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Background & Motivation

• Recent retrieval algorithms BMP and SP [SIGIR ’24, ’25] use a 
very large number of clusters to accelerate retrieval
• However, they both have large index sizes and struggle with 

cluster overpruning during approximate retrieval
• In this work, we investigate the design choices of BMP and SP 

and propose improvements to address their weaknesses
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Review: SP Architecture [SIGIR ’25]

• At the superblock level, use SB BoundSum and SB Avg to prune
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Limitations of Superblock Pruning

Prune more Prune less(threshold overestimation rate)
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Key Idea:  
Guarantee Searching a Minimum Number of Superblocks
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Address Superblock Overpruning

• If we only search the top-gamma SBs, how good are the results?

Number of Clusters

MS MARCO has 
about 1.1M 
clusters total 

PDF from 10,000 MS MARCO train queries
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Address Superblock Overpruning

Retrieval Depth (k) & 
Cluster size (b*c)

Guaranteed number of clusters
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What Superblock Heuristic is Best?

• LSP/0 — Only search gamma superblocks
• LSP/1 — Use threshold overestimation, guaranteeing at least 

gamma superblocks are scored
• LSP/2 — Same as SP (Max & Avg), but guarantee at least 

gamma superblocks are scored
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LSP Architecture
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Evaluation & Results



SIGIR ‘26

Evaluation Methodology

• In-Domain: MS MARCO passages (8.8M), Dev set, DL19, DL 20
• OOD: BEIR-13 Datasets
• Scalability: MS MARCO passages v2 (138M), Dev1 set
• Baselines:
• MaxScore (PISA) [IPM ’95; OSIRRC@SIGIR ’19]
• BMP [SIGIR ’24]
• SP [SIGIR ’25]
• SeismicWave [SIGIR ’24; CIKM ’24]
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• In-domain grid search on MS MARCO (SPLADE++)

MRT in microseconds
overfit to dev 
queries => 
best-case 
performance



SIGIR ‘26

What Superblock Heuristic is Best?
• In-domain grid search on MS MARCO (SPLADE++)

LSP/1 is 
slightly better 
than LSP/0
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What Superblock Heuristic is Best?
• In-domain grid search on MS MARCO (SPLADE++)

LSP/0 is ~2x 
slower than 
SeismicWave 
for k=10

but is ~30%-2x 
faster for k=1000
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Zero-Shot Approximate Retrieval

• Goal: test realistic performance
• Can we fix approximate retrieval parameters using in-domain 

data and still achieve good results OOD?
• How to test?
• Fix configuration based on train data / in-domain grid search

• LSP/0 for k=10:
• gamma=250, query pruning rate=0.33, ~500K clusters

(0.05% of clusters)
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OOD Results on BEIR-13 Fastest on 10/13 
datasets
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OOD Results on BEIR-13

5.7x faster than SP, 
8x less storage
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OOD Results on BEIR-13

Trend holds for 
k=100 and k=1000
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Scalability of LSP with Fixed Configuration
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Scalability of LSP with Fixed Configuration

Doubling the dataset size will 
increase latency by about 24%



SIGIR ‘26

Conclusions

• Simple parameter configurations with strong performance across 
OOD datasets and models



SIGIR ‘26

Conclusions

• Simple parameter configurations with strong performance across 
OOD datasets and models
• When a grid search is possible, fastest on k=1000, but slower at 

k=10 than Seismic



SIGIR ‘26

Conclusions

• Simple parameter configurations with strong performance across 
OOD datasets and models
• When a grid search is possible, fastest on k=1000, but slower at 

k=10 than Seismic
• A simple guarantee of top clusters outperforms more complex 

pruning heuristics (LSP/1 & LSP/2); backed by a probabilistic 
relevance model
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