] United States House of Representatives Elections, 1972

Incumbent Candidates

John Moss Moss (d) 69.9% Mcfall (r) 30.1%
George Miller Pete (d) 52.9% Lew (r) 47.1%

John Mcfall Mcfall (d) unopposed

i) Semantic Consistency ii) Hierarchical Dependencies

Incumbent .
[Caption]
John Moss  John Mcfall Incumbent | Candidates
George Miller

iii) Order Invariance iv) Data Sparsity

J. Moss Moss (d) 69.9%... SQL SELECT :Parties: FROM ...

< G. Miller | Pete (d) 52.9%... In this table, (d) denotes
LLM the Democratic Party, and
!-Mcfall | Mcfall (d) unop... (r) the Republican Party...

Figure 1: An example illustrates the three aspects of the struc-
tural relationships in tables: i) Semantic Consistency;, ii) Hi-
erarchical Dependencies, and iii) Order Invariance. Addition-
ally, it highlights the data sparsity issue iv), where incomplete
data affects SQL queries over the table .

to generate responses. While the SQL-like operations account for
structural relationships, these methods fail to fully harness the ex-
tensive knowledge base of LLMs for effective reasoning [59]. As
shown in Figure 1 d), the “(d)” and “(r)” represent the Democratic
and Republican parties, respectively. Since the parties are not ex-
plicitly listed in a separate column, retrieving information about the
political affiliations of incumbents via SQL queries is challenging.
However, LLMs can easily interpret this information due to their
advanced in-context learning abilities and knowledge base. There-
fore, structural relationships and data sparsity are two critical
challenges that current methods are not fully account for when
reasoning over structured knowledge, which differs fundamentally
from the unstructured text inputs LLMs typically handle [12].
Graphs are structure-aware, making them a natural choice for
modeling structural relationships. However, traditional graphs re-
main insufficient in effectively capturing the group relationships
between rows and columns. Unlike traditional graphs, where an
edge connects only two nodes, a hyperedge in a hypergraph can
connect multiple cells nodes in an unordered manner. Hypergraphs
consider the structural relationships within tabular data from
three aspects: i) Semantic Consistency. Data in the cells of the same
row or column in a table generally correspond to a consistent seman-
tic category, allowing LLMs to identify and infer implicit semantic
relationships. As illustrated in Figure 1 i), the cells in the “Incum-
bent” column are all personal names. ii) Hierarchical Dependencies.
Hyperedges are capable of capturing intricate, higher-order depen-
dencies within structured knowledge, such as the dependencies of
the captions, headers, and cells. iii) Order Invariance. Changing
word order in natural language can alter meaning, but rearranging
rows or columns in a table, swapping the Moss and McFall rows
in Figure 1 iii), does not affect the overall semantics. To address
the sparsity issue such as the incomplete parties in Figure 1 iv),
hypergraphs facilitate high-order information propagation between
nodes and hyperedges, thereby supplementing the representations
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of incomplete cells with information from their neighbors. In addi-
tion, the extensive general knowledge embedded in LLMs can be
leveraged to address sparse data issues.

To enhance LLMs’ capabilities on structured knowledge, we pro-
pose a novel Hypergraph-based Generation framework, namely
HyperG, to facilitate seamless integration of knowledge from struc-
ture learning with hypergraph neural networks into LLMs, without
losing focus on task-specific requirements. Specifically, HyperG
explicitly guide the LLMs to augment sparse table cells with con-
textual information. We then construct semantics hypergraphs
with the augmented table and introduce a novel Prompt-Attentive
Hypergraph Learning (PHL) module that propagates task-specific
inquiries in prompts along with embedded semantic knowledge
across structures, and train this module jointly with the LLM. Our
contributions are concluded as follows:

e Towards structural relationship. We propose HyperG, which
uses hypergraphs to capture the semantic consistency, order in-
variance, and hierarchical dependencies within structured knowl-
edge, thereby enhancing the LLM’s capability to understand and
reason over structured knowledge.

Towards data sparsity. We design a novel hypergraph neural
network to tackle the sparsity issue in tabular knowledge by
utilizing the generative abilities of LLMs and then facilitates
information propagation through hyperedges.

Experiments. We conduct extensive experiments on various
downstream tasks involving structured data to validate the effec-
tiveness of our proposed HyperG framework.

2 Problem Definition

Aiming to enhance the capability of LLMs in handling knowl-
edge stored in structured data with hypergraphs, in this paper,
we consider tables as the structured data sources to illustrate our
HyperG framework. We construct a hypergraph with the struc-
tured knowledge in table 7. Each table is formally represented as
T =A{0,hi,omn|l0 <i < N,0<m< M0 <n>= N}, where o is
the table caption, h; represents the header for the ith column, Um,n
represents the cell at the m'" row (denoted as r,, € R), and the n"
column (denoted as ¢, € C). As depicted in the upper left of Figure
2, the very upper-left cell is denoted as vg 9. The task description
prompt x, provided in natural language to the LLMs, includes a
textual representation of the table 7~ (in markdown format) and
the essential inquiry w regarding this table, following a specific
template,  C x. Specifically, the essential inquiry « can be claims
in fact verification or questions in question answering. For tasks
requiring the knowledge stored in 7, we aim to help pretrained
LLMs (denoted as LLM(-)) to understand and extract the structured
knowledge relevant to the inquiry w stored in 7-, thereby improving
the effectiveness of LLM’s final generations.

