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Bigger Models Always Better?

 Scaling law
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arameters in notable artificial intelligence systems
Parameters are variables in an Al system whose values are adjusted during training to establish how input data
gets transformed into the desired output; for example, the connection weights in an artificial neural network.
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Note: Parameters are estimated based on published results in the Al literature and come with some uncertainty. The authors expect the
estimates to be correct within a factor of 10.
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Bigger Models Always Better?

 Performance vs. Model Pricing
v Lt 2|20 Ao MBS0 A0 HM RESS TR0 US
v et 2 2E0| ZAIE 0|= Knowledge Distillation 7|#= 083l %12 RESS fgA|
741, 0|2 QI5H d& Xt 2AH 20E%=

LMSYS: Performance vs Model Pricing

Cost of o1 level
Intelligence fell 27x

in the last 3 months \\

4™ Jack Morris & [
o
L

it's a baffling fact about deep learning that model distillation works

method 1
- train small model M1 on dataset D

method 2 (distillation)
- train large model Lon D

- train small model M2 to mimic output of L
Cost of GPT4 level R
Intelligence fell 1000x - M2 will outperform M1
in the last 1.5 years
no theory explains this; it's magic

0S5

37.3%

$ Price per million tokens, assuming 3:1 input output tokens ratio

Credit: This post by @swyx
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Model Lightweight
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Model Lightweight

v Pruning: E2{d 2EQ|
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About KD

Pruning
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About KD

Quantization
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About KD

Distillation
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About KD: Example

Distillation

* Gemini 1.5 Pro->Gemini 1.5 Flash

[1]

1.5 Flash excels at summarization, chat applications, image and video captioning, data extraction
from long documents and tables, and more. This is because it's been trained by 1.5 Pro through a

process called “distillation, ” where the most essential knowledge and skills from a larger model are

transferred to a smaller, more efficient -

[1] https://blog.google/innovation-and-ai/products/google-gemini-update-flash-ai-assistant-io-2024/
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About KD: Example

Distillation

« StyleGAN22t 0|= Imagen Z2 CHH M H2E 2 teacher2 AFESHL, U-
Net/MobileNet 7 |2t studentS St&ol AOFEZO|A AIA|ZIC 2 AlH
v' 207 O|4f2| Shorts 21} =A|
v Pixel 8 Pro0f|A= 2F 6ms, iPhone 13 GPUGHAM = 10.6ms/frame0|2f E11

[1]

Our approach revolves around a concept called knowledge distillation, which uses a "teacher-

student” model training method. We start with a "teacher”— a large, powerful, pre-trained
generative model that is an expert at creating the desired visual effect but is far too slow for real-
time use. The type of teacher model varies depending on the goal. Initially, we used a custom-
trained StyleGANZ2 mode!, ---

[1] https://research.google/blog/from-massive-models-to-mobile-magic-the-tech-behind-youtube-real-time-generative-ai-effects/
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https://en.wikipedia.org/wiki/Knowledge_distillation
https://arxiv.org/abs/1912.04958

Classical KD

Supervised KD

« Geoffrey Hinton's KDY

v" Image classification} 2= task= NN2| O}X|2} softmax layerE Sol| 2f class2| ZHE4f
o =gy
==
cow dog cat car
-  original hard
0 1 0 0 targets
'cow( dog cat car output of
1107 9 b 0’| geometric
ensemble
v’ 0|, target= M|2[et CHE Z2=AUS0| 222 X|A|0] 2 4= Ut 42

v But, softmax0]| 2|61 2f0| LF Zfof 2G| HIRIB| | {242

[1] Hinton, Vinyals et al., “Distilling the Knowledge in a Neural Network”, NIPS'14 Deep Learning Workshop, Cited: 34296
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Classical KD

Supervised KD

 Geoffrey Hinton's KDY
v [EkA, 3t 20| 23efe| 225 &5 O softohH| Btas
= J|& softmax &0l temperatureE @3

Ok

cow dog cat car
l()_b 9 A |()_9
4 = exp(zi) s gi = exp(zi/T)

>.jezp(z;) - Xjeap(z/T)

cow dog cat car

.05 3 2 .005

[1] Hinton, Vinyals et al., “Distilling the Knowledge in a Neural Network”, NIPS'14 Deep Learning Workshop, Cited: 34296
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Classical KD

Supervised KD

« Geoffrey Hinton's KDY
v’ Soft target2 &= Teacher model2| Knowledge
v' DistillBert, Gemma 2

— Teacher Model — Softmax(T=t} —| soft labels

Loss Fn x (3
loss

_ soft
Softmax(T=t) — predictions +
L Student Model Total loss

hard
predictions
Loss Fn student
loss QO
Hard (fix alpha=1)
label y

(ground truth)

Softmax(T=1) —

L = Z LKD(S(CE, @S, T), T(ZE, @T; 7')) + )ILCE(:&S, y)l

(z,y)€D

[1] Hinton, Vinyals et al., “Distilling the Knowledge in a Neural Network”, NIPS'14 Deep Learning Workshop, Cited: 34296
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Towards LLM KD

