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Motivation
Lexical vs. Neural Retrieval

Method (sorted by performance)
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et al., 2021.
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Motivation
Query Types Broder, 2002

Navigational / Transactional Information-Seeking

Query ”arxiv sentence bert”,
”acl paper submission”

”origin coronavirus”,
”neural sentence representation”

# Relevant few many

Scenarios Navigation
Know-Item Retrieval

Scientific Literature Review
News Background Retrieval

Case Law Retrieval
Factoid QA

Challenges: Unknown Search Domain & Query Formulation
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Background
Relevance Feedback in Lexical Retrieval

Phase 1
1. Retrieve documents using the query

2. Obtain pseudo/implicit/explicit
relevance feedback on retrieved
Documents

Phase 2
1. Extract additional ”expansion terms”

from relevance documents

2. Retrieve documents with query +
terms

Relevance Feedback

🔎 Query  + 
 Feedback Docs 

✅❌✅

Phase 1: First Stage Retrieval & Relevance Feedback

❌✅ ✅

🔎 Query BM25 Retrieval

Phase 2: Query Expansion & Second Stage Retrieval

BM25 Retrieval
2nd Stage  
Retrieval

How to integrate relevance feedback in neural retrieval?
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Background
Lexical & Neural Retrieval Methods

Lexical Retrieval:
BM25 Robertson and
Zaragoza, 2009
Treat query & documents as
Bag of Words and compute
document scores via sum of
weighted lexical matches

... president of the
United States is head
of the government ...

Who is President
of the United States?

rel(q, Di)

Dense Retrieval Karpukhin
et al., 2020
Encode query & documents
separately and compute
scores between
representations

rel(q, Di)

...

Query  
Encoder

Document  
Encoder

q0 qn ...d0 dm

Neural Re-Ranking Nogueira
and Cho, 2019
Conduct initial retrieval to
get document candidates
and re-score by encoding
query and document jointly

Query-Document  
Encoder

rel(q, Di)

Classifier

...q0 qn ...d0 dm
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Setup

Goal: Re-rank documents from 2nd stage
retrieval incorporating relevance feedback.
Given

Query q
k relevant & k non-relevant feedback
documents, where k ∈ {2, 4, 8}
n = 1000 documents obtained from
BM25 Query Expansion

Evaluation
Ranking: nDCG@20 Järvelin and
Kekäläinen, 2000 with varying k
Latency: [ms]

Relevance Feedback

🔎 Query  + 
 Feedback Docs 

✅❌✅

Phase 1: First Stage Retrieval & Relevance Feedback

❌✅ ✅

🔎 Query BM25 Retrieval

Phase 2: Query Expansion & Second Stage Retrieval

BM25 Retrieval
2nd Stage  
Retrieval

December 8, 2022 | Computer Science Department | UKP Lab - Prof. Dr. Iryna Gurevych | Tim Baumgärtner | 6



Method
Re-Ranking with kNN

Compute document
representations di ∈ D

Score documents by
summing the similarity
between query
representation q and
relevant feedback
documents dj ∈ R+

si = f(di,q) +
∑

dj∈R+

f(di, dj)

Query Relevant Doc. (Feedback) Candidate Doc.

Model: sentence-transformers/all-MiniLM-L6-v2
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Method
Re-Ranking with Cross-Encoder

Zero-Shot
Use model without any fine-tuning

Few-Shot
CE Query-FT: Fine-Tune all bias layers per query on 2k
Feedback Documents
CE MAML + Query-FT:

1. Fine-Tune bias layers on in-domain annotations with
Meta-Learning to obtain ”fast parameters”

2. Fine-Tune per query on on 2k Feedback

Query-Document  
Encoder

rel(q, Di)

Classifier

...q0 qn ...d0 dm

Model: cross-encoder/ms-marco-MiniLM-L-6-v2
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Method
Reciprocal Rank Fusion Cormack et al., 2009

Idea: Merge rankings from different methods

Problem: Methods produce different scores, simple adding is biased

Solution: Use ranks instead of raw scores

si =
∑
g∈G

1

c+ g(di)

c = 60 (constant),
g = ranking function of a method
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Method
Reciprocal Rank Fusion Cormack et al., 2009