3 Methodology

Figure 2 provides an overview of our proposed HyperG framework,
which is designed to enhance the ability of LLMs to handle tasks that
require knowledge embedded in structured data. This section details
the workflow of HyperG, first augmenting the structured data with
contextual information, followed by learning and integrating task-
relevant structured knowledge into the LLMs to generate answers.
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Task Description Prompt i E

A table is provided below. The key information extracted from the data

€ncoded

in the feature

Structured Knowledge Learning

{Table Hyperedge}, which relates to this claim: John Moss is unopposed dib’iltg the election. Using Semantics Hypergraph Construction (SHC)

all available information, predict whether this claim is correct. Answer only with 'Yes' or 'No'.

Structured Knowledge

United States House of Representatives
Elections, 1972

E
%

Results of the 1972 United States House
of Representatives Elections in Select
California Districts

Hyperedge Emb.  Node Emb.

Tokenize

Sr: § g EE  mmnm
gs 3 g | Inquiry Emb.
........................ l ll l

Row Hyperedges Column Hyperedges ~ Table Hyperedge

(Democrat) with 52.9%

Vi

e

Jj

Prompt-attentive Hypergraph Learning

District | || Incumbent Candidates In the California 8th
district election, the
CA3 John Moss John (d) 69.9% John (r) 30.1% incumbent is George
CAS George Miller | | Pete (d) 52.9% Lew (r) 47.1% Wilter, ud e
candidates are Pete
CA 15 John Mcfall John (d) unopposed
of the votes and...
—= Voo
Structured h ; ’
Knowledge LoRA @ Large Language Model 1
Injection t ‘ L .| Tokens
Emb.

“No”

Hyperedge

(PHL)

5

Emb.

Figure 2: An overview of our proprosed HyperG framework.

3.1 Contextual Augmentation

To address the data sparsity issue caused by missing or incomplete
information in cells, N/A, none, or incompleted descriptions such as
the example in Figure 1. For each table 7, we augment its caption
0, columns ¢ € C, and rows r € R with contextual information,
leveraging the semantics understanding and generative ability of
the large language model LLM(-).

Specifically, as shown in Figure 2, the caption o “United States
House of Representatives Elections, 1972” is vague, as it does not spec-
ify where the elections occurred. After being supplemented with
the contextual information from the table, the augmented caption,
“Results of the 1972 United States House of Representatives Elections
in Select California Districts”, denoted as 0, more clearly illustrates
the table’s content. As for the sparse cells which contain missing
or incomplete data, we utilize the LLM to generate descriptions for
each row and column. Formally, for the m*" row.

Fm = LLM(Py(o, h.,0pm,:) (1)
h

where 7, represents the augmented description for the m!"* row
containing cells vp,: = (Om,1,....0m,N), h: = (h1,..., hy) denotes
the N headers of table 7, and Py(-) refers to the template used
to prompt the LLM in generating the corresponding augmented
summary. Specifically, in this paper, we define the augmentation
prompt Py as: “You will be given with the table caption and headers.
Please enhance the caption/describe the given row/column correspond-
ing to the table content” The descriptions for the columns ¢, in table

7 are generated in a similar manner, yeilding ¢,.

3.2 Structured Knowledge Learning

After augmenting the sparse data with contextual information,
HyperG learns structural relationships over knowledge that is
structurally stored through two steps: first, by constructing hy-
pergraphs that aligns with the semantics (SHC), and second, by
utilizing a novel prompt-attentive neural network for hypergraph
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learning (PHL). This section will elaborate on how our proposed
HyperG conducts these two steps in detail.

3.2.1 Semantics Hypergraph Construction (SHC). This step embeds
the semantics of table 7~ into a hypergraph G = {V, &}, where V =
{...v;, ...} represents the set of node(vertex), and & = {...,ej, ...}
represents the set of hyperedges. Each hyperedge connects multiple
nodes, v; € N ; denotes that the node v; is included in the set of
nodes connected by hyperedge e;, while e; € Ny, represents the
hyperedge e;j is included in the set of hyperedges which connects
node v;. Each cell v, , in the table 7 is treated as a node, v; € V,
|V| = M X N. The rows ry, € R, columns ¢, € C, and the entire
table 7~ act as hyperedges, leading to three types: row hyperedges
er = {...er,,,...} € &, column hyperedges ec = {....ec,,...} € &,
and table hyperedge e~ C &, |&| = M + N + 1. The connections
between the nodes v € V and hyperedges e € & within the hy-
pergraph G are represented by an incidence matrix H € RIVIxIEl
where each element h; ; = 1 if node v; is connected by hyperedge
ej, and h; j = 0 otherwise.

Specifically, we first tokenize the textual contents of cells, rows,
columns, and captions using the BERT [10] tokenizer. For example,
the augmented table caption is transformed into O number of tokens
represented by (t5,1,t5,2, ... t5,0) = Tokpgrr(0). The tokens are
subsequently passed to an embedding layer, represented as Emb(-),
which has an output hidden dimension of d for semantics learning.
Layer normalization and dropout layers are implemented in the
embedding process to ensure robust generalization capabilities.

h,r = Dropout (LN (Emb(t51,t52, ... t5,0))) (2)

where h,r € R? is the hidden embedding of table hyperedge,
LN(-) represents the layer normalization, and Dropout(-) refers
to a dropout layer with a dropout rate 0.1. By representing the
semantics of each cell content v € V as node embedding h, with
Equation (2), representing the row and column descriptions 7, and
Cn as row/column hyperedges h,z and h ¢, and the table hyperedge
h,7, we construct the semantic hypergraph G. Additionally, we
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also calculate the semantic embedding for the essential inquiry (as
highlighted in teal-blue in the task description prompt in Figure 2),
denoted as h,, for further learning.

