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Introduction

What is LLM?

% Large Language Models (LLM)
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Retrieval-Augmented Generation

% RAG (Retrieval-Augmented Generation)
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% RAG (Retrieval-Augmented Generation)
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Retrieval Models

%+ Traditional Retrieval Models
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>  TF-IDF / BM25
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Retrieval Models

%+ Traditional Retrieval Models
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Retrieval Models

«* Dense Retrieval
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% Contrastive Learning
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Paper

< Unsupervised Dense Information Retrieval with Contrastive Learning (2021, arXiv)

«  Contrastive leaming= &3l T2 ‘252l unsupervised retrieverE SHsA|Z

Izacard, G., Caron, M., Hosseini, L., Riedel, S., Bojanowski, P., Joulin, A., & Grave, E. (2021). Unsupervised dense information retrieval with contrastive learning. arXiv preprint arXiv:2112.09118.

Unsupervised Dense Information Retrieval with
Contrastive Learning

Gautier Izacard?-*% gizacard@fb.com
LN[at h.ill(ille CEI[‘DI;O'D'. mathilde@fb.com

ucas Hosseini hossi@@fb.com
Sebastian Riedel® sriedelifb com
Piotr Bojanowski® bojanowskidfb.com
Armand Joulin® ajoulindfb. com
Edouard Grave® egrave@fh.com

¢ Meta Al Research, + Feole normale supérieure, PSL University, @ Inria,
* Université Grenoble Alpes, - University College London

Reviewed on OpenReview: hitps: //openreview. net/ forum? id= jANIpXi7h0

Abstract

Recently, information retrieval has seen the emergence of dense retrievers, using neural
networks, as an alternative to classical sparse methods based on term-frequency. These
models have obtained state-of-the-art results on datasets and tasks where large training
sets are available. However, they do not transfer well to new applications with no training
data, and are outperformed by unsupervised term-frequency methods such as BM25. In
this work, we explore the limits of contrastive learning as a way to train unsupervised dense
retrievers and show that it leads to strong performance in various retrieval settings. On the
BEIR benchmark our unsupervised model outperforms BM25 on 11 out of 15 datasets for
the Recall@100. When used as pre-training before fine-tuning, either on a few thousands
in-domain examples or on the large MS MARCO dataset, our contrastive model leads to
improvements on the BEIR benchmark. Finally, we evaluate our approach for multi-lingunal
retrieval, where training data is even scarcer than for English, and show that our approach
leads to strong unsupervised performance. Our model also exhibits strong cross-lingual
transfer when fine-tuned on supervised English data only and evaluated on low resources
language such as Swahili. We show that our unsupervised models can perform cross-lingual
retrieval between different scripts, such as retrieving English documents from Arabic queries,
which would not be possible with term matching methods.

Copyright © 2025, All rights reserved.
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Unsupervised Dense Information Retrieval with Contrastive Leaming
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Unsupervised Dense Information Retrieval with Contrastive Leaming

% Contrastive learning
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Unsupervised Dense Information Retrieval with Contrastive Leaming
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% Experiments

«  OJM =3 8lo] &=

Natural Questions TriviaQQA
Ras R@20 RQ@100 R@5 R@20 R@100
Inverse Cloze Task (Sachan et al., 2021) 323 509 66.8 40.2  57.5 73.6
Masked salient spans (Sachan et al., 2021) 41.7 H9.8 74.9 033 G8.2 70.4
BM25 (Ma et al., 2021) - 62.9 8.3 - T6.4 83.2
Contriever 47.8 6T.8 82.1 59.4 74.2 83.2
supervised model: DPR (Karpukhin et al., 2020) - T8.4 85.4 - 79.4 85.0
supervised model: FID-KD (Izacard & Grave, 2020a) 73.8  84.3 89.3 770 836 87.7

Izacard, G., Caron, M., Hosseini, L., Riedel, S., Bojanowski, P., Joulin, A., & Grave, E. (2021). Unsupervised dense information retrieval with contrastive learning. arXiv preprint arXiv:2112.09118.

