Instruction Tuning for Large Language Models with Graphs

Jimyeung Seo (A X|E)

Supervisor: Byungkook Oh

Graph & Language Intelligence Laboratory
Department of Computer Science and Engineering

Konkuk University 202507.03



CONTENTS

1. Training Large Language Models
* Pre-training
* Fine-tuning
* In-context learning

2. Instruction Tuning
« Dataset Construction
* Instruction Tuning with Graphs
 Evaluation

3. Limitations

4, Future Works



Training Large Language Models

Pre-training

 Learnto recognize and predict language patterns
* Allows them to generate coherent text and respond to various prompts

Input Tokens P Output Tokens
Step 1 B —»-f\l?gcod?r/\‘ —{ | |am
an ‘,/\ ..................................
- - - —_— e s - —ptl '
= = = C.“J’a Step 2 I Jam Recod/e} | fam]happy
(L1l : -/ :
Tons of text data Boce LLM , .............................................................................
(web, wiki, books, ete.) : N
/ .
Step 3 | Jam| happy ———»xDecodel;,\-- —— | | |am|happy |[<sTop Toxen>
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Training Large Language Models

Pre-trained Model (Llama-3-8B)

 Text generation based on knowledge from text data

Inference Providers new B Featherless Al
[1» Text Generation Example2 v
In Choseon Dynasty in Korea, Great King Sejong had

a dream that all people of his country can speak the
same language. He created the Korean alphabet |

Compute ctrl+Enter

/> liew Code @ 5.8s &3 Maximize
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Training Large Language Models

Pre-trained Model (Llama-3-8B)

» Hallucination

Inference Providers wew B Featherless Al

[z Text Generation Example2 v

In Choseon Dynasty in Korea, Great King Sejong had
MacBook Pro 15-inch Retina Display (2.6GHz Intel
Core i7, 16GB

Compute ctrl+Enter

o> View Code © 4.7s
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Training Large Language Models

Pre-trained Model (LIlama-3-8B)

 Code generation QA
Inference Providers wew B Featherless Al Inference Providers new B Featherless Al
& Text Generation Examples v [1# Text Generation Example 2 hd
Give me c++ code for factorial calculation. What is the capital city of South Korea? What is the
This is a recursive function. population of South Korea? What is the official
[/ factorial is the function which will calculate language of South Korea? What is the

factorial of any number.

Compute ctrl+Enter Compute ctrl+Enter

«» View Code 2 7.0s B Maximize ¢ View Code © 5.4s Bl Maximize
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Training Large Language Models

Fine-tuning

« EX taskLtdomain0f| 2t= DEIS OE7| Q|&t

SPe.c?'F‘qc know|e.o‘5re. base

l

999 — &% &

Tons of text data Rase LIM Fine-tuned LLM
(web, wiki, books, ete.)
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Training Large Language Models

Fine-tuning

* QA example: medical meadow wikidoc

&@ medical_meadow_wikidoc © © like

Sample Medical Meadow Data

input
string

Can you provide an overview of the lung's squamous cell carcinoma?

What does "Clear: cell® mean?

Can you provide me with information regarding statins?

What are the historical background and symptoms of Candida-induced vulvovaginitis?

What does the "Hypotension: Resident Survival Guide” refer to?
How prepared are hospitals for Ebola?

Can you provide a brief summary of Hashimoto's thyroiditis?

What is the information regarding storage disease type II and glycogen?
What is the proper treatment for Lymphangioma?

What is the definition of community-acguized pneumenia?

Konkuk university

medalpaca

output
i

Squamous cell carcinoma of the lung may be classified according to the WHO histological classification
system into 4 main types: papillary, clear cell, small cell, and basaloid.

Clear cell tumors are part of the surface epithelial-stromal tumor group of Ovarian cancers, accounting
for 6% of these neoplastic cases. Clear cell tumors are also associated with the pancreas and salivary..

Two Japanese scientists commenced research into inhibitors of HMG-CoA reductase in 1971 reasoning that
organisms might produce such products as the enzyme is important in some essential cell wall components...

Symptoms of vulvovaginitis caused by Candida species are indistinguishable and include the following
Pruritus is the most significant symptom Change in the amount and the color of vaginal discharge: It is..

Hypotension is the term for low blood pressure (BP). A systolic BP measuring less than 98mmHg and/ or
diastolic BP of less than 6@mmHg is considered hypotension. A difference of 20 mmHg systolic BP and 16..

Acute healthcare facilities can serve one of three roles: frontline healthcare facilities, Ebola

assessment hospitals, and Ebola treatment centers. To create a coordinated, networked approach, state an..

Hashimoto's thyroiditis must be differentiated from other causes of thyroiditis, such as De Quervain's
thyroiditis, Riedel's thyroiditis, and suppurative thyroiditis. Hashimoto's thyroiditis must be

The health care provider will perform a physical exam. There may be signs of: Delayed puberty
cardiomegaly Stunted growth or failure to grow Cardiomyopathy Muscle weakness Tests that may be done..

The mainstay of thezapy for lymphangiems is suzgezy. Treatment for lymphangioma involves the zemoval of

the abnormal tissue; however complete removal may be impossible without removing other normal areas. Mosw.

complications, including sepsis, zespiratory failuze, pleuzal effusion, and empyema, may occur despite
appropriate antibiotic treatment. Complications are associated with bacterial pneumonia more frequently

https://huggingface.co/datasets/medalpaca/medical_meadow_wikidoc
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Training Large Language Models

In-context Learning

« Prompt LH2| BH2FX01 o|0|(in-context)S 20| SH56I0 HAI0| U= EH
A
o
v' ZH:model update §i0| Z2= & =0 Hot= =55 P A
* 37FX|CHEHRIGA
v' Zero-shot learning: 2 20| k& IPHOIM 2 X Sl MZ2 classE Q1AIE 4= Qe
v' One-shot learning: 2t classOf| CHSH St St Gf|A |2t X{| 2350 2Z0| 1 classE Q!
= A=

v Few-shot learning: =2 AZ2| H|0|E{2 2 0| 8510 A{Z2 taskLt classE HIEH| ef&56t

—e
[==R-7
=/ =
Zero-shot One-shot Few-shot
p—— r— ——
Prompt : f | Prompt : | F‘roapt‘: - r
‘0l Hots W2 XFSH" ats 2| ZH ooy | | O S%E UT XTEH S A Ol S%t= 1R xIEH" -> 235
' GEE T '3 S AT - 0 oma g g B > FUN
‘3 FEF FHY Aol uddiE > S EH
"3 @k AILE >
Ou‘tpu‘t - Cutput : Output :
YO ZFHYLICH || =3 2
: — - _
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In-context Learning

Prompt Engineering

«  0|248tin-context learning2| £A4 20} prompt engineering0| S-&¢
v promptS Yuop| S g5t0d 2HO| 71 XA S Z|CHEH0|Z0]
v =3 gAlZ user intention0f| 5| 2
v" ex) Chain-of-Thought

Standard Prompting Chain-of-Thought Prompting
| ModelInput . ModelInput
Q: Roger has 5 tennis ballis. He buys 2 more cans of Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now? tennis balls does he have now?
A: The answer is 11. A: Roger started with 5 balls. 2 cans of 3 tennis balls

gach is 6 tennis balls. 5 + 6 = 11. The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples Q: The cafeteria had 23 apples. If they used 20 to
| do they have? | | make lunch and bought 6 more, how many apples
do they have?
| Model Output ., (WessEusi) ~
A: The answer is 27 x A mmw%mw They used

mnmm&mhnzs .20 = 3. They
bought 6 more apples, so they have 3 + 6 =9, The

answer is 9.

