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LLM reasoning with the support of local data storage

Towards LLM limitations
Changes & data freshness
Data privacy & intellectual property
Explanation
Domain knowledge
Costs from huge LLM size
Hallucination
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Documents
CWQ (2017), SQuAD (2018), 
NaturalQuestion (2019), …
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Documents
Data Lakes

(Tabular Data, Documents)
Table QA: WikiTableQuestion (2015) 

Table + Text QA: HybridQA (2020), FinQA (2021)
… 

Min, Dehai, et al. "Exploring the Impact of Table-to-
text Methods on Augmenting LLM-based Question 
Answering with Domain Hybrid Data." NAACL 2024 
(Industry Track)

CWQ (2017), SQuAD (2018), 
NaturalQuestion (2019), …
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• Enhancing LLMs in Domain-Specific Question Answering

Ø Domain-Specific Fine-Tuning (DSFT)

Ø Retrieval-Augmented Generation (RAG) 
Both rely on domain-specific corpus

• Real-World Data Consists of Hybrid Data (Text and Tables)

Common in : Scientific Literature , Medical Reports, etc.

Tables alongside text provide :

o Supplementary or complementary information

o Enhancing the understanding of the content
Domain Documents

Text Tables

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)
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• Generates natural language statements that faithfully describe the information in the 

provided table

• Transforms hybrid data into a unified natural language representation

• Preserves the semantic connections between the data

The 6 GHz band offers a channel bandwidth 
of 320 MHz. It can reach a peak data rate 
of 11.53 Gbps (gigabits per second). The 5 
GHz band has a channel bandwidth of 160 
MHz. Its peak data rate is 5.765 Gbps ...

Table-to-Text 
Generation

Table-to-Text Generation

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Research Gap
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• The lack of comparative analysis on how different table-to-text methods affect 

the performance of domain-specific QA systems.

Address this research gap: 

• Step 1: Innovatively integrates table-to-text generation into the LLM-based Domain QA 

framework

• Step 2: Conducts extensive experiments with different table-to-text methods on two types 

of QA systems 

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Building Domain Corpora with Table-to-text
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o TPLM-based method: fine-tuning Traditional Pre-trained Language Models (TPLMs), suck as BART.

o LLM-based method: utilize LLMs in a in-context learning setting.

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Building LLM-based QA Systems with Domain 
Corpora
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System1 - DSFT:

o Step 1: Incrementally pre-train the LLM 

on the domain corpus

o Step 2: Instruction tuning on the QA task

System 2 – RAG:

o LangChain framework

o Dense Passage Retriever (DPR) method 

for information retrieval

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Dataset
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ICT-DATA:

o Real-world industry hybrid dataset

o Based on 170 technical documents related to ICT (Information and Communication 

Technology) products

o 178 million words, 6GB text storage size

o Table data accounts for about 18% of the total word count

ICTQA:

o 9k questions with long-form answers

o Test set:  500 questions, whose answers involve knowledge from both tables and text. 

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Evaluation Metrics

31/10/2024 12

Automated Evaluation:

o GPT-4 as an evaluator

o In-context learning: one demonstration

o Range: 0 to 5,  discrete values. larger denotes better

o Based on helpfulness and similarity to the golden answer

Human Evaluation:

o 3 evaluators with domain knowledge

o Same scoring criteria with GPT-4

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Experiment Settings
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DSFT Paradigm:

o Meta's OPT (1.3B to 13B)

o Llama2-base (7B, 13B)

o QLoRA for pre-training and instruction fine-tuning

RAG Paradigm:

o Llama2-chat (7B, 13B, and 70B) 

o GPT-3.5-turbo

o BGE model for DPR embedding

o Top-3 relevant text chunks based on similarity

Fair Comparison:  the same 
setting on four different corpora 
(table-to-text generation 
methods).

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)
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Relative Score Differences (RSD):

• 2.8% to 9.0% in human evaluation 

• 4.8% to 16% in GPT4 evaluation

significantly impact the performance of systems

Performs well in DSFT paradigm:

• LLM-based method

• TPLM-based method

Performs well in RAG paradigm:

• LLM-based method

• Markdown format (surprise!)
Workshop on Large Language Models for Knowledge Engineering 

(University of Stuttgart)
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RQ: What are the potential reasons for their different performances?