Copyright © 2025, All rights reserved. - 28 - .':'. DMQA
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% Experiments

«  MS MARCO H|O|E{AIS 2 O] Al

Table 2: BEIR Benchmark. We report nDCG@10 on the test sets from the BEIR benchmark for bi-encoder
methods without re-ranker. We also report the average and number of datasets where a method is the best
(“Best on™) over the entire BEIR benchmark (excluding three datasets because of their licence). Bold is the

XX

‘4o T

—_

[=)

BEIR HIX|Or=2.0f| CHSt zero-shot A e

best overall. MS MARCO is excluded from the average. “CE" refers to cross-encoder.

BM25 BM25+CE DPR ANCE TAS-B Gen-() ColBERT Splade v2 Ours Ours+CE

MS MARCO 22.8 41.3 17.7 38.8 40.8 40.8 40.1 43.3 40.7 47.0
Trec-COVID 65.6 75.7 33.2 65.4 48.1 61.9 67.7 71.0 59.6 70.1
NFCorpus 32.5 35.0 18.9 23.7 31.9 31.9 0.5 33.4 32.8 34.4
NQ 32.9 53.3 47.4 44.6 46.3 35.8 52.4 52.1 49.8 57.7
HotpotQA 60.3 T0.7 39.1 45.6 58.4 534 50.3 68.4 63.8 T1.5
FiQA 23.6 34.7 11.2 29.5 30.0 30.8 3.7 33.6 32.9 36.7
ArgulAna 31.5 31.1 17.5 41.5 42.9 49.3 23.3 47.9 44.6 41.3
Touche-2020 36.7 271 13.1 24.0 16.2 18.2 20.2 6.4 23.0 29.8
COQADupStack 20.9 37.0. 15.3 29.6 314 34.7 35.0 - 34.5 37.7
Quora 78.9 82.5 24.8 85.2 83.5 83.0 854 83.8 86.5 82.4
DEPedia 31.3 40.9 26.3 28.1 38.4 32.8 39.2 43.5 41.3 47.1
Seidoes 15.8 16.6 7.7 12.2 14.9 14.3 14.5 15.8 16.5 17.1
FEVER 75.3 81.9 56.2 66.9 70.0 66.9 77.1 75.6 75.8 81.9
Climate-FEVER  21.3 253 14.8 19.8 22.8 17.5 18.4 23.5 23.7 25.8
Seifact 66.5 68.8 31.8 a0.7 6G4.3 G4.4 67.1 69.3 67.7 69.2
Avg, wjlo CQA 44.0 49.5 26.3 41.3 43.7 43.1 45.1 50.6 47.5 51.2
Avg, 43.0 48.6 25.5 40.5 42.8 42.5 44.4 - 46.6 50.2
Best on 1 3 0 0 0 1 0 1 1 9

Izacard, G., Caron, M., Hosseini, L., Riedel, S., Bojanowski, P., Joulin, A., & Grave, E. (2021). Unsupervised dense information retrieval with contrastive learning. arXiv preprint arXiv:2112.09118.

Copyright © 2025, All rights reserved.
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% Experiments

«  In-domain H|O|E{AI0]| CHO} few-shot &

Table 3: Few-shot retrieval. Test nDCG@10) after training on a small in-domain training set. We compare
BERT and our model, with and without an intermediate fine-tuning step on MS MARCO. Note that our

unsupervised pre-training alone outperforms BERT with intermediate MS MARCO fine-tuning.

Additional data  SciFaet NFCorpus FiQA
# queries 724 2,590 5,500
BM25 - 66.5 32.5 23.6
BERT - 75.2 29.9 26.1
Contriever - B0 33.6 36.4
BERT MS MARCO 20.9 33.2 30.9
Clontriever M5 MARCO 84.8 35.8 38.1

Izacard, G., Caron, M., Hosseini, L., Riedel, S., Bojanowski, P., Joulin, A., & Grave, E. (2021). Unsupervised dense information retrieval with contrastive learning. arXiv preprint arXiv:2112.09118.

Copyright © 2025, All rights reserved.
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% Experiments — Ablation studies

«  Moco vs. in batch: ‘& X}O[7F H2| gi7| {20 2 batch sizeE Q70HX| 2+= Moco A1EH

Table 6: MoCo vs. in-batch negatives. In this table, we report nDCG@10 on the BEIR benchmark for
in-batch negatives and MoCo, without fine-tuning on the MS MARCO dataset.