Wei et. al., Chain-of-Thought Prompting Elicits Reasoning in Large Language Models, NIPS 2022
Konkuk university 10 Graph & Language Intelligence Lab.



In-context Learning

Prompt Engineering

« 0|2{¢tin-context learning?| £7d IEN| prompt engineering0| 5%
v’ promptE HuSHA| L4610 20| JHRI X|ALS X|CHSHO[Z 0] HY
v E3HSHAS yserintentiondl A = H
v" ex) Chain-of-Thought

« 2L} 2E0| Z2ot HEE VX1 Uo{of gt

|:o
=
v =FS MBS ORE| D2 £ XSESHH0| CHEMAE 2~

oo o
= =0 = |h|_:_|'__E C

= GAL.

HH
Tl

764 Must- Try ChatGPT Prompts

Discover 764 ChatGPT prompts you hav in July 2025! Spark ¢ ity and improve
your Al experience with these versati\e prompts for any need.

atGPT Prompts for Art ChatGPT Prompts for Business

vvvvvvvvvv

\\\\\\\\\\\
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hhhhhhhhhhhh

CCCCCCCCCCCCCCCC

) Data Analysis
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Training Large Language Models

In-context learning vs. Fine-tuning

« £ domainO|L}taskOf|A= fine-tuning0| 228 = AUS
* OFX|TE.
v E% taskO| CHet dataset HR
= E0I, labelingdh=H| B52 A2t HIEO0| S0
v 57 taskOl|2F £ H2}E|0] 0 RIH0| BE

« Instruction Tuning: 0243+ in-context learning2t fine-tuning2| 27HS 2260
DO R HIHd S Skt
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Instruction Tuning

 Fine-tuningX™d 2&2 £7 datasetC = ShigA |
v' Dataset L&
» task description (instruction)
» input (optional)
u output
» demonstrations (optional)
v’ &2 FEX}userinstruction= O[dli5t ! &S| L85tz sHE <5
« 7|& Pre-training22| X10|H
v" Pre-training: Next token prediction (unsupervised)
v"Instruction Tuning: Task-specific instruction following (supervised)
v =H: User intention alignment, controllable generation

Konkuk university 13 Graph & Language Intelligence Lab.



Instruction Tuning

* General pipeline

Stepl: Instruction Dataset Construction

=

Step2: Instruction Tuning

Sk

I"""-..

|
vemplates instruction-

‘text-|a\l;e|
output

Superv‘.seol

F]ne’tunins
Lt

o

ChatGPT ChataPT
ceed LaPTY LGPTY
wmore J
. . —_— —_— output
instructions instructions e
Konkuk university 14

Base LM Fine-tuned LIM
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Instruction Tuning - Dataset Construction

« Dataintegration from annotated natural language datasets
v' LabelO| H&{Rl= 7|& dataset0f| H2[2t template2 Sdl text-label FEH2| H|O|HE
(instruction, output) pair= gzt

_ Template 3 .

<premise> Read the following and
Based on the paragraph determine if the hypothesis can
above, can we conclude that be inferred from the premise:

<hypothesis>? Premise: <premise>

Premise

Russian cosmonaut Valery Polyakov
set the record for the longest
continuous amount of time spent in
space, a staggering 438 days,
between 1994 and 1995.

Hypothesis q <options> _J | Hypothesis: <hypothesis>
<pptions>

Russians hold the record for the Template 2 -

longest stay in space. <premise> e /I

Can we infer the following? Templ 4. ...

Target Options: _
Entailment - yes <hypothesis> ( )
Mot entailment = no <options> ,

Wei et. al., Finetuned Language Models Are Zero-Shot Learners, ICLR 2022
Konkuk university 15 Graph & Language Intelligence Lab.



Instruction Tuning — Dataset Construction

« Dataintegration from annotated natural language datasets
v’ Label0| H2{Rl= 7|& datasetd]| Helet template= S5H text-label HEHS| H|O|EE
(instruction, output) pair= gzt

4 D (G N ( Y B @ Yo 2 )
Natural language inference | [Commonsense| | Sentiment Paraphrase ||Closed-book QA|| Structtotext || Translation
(7 datasets) (4 datasets) (4 datasets) (4 datasets) (3 datasets) (4 datasets) (8 datasets)
(ANLI(R1-R3))(_ RTE ) [(__CoPA J|I(_ IMDB_)||(" MRPC ) ||(ARC (easyicnal))||(CommonGen) | | (Paracram nme )
( cB ) SNL J||(Hellaswag )|[(_ Sent140 )[|( aaP J||C NQ )||(__DART )||(ParaCrawi ENES)
( MNu ) wao JC PiQA I ssT2 || paws || TOA  )||(__E2ENLG )||(ParaCraw ENFR)
(_onu ) J &StoryCloze)J & Yelp )J ( STS-B_)J | i \[ WEBNLG ) ) (WMT-16 EN/CS )
P - v Y S - N 7 ~ | (WMT-16 ENDE )
(5datasets) || commonsense || (3 datasets) || (7 datasets) (11 datasets)
(Boola )(0BQA || (2datasets) DPR ) % (_AESLC )(Muli-News ) (_SamSum ) M___Eg)
r S | LQUAC AG News ){ Newsroom ) { Wik Lingua EN) | | [ WMT-16 EN/RU
( DRQP )(SQuAD | | ( CosmosQA )| | ( Winogrande )| |5ic ) vt ) EW(CW"M‘D*M)( XSum ) | | (WMT-16 ENTTR )
y \( ReCoRD )j k( WSC273 /‘) @xl-'uncnmnnml.(ig kll\ Gigaword )(Opln-kbs: Mov)e)

o & =,

Wei et. al., Finetuned Language Models Are Zero-Shot Learners, ICLR 2022
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Instruction Tuning - Dataset Construction

* (enerating outputs using LLMs
v LLME 0|88l F0{F! instructionOi| CHt outputS 2 H| H= B
v" Instructions are:

= manually collected
= expanded based a small handwritten seed instructions using LLMs

175 seed tasks with Task Pool Step 1: Instruction Generation
1 instruction and -

1 instance per task W

| LM , i N
10— Instruction : Give me a quote from a

1 g - famous person on this topic.

Wang et. al., Self-Instruct: Aligning Language Models with Self-Generated Instructions, ACL 2023
Konkuk university 17 Graph & Language Intelligence Lab.



How to make instructions?