« LLME Teacher2A O{tH KnowledgeZ x| 2% 2= Q=717

v" Black-box
= teacher?fAlASHEIAEDF M
v White-box

= Qutput distribution: logits, token probabilities
» |ntermediate representation: hidden states, features
= Relation knowledge: attention, similairity, geomerty

/ Relation-Based Knowledge \
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Distill

§ Feature-Based Knowledge Response-Based Knowledge

17 Graph & Language Intelligence Lab.
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Towards LLM KD
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Generative KD

Soft Generative KD

« Teacher?| token distribution= &5
v DistilBert!'], Gemma 212

Gemma 2: 7B Teacher — 2B Student

Avg. Performance

From
Scratch

Distilled

Training Method

0 20 40 60

Performance

[1] https://huggingface.co/docs/transformers/en/model doc/distilbert

[2] https://arxiv.org/abs/2408.00118
Konkuk university

Gemma 2: Perplexity (Lower is Better)
Scratch vs Distilled, 7B Teacher

B from scratch [ distilled
200M

400M

Student Size
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https://huggingface.co/docs/transformers/en/model_doc/distilbert

Generative KD

Hard / Sequence Generative KD

« Teacher?} /4’4t hard sequenceE student?t el
v'instruction-response, rationale, CoT, etc.

Data Rationale Label
Premise: A person on a horse jumps over a broken down airplane. The person could be training his horse for a e
Hypothesis: A person is training his horse for a competition. competition, but it is not necessarily the case.

Question: A gentleman is carrying equipment for golf, what is he
likely to have?

Answers: (a) club (b) assembly hall (c) meditation center (d)
meeting, (e) church

The answer must be something that is used for golf.
_ LLM ——— | Of the above choices, only clubs are used for golf. So club
the answer is (a) club

Luke scored 84 points after playing 2 rounds of a trivia game. If he
gained the same number of points each round. How many points
did he score per round?

Luke scored 84 points after 2 rounds. So he scored 84

points in 2 rounds. 84 / 2 = 42. The answer is (84 / 2) (84:42)

Premise: A person on a horse jumps over a broken down airplane.

abel] ¥ Hypothesis: A person is training his horse for a competition.

neutral

—»| Smaller Model

Premise: A person on a horse jumps over a broken down airplane. »| The person could be training his horse for a
Hypothesis: A person is training his horse for a competition. competition, but it is not necessarily the case.

[rationale] +
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Generative KD

Reasoning KD

« TeacherQ| == IMHNX| &5
v Counterfactual Distillation (EMNLP'24)™"

= S| HETF = O+l 2] counterfactual reasoning views Xl &

v" QCRD (EMNLP25)

OF= rationaleL} 2= 7| OFL[2F £2 rationale2} LI rationaleE FL&
v' Curriculum Distillation (EMNLP'25):3!
= Student ~Z0]| %H| reasoning HHO|=E 2EE

[1] Feng et al., “Teaching Small Language Models Reasoning through Counterfactual Distillation”, EMNLP'24, Cited: 33
[2] Wang et al., “QCRD: Quality-guided Contrastive Rationale Distillation for Large Language Models”, EMNLP'25, Cited: 15
[3] Jiang et al., “Teach Small Models to Reason by Curriculum Distillation”, EMNLP'25, Cited: 5

Konkuk university
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Linguistic Graph KD (AAAI'25)

Large Language Model Meets Graph Neural Network in Knowledge Distillation

Shengxiang Hu', Guobing Zou'*, Song Yang', Shiyi Lin!, Yanglan Gan?, Bofeng Zhang’, Yixin
Chen*

ISchool of Computer Engineering and Science, Shanghai University, Shanghai, China
2School of Computer Science and Technology, Donghua University, Shanghai, China
3School of Computer and Information Engineering, Shanghai Polytechnic University, Shanghai, China
“Department of Computer Science and Engineering, Washington University in St. Louis, St. Louis, MO 63130 USA
{shengxianghu, gbzou, yangsong, sylin} @shu.edu.cn, ylgan@dhu.edu.cn, bfzhang @sspu.edu.cn, chen@cse.wustl.edu

Cited: 42

» Motivation: "LLMS| ZE35t 0] X|AlS JHHE GNNO| &2 &= S0
v 7|2 GNNZ graph structure X2|0f|= 224
= SFX|2FEETHnode text2| semanticsE =6 O[SHSHK| S22
v LLM2 semantics2t entity relationship= & O[sHgt

= GFX|2t£AMA Il parameter2t 21 inference latency WE0]| graph taskdi| 21 HHZESHD | 0242
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Linguistic Graph KD (AAAI'25)

 Goal: LLM2| semantic knowledge + GNN2| structural efficiency

* Challenges
v' C1: Graph-specific teacherZ O{2H| OtS Z1010}?
v C2:LLMZ} GNNL| representation= O 2H| CHSA|Z 2202
v’ C3: O scalel layere| X|[AlZ & ZQID}?