NFCorpus N FiQA ArguAna Quora DBPedia SciDocs FEVER AVG

MoCo 26.2 13.1 13.7 33.0 69.5 20.0 11.9 a7.6 0.1
In-batch negatives 24.2 21.6 13.0 33.7 74.9 17.9 13.6 a6.1 31.9

Izacard, G., Caron, M., Hosseini, L., Riedel, S., Bojanowski, P., Joulin, A., & Grave, E. (2021). Unsupervised dense information retrieval with contrastive learning. arXiv preprint arXiv:2112.09118.
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% Experiments — Ablation studies
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Figure 2: Impact of the number of negatives. We report nDCG@10 as a function of the queue size, with
and without fine-tuning on MS MARCO. We report numbers using the MoCo framework where the keys for
the negatives are computed with the momentum encoder and stored in a queue.

Izacard, G., Caron, M., Hosseini, L., Riedel, S., Bojanowski, P., Joulin, A., & Grave, E. (2021). Unsupervised dense information retrieval with contrastive learning. arXiv preprint arXiv:2112.09118.
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< PAIR: Leveraging Passage-Centric Similarity Relation for Improving Dense Passage Retrieval

(2022, ACL)

«  Query-centric & Passage-centric& =25+ 111

PAIR: Leveraging Passage-Centric Similarity Relation for
Improving Dense Passage Retrieval

Ruiyang Ren'-", Shangwen Lv?”, Yingqi Qu?, Jing Liu?}, Wayne Xin Zhao***
Qiaogiao She?, Hua Wu?, Haifeng Wang® and Ji-Rong Wen**
!School of Information, Renmin University of China; ?Baidu Inc.
*Beijing Key Laboratory of Big Data Management and Analysis Methods
“Gaoling School of Artificial Intelligence. Renmin University of China

[reyon.ren

jrwen } @ruc.edu.cn, batmanfly @ gmail.com

{lvshangwen, quyingqi, 1l‘l.1ji ng46, shegiaogiao, wu_hua, wanghaifeng } @baidu.com

Abstract

Recently, dense passage retrieval has become a
mainstream approach to finding relevant infor-
mation in various natural language processing
tasks. A number of studies have been devoted
to improving the widely adopted dual-encoder
architecture. However, most of the previous
studies only consider query-centric similarity
relation when learning the dual-encoder re-
triever. In order to capture more comprehen-
sive similarity relations, we propose a nowvel
approach that leverages both query-centric and
PAssage-centric sImilarity Relations (called
PAIR) for dense passage retrieval. To im-
plement our approach. we make three major
technical contributions by introducing formal
formulations of the two kinds of similarity
relations, generating high-quality pseudo la-
beled data via knowledge distillation, and de-
signing an effective two-stage training proce-
dure that incorporates passage-centric similar-
ity relation constraint. Extensive experiments
show that our approach significantly outper-
forms previous state-of-the-art models on both
MSMARCO and Natural Questions datasets”.

Fm
(a) (b)

Figure 1: An illustrative case of a query g, its positive
passage p~ and negative passage p~ : {a) Query-centric
similarity relation enforces s{q.p™) > s{g.p”):
(b) Passage-centric similarity relation further enforces
s(pt.q) = s(pT.p~ ). where s(p™.q) = s(g.pT). We
use the distance (ie., dissimilarity) for visualization:
the longer the distance is, the less similar it is.

ing question answering (Lee et al.. 2019; Xiong
et al., 2020b), information retrieval (Luan et al.,
2021: Khattab and Zaharia, 2020), dialogue (Ji
et al., 2014; Henderson et al., 2017) and entity
linking (Gillick et al., 2019: Wu et al., 2020).

