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Introduction —

* Inductive Relation Prediction, test set !=train set,
* Subgraph-based methods,

* Rule-inducEd Subgraph repre-senTations (REST),
* Faster inference.

Related work —

* Rule based methods, involve ILP; not scalable.
* Subgraph-based methods, basically sample neighborhoods then GNN.
* GNNs for reasoning on entire KGs (not considered by the paper?).
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Problem definition —

* Inductive Relation Prediction BUT all relations in the new graph must be seen
during training, basically, Transductive w.r.t. relations but inductive w.r.t

entities.
* Can predict head, relation and tail with this restriction.

REST —

* Subgraph Extraction.
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REST —

* Single source initialization.

0 — _ I‘y, if (.’L‘,y,Z) — (U,Tt,’l))
Cry,z = (u},v)(m’y’ Z) Ory = { 0, if (x’y’ z) A (u,’rt,’u)
h) =0 forYv e &,

* Edge-wise message passing.

k . k—1 k—1 _ k—1 1 k—1 2
m:r:,y,z _ MESSAGE(hm 5em,y,z3 ry) T (ha: ® I'y) > (em,y,z ® I'y)
hf = AGGRAGATE(mf , )= € mf .

(@:9,2)€T - (z,y,2)ET -
k kK k—1 k k—1
€y = UPDATE(h_, em,y,z) =hjoe;
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REST —

* Edge-wise message passing, e.g.

\}@é&% Initializer | , o  Initalizer 2:5};“;‘/'.5%
. @ DO e O
R R
(a) Original Graph Layerl Layer1 & e
©Q0 P00 000 0066
\\\ \\\ \yi // //
Sy Roicich
/ Initialization \ Layer 2 @ Layer 2 ¢
. "4 —
————- Message Function Ww
) Aggregate Function @ @ @ @ @ @
Update Function
\ Readout Function / Subgraph Representation Subgraph Representation
(b) Conventional Message Passing Framework (c) Edge-wise Message Passing Framework
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REST —

* RNN Based functions,

* For Message,

5k_JQ(W6 lr’y®e$yz+wé2hk 1+bk)
Yk :Jg(wk 1ry®e:cyz+w hk : bk)
Ck _O-h(wklry@emyz-l_wkZ(’Y Qhk 1))
mf . =6,0c+(1—8)Oht!

* For Aggregate,

hk: — k h — k
21 (mv?;?zggT(m$,y,z) 22 = maz _(mg )
h* ., = ' h*, = std ;
z,3 (m?;’f’g?’eq_(m T,Y,2 ) 2,4 — (z, iz)e,’_(mm,y,z)
h W;ng[hz 1th 2th Sth4Jhk 1]
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REST —

* RNN Based functions,

* For Update,

— 9
qm,y,z =TI,
k k _ k—1 k
em,y,zs q:z:,y,z T LSTM( :z: Y329 qm,y,zs h )

* Final score,
flu,ry,v) =0(Week  +by)

Analysis -

* claim : REST can learn rule induced subgraph representations.
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Experiments —

* Main results on 3 inductive datasets.

WN18RR FB15k-237 NELL-995

vl v2 v3 v4 vl v2 v3 v4 vl v2 v3 v4
Neural LP 7437 6893 46.18 67.13 5292 5894 5290 55.88 4078 78.73 8271 80.58
Rule-Based  DRUM 7437 6893 46.18 67.13 5292 5873 5290 55.88 1942 7855 8271 80.58
RuleN 80.85 7823 5339 7159 4976 77.82 87.69 8560 53.50 81.75 7726 61.35
GralL 8245 78.68 5843 7341 64.15 81.80 8283 8929 5950 9325 91.41 73.19
CoMPILE  83.60 79.82 60.69 7549 67.64 8298 8467 8744 5838 9387 9277 75.19
Suborach-Based  TACT 84.04 81.63 6797 7656 6576 8356 8520 88.69 79.80 8891 94.02 73.78
grap SNRI 87.23 83.10 6731 8332 7179 8650 89.59 89.39 ] ; ; ]
ConGLR 85.64 9293 7074 9290 6829 8598 8861 8931 81.07 9492 9436 81.61
REST(ours) 96.28 94.56 79.50 94.19 75.12 9121 93.06 96.06 88.00 94.96 96.79 92.61
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Ablation Study —