3.22  Prompt-attentive Hypergraph Learning (PHL). Provided with
the hypergraph G, we design a prompt-attentive hypergraph neural
network to further learn structured knowledge from G. In tradi-
tional hypergraph learning [2, 11, 13, 50], hyperedge embeddings
typically do not directly participate in the propagation process;
instead, hyperedges primarily serve to connect related nodes, with
the focus on node embeddings. In HyperG, we aim to integrate
the semantic embeddings of both nodes and hyperedges during
propagation. Since the table cells contain diverse content, while the
augmented hyperedge descriptions (0, 7, and ¢) are generated by
the same LLM and maintain a consistent linguistic style, we apply
node-to-edge and edge-to-node propagation using attention scores
denoted by a and f with distinct designs. Specifically, inspired
by [7], each PHL layer comprises two-step graph attention: first
conducts semantic-aware propagation from nodes to their connected
hyperedges, then attentively integrate the embedding of the inquiry
in the prompt and propagates from edges to nodes.
Semantic-aware propagating. Nodes are embedded from the orig-
inal table cells content with Equation (2), denoted as h,,. We first
propagate the original semantics embedded in h,, to each connected

hyperedge e with the K-head hypergraph attention mechanism. The
(k)

attention score a,
kth

in node-to-edge propagation for node v at the
head is calculated as follows.

af) = L-ReLU(Y Q®) k() 3)

where L-ReLU(-) denotes the LeakyReLU activation function, the
query representation Q(k) =Wy, € R¥*4 s the k'* vector of a
learnable weight W € RK *d We use another multi-layer percep-
tron to learn the key representation of the target node v, K(k)
MLPF) (hh) e R1xd,

Next, the information is propagated from the nodes to their
connected hyperedges, formally represented as below.

= 3 o)

ve N,

B "

where Vz(,k)
used to transform the node embedding hﬁ, to its value representa-
tion, hé and hé represents the hyperedge e and its connected node
v, respectively, as input to the I h layer. The hf) is initialized by the
= hy € R4 The softmax func-

= MLP‘(,k) (hi,) € R4 denotes a multilayer perceptron

semantics embedding of v, h{
k)
explQa,
tion O'(D!Z(,fc)) = L)(k) computes the normalized attention
ZveNe exp(ay ')

score for each node v; € Ne The aggregation ¢ v, for the em-
bedding of each node hf, can be performed using any aggregation
function, such as summation.

As shown in Figure 3, to increase the representation and gen-
eration capability to be compatible with the LLM, the aggregated
embedding of hyperedges h, are processed using residual con-
nections, normalization, and feed forward layers, following the
architecture of transformer [46].

Bl = LN(FF(LN(:h:™® + W)) + hL0)) (5)
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kvill l
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-« Node i
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Figure 3: The detailed architecture of PHL.

~
<
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Add&Norm
t

L

where khé’(k) € RKxd represents the concatenation of the outputs

of K heads of the multi-head attention mechanism described in
Equation (3)(4). The ﬁé’(k) € R1*4 denotes the hyperedge embed-
ding incorporating information propagated from nodes, and is then
concatenated to the original semantics embedding of hyperedge e,
hf;l — l'Alé +h,, h£+1 c RIXZd.

Prompt-attentive integrating. The original semantics embedding
of hyperedge h, are embedded from the LLM-augmented descrip-
tions obtained with Equations (1)(2). To integrate the task require-
ments described in prompts into hypergraph learning, we adopt the
embedding of the essential inquiry h,, in the prompt to calculate
the attention score ﬁék) for edge-to-node propagation, similar to
the process in Equation (3) (2). The essential inquiry can be replaced
by any textual information that is of particular relevance or concern
to downstream tasks in the prompts.

) =LReLU ()’ MLPS‘) (h, - MLPX b)) (6)
g = 3 o (B MLP () )

eeN,
where e € N, denotes that the set of all the hyperedge e which

connects the target node v, MLPg) (hy,) € R1*4 represents the kth

vector of the query representation MLPg(h,,) € REKxd, computed

by a multilayer perceptron based on h,,. This operation utilizes
task requirements to attentively propagate information from hyper-
edges to nodes. This operation intuitively aligns with the human
reasoning process, where relevant rows or columns are identified
first, followed by a detailed examination of individual cells when
handling tasks that require structured knowledge.

Similarly, the node embedding hi, learned from multi-head at-
tentions are further processed with the residual connections, nor-
malization, and feed-forward layers, formally as below.

hif! = LN(FFLN (o™ + MLPSY (1)) +c85))  (8)
where khij(k) denotes the concatenation of the outputs of K-head
attention mechanism described in Equation (6)(7).

Through the adoptions of semantic-aware propagation and inquiry-
attentive integration in each PHL layer, the hypergraph neural net-
work attains a comprehensive understanding of the hierarchical
semantics embedded within structured data. This approach ensures
semantic consistency, comprehensively captures hierarchical depen-
dencies, and preserves the order invariance property of structural
relationships within the knowledge structure.

3.3 Structured Knowledge Integration

After completing the hypergraph learning process, the knowledge
linked to each cell, along with the columns, rows, and caption,
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is embedded in the representations of the nodes and hyperedges,
which are further integrated into the generation process of LLMs.

3.3.1 Encoding Structured Knowledge. By connecting each cell
node to the table hyperedge formed from the caption, as detailed
in Section 3.2.1, the hidden embedding he- effectively captures the
task-relevant structured knowledge of the entire table 7. Therefore,
h]gT is mapped to the token space of LLM using a projector 7.

