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OVERVIEW Query Extractor

Various domain-specific knowledge graphs (KGs) have il proliemans Sl ek s - Translate received natural language question into graph

been curated to host factual knowledge in e.g., science. ‘eaches Databases are in CSDS 4337 pattern query, O.
Answer: Prof. WU‘ - By prompting LLMs through prompt generator module.

Query Transformer

- Transform 1nitial graph query O to be more
semantically relevant to the KG.
- With Pattern-of-Thought (PoT) prompting technique.

GraphLingo

Challenges: -
- Domain experts are still expected to write complex r =S Y

queries, €.2. SPARQL, to access the KGs.
- LLMs are good at Q&A, but lacks factual, domain

knowledge leading to problems like hallucination. Prompt Generator

- Can we have a KG Q&A system that marries the | ; . .
- Context: Prof. Wu teaches i’ \ - Brlde the communication

merits of both graph search and LLM? Generator  (sps 433. cSDS 433 has | | . .
topic Databases. N e ; between graph processing

. | 16y modules and the LLM.
GraphLingo: A KG Q&A tool that synchronizes §feac§es Satehasest /| _ Automatically  generate (A

domain-specific KGs and LLMs to guide users in | 5 prompts based on induced (W
exploring domain knowledge with natural language. sub-patterns.
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Context:

GraphLingo Framework

L.I1.M-enhanced Queryv Processor Ak GraphLingo G
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teach concepts, techniques and tools to acquire, clean

What courses should | take for graph | | _
LLM Qu ery P rocessor knowled::e ; U f grap | niroduction fo Data Scnenge_ and Engineering @awfs CaCO3-TiO2

)
- ° To gain knowledge in graphs, you should S Which materials have peaks .
Preference-aware Exploratlon . consider taking the following courses: in the 26 range of 24° to 30°?
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: understand graphs ,
1. Introduction to Data Structures (CSDS grap NCSU characterizes

- Allow users to pose ad-hocly a  E— wwsmoomsoiye (@) e =
tunable  preference, to explore 3. Web Data Mining (€505 339). & O In CT HTK1200.xrdml
. . 99 'HTK1200.xrdml’ uploaded
knowledge in a more “explorative” or i GraphLingo C X I byK Jones from NCSU. s . -

Specifically, there are
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Explorative Rate: * ; significant peaks associated uploadedBy

“conservative’ manner. < b B 20

To gain knowledge in graphs, you should component around 29.4° 26 K.Jones calculatedFrom

consider taking the following courses: ‘ understand graphs and the TiO2 component,
' particularly for the anatase

- Diversely selecting answers ifrom the |
. . 1. Introduction to Data Structures (CSDS 5 doscribas phase around 25.3° 26. Peaklist
union set of result triples from the KG et Dt Sl S pas 2" Pojectin Computer Scence .

(CsDS312). | ke o/ isGoalOf
and LLM : 3. Senior Project in Computer Science b dicafian g\as

(CSDS 395).
‘ Introduction to Data Structure
Additionally, you can explore elective & \.;

( ]‘ o >‘) Z ICV (6 . Q) + )\ Z Sim ( o ] Q) courses or specialized courses in )

algorithms, network analysis, or graph Software Systems

e€Q(GQ) ecL(EQ) theory offered by your university's Y
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