* Importance of single source init. and edge-wise message passing.x

WNI18RR

FB15k-237 NELL-995
vl v2 v3 v4 vl v2 v3 v4 vl v2 v3 v4

REST 96.28 9456 7950 94.19 75.12 9121 93.06 96.06 88.00 9496 96.79 92.61
Full Initialization 92.55 90.70 68.76 79.49 71.71 7929 89.25 91.22 83.00 86.13 9454 68.26
A -3.73 -3.86 -10.74 -1470 -3.41 -1192 -381 -484 -5.00 -8.83 225 -24735
SUM 93.08 85.03 6959 91.39 6488 8430 89.48 89.96 81.00 91.39 96.17 64.57
A -3.20 -9.53 -991 -2.80 -1024 -691 -3.58 -6.10 -7.00 -3.57 -0.62 -28.04
MUL 85.64 93.19 5603 81.04 6390 7824 8520 90.66 69.00 7920 93.70 36.11
A -1064 -1.37 -2347 -13.15 -11.22 -1297 -7.86 -540 -19.00 -15.76 -3.09 -56.50
MLP 9574 93.65 7884 90.69 71.07 90.25 92.60 9494 83.00 94.12 9641 91.38
A -0.54 -091 -0.66 -3.50 -4.05 -096 -046 -1.12 -5.00 -0.84 -0.38 -1.23
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Extraction Efficiency —

WNI18RR FB15k-237 NELL-995

vl v2 v3 v4 vl v2 v3 v4 vl v2 v3 v4
GralL 121.77 537.42 1127.14 19498 94948 2933.04 842359 15089.74 136.55 1197.24 6112.77 1303.97
Enclosing Subgraph  REST 54.01 251.97 617.16 91.76 111.34 338.24 868.79 1,626.77 61.19 213.45 688.14 219.33
Efficiency 2.25x  2.13x 1.83x 2.12x 8.53x 8.67 x 9.70 x 9.28 x 2.23x 5.61x 8.88 < 5.95x
GralL 127.69 51794 1194.18 199.00 1287.35 4166.63 11499.32 2173829 167.06 1611.97 8044.53 1542.82

Unclosing Subgraph REST 56.27 260.20 631.71 9523 12336  386.55 985.81 1890.54 6472 24541 85823  248.00
Efficiency 2.27x  1.99x 1.89x  2.09x 1044x 10.78x  11.66x 11.50x  2.58x  6.57x 9.37x 6.22x
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Introduction —

* In-context Learning,

* Challenges,

* prompt-graph,

* PRODIGY, an architecture + new pre-training tasks,
* SOTA performance.

Prompt Graph

() Uy _Ox -
T -

Task Graph .

I'"\h_ ‘_,-": '
(B = i . T ey -,
(B) Ga/ X} .
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Prompt examples S Queries Q
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In-context learning over Graphs —

* Classification tasks, node-level, edge-level, subgraph-level and graph-level!
Generalized i/p — ;= (V@,E@,Ri)
V;s and &;s can be adjusted.

 Few-shot prompting, for m-way classification, they use a set of m-k prompt
examples + n queries with source graph.

S= {(mzayt)}z—l Q={zi}i—4

* Prompt graph representation, Data Graph + Task Graph. m-k + n, data
nodes and m label nodes.

GP = (WP,EP,RD) ~ @;_,Neighbor(V;,G, i)
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Pre-training to enable in-context learning —

* For the data graph, (M, can be any GNN)

EERIVD|Xd:MD(gD)
for node classification, pick the node’s embedding, &i=Ev.

. e . _wT
for edge classification, Gi=W" (Evievi||Ev,ev, ||max(E;))+b

ﬁiszLP(Wfﬂilleﬂﬁlleij)
* For the task graph, M. is - o (Be)
E (i} P (Bi
H=M-(G") SEheBE A

HA'=ReLU (BN (H§+WE > oW Hj.) )

JEN (H)U{s}

* Prediction read-out,
O, =|[cosine_similarity(H,, H,),Yy€Y]
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Pre-training to enable in-context learning —

* In-context pre-training, formulate pre-training tasks to utilize in-context
information so that inference can be done in the same way.

* Generation 1, Neighbor matching. (this is for when downstream is node-level, can be extend to edges)
C — {C?’}?;l C; v UnifOM(Vpretrain)

N;= Neighbor(ci ;gpretrainal)
Si={(zjy;=ci)}i—1 z;~ Uniform(N;)
Qi={(z;y;=ci)};2 i~ Uniform(N;)

(gpretraimSNMa QNM) e NMk,m (gpretrain)

* Generation 2, Multi-task. (when we have both node and edge level signals, must know f)

C={ci}iz1 ci~ Uniform(Y)

‘ Qi={(z;y;=c; gfﬂ z; ~ Uniform({z;|f(z:) =c;
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Pre-training to enable in-context learning —

* In-context pre-training, formulate pre-training tasks to utilize in-context
information so that inference can be done in the same way.

