Question: Is all the information necessary for reasoning on knowledge graphs? &
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Problem: Link Prediction on KG Experiments

KG reasoning with query:
(LeBron, lives_in, ?)

Applications: QA / RecSys

What is the nationality of Katherine Corri Harris 's couple 's children?

Table 1: Empirical results of WN18RR, NELL-995, YAGO3-10 datasets. Best performance is
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* first to efficiently identify a

66 7

indicated by the bold face numbers, and the underline means the second best. means unavailable
results. “H@1” and “H@10” are short for Hit@1 and Hit@10 (in percentage), respectively.
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2 , Y subgraph (system1) =» sampler type models VRRT He i ie10t| MRRT Bait He1o | MRRT Dot @10t
q [ arrymore

LeBron.JR SavanNah & , , ConvE 0427 392 498 | 0511 446 619 | 0520 450  66.0
wonof 2 * then e{-‘{-‘echvely reason on the Semantic Models QuatE 8.2180 jzzt.g 25.1 82(3)3 ig.g gg.g 8%2 4318'% 23.8
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: Lili Damita Source: Daniel Kahneman S u b g ra P h (SYSfem 2 ) 9 Pre d ' Cfor o

: MINERVA 0448 413 513 | 0513 413 637 - - -
—~d . . .. . DRUM 0486 425 586 |0532 460 662 | 0531 453  67.6
g ---------- * Only partial knowledge stored in human brain is relevant tfo a question RNNLogic | 0483 446 558 | 0416 363 478 | 0554 509 622
(oo Generating candidates and then ranking the promis swivesss QRN | 03 43 e 0 20 e 4L

€bron o . . . . . . . . .
eneraring candidates an en ranking the promising ones are common NBFNet 0.551 49.7 66.6 | 0525 451 639 | 0550 47.9 683

Definition 1 (One-sh berach Link Predicti Knowledee Granhs). Instead of direct] i RED-GNN 0.533 485 624 | 0543 476 651 | 0559 483 689

efinition 1 (One-shot-subgraph Link Prediction on Knowledge Graphs). Instead of directly predict- onc-shot.subgraph | 0.567 514 666 | 0547 485 651 | 0.606 540 721

ing on the original graph G, the prediction procedure is decoupled to two-fold: (1) one-shot sampling
of a query-dependent subgraph and (2) prediction on this subgraph. The prediction pipeline becomes

Table 2: Empirical results of two OGB datasets (Hu et al., 2020) with regard to official leaderboards.

: 9o (u,q) A OGBL-BIOKG OGBL-WIKIKG2
SRP—— G2 G, ELN Y, (1) type models Test MRRT Valid MRRT #Params) |Test MRR? Valid MRRT #Params)
where the sampler g4 generates only one subgraph G (satisfies |Vs| < |V|, |Es| K |E|) conditioned TripleRE 0.8348  0.8360  469,630,002| 05794  0.6045 500,763,337
. , . o A AutoSF 0.8309 0.8317 93,824,000 | 0.5458 0.5510 500,227,800
Structural models (e.g. , GNNs) for KG reasoning on the given query (u, q,?). Based on subgraph G, the predictor fg outputs the final predictions Y . PairRE 0.8164 0.8172 187,750,000 0.5208 0.5423 500,334,800
. : Semantic Models ComplEx 0.8095 0.8105 187,648,000 0.4027 0.3759  1,250,569,500
propagate the message with the graph structure DistMult 0.8043  0.8055 187,648,000| 03729 03506  1,250,569,500
: : : . RotatE 0.7989 0.7997 187,597,000 0.4332 04353  1,250,435,750
* update entity representation at each propagation step — Implemem‘ahon TransE 07452 07456 187.648.000| 04256 04272  1.250,569,500
Graph / Subgraph inference Structural Models| one-shot-subgraph| 0.8430 0.8435 976,801 | 0.6755 0.7080 6,831,201
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(u,q,?) (u,q,?) g S f o 9 (wqv)EELy Table 3: Coverage Ratio of different heuristics. Bold face numbers indicate the best results in column.
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o o semantie Fast sampling  Slow reasoning (.q,)€E rain Random Sampling (RAND) | 0.100  0.200 0500 | 0.100 0200 0.500 | 0.100 0200  0.500
5 o Complexit > PageRank (PR) 0278  0.407 0.633 | 0405 0454 0603 | 0340 0432  0.694
arameter Lomplexity The th K t ¢ hot b h . Random Walk (RW) 0.315 0447 0.694 | 0522 0552 0710 | 0449 0510 0.681
: : . e three kev steps of one-shot-subara reasoning are Breadth-first-searching (BFS) | 0.818  0.858  0.898 | 0.872 _ 0.935 _ 0.982 | 0.728 _ 0.760 __0.848
semantic models models complexity comparison 4 P grap g Personalized PageRank (PPR)| 0.876  0.896  0.920 | 0.965 0.987 | 0. : :