« Human-crafted Data
v’ ML7|z GlO| x|, ~Fint HE0|T S|S0 | ME R = 0 PHAZ
v Natural Instructions, P3, xP3, Flan 2021, etc.
 Synthetic Data via Distillation
v Pre-trained models25E A4 &
v' ManualSH| =& = Z401| H|sH
» faster and cost-effective
= quality?t variety?} & £0}A fine-tuning 451t LLM YBIet 5H0| H £
v Alpaca, WizardLM, Orca, Baize, etc.
v" Task-specific Distillation Datasets: ShareGPT, WildChat, Vicuna
* Synthetic Data via Self-improvement
v' Pre-trained LLM2| 48442 bootstrappingeS 2 M| instruction-following =2 2atA|
7]

v" SPIN, Instruction Back-translation

Konkuk university 18 Graph & Language Intelligence Lab.



Instruction Tuning - Dataset Construction

Instructions for MC-TACO guestion generation task

I I u I I I a n _C ra ftEd D ata +Title: Writing questions that involve commonsense understanding of "event

duration”.
+Definition: In this task, we ask you to write a question that involves “event
duration’, based on a given sentence. Here, event duration is defined as the
A o | O I 7 I = I_ =0 understanding of how long events typically last. For example, "brushing teeth”,
i MI_ j |E HAO *HA_lE AA | ] —#—EJ_'_ — O _O_ -1 usually takes few minutes,
eoNe) ] Oo L — +Emphasis & Caution: The written questions are not required to have a single
correct answer,

-(I)_ |'j | [[H—E—O‘” OEI Il:l_l-x_-ll EE dataset ij | P, |- J;I-% - Things to avoid: Don't create questions which have explicit mentions of

answers in text. Instead, it has to be implied from what is given. In other words,
we want you to use "instinct’ or "common sense’.

«Input: Sentence: Jack played basketball after school, after which he was

« ex)Natural Instruction
v 193K instances, 61 NLP tasks QU tow g dd eckpeybasenaly

temporal event duration question,

«Input: Sentence: He spent two hours on his homework.

«Qutput: How lang did he do his homework?

+Reason: We DO NOT want this question as the answer is directly mentioned
in the text.

-Suggestion: -

«Prompt: Ask a question on "event duration” based on the provided sentence,

(a) An example of INSTRUCTIONS in Natural Instruction
dataset.

Example task instances

Instance

«Input: Sentence: It's hail crackled across the comm, and Tara spun to
retake her seat at the helm,
*Expected Output: How long was the storm?

Instance

+Input: Sentence: There was even a tiny room in the back of one of the
closets.

*Expected Output: After buying the house, how long did it take the owners to
notice the room?

Instance

+Input: Sentence: During breakfast one maorning, he seemed lost in thought

and ignored his food.
*Expected Output: How long was he lost in thoughts?

Zhang et. al., Instruction Tuning for Large Language Models: A Survey, arXiv 2024 (b) An example of INSTANCES in Natural Instruction dataset.

Konkuk university 19 Graph & Language Intelligence Lab.



Instruction Tuning - Dataset Construction

Synthetic Data via Distillation

Fine-tuned LLMsZ£E queryE =£{5t11 JZ=2 smaller LM2| fine-tuningdi|
AFE
Teacher LLME Student LLMO| SFTE =3t dataset2 44d5t= <t

Alpaca= GPT-37t A3t 52K Q] distillation dataz LLaMA 7BZ tuningsto] GPT-

32t d50| H|==0fAHLE 5213S

@ Meta -
LLaMA 78 s

Text-davinci-003 I; <
Supervised v .

52K Finetuning Alpaca 7B

Modified Self-instruct Instruction-following

175 Self-
Instruct Instruction Generation examples
seed tasks
Example seed task Example Generated task
Instruction: Brainstorm a list of Instruction: Brainstorm creative
possible New Year's resolutions ideas for designing a conference
{ m.
Output: o0
- Lose weight Output:
- Exercise more ... incorporating flexible
- Eat healthier components, such as moveable
walls and furniture ...

Taori et. al., Alpaca: A Strong, Replicable Instruction-Following Model, Stanford 2023

Konkuk university 20 Graph & Language Intelligence Lab.



Instruction Tuning - Dataset Construction

Synthetic Data via Self-improvement

—t

.+ Seed instructionsZ HIEfO & AAZ H|0|E{Z 27t A4AJS1T, 1 CO|EAS CHA| 3}
Sl XI4EO2 5212 oy
* Step 1: Instruction Generation
v 175712 human-written tasksZ s=£lot 2 task pool0i| seed dataZ M| Z=7 !

175 seed tasks with Task Pool
1 instruction and
1 instance per task
g = \Il—l/
0 - v
o- \l_/

Wang et. al., Self-Instruct: Aligning Language Models with Self-Generated Instructions, ACL 2023
Konkuk university 21 Graph & Language Intelligence Lab.



Instruction Tuning - Dataset Construction

Synthetic Data via Self-improvement

 Step 2: Classification Task Identification
v M=l task pooldiA 87H2] seed instructionsS HHESIH| 7HLHA few-shot HEHZ
vanilla GPT-37} Al 2& instruction= A5 E et

Step 2: Classification

Task Pool Step 1: Instruction Generation Task Identification
1UIUF 'T-llur'
/ LM (f m ) R
\"—"/‘- Instruction : Give me a quote from a LM
— g famous person on this topic.

Wang et. al., Self-Instruct: Aligning Language Models with Self-Generated Instructions, ACL 2023
Konkuk university 22 Graph & Language Intelligence Lab.



Instruction Tuning - Dataset Construction

Synthetic Data via Self-improvement

 Step 3: Instance Generation

v A=l BE instructiond| Lol £FF output-first task2H vanilla GPT-3=HIZ SEHZ2
MASHD, input-first task2 T Qo contextE A4 = SE A

Step 2: Classification
Task Identification

Step 3: Instance Generation

(7 m =, Yes

[ Instruction : Find out if the given text is in favor of or against abortion.

Class Label: Pro-abortion
||| Input: Text: I believe that women should have the right to choose whether or not
“ they want to have an abortion. y,

AR ™\

4 . - . . \
Instruction : Give me a quote from a famous person on this topic. |

QOutput-first LM

No

Input: Topic: The importance of being honest.
\\ Qutput: "Honesty 1s the first chapter in the book of wisdom." - Thomas Jefferson
- —y

Input-first

Wang et. al., Self-Instruct: Aligning Language Models with Self-Generated Instructions, ACL 2023
Konkuk university 23 Graph & Language Intelligence Lab.



Instruction Tuning - Dataset Construction

Synthetic Data via Self-improvement

« Step 4: =l (instruction, response) @EH2| example== filtering

Task Pool

(«

Step 3: Instance Generation

/ =
| Instruction : Find out if the given text is in favor of or against abortion.
Step 4: Filteri .
P Hering Class Label: Pro-abortion
5 o ||| Input: Text: I believe that women should have the right to choose whether or not
@ “ they want to have an abortion. y,

u:-v‘
T )

- - - Y
Instruction : Give me a quote from a famous person on this topic. |

Input: Topic: The importance of being honest.
Qutput: "Honesty 1s the first chapter in the book of wisdom." - Thomas Jefferson

Wang et. al., Self-Instruct: Aligning Language Models with Self-Generated Instructions, ACL 2023

Konkuk university 24 Graph & Language Intelligence Lab.



Training Large Language Models

Llama-3-8B vs. Llama-3-8B-Instruct

 Code generation

Inference Providers new B Featherless Al

[7» Text Generation Examples

Give me c++ code for factorial calculation.
This is a recursive function.

