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Task: zero-shot retrieval

Train set Test set

MS MARCO - train-test distribution shift : BEIR

[ Document ]

Q Relevance annotations are available @ Queries and relevance annotations are often not available,
for large-scale open-domain corpus for specialized domains (e.g., medical question)

\ — zero-shw

Dense retrievers do not generalize well to out-of-domain corpus.

" RQ. How can we make the dense retriever domain-adaptive?



Create domain-tailored train set, via pseudo-query generation
<" What if we can get a training dataset for any given corpus?
Q We can! via pseudo-query generation!

MS MARCO BEIR

{ Query ]-—-[ Document ] ' { Document ]
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Train retriever, using pseudo-relevant pairs .
4 i

[ Pseudo-Query ]‘(

Obtain a , by sampling
pseudo-queries (POs) from any target corpus.

PQG |

n Train a pseudo-query generator (PQG)
using MS MARCO.



Challenge: distribution shift
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Proposed solution 1. relevance-assisted PQG

Stagelll : Pseudo-query generation
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Proposed solution 2. multi-query vector augmentation

Stagelll : Pseudo-query generation

Hypothetical long document
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Experiment

e Dataset: Four BEIR datasets, showing the largest distribution shifts from MS MARCO
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o GenQ generates pseudo-queries from BEIR corpus, and fine-tunes a dense retriever.

o GPL, building upon GenQ, additionally utilizes an expensive cross-encoder to label
relevance of pseudo-queries.

o +domain invariant retriever. COCO-DR and SPLADE, as state-of-the-art dense and sparse
retriever, respectively.



Results
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