1. generate the sampling distribution

semantic models (computation-efficient but parameter-expensive) Non-parametric indicator: p**Y«a.-s+(1-a)-D7'A-p"), A : R

* p(u,q,v) is measured by a scoring function with representations h,, h,, h, 2. extract a subgraph with top entities and edges == %ﬁﬂz cog —aaaThte

structural models (parameter-efficient but computation-expensive) Entity Sampling: V, < TopK (V, p, K=r9 XIVI), S L . o

* learn the structures by leveraging the relational paths between u and v A AN ' NZ==

» or use the graph structure for reasoning, capturing more complex semantics Edge Sampling: & < TOPK(E’ Pz Po:@,0€Vs,(z,7,0)€E}, K —T8X|5|)'

> foacts on G to obtain ¥ of all entities 3. inference on the subgraph and get the final prediction e oo
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Figure 5: Exemplar subgraphs sampled from WN18RR (left) and YAGO3-10 (right). The red and
green nodes indicate the query entity and answer entity. The colors of the edges indicate relation types.
The bottom distributions of degree and distance show the statistical properties of each subgraph.

How to efficiently and effectively conduct subgraph reasoning on KG? &0  propagation: h.t' < DROPOUT (ACT(AGG{MEss(h;,hi,hg) : (z,7,0) € 88}))



Question: Can we model distant interactions with a single jump in molecular graphs?

Neural Atoms: Propagating Long-Range Interaction
ICLR In Molecular Graphs hrough Efficient Communication Channel

Xuan Li*, Zhanke Zhou*, Jiangchao Yao, Yu Rong, Lu Zhang, Bo Han
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Molecular graphs consist of different ¢, 1y @0 @N O C

types of atom interaction with

different properties and functions.

- The short-range interaction (SRI)
forms the structure of the

molecular graph.

- The long-range interaction (LRI)
could determine physical and Y
chemical properties.

= SRl U=-==<=C LRI

(E)-N-(2-methylstyryl)- .
N-allylacetamide

Neural Atoms

Definition 1. Neural atoms encompass a collection of virtual, parameterized atoms that symbolize
a cluster of atoms within a designated molecular graph. The process entails the acquisition of
knowledge that enables the transformation of conventional atoms into neural atoms, along with their
interactions. This transformation can be technically executed with model-agnostic methodologies.
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Original Atoms

Empirical Study

- Neural atoms can boost the performance of various GNNs up to 27.32%.
Table 1: Test performance on three LRGB datasets. Shown is the mean =+ s.d. of 4 runs.

Peptides-func

Peptides-struct

PCQM-Contact

Model
APt MAE | MRR ¢t

Transformer+LapPE 0.6326 & 0.0126 0.2529 4+ 0.0016 0.3174 + 0.0020
SAN+LapPE 0.6384 4+ 0.0121 0.2683 4 0.0043 0.3350 4 0.0003
GraphGPS 0.6535 + 0.0041 0.2500 £ 0.0005 0.3337 + 0.0006
GCN 0.5930 # 0.0023 0.3496 4+ 0.0013 0.2329 + 0.0009
+ Neural Atoms 0.6220 + 0.0046 0.2606 + 0.0027 0.2534 + 0.0200
GINE 0.5498 4+ 0.0079 0.3547 4 0.0045 0.3180 + 0.0027
+ Neural Atoms 0.6154 + 0.0157 0.2553 + 0.0005 0.3126 + 0.0021
GCNII 0.5543 + 0.0078 0.3471 & 0.0010 0.3161 + 0.0004
+ Neural Atoms 0.5996 + 0.0033 0.2563 + 0.0020 0.3049 + 0.0006
GatedGCN 0.5864 + 0.0077 0.3420 4+ 0.0013 0.3218 £ 0.0011
+ Neural Atoms 0.6562 + 0.0075 0.2585 + 0.0017 0.3258 + 0.0003
GatedGCN+RWSE 0.6069 + 0.0035 0.3357 4+ 0.0006 0.3242 + 0.0008
+ Neural Atoms 0.6591 + 0.0050 0.2568 + 0.0005 0.3262 + 0.0010