Tvoicallv. the dual-encoder architecture is used

Ren, R, Lv, S., Qu, Y., Liu, J., Zhao, W. X., She, Q., ... & Wen, J. R. (2021). PAIR: Leveraging passage-centric similarity relation for improving dense passage retrieval. arXiv preprint arXiv:2108.06027.
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<« AT HiE

«  Query-centric 32 Bt AFEH A2 — positive passage2t negative passageE TE5H7| 02 &

s(q,p) = Eo(@)T - Ep(p)

(a) () s q,p") >s% )

Figure 1: An illustrative case of a query g. its positive Sp(p+, q) > SP(p+, p7)
passage p™ and negative passage p~: (a) Query-centric

similarity relation enforces s(g,p™) > s(g.p~)

(b) Passage-centric qimilru'it},r relation further enforces

s(pT.q) = s(pT.p~ ), where s(p™,q) = s(q.pT). We

use the distance {m. dl‘-‘n]l‘[llli]l‘ll}’] for visualization:

the longer the distance is, the less similar it is.
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% PAssage-centric similarity Relations (PAIR)
A BH

+  Query-centric & Passage-centric §E-& 20| AFH2510] Contrastive leaming =

Qg+
Query-centric loss Passage-centric loss L= 1 | es @p™)
(Y (S s p— Q1
\/ \ N es (a.p )+Z _es (q,p7)
<q,pt> p
simig. p~) simfg, p*) simip™, g7
4 1 eP(p+.Q)
D [ I ~, L = — 1
8 - PTTN O P ) £y et @ p)
<q,p+> 4

- ——————

L=A-a)XLyp+axLp

£ 5379 similarity2] representation2

Same parameters & Structures "
. Ze Z7H0j Lojof 3t
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% PAssage-centric similarity Relations (PAIR)

Query-centric & Passage-centric 3=-& &0| AFE510 Contrastive leaming =&

Positive & Negative pair= 01 2 A| d 2|5} X|?
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Copyright © 2025, All rights reserved. - 36 -

1 es%@ap™

Y log~az Aqp-
N es<(@ap )+Zp_ es<@p™)

<q,p+>

1 eP(p+'q)

- N log ¥ Pipt -
N eP(0™.Q) +Zp_ es (@*p7)

<qp+>

L=A-a)XLyp+axLp

& DMQA



PAIR

PAIR: Leveraging Passage-Centric Similarity Relation for Improving Dense Passage Retrieval

J/

% Two-stage Training Procedure
L=(1-a)xLy+axXLp

Pseudo Labels Query-centric loss Passage-centric loss
mE—— 4 A N
Passage 1: Negative I |II

Unlabeled Passage 2: Positive
Corpus :
- - J
. Cross Score
» Encoder
Pre-Training
Fine-Tuning | L,

Ground Truth + \ Query-centric loss

Ji\ ) / Pseudo Labels | /|' ‘|\/|'
simfg, p) sim(g, p*)

Passage 1: Negative »

Labeled Passage 2: Positive Query Passage
Encoder Encoder
Corpus ) T T

| ___ B A
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J/

=

Unlabeled
Corpus

vy

Pre-Training
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% Two-stage Training Procedure

/ Pseudo Labels \
i Passage 1: Negative
Unlabeled Passage 2: Positive
Corpus

L=(1-a)xLy+axLp

Query-centric loss Passage-centric loss

Cross
Encoder

vy

Pre-Training
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J/

% Two-stage Training Procedure

I —
Score
Cross

Encoder

vy

Fine-Tuning L, (Target-specific)
Ground Truth + \ Query-centric loss

) / Pseudo Labels / \
[ simq p°) | | simg.p*) |

Passage 1: Negative

Labeled Passage 2: Positive Query
Corpus

e R, =
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J/

% Experiments

MSMARCO Dev MNatural Questions Test
Methods PLM MRR@I0 R@50 R@1000 R@5 R@20 R@100
BM25 (anserini) (Yang et al., 2017) - 18.7 592 857 501 737
doc2query (Nogueira et al., 2019b) - 21.5 644 89.1
DeepCT (Dai and Callan, 2019) - 24.3 &9.0 91.0
docTTTTTquery (Nogueira et al., 201%9a) - 27.7 75.6 94.7 - -
GAR (Mao et al., 2020) - - - - 74.4 853
DPR (single) {Karpukhin et al., 2020) BERT s - - - - 784 85.4
DFE-E EENIE,,... 325 822 97.3 68.4 807 87.3
ANCE (single) (Xiong et al., 2020a) RoBERTa,... 33.0 - 959 - 81.9 87.5
ME-BERT (Luan et al., 2021) BERT e 343 - - - -
NPRINC (Lu et al., 2020) BERT,,.. 31.1 - 97.7 733 828 884
ColBERT (Khattab and Zaharia, 2020) BERT b 36.0 829 06.8 - - -
RocketQA (Qu et al., 2020) ERNIE,,.. 37.0 B35 979 74.0 827 B8.5
PAIR (Ours) ERNIE,,.. 37.9 6.4 98.2 74.9 835 89.1
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J/

