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In this paper, we study Score Propagation in the Graph Out-of-Distribution

problem.
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We present a theoretical framework and provide new insight on the research

question:

“when does Score Propagation help
detect graph OOD nodes and how to improve it?”

An lllustrative Example

Case 1: Score Propagation (with More Inter-edges)
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(a) The case when propagation is harmful.

0.33
o oe7 S __oer
1 0.33 0.67 0.33 Error Rate: O

pON

Case 2: Score Propagation (with More Intra-edges)
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Theoretical Findings
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Theorem 3.2. (Formal) For any two test ID/OOD node set S;q C Vyid, Sood C Vuood With
equal size N, let the ID-vs-OOD separability M., defined on an OOD scoring vector

g c RN as

Msep(g) = EiESMgi — EjGSoodgj-
If Mgep(8) > 0 and Nintra — Ninter > 1/Ns, for some € > 0 and constant ¢, we have
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(b) The case when propagation is helpful.

Observation: Score Propagation mail fail when inter-edges
dominate!
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Finding 1: Score Propagation only works when intra-edges dominate

r )
Theorem 4.2. (Formal) For any two test ID/OOD node set S;q C Vuid, Sood C Vuood With
size Ny, let the ID-vs-OOD separability M ., defined on a non-negative OOD scoring vector

g € RN as

Miep(8) = Eies, .8 — Ejes,..8;-
Let Es,50 C E to denote the edge set of edges between two node sets S and S’, where
S, 8" C V. If we can find a node set G C V), such that |Ecoss,,| > |Eaos,. .|, we have

Msep((A =+ 6E)2g) > MSGP(A2g)7
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| where £ = eGe(T; and 0 > 0.

Finding 2: Score Propagation along augmentated graph by adding edges
within G can boost OOD detection performance

Methodology

Selection of G

Distribution of MSP Score in Vu Step 1: Selection of Sid and Sood
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Step 2: Selection of G
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the right of the axis

“_ -

1k

Sorted training node indices ¢

V1 V2 Vs UN E U1 V2 Vs UN
B . I, 7 | Step 3: Add edges within G
1 — 1 1 1 Step 4: Score Propagation
A= Add along augmentated graph
* edges to * = kA
EEnm EEn * gGRASP — (A—|_) g
1 {Ul » U2 } 1
Experiments
Main Results
Datasets Averase
Method Cora Amazon Coauthor Chameleon Squirrel g
FPR| AUROCT FPR| AUROCtT FPR| AUROCt FPR| AUROCtT FPR| AUROCt FPR| AUROC?t
MSP 70.86  84.56 4926  89.34 28.82  94.34 85.70  57.96 94.68  48.51 65.86  74.94
Energy 67.54 85.47 42.13  90.28 20.29  95.67 88.06  59.20 93.98  45.07 6240 75.14
KNN 90.20  70.94 65.19 84.71 51.24  90.13 93.38  57.90 9472  54.68 78.95  71.67
ODIN 68.41 84.98 44.06  89.90 22.59  95.27 85.31  57.94 94.17  44.08 6291 74.43
Mahalanobis 69.68  85.48 96.49  75.58 85.71 84.98 95.55  53.19 9490  54.99 88.47  70.84
GKDE 63.71  86.27 8129 77.26 2548  95.13 92.93  50.14 96.71  49.38 72.02  71.64
GPN 5845 82.93 72.95  82.63 34.11 93.82 8225 6820 95.58  48.38 68.67 75.19
OODGAT 94.59  53.63 7134  66.95 96.53 52.18 9443  59.67 95.27  46.13 9043 55.71
GNNSafe 5471 87.52 2239 9627 16.64  95.82 100.00 50.42 100.00 35.88 58.75 73.18
GRASP (Ours) | 29.70  93.50 14.38  96.68 7.84  97.75 66.88  76.93 8559  61.09 40.88 85.19
Datasets Averase
Method reddit2 ogbn-products arxiv-year snap-patents wiki g
FPR| AUROCT FPR| AUROCt FPR| AUROCt FPR, AUROCt FPR| AUROCt? FPR| AUROC?t
MSP 96.59  46.61 86.87 70.19 95.03  47.24 9431  46.99 95.46  54.70 93.65 53.15
Energy 96.77  44.13 85.09 68.13 94.10  51.35 96.82  46.03 97.31  29.02 94.02  47.73
KNN 90.78  66.74 84.22  73.58 9535  57.96 90.54  53.45 93.43  43.69 90.86  59.08
ODIN 96.74  44.69 85.65 68.95 95.06  47.36 9427 4520 97.88  29.91 93.92 4722
Mahalanobis 7173 74.89 OOM OOM 88.60  59.57 96.03  58.50 7233 67.95 82.17 65.23
GKDE OOT OOT OOM OOM OOM OOM OOM OOM OOM OOM - -
GPN OOM OOM OOM OOM 95.62  50.97 OOM OOM OOM OOM 95.62  50.97
OODGAT OOM OOM OOM OOM 92.90  59.38 OOM OOM OOM OOM 92.90  59.38
GNNSafe 99.49  31.99 77.86  85.66 100.00 35.30 99.92  27.35 72.63  60.32 89.98  48.12
GRASP (Ours) | 241  98.50 39.77 93.79 73.93  81.24 7522 7213 58.49 77.97 49.96 84.73
GRASP also applys to other score functions
Method Cora Amazon Coauth Chamel Squirr
MSP 84.56  89.34 9434 5796  48.51
MSP+prop 388.02 05.32 97.15 50.35 36.21
MSP+GRASP 93.50 96.68 97.75 76.93 61.09
Energy 85.47  90.28 95.67 5920  45.07
Energy+prop 87.52 06.27 905.82 50.42 36.49
Enercy+GRASP | 88.34  96.35 96.64  62.04  60.66
KNN 7094 8471 90.13 5790  54.68
KNN-+prop 73.770 92.36 95.47 49.76 53.99
KNN+GRASP 91.48 97.43 96.52 76.32 60.24
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