©)

Here, the projected table embedding is denoted as e € R?, where
d’ denotes the dimension of the input tokens for the LLM. In HyperG,
the projector 7 is implemented using two linear layers, with a ReLU
activation function in between. The table embedding e is then
integrated into the token embeddings ey . = Tokppr(P2(x)) of the
task description prompt x at the designated placeholder position
labeled “Table Hyperedge” in natural language, as highlighted by
the bold text in the upper left corner of Figure 2.

ey =n(h})

(10)

where ey .pp_siare denotes all the prompt tokens preceding the
placeholder, ey ¢nq. denotes all the prompt tokens following the
placeholder. Additionally, éy represents the tokens that integrate
structured knowledge for further inference in the LLMs.

&y = (ex,:phfstart) (eq) (ex,phfend:)

3.3.2 Training. Given the task description, markdown table, and
the inquiry o in prompt x, structured table 7, our HyperG jointly
train the prompt-attentive hypergraph learning network with the
LoRA [16]. The supervised fine-tuning process can be expressed in
terms of the log likelihood loss. Given the input task description
prompt x and target output y from the training set O, there is,

T
E(x,y7eD Zlogpe(ytlylzz—l,x, T7) (11)
t=1
Here, the conditional probability distribution of the target genera-
tion output sentence y given prompt x is represented as pg(y|x) =
HtT:I x9(Yt|ly<s, x, T), where 6 denotes the model parameters and

T is the length of the generated sequence.

4 Experiments

To validate the effectiveness of HyperG, we have conduct extensive
experiments to answer the following research questions.

e RQ1: How does the proposed HyperG perform compared to
state-of-the-art (SoTA) methods when using various LLMs
as backbones across different downstream tasks?

e RQ2: How does the proposed HyperG retain the Order In-
variance of structural relationships?

e RQ3: How does HyperG retain the Semantic Consistency and
Hierarchical Dependencies of structural relationships?

e RQ4: How do the different components influence HyperG?

e RQ5: Is HyperG scalable to tables of different sizes?

4.1 Experimental Setups

4.1.1 Tasks. We validate HyperG on two levels of downstream
tasks as follows, with the statistics of the training data in Table 1.
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o Table Fact Verification (TFV). This task aims at assessing Hy-
perG in fact-checking. Specifically, we conduct experiments on
TabFact [48], which contains 16k Wikipedia tables used as evi-
dence for 118k human-annotated claims to explore fact verifica-
tion with semi-structured knowledge.

e Table Question Answering (TQA). To validate HyperG on fa-
cilitating LLMs to reason over structured knowledge and provide
better answers to user input questions, we test on the WiKiTable-
Questions [36] dataset, which includes 14,152 examples of open
question-answer pairs for training and 4,344 examples for testing.

Table 1: The statistics of training data.

Tasks  Answer Type ‘ #Graphs  Avg. #Nodes  Avg. #Edges  Inquiry Avg. len
TFV yes/no 1849 78.65 20.39 67.37
TQA open answer 10141 125.11 28.94 65.05

4.1.2  Baselines. We compare our proposed HyperG against 12 base-
line methods, categorized by their different ways of handling tables:
operation-based methods [39, 47, 53] that use external operations
like SQL queries and serialization-based methods [1, 45, 55] that
transform information in structures into sequences then prompt
into the LLMs. In terms parameter sizes, our comparison covers a
range of model sizes range from 2 billion to 70 billion parameters.
For a fair comparison, we evaluate the operation-based baseline
methods [39, 47, 53] using the same backbone LLMs (LLaMA3-8B-
Instruct, LLaMA3.2-3B-Instruct, Gemma-2-9B-It, and Gemma-
2-2B-It) as those used for our HyperG. To reduce the impact of
varying instruction-following abilities among different LLMs, we
adopt the instruction-tuned verions of all the selected backbone
LLMs in our experiments.

e GPT Family [34, 35] We use GPT-3.5-turbo and GPT-40-mini
models from the GPT family by OpenAl GPT-3.5-turbo offers
excellent cost-performance balance with fast inference, while
GPT-40-mini provides strong performance at lower computa-
tional costs, ideal for resource-constrained scenarios.

e LLaMA3 Family [45] We select LLaMA3.1-70B-Instruct, LLaMA3-

8B-Instruct, and LLaMA3.2-3B-Instruct from the LLaMA3 series.

The 70B variant excels at complex and long-context reasoning,

the 8B variant is optimized for instruction understanding and

generation, and the 3B variant offers rapid responses suitable for
resource-limited scenarios.

Gemma-2-It [1] is fine-tuned on Gemma-2 with user interac-

tions, focusing on task-specific adaptability while ensuring effi-

ciency through knowledge distillation from the very large model.

In this paper, we use the 2B, 9B, 27B variants of Gemma-2-It.

TableLlama [55] adopts LongLoRA to finetune on a dataset that

includes a diverse range of serialized tables and the corresponding

natural language task instructions.

Text-to-SQL [39] designs in-context samples to instruct LLMs

in generating SQL queries for answering questions.

e Dater [53] leverages LLMs to decompose the task into multiple
sub-tasks, utilizing SQL queries to address each sub-task.

o CHAIN-OF-TABLE [47] prompts LLMs through in-context learn-

ing to iteratively produce operations and update the table, thereby

constructing a reasoning chain in a structured format.

LoRA [16] is a widely used technique for efficiently fine-tuning

LLMs by updating a small number of low-rank weights.
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Table 2: Comparison of the performance of our HyperG and 13 baseline methods based on varying parameter sizes. The first
group of methods prompts LLMs with serialized tables, while the methods in each of the last four groups use the same backbone
LLMs. The best and second-best results are marked with bold and underline, respectively.