*  Prompt Graph, with augmentation.
Basically, Drop random nodes + Mask random nodes for each data graph,
Then create the Task graph from all Data nodes.

*  Pre-training loss.

(gpretrainsSNMs QNM) i NMk:,m (gpretrain)
(gpretrainaSMTa QMT) ~ MTk,m (gpretrain::f)
L= TE CE(Onm,isynm,i)+ E  CE(Owmr,i,ymr,i)

T; € ONM T; € OMmT
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Experiments —

arXiv paper category classification,

Classes | NoPretrain Contrastive PG-NM PG-MT PRODIGY Finetune
3 33.16 +030 65.08 034 7250 +035 65.64 +033 73.09 +036 || 6542 +553
5 18.33 +021 51.63 +020 61.21 +028 51.97 +027 61.52 +028 || 53.49 +461
10 9.19 +o0.11 36.78 +019  46.12+019 37.23 +020 46.74 +020 30.22 +3.77
20 4.72 +0.06 2518 1011 33.71 012 2591 +012  34.41 +o0.12 17.68 +1.15
40 2.62 +0.02 17.02 +007 23.69 +006 17.19 +008 25.13 +0.07 8.04 +3.00

Classes | NoPretrain Contrastive PG-NM PG-MT PRODIGY || Finetune

On KGs 4 304 106 4401 tos1 4694 tos1 5178 toe  53.97 toe || 53.85 Lo

5 33.54 +061  81.35+t0ss 80.35+0s5s7 89.15+046  88.02 +oas 82.01 +1283

10 20.0 £ 035 70.88 £048  71.68 o045 82.26 +0.40 81.1 +0.39 71.97 +6.16

20 9.2 +0.18 59.8 +0.35 59.9 +03s 73.47 +032  72.04 +033 64.01 + 466

40 2.5 +o008 49.39 +023 46.82 +021 58.34 +022 59.58 +o022 57.27 +333

5 3344 +0s57 84.08+0s54 80.53 +o0ss 84.79 o051 87.02 £o044 || 87.22 + 1275

10 18.82 4031 76.54 +045 T2.77 048 785 F+04s 81.06 £ 0.1 71.90 & 590

20 742 to016 6656 =035 62.82+036 69.82+034 T72.66 L 032 66.19 + 846

40 3.04 007 5744 £o02¢ 4959 +022 53.55+023 60.02 £022 || 55.06 % 419
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Ablations —

For PG-NM setting,

Ways | PG-NM 3 —1 shot No Attr No Aug No Attr, Aug No Attr, Aug, My
3 7250 035 69.13+100 6574 +112 6898 +109 66.53Lt1.12 63.60 =+ 1.06
5 61.21 029 5749 092 5278 090 57.50+to0ss 53.89 £o09 51.27 £ 069
10 4612 019 42.03 Ltos0 37.99 063 4243 064 38.87 L o059 37.62 £ 034
20 33.71 01 30.18 o038 26.60+036 30.89 038 27.50 L 036 27.44 + o017
40 23.69 007 2144 +022 18.03 x021 21.97 024 18.52 L+ 022 19.69 =+ 0.8
Number of shots vs contrastive,
FB15K-237 - 20 way NELL - 20 way
0.80 - 0.81
0.76 - 0.78 1
0.72 1 ke —
3 0.68 S —— - 5 0.72 1 e e wpe———1
3 0.641 e s 5 0.69 1 7
® 0.60 lA4—_ptl 5 0.661 1
0.56 | I’! -e=- Contrastive 0.631 ,‘! —e - Contrastive
0.52 14 PRODIGY 2'23 7 PRODIGY
o 4 8 12 16 20 24 28 0o 4 8 12 16 20 24 28
shots shots
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Ablations —

* Scaling w/ data,

0.64 1
0.60 -
0.56 1
0.52 1
0.48 1
0.44 11—+ =7
0.40 1

0.36 1

accuracy

-
e
e

0.60 1
a 0.55 1
P L s = ©
= |
(W]
¢ 0.50
[ ]
-+~ Contrastive )l )
PRODIGY WIS \‘;'

12 16 20 24 28

shots

-— -

Contrastive
PRODIGY

training steps

Also beats meta-learning based SOTA method.
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Introduction —