/{ factorial is the function which will calculate

factorial of any number.

Compute ctrl+Enter

«f» View Code & 7.0s

Konkuk university
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Training Large Language Models

Llama-3-8B vs. Llama-3-8B-Instruct

 Code generation

Inference Providers new . B Featherless Al
[» Text Generation Examples hd
Give me c++ code for factorial calculation.
This is a recursive function.

/| factorial is the function which will calculate

factorial of any number.

Cqmpute ctrl+Enter

«f» View Code & 7.0s Bl Maximize

Konkuk university

Give me c++ code for factorial calculation.

Factorial Calculation in C++
Here's a simple C++ function that calculates the factorial of a given integer:
pp Copy

#include <iostream>

using namespace std;

Bparam

Breturn

long long factorial(int n) {
if (n < B) {

result by n.

6. Inthe main function, we prompt the user to enter a number and call the

factorial function with the input value.

7. We handle any exceptions that may occur during the calculation and print

an error message if an exception is thrown.

Note: For large input values, the recursive approach may cause a stack
overflow due to the depth of the call stack. In such cases, an iterative approach

would be more suitable.

Graph & Language Intelligence Lab.



Instruction tuning with Graphs

Graphs

auther paper venue
a .ga __J ple
a Q ‘I_P:Ma}(( TENEB vV,
as ,g % KDD V,
a R [pd
academic graph
Academic Graph

B
o B

1
{2

.- - Q .
2E ow .H

Communication Graph Knowledge Graph

D wearing o+ games
= feeding
E Q e y > L’:l
= .
h

~ bucket _

Konkuk university 27 Graph & Language Intelligence Lab.
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Instruction tuning with Graphs

Challenges

« J|& GNN2| limitations

v" Data sparsity, limited generalization, scalability issues, cold start problem, ...

- A “". adaptto

: -, ol oe Downstream
( TN Ve o " tasks & data
‘ Training . ey,

Tasks | e "' et

Graph Model Generalization

b oy e _DENSE

""" e

Data Sparsity

Konkuk university 28

Rich Textual Semantics
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Necessity of Graph + LLM Integration

& modality2| gap issue

* Modality Mismatch

v" Graph: Structured, relational, non-sequential data
v Text: Sequential, linear, context-dependent data
v" Challenge: How to bridge the semantic gap?

PNPS|
oo

CHx
| I |

TEN e N oY

oM™

ot

Message passing= £3t local pattern st

-

Limited semantic understanding

Poor generalization to unseen graphs

GNN
- Inductive bias for relational reasoning Difficulty with text-rich scenarios
- Rich semantic understanding Sequential processing
LLM - Strong generalization capabillity Difficulty with structural relationships

Zero-shot learning ability

Limited graph topology understanding

Konkuk university

29
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GNN as Prefix

 Node-level Tokenization: 2t .= =2| unique®lt structural representation= &=

v" Tasks: node classification, link prediction

« Graph-level Tokenization: LIt pooling 2122 S6l node representations&

unified graph representations= H31

’—(ﬂNNs as Prefix

Graph-level Tokenization )_[G-erritvcr [24], GNP [65]

- - — GprahGPT [63], IGGPT [64], GraphTranslator [88], UniGraph [25],
)-|::Nud& level Tokenization )_[GMET [92], XRee [51]

GraphLLM [5], GIT-Mol [45], MolCA [48], InstructMol [4], ]

! % Node-level ... .
i LLM ] :

Graphs | | —

C O—rOoooo;

! i i _mode  What is this node? ;

' Graph-level This graph ..
GNNs | | o [ 1iMs ]
5 WLl | [ [ B

. graph  What is this graph?

Ren et. al., A Survey of Large Language Models for Graphs, KDD 2024
Konkuk university 30
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GNN as Prefix

Node-level Tokenization

* Motivation
v LLMO| MEH0I node-level 22X HEE O[slist 2f20| 24|E 1 sk= A
v 2t EJHLIMO]input
){(Nudc—]cvcl Tokenization )_[Emﬁggﬂﬁﬁﬁgr][&ﬂ, GraphTranslator [88], UniGraph [25], ]
; i . XRee [51

’—(ﬂNNs as Prefix

! % Node-level ... .
i LLM ] :

Graphs | | —

C O—rOoooo;

! i i _mode  What is this node? ;

Ren et. al., A Survey of Large Language Models for Graphs, KDD 2024
Konkuk university 31 Graph & Language Intelligence Lab.



GNN as Prefix: GraphGPT

* GraphGPT: Graph Instruction Tuning for Large Language Models (SIGIR '24)

 Backgrounds
v C1:2Zo| 1 HHRF A0 S22k OEAH EX|AZEX]?
v’ C2: O{EA| 5{OF LLMO| 12HZ 125 O[ohEd 4= USX|?
v C3: B9t zero-shot graph learning task|A LLMO| THAE Z = E5H= 532 2|

20{2t 4 QIS X?

Konkuk university 32 Graph & Language Intelligence Lab.



GNN as Prefix: GraphGPT

+ C1: J2Hmo| P& HEotolo] 7

v Only node textual data

b= O ZX|AZX?

= incorrect result

v Text-based Graph
= jncorrect result

Input: {a) ChatGPT with Node Content I:tnl}r Token Length: €15
{Abatract: The use of lower precisicn haz emerged 45 & DODULAT TECRALGUE o
iTitle: TiM-DNH: Ternary in-Memory accelerator for Deep Neural Hetworks
Question: Which arXiwv C5 sub-category does this paper belong to? .
Output:

cs AR, co. AT

Therefore, the mo

= BRI, ©=s.5Y, os.ET, c=_HE.The paper presents 2 hardwars
=t likely cztegory for chis paper iz SS0EE

» |ong token length
v GraphGPT
= correct result
= controllable token length

{b) ChatGPT with Node Content and Token Length: 4643

Input: Text-based Graph Structure

jdbatract: The use of lower precision has emerged as a popular technigue .
’I‘J_tle __1.‘~I DN : ﬁ"ra:; .1.1' FE‘T."‘" 2oo le:.a:c“ for _,EEE ‘\et.r,:l Hetworks
With it as central 'l'-"‘-lj.E. pa*c:-er ar, a2 citatien g"afﬂ ozr be constracted.
""i"he list of neighbors: Papsr 1: . ., Faper 10Z: ..

.’I’I:Le c:l.tatlm:l. relatlons F.:'.:ue"

2 - . cites E.:pn“ i
dnes ‘this pap=r bnl:n:rg

Question: Wnich ariiv 0S5 sL::-—:at=gcr

Output:

Based on the title and Ebstract, the paper is likely to belong:

1. - (Hardware :'_r-:l'._tE:,.:re_-

Input: et {c) GraphGPT

Ziven & citaticn graph: <graph® where the Ith node is tH

ith the follow J.rg :|.._:|rn=._cr'

Ahstract Theuse of lower precicion Has emerged a5 & PODUL av:ecq'uc.:_le
TJ.tlE TiHM-DMH: Ternary in-Memory accelerator for Deep Neural Hetworks
I]uestion: Which ardiv C8 sub-category deoes this paper belong to?

