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Research Motivation-Dense Retrieval
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Mainstream Trends
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Figure 1: Training process of RepCONC.



Document Similarity Heatmap Discrete Doc

Embeddings with PQ Centroids Embeddings
RepCONC : Constrained Clustering i e 000
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1 1 Figure 2: Illustration of Constrained Clustering. Darker col-
VI . P( (p ( d) - I) — (1 4) ors in the heatmap indicate higher similarities (smaller dis-

tances). With the constraint, the discrete document embed-
dings are more diverse.
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ERAE: H{AOptimal Transport
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Datasets & Metrics

@ Dataset

Dataset: MS MARCO
TREC 2019 DL Track
Task:
- Passage Ranking (8.8M passages)
- Document Ranking (3.2M documents)
Setting: Full-corpus

l.l.l Metrics

- MRR@10 / MRR@100
* Recall@100 / NDCG@10
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Figure 3: Comparison with compression methods. Up and
right is better.
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Figure 4: Comparison with first-stage retrieval models in
terms of effectiveness-memory trade-off. Up and right is
better. The x-axis indicates the average number of pas-
sages/documents stored in 1 kilobyte.
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Figure 5: Comparison with first-stage retrieval models in
terms of effectiveness-latency trade-off. Up and right is bet-
ter. The search is performed on CPU with one thread. QPS
stands for ‘query per second’.
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RQ3: Ablation Study

Table 2: Ablation study on MSMARCO Passage Ranking
dataset. BPP stands for ‘bytes per passage’
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JPQ [35] 0.273 0.332
RepCONC
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Figure 7: Cluster distribution on MS MARCO Passage Rank-
ing. Clusters are sorted by the assigned frequency. Dis-
tributions across different sub-vector blocks are averaged.
RepCONC\Con indicates RepCONC without constraint.