TFV TQA
Methods Backbones
Acc. Prec. F1 Denot. Acc. ROUGE-1 ROUGE-2 ROUGE-L
Gemma-2-2B-It [1] - 59.80 60.55 58.54 31.88 39.68 17.81 39.60
LLaMA3.2-3B-Instruct [45] - 54.90 56.66 54.89 24.77 35.11 16.62 35.07
TableLlama [55] LLaMA2-7B 70.04 71.27 69.39 24.63 28.07 13.95 27.98
LLaMA3-8B-Instruct [45] - 66.29 66.29 66.28 37.85 47.58 21.42 47.49
Gemma-2-9B-It [1] - 75.00 75.20 74.99 46.85 55.73 24.99 55.73
Gemma-2-27B-1t [1] - 7650 76.29 7594 33.96 61.39 27.88 61.31
LLaMA-3.1-70B-Instruct [45] - 79.16 79.67 79.12 55.71 64.71 29.14 64.70
GPT-40-mini [35] - 71.09 75.58 70.05 21.22 36.42 19.73 36.43
GPT-3.5-Turbo [34] - 62.03 70.86 58.27 19.96 33.69 18.67 33.63
Text-to-SQL [39] LLaMA3.2-3B-Instruct 57.80 58.33 56.33 28.84 35.22 12.89 34.79
Dater [53] LLaMA3.2-3B-Instruct 60.03 58.39 59.10 33.93 39.18 13.58 39.05
CHAIN-OF-TABLE [47] LLaMA3.2-3B-Instruct ~ 61.09 6049  60.49 17.14 26.81 12.97 26.67
LoRA [16] LLaMA3.2-3B-Instruct 5521  57.84  57.34 36.33 4251 19.71 4251
HyperG (Ours) LLaMA3.2-3B-Instruct 61.95 61.95 61.93 48.50 54.50 25.80 54.47
Text-to-SQL [39] LLaMAS3-8B-Instruct 69.72 67.20 69.63 39.24 48.28 20.07 47.79
Dater [53] LLaMA3-8B-Instruct 73.37 72.42 73.59 48.30 51.74 18.37 51.54
CHAIN-OF-TABLE [47] LLaMA3-8B-Instruct ~ 78.06  78.08  78.06 36.97 46.09 19.39 46.1
LoRA [16] LLaMA3-8B-Instruct 6632  67.16 6348 49.65 56.78 25.76 56.76
HyperG (Ours) LLaMA3-8B-Instruct 79.14  80.59 78.95 55.39 61.45 27.61 61.37
Text-to-SQL [39] Gemma-2-2B-It 51.28 51.15 52.81 34.62 45.89 18.39 44.71
Dater [53] Gemma-2-2B-It 55.68 54.82 57.55 40.95 55.30 19.13 55.11
CHAIN-OF-TABLE [47] Gemma-2-2B-It 57.66 61.49 57.56 38.23 45.94 18.52 45.81
LoRA [16] Gemma-2-2B-It 59.24 59.81 58.02 25.15 33.04 15.59 32.97
HyperG (Ours) Gemma-2-2B-It 60.64 61.78 60.64 41.80 47.70 22.01 47.70
Text-to-SQL [39] Gemma-2-9B-It 70.18 71.21 72.03 50.88 54.46 19.71 51.53
Dater [53] Gemma-2-9B-Tt 72.88 7160 7331 57.94 61.95 22.91 61.64
CHAIN-OF-TABLE [47] Gemma-2-9B-It 61.55 79.59 71.77 50.83 61.92 28.16 61.74
LoRA [16] Gemma-2-9B-It 75.56 75.69 75.56 31.72 53.42 24.30 53.39
HyperG (Ours) Gemma-2-9B-It 79.14  79.20  79.13 58.54 62.60 28.07 62.56
4.1.3  Evaluation Protocol. We evaluate the generation of LLMs 4.1.4 Implementations Details. For HyperG, we explore the learn-

enhanced by our proposed HyperG framework with respect to the
different tasks. For the TFV task, where the answers are either “yes”
or “no”, we employ accuracy, precision, recall, and F1 score as
the evaluation metrics. To mitigate the impact of option bias [38, 58]
in LLMs, we use a weighted version of all these metrics. For the TQA
task, where responses may take the form of sentences or phrases,
we adopt the following natural language evaluating metrics.

e Denotation Accuracy (Denot. Acc.) [37], following [22, 47],
measures how closely a response matches the ground truth an-
swer, regardless of the order of phrases in the answers.

o ROUGE-N measures the similarity between the LLM-generated
responses and the ground truth answers by comparing overlap-
ping n-grams, used to evaluate text summaries or translations
by quantifying shared word sequences. In this paper, we report
both ROUGE-1 and ROUGE-2 scores.

o ROUGE-L evaluates the similarity between the LLM-generated
responses and the ground truth answers by identifying the longest
common subsequence (LCS) and is used to assess the fluency and
coherence of the generated text.
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ing rates for the LoRA module within the range of {5e-5, 1e-5, 5e-6},
while applying scaling factors for the learning rate in the PHL
module (the novel hypergraph neural networks) and the projector
from {1, 10, 20}. We search batch sizes from {8, 16, 32}, and conduct
experiments over 1 to 4 epochs, utilizing an early stopping strategy.
Specifically, for the LoRA module, we fine-tune the Query, Key, and
Value projectors with a rank of 8, a LoRA alpha of 32, and a dropout
rate of 0.1. For the selected baseline models, we adopt the optimal
configurations from the HuggingFace! and accelerate inference
with vllm 0.5.42. All experiments in this paper are conducted on
two NVIDIA A800-SXM4-80GB GPUs. For further details, please
refer to our publicly released code linked in the Abstract Section.

