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Motivation

* Node classification is a fundamental task in graph analysis
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Motivation

* Leveraging LLMs for node classification has become popular
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Motivation

* Designing principles for LLM-based node classification algorithms
remain elusive
* For each algorithm category, what is the most suitable setting?
* Under what scenarios, LLMs can surpass traditional LMs like BERT?

Unified Benchmark
Evaluate all methods using consistent Consider comprehensive variables including
dataloaders, learning paradigms, backbones, learning paradigms, language model type &
and implementation codebases size, graph characteristics, etc




Benchmark - LLMNodeBed

* Contains 14 datasets withvarying [~ - =
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* Integrates 8 LLM-based algorithms,
8 classic methods

Supported Methods Semi-supervised / Supervised

e Supports 3 different learning

LLM-as-Predictor N

|
|
|
LLM-as-Encoder .
I LLM-as-Explainer
1 . 1 H | ENGINE, jcar . :
paradigms: semi-supervised, i APE. instruction  CraPhCPTsicrz
Tuning
: | GNN LLaGA cmL24
supervised, and zero-shot i
Table 1: Statistics of supported datasets in LLMNodeBed.
Statistics Academic Web Link Social E-Commerce Heterophilic ndation Models
Cora Citeseer Pubmed arXiv WikiCS | Instagram  Reddit Books Photo  Computer | Cornell Texas Wisconsin Washington  Fine-tuned LLMs
# Classes 7 6 3 40 10 2 2 12 12 10 5 5 5 5 /
# Nodes 2,708 3,186 19,717 169,343 11,701 11,339 33,434 | 41,551 48,362 87,229 191 187 265 229 T
# Edges 5,429 4,277 44338 1,166,243 215,863 144,010 198,448 | 358,574 500,928 721,081 292 310 510 394 .
Avg. #Token | 1834  210.0 446.5 239.8 629.9 56.2 197.3 337.0 201.5 123.1 594.6 453.2 639.1 469.0 Hallucination ]
Homophily (%) | 82.52  72.93 79.24 63.53 68.67 63.35 55.52 78.05 78.50 85.28 11.55 6.69 16.27 77 -




Comparing Classic and LLM-based,

Expe ri m e nts & F i n d i n gs introducing LLMs to exploit textual

. . . information is useful
* Semi-supervised & Supervised 4 f

Semi-supervised | Cora Citeseer Pubmed WikiCS  Instagram Reddit Books Photo Computer Avg.

GCNshallowEmb 82'30:|:0.19 70'55:t0.32 78'94:t0.27 79.86:|:0.19 63‘50:|:0.11 61'44:|:0.38 68.79:|:0_46 69'25:|:0.31 71.44:|:1_19 7179

S AGEshallowEmb 82274037 69.564043 77.884044 79.674025 63574010 56.654033 72014033 78504015 81434027  73.50

Classic GAT shallowEmb 81 -30:I:0.67 69-9410.74 78.49:&0.70 79.99:&0.65 63.5610_()4 60.60:|:1_17 74.35 +0.35 80.40:|:0_45 83.39i0_22 74.67
SenBERT-66M | 66.66414 60.521160 36041000 77771075 59004117 56.054041 83.684010 7389403 70764015 64.93
RoBERTa-355M | 722441114 66.684203 42321156 76814100 63524044 59271034 84.62.016 74794113 72314037 68.06

GLEM 81304088 68.80424¢ 81704147 76.434055 60254366 55.134141 83284039 76.934040 80464145 73.81

ENGINE D 77.84. 0,7 $094:i010 | 6Tldins 606Ti00eN 5280014 84.33.057 86421025 7840

Explainer TAPE | 84.0410_24 71.87:|:0_35 78.61i1_23 81.94:|:0_16 66.07i0_10 62.43 4047 84.9210_26 86.46:|:0_12 89.5210_04 78.43
LLMr 67002016 54261022 BTN 7502:016 4183400 5409.um 8092453 712841s 6699, 6576

Predictor GrathPT 64.72i1_50 64.58i1_55 70-34:I:2.27 70.71:|:0.37 62.8812_14 58.2510_37 81.13i1_52 77.4810_73 80.10:|:0_76 70.02
LLaGA 7894, 14 626156 6591900 76471320 658407 IR 3347.0.s 8444.000 87821053 7507

Supervised - Cora Citeseer Pubmed arXiv WikiCS  Instagram Reddit Books Photo Computer Avg.

