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Introduction
What is LLM?

Large Language Models (LLM)

방대한 양의 텍스트로 사전 학습 되어 많은 지식을 축적한 언어 모델

대용량의 언어 모델을 통해 다양한 task를 수행할 수 있음

Pre-Trained

GPT-3

Input X Output Y

QA Task

Question: The Dodecanese Campaig

n of WWII that was an attempt by the Al

lied forces to capture islands in the Aeg

ean Sea was the inspiration for which a

cclaimed 1961 commando film?
Answer :

The Guns of Navarone
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Introduction
What is LLM?

Large Language Models (LLM)

방대한 양의 텍스트로 사전 학습 되어 많은 지식을 축적한 언어 모델

대용량의 언어 모델을 통해 다양한 task를 수행할 수 있음

기존 LLM의 한계: 학습되지 않은 특정 도메인 텍스트에 대해서는 부적절한 답변 출력

Pre-Trained

GPT-3

Input X Output Y

QA Task

Question: How we can avoid a stack  

overflow when using recursion to         

browse a huge list of elements?
Answer :

A floating-point number 
can overflow if values 

exceed the representable 
range.
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Introduction
Retrieval-Augmented Generation

RAG (Retrieval-Augmented Generation)

외부 Database의 정보를 활용하여 고품질의 답변을 생성하기 위한 프레임워크

Document encoder

Query 
encoder

Index

Vector search LLM

Database

Documentations

Question

Answer
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Introduction
Retrieval-Augmented Generation

RAG (Retrieval-Augmented Generation)

Retriever가 질문과 관련된 정보를 데이터베이스에서 탐색하고 가장 연관된 문서를 가져옴

가져온 정보를 질문과 함께 generator에 입력

Document encoder

Query 
encoder

Index

Vector search LLM

Database

Documentations

Question

Answer

① Retriever

② Generator
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Introduction
Retrieval Models

Traditional Retrieval Models

딥러닝의 발전 이전에는, 통계 기반의 retrieval models 이 주로 사용 됨

TF-IDF / BM25

Query

How do I fix the following errors?
TypeError: 'int' object is not subscriptable.

External Knowledge
외부 지식

Doc

Doc

Doc
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𝑇𝐹𝐼𝐷𝐹 = 𝑇𝐹 𝑡, 𝑑 × 𝐼𝐷𝐹 𝑡 = 𝑇𝐹(𝑡, 𝑑) × log
𝑁

𝐷𝐹(𝑡)

Introduction
Retrieval Models

Traditional Retrieval Models

딥러닝의 발전 이전에는, 통계 기반의 retrieval models 이 주로 사용 됨

TF-IDF / BM25

Query

How do I fix the following errors?
TypeError: 'int' object is not subscriptable.

External Knowledge
외부 지식

Doc

Doc

Doc

토큰 t가 문서 d에서 나오는 회수

토큰 t가 제공하는 정보의 양

𝑆𝑐𝑜𝑟𝑒 𝐷, 𝑄 = ෍

𝑞∈𝑄

𝑇𝐹𝐼𝐷𝐹(𝑞, 𝑄) × 𝑇𝐹𝐼𝐷𝐹(𝑞, 𝐷)
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Introduction
Retrieval Models

Traditional Retrieval Models

딥러닝의 발전 이전에는, 통계 기반의 retrieval models 이 주로 사용 됨

TF-IDF / BM25

Query

How do I fix the following errors?
TypeError: 'int' object is not subscriptable.

External Knowledge
외부 지식

Doc

Doc

Doc

𝑆𝑐𝑜𝑟𝑒 𝐷, 𝑄 = ෍

𝑞∈𝑄

𝐼𝐷𝐹(𝑞, 𝐷) ×
𝑇𝐹𝐼𝐷𝐹(𝑞, 𝐷) × (𝑘 + 1)

𝑇𝐹𝐼𝐷𝐹 𝑞, 𝐷 + 𝑘 × (1 − 𝑏 + 𝑏 ×
𝐷

𝑑𝑎𝑣𝑔
)

𝑇𝐹𝐼𝐷𝐹 = 𝑇𝐹 𝑡, 𝑑 × 𝐼𝐷𝐹 𝑡 = 𝑇𝐹(𝑡, 𝑑) × log
𝑁

𝐷𝐹(𝑡)

토큰 t가 문서 d에서 나오는 회수

토큰 t가 제공하는 정보의 양
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Introduction
Retrieval Models

Dense Retrieval

임베딩 벡터 간 유사도 기반으로 쿼리와 관련된 정보 추출

관련 있는 정보를 얼마나 잘 참고하는지는RAG 성능에 큰 영향을 줌

Query

How do I fix the following errors?
TypeError: 'int' object is not subscriptable.

