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Figure 2: An overa]l illustration of the proposed method GOOD-D.
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Fig. 2. Overview of PGCL. Two graph data augmentations 77 and 75 are applied to the input graph G. Then, two graph views G; and G! are fed into the
shared encoder fy (including GNNs and a projection head) to extract the graph representations z; and z,. We perform the online clustering via assigning the
representations of samples within a batch to prototype vectors (cluster centroids). The representations are learned via encouraging the clustering consistency
between correlated views (Section IV-A) and a reweighted contrastive objective (Section IV-B), where prototype vectors are also updated along with the
encoder parameters by backpropagation.
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Figure 2: The overall framework of CoG-BART. The utterance is fed into BART for N utterances in a batch to get its hidden
state. The representation of the utterance obtained after max-pooling the hidden state of each utterance is fed to the upper-level
dialogue-level Transformer for modeling context dependencies. The obtained context-dependent utterance representations are
utilized to compute the cross-entropy loss and supervised contrastive loss. In addition, the two adjacent utterance pairs are used
for the auxiliary response generation.
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Figure 3: Overview of our GACL rumor detection model. Given an input batch of data, we split it into two clusters referring to
rumors and non-rumors. Then, the various types of data augmentation strategies are applied to generate the perturbed rumor
trees such as Gy, G, and G, (that are just generic elements and used as examples). Next, the representation of the rumor trees is
calculated using BERT and GCN to obtain a 64-dimensional feature vector h. Finally, h and the adversarial feature z generated
by the AFT module are concatenated together for subsequent contrastive training and classification.
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Figure 3: The overall architecture of our proposed KGCL. Knowledge-aware co-contrastive learning with augmentation func-
tions on both knowledge graph 7(-) and user-item interaction graph ¢(-). Our contrastive objective £ is jointly optimized
with main embedding space shared by the knowledge graph aggregation and graph-based CF encoder.
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Figure 2: Illustration of our proposed method LPN.
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Figure 2: Illustration of the proposed MCCLK model. The left subfigure shows model framework of MCCLK; and the right
subfigure presents the details of cross-view contrastive learning mechanism. Best viewed in color.
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Figure 2: The architecture of the proposed PT-HCL framework. Shapes in gradient colors represent hidden vectors, and different
shapes represent different labels of the surrogate supervised signal provided by the pretext task.
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' Zjeb’\i eXp(f(a@;,aj)/Tg)
Figure 1: The architecture of our Joint CL framework. (7)
& 1s vector concatenation. In the graphs, the gray el- o 1 ify® =y and p' = p/
lipses denote prototypes, others denote hidden vectors. (1, 7) = 0 otherwi (8)
Vectors with the same color hold the same stance. otherwise
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Figure 2. The illustration of the proposed Sel-CL, which progressively selects better confident pairs G for supervised contrastive learning
based on the representation similarity. Without the noise rate prior, confident examples 7 are also obtained to help identify the pairs.
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2022 WWW __Intent Contrastive Learning for Sequential Recommendation

(@ (b
E-step: Intent Representation Leamning M-step: Intent Contrastive SSL. with FNM
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| Aggregation | | e o ElE 8 =[El@ sem
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[ Eacoderfp() | 3 o © | @ o
[ Soqmeres : \ K—n;eans / l ,_\l_\_/hm—batch Sequences : )
Augmentations ! R |
4 Required [ Aggre fanon ]
Mini-batch Sequences S e
[ . ] [ Encodt;r fo(") ] User Interest Representation: (O Intent Prototype representation: )
[ Sequences ] User Intent Retrieval: ---» Positive pair: <— Negative pair: <->

Figure 2: Overview of ICL. (a) An individual sequence level SSL for SR. (b) The proposed ICL for SR. It alternately performs in-
tent representation learning and intent contrastive SSL with FNM within the generalized EM framework to maximizes mutual

information (MIM) between a behavior sequence and its corresponding intent prototype.

LicL = LicL (WY, ¢y) + LicL(hY, cy), (15)
and

exp(sim(h¥, c,)) (16)

Lici (b, cy) = —log — ,
Eneg exp(snn(h‘l‘, Cneg))

exp(sim(h¥, c;)) 17)

LicL (b, cy) = —log — ,
S0 Loggexp(sim(hy, co))
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) Learned G = \gl m ) = 7
Crl '1p11 Struc ture Leammz Module ~ Structure Leamel Vle“ o Srrucrule Bootsnappmz C 011t1£|5t1\ e Leal111112 Module

Figure 2: The overall pipeline of SUBLIME. In the graph structure learnlng module, the graph learner p,, generates the sketched

adjacency matrix S, and then the post processor g converts S into the learned structure S. After that, the structure bootstrapping
contrastive learning module optimizes S by maximizing the agreement between the learner view and anchor view.

1 n
-£ = z_n Z lf(zl,is Za,i) + f(za,iazl,f) >

i=1

esim(zl,i,za,i)/t (14)

f(zl,i, Za,i) - log n eS]._m(Zl‘i,Za,k)/t ’
=1
where sim(-, -) is the cosine similarity function, and ¢ is the temper-

ature parameter. £(zq,, z; ;) is computed following £(z; ;, zai)-
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Figure 2: The overall architecture of AFGRL. Given a graph, fp and f; generate node embeddings H? and H¢ both of which
are used to obtain £-NNs for node v;, i.e., B;. Combining it with N, we obtain local positives, i.e., B; N N;. To obtain global
positives for node v;, K-means clustering is performed on H¢, and the result C; is combined with B,, i.e., B; N C;. Finally, we
combine local and global positives to obtain real positives, i.e., P;. A predictor gg projects H? to Z?, which is used to compute
the final loss along with H®. Note that fy is updated via gradient descent of the loss, whereas f¢ is updated via EMA of fj.
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Cross-Network Contrastive Learning

Sy exp(sim(hb 22 )

i h2_,’“1.
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- » Positive pair -+ Negative pairs

(a) Cross-network contrastive-
ness.