Retrieving f~1

Neural A
euralAtoms - Neural atoms without 3D information and half the #params. achieve

competitiveness or outperform the Ewald-based approach (previous SOTA).

Table 2: Validation energy MAE and MSE comparison on OE62 dataset.
Energy MAE | Energy MSE | Number of Params.

Learning fo project all the original atoms into a few neural atoms
that abstract the collective information of atomic groups in a molecule.

Graph Neural Network

- e T R T B

o . + BEwa oC . . .
Stacking multiple GNN layers to capture LRI? Implem entation + Neural Atoms 0.0834 0.0309 2.63 M
- Over-smoothing: representations become indistinguishable; PaiNN (Schiitt et al., 2021) 0.6049 0.0133 12.52 M
- Over-squashing: overwhelming information be squashed. + Bwald Block 00300 001 oo M
node DimeNet++ (Gasteiger et al., 2020) 0.0501 0.0117 276 M
] + Ewald Block 0.0479 0.0107 475 M
+ Neural Atoms 0.0551 0.0129 1.97M
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% Graph Transformer

| — . g .Y. Step.| @ @  Step2 0@ Step.3 ) = Neural Atoms are better than multiple fully connected Virtual Nodes.
e R » — O ® o LAm & =——p Table 14: Performance for virtual nodes (VNs) and neural atoms (NAs) in Peptide-Func, evaluated by
Using a fully connected graph to capture LRI? Eqn.| Eqn2 ~— an3 AP (the higher, the better).
- Irrelevant interactions: the LRIs are naturally sparse; g () 10 ' 0 Model ~ Method VNS/#NAS #VNS/#NAs #VNS/HNAs  #VNs fHNAs
cqs . i ) GNN  Projecting NA  Exchanging NA  Enhancine H® — = — =
- Additional computation: unnecessary node-pair attentions. \_ & MGNN . N VNs 0.5566 0.5543 0.5568 0.5588
NAs 0.5962 0.5859 0.5903 0.6220
: : ? VN 0.5437 0.5500 0.5426 0.5426
Motivation Step-1. Project atom representations H(GR,N’ro neural atom GINE NAs 0.6107 0.6128 0.6147 0.6154
. ?)
representations H'). VNs 0.5086 0.5106 0.5077 0.5083
P NA GONIL A 0.6061 0.5862 0.5909 0.5996
Can we model distant (£) _ (4) : (4) rr() (£) VNs 0.5810 0.5868 0.5761 0.5810
Hyy = LayerNorm ( Qy, ® MultiHead(Qya, Hoxn: Honn GatedGCN - 4 0.6660 0.6533 0.6562 0.6562

interactions with a single
Jjump in molecular graphs?

®  g®

Step-2. Exchange information among neural atoms Hy, - Neural Atoms have sparse attention and establish inter-communications.

_ NA® 0 5 10 15 20 25 30 35 strong 0 10 20 30 40 50 strong
Advantages {3 = LayerNorm ( H\ ® MultiHead (H\, H{}, H{)) N 5°
;- ;-
Z5 <3

Step-3. Project neural atoms back and enhance the atoms’

representation (H'ay, H\)) = H®,

- Learnable projection from atoms to neural atoms;
- Reducing the multi-hop long-range interaction to single-hop;
- GNN-agnostic and plug-in-and-play.