External Knowledge
외부 지식

Doc

Doc

Doc

Embedding

Embedding

Similarity

질문에 도움이 되는 정보 추출

“'int' object is not subscriptable” is 
TypeError in Python. To fix this 
error …

“정보 참고”
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Introduction
Contrastive Learning

Contrastive Learning 

Metric learning 방법론 중 하나로, 데이터 간 유사도 정보를 통해 거리 함수를 학습하는 방법론

Main idea: Anchor를 기준으로 positive samples는가깝도록, negative samples는 멀도록 학습

[ Embedding space ] 

anchor
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Introduction
Contrastive Learning

Contrastive Learning 

Metric learning 방법론 중 하나로, 데이터 간 유사도 정보를 통해 거리 함수를 학습하는 방법론

Main idea: Anchor를 기준으로 positive samples는가깝도록, negative samples는 멀도록 학습

[ Embedding space ] 

가깝도록

멀도록

anchor
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Introduction
Related Seminar

Retrieval Models
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Introduction
Related Seminar

Contrastive Learning
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Introduction
Related Seminar

Pre-Training Retrieval Models

Contrastive
Learning

MLM

Contriever(2021)

SEED(2021) RetroMAE(2022) RetroMAE-2(2023) Llama2Vec(2024)

PAIR(2021) LaPraDoR(2022) ReContriever(2023) MvCR(2023)
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Introduction
Related Seminar

Pre-Training Retrieval Models

Contrastive
Learning

MLM

Contriever(2021)

SEED(2021) RetroMAE(2022) RetroMAE-2(2023) Llama2Vec(2024)

PAIR(2021) LaPraDoR(2022) ReContriever(2023) MvCR(2023)
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Contrastive Learning for Retrieval Models
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Contriever
Paper

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

Contrastive learning을 통해 좋은 성능의 unsupervised retriever를 학습시킴

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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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

연구배경

No supervision 상황에서 어떻게 retrieval model을 잘 학습시킬까?

Query

How do I fix the following errors?
TypeError: 'int' object is not subscriptable.

Doc

Doc

Doc
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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

연구배경

No supervision 상황에서 어떻게 retrieval model을 잘 학습시킬까?

Query

How do I fix the following errors?
TypeError: 'int' object is not subscriptable.

Doc

Doc

Doc



- 24 -Copyright ⓒ 2025,  All rights reserved.

Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Contrastive learning

Positive documents와는 가깝도록, negative documents와는 멀도록

Query와 documents는 같은 구조의 encoder 사용 → robustness

𝐿 𝑞, 𝑘+ = −
exp(

𝑠 𝑞, 𝑘+
𝛾

)

exp
𝑠 𝑞, 𝑘+

𝛾
+σ𝑖=1

𝐾 exp(
𝑠 𝑞, 𝑘𝑖

𝛾
)

query

document

BERT

BERT

같은 Encoder

𝑠 𝑞, 𝑑 =< 𝑓𝜃 𝑞 , 𝑓𝜃 𝑑 >
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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Define positive pairs

Inverse Cloze Task

Independent Cropping

Single 
document

Sentence n

Sentence 1 Sentence n-1 Sentence n+1… …

query

positive

[ Inverse Cloze Task ]

Single 
document

[ Independent Cropping ]

Document

keyquery
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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Define positive pairs

Inverse Cloze Task

Independent Cropping

Single 
document

Sentence n

Sentence 1 Sentence n-1 Sentence n+1… …

query

positive

[ Inverse Cloze Task ]

Single 
document

[ Independent Cropping ]

Document

keyquery

Query 와 Key 가 겹칠 수 있음

Lexical matching 학습 가능
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𝜃𝑘 ← 𝑚𝜃𝑘 + 1 −𝑚 𝜃𝑞

Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Define negative pairs

In-batch

Moco

Queue

Positive(𝑘+)
Documents

Query

Negatives(𝑘)

Query 
Encoder

Key 
Encoder

Key 
Encoder

…

EMA
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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Experiments

미세 조정 없이 실험

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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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Experiments

MS MARCO 데이터셋으로 미세 조정 후 BEIR 벤치마크에 대한 zero-shot 실험

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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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Experiments

In-domain 데이터셋에 대한 few-shot 실험

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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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Experiments – Ablation studies

Moco vs. in batch: 성능 차이가 거의 없기 때문에 큰 batch size를 요구하지 않는 Moco 선택

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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Contriever
Unsupervised Dense Information Retrieval with Contrastive Learning

Experiments – Ablation studies

대체적으로 negatives 의 수가 클수록 성능 향상이 이루어짐

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
Paper

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

(2022, ACL)

Query-centric & Passage-centric을 모두 고려

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

연구배경

Query-centric 정보 만 사용할 경우 → positive passage와 negative passage를구별하기 어려워짐

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.