« LM TeacherQ| &lgt: Representation teacher
v LLM2| hop™ hidden representationf 2| LS GNN H2H40|| =

Konkuk university 24 Graph & Language Intelligence Lab.



Linguistic Graph KD (AAAI'25)

» C1: Graph-specific teacherg 0"2H| 2= 2
Graph-aware Teacher 7-°d
hop& subgraphz 1

v

- FYLcEdg
= |nstruction/structure/query=

20717

= A2t graph prompt A4

5 [ Instruction

Structural Query

Graph instruction tuning@ £ LinguGraph LLM 1=

Task-specific instrcution: Defines the graph
task, e.g., "Classify the node in [graph
type of G(1) i ], represented as (node ID,
degree, attributes). Categorize the node
into [classification categories] based on
[task criterion].”

Structural description: Converts the
subgraph structure into natural language,
e.g., “(node [id], [degree], [attributes]) :
is connected within [1] hops to [1-hop
neighbors in N (1)(vi)] through
[intermediate paths in E(1) 1i1]1.7

Encoder Encoder Encoder J' f

! i

i ] [
b

p; = concat(Z,T;, Q)

. Graph Instruction Prompt Encoder

T

Task relevant query Poses a task-specific
question, e.g., "What category should the
node ([id], [degree], [attributes]) be
classified as?”

TINnear 1T A . 5 11 L ) o

229 |

Multi-hop Feature Extractor of
LinguGraph LLM

T ___________ J _ Teacher Fs’-@t}lrﬁkar_n}@g
P1 P2 P

Konkuk university
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Linguistic Graph KD (AAAI'25)

« (C2:LLMZ} GNNL| representation= 0= H| CHSA|Z ZQI2}?
v' LLMZX} GNNQ| Hierarchical Feature &=

= Teacher Feature Learning: LLM2 2t hop2| semantic knowledge &=
=  Student Feature Learning: GNN2 2} layer?]| structural knowledge =
= Knowledge Filter2} projector= & hop”|2| 914

Konkuk university

. Student Feature Learnmg kx G\N Layers

P‘GNN Layer GNN Layer —P‘GNN Layer )
hG
A 4

n | 11 1o | il
"""""""""""" r
Shared Linear Feature Projector

)
[ Dropout ] [ Dropout ] [ Dropout ] [ Dropout ]
IK:;:::::ge[ Norm | [ Norom | [ Norm | - [ Norm ]
' Linear | | Linear | | Linear | | Linear |

i hf4 %) f1

Fi Multi-hop Feature Extractor of
~ r&} . LinguGraph LLM
__________ t oo %1 TeacherFeaturdLearning
Pl PT P7 Pk
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Linguistic Graph KD (AAAI'25)

e (C3: O4tH scalet layerQ| X|A12

v" Multi-scale KD

221
20 =

0|7

|7

—

=29k graph depthdl| &5

= |Local aIignment}’: node-level semantic knowledge &
= |Global aIignmenﬂE MK representation 2| E&

= | ayer-adaptive weight=

kx GNIE Layers

Instruction
Encoder

Structural
Encoder

|

s())

p; = concat(Z,T;, Q)

Graph Instruction Prompt Encoder

Multi-hop Feature Extractor of
LinguGraph LLM

)

A

Pk

Konkuk university
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! G G 1
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Norm Norm Norm Norm ,.
=G
) h h{ hj hy a
Layer-adaptive «B
Loss X X K K
| | I G
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. / Shared Linear Feature Projector \
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Linguistic Graph KD (AAAI'25)

* Experimental Results
v" Dataset: Cora, PubMed, ogbn-arxiv
v LinguGraph-Llama3 (8B)= &£ H|0|E{Allof| A SOTA =4
v O|0|EAll A0 M student GNN M2 3AH| 2AA|Z|H, vanilla GNN2 2kt 57t

Methods Cora PubMed Methods Arxiy

Acc.t F11 Acc.T F11 Acc.? F11
GCN 86.53+0.92 85.661+0.78 86.12+0.93 85.64+0.82 GCN 71.744+0.21 71.04+0.37
GAT 86.124+0.95 85.05+0.88 85.494+0.76 84.89+0.71 GAT 73.66+0.33 72.4440.19
GraphSAGE 87.08+0.85 85.96+0.73 87.69+0.92 87.38+0.68 GraphSAGE 71.194+0.26 70.87+0.45
GIN 86.60+0.91 85.37+0.74 85.8440.92 85.31+0.63 GIN 71.62+0.47 71.13+0.33

BernNet (He et al. 2021)
FAGCN (Bo et al. 2021)

