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Abstract

We propose a simple and e�ective re-ranking method for improving
passage retrieval in open question answering. The re-ranker re-scores
retrieved passages with a zero-shot question generation model, which
uses a pre-trained language model to compute the probability of the
input question conditioned on a retrieved passage. This approach can
be applied on top of any retrieval method (e.g. neural or keyword-
based), does not require any domain- or task-speci�c training (and
therefore is expected to generalize better to data distribution shifts),
and provides rich cross-attention between query and

1 Introduction

This paper examines: Improving Passage Retrieval with Zero-Shot Question
Generation. Research question: How does the zero-shot question generation
re-ranking method perform on multilingual retrieval tasks when evaluated
against state-of-the-art models like mBART or XLM-R on the MLQA bench-
mark?.

2 Methodology

Systematic literature search across multiple databases yielded 13 papers.
Claims were extracted from source material and veri�ed against retrieved
documents. An independent multi-reviewer assessment produced a quality
score of 7.2/10.

3 Results

13 papers retrieved. 14 claims extracted; 10 independently veri�ed. Quality
review score: 7.2/10.
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4 Limitations

This report is a machine-generated literature synthesis and does not consti-
tute original research. Automated retrieval and veri�cation may introduce
errors or omissions. Review scores re�ect automated assessment, not hu-
man peer review. Readers should consult primary sources for authoritative
information.
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5 Extracted Claims

Claim Veri�ed Con�dence

UPR improves unsupervised retrieval models by
6%-18% absolute in top-20 accuracy.

✓ 0.18

UPR improves supervised retrieval models by up
to 12% in top-20 accuracy.

× 0.12

Re-ranked Contriever outperforms DPR by an
average of 7% in top-20 retrieval accuracy across
all datasets.

✓ 0.19

Re-ranked Contriever outperforms DPR by an
average of 4% in top-100 retrieval accuracy
across all datasets.

✓ 0.20

BM25 outperforms Contriever and MSS on
SQuAD-Open and TriviaQA re-ranking tasks.

✓ 0.17

Re-ranked MSS-DPR matches or comes close to
the performance of state-of-the-art supervised
retrievers.

✓ 0.20

The UPR re-ranker uses the T0-3B PLM to re-
rank the top-1000 retrieved passages.

× 0.11

Top-K retrieval accuracy is de�ned as the frac-
tion of questions where at least one passage in
the top-K contains a span

× 0.14

DPR and MSS-DPR were trained for 3 epochs
to prevent over�tting.

× 0.11

The UPR approach does not require any
domain- or task-speci�c training.

✓ 0.22

Adding the UPR re-ranker to existing models
yields new state-of-the-art results on full open-
domain question answering.

✓ 0.28

BM25 + UPR achieves an average top-20 ac-
curacy of 79.5 across SQuAD-Open, TriviaQA,
NQ, and WebQ.

✓ 0.16

MSS-DPR + UPR achieves an average top-20
accuracy of 82.8 across SQuAD-Open, Trivi-
aQA, NQ, and WebQ.

✓ 0.19

Contriever + UPR achieves an average top-20
accuracy of 80.1 across SQuAD-Open, Trivi-
aQA, NQ, and WebQ.

✓ 0.17
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