𝑠 𝑞, 𝑝 = 𝐸𝑄 𝑞 𝑇 ∙ 𝐸𝑃(𝑝)

𝑠𝑄 𝑞, 𝑝+ > 𝑠𝑄(𝑞, 𝑝−)

𝑠𝑃 𝑝+, 𝑞 > 𝑠𝑃(𝑝+, 𝑝−)
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PAIR
PAIR: Leveraging Passage-Centric Similarity Relation for Improving Dense Passage Retrieval

PAssage-centric sImilarity Relations (PAIR)

Query-centric & Passage-centric 정보를 같이 사용하여 Contrastive learning 수행

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.

𝐿𝑄 = −
1

𝑁
෍

<𝑞,𝑝+>

log
𝑒𝑠

𝑄(𝑞,𝑝+)

𝑒𝑠
𝑄(𝑞,𝑝+) + σ𝑝− 𝑒

𝑠𝑄(𝑞,𝑝−)

𝐿𝑃 = −
1

𝑁
෍

<𝑞,𝑝+>

log
𝑒𝑃(𝑝

+,𝑞)

𝑒𝑃(𝑝
+,𝑞) + σ𝑝− 𝑒

𝑠𝑃(𝑝+,𝑝−)

𝑳 = 𝟏 − 𝜶 × 𝑳𝑸 + 𝜶 × 𝑳𝑷

두 종류의 similarity의 representation은 

같은 공간에 있어야 함
Same parameters & Structures
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PAIR
PAIR: Leveraging Passage-Centric Similarity Relation for Improving Dense Passage Retrieval

PAssage-centric sImilarity Relations (PAIR)

Query-centric & Passage-centric 정보를 같이 사용하여 Contrastive learning 수행

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.

𝐿𝑄 = −
1

𝑁
෍

<𝑞,𝑝+>

log
𝑒𝑠

𝑄(𝑞,𝑝+)

𝑒𝑠
𝑄(𝑞,𝑝+) + σ𝑝− 𝑒

𝑠𝑄(𝑞,𝑝−)

𝐿𝑃 = −
1

𝑁
෍

<𝑞,𝑝+>

log
𝑒𝑃(𝑝

+,𝑞)

𝑒𝑃(𝑝
+,𝑞) + σ𝑝− 𝑒

𝑠𝑃(𝑝+,𝑝−)

𝑳 = 𝟏 − 𝜶 × 𝑳𝑸 + 𝜶 × 𝑳𝑷

두 종류의 similarity의 representation은 

같은 공간에 있어야 함
Same parameters & Structures

Positive & Negative pair는 어떻게 정의하지?
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PAIR
PAIR: Leveraging Passage-Centric Similarity Relation for Improving Dense Passage Retrieval

Two-stage Training Procedure

Unlabeled
Corpus

Cross
Encoder

Pseudo Labels

Passage 1: Negative

Passage 2: Positive

…

𝑳 = 𝟏 − 𝜶 × 𝑳𝑸 + 𝜶 × 𝑳𝑷

Pre-Training

Fine-Tuning

Labeled
Corpus

Ground Truth +
Pseudo Labels

Passage 1: Negative

Passage 2: Positive
…

𝑳𝒒

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

Two-stage Training Procedure

Unlabeled
Corpus

Cross
Encoder

Pseudo Labels

Passage 1: Negative

Passage 2: Positive

…

𝑳 = 𝟏 − 𝜶 × 𝑳𝑸 + 𝜶 × 𝑳𝑷

Pre-Training

Fine-Tuning

Labeled
Corpus

Ground Truth +
Pseudo Labels

Passage 1: Negative

Passage 2: Positive
…

𝑳𝒒

Pre-Trained ERNIE

𝒔 > 𝒔𝒑𝒐𝒔 → 𝒑𝒐𝒔𝒊𝒕𝒊𝒗𝒆

𝒔 < 𝒔𝒏𝒆𝒈 → 𝒏𝒆𝒈𝒂𝒕𝒊𝒗𝒆

Score
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Score

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

Two-stage Training Procedure

Unlabeled
Corpus

Cross
Encoder

Pseudo Labels

Passage 1: Negative

Passage 2: Positive

…

𝑳 = 𝟏 − 𝜶 × 𝑳𝑸 + 𝜶 × 𝑳𝑷

Pre-Training

Fine-Tuning

Labeled
Corpus

Ground Truth +
Pseudo Labels

Passage 1: Negative

Passage 2: Positive
…

𝑳𝒒 (Target-specific)
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PAIR
PAIR: Leveraging Passage-Centric Similarity Relation for Improving Dense Passage Retrieval