In DSFT Paradigm:

Absolute frequency of verbs and terms contained in the corpora Ci generated by different methods.

higher frequency of domain-specific terms and verbs leads to better system performance.

• *LM-based methods tend to supplement the domain entities as subjects/objects.

• Template methods use more pronouns, and monotonous predicates.

• Markdown format only retains the original content in the tables.

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)
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RQ: What are the potential reasons for their different performances?

In RAG Paradigm:

A t-SNE visualization of chunk clusters in the embedding space. 

Under the same LLM reader setup:

Retrieval accuracy

RAG performance

Semantic representations quality

Retrieval-friendly method: LLM-based Markdown format

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Observations
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Some practical suggestions for choosing table-to-text methods Ready-to-use tips

DSFT Paradigm:

o LLM-based method (Pros: best performance; Cons: GPU/API cost, Data leakage risks)

o TPLM-based(Can well-tuned on this task. A good alternative for LLM)

RAG Paradigm:

o LLM-based method

o best performance

o Markdown format (viable substitute)

ü easy-to-use

ü GPU-Free
More Concise Text

Less Memory Costs
Less GPU Costs
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Documents
Data Lakes

(Tabular Data, Documents)
Table QA: WikiTableQuestion (2015) 

Table + Text QA: HybridQA (2020), FinQA (2021)
… 

Knowledge Graphs (KGs)
WebQSP (2016), LC-QuAD (2017), GrailQA (2021), …

Wu, Yike, et al. "CoTKR: Chain-of-Thought 
Enhanced Knowledge Rewriting for Complex 
Knowledge Graph Question Answering." EMNLP 
2024.



KG-augmented LLM for QA 

• KG QA with Retrieval-augmented Generation
 
• Challenge: transform question-related subgraphs into natural 

language (knowledge rewriting) that LLMs can understand while 
preserving the structural information

• This work: design a novel knowledge rewriting method for KGQA

31/10/2024 19Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Previous Knowledge Rewriting Methods
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Triple

• Concatenate the subject, predicate, and object of a triple

• No need for additional models for knowledge rewriting

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Previous Knowledge Rewriting Methods
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KG-to-Text

• Transform facts into free-form text with a KG-to-Text model

• Address the limitations of LLMs in understanding structured triple-form text

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Previous Knowledge Rewriting Methods
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Summary

• Convert triples into a question-relevant summary

• Alleviate the issue of redundant contextual knowledge

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)
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CoTKR: Chain-of-Thought Enhanced 
Knowledge Rewriting
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Our knowledge rewriter alternatively conducts reasoning and summarizing.

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Extending CoTKR with Training
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• Stage 1: Supervised Learning with knowledge distilled from ChatGPT 

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)

Extending CoTKR with Training
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• Stage 2: PAQAF: 
Preference alignment 
from Question 
Answering Feedback



Experiment Settings
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• Benchmark

    GrailQA, GraphQuestions

• Large Language Models

     Knowledge Rewriter: Llama-2-7B-Chat, Llama-3-8B-Instruct, ChatGPT.

QA model: ChatGPT, Mistral-7B-Instruct-v0.3.

               
Workshop on Large Language Models for Knowledge Engineering 

(University of Stuttgart)
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Retrieval Methods

2-Hop: Retain 30 triples from the 2-hop subgraph of the head entity, prioritizing 
those with higher semantic similarity to the question.

BM25: Linearize the 1-hop subgraph of the entity as the article. We take the top 
30 triples corresponding to the candidate documents as the retrieval results.

Ground Truth Subgraph (GS): We modify the SPARQL queries from the datasets 
to obtain the ground truth subgraphs. These subgraphs represent the results of 
an ideal retriever.

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)
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Evaluation Metrics

Accuracy (Acc) measures whether the generated answer includes at least one 
correct answer entity.

Recall measures the proportion of correct entities present in the model's 
response.

Exact Match (EM) evaluates whether the response contains all the answer entities.

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Main Results
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• CoTKR surpasses the baselines, 
     demonstrating its effectiveness.

• CoTKR+PA matches or outperforms 
ChatGPT as a knowledge rewriter, 
demonstrating the effectiveness of 
the training framework.

• A well-crafted knowledge 
representation is crucial for LLM 
used in KGQA.