88.52+0.95 87.96+0.85 88.48+0.41 87.52+0.79 GTAN (Wu and Wang 2022) 72.97+0.17 71.77£0.22
88.851+1.36 87.921+0.65 89.98+0.54 88.72£0.53 UniMP (Shi et al. 2021) 73.11£0.20 72.14+0.38
GCNII (Chen et al. 2020) 88.931+1.37 87.58+0.71 89.80+0.30 88.96+0.62 GCNII (Chen et al. 2020) 72.74+0.00 72.22+0.44
RevGAT (Li et al. 2021) 89.1140.00 87.65+0.58 88.50+£0.05 87.12+0.73 RevGAT (Li et al. 2021) 74.02+0.18 73.5640.29
ACM-GCN+ (Luan et al. 2022) 89.75+1.16 88.94+0.54 90.9640.62 89.7740.51 E2EG (Dinh et al. 2023) 73.6210.14 72.96+0.26
Graphormer (Ying et al. 2021)  80.41+£0.30 79.98+0.56 88.2441.50 87.52+0.71 SGFormer (Wu et al. 2024) 72.631+0.13 71.58+0.42

LinguGraph-Llama?2 (7B) 88.1910.83 88.12+0.73 94.09+0.78 93.55+0.61}LinguGraph-Llama2 (7B)  75.67+0.52 75.60+£0.41
LinguGraph-Llama3 (8B) 91.51+£0.46 91.53+0.18 95.591-0.29 95.551-0.10] LinguGraph-Llama3 (8B)  79.7310.18 79.29+0.56

GCN(Liama2) 73.87+£0.22 73.87%0.61
74.68+0.45 74.291+0.32
74.92+0.14 74.48+0.28
75.71£0.41 75.06+0.36
72.53+0.61 72.4240.49
75.38+0.38 75.22+0.32
73.71£0.25 73.42+0.10
75.64+£0.46 75.28+0.39
3.85% 4.22%

GCN(Llama3)
GAT(LlamaZ)
GAT(Llama3)
GraphSAGE(Llamag)
GraphSAGE (11ama3)
GIN(Llama2)

(Llama3)
Avg. Dist. Gains

90.59+0.71 89.62+0.66 88.9710.82 88.56£0.71 GCN(Liama2)
90.77+£0.28 90.3540.37 89.7610.44 89.46+0.37 GCN(L1ama3)
90.33+0.67 89.7240.59 87.931+0.28 87.42+0.36 GAT (L1ama2)
91.51+£0.35 91.4540.58 88.311+0.76 87.93+0.65 GAT (L1ama3)
90.22+0.77 89.89+0.19 89.9610.50 89.67+0.34 GraphSAGE Liama2)
91.70+0.51 91.08+0.62 90.144-0.56 89.96:+0.48 GraphSAGE1iama3)
90.26+0.67 89.20+0.48 87.731-0.29 87.20+0.30 GIN(Liama2)
91.3340.28 91.0540.53 89.22+0.79 88.87+0.61 GIN(Liama3)

4.61% 5.22% 2.79% 2.84% Avg. Dist. Gains

Konkuk university
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Linguistic Graph KD (AAAI'25)

* Experimental Results
v’ LinguGKD2| 2842 HII517| LI8H 7= SOTA KD T LAt H|
» X|&XOoZ Cora, ArwaHIH Accuracy &4
v" LinguGraph LLMZ} distilled GNNO{| CHot 22 30|t =2 A|2F 2k2] trade-off
* LLM2 F0Hd5S MEOH(2E 2R 300t O HX[1D =2 A|2H0] Z0{F
- E|AAIIEESID XL HE LI 2 Q5H H0| M
= Distiled GNN2 2\ O 22 Z7 2 =20 2 H|=3H Y
- 2|aAJrXotEl A2 application| O 4

8.03B _
Model Cora Arxiv 1.75 ngzg gB 28.98 GB —5— Number (ﬁ-%rzn::e:ers 1010 %
1.50 o

Teacher of baselines 88.93 73.91 o g Z‘:;':fed g
I'Teacher of LinguGKD 91.51 79.73 g 125 10° o
KD (Hinton, Vinyals, and Dean 2015)  86.38 71.55 g 1.00 - £
FitNet (Romero et al. 2015) 85.40 71.38 g 0.75 o7 M 1197 M 5
LSP (Yang et al. 2020) 84.92 71.52 £ o050 TI8M 778 0.04 GB 0.04 GB S
GraphAKD (He et al. 2022) 86.39 - ' 107 £
G-CRD (Joshi et al. 2024) - 71.64 025 ﬂ_‘ E}
LinguGKD 90.77 74.68 0.00 ﬂ_l J—I_l ﬂ_l 106 -

Llama2 Llama3 GCN GAT GraphSAGE GIN
Method

Konkuk university 29 Graph & Language Intelligence Lab.