Output:

Based on the title and abkstract, we can identify the following CS H

E'.Lb—""tﬁg:nr es that are most likely to be relevanc:l. EENEE .
-l- cs.LE, Machine Learning

Tang et. al., GraphGPT: Graph Instruction Tuning for Large Language Models, SIGIR 2024

Konkuk university
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GNN as Prefix: GraphGPT

« C1:O2HZe| X HHRr AN S2HE HEH| SX|AZX]?
v Graphencoderz 12{{ZE QI3

= Graph Transformer, GCN
v' TextencoderZ L. EQf ARl text IEE QAT

= Transformer, BERT

3
1
T Language Tokens
L= ~A(CE(T;y) +CE(I].y)) = =
entral Node
i=1 hTuned
ﬁ 1-hop Meighbor
Frozen m [ModeText |
2-hop Neighbor
0.9 ®

[els]

[Instruct]

, h#\lignment
- - ' L P j
.': _.1!T :. iii* LEEE ﬁr |Graph]
- |-1- T T T ] Text-Grounded
n N m Structural Encoder
Text Attribute g Transformer giqm @y [nstruct]
. m = A
N Input Graphs from
' Multiple Domains - [=0s]

Lk

T
r‘l Attribastes
\ Fublf.'aed
\'.':rdnﬂs.:uly ,
‘c;n;il:::-xnf ara i3 amazon Large Language l?r' 'j Vicuna
.w Models (LLMs)

. i '« Llama
Structural Information Encoding

Tang et. al., GraphGPT: Graph Instruction Tuning for Large Language Models, SIGIR 2024
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GNN as Prefix: GraphGPT

.+ C2: O{E | 8O LLMO| JIZHI 7LEE O3t & USK|?

v" Self-supervised Instruction Tuning: LLMO|
graph token= OfASHES of

TETEQ| X[ contentO]| CHE &=

corresponds te smt based induction metheoda for

timed syItems.

token 2 corresponds tTo ..

” Graph Information: <graph>: Central Node: 6344z, [.arc node ], [-d3t node.]], Wode list: [.] Graph Matching
Human Ouestion: Given a sequence of graph tokens #graph> that constitute a subgraph of a2 citation graph, ... Here is a list of paper titles: 1. .
2. .., please regrder the list of papers accocrding to the order of graph tokens.

GraphGPT Response: EBEased on the given graph tcokens and the list of paper titlea, we obtain the matching of graph tokens and papera: Graph token 1

Human Instruct g g

Given a sequence of graph tokens <Graph>... Here is a list

Tang et. al., GraphGPT: Graph Instruction Tuning for Large Language Models, SIGIR 2024

Konkuk university

of node text: <NodeTexts> Please reorder the list of -
texts according to the order of graph tokens.
A chmical
coafirmes...
. In securty
Graph Tokens LLMs m‘ ¢ sendiihm apps, i
0 , Besmentisl that..
o
Text ‘ 61‘1 We show a tight
Attributes 1 m-’ ' * lowar bound of
: : WOenega ankhe .
Instruct Tuning d,.- D-.\
L ___ _________Ll_f'-“I_FIghEumE_l,”: LM
f 1
| Based on the information, we obtain the matching as 1
_ ! follows: Graph token 1 corresponds to... Graph token |
: 2 corresponds to... Graph taken 3 corresponds to.. :
Self-Supervised Instruction Tuning
35 Graph & Language Intelligence Lab.




GNN as Prefix: GraphGPT

+ C2: OfE| SHOF LLMO| J2HI [ E OfsHfat & QIS X|?

v" Task-specific Instruction Tuning: downstream tasks0| CHSH instruction tuning

Graph Information:
Human Question: 5i
Queation: Which
GraphGPT Response: c=.

<graph>: Central Node: I, Edge index: =..], [-d=t node.]], Node list:

C8 =sub-category does this paper bkeleong to?
; c3.CV, cs.HA. The paper discusses the Bestricted Iscmetry ...

)

Node Classification

n a citation graph: =graph® where the 0th node is the target paper, with the fclleowing infermaticn: Abstract: .o

Title: _.

g, 1t is likely tc beleong to cs.IT..

Graph Information: <graph>: Central Edge index 1: [.srec node.], [..dst node]], Nede list 1: [..]
<graph>: Central 2, Edge index 2: [[.a3rc nocde. ], [.dat ], Hode list 2: [.]
Human Ouestion: Given a ssguence of graph tokens: <graph®> that conatitute & = . Bbstract: .. Titile
seguence of graph kens: =graph>, .. Lbstract: .. Title: .., are theas Tw an answer of "ves"™ or
_I GraphGPT Response: Yes, they are connected. Based on the first paper, ..

Link Prediction

. and the other

Mo m 1

A

Human Instruct o  jn
Given a sequence of graph tokens <Graph. The first
token represents the central node of the subgraph. The
remaining represent the first and second order
neighbors... <NodeTexts > Which category does this
node belong to? Please think in a step-by-step manner
and provide your reasoning.

ety

Graph Tokens

v

LLMs

} link predictio

cor it ST
Prompts Instruct Tuning + Task Dlstullatmg

i dassiication

: To determine the categorization, we consider the
1 specific topics in the text. First, it invaolves... Second,
1
1
1

there is evidence that.. Finally, this node is about..,
which can be categorized into...

Task-Specific Instruction Tuning

Tang et. al., GraphGPT: Graph Instruction Tuning for Large Language Models, SIGIR 2024
36
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GNN as Prefix: GraphGPT

« (C3: 2%t zero-shot graph learning taskOi|A] LLMO| CHA|EZ F25H= 552 0

TH RO = UASK[?

mjo

v Instructiond| “Please think in a step-by-step manner” 2715 =71610{ CHE =2
SOl g ~
Al

Human Instruct of e
Given a sequence of graph tokens <Graphs. The first
token represents the central node of the subgraph. The
remaining represent the first and second order
neighbors... <NodeTexts> Which category does this
node belong ’rq;t.:l Please think in a step-by-step mannerl
and provide your reasoning.

£ ®os?
LLMs 9 ..? @
. .

Graph Tokens

' link prediction

i classiication |

CaT L
Prompts Instruct Tuning + Task Dlstullatm%\

LL Response Il_ | |1M

: To determine the categorization, we consider the
1 specific topics in the text. First, it involves.. Second,
I there is evidence that... Finally, this node is about...,
:_ which can be categorized into...

I

Task-Specific Instruction Tuning

Tang et. al., GraphGPT: Graph Instruction Tuning for Large Language Models, SIGIR 2024
Konkuk university 37 Graph & Language Intelligence Lab.