G C N s | 87 dFio0s - 15744150 8901 igegl v 71 39 00t 8367 hner - 6390 ior s 165 00ag s 7694 g 0s o 13 3 ia 1116 b 1637

S AGEshaliowEmb 8744174 74964120 904741025 71214018 84.864001 64.141047 615241060 79404045 84.594030 87.77+034 78.64

e GAT statowiun | 861680 110 T8 73 oo 8825 ois T15T1ps 1 83,9400 - 64103000 F64 160 s = B06T g BARAI o' 8832 e 9870
SenBERT-66M | 79.611140 74.061126 94474033 72.664024 86.514086 60.111093  58.704054 85991058  77.724035 74224021 7640
RoBERTa-355M 83.17ig_g4 75.90:I:1.69 94.84;{:0.06 74'12:I:U.12 87.47;};0.83 63'75:t1.13 60.6110.24 86.65:{:0_33 79,45:|:g_37 75.76i(]_30 78.17

GLEM R6.81 10 T3 M e A0S n 1055 e BT9 R e 6T 30 a3 e 0 P 83 98 e R 16 i 8163 e 1T

ENGINE 87.004160 75824152 90.081016 74.69403¢ 85.4440s53 68.871025 T121ig77 84.09.000 86.98.006 89.05. 0,3 8132

Explainer TAPE \ 88.05117 76451160 93.004013 74964014 87.11ipgs 68111954 66.22.083 85951050 87721023 90.46.13 81.80
LLMIT 71.93:t1.47 60.97j:3.9? 94.16j:(].19 76.08 80.61i0.47 44-20:t3.06 58.30ig_4g 84.80j:0.13 78.27ig_54 74-51:t0.53 72.38

Predictor GrathPT 82-29:t0.26 74-67j:1.15 93-54j:0.22 7=k 15j:0.14 82.543:0.23 67-00:t1.22 60-72:t1.47 85.38:&0.72 84.46i0_36 86.78i1_14 79.25
LLaGA 87.55.1:s BEIEEE 9028.051 7449102 84.03.:, JEEBERERN 71060050 85.56103 [NS76200500 0041, 8160




Comparing Semi-supervised and Supervised,

Expe ri m e nts & F i n d i n gs LLMf can bri.ng great'er improvement.s in
. Semi-supervise d & Supervise d semi-supervised settings than supervised

Semi-supervised | Cora Citeseer Pubmed WikiCS  Instagram Reddit Books Photo Computer Avg.

GCNshallowEmb 82'30:|:0.19 70'55:t0.32 78'94:t0.27 79.86:|:0.19 63‘50:|:0.11 61'44:|:0.38 68.79:|:0_46 69'25:|:0.31 71.44:|:1_19 7179

S AGEshallowEmb 82274037 69.564043 77.884044 79.674025 63574010 56.654033 72014033 78504015 81434027  73.50

Classic GAT shallowEmb 81 -30:I:0.67 69-9410.74 78.49:&0.70 79.99:&0.65 63.5610_()4 60.60:|:1_17 74.35 +0.35 80.40:|:0_45 83.39i0_22 74.67
SenBERT-66M | 66.66414 60.521160 36041000 77771075 59004117 56.054041 83.684010 7389403 70764015 64.93
RoBERTa-355M | 722441114 66.684203 42321156 76814100 63524044 59271034 84.62.016 74794113 72314037 68.06

GLEM 81304088 68.80424¢ 81704147 76.434055 60254366 55.134141 83284039 76.934040 80464145 73.81

ENGINE D 77.84. 0,7 $094:i010 | 6Tldins 606Ti00eN 5280014 84.33.057 86421025 7840