% Experiments — Ablation study
- AY A1 2 2= knowledge distillation (pre-training)2| 21047+ 7+ ACH= A
>  w/o PSR: passage-centric relation X| 2| (pre-training Al)
w/o KD: knowledge distillation X 2| (labeled dataZt AFE)

w/ PSR FT: fine-tuning A| passage-centric relation Z=7t AFZ:

ujo
for
o

wy/o SP: separate encoders

YV V V V

w/o PT: pre-training X{| 2|

Methods R@5 R@2) R@lo

Complete (PAIR) 749 83.5 89.1

w/o PSR 136 833 28 8
wio KD 70.9 82.7 88.1
wi/ PSR FT 74.6 834 89.0
wio 5P 74.0 834 28.9
wio PT 73.0 B2.8 BE.5

Ren, R, Lv, S., Qu, Y., Liu, J., Zhao, W. X., She, Q., ... & Wen, J. R. (2021). PAIR: Leveraging passage-centric similarity relation for improving dense passage retrieval. arXiv preprint arXiv:2108.06027.
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< Experiments - S48 ©7}

«  Passage-centric relationship= 0121 SFX| Q42 [ £X ot passageE 2|

Query

| Top 1 passage retrieved by PAIR (comect)

| Top 1 passage retnieved by PAIR _pgy (Incomect)

Which animal is the carrier of
the HINT virus ?

HIN]1 strains caused a small percentage of all human flu

H5N1 15 a subtype virus which can cause illness in humans

infections in 2004-2005. Other strains of HINI are endemic
in pigs (swine influenza) and in birds (avian influenza) - .

and many other animal species. A bird-adapled stran of
H5N1. called HPALA (H3N1) for ...

Where 15 gall bladder
situated in human body?

The gall bladder is 2 small hollow organ where bile is
stored ...In humans, the pear-shaped gall bladder lies
Mﬁ although the structure and position . ..

The urinary bladder is a hollow muscular organ in humans
and some other animals that collects and stores urine from the
kidneys before disposal by urination ...

Ren, R, Lv, S., Qu, Y., Liu, J., Zhao, W. X., She, Q., ... & Wen, J. R. (2021). PAIR: Leveraging passage-centric similarity relation for improving dense passage retrieval. arXiv preprint arXiv:2108.06027.
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Unsupervised Dense Retrieval with
Relevance-Aware Contrastive Pre-Training

Yibin Lei'*, Liang Ding?’, Yu Cao®, Chantong Zan*, Andrew Yates', Dacheng Tao?

"Universi ty of Amsterdam

2ID Explore Academy

“Tencent IEG ~ *China University of Petroleum (East China)
{y.lei, a.c.yates}@uva.nl, {liangding.liam, dacheng.tao}@gmail.com
rainyucao@tencent.com, zanct@s.upc.edu.cn

Abstract

Dense retrievers have achieved impressive per-
formance, but their demand for abundant train-
ing data limits their application scenarios. Con-
trastive pre-training. which constructs pseudo-
positive examples from unlabeled data, has
shown great potential to solve this problem.
However, the pseudo-positive examples crafted
by data augmentations can be irrelevant. To
this end, we propose relevance-aware con-
trastive learming. It takes the intermediate-
trained model itself as an imperfect oracle to
estimate the relevance of positive pairs and
adaptively weighs the contrastive loss of differ-
ent pairs according to the estimated relevance.
Our method consistently improves the SOTA
unsupervised Contriever model (Izacard et al.,
2022) on the BEIR and open-domain QA re-
trieval benchmarks. Further exploration shows
that our method can not only beat BM25 af-
ter further pre-training on the target corpus but
also serves as a good few-shot learner. Our
code is publicly available at https://github.
com/Yibin-Lei/ReContriever.

He was son of John Aglionby of Carfisie
and educated at Trinly College, Cambridge
in 1576. In 1592 he supplied Lord Burghley
with an account of local administration and

politics on both sides of England's western

border with Scotland and English mifitary
praparedness in that area.