Dual KD for Robust GNN (AAAI'26)

DuoKD: Dual Knowledge Distillation from Large Language Models
for Robust Graph Neural Networks

Cuiying Huo', Xiaotong Huang?, Dongxiao He!, Yixuan Du!, Wenhuan Lu'** Di Jin'>*

ICollege of Intelligence and Computing, Tianjin University, Tianjin, China
2School of Mathematics, Tianjin University, Tianjin, China
3School of Intelligence Science and Engineering, Qinghai Minzu University, Xining, China
{huocuiying, huangxt 3604, hedongxiao, wenhuan, jindi } @tju.edu.cn

Cited: 1

« H|=ot™JE0t distillations}™ S =2&0}?
v J|& LLM-GNN g4l2 £ 2 class} 2|0|X o 2 Aot positive knowledgeTt ME
v SHX|2F-=Iot decision boundaryE BH=24HM negative knowledge: e
v’ LO|Z0H 20| AR LLM XAl 2 TEoIH 70 SJEEE,
semantic/structural rationale= G250 MEHSHOF &t
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Dual KD for Robust GNN (AAAI'26)

* Challenges
v C1:Intra-class similarity= OtL|2} inter-class boundary = St&SHOF &
v\ C2:LLMO| ‘8’5t supervisionO| 41 2|2k TFotX| HIFSHOF &
v C3: Tl label 2|0 semantic/structural reasoning X[A1= Z7{0F &t

« LLM Teacher?| @gf: Multi-signal rationale teacher
v" verbalized soft opinion, positive/negative semantic rationale, structural rationale

Konkuk university 31 Graph & Language Intelligence Lab.



Dual KD for Robust GNN (AAAI'26)

» C1:Intra-class similarityz OtL[2f inter-class boundary = St&oH0F 2
v" Positive/Negative Knowledge 44/
« PRI HSA =2 classOflA] positive opinion A4
« JFAIHSA B2 classOflA] negative opinion A4
= 282t semantic/structural rationale A4

Prompt Example: Positive Rationale

\ -~ Y e Input: This paper is classified into the opinion: ”label”.
/ Prompt Knowledge Extraction | Adaptive (semantic rationale) Please explain why this classifica-
P I tion makes sense. What characteristics or signals in the
You are a professional academic paper | Student paper content might justify this label? (structural ratio-
expert. me complete the following tasks... » ® Opinion | [ nale) Please identify the top 5 neighboring papers that
- — - N\ Generatlon e most strongly support this classification.
Opinion Generation G | [ The paper is: ..”
We want to classify a paper into the Text A""b“te raph | Its nelghbors are: 7.7
following categories: [categoryl, =) 1 (1 B Res ionale: ’The classificati f
[erhig ?9)  positive Rationale Generation ponse: {semantlc rationale: e classification o
category2, ...]. Please identify B , e : \ this paper into the category is justified due to its fo- -
probabilities for each classs separability. @ Negative Rationale Generation |/ Distillagic cus on the foundational...’, structural rationale: ['node =
q y Distillati P £
> < J |l id’,cofidence,...] e
Positive Rationale % | o \ J 5
This paper is classified into the | 'E» e L e M - ! ;
opinion: “label”. (semantic) Please Knowledge Evaluation \ : E Prompt Example: Negative Rationale &
explain why... (structural) Please — | | 2 g
identify top 5 neighboring... = | g Input: This paper is classified into the category: “negative 1
> < &(@ Textual Distance(TD) |\ label”. (semantic rationale)Please explain why this clas-
Negative Rationale — ; | (= = = sification makes sense. What characteristics or signals in
. . e o - | Sem the paper content might justify this label? (structural ra-
This paper is classified into the 2 1 . . ) . )
opinion: “negative label”. (semantic) N Z ! |_ :_atli_na ¢ tlonale)Pleeise 1dent1fyththe :op Sﬁ nel'ghbormg papers that
Please explain why... (structural) Please \,10?7 Perplexity (PPL) =2 | ] Sem most strong y”sugport is classification.
L ; h - o The paper is: ”..
identify top 5 neighboring... | |15 rational¢ > %
L ) S Its neighbors are:
\ / \_ ~ o / l \ Response: {semanuc rationale: The classification of
S this paper into the category is justified due to its fo-
cus on the foundational....’, structural rationale: ['node
id’,cofidence,...]
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Dual KD for Robust GNN (AAAI'26)
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Please explain why... (structural) Please
identify top 5 neighboring...

. J

\ /

Konkuk university

Knowledge Extraction

S S S S —

Adaptive Dual Knowledge Distillation

N
TD(z,z.5) = %ZLevenshteln(x(’) x(’))

» g ! ® Opinion
Generation

(" Student GNN Model

Text Atrrlbute Graph

’ositive Rationale Generation

@ Negative Rationale Generation

/1 Distillation

Knowledge Evaluation

[ ,((é Textual Distance(TD)]—*

[ R Perplexity (PPL)]—>

7

PIOYsaaIy L, T.!.T]

J

|

|

|

| B om o
= s YY)
| ex om
| B Encoder » o CH % o

| (| om

| 5l

| g s

| -

|

opinion

)
<
=
g
g
a
=3
=

JuWUSNY [BANPINNS

prediction J

(&
=
I
-

Semantic rationale

@ Sem | IID ‘
|
- fninalfl Text
S Encoder ‘,
| © _rationalc H - |

Structural rationale | |

\
-
[

33

Graph & Language Intelligence Lab.