Explainer TAPE | 84.0410_24 71.87:|:0_35 78.61i1_23 81.94:|:0_16 66.07i0_10 62.43 4047 84.9210_26 86.46:|:0_12 89.5210_04 78.43
LLMr 67002016 54261022 BTN 7502:016 4183400 5409.um 8092453 712841s 6699, 6576

Predictor GrathPT 64.72i1_50 64.58i1_55 70-34:I:2.27 70.71:|:0.37 62.8812_14 58.2510_37 81.13i1_52 77.4810_73 80.10:|:0_76 70.02
LLaGA 7894, 14 626156 6591900 76471320 658407 IR 3347.0.s 8444.000 87821053 7507

Supervised - Cora Citeseer Pubmed arXiv WikiCS  Instagram Reddit Books Photo Computer Avg.

G C N s | 87 dFio0s - 15744150 8901 igegl v 71 39 00t 8367 hner - 6390 ior s 165 00ag s 7694 g 0s o 13 3 ia 1116 b 1637

S AGEshaliowEmb 8744174 74964120 904741025 71214018 84.864001 64.141047 615241060 79404045 84.594030 87.77+034 78.64

e GAT statowiun | 861680 110 T8 73 oo 8825 ois T15T1ps 1 83,9400 - 64103000 F64 160 s = B06T g BARAI o' 8832 e 9870
SenBERT-66M | 79.611140 74.061126 94474033 72.664024 86.514086 60.111093  58.704054 85991058  77.724035 74224021 7640
RoBERTa-355M 83.17ig_g4 75.90:I:1.69 94.84;{:0.06 74'12:I:U.12 87.47;};0.83 63'75:t1.13 60.6110.24 86.65:{:0_33 79,45:|:g_37 75.76i(]_30 78.17
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Experiments & Findings

* Semi-supervised & Supervised

Semi-supervised | Cora Citeseer Pubmed WikiCS  Instagram Reddit Books Photo Computer Avg.