Attention strength
Attention strength

NAs index
w N - o
NAs index
w N = o

weak weak

H® = H((}QN o AUHY), st A = Aggregate ({Am}nﬂle)T cRN*K

NAs index

Original molecular graph with indices

NAs index

Original molecular graph with indices

Figure 17: Mutagenicity test set index-18 Figure 19: Mutagenicity test set index-29



AdaProp: Learning Adaptive Propagation for Graph

Neural Network based Knowledge Graph Reasoning
*Yongqi Zhang, *Zhanke Zhou, Quanming Yao, Xiaowen Chu, Bo Han
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Background: KG Reasoning

KG reasoning with query: (LeBron, lives in, ?)
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Applications: QA / Recommendation

What is the nationality of Katherine Corri Harris 's couple 's children?
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Graph Neural Network-based methods for KG reasoning
O propagate the message with the graph structure
O update entity representation at each propagation step

Graph / Subgraph

Graph neural network

mfu,v) = MESS(hﬁila hf;717 euv)

Rt = 5(AGG(me), ueN (v)))
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O geLq,rq = {Veqqu, Vegrqr = VeLq ,,ﬂq} as the sets of involved entities

O in cach propagation step for query (eq, Ty ?)

Problems when L is large
O Full propagation: large memory cost & over-smoothing
O Constrained propagation: extremely high inference cost
O Progressive propagation: exponentially increased nodes

Constrained

Progressive

Problem & Challenges

Problem formulation: Reduce the size
of propagation path through sampling

s.t. V

o

Two challenges of the sampling strategy S(:)
O the target answer e, is unknown given (eq, Ty ? )
O semantic dependency is complex

~L  _ 0 1 L
geqsrq - {(Veq,rq’ (Veq,rq’ sy (Veq,rq }, —

p {eq} =0
‘eTq S((Ve{;rlq) £¢=1...L°

Existing sampling approaches are not applicable
O no target preserving

O no relation consideration

O no direct supervision

——

Method: adaptively sample semantically

relevant entities during propagation

Designl: Connection-preserving Incremental Sampling

O Key idea: Preserve the previous entities 0 c Pl .
& sample from the newly visited ones €q:Tq — " €q'lq

L
.. C (Veq,rq

O Incremental sampling with only linear complexity

01010

entities covered in the 0/1/2-th steps

O Details in each step: Candidate generation and sampling

Candidate generation:
the newly-visit neighboring entities of last step

Candidate sampling:
sample K entities without replacement from candidates

—f - = - o —f

Veury = CBND(Ve) = N(Verr )\ Ve, Vearg = Vegry USAME(Ve ).
e.g. DR @B ®whenl=1 eg. G G whenl =1
D@ @D @ whenl =2 @ (7) when |l = 2

Design2: Learning-based and Sematic-aware Distribution

O Key idea: Introduce a parameterized distribution pt — S(rvf—l Ot’)
& borrow knowledge from the GNN €q:7q €q:7q’
Parameterized sampling distribution:
O Sharing the knowledge in GNN representations h
O Adaptive based on the learnable parameters 6*
pf(e) := exp (g(hg; Hf)/r) /Ze've exp (g(ht;,; Of)/r)

€q.7q
Learning strategy:
O Gumbel-trick to enable backward propagation on hard samples.
O Sampling: get top-K based on gumbel-logits
G, == g(h%; 6°) — log(—log U,) with U, ~ Uniform(0,1) for the candidate entities
O Enable backpropagation: straight-through estimation
ht = (1 — no_grad(p{)(e)) + p{)(e)) - h¢, for the selected entities

An overall comparison with
existing propagation schemes

Full propagation

Constrained propagation

Comprehensive Experiments

O Evaluation with transductive settings

NELL-995 YAGO3-10

. Family UMLS WN18RR FB15k237

P MRR H@! H@10| MRR H@! H@10| MRR H@! H@10 | MRR H@! H@10 | MRR H@! H@10| MRR H@1 H@10
ConvE [0912 837 98.2 [0937 922 967 |0427 392 498 [0325 237 501 |0511 446 619 |0520 450 66.0

QuatE |0.941 89.6 99.1 |0944 90.5 993 |0.480 440 551 |0.350 256 538 (0533 46.6 643 |0379 30.1 534
non-GNN  RotatE |0.921 86.6 98.8 |0925 863 993 |0477 428 57.1 0337 241 533 |0.508 44.8 60.8 |0495 40.2 67.0
MINERVA | 0885 82.5 96.1 |0.825 728 968 |0448 413 513 [0293 217 456 (0513 413 637 | - - -