Dual KD for Robust GNN (AAAI'26)

« (C3: k== [abel 2|01 semantic/structural reasoning X|A1 = &2{0F &t
v" Positive= Pull, Negative= Push
= Positive opinion/rationale?t GNN representation= HZ&
= Negative opinion/rationalediM= BOX|=E a5
= Structural rationale= 23t neighborl| message passing0f| g+

(" N 7 . T
/ PrOmpt \ Knowledge Extraction | Adaptive Dual Knowledge Distillation \I
e N |
You are a professional academic paper | Student GNN Model |
expert. me complete the following tasks... » ! ® Opinion | B om o |
r ) Generation e
Opinion Generation | B Text » OB B o om ©®°°
We want to classify a paper into the Text A""b“te Graph | Encoder o
following categories: [categoryl, Y || E) B o
category2, ...]. Please identify ’ ’ositive Rationale Generation : _ _ )
probabilities for each classs separability. = ; : : 4
L ) Negative Rationale Generation A : /Distillation - ~ E
( N\ -
Positive Rationale - ;— | o . |:|I | | | . E
This paper is classified into the / \ I = opinion ;
OpiHiOIlI ”label”. (semantic) Please Knowledge Evaluation : E E
explain why... (structural) Please — | B E
identify top 5 neighboring... ':_E | g S
0 0y -
) < [ ,((é Textual Distance(TD)]—? - | \ i prediction /
Negative Rationale _ = | : \
This paper is classified into the 2 * ratslz:; le | IIEI (.
opinion: “negative label”. (semantic) a?s = ' = Text
Please explain why... (structural) Please ‘10177 Perplexity (PPL) % | Encoder &= .’ y
identify top 5 neighboring... ) | ‘ ionale H = |
& /’ \_ \ J / l "Semantic rationale \__ Structural rationale ||
opi __ (GNN) (LLM) _
Lopz KL(O’(Z(LLM)/T) || O'(Z(GNN)/T)) Eneg E max (O COS( : ) m)
pos 1€Lpheq
L% = I [Scoresem(r; ) < T
NN LLM ne. sem
£38 = W[Scoresem(ri) < 7]-MSE(GEVN (u;), M (1)) o =¥l ]

(11) ~max (0, cos($9NN (va), ¢4 (1)) —m)
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Dual KD for Robust GNN (AAAI'26)

* Experimental Results
v" Dataset: Cora, PubMed, ogbn-arxiv

Method Cora PubMed ogbn-arxiv
Acc F1 Acc F1 Acc F1

GCN 86.53+0.92 8536+1.01 | 86.15+£0.87 85.64+0.82 | 71.74+£0.21 70.44 £0.33
GAT 86.10£1.00 85.12+1.03 | 86.20+£0.93 85.31+0.88 | 73.66 £0.35 71.04+£0.47
GraphSAGE 86.92+0.85 85.85+0.79 | 87.12+£0.76 86.90+0.70 | 73.85+£0.43 72.31+0.50
GIN 86.60£0.91 8541+0.88 | 86.40+0.95 85.78+0.84 | 71.62+0.42 70.33+0.47
FAGCN 88.32+0.55 86.93+0.61 | 88.64 £0.63 87.96+0.58 | 74.21 £0.58 72.97 £0.62
GIANT (GCN) 87.74 £0.85 86.30+£0.78 | 88.32+£0.70 87.05%+0.69 | 75.61 £0.67 74.25+0.65
GLEM (GCN) 88.71 £0.61 87.51+0.65 | 88.74 £0.62 88.04 +£0.57 | 76.20+£0.44 75.20+0.47
GLEM (GAT) 89.12+0.54 88.04+0.60 | 89.01 £0.55 88.36+0.48 | 76.42+0.52 75.43+£0.50
GLEM (SAGE) 88.90+0.47 87.92+0.51 | 89.30+£0.58 88.62+0.53 | 76.80+0.41 75.91+043
LinguGKD (GCN) | 90.50+0.42 88.90+0.43 | 88.78+0.54 88.66+0.57 | 76.15+0.51 76.92+0.50
LinguGKD (GAT) 90.83 +046 89.21+£0.50 | 88.93+0.47 8790+045 | 77.62+040 77.21£0.39
LinguGKD (SAGE) | 90.91 £0.43 89.17+0.44 | 88.10+0.42 88.14 +0.38 | 77.05+0.39 77.89 +£0.41
Ours (GCN) 9191 +£0.57 89.10+0.63 | 90.93+0.49 89.89 +0.55 | 78.84 +0.66 78.52 + (.61
Ours (GAT) 92.30 £0.51 89.60 £0.58 | 89.21 + 042 89.04 +0.48 | 80.13+0.59 78.81 + 0.50
Ours (SAGE) 91.85+0.63 88.92+0.71 | 88.05+0.44 88.78+0.52 | 80.01 +0.47 78.66 + 0.46
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Dual KD for Robust GNN (AAAI'26)