Idea: Merge rankings from different methods

Problem: Methods produce different scores, simple adding is biased

Solution: Use ranks instead of raw scores

si =
∑
g∈G

1

c+ g(di)

c = 60 (constant),
g = ranking function of a method

⇒ The better the rank (g(di) is small), the higher the score. Smoothed by c.
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Datasets

Dataset Domain Docs Queries Judgments

Robust04 E. M. Voorhees et al., 2004 News 528k 148 1287.14 (±501)
TREC-Covid E. Voorhees et al., 2021 Biomedical 191k 50 1370.36 (±323)
TREC-News Soboroff et al., 2018 News 595k 34 258.85 (±82)
Webis-Touché Bondarenko et al., 2021 Debates 383k 49 49.76 (±7)

Includes only queries with at least 32 relevant documents.
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Results
Re-ranking Performance

Method Robust Covid News Touché Avg.

BM25-QE 0.496 0.610 0.392 0.271 0.442

kNN 0.443 0.686 0.365 0.174 0.417

CE Zero-Shot 0.415 0.702 0.314 0.176 0.402

CE Query FT 0.484 0.723 0.335 0.198 0.435

CE MAML + Query-FT 0.506 0.735 0.314 0.223 0.445

BM25-QE ∩ kNN 0.507 0.707 0.412 0.248 0.468

BM25-QE ∩ CE MAML + Query-FT 0.570 0.740 0.405 0.272 0.497

nDCG@20 performance. Results averaged over k ∈ {2, 4, 8} feedback documents
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Re-ranking Performance
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BM25-QE ∩ kNN 0.507 0.707 0.412 0.248 0.468

BM25-QE ∩ CE MAML + Query-FT 0.570 0.740 0.405 0.272 0.497

⇒ kNN and CE Zero-Shot cannot outperform BM25-QE.
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Results
Re-ranking Performance

Method Robust Covid News Touché Avg.
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BM25-QE ∩ kNN 0.507 0.707 0.412 0.248 0.468

BM25-QE ∩ CE MAML + Query-FT 0.570 0.740 0.405 0.272 0.497

⇒ Fine-Tuning only on 2k datapoints works, and MAML additionally helps.
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Results
Re-ranking Performance

Method Robust Covid News Touché Avg.

BM25-QE 0.496 0.610 0.392 0.271 0.442
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CE Zero-Shot 0.415 0.702 0.314 0.176 0.402

CE Query FT 0.484 0.723 0.335 0.198 0.435

CE MAML + Query-FT 0.506 0.735 0.314 0.223 0.445

BM25-QE ∩ kNN 0.507 0.707 0.412 0.248 0.468

BM25-QE ∩ CE MAML + Query-FT 0.570 0.740 0.405 0.272 0.497

⇒ Rank-Fusion is highly effective and complementary.
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Results
Re-ranking Latency

k = 2 k = 4 k = 8
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⇒ kNN is extremely fast, everything can be precomputed.
⇒ Fine-Tuning CE only takes a fraction of the time compared with re-ranking.
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Results
Ablations

Method Robust Covid News Touché Avg.

BM25-QE 0.496 0.610 0.392 0.271 0.442
BM25 (w/o Feedback Docs.) 0.045 0.161 0.055 0.105 0.091

kNN 0.443 0.686 0.365 0.174 0.417
kNN (query only) 0.362 0.665 0.254 0.165 0.361

CE Query FT (bias) 0.484 0.723 0.335 0.198 0.435
CE Query FT (full) 0.520 0.722 0.341 0.189 0.443

CE MAML + Query-FT 0.506 0.735 0.314 0.223 0.445
CE supervised + Query-FT 0.493 0.725 0.325 0.217 0.440

December 8, 2022 | Computer Science Department | UKP Lab - Prof. Dr. Iryna Gurevych | Tim Baumgärtner | 13



Relevance Feedback

🔎 Query  + 
 Feedback Docs 

✅❌✅

Phase 1: First Stage Retrieval & Relevance Feedback

❌✅ ✅

🔎 Query BM25 Retrieval

Phase 2: Query Expansion & Re-Ranker Fine-Tuning

Re-Ranker 
(CE)

BM25-QE 
Retrieval

2nd Stage  
Retrieval

Few-Shot 
Query Fine-Tuning

Phase 3: Re-Ranking

Re-Ranker 
(CE / kNN)

Re-Ranked  
Documents 

Rank
Fusion

🔎 Query  +

🔎 Query  +

🔎 Query  +
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