DRUM |0934 88.1 99.6 |0.813 67.4 97.6 |0486 425 586 |0.343 255 516 |0.532 460 66.2 |0531 453 67.6
RNNLogic [ 0.881 85.7 90.7 |0.842 77.2 965 |0483 44.6 558 |0344 252 530 |0.416 363 47.8 [0554 50.9 62.2

RLogic | - - - | - - - |047 443 537 | 031 203 501 | - - - |036 252 504
CompGCN | 0.933 88.3 99.1 0927 867 994 |0479 443 546 |0355 264 535 0463 383 596 |0421 392 577

GNNe  NBENet 0989 98.8 989 |0948 920 99.5 |0551 497 666 |0415 321 599 |0525 451 639 |0550 47.9 686
RED-GNN [0.992 98.8 99.7 |0.964 946 99.0 |0533 485 624 |0.374 283 558 |0.543 47.6 65.1 |0559 48.3 68.9
AdaProp | 0988 98.6 99.0 |0.969 95.6 99.5 [0.562 49.9 67.1 [0.417 33.1 585 |0.554 49.3 65.5 |0.573 510 68.5

O Evaluation with inductive settings
- - WN18RR FB15k237 NELL-995

V1 V2 V3 V4 V1 V2 V3 V4 V1 V2 V3 V4

RuleN 730 694 407 681 | 446 599 600 605 | 760 514 531 484

Neural LP | 77.2 749 476 706 | 468 586 571 593 | 871 564  57.6 539

DRUM 777 @7 47 702 | 474 595 ¢ 571 593 | 873 540 577 . 531

Hit@10 (%) GralL 760 776 409 687 | 429 424 424 389 | 565 496 518 506
CoMPILE | 747 743 406  67.0 | 439 457 449 358 | 575 446 515 421

NBFNet 827 @ /99 = 563 702 | 517 . 639 88 550 [ J05 . 635 . 606 & 501

RED-GNN | 799 780 524 721 | 483 629 603 621 | 8.6 601 594 556

AdaProp | 866 836 626 755 | 551 659 637 638 | 886 652 618  60.7

O Heatmaps of relation type ratios

in the propagation path
o N E | B [Po:2
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|| o1 mother 0.12
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(b) AdaProp on Family
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(c) Progressive on FB15k237 (d) AdaProp on FB15k237

semantic-aware

O Exemplar propagation paths
on FB15k237-v1 dataset
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(c) AdaProp, q

(d) Progressive, gz

connection-preserving
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0 TRUSTWORTHY MACHINE LEARNING AND REASONING

Experiments

=» RGIB performs the best in all six datasets under the bilateral noise:

I
|
A |
I I method Cora Citeseer Pubmed Facebook Chameleon Squirrel
. . e 20% 40% 60% | 20% 40% 60% | 20% 40% 60% | 20% 40% 60% | 20% 40% 60% | 20% 40% 60%
! The link prediction task: / /A Y - -
N l . Standard | .8111 .7419 .6970|.7864 .7380 .7085|.8870 .8748 .8641|.9829 9520 .9438 |.9616 .9496 9274|9432 9406 .9386
\ I e based on the observed links l l DropEdge |.8017 .7423 .7303 |.7635 .7393 .7094 | 8711 .8482 .8354 | 9811 .9682 .9473 | 9568 .9548 .9407 |.9439 9377 .9365
%‘“""‘ | ) , . NeuralSparse | .8190 .7318 7293 | 7765 7397 .7148 | 8908 .8733 .8630|.9825 9638 .9456 |.9599 9497 9402 |.9494 9309 .9297
® o ® L e 10 predlct the latent links \ | 2 13 \ Clean | |\ 2 3 Clean PTDNet |.8047 .7559 .7388 |.7795 .7423 .7283 |.8872 .8733 .8623 |.9725 .9674 .9485|.9607 9514 .9424 |.9485 9326 .9304
- >— ) o o— e v N3] [ Ve ueees oA e foD fnnnnns reeeey Co-teaching |.8197 7479 .7030 | 7533 7238 .7131|.8943 8760 .8638 | 9820 .9526 .9480 | 9595 9516 .9483 | 9461 9352 .9374
« Dyt \ \ Noisy 4 Noisy Peerloss |.8185 7468 .7018 |.7423 7345 .7104 | 8961 .8815 .8566 |.9807 .9536 .9430 |.9543 9533 .9267 | .9457 9345 .9286
‘ bavid T T N \ — Jaccard | 8143 7498 7024 | 7473 7324 .7107 | 8872 8803 .8512|.9794 9579 .9428 | 9503 9538 .9344 |.9443 9327 .9244
~ _ ~ _ GIB  |.8198 7485 .7148 |.7509 7388 .7121 |.8899 .8729 8544 |.9773 9608 .9417 | 9554 9561 .9321 |.9472 9329 .9302
- - SupCon | .8240 .7819 .7490 | 7554 7458 7299 | .8853 8718 .8525|.9588 .9508 .9297 | 9561 .9531 .9467 |.9473 .9348 .9301
o [ J re X 7 re X 7 X 7 re
P — : — : — : GRACE |.7872 6940 .6929 |.7632 7242 .6844 | 8922 8749 8588 |.8899 .8865 .8315|.8978 .8987 .8949 | 9394 9380 .9363
The Bilateral Edge Noise /// optimal H @ I(A’H|¥)~® I(4Y) @ {(Y’HlA) RGIB-REP | 8313 7966 .7591|.7875 7519 7312|9017 .8834 .8652|.9832 .9770 9519 |.9723 .9621 .9519 |.9509 .9455 .9434
_ @) = 1( A; YlH) (@ + @) = I(Y;H) RGIB-SSL |.8930 .8554 .8339 |.8694 .8427 .8137|.9225 .8918 .8697 |.9829 9711 .9643 |.9655 .9592 .9500 |.9499 .9426 .9425
Existing graph benchmarks are generally clean. . N ~ ~ , , , ,
. . . minGIB = —I(H;Y), st. I(H; A) < 7, =>» RGIB consistently surpasses all the baselines under the unilateral noise:
However, graph data can be noisy in practical scenarios: : : : : .. . .
. . Cora Citeseer Pubmed Facebook Chameleon Squirrel
=» GIB is vulnerable to label noise for its maximum label supervision inputnoise | . Gort | Ceeer ] Pumed | g koo | lremeteon | Sl

* the observed graph is often with noisy edges (input noise)

Standard | .8027 .7856 .7490 |.8054 .7708 .7583|.8854 .8759 .8651|.9819 .9668 .9622|.9608 .9433 .9368 | .9416 .9395 .9411

e the predictive graph often contains noisy labels (label noise) In this WOl‘k, we further balance the mutual dependence DropEdge |.8338 .7826 .7454 | .8025 .7730 .7473 | .8682 .8456 .8376 |.9803 .9685 .9531|.9567 .9433 .9432|.9426 9376 .9358

. . ) . . - ~ , NeuralSparse | .8534 7794 .7637 | .8093 .7809 .7468 | 8931 .8720 .8649|.9712 9691 .9583 | 9609 .9540 .9348 | 9469 .9403 9417

* these two kinds of noise can exist at the same time (by random Spllt) * among graph tOpOlogy A, target labels Y, and representation H CPTDN;it .233; 3;1/411 ;zgg .g(l);g 7/27;;; ;gzg .23(3)? ggg .gggz gzﬁ .32(6)3 .3471?2 .ggég .gﬁg '34314619/ .gjgg .gj(zxs) .gggz
. . . . . o-teaching | . ) ) ) ) ) ) ) ) ) ) ) ) ) ) ) ) )

o ~ . ~ * build a new learning obiective RGIB for robust representation Peerloss |.8051 7866 .7517 | .8106 .7767 7653 |.8917 .8811 .8643 |.9758 9703 .9622 | 9558 9482 9412 |.9362 .9386 .9336

noisy inputs A node repre. U edge repre. H n0|sy Iabels Y g Ob] p Jaccard | .8200 7838 7617 | 8176 7776 7725 |.8987 8764 8639|9784 9702 9638 | 9507 9436 .9364 | 9388 9345 9240

GIB 8002 .8099 .7741|.8070 .7717 .7798 | .8932 .8808 .8618|.9796 .9647 .9650 |.9605 .9521 .9416 |.9390 .9406 .9397
% Definition 4.1 (Robust Graph Information Bottleneck). Based on the above analyszs we propose a SupCon 8349 .8301 .8025 |.8076 .7767 .7655|.8867 .8739 .8558|.9647 .9517 .9401 | .9606 .9536 .9468 |.9372 .9343 .9305