* Robustness analysis

E B~
v non-targeted DICE attack, random text replacementE &
g HH . —t | —r E o
v' positivete OtL|2} negative knowledge= 2¢O 2 M [ robustet 211 =2
. [ = - [ === - (=
v' negative knowledgei= ZEI0| 28} AX|7} U= L2 E QIAIGI N HESIEE HA|HO=
== E s | e
21230 2K decision boundaryE Z2fet
| Structural Perturbation Attribute Perturbation
Dataset | Ptb Rate ] GCN GIANT GLEM Ours GCN GIANT GLEM Ours
0% 86.53 £092 87.74+0.85 88.78:-0.46 | 91.91 +0.57 |§86.53 £0.92 87.74+0.85 88.78 £0.46 | 91.91 £ 0.57
Cora 10% 81.38 £0.65 8421 4+0.53 85.92+0.42] 86.35+0.34 ||82.80+0.58 85.45+0.48 87.25+0.39 | 89.42 +0.33
20% 78.38 £0.70 82421+ 0.58 84.63 +0.48 | 85.90 +0.36 || 78.60 +0.67 82.10+0.53 85.15+0.45 | 87.30 £ 0.37
40% 71.62+0.76 7793 +£0.64 80.78+0.52 | 84.21 £0.38 || 72.30 = 0.74 76.45+0.60 80.50 £ 0.48 | 85.00 £+ 0.35
0% 86.15 £ 0.87 88.32+0.70 88.68 +0.45] 90.93 +0.49 ||86.15+0.87 88.32+0.70 88.68 +0.45 | 90.93 + 0.49
Pubmed 10% 82.86 £0.63 85.60+0.50 87.02+0.43 ] 88.124+0.33 ||83.25£0.56 86.15+0.44 87.90+ 0.38 | 88.65 +0.32
ubme 20% 80.11 £0.68 83.53+0.55 85.844+0.47] 87.75+0.35 ||7895+£0.64 83.20+0.51 86.10+0.43 | 86.95 +0.36
40% 76.15+£0.73 80.92 +0.61 83.67+0.50 | 86.24 +£0.37 || 73.15+0.72 78.85+0.57 83.30+£0.46 | 84.90 £ 0.34
0% 7174 £0.21 75.61 £0.67 76.12+0.42 | 78.84 £0.66 || 71.74 =0.21 75.61 +£0.67 76.12+0.42 | 78.84 £ 0.66
oobn-arxiv 10% 6423 £0.69 67.54+0.53 69.90+ 045 71.12+0.32 (J67.50+0.62 71.55+0.50 74.00+0.41 | 76.85 £ 0.30
g 20% 62.35+0.72 6583 +0.56 67.74+0.47 | 69.80+0.34 §63.20+0.66 68.20+0.52 71.60+0.44 | 74.35 £0.30
40% 5644 +£0.76 61.29 +0.61 64.88+0.50 | 67.65+0.36 ||57.90+0.71 63.40+0.59 67.80+0.47 | 72.00 £+ 0.33
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LLM-Augemented Graph Learning (WWW'26)

Detecting Miscitation on the Scholarly Web through
LLM-Augmented Text-Rich Graph Learning
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v’ J|&E structure 7 |2H A2 O Q18 THEADF E 11 text 7 (4 A2 A o|0| FALLO|
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LLM-Augemented Graph Learning (WWW'26)

* Challenges
v' C1: Local citation pair2tQ 2 QPO | TTt0| JHSSH}?
v C2:Multi-hop LLM reasoning= web scale0f|A| Astiet 4 Q=012
v’ C3: E= training exampled]| & 512| KDSHOF SH=2?

« LLM TeacherQ| @igt: Task-specific reasoning teacher
v" evidence-chain2| hop& reasoning stateZ GNN layer# edge representationdi| H=Z&

Miscitation Example:

As Illustrated by [Yang et al., 2020], dataset condensation significantly improves
model efficiency...
1] Yang, Qian, et al. (2020) Capillary condensation under atomic-scale...

(a) Anomalous Citation Pattern (b) Low semantic similarity

! Claim Text: ...dataset condensation ...
Embedding:

b
1 Low Similarity
A

— | Citation Text: ...capillary condensation ...

Cluster: Dataset Cluster: Capillary Embedding: |:|

Condensation condensation

Anomalous
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LLM-Augemented Graph Learning (WWW'26)

 C1:Local citation pair@te 2 QPdX0| TH=H0| D Hs ot F?
v" Evidence ChainZ j2} Citation 25
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LLM-Augemented Graph Learning (WWW'26)

 (C2: Multi-hop LLM reasoning= web scale0j|A{ Aatigt
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= LLMQ| hop'& reasoning state =
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LLM-Augemented Graph Learning (WWW'26)

 (C3: 2E training exampled]| 5L 5AH| KDSHOF SH=2?
v {242 Training Caself|2t &=

= GNNentropy= ==

etAot training edge &

= Teacher confidenceZ noisy reasoning X|*
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LLM-Augemented Graph Learning (WWW'26)

* Experimental Results

v" Dataset: RED, SciFact, S20RC
v IZEH S|} o|0|N RAIZ0] OESHs HEE GNN & PLM 7|8t e Jpg ot
= MeOHEX|of| BaA0l A 1A 1L oj0| OfSHE 2tMO = Se6h=H| AN SAHIE 2L
|.