GNN as Prefix: GraphGPT

 Experiental Results
v' Supervised2t zero-shot 250{|M L3411, £5| zero-shot A= 7 |= SOTA 2L}
accuracy? f 26H0|IA] £|CH 10HH7EX| ShatE!
v Instruction tuning0| Z&2| J2{E 1k Lot H 53 AL A2 BS
v 7|& GNN-based 2 =2| catastrophic forgetting =XIE 2t=}

Dataset Arxiv-Arxiv Arxiv-PubMed Arxiv-Cora (Arxiv+PubMed)-Cora | (Arxiv+PubMed)-Arxiv

Model Accuracy Macro-F1 acc Macro-F1 | Accuracy Macro-F1 | Accuracy Macro-F1 | Accuracy  Macro-F1
MLP 0.5179 0.2536 0.3940 0.1885 0.0258 0.0037 0.0220 0.0006 0.2127 0.0145
GraphSAGE 0.5480 0.3290 0.3950 0.1939 0.0328 0.0132 0.0132 0.0029 0.1281 0.0129
GCN 0.5267 0.3202 0.3940 0.1884 0.0214 0.0088 0.0187 0.0032 0.0122 0.0008
GAT 0.5332 0.3118 0.3940 0.1884 0.0167 0.0110 0.0161 0.0057 0.1707 0.0285
RevGNN 0.5474 0.3240 0.4440 0.3046 0.0272 0.0101 0.0217 0.0016 0.1309 0.0126
DGI 0.5059 0.2787 0.3991 0.1905 0.0205 0.0011 0.0205 0.0011 0.5059 0.2787
GKD 0.5570 0.1595 0.3645 0.2561 0.0470 0.0093 0.0406 0.0037 0.2089 0.0179
GLNN 0.6088 0.3757 0.4298 0.3182 0.0267 0.0115 0.0182 0.0092 0.3373 0.1115
NodeFormer 0.5922 0.3328 0.2064 0.1678 0.0152 0.0065 0.0144 0.0053 0.2713 0.0855
DIFFormer 0.5986 0.3355 0.2959 0.2503 0.0161 0.0094 0.0100 0.0007 0.1637 0.0234
baichuan-7B 0.0946 0.0363 0.4642 0.3876 0.0405 0.0469 0.0405 0.0469 0.0946 0.0363
vicuna-7B-v1.1 0.2657 0.1375 0.5251 0.4831 0.1090 0.0970 0.1090 0.0970 0.2657 0.1375
vicuna-7B-v1.5 0.4962 0.1853 0.6351 0.5231 0.1489 0.1213 0.1489 0.1213 0.4962 0.1853
GraphGPT-7B-v1.1-cot 0.4913 0.1728 0.6103 0.5982 0.1145 0.1016 0.1250 0.0962 0.4853 0.2102
GraphGPT-7B-v1.5-stage2 0.7511 0.5600 0.6484 0.5634 0.0813 0.0713 0.0934 0.0978 0.6278 0.2538
GraphGPT-7B-v1.5-std 0.6258 0.2622 0.7011 0.6491 0.1256 0.0819 0.1501 0.0936 0.6390 0.2652
GraphGPT-7B-v1.5-cot 0.5759 0.2276 0.5213 0.4816 0.1813 0.1272 0.1647 0.1326 0.6476 0.2854
p-val 2.26e "  156e ' | 222¢7/ 155" | 1.04e"°  996e ° | 7.62¢° 1.97¢~" 1.5¢ 1 4.63¢°

Tang et. al., GraphGPT: Graph Instruction Tuning for Large Language Models, SIGIR 2024
Konkuk university 38 Graph & Language Intelligence Lab.



GNN as Prefix: GraphGPT

 Experiental Results

v Multi-taskO|| CHSHA| = =2

M
o

=
o

Dataset Supervision. on Arxiv | Zero Shot on Cora
Model Acc Macro-F1 Acc Macro-F1
MLF 0.5179 0.2536 00220 00006
GraphSAGE 0.5480 0.3290 00132 0.0029
GCM 0.5267 0.3202 0.0187 00032
GAT 0.5332 03118 0.0161 0.0057
BvGMNMN 0.5474 0.3240 0.0217 00016 Dataset PUbMCd
DGI 0.5059 0.2787 00205 00011 Model AUC AP
GKD 0.5570 0.1595 0.0406  0.0037 MLP 05583  (.5833
GLNN 0.6088 0.3757 00182 0.0092 e
NodeFormer 0.5922 0.3328 0.0144 0.0053 GAT 0.5606 0.6373
DIFFormer 0.5986 0.3355 0.0100  0.0007 GraphSAGE 0.5041  0.5813
baichuan-7h 0.0946 0.0363 0.0405 0.0469 RevGNN 00.4538 0.5083
vicuna-7TB-v1.5 0.4962 0.1853 0.1489  0.1213 =
Arxiv-std = PubMed-std 0.6390 0.2652 0.1501  0.0936 w/o Link 0.5010  0.5005
Arxiv-cot + PubMed-cot 0.6476 0.2854 0.1647  0.1326 only Link 0.6704  0.6087
Arxiv-mix + PubMed-mix 0.6139 02772 0.1544 01048 Arxiv-std + PubMed-std + Link 0.8246 0.8026
Arxiv-std + PubMed-std + Link 0.5931 0.2238 0.1847 01579 . . . .
Arxiv-mix + Pubmed-mix + Link | 0.6874  0.3761 01836  0.1494 Arxiv-mix + PubMed-mix + Link | 0.6451  0.5886
Tang et. al., GraphGPT: Graph Instruction Tuning for Large Language Models, SIGIR 2024
Konkuk university 39 Graph & Language Intelligence Lab.




LLMs as Prefix

* LLMO| GNNZ [t graph embedding2 |2
« LLMO| GNN= £[2t graph label2 X|=

-----------------------------

--------------

I
I
I
I

! Embs. from LLMs
| LLMs Embedder | -
: [ for GININs

Ren et. al., A Survey of Large Language Models for Graphs, KDD 2024
Konkuk university 40 Graph & Language Intelligence Lab.



LLMs as Prefix

LLM as Labeler

« Motivation
v" Graph labels are insufficient
= node class labels, link labels

v" Label generation based on
= Qo Olofiet =2

= O0Y Holoky ; 5|

= Real-world knowledge i =
: O,  TorGNNs
: @ : [ LLMS LahEIE'r I Labels from LLMs
! ! for GNINs
| Textual = ,
: Data : \ j— i
_____________ : £ ( GNNs | |

: L3 train |\ ¢y |
—(].[,Ms as Prefix
Labels from LLMs for GNNs “}— OpenGraph [80], LLM-GNN [9], GraphEdit [21], RLMRec [58] )

Ren et. al., A Survey of Large Language Models for Graphs, KDD 2024
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LLMs as Labeler: GraphEdit

* GraphEdit: Large Language Models for Graph Structure Learning

o =29|titleX}abstractE 7 |HtO 2 s = ==0| 22 FHH| 12|21 X|(True/False)2t
PtE|112| O|F S TSt == =3

o LT 2H|E pair 2t edge X L predictorE eh&0t1, top-k T H A4

» EO] Chio ErA| LLMO| 42! 21Q1X| promptingdiiA] EHEH

;%szen Question: Based on the title and abstract of the two papers. Do they belong to the same\' | -
! category among {Category_0}, {Category_1}, {Category_2}, ... 7 [T the answer is "True",
| tt Update | ﬂ answer "True” and the category, otherwise answer "False™. Theﬁrst paper: {Title}, {Hbstract} |
"""""""""" R " The second paper: {Title}, {Absfract}. .
Node Pairs . e |
(@@ E imized Gr
oo . [ |
. Q) = a |
Answer: {True or False}, {Cat :
00 [, | o [ arvpn| o e avearase s |
©.o | | .
Instruction- Tunlng LLM $ LLM I;;IT.I
Sam_nlmg ! LLM-based Edge Predictor <
Mode Pair
 —— —
i Edee based Prompt
itle £
= 9[ == N
ac 0
| e o | LLM-Enhanced
i Original Gmph [ ToaiedLLM  NodeEmbeddmg ~ EstimaedGraph 1 Structure Refinement |

Guo et. al., GraphEdit: Large Language Models for Graph Structure Learning, arXiv 2025
Konkuk university 42 Graph & Language Intelligence Lab.



