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RECOMMENDATION ON RELATIONAL DATA

User interaction 
nodes
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RECOMMENDATION ON RELATIONAL DATA

Matched pkey-fkey 
defines an edge
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RECOMMENDATION ON RELATIONAL DATA: PROBLEM FORMULATION

Recommendation on relational data:

def:  link prediction on a bipartite graph 
of users and item nodes, past 
interactions are links, and the goal is to 
predict which links are going to occur in 
the future. 
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RECOMMENDATION ON RELATIONAL DATA: CHALLENGES

Challenges:
● Temporal
● Multi-behavioral
● Large Scale

Recommendation on relational data:

def:  link prediction on a bipartite graph 
of users and item nodes, past 
interactions are links, and the goal is to 
predict which links are going to occur in 
the future. 
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EXISTING APPROACHES: TWO-TOWER REPRESENTATION

Inner product

x

The industry standard approach to 
recommendation systems is 
based on a two-tower paradigm

1. One tower embeds users
2. One tower embeds items

Ranked via inner product decoder
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EXISTING APPROACHES: TWO-TOWER LIMITATIONS

Unable to distinguish 
between familiar or repeated 
purchases vs. exploratory 
purchases

Limitation:
Two tower architectures learn a 
pair-agnostic representation of 
users and items

Item representations do not 
capture the uniqueness of 
user’s view on the items

Fine-grained context, e.g., of 
repeated purchase patterns, 
cannot be captured by two 
independent representations
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EXISTING APPROACHES: PAIR-WISE REPRESENTATION

Pair-wise representations              , that incorporate the knowledge about the pair 
they are making predictions for, are able to contextualize the prediction.

Generating pair-wise contextualized predictions for all possible user-item pairs 
is ineffable due to its quadratic complexity.
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EXISTING APPROACHES: PAIR-WISE REPRESENTATION

Pair-wise representations              , that incorporate the knowledge about the pair 
they are making predictions for, are able to contextualize the prediction.

Generating pair-wise contextualized predictions for all possible user-item pairs 
is ineffable due to its quadratic complexity.

Only generate pair-wise contextualized predictions for a given candidate set

       Effectivity of the model is now bounded by the
recall of the candidate generation procedure 
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Pair-wise
Representations

Two-Tower
Representations

Rank “local” items Rank “distant” items

Fuse ranking

Single ranking

ContextGNN: MAKING HYBRID RECOMMENDATIONS

Idea:
1. Contextualize the prediction for the area
     of items for which a user has
     rich past interactions
     Pair-wise representations are able to capture
      fine-grained patterns of past user-item interactions

2. Fall back to two-tower representations for 
“distant”/exploratory items

3. Fuse recommendations from both models into an 
end-to-end training procedure
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ContextGNN: PAIR-WISE MODEL

Our pair-wise model learns a pair-wise prediction
by conditioning the item representation on a 
user-specific subgraph

1. Sample a k-hop subgraph around user v
2. Add an Indicato     embedding to user v
3. Apply a GNN
4. Readout user representation v and item 

representations w for all items within the 
user-specific subgraph

Item representations w now depend on user v!
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ContextGNN: TWO-TOWER MODEL

Our two-tower model learns a pair-agnostic 
prediction based on a GNN-based user 
representation and a shallow item representation

1. Re-use user representation from the pair-wise 
model

2. Query a shallow embedding matrix for item 
representations

We found shallow item representations to be effective 
enough to capture key signals while allowing us to scale
to a large corpus of negative samples during training!
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ContextGNN: PUTTING IT ALL TOGETHER

We fuse both the pair-wise and the two-tower representations by computing a 
user-specific fusion-score and using it to adjust the final ranking accordingly.
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ContextGNN: EVALUATION - RELBENCH
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ContextGNN: TEMPORAL & STATIC LINK PREDICTION
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ContextGNN: SUMMARY

1. Two-tower representations are pair-agnostic, and are unable to fully 
represent the rich user-item behaviors we find industry datasets 

2. Pair-wise representations can contextualize (user, item) rankings, but 
are ineffable due to the their quadratic complexity

3. CONTEXTGNN learns pair-wise and two-tower representations 
end-to-end as part of a single GNN backbone. The two representations 
are fused using a user-specific fusion-score

4. CONTEXTGNN outperforms relevant state-of-the-art recommendation 
system methods on heterogeneous temporal recommendation datasets 
(                     )