4.2 Task Performance (RQ1)

Table 2 presents a comparison of the performance of our HyperG
with 13 baseline methods, encompassing both serialization-based
methods [1, 16, 34, 35, 45, 55] and operation-based methods [39, 47,

!https://huggingface.co/models
Zhttps://github.com/vllm-project/vllm
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53]. We evaluate their capabilities in structured knowledge using
the TFV task on the TabFact dataset [48] and the TQA task on
the WiKiTableQuestion dataset [36]. In Table 2, the first group
consists of serialized-based methods utilizing various LLMs, while
the last four groups compare the performance of our HyperG with
both state-of-the-art operation-based and serialized-based methods
across four backbone LLMs. The following observations can be
drawn from the performance results in Table 2.

e Our HyperG outperforms both the operation-based and

serialization-based methods based on LLMs. It can be found

in Table 2 that our HyperG consistently achieve competing perfor-
mances across both the TFV and TQA tasks. In general, operations-
based methods [39, 47, 53] achieves better outperform the meth-
ods [1, 16, 34, 35, 45, 55] of merely prompting LLMs with serial-
ized information, even when the models have been fine-tuned

on structural data [55]. This highlights the importance of main-
taining structures when reasoning about questions related to

structured data. Our proposed HyperG utilizes hypergraphs to

encode structural information, complementing the powerful nat-
ural language capabilities of LLMs. It demonstrates an average

improvements of 1.73% and 2.43% in accuracy on TFV and TQA,

respectively, when compared to the second-best performances

in each group. Upon reviewing the response examples, we found

that CHAIN-OF-TABLE [47] encounters difficulties in TQA due

to the loss of the question while reasoning over extended chains.
Our HyperG narrows the performance gap between large

and small LLMs, requiring only a modest number of ad-
ditional parameters. Table 2 shows that instruction-tuned

LLMs [1, 45, 55] with larger parameter sizes achieve better perfor-
mance with serialization compared to their smaller counterparts.
For instance, LLaMA-3.1-70B-Instruct achieves an accuracy of
79.16%, whereas LLaMA-3-8B-Instruct attains only 66.29%. Nev-
ertheless, our HyperG intergrated with LLaMA-3-8B-Instruct,

which adds approximately 189M parameters (roughly one-tenth

of the parameter difference between LLaMA-3-8B-Instruct and

LLaMA-3.1-70B-Instruct), achieves performance comparable to

the larger model across both tasks. HyperG provides average

improved accuracy of 6.22% and 15.72% on the four backbone

models regarding the two tasks, respectively. Similarly, HyperG

based on the Gemma-2-9B-It surpasses its 27B variant by 2.64%

and 2.58% in the TFV and TQA tasks with respect to accuracy,

respectively. This superiority is generalizable from the TQA task

to the TFV task, and is attributed to HyperG’s ability in encoding

enriched structured knowledge, enabling LLMs to produce more

accurate answers. Additionally, the results in Table 2 further

demonstrate that our HyperG enhances LLMs across parameters

sizes ranging from 2B to 9B.

Our HyperG delivers improvements in performance and

training efficiency compared to other SFT methods. As

Supervised Fine-Tuning (SFT) is required in our HyperG, we com-
pare it to the other two SFT baseline methods: LoRA [16] and

TableLlama [55]. First, HyperG demonstrates significant improve-
ments, achieving an average enhancement of 6.13% in accuracy

and 15.22% in denotation accuracy [37] over LoRA for the TFV

and TQA tasks, respectively. While LoRA is widely recognized

as an efficient tool for instruction tuning, it proves less effective
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Figure 4: Performances of HyperG under different variances
of order simulated by shuffling,.

when applied to smaller-scale LLMs, such as Gemma-2-2B-It,
particularly for reasoning over serialized structured data. This
limitation highlights the challenges of adapting LoRA to tasks
requiring nuanced structural understanding. Furthermore, when
compared to TableLlama [55], which is fine-tuned on a bench-
mark involving serialized structured knowledge, HyperG pro-
vides a more efficient solution by fine-tuning on 189M additional
parameters with very limited training data (see Table 1). These
observations reinforce our earlier assertion that serialization-
based methods can undermine the preservation of structures,
further highlighting the necessity of HyperG in enhancing LLMs
to fully utilize such knowledge for improved reasoning.

4.3 Order Invariance (RQ2)

In contrast to natural language, where changes in word order can
modify the meaning of a sentence, rearranging rows or columns
in a table does not affect its meaning. In HyperG, this invariance is
handled with hyperedges, which represent rows and columns, are
inherently unordered within the structure of hypergraphs. To assess
how our proposed HyperG framework helps the LLM maintain the
Order Invariance of structural relationships, we shuffle the rows in
the test data to evaluate HyperG’s robustness to order variations.
Specifically, we randomly sampled a subset of tables from the

TFV testing set and performed shuffling of the rows and columns

respectively within each sampled table to introduce variability and
evaluate the performance of our proposed HyperG. Figure 4 displays
the performances of HyperG which uses LLaMA3-8B-Instruct as
the backbone model, across different shuffle ratios. The x-axis rep-
resents the sampling ratio, while the y-axis indicates performance
scores with respect to accuracy, precision, and F1 score. As decipted
in Figure 4, HyperG framework demonstrates stable performance
despite variations in row and column order. The accuracy variance
of 0.0109 for row shuffling and 0.00043 for columns shuffling, re-
spectively. This stability underscores the robustness of HyperG in
maintaining structural representation integrity from the perspec-
tive of order invariance, thereby validating our previously stated
rationale for employing hypergraphs.