GCNShallowEmb 82'30:|:0.19 70'55:t0.32 78'94:t0.27 79.86:|:0.19 63‘50:|:U.11 61 .44:|:0_33 68.79:|:0_46 6925 +0.81 71.44:|:1_19 7179
S AGEshallowEmb 82274037 69.564043 77.884044 79.674025 63574010 56.654033 72014033 78504015 81434027  73.50
Classic GATshallowEmb 81301067 69941074 78491070 79.99i065 63.561004 60.604117 74351035 80404045 83394022 7467
SenBERT-66M | 66.6614, 6052114 36.041200 77771075 59.004117 56.051041 83.684010 73.89.03; 7076495 64.93 Encoder
RoBERTa-355M | 722441114 66.684203 42321156 76814100 63524044 59271034 84.62.016 74794113 72314037 68.06
GLEM 81304085 68.80404¢ 81701107 76434055 60254366 55.134141 83284030 76931040 80464145 73.81 A robust choice
ENGINE 84.22. 946 72144074 77841027 80941019 67.141046 69.671016 82891014 84331057 86424923 7840
Explainer TAPE | 84.0410_24 71.87:|:0_35 78.61i1_23 81.94:|:0_16 66.07i0_10 62.43 4047 84.9210_26 86.46:|:0_12 89.5210_04 78.43 Explainer
LLM;t 67.001016 54261022 8099943 75024016 41.831047 54.004102 80924133 7128438 6699, .00 65.76 .
Predictor  GraphGPT (e T L s R, ) DL e LT O R A T T (R B e s T T L TR (1 Suitable for graphs
LLaGA 7894114 6261365 6591,,500 76471550 6584072 7010933 8347545 8444090 87821053 75.07 W[t h /a b e /5 hea Vi /y
Supervised Cora Citeseer Pubmed arXiv WikiCS  Instagram Reddit Books Photo Computer Avg.
. | = - ¥ depend on text
G CNstaintion & 1| 814 5 pg - 15 74y RO0) gva, 11 307520 B3 6710 6304 ue 6507 0n . 169800 5 73 A L1601 7637
S AGEshaliowEmb 8744174 74964120 904741025 71214018 84.864001 64.141047 615241060 79404045 84.594030 87.77+034 78.64
e GATsmuwnan | 86681112 73731004 88251047 T1.5T4pss 8394y0m 6493.975 64164105 8061940 B848410e 8832400 78.70
SenBERT-66M | 79.611140 74.061126 94474033 72.664024 86.514086 60.111093  58.704054 85991058  77.724035 74224021 7640 .
RoBERTa-355M | 83.171¢384 75.9041.60 94.84 006 74124012 87471083 63.75.113 60.6110.24 86.65.1 938 79.45.1037 757641930 78.17 Predlctor
GLEM 86811110 73244155 9398101 73.55i02 79.8li04s 67390173 53114005 83981007 78164045 8L63i94s 7717 . .
Require rich
ENGINE 87.00j;1.60 75.82j:1.52 90.08j:0.16 74.6910.36 85.44;H).53 68.87j:0.25 71.21;(:0,77 84-09:.:0.09 86.98i0_(_)6 89-05:I:0.13 81.32 Supe rvision
Explainer TAPE \ 88.054176 76451160 93.004013 74964014  87.11ipss  68.111gss 66221083 85951050 87721028 90.46.0;3 81.80
LLMIT 71'93:t1.47 60.97j:3.9? 94.16j:(].19 76.08 80.61 40.47 44-20:t3.06 58.30ig_4g 84.80i0.13 78.27ig_54 74-51:t0.53 72.38
Predictor GrathPT 82-29:t0.26 74-67j:1. 15 93-54j:0.22 7=k 15j:0. 14 82.543:0. 23 67-00:t 1.22 60-72:t1.47 85.38:&0.72 84.46i0_36 86.78i 1.14 79.25
LLaGA 87.55:11; EEEEEEE 9028.001 74490 84.03.:, NN 71060050 85.56.050 WETI620050 9041y 8160




Experiments & Findings

e Zero-shot
Cora (82.52) WikiCS (68.67) Instagram (63.35) Photo (78.50) Avg.
Type & LLM Method Acc  Macro-F1 Acc  Macro-F1 Acc Macro-F1 Acc  Macro-F1 Acc  Macro-F1
Direct 68.08 69.25 68.59 63.21 44.53 42.77 63.99 61.09 61.30 59.08
CoT 68.89 69.86 70.75 66.23 47.87 47.57 61.61 60.62 62.28 61.07
LLM ToT 68.29 69.13 70.78 65.69 44.16 42.68 60.84 59.16 61.02 59.16
GPT-40 ReAct 68.21 69.28 69.45 66.03 44.49 43.16 63.63 60.82 61.44 59.82
w. Neighbor | 70.30 71.44 69.69 64.51 42.42 39.79 69.93 68.55 63.09 61.07
w. Summary | 71.40 72.13 70.90 65.42 45.02 44.62 72.63 70.84 64.99 63.25
Direct 62.64 63.02 56.77 53.04 37.58 29.70 41.23 44.26 49.56 47.50
CoT 62.04 62.61 58.88 56.00 42.00 39.06 44.22 47.13 51.78 51.20
LLM ToT 34.06 33.30 40.35 41.15 45.33 45.27 31.31 34.00 37.76 38.43
LLaMA-8B ReAct 36.55 38.04 22.40 25.76 44.67 44.42 27.03 28.96 32.66 34.30
w. Neighbor | 64.55 64.41 59.43 54.16 36.98 28.32 45.49 50.44 51.61 49.33
w. Summary | 64.69 64.62 62.69 56.40 37.59 30.91 48.11 52.20 53.27 51.03
ZeroG 62.55 57.56 62.71 57.87 50.71 50.43 46.27 51.52 55.56 54.35
GFM LLM;t 52.58 51.89 60.83 53.59 41.58 26.26 49.23 44.85 51.06 44.15
LLaGA 18.82 8.49 8.20 8.29 47.93 47.70 390.18 471 28.53 17.30