- —4—

v LLM 7 |Et O SEAbE] 24nt2 HO|X|2F Bl AE A graph learningi| H|sH OS¢

Dataset Metric GCN GLAD RoBERTa SciBERT GLM Qwen AnomalyLLM GuARD | LAGMiD (Ours)
AUC 0.7559 0.7774 0.7068 0.7651 0.8220 0.8362 0.8982 0.9100 0.9615*
RED F1 0.6857  0.6936 0.6082 0.7471 0.7202 0.8056 0.8354 0.8571 0.9167*
Precision 0.7557 0.7774 0.5982 0.7182  0.8051 0.7682 0.8327 0.8753 0.9167*
AUC 0.6045 0.6244 0.5677 0.6211 0.7909 0.7832 0.8024 0.7906 0.8208*
SciFact  F1 0.5138  0.6006 0.5252 0.6622  0.7242 0.7213 0.7958 0.7714 0.8205*
Precision 0.6673  0.6677 0.6360 0.7102  0.7250 0.7536 0.7485 0.7453 0.7724*
AUC 0.6971 0.7883 0.7459 0.7024 0.7129  0.7506 0.7547 0.7528 0.8100"
S20RC F1 0.6871  0.7932 0.6330 0.7094  0.7621 0.7678 0.7381 0.7687 0.8256"*
Precision 0.6606 0.7733 0.7081 0.7653  0.7681 0.7324 0.7420 0.7740 0.8419*
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LLM-Augemented Graph Learning (WWW'26)

 Ablation & Efficiency
v" Evidence-chain reasoning2 X|H3HS [ A450| o1&
v Distilled GNN@.Z LM reasoning 22 =2 Jts

Model RED S20RC

AUC F1 Precision AUC F1 Precision
w/o EC 0.9295| 0.8412 0.8571 0.7480  0.7855 0.7728
w/o KD 0.9487  0.8511 0.8696 0.7586  0.7935 0.7885
w/o LD 0.9503 0.8696 0.8571 0.7700  0.8207 0.8035
w/o TD 0.9487  0.8511 0.8696 0.7625  0.7968 0.8277
LAGMiD 0.9615 0.9167 0.9167 0.8100 0.8256 0.8419
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Fig. 2: An overview of this survey on knowledge distillation of large language models. Note that ‘Section” is abbreviated
as ‘Sec.” in this figure. RMg(-) denotes the student reward model. D@@®@ @ denote the steps in KD of LLMs.
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Limitations

« M2 L= architecturel| feature= XIQIAEH| CHSE[X| &=
v &Z architecture0f|A= layer 2t L2t CHSO| H| w A <k
v CNN-VIT-MLPX& architecture? | E2X|™ representation correspondence? | 2| 2F

<}
v’ EEA LM layer@t GNN layerE T MSEZ Bt3== 10| 20| Q)= knowledge transfer
= 20| 42
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Figure 1: Similarity heatmap of intermediate features measured by CKA. We compare features
from MobileNetV2 (CNN), ViT-Small (Transformer) and Mixer-B/16 (MLP model). The first
three figures illustrate similarity between homogeneous models, and the last three illustrate feature
similarity between heterogeneous models. Coordinate axes indicate the corresponding layer index.

[1] Hao et al., “One-for-All: Bridge the Gap Between Heterogeneous Architectures in Knowledge Distillation”, NIPS'23, Cited: 254
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Figure 1: (a) The efficacy of KD is not always guaranteed, with certain combinations of models and datasets leading
to unexpected failure. This heatmap shows relative performance gain and loss from employing various KD methods
in pre-training (PT) and fine-tuning (FT) compared to training without KD loss. (b) We identify several “Distillation
Traps” and propose a calibration method to control models’ distillability. Reducing the traps yields distillable
teachers that can give dense and accurate guidance, whereas amplifying them can turn traps into guards, yielding
“undistillable teachers” preventing unauthorized distillation.

[1] Zhan et al., “Distillation Traps and Guards: A Calibration Knob for LLM Distillability”, ACL'26, Cited: O
Konkuk university 48 Graph & Language Intelligence Lab.



Future Works

« D E representationO| OfL|2} S E| 1T task-relevant@t X[AIGHHE!

v teacher feature HHNIE 2X|5F2 | 2Lt architecture- mdependent componentE A
v’ student2| D93t inductive bias= XM H8HK| 41

——

Student b Eq. (1) 4 b e e e T

(a) Phase 1: Train the teacher’s filters while the student is  (b) Phase 2: Train the student along with student’s filters
kept frozen while the teacher is kept frozen

Figure 3: Redundant Information Distillation (RID) framework: f;(-) and f,(-) are the teacher and the student

filter outputs, respectively. A classification head g;(-) is appended to the teacher’s filter during the first phase.
Highlighted in amber are the components that are being updated in each phase.

[1] Zhan et al., “Distillation Traps and Guards: A Calibration Knob for LLM Distillability”, ACL'26, Cited: O
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[1] Zhan et al., “Distillation Traps and Guards: A Calibration Knob for LLM Distillability”, ACL'26, Cited: O
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