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Impact of Retrieval Methods
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• 2-Hop: may be insufficient for challenging questions, but suitable for simpler ones.
• The design of a high-quality retriever remains an open problem.
• CoTKR performs best across various retrieval methods

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)
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Documents
Data Lakes

(Tabular Data, Documents)
Table QA: WikiTableQuestion (2015) 

Table + Text QA: HybridQA (2020), FinQA (2021)
… 

Knowledge Graphs (KGs)
WebQSP (2016), LC-QuAD (2017), GrailQA (2021), …

CWQ (2017), SQuAD (2018), 
NaturalQuestion (2019), …

Multi-modal data
MultiModalQA (2021), …
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Documents
Data Lakes

(Tabular Data, Documents)
Table QA: WikiTableQuestion (2015) 

Table + Text QA: HybridQA (2020), FinQA (2021)
… 

Knowledge Graphs (KGs)
WebQSP (2016), LC-QuAD (2017), GrailQA (2021), …

CWQ (2017), SQuAD (2018), 
NaturalQuestion (2019), …

Multi-modal data
MultiModalQA (2021), …

Ontologies ?



Ontology in RAG (Open Questions)

• How to support knowledge retrieval with ontology embedding?

• How to combine ontologies with data lakes and/or KGs?

• Can we use ontology to manage and integrate the data sources and 
snippets for RAG? 

How to design and construct such an ontology from data? 

31/10/2024 34Workshop on Large Language Models for Knowledge Engineering 
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Documents
Data Lakes

(Tabular Data, Documents)
Table QA: WikiTableQuestion (2015) 

Table + Text QA: HybridQA (2020), FinQA (2021)
… 

Knowledge Graphs (KGs)
WebQSP (2016), LC-QuAD (2017), GrailQA (2021), …

CWQ (2017), SQuAD (2018), 
NaturalQuestion (2019), …

Multi-modal data
MultiModalQA (2021), …

Ontologies ?

Attribution
Hu, Nan, et al. "Benchmarking large language 
models in complex question answering 
attribution using knowledge graphs." 2024.
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31/10/2024 36Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Research Problem

• How to evaluate the attribution of QA systems?

Manul evaluator

Automatic evaluator

What is the reliability of an automatic evaluator? 

31/10/2024 37Workshop on Large Language Models for Knowledge Engineering 
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Complex Attributed QA (CAQA) Benchmark
• Expect: each answer associated with a gold attribution of supportive, partially 

supportive, contradictory, and irrelevant 
• Input: a KGQA dataset (question annotated by SPARQL query)

31/10/2024 38Workshop on Large Language Models for Knowledge Engineering 
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Query types: Single-triple, path-like, tree-like



Complex Attributed QA (CAQA) Benchmark

• Different 
complexities in 
reasoning

31/10/2024 39Workshop on Large Language Models for Knowledge Engineering 
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Complex Attributed QA (CAQA) Benchmark
• Query Expansion
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Complex Attributed QA (CAQA) Benchmark

• GPT-3.5-turbo for text generation

• GrailQA & WebQuestionsSP
• Freebase

• CAQA: 161K samples

31/10/2024 Workshop on Large Language Models for Knowledge 
Engineering (University of Stuttgart) 41
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Results

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)
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Documents
Data Lakes

(Tabular Data, Documents)

Benchmarking Table-to-Text in LLM-based 
QA (NAACL’24) Knowledge Graphs (KGs)

CoTKR: Chain-of-thought and fine-turning 
based method for triple rewriting (EMNLP’24)Multi-modal data

Ontologies

Attribution Benchmarking attribution evaluators by 
constructing benchmarks from KGQA (2024)

Future directions

Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)



Summary (Ontology, LLM, RAG)

• How to support knowledge retrieval with ontology embedding?
e.g., HiTs (NeurIPS’24), OWL2Vec* (MLJ 2021), Box2EL (WWW’24) 
Ontology Embedding Survey (2024, https://arxiv.org/abs/2406.10964) 

• How to combine ontologies with data lakes and/or KGs?

• Can we use ontology to manage and integrate the data sources and 
snippets for RAG? 

How to design and construct such an ontology from data? 
E.g., the DeepOnto library (https://github.com/KRR-Oxford/DeepOnto), Data Lake 
Schema Inference (ongoing) 

31/10/2024 44Workshop on Large Language Models for Knowledge Engineering 
(University of Stuttgart)

https://arxiv.org/abs/2406.10964
https://github.com/KRR-Oxford/DeepOnto


Thanks for your attention

Q&A
jiaoyan.chen@manchester.ac.uk
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