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1. Motivation

Continual Retrieval (CR) Limitations of Existing Methods for CR Soft Memory
Continual learning on dense retrieval in evolving data streams.  Fixed & Past Labeled Pairs Dynamic Topical-Group-Based Pairs
Documents & Query Streams (Evolving Pool) = No generalization to unseen queries. » Generalization to unseen queries.
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To maximize coverage while minimizing redundancy.

3. Experiments & Results

Supervised Results Unsupervised Results
LoTTE MSMARCO LoTTE MSMARCO Experimental Settings
Model Disjoint (Avg) Shared (Avg) Disjoint (Avg) Shared (Avg)  Model Disjoint (Avg) Shared (Avg) Disjoint (Avg) Shared (Avg) ® Streaming sessions: LOTTE, MSMARCO(5 domain, QA) Datasets.
s@ R@10 S@5 R@10| S@5 R@10 S@5 R@10 s@ R@l0 S@5 R@l | s@5 Relo ses Rew " Evaluation Metrics: SUCC§SS@5, Rec.;all@10..

ColBERT™* | 42.13 23.30 | 21.23 10.00 | 78.29 8295 | 47.76 51.86  BM25 59.89  33.20 | 40.77 19.88 | 72.79 7549 | 50.62 54.54 " Bold: Best performance in un.superVIS.ed Se.ttlngss _

ER* 67.59 43.24 | 4593 2506 | 9632 97.69 | 7630 80.85 ColBERT™ | 411 143 | 370 204 | 41.19 5150 | 13.92 17.43 = Underline: Best performance in all settings including supervised.

MIR* 67.33 4257 | 45.61 24.87 | 9566 96.90 | 76.37 81.08 ER 4051 2573 | 2261 1076 | 7592 81.86 | 41.60 47.06

GSS* 68.15 43.57 | 44.80 24.14 | 9577 9449 | 75.82 80.63 MIR 31.83  16.69 | 1955 897 | 76.44 8232 | 44.12 49.73

ocs” 66.77 42.75 | 4407 2376 | 9598 97.14 | 73.07 77.86  GSS 37.25 2053 | 21.08 9.86 | 7533 8229 | 37.60 43.16 High|ights

L2R" 55.06  31.67 | 32.80 16.29 | 91.00 94.04 | 6298 6858  OCS 39.43  22.24 | 2033 9.64 | 73.52 79.89 | 42.63 48.68 : : : :
LoR a1s7 2360 | 2261 092 | 7505 8144 | 3682  42.60 = CREAM achieves the best performance in the unsupervised setting.

CREAM 68.20 43.57 | 48.60 27.11 | 93.15 95.15 | 73.68 77.89 . . : : : : : : :

I—__l = CREAM even outperforms supervised methods on LoTTE.

CREAM 68.20 43.57 | 48.60 27.11 | 93.15 95.15 | 73.68 77.89
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