LLMs as Labeler: GraphEdit

» Experimental Result

v PubMed dataset0f|A{= noiseZ QRIS [0} As0| =S

= noise

= u
=

Mz2 S22 24

=  |LM2]robust®t reasoning

Method Attack Rate
0.05 0.1 0.15 0.2 0.25
GCN 606 8513 8428 8361 8326
IDGL 8620 8529 8354 8418 8239
WSGNN 8504 8524 8459 8364 8421
GraphEdit 9407 94.14 9416 9420 94.27

Model Cora Citeseer PubMed
GCN 8736+ 160 7887 +2.18 B73T+0.77
GRCN 8413037 74234 1.18 B85204+£0.10
IDGL BR63 044 B0O85+007 BB30+0.12
GAug BAT2 063 7761 £1.02 8448 £0.37
GEN 8653 £ 063 8038072 ’7.04 +0.11
SLAPS 8199 £ 1.57 7317 087 8521 L£(0L18
GT 8834 +£035 78464048 8669 +0.19

CoGSL 82.07 £0.51 T84 £ 0.11 O0OM

WSGNN 8959 +0.17 8088 +£048 B7.17+0.19
SUBLIME 8504 =037 4373 £7.08 B86.03 £0.33
STABLE 88.754+£035 7567 +£098 B86304+0.15
Nodeformer 8856+ 1.01 8028 £ 057 8793 4+ 0.26
GSR 8756 £ 1.19 78774156 8561055
SEGSL B7.49 + 066 7891 4+ 052 #7574+ 0.37
GraphEdit 9090 £ 1.16 8$1.8541.42 94.09 + 0.28

Guo et. al., GraphEdit: Large Language Models for Graph Structure Learning, arXiv 2025

Konkuk university

Graph & Language Intelligence Lab.




LLMs-Only

» Graph 22 ZF0| SEo | flof HEst prompt§¥§
 Tuning-free: LLMO| HIZ O[sH& &= U= pr
* Tuning-required: Instruction tuning= £ H_’EHJIOIXI Al HE

Tuning-free LLMs

&

or Answer

: Tuning-required LLMs
Input Prompts ! 6

Ren et. al., A Survey of Large Language Models for Graphs, KDD 2024
Konkuk university 44 Graph & Language Intelligence Lab.



Tuning-required LLMs

* Motivation
v 12T E sequence YEHZ H

HEIS= fine-tuning 7 |

O = graph token sequences®}

natural language token sequencesE 8&

L LLMs-Only )

I::.']'uning required

\ (InstructGLM [84], WalkLM [62], LLaGA [7], InstructGraph [69], ZeroG [38],

i { Input Prompts J

Diverse |:
Features|:

l[ iraphWiz [6], Graphlnstruct [50], MuseGraph [61]

!
or ‘ Answer

Tuning-required LLMs

0

Ren et. al., A Survey of Large Language Models for Graphs, KDD 2024

Konkuk university

45 Graph & Language Intelligence Lab.



Tuning-required LLMs: InstructGLM

* InstructGLM: Language is All a Graph Needs (EACL '24)
v GNN OBl 10| LLMO| J2fx AXZ X2 [&t & QT 2 &t

]

1-hap prampt with meta noda faature

rl:aw'wln tha central node: (<node_2=, toward cloud computing evalution’ }_\'
15 connected with (<node_Tax, [otie_76]), [<node_21=, [trle_ZX1), ... within
one hop. \n

| Which category showld <node_d> be classified as?

distributed computing

3-hap prampt with intermediate paths

-

Categorize the central nadae: <node_17= |s connected with <nade_90%:,

n'/[

§

f

™ f
enade_1682x, ... within three hops throwgh (<node_32>, and <node_561),
[=node_16980x and <node_582), ..., respectively. \n software engineering
‘Which category should <node_17> be classified as?
I——

L N i S

structure-frae promgt
<node 1006

Categorize the central node: <node_ 169341 > is leatured with its
tithe: ‘unsupervised attention guided imoge fo image translotion’
and abstract; ‘Current wnsupervised image-to-image ransiobion
techniques strugale to focus thewr attention on ingividwal abjects
without oitering the bockground. ...~ n

Which category should <node_169341> be classified as?

|

Nulei-task Multi-prompt Instruction Tuning

2-hop prompt with meta node feature & intermediate nodes
Perform link prediction for the central noda: {<node_0=, ‘difference
target propagotion’) is connected with |[<node_ 511, [riele_511]),
(=node_&=, [tithe_&]), —. within two hops through (<node_29= [fitle_49]),
{<made_12x [title_12]), ..., respectivehe. Yo
Which ather node will be linked to <noda_O= within twa hops threugh
<noda_2001x7

1-hop prempt without meta nods feature
Perform link prediction for the central nede: <node_2867> 5 conpected
with <nade_4B605>, enode_ 600>, <node_B56>, <nade_1998>, ... within
one hop. \n
Will snade_17d= be connecled with <nodie_2BET= within ane hog?

Ye et. al., Language is All a Graph Needs, EACL 2024

Konkuk university 46 Graph & Language Intelligence Lab.



Tuning-required LLMs: InstructGLM

* Prompt &%: X{oi0{= T2 AXE A
v Multi-hop 7+
= “Node vis connected to nodes [v1, v2]. Node v1 is also connected to [v3, v4] -
v L o| BoW, TF-IDF EE= = o||:|-|||:| JHEE I|-O=|O-|§ 6‘I-))-|| E'c':‘l-
v 2ZFLEE "newtoken’ 22 O[St LLM vocabularyd| ek
« Flan-T5, Llama-7B 7|2t 2 multi-task &t&

n

machine
learning

Flan'TS/ LLaMA

Categorize the central node: (<node_1>, Title_1) is connected to (<node_2>, Title_2), (<node_4>, Title_4), (<node_5>, Title_5],
[<nade_7=, Title_7), (<nade_ 8=, Title &) within one hop. Which category should [<node 1>, Title 1, Abstract 1 ) be classified as?
Perform link prediction for the central node: <node_1> is connected with <node_5= <node_&>,<node_7=> within two hops through
<node_7><node_d> <node_5> respectively. Which other node will be connected to <node_1> within two hops through <node_4d> ?

Token: <node_1= Title_1: Lifelong Learning of Discriminative Representatiions

Abstract_1: We envision a service provider facing a continuous stream of problems with the same domain...
1-hop neighborinfo: [ 2, 4,5, 7, 8] 2-hop neighbor info: [(1,4,9),(1.4,6),(1,5 7),(1,7.5)]
3-hop neighborinfo: [(1,4,9,0), (1,4,6,3)]

Ye et. al., Language is All a Graph Needs, EACL 2024
Konkuk university 47 Graph & Language Intelligence Lab.



