An Efficient Memory Module for Graph Few-
Shot Class-Incremental Learning

Motivation

The motivation behind this paper is to address the challenges in graph learning,
particularly in dynamic contexts where graphs grow over time with new nodes and
edges. The paper highlights the issue of catastrophic forgetting in Graph Neural
Networks (GNNs) when updating graph representation learning methods with new
data, leading to a loss of previously acquired knowledge. Furthermore, it
emphasizes the critical challenge of label scarcity for newly introduced nodes,
which complicates the design of effective regularization strategies and hampers
the ability of existing graph continual learning methods to generalize in graph few-
shot learning scenarios. The main contributions of this paper are as follows:

* Design of Mecoin: The paper introduces Mecoin, a novel framework that
effectively mitigates catastrophic forgetting in Graph Few-Shot Class-
Incremental Learning (GFSCIL) by integrating the Structured Memory Unit
(SMU) and Memory Representation Adaptive Module (MRaM).

e Structured Memory Unit (SMU): The SMU is designed to efficiently learn class
prototypes by facilitating interaction between node features and existing class
prototypes, while extracting local graph structures of input nodes.

* Memory Representation Adaptive Module (MRaM): The MRaM is proposed to
reduce the loss of prior knowledge during parameter fine-tuning by decoupling
the learning of class prototypes from node probability distributions.

* Analysis of Separation Benefits: The paper analyzes the benefits of separating
class prototype learning from node probability distribution learning,
considering generalization error bounds and VC dimensions. It also explores
how different MRaM-GNN interaction patterns affect model performance.

* Empirical Studies: Through extensive empirical studies, the paper
demonstrates Mecoin's significant advantages over current state-of-the-art
methods.
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Mecoin has a lower upper bound on the generalization error, and a larger
VC dimension compared with other GNN models.
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Overview of the Mecoin framework for GFSCIL. (a)Graph neural network:
Consists of a GNN encoder and a classifier(MLP) pre-trained by GNN. In
GFSCIL tasks, the encoder parameters are frozen. (b)Structured Memory
Unit: Constructs class prototypes through MeCs and stores them in SMU.
(c)Memory Representation Adaptive Module: Facilitates adaptive knowledge
Interaction with the GNN model.

Experimental results

Acc. in each session (%) T Average

Method PD |
backbone 0 1 2 3 4 5 6 7 8 9 10 ACCT
ERGNN GCN 73.43  77.64 2938 3214 2093 2184 1613 1528 152 1177 1130 62.13 2955
GAT 7343  77.64 2938 3214 2093 2184 1613 1528 1520 1177 1130 62.13 2955
Mecol GCN 73.43 4592 2520 1840 1944 1369 1170 1147 98 883 827 6516 2238
ecom GAT 69.06 4949 2530 19.85 1944 1478 1279 1191 990 915 752 6154 2265
MAS GCN 73.43 4640 2520 1840 1944 1369 1170 1147 986 883 827 6516  22.38
GAT 69.06 66.64 4445 4813 37.08 47.04 4858 49.16 4426 49.13 4639 2267  49.99
LWE GCN 73.43 4592 2575 17.82 1971 1416 1095 1138 990 808 773  65.7 22.26
GAT 73.60 48.83 2459 2403 1995 1391 1376 1324 10.83 1402 746 66.14  24.02
EWC GCN 73.43 4592 2648 1852 2027 1459 1141 1159 1004 779 775  65.68  22.53
GAT 69.06 485 2558 2534 2039 1859 1486 2271 197 2131 1255 5651  27.14
TWP GCN 70.54 4490 2671 2065 24.16 1456 1877 1437 1937 1248 1448 56.06  25.54
GAT 69.06 5027 2653 2827 214 2329 1504 2674 1486 1703 1377 5529  27.84
HAG-Meta / 87.62 8278 7901 745 6765 6338 6000 5736 555 5298 5147 3615 6657
Geometer / 7223 6173 4334 3761 3624 3279 2997 2211 2101 1734 1632 5591 3552
OURS GCN 82.18 8156 7747 7153 7043 69.70 6878 68.07 6670 62.10 6136 2082  70.90
GAT 7553  73.04 7074 6752 6605 6497 64.18 63.68 6202 6062 60.10 1543  66.22
Method Acc. in each session (%) T PD | Tglgge
backbone 0 1 2 3 4 5 6 7 8 9 10 T
ERGNN GCN 100 5000 3333 2500 2000 1667 1429 125 11.11 1000 1402 8598  27.90
GAT 100 5000 3333 4617 3395 3693 2464 2334 1860 2544 30.12 69.88  38.4I
Mecoin GCN 100 5000 3333 2500 2000 1667 1429 1250 11.11 1000 1212 8788  27.73
L GAT 100 5000 3871 2500 2000 17.03 1485 1398 14.17 2152 1809 8191 3030
MAS GCN 100 5000 3333 2527 2000 1667 1429 1236 11.11 1875 970 9030  28.32
GAT 100 5000 3405 4823 56.16 5954 6557 6428 6141 6436 6392 3608  60.68
LWE GCN 100 5000 3333 2500 2000 1673 1429 1236 11.11 1636 1544 8456  28.60
GAT 100 5000 3333 2471 3628 3640 2892 2884 2123 29.12 3251 6749 3830
EWC GCN 100 5000 3333 2500 2000 1667 1429 125 11.11 1000 1212 87.88  27.73
GAT 100 5000 3333 3165 3860 3662 2564 29.04 16.19 2644 3863 6137 3874
WP GCN 100 5000 3333 2500 2000 1667 1429 1243 11.04 1681 1503 8497 28.6
GAT 100 5035 3333 2518 3814 47.14 3934 2767 3052 4511 5202 4798  44.44
HAG-Meta / 2000 16.67 1429 1250 11.11 1000 9.09 833 769 714 666 1334 1124
Geometer / 60.60 33.85 2405 1903 2487 2886 2446 1818 1930 2639 29.63 3097  28.11
OURS GCN 98.07 9409 91.01 73.75 7995 8221 7413 7217 6948 6301 59.66 3841  77.96

GAT 97.83 9513 90.75 68.02 7179 7788 7535 75.06 7252 6592 6221 3562 77.50
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SMU for class prototypes
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The outcomes of GKIM when conducting the few-shot continuous learning
task on the CoraFull, Computers and CS datasets. The results are
presented sequentially from left to right: GKIM with full capabilities, GKIM
where node features do not interact with class prototypes in the SMU,
GKIM without Graphinfo and GKIM without MeCs . The experimental
results for CoraFull are shown in the above figure, the results for
Computers are in the middle and the results for CS are in the figure below.

SMU for class prototypes
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The comparative analysis of the mean performance, accuracy curves and
memory utilization of HAG-Meta, Geometer and Mecoin across 10 sessions
on CoraFull, conducted under the experimental conditions delineated in
their respective publications.
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Left 2 columns: Line charts depict the performance of models across
various sessions on the CoraFull and CS datasets when using different

di

stillation methods; Right 2 columns: Histograms illustrate the forgetting

rates of different distillation methods on these two datasets.
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