Figure 1: A text snippet from Wikipedia, where two
nearby sentences are quite irrelevant. Random cropping
may lead to a false positive query-passage pair.

Meanwhile, collecting human-annotated data for
new domains is always hard and expensive. Thus
improving dense retrievers with limited annotated
data becomes essential, considering the significant
domain variations of practical retrieval tasks.
Contrastive pre-training, which first generates
pseudo-positive examples from a universal corpus
and then utilizes them to contrastively pre-train
retrievers, has shown impressive performance with-

Copyright © 2025, All rights reserved.
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e
X 7
** E?‘ HH o In 1592 he supplied Lord Burghley
q . o XISt . with an account of local administration and
« 1A pseudo-positive labels= ‘S =Hel7)1? (false positive) politics on both sides of England's westem
border with Scotfand and English military

preparedness in that area.

Figure 1: A text snippet from Wikipedia, where two
nearby sentences are quite irrelevant. Random cropping
may lead to a false positive query-passage pair.

\ Document

Single
document

query key

[ Independent Cropping in Contriever ]
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«* One-Document-Multi-Pair

o CHASH pairsOi| Al relevance scoreE 22517 | {8l multi-pair 244

Single-Pair (q,d™)

O\

Document

Single
document query key

[ Single-Pair in Contriever ]
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«* One-Document-Multi-Pair

o CHASH pairsOi| Al relevance scoreE 22517 | {8l multi-pair 244

O\

Single
document

B (qr di}-)
(q,d3)
Multi-Pair
- (q, dﬁ) Document
key 1 query key n
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%+ Relevance-Aware Contrastive Loss

e Relevance M EE contrastive loss@| 7FESX| 2 AR

d3 se(q,d})
q -
: r=150(q,df)

0| =5 positive(false positive)

A 3 )

fn 1592 he supplied Lord Burghley
with an account of local administration and
politics on both sides of England’s westem
border with Scotland and English military

preparedness in that area.

Figure 1: A text snippet from Wikipedia, where two
nearby sentences are quite irrelevant. Random cropping

may lead to a false positive query-passage pair.
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%+ Relevance-Aware Contrastive Loss

«  Relevance M EE contrastive loss@| 7S X2 AR

Queue

=S

Documents
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J/

% Experiments

-  BER HIX|O0f3 A&
«  BM25 22| gap= HO| =Y

Table 1: NDCG@ 10 of BEIR Benchmark. All models are unsupervised trained without any human-annotated
data. Bold indicates the best result. The average and rank across the entire benchmark are included. Four datasets
are excluded because of their licenses. “7” means ReContriever performs significantly better than our reproduced

DATASET  BM25 BERT SimCSE RetroMAE coCondenser Contriever  “CPMEVET o Contriever
(reproduced)

MS MARCO 228 06 88 45 7.7 20.6 21.1 21,81
Trec-COVID 656 166 386 204 17.3 274 42.0 405
NFCorpus 325 25 140 15.3 14.4 317 30.0 31.91
NQ 29 27 126 34 3.9 254 295 31.01
HotpotQA 603 49 233 250 24.4 48.1 44.1 50.11
FiQA-2018 236 14 148 9.3 5.2 245 26.2 26.2
ArguAna 315 231 45.6 176 345 37.9 43.4 39.8
Touche-2020 367 34 116 1.9 3.0 16.7 16.7 16.6
CQADupStack 299 2.5 202 17.0 9.8 28.4 28.4 2871
Quora 789 39 815 69.0 66.7 835 83.6 84,31
DBPedia 313 39 137 46 15.1 292 276 29,31
SCIDOCS 158 2.7 7.4 7.4 1.9 14.9 15.0 15.61
FEVER 753 49  20.1 7.1 253 68.2 66.9 8.0t
Climate-fever 213 4.1 176 4.4 9.8 15.5 15.6 15.6
SciFact 665 98 385 53.1 48.1 64.9 65 66.4
Avg 417 87 246 18.7 8.9 35.8 37.0 378
Avg Rank 1.9 79 49 6.1 6.3 3.4 27 22

Contriever, as determined by a t-test with p-value 0.05 as threshold.