Evaluation

» Automatic Evaluation
v Benchmark taskL} 7} datasetO|A] LLMO| AHAISH S EES APM X O|=| J|Z=1} H| W dH
o}
o

»  EHO| EZ(clarity, helpfulness, correctness, depth &)= H&=ol 54
v AlpacaEval, MT-Bench, HELM

Human Evaluation

v 3HQ 2 S| FE 0P |1l T2 T E8S ePH XIS

LLM 7|2t 4D}
v GPT-40|M EH TETEES =11 "0| 3E2 helpfulness, clarity, factuality, depth,
engagement S HO{| A IS 1 X|A|
v LLM-as-a-judge
Token 2 A
v D0 HEoh= EEC| 2I HlKL-divergence 5)2 Sl &5 Bt
v" Pre-trained model CHH| instruction tuned modelO| EOLt “MZ2 X|A S A" SEAHLE

IE KA BE SRS 24

Konkuk university 48 Graph & Language Intelligence Lab.



Limitations

* Instruction tuning is not a knowledge enhancer
v’ LoRA fine-tuning2 hed| SEC| AR 222 sF501, LIHA|= ARHelsE X415 1

— - = T T —

e S2sHs Heo| U2

- OO
v" Full-parameter fine-tuning= M 22 X|AZ H{SX[2H I |& X|A| 2} ==} knowledge
degradation 2X]| 24

=== LFT_Tulu_1K (just-eval-instruct)

0 === SFT_Tulu_326K (just-eval-instruct) o
elpfulness

e SET_Medinstruct_52K (MedInstruct)
=== LFT_Tulu_1K (Medinstruct)

ILLaMa-2 7B LILaMa-2 70B
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Limitations

* Pattern-copying often hurts performance
v' E30]instruction dataset2| &t THES D=5HH| SAFOIH S| F2ld0| X5t
* Instruction tuning dataset may cause hallucinations
v’ Instruction datasetOijA Hl==2t Vi E S LR = CHE MEERH HEE EZS 7MN2

o = Bledinstruct_52K -+ Medinstruct 1K
=== flpaca_52K --#- fAlpaca 1K

Helpfulness

Tulu_326K Tulu_1K

Engagemen

LLaMa-2 7B_LFT LLaMa-2 70B_LFT

Konkuk university 50 Graph & Language Intelligence Lab.



Limitations

* Various methods to improve instruction tuning do not improve model
performance
v’ 02 JHMH(NEFTuNe, Dataset filtering S)0| AX| 2= XAl SFA0f| 7|045HK| 23t

o m— SFT_AlpaGasus 9K E
e SET_Wizard_LM_70K coding

Helpfulness

SFT_Alpaca_52K_NEFTune
SFT_Alpaca_52K
e - LFT_Alpaca_52K

Factuality

reasoning procedure

LLaMa 2-7B LLaMa 2-7B

Konkuk university 51 Graph & Language Intelligence Lab.



Future works

 Hallucination2| &X| &l 2tz
« Mult-modalZ22| 2%}
v’ Text#2tOtL|2} image, video 5 02| 2EHE(E| G[O[E2t S
 Alignment methods
v DPO, RLHFZ} Z2 alignment WAIZ2 FIIE2 HE
* Retrieval-FAugmented Generation (RAG) =&
v DOl LHE X|A|0]| Tt S|ESEX] i1 2R X[A] HAS Sl ot
* Task-specific Instruction tuning
v E7 tasko|| BAH| /gl instruction dataset=E S0l £ 8 &= T+

Konkuk university 52 Graph & Language Intelligence Lab.



Instruction tuned LLMs

Type | Dataset Name # of Instances #of Lang Construction Open-source
UnifiedQA (Khashabi et al., 2020) 750K En human-crafted Yes
UnifiedSKG (Xie et al., 2022)% 0.8M En human-crafted Yes
Natural Instructions (Honovich et al., 2022)* 193K En human-crafted Yes
Super-Natural Instructions (Wang et al., 2022f)° M 55 Lang human-crafted Yes
P3 (Sanh et al., 2021)® 12M En human-crafted Yes
xP3 (Muennighoff et al., 2022)" 81M 46 Lang human-crafted Yes
Human-Crafted Flan 2021 (Longpre et al., 2023)* 4.4M En human-crafed Yes
COIG (Zhang et al., 2023a)° Yes
InstructGPT (Ouyang et al., 2022) 13K Multi human-crafted No
Dolly (Conover et al., 2023a)'® 15K En human-crafted Yes
LIMA (Zhou et al., 20234)'* 1K En human-crafted Yes
ChatGPT (OpenAl, 2022) Muli human-crafted No
OpenAssistant (Kopf et al., 2023)* 161,443 Multi human-crafted Yes
OIG (LAION ai, 2023)" 43M En ChatGPT (No technique reports) Yes
Unnatural Instructions (Honovich et al., 2022)'" 240K En InstructGPT-Generated Yes
InstructWild (Xue et al., 2023)"2 104K ChatGPT-Generated Yes
Evol-Instruct / WizardLM (Xu et al., 2023a)" 52K En ChatGPT-generated Yes
Alpaca (Taori et al., 2023a)" 52K En InstructGPT-generated Yes
LogiCoT (Liu et al., 2023a)"* = En GPT-4-Generated Yes
GPT-4-LLM (Peng et al., 2023)"7 52K En&Zh GPT-4-Generated Yes
Vicuna (Chiang et al., 2023) TOK En Real User-ChatGPT Conversations No
Baize v1 (Conover et al., 2023b)"' 111.5K En ChatGPT-Generated Yes
Synthetic Data UltraChat (Ding et al., 2023a) 675K En&Zh GPT 3/4-Generated Yes
(Distillation) Guanaco (JosephusCheung, 2021)" 534,530 Multi GPT (Unknown Version)-Generated Yes
Orca (Mukherjee et al., 2023)2 1.5M En GPT 3.5/4-Generated Yes
ShareGPT** Q90K Multi Real User-ChatGPT Conversations Yes
WildChat™ 150K Muld Reul User-ChatGPT Conversations Yes
WizardCoder (Luo et al., 2023) Code LLaMa 2-Generated No
Magicoder (Wei et al., 2023b)™ T5K/110K Code GPT-3.5-Generated Yes
WaveCoder (Yu et al., 2023) - Code GPT 4-Generated No
Phi-1 (Gunasekar et al., 2()23)2" 6B Tokens Code Q and A GPT-3.5-Generated Yes
Phi-1.5 (Li et al., 2023i) - Code Q and A GP1-3.5-Generated No
Nectar (Zhu et al., 2023a)* 183K En GPT 4-Generated Yes
Self-Instruct (Wang et al., 2022¢)"! 52K En InstructGPT-Generated Yes
Synthetic Data X ) .
(Self-Improvement) Instruction Backtranslation (Li et al., 2023g) 502K En LLaMa-Generated No
SPIN (Chen et al., 2024b)* 49.8K En Zephyr-Generated Yes

Zhang et. al., Instruction Tuning for Large Language Models: A Survey, arXiv 2024
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