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Multi-Vector Retrieval (MVR):

Token-level embeddings with late interaction

How MVR Works

1 Token Embedding

Each token in query and document is encoded into a dense vector

2 Late Interaction

Compute similarity between all query-document token pairs

3 MaxSim Aggregation

Take maximum similarity per query token, then sum

Query-Document Interaction

This captures fine-grained semantic alignment that single-vector retrieval typically misses

MaxSim Scoring Function:
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Indexing Complexity

State-of-the-art systems rely on aggressive 

approximation strategies like Vector Quantization 

(VQ) and large-scale clustering (K-means).

100+ hrs for billion-scale clustering

Why current MVR systems struggle to scale?

Core Limitation: 

the indexing process remains prohibitively complex despite engineering optimization
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Existing Approaches in MVR: Three-Stage Pipeline

I
Indexing & Candidate 

Generation

Map document tokens to centroids via 

clustering

Build inverted index on centroids

Retrieve candidate documents by 

active centroids

Prunes >98% of corpus

II
Approximate Scoring & 

Pruning

Use compressed representations

(centroids, bit-vectors)

Estimate similarity without full 

decompression

Aggressively prune candidate set

Reduces to ~thousands

III Final Reranking

Reconstruct full-precision vectors

Compute exact MaxSim scores

Resolve minor semantic differences

Final top-k selection

Limitation 1

Clustering is computationally expensive

and slow

Limitation 2

Multi-stage pipeline introduces complex 

control logic

Limitation 3

MaxSim remains O(N×M) quadratic 

complexity

Standard dense MVR paradigms can be summarized into three stages:
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Our Solution: Single-Stage Sparse Retrieval (SSR)

The Sparse Scoring Function:

Step 1: SAE Encoding

Project dense token embedding x into sparse representation z with K active neurons

Step 2: Sparse Interaction

Interaction only occurs between overlapping activated neurons

Multi-Component Loss

1 Reconstruction Loss

Top-K sparse autoencoding 

with MSE

Auxiliary Loss

3

Sparse contrastive learning

Unsupervised CL

4 Supervised CL

Cross-entropy with positive-

negative pairs

2

Reconstruction with inactive 

neurons
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More efficient Retrieval: Neuron-level inverted indexing with coarse-to-fine pruning

SSR Base Retrieval

1 Sparse Projection
Encode query tokens into sparse vectors

2 Identify Active Neurons
Extract top-K activated dimensions

3 Traverse Posting Lists
Union of documents from active neurons

4 Exact Scoring
Compute precise MaxSim on candidates

Complexity: O(N · K · L)

N = query tokens, K = sparsity 

L = avg posting list length

SSR++ Accelerated

Step 1: Coarse Scoring

Extract only principal active neurons (K = 4) for approximate 

upper-bound scoring

Step 2: Block Skipping

Utilize block upper-bounds to skip blocks that cannot 

contribute enough

Step 3: Exact Refinement

Compute precise late-interaction score on refined candidate 

subset

Complexity: O(N · Kcoarse · Lskip)

Kcoarse ≪ K and Lskip ≪ L due to block skipping
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Thanks for listening!


