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Context
Information retrieval (IR) task: User gives a query, output a set of documents 
which are relevant → With the introduction of transformers, neural IR turns to be 
the state of the art



Late Interaction Models

However, late interaction models require a large index space



Related Work: Pruning Methods 

● Clustering
● Pruning: Statistical or heuristic approach

○ Stopwords, IDF value, position-based methods (first-k), etc
○ Degrade the model performance with a high pruning ratio 

● Pruning: “Learn to prune” approach
○ Gating mechanism: AligneR, LEAP_MV, etc
○ Learned pooling: ConstBERT
○ Better than static

● Is there some way to remove the tokens with no influence on the final score? 



Intuition
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Adaptating ColBERT



● Normalized token vectors → bounded token vectors

Adaptating ColBERT



● Normalized token vectors → bounded token vectors
● Relued inner product value

Adaptating ColBERT
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Approximate Pruning

● Dominance ←→ Linear Programming
○ Pruning based on the LP 
○ Almost no solutions on full vectors

■ Apply SVD to reduce the dimension
● LP is a time consuming problem

○ Norm based pruning
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Training Regularisation

● Nuclear norm regularization

● Document tokens similarity matrix regularization

● L1 norm

Final Loss: 



Experiments

● Dataset: MSMARCO for in-domain, BEIR and LoTTE for Out-of-domain
● Reranking based on SPLADE
● Checkpoint selecting: a weighted harmonic mean (effectiveness v.s efficiency)
● Baselines

○ w/o pruning models: SPLADE, ColBERT (end-to-end), ColBERT (rerank)
○ w/ pruning models:

■ Static models: IDF pruning, first-k pruning, stopwords pruning, etc
■ Dynamic models: AligneR, Const-BERT
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Out-of-Domain Evaluation Result

In domain 
pruning ratio



Qualitative Analysis

Remaining Tokens in Bold
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Conclusion

● Propose the definition of the dominance
● Adapt ColBERT score functions
● Propose approximate pruning and regularisation
● Experiment based on experimaestro and XpmIR.

Code for the project



Thank you! 



Annexe - Dominance → Linear Programming (LP) 

not 
dominated

Final LP formulation



Approximate Pruning

● Dominance ←→ Linear Programming
○ But, some vectors have a very small component that prevent LP to have solutions

● LP is a time consuming problem
○ Norm based pruning

Apply LP only on 
truncated V*



Limitation and Future Work

● From reranking pipeline to end-to-end retrieval
● LP’s heavy computational cost