* Improving the expressive power beyond WL test,
* Current approaches, expensive,
* Encode multisets of subgraphs,
* Develop a network for this symmetry group,
* Subgraph selection which can be a problem, is reduced by stochasticity,
* SOTA results on synthetic and real-world datasets,
* DL on sets.
* Main paper focuses on Graph Classification/Regression.
* Setup -
Se = {G1,....,Gn}

F(Q) := F(Sg)
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ESAN —

* Selecting F_: Preserving equi-variance under the symmetry group,
* P-equivariant layers,

(L(A, X)) = L' (A, X;) + L7 (2?21 Aj, >0 Xj)

H-Equivariant Layer

i) DSS-GNN — Esets O Rsubgraphs L Esubgraphs
/ Input Output \
(A1'X1)
] 11 . ﬂnput: (A, X) Processed Invariant Final graph
B I]_> .—’; I:l"@ graphs  (per) subgraph  renresentation |
features
A X) > [m—— -
s ] = oE = |
;M .
(Am Xm) -—T g § § %
mm M | L n : : 2. : S —
Lo A :||E |8 :
T a5 tnt- (122 |1 .
e — 8118 |8 W] |g)=
K_Eia__. o / I:I L e - -

\ Esubgraphs Rsubgraphs Esets J
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ESAN —

* For DS-GNN, L?is set to O.
* Selecting S_ : Node-deleted (ND), Edge-deleted (ED), and ego-networks

(EGO, EGO+).
* Stochastic Sampling, subgraph sub-sampling for large graphs.
S © 95
1S¢|/|1S&| € {0.05,0.2,0.5}
* Invariance lost.
* Different from previous works.
* Theoretical Analysis —
* First, they have provided a ESAN analogue of the WL test.
* And then,

Theorem 1 (DS(S)-WL strictly more powerful than 1-WL). There exist selection policies such that
DS(S)-WL is strictly more powerful than 1-WL in distinguishing between non-isomorphic graphs.
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ESAN —

* Theoretical Analysis Contd. —

Theorem 2 (DS(S)-GNN at least as powerful as DS(S)-WL; DS-GNN at most as powerful as
DS-WL). Let F be any family of bounded-sized graphs endowed with node labels from a finite set.
There exist selection policies such that, for any two graphs G, G? in F, distinguished by DS(S)-WL,

there is a DS(S)-GNN model in the form of Equation (2) assigning G, G? distinct representations.
Also, DS-GNN with MPNN base graph encoder is at most as powerful as DS-WL.

DSS vs. DS matters. To continue the discussion of the last section, we show that DSS-GNN is at
least as powerful as DS-GNN, and is in fact strictly stronger than DS-GNN for a specific policy.
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Experiments —

* On synthetic datasets

EXP CEXP
GIN (Xu et al., 2019) 51.14£2.1 702+4.1
GIN + ID-GNN (You et al., 2021) 100£0.0 100£0.0
DS-GNN (GIN) (ED/ND/EGO/EGO+) 100£0.0 100+0.0
DSS-GNN (GIN) (ED/ND/EGO/EGO+) 100£0.0 100+0.0
GRAPHCONYV (Morris et al., 2019) 50.3+2.6 72.943.6
GRAPHCONV + ID-GNN (You et al., 2021) 100£0.0 100£0.0
DS-GNN (GRAPHCONV) (ED/ND/EGO/EGO+) 100+0.0 100+£0.0
DSS-GNN (GRAPHCONYV) (ED/ND/EGO/EGO+) 100+0.0 100+0.0

