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Background

Consider a signed bipartite network, G = (U , V , E), where U = {u1, u2, ..., u|U|} and V =
{v1, v2, ..., v|V|} represent two sets of nodes with the number of nodes |U| and |V|. E ⊂ U × V
is the edges between U and V . E = E+ ⋃

E− is the set of edges between the two sets of nodes

U and V where E+ ⋂
E− = ∅, E+ and E− represent the sets of positive and negative edges,

respectively.
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Figure 1. Common application scenarios for signed bipartite networks.

Signed bipartite networks are commonly found in many fields including business, politics, and

academics, but have been less studied. Modeling signed bipartite networks is a promising and

challenging research field.

RelatedWork

Signed Graph Modeling: Signed networks are such social networks having both positive and

negative links. Balance theory [1] is the fundamental theory in the signed network field.

Figure 2. Illustration of structural balance theory. [2]

Graph Representation Learning:
Matrix factorization-based methods: HOPE

Random-walk based algorithms: Deepwalk, Node2vec, LINE, BiNE

Graph neural networks: GCN, GAT, GraphSAGE, GAT, GIN

Signed network embeddings: SiNE, SIDE

Signed graph neural networks: SGCN, SDGNN

Signed Bipartite Networks

In different scenarios, the negative ratio varies. In the scenario of product reviews, the ratio of

negative links is relatively lower (i.e., 0.02). Buyers rarely give bad rates to sellers. In the scenario

of bill vote, the proportion of negative links increases comparing to the scenario of product reviews

(i.e., 0.460 and 0.447). In many bills, it is more difficult for legislators to reach consensus due to

different political standpoints.

Table 1. Statistics on Signed Bipartite Networks.

Bonanza
U.S.

House

U.S.

Senate

Preliminary

Review

Final

Review

|U| 7,919 515 145 182 182

|V| 1,973 1,281 1,056 304 304

|E| = |E+| + |E−| 36,543 114,378 27,083 1,170 1,170

% Positive Links 0.980 0.540 0.553 0.403 0.397

% Negative Links 0.020 0.460 0.447 0.597 0.603

In the scenario of peer reviews, the ratio of negative links is higher than the ratios of positive links

(i.e., 0.603 > 0.397). In the top conferences of computer science, the acceptance rate needs to

be controlled (e.g., about 20Surprisingly, after the rebuttal phase, the proportion of negative links

has slightly risen (i.e., from 0.597 to 0.603).

Balance theory in Signed Bipartite Networks

Figure 3. Perspective 1 offers to analyze the signed butterfly isomorphism.

For Perspective 2, we can analyze the signed triangle isomorphism by sign construction.

In this section, we give two perspectives to analyze balance theory in signed bipartite networks.

We analyze the balance theory in different datasets from different perspectives. We calculate

the percentage each isomorphism class takes up of the total signed isomorphism count with the

the expectation of signed isomorphism when randomly reassigning the positive and negative

signs to the signed bipartite network. We find that:

Large majority of signed butterflies/signed triangles in signed bipartite networks are more

balanced than expectation.

In the scenario of peer reviews, after rebuttal phase, the balance of signed bipartite networks

increased.

Proposed Methodology

Figure 4. Illustration of SBGNN. SBGNN Layer includes Aggeregate and Update functions. The aggregated message

comes from the Set1 and Set2 with positive and negative links. After getting the embedding of the node ui and vi, it

can be used to predict the link sign relationship.

After getting embeddings zui ∈ Rdu and zvj ∈ Rdv of the node ui and vj , we can use product

operation/MLP methods to get the prediction value for ui → vj.

Experiments

We do Link Sign Prediction on four datasets and compare our SBGNNs with lots of baselines.

Table 2. The results of Link Sign Prediction on four datasets.

Modeling the balance theory in the signed bipartite network is key for Link Sign Prediction .

Our SBGNN models outperform other baseline models.

Conclusion

We discuss two different perspectives to model the signed bipartite networks.

Combining two perspectives, we introduce a new layer-by-layer SBGNN model.
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