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Dense Passage Retriever (DPR)

Code: https://github.com/DevSinghSachan/art

Retrieval Accuracy (Top-20)

• ART: an approach to train dense retriever using unaligned pairs of 
questions and passages.

• Custom hard negative mining approaches are not required.

• Uses off-the-shelf large language models as a black-box (w/o finetuning).

Conclusion

• ART outperforms unsupervised retrievers such as BM25.

• It matches or exceeds the performance of supervised models.

Robustness to Question Answerability
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QXeVWiRQ EQcRdeU

QXeVWiRQ UecRQVWUXcWiRQ b\ WeacheU-fRUciQg

KL DiYeUgeQce

Step 1: K-NN Search over Evidence

Step 2: Retriever Likelihood Calculation

Step 3: Zero-Shot Relevance Score Estimation

Step 4: Loss Calculation and Backpropagation

Step 5: Periodically Update Evidence Embeddings 

• Align retriever distribution with relevance score distribution

retriever training

L(�) = KL(p̂(zi | q,Z) || q(zi | q,Z;�))

<latexit sha1_base64="9lv6kuPAVAMLHoD03Kr2RwAKo64="></latexit>

• Use a LLM to score question tokens conditioned on each passage (teacher-forcing)

• Obtain soft relevance scores i.e., teacher distribution as 

Leverage knowledge contained in Large Language Models to score candidate passages.

p(zi | q;⇥) / 1

|q|
X

t

log p(qt | q<t, zi;⇥)

<latexit sha1_base64="0jHDRdxWsjHabX6+mSdHCBft6IQ="></latexit>

p̂(zi | q,Z) = softmax p(zi | q;⇥), 8zi

<latexit sha1_base64="7YLV4TBpg3h33cIhg0rxnkz39nc="></latexit>

• Calculate scores using “current” passage encoder weights

• Define retriever distribution

q(zi | q,Z;�) = softmax s(q, zi), 8zi

<latexit sha1_base64="Lb3qnJ2YAjwlOGoeBGqCoZU5+G8="></latexit>

s(q, zi;�) = fq(q;�q)
>fd(zi;�d)

<latexit sha1_base64="1p3drBpRhBGduMLD/C+he8xZaKY="></latexit>

• Compute question similarity with all evidence passages 

• Select top-K (such as 32) passages with highest scores Z = {z1, . . . , zK}

<latexit sha1_base64="xIRAbqNKXGt3NgSw2bmnmYQSbmY="></latexit>

Our Approach to train DPR

Training Data

Database of documents (evidence)

WheQ ZaV Whe laVW WiPe Whe deWURiW
liRQV ZRQ a chaPSiRQVhiS?

WhR Sla\ed geQeUal chaQg iQ 
VWaU WUek 6?

WheUe did Whe UXle Rf 72 cRPe
¬fURP?

Collection of questions

Key Idea

• Embeds question and passages in the same embedding space. 

• Retrieved passages are very useful for tasks like question answering.
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> 60% UnanswerableAnswerable

• ART is robust to natural 
questions distribution

• It can be trained on a 
mix of answerable and 
unanswerable questions

0 1 2 3 4 5 6 7 8 9 10 11 12
Training steps £103

20

40

60

80

To
p-

20
ac

cu
ra

cy
(in

%
)

Natural Questions (dev)

MSS init
ICT init
BERT init

5 10 20 30 40 50 60 70 80 90 100
K: Number of retrieved passages

50

60

70

80

To
p-

K
ac

cu
ra

cy
(in

%
)

Natural Questions (dev)

ART: 80k Q
ART: 40k Q
ART: 10k Q
ART: 1k Q

ART: 100 Q
DPR: 59k examples
BM25

Sample Efficiency

• Outperforms BM25 with just 100 examples

Retriever Initialization

• Different initializations converge 
to the same final state

• Useful for bootstrapping 
retriever from BERT
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Ex: English Wikipedia ~ 21M passages
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