GRACE 7877 7107 .6975|.7615 .7151 .6830 |.8810 .8795 .8593 |.9015 .8833 .8395 |.8994 .9007 .8964 |.9392 .9378 .9363
new leamlng Ob‘] ective to balance lnf ormative szgnals regardlng H, as illustrated in Flg 5(61) L€ RGIB-REP | .8624 .8313 .8158|.8299 .7996 .7771 |.9008 .8822 .8687 |.9833 .9723 .9682 |.9705 .9604 .9480 |.9495 .9432 .9405
RGIB-SSL |.9024 .8577 .8421 |.8747 .8461 .8245|.9126 .8889 .8693 |.9821 .9707 .9668 | .9658 .9570 .9486 | .9479 .9429 .9429

. A R Y, _ + 7l A IRy - . . . . . . . . o . . . . . . . . .
O O O - Y Y e e I Y I Y * ) . .
GNN . : : : _
——» O GNN Preduct Specifically, constraints on H(H') encourage a diverse H to prevent representation collapse (> )
encoding O decodlng unseen edges Q Do . : : ! Standard |.8281 .8054 .8060 |.7965 .7850 .7659 | .9030 .9039 .9070|.9882 .9880 .9886 | .9686 .9580 .9362 |.9720 .9720 .9710

min RGIB = _I(H Y) S-1 TH < H(H) < TH> (H YlA) < Y (H A|Y) < A (2) label noise Cora Citeseer Pubmed Facebook Chameleon Squirrel
+ .
and also limit its capacity (< 7yg) to avoid over-fitting. Another two MI terms, I(H;Y |A) and DropEdge |.8363 .8273 .8148|.7937 .7853 .7632|.9313 .9201 .9240|.9673 .9771 .9776|.9580 .9579 .9578 | .9608 .9603 .9698

20% 40% 60% | 20% 40% 60% | 20% 40% 60% | 20% 40% 60% | 20% 40% 60% | 20% 40% 60%

- clean edges noisy edges I(H; f~1|l~’), mutually regularize posteriors to mitigate the negative impact of bilateral noise on H. NeuralSparse | .8524 .8246 .8211|.7968 .7921 .7752|.9272 9136 .9089 | 9781 .9781 .9784|.9583 .9583 .9571 |.9633 .9626 .9625
The complete derivation of RGIB and a further comparison of RGIB and GIB are in Appendix B.2.

PTDNet |.8460 .8214 .8138|.7968 .7765 .7622|.9219 .9099 .9093 |.9879 .9880 .9783 |.9585 .9576 .9665 |.9633 .9623 .9626
Co-teaching | .8446 .8209 .8157|.7974 .7877 .7913 | .9315 .9291 .9319|.9762 .9797 .9638 | .9642 .9650 .9533 | .9675 .9641 .9655

