
Breaking the Lens of the Telescope: 
Online Relevance Estimation over Large 

Retrieval Sets

Mandeep Rathee, Venktesh V, Sean MacAvaney, and Avishek Anand



2

Search Systems

expensive ranker

Given: 

- query from the user
- huge corpus with millions or 

billions of documents
- a ranker (e.g., MonoT5)

Our Goal:
- top-k documents 

Constraint: 
- a ranking budget of c 

documents.
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retrieval score

filtering is done using 
- inexpensive model, e.g., BM25 
- uses (q, d) similarity

Telescoping Setting
retrieve-then-rank or cascading or multi-stage ranking



4

retrieval score

expensive ranker

Telescoping Setting

~95% of the time is taken by the 
expensive ranker

filtering is done using 
- inexpensive model, e.g., BM25 
- uses (q, d) similarity

retrieve-then-rank or cascading or multi-stage ranking
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retrieval score

Limitations in Telescoping Setting

Bounded Recall problem
- documents missed at first 

stage will never be recovered.

Traditional Philosophy
- documents are scheduled for 

ranking only based on the 
query-document similarities.
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Hybrid Retrieval                  

- focus on improving 
query-doc (q,d) similarity 

Ǫuery

Corpus

Reciprocal Rank Fusion (RRF) 
Convex Combination (CC)
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Ǫuery

Corpus

- go beyond query-doc (q,d)
- use doc-doc (d,d’) similarity 

GAR (MacAvaney et al.  2022)
Quam (Rathee et al.  2025)

Adaptive Retrieval
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ORE: Online Relevance Estimation 

- Based on the Multi-Arm-Bandit  framework

- Dynamically selects batches during re-ranking using 
exploration and exploitation

- Approximates the expensive ranker by a simple linear model

Our Method
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Online Relevance Estimation

Features taxonomy:

Q2D:
- Lexical :
- Semantic:

D2D: 
- Lexical:
- Semantic:
- Learned affinity:                   [1]

D2Set:                    

already high ranked 
documents

[1] Quam: Adaptive Retrieval through Query Affinity Modelling, Rathee et. al., 2025

exploration and 
exploitation 
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Online Relevance Estimation

minimize
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- We treat each document as 
an arm. 

- Estimate the utility or 
relevance (EstRel) of each 
arm.
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- We treat each document as 
an arm. 

- Estimate the utility or 
relevance (EstRel) of each 
arm.

- Select b most promising 
arms and rank these b arms.

- Compute regret/error and 
update alphas.

minimize
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- We treat each document as 
an arm. 

- Estimate the utility or 
relevance (EstRel) of each 
arm.

- Select b most promising 
arms and rank these b arms.

- Compute regret/error and 
update alphas.

- Remove these already 
ranked arms.

- Re-evaluate the utility of 
remaining arms.until we meet the 

stopping criteria. 
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Now we can: 

- approximate the scores of the 
expensive ranker by a simple 
model.

- dynamically select documents for 
ranking based on the utility 
(EstRel) scores.
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Retrievers
- sparse (BM25) and dense (TCT)

Retrieval Setting
- Hybrid (RRF and CC)
- Adaptive (GAR and Quam)

Rerankers 
- MonoT5 and RankLLaMA

Evaluation
- TREC DL19 and DL20 using msmarco-passage corpus.
- TREC DL21 and DL22 using msmarco-passage-v2 corpus. 

Experimental Setup
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EstRel helps in documents prioritization 

- Ranker: MonoT5

- ORE outperforms the 
baselines in both recall and 
nDCG at different ranking 
budgets.

- In hybrid: Recall@50 
improves upto 14%. 
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EstRel helps in documents prioritization 

- Ranker: MonoT5

- ORE outperforms the 
baselines in both recall and 
nDCG at different ranking 
budgets.

- In hybrid: Recall@50 
improves upto 14%.

- Similarly, ORE shows 
significant gains over 
baselines in adaptive setting.

- In adaptive: Recall@50 
improves upto  30% over 
standard baseline, upto 11% 
over Quam.
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Quality of EstRel 
- Estimated Relevance (EstRel) 

shows performance gains just 
after scoring first batch.

- ORE clearly shows the 
performance gains over 
baselines. 

- ORE can achieve high recall 
while ranking the same 
number of batches. 
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Computational Efficiency 
- The majority of the latency 

come from the expensive 
ranker CE (Cross-Encoder).

- Latency of fitting the simple 
linear model is negligible in 
comparison to the expensive 
cross encoder.

  
 



Find it on Github

Thank you

rathee@l3s.de
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Computational Efficiency 

- ORE is computationally 
efficient in comparison to 
baselines. 

- ORE can achieve same recall 
in  lower latency.  
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Sample Efficiency
when use RankLLaMA to rerank 1000 documents with batch size of 16
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