Lei, Y., Ding, L., Cao, Y., Zan, C., Yates, A., & Tao, D. (2023). Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training. arXiv preprint arXiv:2306.03166.
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J/

% Experiments

«  Open-domain #IX|03 A%

Model NQ TriviaQA wQ
Top-5 Top-20 Top-100  Top-5 Top-20 Top-100 Top-5 Top-20 Top-100
Supervised Model
DPR - 8.4 85.4 794 85.0 73.2 814
Unsupervised Models

BM25 438 629 78.3 66.3 76.4 832 41.8 624 75.5
RetroMAE 230 401 58.8 47.0 614 742 258 438 62.3
SimCSE 5.4 115 230 W 7.6 17.0 33 8.7 194
coCondenser 289 468 63.5 15 13.8 243 nz 507 68.7
Spider 496 683 81.2 636 75.8 835 468 639 797
Conlriever 473 678 B0.6 59.5 739 829 435 637 80.1
Contriever (reproduced) 489 68.3 81.4 6l.2 74.6 534 47.0 67.0 80.5
ReConltriever 503" a9.4' 826° 634" 759 84.1" 483  68.0 81.1

Table 2: Recall of open-domain retrieval benchmarks. Bold: the best results across unsupervised models. “1”
means ReContriever performs significantly better than our reproduced Contriever, as determined by a t-test with

p-value 0.05 as threshold.

Lei, Y., Ding, L., Cao, Y., Zan, C., Yates, A., & Tao, D. (2023). Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training. arXiv preprint arXiv:2306.03166.
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J/

% Experiments

Model SciF SCID  Arg CQA Avg.
BM25 665 158 315 299 359
Contriever 649 149 434 284 379
+corpus pretrain 66.3 171 524 306 4167747
ReContriever 664 156 398 284 3.6
+corpus pretrain 67.1 166  54.6' 30.7 4237747

Table 3: NDCG@ 10 after further pre-training on
the target domain corpus. “7” denotes the gains of
further pre-training. “7” means ReContriever performs
significantly better than our reproduced Contriever.

NQ

Model Top-5 Top-20 Top-100

Reference
DPR - 8.4 85.4
BM25 438 62.9 78.3

& examples
Spider 497 68.3 814
Conlriever 517 70.6 831
ReContriever  52.9 716 842!

32 examples

Spider 50.2 69.4 81.7
Contriever 52.6 70.9 a23.1

ReContriever  53.5 T1.91 8471

128 examples
Spider 570 743 B33
Conlriever 55.1 724 837

ReContriever 559 74.11 g5.11

Table 4: Few-shot Retrieval on NQ. Results are report

with Recall. “T"" means ReContriever performs signifi-

cantly better than our reproduced Contriever.

Lei, Y., Ding, L., Cao, Y., Zan, C., Yates, A., & Tao, D. (2023). Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training. arXiv preprint arXiv:2306.03166.
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J/

% Experiments — Ablation study

e Relevance-aware loss2| 21t 2| H0{=

Model MS MARCO NFCoprus NQ  Hotpot FiQA  Touche Quora SCIDOCS  Avg.

Contriever 19.1 25.1 26.7 432 23.2 18.6 82.3 14.6 3l
+ relevance-aware loss 0.2 2o .0 0.2 0.5 L6 2lb 14.5 U5 ]
+ one-document-multiple-pair 19.9 295 75 442 219 15.9 828 14.5 32.0

ReContriever 208 28.1 296 499 234 18.2 833 14.7 335

Table 5: Ablation Study. Results are reported with NDCG@ 10.

Lei, Y., Ding, L., Cao, Y., Zan, C., Yates, A., & Tao, D. (2023). Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training. arXiv preprint arXiv:2306.03166.
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Introduction

*  Retrieval models= 3| contrastive leaming / MLM 2419 2 APH 2+50| O| 20 %

Contriever
«  Contrastive learning 7|82 2 Independent Cropping, MoCo HAlS AFESHY] positive &

negative pairsE 9]

PAIR

«  Query-centric relationship 2 OtL|2} passage-centric relationship=2 & 0| 12{%t 2 stage &

«  Fine-tuning A|0|= target-specific query-centric relationshipZt= 112

ReContriever
o

«  7|Z& Contriever?| false positive 2tHHE =551 X} relevance aware loss K| 2t

«  Multi-Positive pairs2| relevance scoreE &3l Contriever 2 & 7§ M
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