We call this kind of noise as the “bilateral edge noise”’ Peerloss |.8325 .8036 .8069 |.7991 .7990 .7751|.9126 .9101 .9210|.9769 .9750 .9734 |.9621 .9501 .9569 |.9636 .9694 .9696
Jaccard | .8289 8064 8148 |.8061 .7887 .7689 | 9098 9135 .9096|.9702 9725 9758 | .9603 .9659 .9557|.9529 9512 9501
GIB  |.8337 .8137 .8157|.7986 .7852 .7649 |.9037 9114 .9064 | 9742 9703 9771|9651 9582 9489 [.9641 9628 .9601
*ation s SupCon |.8491 8275 .8256|.8024 .7983 .7807 | 9131 .9108 .9162|.9647 9567 9553 |.9584 9580 .9477 9516 9595 9511
Definition 3.1 (Bilateral edge noise). Given a clean training data, i.e., observed graph G = (A, X) Instantiation: RGIB-SSL and RGIB-REP GRpACE 8531 .8237 .8193|.7909 .7630 .7737|.9234 9252 .9255|.8913 .8972 .8887|.9053 .9074 .9075|.9171 9174 9166
: : i : : RGIB-REP | 8554 8318 8297 |.8083 .7846 .7945|.9357 .9343 .9332(.9884 .9883 .9889 |.9785 .9797 .9785|.9735 .9733 .9737
and labels Y € {0, 1} of query edges, the noisy adjacence A is generated by directly adding edge iformity H(H.),H(H.) RGIB-SSL |.9314 9224 .9241|.9204 9218 9250 |.9594 9604 .9613 | 9857 9881 9857 |.9730 .9752 9744|9727 9729 9726
noise to the original adjacent matrix A while keeping the node features X unchanged. The noisy labels ,."'“'3'“'="*1. 2
Y are similarly generated by adding edge noise to the labels Y . Specifically, given a noise ratio €, the . HE A 1 “H 1 < i Bk ki . : : C e
noisy edges A' (A = A+ A') are generated by flipping the zero element in A as one with the probabil- J AN g limndle [z < Lk Az, JH-lz, -7 =» the graph representation has obvious improvement in distribution:
ity €. It satisfies that A’ © A = O and e, = \nonsero(A) |~ |nonzero(A) /| nonsero( ). Similarly, noisy la- AT L4 Juaip A LE] | | | | postvesamples _ positvesamples ,_positve sampies
. 2 | i TE2 iz, oz : .
bels are generated and added to the original labels, where ¢,, = |nonzero(Y)|—|nonzero(Y)|/|nonzero(Y)|. ahgr:;:r.\.twlu_(';“>ﬂ ) e ) ;1:1321: sstd (i:sog?ll())ilz(())? stizt;@;cilr%in;?;?nt- . | N .
RGIB RGIB-SSL RGIB-REP g, anc ORL/REE are siott for ROIE- | | | - ‘
The Effects of Bilateral Edge Noise Rhiaanlek | ol | e
min RGIB_SSL é _ )\S (I(Hl, Y) +I(H2’ Y)) . )‘u(H(Hl) +H(H2)) . )‘aI(Hl; H2) . dataset Cora Citeseer ,_hegative samples . negatlve samples ,Negative samples
. . . ) N ~~ 7N ~~ 7N ~~ d method | std. REP SSL|std. REP SSL .
The noise leads to performance degradation and representation collapse: supervision uniformity alignment '
0.90 , Bositive samples  positve samples , positve samples ,_postive samples RGIB-SSL optimizes the representation with self-supervised learning Cl‘;%“(y 'gég % "S‘zg '232 % “5'(1)2 .
IGCN-Cora EZZGCN-Citeseer 2 2] » » . . . €= 0l 042 . . DD . |
mmGATCon MMGATCeseer | . | - - ; to E}CthVG a trac'table. approximation (?f the MI terms | | -—10%1 695 679 5781689 623 533 v E awowm et o 4
0-85° ESISAGE-CoraBZISAGE-Citeseer | | . * 1ntegrate a uniformity term and an alignment term with graph augmentation c—60%|.732 704 .615|.696 647 .542 (a) Standard (b) RGIB-REP (c) RGIB-SSL
< ; _ e || el | - - - : Figure 6: Uniformity distribution on Citeseer with £ =40%.
2 050l B | negativesammples” 'negativé sample” . ‘negative samples” . ‘negative samples” * adopt the contrastive learning technique and contrast pair of samples
8 | : |
|_ l . / , 1 32 32 32 32 . A ) . ~ . ~ . .
0751 B _ L __ 4 o o sab ‘ 64’ ‘ min RGIB-REP = — \)\SI(H, ZYZ +3\AI(ZA, AZ—I- 3\YI(Zy, Y)/ . Future Dlrectlons
' 4 1: 032 = 8 :D — 1:0 : ﬂ_” 1:0 — supervision topology constraint label constraint
070 - —~= * M M M [ o o . . . . .
20% =40% c=60%™ (a) Cleandata  (b) ¢ = 20%  (0) € — 40% () € = 60% RGIB-REP purifies the noisy signals with reparameterization mechanism New instantiations of RGIB, e.g., approximation of the MI terms
performance drop representation collapse  latent variables Zy and Z 4 are clean signals extracted from noisy Y and A New scenarios with noise, e.g., feature noise, other structural noise
* I(H; Zy) measures the supervised signals with selected samples Zy New graph learning tasks, e.g., node classification, graph classification

=» How to improve the robustness of GNNs under edge noise? &

» [(Z,; A) and I(Zy; Y) help to select the clean information from noisy 4, Y New theoretical analysis, e.g., information theory, graph generation model