Experiments

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

Experiments – Ablation study

실험 결과적으로는 knowledge distillation (pre-training)의 효과가 가장 크다는 것을 확인

w/o PSR: passage-centric relation 제외 (pre-training 시)

w/o KD: knowledge distillation 제외 (labeled data만 사용)

w/ PSR FT: fine-tuning 시 passage-centric relation 추가 사용

w/o SP: separate encoders

w/o PT: pre-training 제외

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

Experiments – 정성적평가

Passage-centric relationship을 고려 하지 않을 때 부적절한 passage를 회수

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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ReContriever
Paper

Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training (2023, ACL)

Pseudo-positive examples들이부정확할 수 있음을 지적

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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ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

연구배경

과연 pseudo-positive labels은 정확할까? (false positive)

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.

Single 
document

[ Independent Cropping in Contriever ]

Document

keyquery
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ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

One-Document-Multi-Pair

다양한 pairs에서 relevance score를 확보하기 위해 multi-pair 생성

Single 
document

[ Single-Pair in Contriever ]

Document

keyquery

Single-Pair (𝑞, 𝑑+)
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ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

One-Document-Multi-Pair

다양한 pairs에서 relevance score를 확보하기 위해 multi-pair 생성

Single 
document

Document

key nquery

Multi-Pair

[ Multi-Pair in ReContriever ]

key 1 …

(𝑞, 𝑑1
+)

(𝑞, 𝑑2
+)

(𝑞, 𝑑𝑛
+)

…
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ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

Relevance-Aware Contrastive Loss

Relevance 정보를 contrastive loss의 가중치로 사용

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.

𝑑1
+

𝑑2
+

𝑑𝑛
+

…𝑞
𝑠𝜃(𝑞, 𝑑𝑗

+)

σ𝑘=1
𝑛 𝑠𝜃(𝑞, 𝑑𝑘

+)

관련성이 부족한 positive(false positive)

가중치 ↓
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ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

Relevance-Aware Contrastive Loss

Relevance 정보를 contrastive loss의 가중치로 사용

Queue

Positive(𝑑+)
Documents

Query

Negatives(𝑑−)

𝑑1
+

𝑑2
+

𝑑𝑛
+
…

𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 𝑆𝑐𝑜𝑟𝑒 =
𝑠𝜃(𝑞, 𝑑𝑗

+)

σ𝑘=1
𝑛 𝑠𝜃(𝑞, 𝑑𝑘

+)

𝐼𝑛𝑓𝑜𝑁𝐶𝐸 𝑞, 𝑑 = − log
exp

𝑠 𝑞, 𝑑+

𝛾

exp
𝑠 𝑞, 𝑑+

𝛾 + σ𝑖=1
𝐷 exp(

𝑠 𝑞, 𝑑𝑖
−

𝛾 )

𝐿𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑐𝑒 =
1

𝑚
෍

𝑖=1

𝑚

෍

𝑗=1

𝑛
𝑠𝜃 𝑞𝑖 , 𝑑𝑖𝑗

+

σ𝑘=1
𝑛 𝑠𝜃 𝑞𝑖 , 𝑑𝑖𝑘

+
𝐼𝑛𝑓𝑜𝑁𝐶𝐸(𝑞𝑖 , 𝑑𝑖𝑗

+)



- 50 -Copyright ⓒ 2025,  All rights reserved.

ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

Experiments

BEIR 벤치마크 실험

BM25 와의 gap을 많이 줄임

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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ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

Experiments

Open-domain 벤치마크 실험

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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ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

Experiments

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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ReContriever
Unsupervised Dense Retrieval with Relevance-Aware Contrastive Pre-Training

Experiments – Ablation study

Relevance-aware loss의 효과를 극명히 보여줌

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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Conclusion

Introduction

Retrieval models는 크게 contrastive learning / MLM 방식으로 사전 학습이 이루어짐

Contriever

• Contrastive learning 기반으로 Independent Cropping, MoCo 방식을 사용하여 positive & 

negative pairs를 정의

❖ PAIR

• Query-centric relationship 뿐만 아니라 passage-centric relationship을 같이 고려한 2 stage 학습

• Fine-tuning 시에는 target-specific query-centric relationship만을 고려

❖ ReContriever

• 기존 Contriever의 false positive 한계점을 극복하고자 relevance aware loss 제안

• Multi-Positive pairs의 relevance score를 통해 Contriever 모델 개선
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