4.4 Semantic Consistency and Hierarchical
Dependencies (RQ3)

Beyond quantitative metrics, we also conduct qualitative evalua-

tions to investigate whether HyperG retains semantic consistency
and hierarchical dependencies of structural relationships during
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‘ [Caption] bosse field ‘ ‘ [Augmented Caption] Overview of Evansville baseball teams at Bosse Field

Team Sport League Played Class Championships

evansville braves baseball three-| league 1946-1957 b three - i league title 1946, 1948 , 1956, 1957

evansville white sox ~ baseball southern league 1966-1968 none none

evansville triplets baseball  american association 1970-1984 aaa  american association title 1972 , 1975, 1979

evansville otters baseball frontier league 1995-present  indp frontier league title 2006

[Claim] The evansville triplet baseball team be in the aaa class.

Team  Sport league Played Class  Championships [3rd Row Description] The row corresponds to the

Evansville White Sox, a baseball team that played
in the Southern League from 1966 to 1968 and had
o o o a missing class, with no championships won.

Sirui Huang et al.

Table 3: The ablation study results of HyperG using LLaMA3-
8B-Instruct as the base model on the TFV task. Red signifies
degradation in percentage.

TFV
Methods
%Acc. %F1 %Prec. %Recall
HyperG (Ours) 77.20 0.00 77.46 0.00 79.98 0.00 77.20 0.00
w/o PHL 70.96 |6.24  70.86 |6.60  71.35 |8.63  70.96 |6.24
w/o PHL, w/ HGNN 7270 |4.50  72.54 [4.92  73.03 |6.95 7270 |4.50
w/o Inquiry Emb. 72.63 |4.57 7339 |4.07 7422 |576  74.22 |2.98

0.19 0.20 0.29

[4" Row Description] The row corresponds to the
Evansville Triplets, a baseball team that played in
the American Association from 1970 to 1984 and
won three championships in 1972, 1975, and 1979.

0.34 035

0.22 0.25 0.29

cell nodes — row hyperedges

(a) Case 1.Information about the baseball teams at Bosse Field.

[Caption] 1961 VFL season

Home Team Away Team Venue Crowd Date
Hawthorn North Melbourne Glenferrie oval 14000 5 August 1961
Essendon Geelong Windy hill 27500 5 August 1961

Collingwood Footscary Victoria part 16889 5 August 1961

Carlton South Melbourne Prince park 16889 5 August 1961
Sk kilda Melbourne Junction oval 33100 5 August 1961
Richmond Fitzroy Punt road oval 15547 5 August 1961

[Claim] during the 1961 VFL season , junction oval venue record the highest crowd participation l

Home Away Venue Crowd Date Home Away Venue Crowd Date
0.12 0.13 0.14 033 0.30 0.14 0.14 013 0.15 0.15
0.14 0.16 0.16 0.50 0.41 0.16 0.15 0.15 0.19 0.16
0.14 0.17 0.26 0.51 0.49 0.16 0.16 0.15 0.16 0.16
0.14 0.16 0.25 0.50 0.45 0.16 0.17 0.19 0.18 0.24
0.19 0.29 0.33 0.55 0.49 0.22 0.20 0.22 0.24 0.25
0.13 0.15 0.20 0.24 0.24 0.15 0.15 0.15 0.16 0.17

cell nodes — column hyperedges cell nodes — the table hyperedge

(b) Case 2. The results of the 1961 Victorian Football League (VFL).

Figure 5: Visualization of the weights between cell nodes and
different hyperedges in two random cases.

reasoning. In Figure 5, we randomly selected two cases and vi-
sualized the attention weights between each cell node and the
hyperedges associated with the claim’s content. This visualization
provides insights into how HyperG prioritizes and propagates in-
formation between table elements and their relevance to the given
queries/claims, specifically demonstrating its ability to maintain
semantic consistency and hierarchical dependencies.

The semantic consistency in structural realtionships suggests
that cells in the same column are similar in semantics. In Case 1,
the claim pretains to the class of a team named “evansville triplets”.
HyperG first augmented each row with easy-to-understand natural
language descriptions based on the row context, as shown in the
bottom right of Figure 5. This augmentation enables HyperG to
better interpret cells with specific missing values (“none” in the
“Class” columns), leading to similar weights for these cells and their
counterparts within the same column. In Case 2, the claim queries
about the highest crowd participation, which requires examining
the “Crowd” column to identify the largest number. Though the
crowd numbers for these teams vary, the weights assigned to the
column hyperedges are similar thanks to the augmented column
descriptions (omitted here) and the Semantics Hypergraph Con-
struction (SHC) in HyperG. This is more evident in the weight
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matrix associated with the table hyperedge shown in the right bot-
tom of 5 (b). Even though the venue names are quite different, the
cells in the "Venue" column share similar weights.

The Hierarchical Dependencies refers to the hierarchy across
cells, columns, rows, and the whole table. As depicted in Figure 5,
the attention of HyperG is primarily focused on the cells and the
rows/columns related to the claim. This focus extends from cell
nodes to row/colum hyperedges, and then the table hyperedges,
gradually diminishing in intensity. For example, in Figure 5 (b), the
weights assigned to the queried cell “Junction oval”, the evidence
cell “33100”, and the relevant column “Crowd” exceed the average
weights of 0.27 and 0.16 in the weight matrices corresponding to
the column hyperedges and the table hyperedge, respectively. This
demonstrates how the attention mechanism spans the hierarchical
structure, emphasizing specific elements within the table.

4.5 Ablation Study (RQ4)

We are also curious about the contribution of each component in
HyperG contributes to the enhancements of HyperG. As shown in
Table 3, we successively removed the proposed prompt-attentive
hypergraph learning (PHL) module, substituted the PHL module
with HGNN [13], and removed the LLM-based argumentation. Note
that this ablation study is conducted under hyperparameters setting
different from those used for the results in Table 2.