Non-Stochastic Variant

| OGBG-MOLHIV 0GBG-MOLTOX21 | EXP CEXP
GIN (Xu et al.| 2019) | 75.5841.40 74.9140.51 | 512421 702441
100% | 76434212 75.12-0.50 100400 100400
50% | 76.29+133 74.5940.71 100400  100+0.0
DS-GNN (GIN) (ED) 20% | 76574148 75.6740.89 100200  99.9+0.2
5% 77.8241.00 76.39+1.11 997404 999402
100% | 76.194096 75344121 100400 100400
50% | 77.23+132 74.8241.05 100400  99.940.2
DS-GNN (GIN) (ND) 20% | 77.65+0.84 75.660.46 100400  99.940.2
5% 78.26+1.02 76.51+1.04 972+1.1  99.8+08
100% | 78.00+142 76.2240.62 100400  10040.0
50% | 76524072 75.98-0.72 100200  99.9+02
DS-GNN (GIN) (EGO) 20% | 77.49+132 75.88=-0.50 999402  968+1.5
5% 73.924+1.78 74.9520.54 035113 839438
100% | 77.40+2.19 76.3941.18 100400 100400
50% | 76914122 75.6941.17 1004200  99.9+0.2
DS-GNN(GIN) (EGO+) 554, | 750921150 75.8440.63 997404  97.0+1.4
5% 73.46+1.80 75.08-0.96 037427 832426
100% | 77.03+181 76.7140.67 100400 100400
50% | 77.50+182 76.400.84 100400  100+0.0
DSS-GNN (GIN) (ED) 20% 76.82+1.83 76.3120.90 100£0.0 10000
5% 76.71+1.46 76.84-0.54 998+03 100200
100% | 76.63+152 77.2140.70 100400 100400
50% | 76.96+171 76.92-0.94 100400  100+0.0
DSS-GNN (GIN) (ND) 20% | 76.23+148 77.07%1.03 100400  100+0.0
5% 76.7441.67 76.54-0.86 977410 999402
100% | 77.19+127 77.4540.41 100400  10040.0
50% | 76.42+138 76.37+1.02 100400 100400
DSS-GNN (GIN) (EGO) 344 | 76412105 77.4740.65 10000  100£0.0
5% 76.38+1.48 77.40%0.58 992406 100200
100% | 76.78+1.66 77.954-0.40 100400  10040.0
50% | 76.88+093 76.4240.93 100400 100400
DSS-GNN (GIN) (EGO+) 5500 | 76934145 76.4540.81 100200  100£0.0
5% 75.97+0.80 76.7020.56 995406  10020.0
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Experiments —

° OnOGB
OGBG-MOLHIV OGBG-MOLTOX21

Method ROC-AUC (%) ROC-AUC (%)

GIN (Xu et al., 2019) 75.58+1.40 74.9140.51

DS-GNN (GIN) (ED) 76.4342.12 75.1240.50

DS-GNN (GIN) (ND) 76.194-0.96 75344121

DS-GNN (GIN) (EGO) 78.0041.42 76.2240.62

DS-GNN (GIN) (EGO+) 77.4042.19 76.39+1.18

DSS-GNN (GIN) (ED) 77.034+1.81 76.71+0.67

DSS-GNN (GIN) (ND) 76.6341.52 77.2140.70

DSS-GNN (GIN) (EGO) 77.19+1.27 77.454-0.41

DSS-GNN (GIN) (EGO+) 76.78+1.66 77.95+0.40

* Zincl2k
PNA (Corso et al., 2020) 0.188+40.004 DS-GNN (GIN) (ED) 0.1724-0.008
DGN (Beaini et al., 2021) 0.168+0.003 DS-GNN (GIN) (ND) 0.171+0.010
SMP (Vignac et al., 2020) 0.138+? gggﬁ (gig) (ggg) gifgig%g
GIN (Xu et al., 2019) 0.25240.017 “GNN (GIN) (EGO+) : :
. DSS-GNN (GIN) (ED) 0.172+0.005

HIMP (Fey et al.,. 2020) 0.151+0.006 DSS-GNN (GIN) (ND) 0.166+0.004
GSN (Bouritsas et al., 2022) 0.108+0.018 DSS-GNN (GIN) (EGO) 0.1074£0.005
CIN-SMALL (Bodnar et al., 2021a) 0.094+0.004 DSS-GNN (GIN) (EGO+) 0.1024-0.003

Graph and Geometric Learning Lab, week 8




ldea2 —

* Still, separate Molecular and KG GNNs, but a better, more expressive
“adapter” in between, i.e. learned query tokens. Something like,

Q-Former
Image-Text
Matching Image-Text Text Generation

4  ,l Contrastive |« #

Learning
for every }
other block
Attention Masking
t «— Dbidirectional —
-— mutlimodal causal —+
2] - ==~ uni-modal - =% —|- XN
Learned S —
Queries (B 0-3 O | Input Text [a cat wearing sungfassesJ

* Have full Molecular and KG GNNs (not frozen), and on top a few 3-4 layers of
this type of an interaction module (between [VNode] and mol. emb. from

KG).

* Same losses as in Gode, but for contrastive similarity use all query tokens.
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ldea2 —

Benefits —

Can allow for query tokens (because shared) to capture

“slobal” properties instead of being limited to a subgraph

in the KG.

* May be parameter efficient?
No information bottleneck, free communication through

attention mechanism.

* Can use guery tokens in a variety of ways, for in-context
learning as well, combining prev. paper and MHNfs, which
is not limited to classification tasks.

This way we can also do semi-inductive prediction over

entities, relations must still be transductive.

Graph and Geometric Learning Lab, week 8
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