GFMs can outperform open-source LLMs but still fall short of strong LLMs like GPT-40



Experiments & Findings

 LLM-as-Encoder vs. LM-as-Encoder

P R O Semi-supervised Supervised
Cornell Texas Wisconsin  Washington Cornell Texas Wisconsin  Washington

Homophily Ratio (%) ‘ 11.55 6.69 16.27 17.07 ‘ 11.55 6.69 16.27 17.07
SenBERT | 50.594314 56.674215 71984150 63264050 | 66.154100 76324372 81514700 70444565
MLP RoBERTa 59.08:{:2_57 67-47:i:1.29 73.87i1_62 65-43:{:3.44 66.67i3_38 74.21;i;6.09 80.00:{:9_33 76.96i7.4g
QWBD-3B 57.78i3‘24 76.27i1_51 82-36;t1_62 75.11i1_92 77-95:i:4.76 8895i3m 8868i664 83'48:i:1.74
Mistral-7B 59'87i6.72 76‘27i 1.08 83'30j:1.42 74'24:i:0. 38 78.46i4_17 90.53 +3.16 89'43:t 515 8331:{: 5.60
SenBERT | 46.804213 54931065 58.30i2s6  52.61i13s | 507721018 59474516 61.13156s  61.304162
Gony  ROBERTa | 47.064319 55204375 5491isa0 54894150 | 517976 5842473 59244sp  6131iss
QWBD-3B 53 .59:{:2_07 56.80i4_29 63.02;i;2,16 64-56i4_05 58.46i 10.56 64-74;i:7_37 65-2816.82 67.83i3_74
Mistral-7B 54.64i1_52 58.67;&3_@ 62.08i2.61 61.52;{; 3.61 59.49;{;6.96 65-79i6.66 64.90;{;5.6‘,’ 66.96i4.g4
SenBERT | 52.5511s3 61.731137 70471175 65544244 | 68.721497 80.00450; 83.02163 76964458
SAGE RoBERTa | 55.554344 64264626 73.5942720  66.08+160 70.264537 80.531268 81.894742  74.354795
QWBD-3B 57‘13i2.29 78'53:t1.76 83'21i1.39 2 18:{:3.66 74'87i2.99 8947:{:1.67 91'32i2.82 83.48i3_25
Mistral-7B | 56.86+137 76.534240 83.964155  73.911097 77441299 91051260 89441404 81.74+4.48
SenBERT 15634 57 1 66:67 50s 1340 s 27055 ios | 73851714 8421 in 86,42 551 £ 71831750
H.,GCN RoBERTa 60.00i3‘54 68.13i2_93 75.66i2_12 71.52i1_22 74-87:i:7.68 83.16i6_[4 8453:{:904 79.13:}:5_43
C Qwen-3B 61.57 1380 80.13. 645 84.53. 070 74.67 177 7641 299 9211535 89.81.32 85.221399
Mistral-7B | 59.224454 72934521 81.8941s 68.59+4.46 75894384 8947437, 89.43454 86.09_ 35

LLM-as-Encoder significantly outperforms LMs in less informative graphs, e.qg., heterophilic ones



Contribution Summary

* A Testbed
 LLMNodeBed, a PyG-based testbed including 14 datasets, 8 LLM-based
algorithms, 8 classic algorithms, and 3 learning configurations
* Comprehensive Experiments

* Training and evaluating over 2,700 models, we analyze how learning
paradigm, homophily, language model type and size, and prompt design
impact the performace

* Insights and Tips

* Our work provides intuitive explanations, practical tips, and insights about the
strengths and limitations of each algorithm category.



Resources

e Paper: https://arxiv.org/pdf/2502.00829
e Code: https://github.com/WxxShirley/LLMNodeBed

e Dataset: https://huggingface.co/datasets/xxwu/LLMNodeBed
* Chinese Blog: https://zhuanlan.zhihu.com/p/1913536056717967976

Thank you for your attention!
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