It can be observed from the experimental results in Table 3 that
the original framework of our proposed HyperG delivers the best
performance on verifying the factual knowledge stored in struc-
tured data. Firstly, removing the PHL module and directing the
semantic embeddings directly to the projector results in a 6.24%
reduction in accuracy. Furthermore, to examine the role of hy-
pergraph neural networks in enhancing LLMs’ comprehension of
structured knowledge, we replace our proposed PHL module with
the classical HGNN [13], leading to a 4.50% decrease in perfor-
mance compared to HyperG, as shown in the third row of Table
3. This performance degradation highlights the effectiveness of
hypergraphs in representing structured knowledge. Specifically,
We attribute this decline to the inability of HGNN to adequately
leverage the information encoded in hyperedges for node updates
during propagation. Additionally, we explore the impact of incorpo-
rating the inquiry embedding in the PHL module. As demonstrated
in the last row of Table 3, removing the inquiry embedding causes
a substantial 5.76% drop in precision and a more moderate 2.98%
decline in recall. This suggests that incorporating inquiry embed-
dings helps LLMs mitigate the bias toward over-generating positive
responses, fostering more cautious reasoning by integrating the
essential inquiry within prompts when processing structured data.
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Figure 6: Performances of HyperG on tables of different sizes.

4.6 Scalability (RQ5)

Scalability is a critical concern, as large tables pose significant chal-
lenges for LLMs, which often struggle to interpret and integrate con-
text from lengthy prompts [30, 54]. To evaluate the performances
of HyperG on tables of varying sizes, we divided the testing tables
in [48] into three classes: small (#rows < 5 and #columns< 5),
medium (6<#rows<10 and 6<#columns< 10), and large (#rows>
10 and #columns> 10). We compare the performance of LLaMA3-
8B-Instruct [45], Dater [53], and HyperG, with LLaMA3-8B-Instruct
serving as the backbone model for all.

As illustrated in Figure 6, with the table sizes increases there
are generally declines in all of the models. HyperG demonstrates
relatively stable performance in precision with a variance of 8.84,
surpasses LLaMA3-8B-Instruct of 10.87. For small tables, HyperG
surpasses Dater in precision and recall by 6.39% and 7.42%, respec-
tively. However, Dater demonstrates superior recall performance
compared to HyperG for medium and large tables. Upon careful
examination and analysis of the true positive cases, we found that
this is primarily due to the LLMs in Dater being inclined to generate
positive answers. This is also benefits from its effective approach of
decomposing queries and tables into sub- questions and sub-tables.
The declines of HyperG in larger tables are primarily observed in
recall. We attribute this to the limited number of hypergraph learn-
ing layers and aim to address this issue in the future through more
sophisticated graph techniques.

5 Related Works

Large Language Models (LLMs) excel in a broad spectrum of gen-
erative tasks [4, 9, 20, 29, 49] but face challenges when processing
structured knowledge, such as tabular data [17, 18, 57]. Significant
efforts have been made to enhance the capabilities of generative
models [26, 27]. Specifically, prior efforts to enhance LLMs’ capabil-
ities in handling structured knowledge can be broadly categorized
into two main approaches: serialization-based methods [15, 21, 33]
and operation-based methods [22, 25, 32, 47, 52]. Serialization-based
methods convert structured data into a linear sequence of tokens,
similar to how unstructured textual data is formatted for input into
LLMs. TableLlama [55], a pioneering approach to enhancing LLMs’
performance on tabular data, is fine-tuned on the proposed Table-
Instruct dataset, which comprises serialized tables and task-specific
instructions for several representative tabular tasks. However, when
dealing with highly complex tables or graphs, inquiry-relevant
knowledge may be overlooked within the excessively long seri-
alized token sequences [28, 56]. The second category of methods
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resort to one or a series of operations such as SQL queries to help
LLMs reason over structured data [22, 25, 32, 47, 52]. For example,
Chain-of-Table [47] iteratively samples operations to select specific
portions of the table that are tailored to the inquiry. Dater [52]
transforms the sub-questions generated by CodeX [5] into SQL
queries, enabling step-by-step multi-hop reasoning. Although these
operation-based methods effectively locate the inquiry-relevant
knowledge from structured data, they struggle when the target cell
or neighboring cells contain missing or incomplete information.
As messages propagate through the structures in Graph Neural
Networks (GNNs), efforts have been made to integrate GNNs with
LLMs to address structured knowledge more effectively [3, 19, 31,
40, 44, 51]. For example, Chai et al. [3] uses a transformer module
to encode the structured knowledge in graphs as the prefix of
inputs to the LLMs. Additionally, graphs serve as powerful tools for
representing tabular data [6, 23]. HGT [23] explicitly models tables
as graphs by connecting various components within the tables to
enhance LLM capabilities. Furthermore, HYTREL [6] is particularly
relevant to our HyperG as it also empolys hypergraphs to represent
tabular data, but it overlooks incorporating the semantics of task
within prompts during message propagation. To the best of our
knowledge, we are the first to leverage hypergraphs to enhance the
capabilities of LLMs in handling structured knowledge.

6 Conclusion

In this paper, we present a novel hypergraph-based generation
framework, HyperG, designed to enhance the understanding and
reasoning capabilities of Large Language Models (LLMs) when deal-
ing with knowledge structurally stored. The primary objective of
HyperG is to tackle the challenges arising from complex structural
relationships and data sparsity, such as incomplete cell information,
within structured data. By employing a novel prompt-attentive hy-
pergraph learning (PHL) module, HyperG effectively propagates
information across high-order group dependencies, capturing in-
tricate connections within the data. Comprehensive experiments
across three distinct tabular tasks consistently demonstrate the
impact of HyperG on enhancing the performance of LLMs with
different parameter scales. We envision HyperG as a solution for
enhancing LLMs in a broader range of applications which requires
nuanced understanding of structured information.
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