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they commonly follow a seen-token-seen-
-Seen Tokens  Seen Docs, All Tokens __ [Batch document (STSD) paradigm to construct a fixed

I
T T T T T T ] document-token graph with all seen documents
: INEEEEEEEN L] (labeled or unlabeled).
: BROUREENGE | B
c -
: AEEEEEEEEE - B we propose a new all-token-any-document
. INNEEENEEN < N (ATAD) paradigm to dynamically construct a
s HEEEER ] _
3 document-token graph.
 BEdgeR . B
& ~ S
5 ENEEEE s n | o
(a) STSD token-token matrix A ¢ R xv AW g Ruxw
document-token matrix A ¢ R’ A ¢ Rbxu

Figure 1: Comparison of the adjacency matrices. Left: seen-
token-seen-document (STSD) paradigm (e.g., BertGCN).
Right: proposed all-token-any-document (ATAD) paradigm.

document-document identity matrixA® € R"™*™
AB) ¢ Rbxb
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Figure 2: Framework of our ContGCN model. Green dotted lines represent operations before each phase of model training or
testing. Two key components, i.e., AM Generator and Node Encoder, dynamically construct the adjacency matrix and generate

node embeddings, which are then fed into a GCN encoder. Finally, our ContGCN model is trained with a classification loss and
an anti-interference contrastive loss.
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Models | 20NG R8 R52 Ohsumed MR

TextGCN 86.3 97.1 93.6 68.4 76.7

TensorGCN 877 98.0 95.0 70.1 77.9

Dataset | 20NG R8 R52 Ohsumed MR BERT 853 978 964 705 857

RoBERTa 83.8 97.8 962 70.7 89.4

#DD\?S‘ 13,846 ?,674 9,1[][] ?,4[](} 10,662 XLNet 85.1 08%.0 M 70.7 R7.2
#Training | 11,314 5485 6,532 3,357 7,108

# Test 7532 2,189 2568 4,043 3,554 TG-Transformer - 98.1 952 104 -

# Classes 20 8 52 23 2 BertGCN 89.3  98.1 96.6 72.8 86.0

Avg. Length | 221 66 70 136 20 RoBERTaGCN 89.5 982 96.1 72.8 89.7

ContGCNzzrr 89.4 983 969 73.1 86.4

Table 1: Dataset statistics. ContGCNy et 89.7 985 97.0 73.1 88.7

ContGCN:oprrra | 901 98.6  96.6 73.4 91.3

Table 2: Comparison of ContGCN with state-of-the-art
models in offline evaluation. The best results are 1in boldface,
and the second best results are underlined.
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Models 20NG R8 Ohsumed

ContGCNg grrT4 90.1 98.6 73.4
w/o Wikipedia Init 89.9 98.2 73.1
w/o OMM Updating 89.6 983 73.0
w/o Contrastive Loss | 89.7 985 73.2

ContGCNyyes 89.7  98.5 73.1
w/o Wikipedia Init 89.8 98.3 72.8
w/o OMM Updating 89.4  98.2 72.7
w/o Contrastive Loss | 89.5  98.2 73.0

Table 3: Influence of Wikipedia initialization, OMM updat-
ing, and the anti-interference contrastive task.
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Variants 16 2/6 3/6 4/6 5/6 6/6
ContGCN™ | 86.4 873 88.1 886 89.0 89.6

ContGCN 86.3 R7.1 &7.8 882 887 8&9.1
ContGCN® | 86.1 869 &7.5 879 883 B8.7

ContGCN” | 86.0 86.2 864 86.6 869 87.1

Table 4: Comparisons of variants of ContGCNggrrr2 In the
online learning scenario on the 20NG dataset. ContGCN™ 15
retrained from scratch in each session with all previously
seen data. ContGCN® is updated without the contrastive
loss. ContGCN¥ is updated without LUM.
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Figure 3: Influence of the parameter A that weights the anti-
interference contrastive loss. Relative accuracy (%) means
the difference between the accuracy achieved with A = Ay
and that achieved with A = 0.
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TEXTGCN s ROBERTA ROBERTAGCN

—H— RDBERTAGCNSCRA?E_::_ — CDNTGCNRDEERT;_ . .
Figure 4: Comparison between our ContGCN model and

o I — L ' ‘ ' ' ' baselines in an online learning scenario. We divide the 20NG
L4y 1 . dataset into training, testing, and updating sets by the ratio
/": = of 2:2:6. We trained each model with the training set to learn
L Hor __i____..-f""fr 1 %2 an initial version. Then, we divided the updating set into six
S e — equal parts and gradually fed each part to the model for fine-
Z £ A | tuning. The finetuning time ratio in (b) is calculated by the
e — . 1 & N\ - N finetuning time of the current session over that of the first
. sk N7 N session. For each training or updating session, we used 10%
, , , , , of the training set as the validation set.
™6 W6 26 36 ab 56 o6 6 U6 36 46 56 66

[a} Reasﬂning Qual][}r [b) Finﬂtl]ﬂi]']g Eﬂ:ll:iﬂﬂﬂ}'
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Experiments

N =N | i R R =N RN a3

Models Oth 1st 2nd 3rd
RoBERTaGCN 01.7 N/A N/A N/A
RoBERTa 87.6 86.8 852 835

ContGCN? ... | 928 903 899 882
CDHtGCNROBERTa 092.8 92.5 92.0 90.9

Table 5: Comparison of our ContGCN model with
RoBERTa in an industrial online learning scenario. All mod-
els are first trained offline (in the Oth month) with a labeled
dataset. After deployed, ContGCNgz,rrrr- performs online
learning with LUM. CnntGCNﬁGBEMa 1s a static network
with parameters fixed after the initial training.
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