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Abstract

Advanced relevance models, such as those that use large language
models (LLMs), provide highly accurate relevance estimations. How-
ever, their computational costs make them infeasible for processing
large document corpora. To address this, retrieval systems often
employ a telescoping approach, where computationally efficient
but less precise lexical and semantic retrievers filter potential candi-
dates for further ranking. However, this approach heavily depends
on the quality of early-stage retrieval, which can potentially ex-
clude relevant documents early in the process. In this work, we
propose a novel paradigm for re-ranking called online relevance es-
timation that continuously updates relevance estimates for a query
throughout the ranking process. Instead of re-ranking a fixed set
of top-k documents in a single step, online relevance estimation
iteratively re-scores smaller subsets of the most promising doc-
uments while adjusting relevance scores for the remaining pool
based on the estimations from the final model using an online
bandit-based algorithm. This dynamic process mitigates the recall
limitations of telescoping systems by re-prioritizing documents
initially deemed less relevant by earlier stages—including those
completely excluded by earlier-stage retrievers. We validate our
approach on TREC benchmarks under two scenarios: hybrid re-
trieval and adaptive retrieval. Experimental results demonstrate that
our method is sample-efficient and significantly improves recall,
highlighting the effectiveness of our online relevance estimation
framework for modern search systems.
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1 Introduction

Modern search engines are designed around the principle that only a
small fraction of documents in a corpus are truly relevant to a given
query, many of which can be identified using simple heuristics, such
as lexical matching. Telescoping (or cascading) pipelines leverage
this property to reduce the number of documents that need to be
provided to more accurate (but more computationally expensive)
relevance models such as those that use large language models
(LLMs) [25, 35, 36, 41, 42]. While this approach usually ensures
that highly relevant documents appear at high ranks in the final
result, the performance is ultimately limited by the recall of the
early-stage retrievers.

The telescoping approach typically employs cost-effective re-
trievers such as those that rely on lexical [13, 40] or semantic [18, 23]
signals and efficient algorithms (such as BlocMaxWAND [12] or
HNSW [30]) to perform initial candidate selection. To help ensure
high recall, these systems are often combined into hybrid lexical-
semantic ensembles [3], or extended using the nearest neighbors of
the top documents with adaptive methods [28]. These approaches
achieve recall by ensuring broad coverage of potentially relevant
documents. Subsequently, machine-learned rankers refine the top-k
retrieved documents, optimizing precision-based measures with
finer-grained relevance estimates.

Two major shortcomings limit telescoping pipelines. First, re-
call is inherently constrained by the quality of the initial retrieval
stage, leading to the bounded-recall problem. Documents missed
during this stage are irretrievably excluded from subsequent rank-
ing, regardless of their relevance to the query. This over-reliance
on early-stage retrievers undermines the system’s ability to recover
highly relevant documents. For example, Figure 1 shows that rel-
evant documents can be present beyond the top-k fold imposed
in typical telescoping settings. Second, documents from the early-
stage retriever are processed in the order of their initial ranking
scores, thereby filtering out documents that do not meet the re-
ranking depth. Although the initial ranking may be a good initial
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Figure 1: The distribution of retrieval and ranking scores of
the retrieved documents. The green region represents the
documents selected in the telescoping for ranking. The green
documents are selected on the basis of online relevance esti-
mation. The ground truth documents are explicitly labelled
as “relevant”.

prioritization of documents, we argue that processing the initial
ranker’s results order becomes suboptimal once the re-ranking
model provides higher-quality relevance estimations. Although
recent works [19, 20, 28, 37] have proposed adaptive retrieval to
overcome the first problem, they still suffer from the second by
relying on heuristics for prioritizing the candidate documents.

This work proposes a novel departure from the classical telescop-
ing framework to address these limitations. Our approach, which
we call online relevance estimation (ORE), introduces a dynamic
re-ranking paradigm that iteratively updates relevance estimates
for the entire candidate pool throughout the ranking process. In-
stead of re-ranking a fixed top-k set of documents in one step,
our method employs an iterative process that ranks smaller, high-
potential subsets. The relevance scores of remaining documents
are continuously refined based on the ranking outcomes, enabling
previously overlooked documents to be revisited and reconsidered.
This approach leverages an online bandit algorithm to optimize
relevance estimation dynamically. Figure 2 shows an overview of
this process.

We validate our framework on TREC Deep Learning benchmarks
under two practical retrieval scenarios: hybrid retrieval and adap-
tive retrieval. In hybrid retrieval, lexical and dense retrieval methods
are fused to generate initial candidates, which are then re-ranked
using cross-encoders. We demonstrate that online relevance es-
timation significantly improves recall by iteratively refining the
rankings of a larger pool of documents. In the adaptive retrieval
setting, which involves iterative ranking based on neighborhood
exploration within a corpus graph, we show that our method sur-
passes existing approaches by explicitly estimating and updating
candidate relevance scores. Unlike current adaptive retrieval meth-
ods, which focus on retrieving additional candidates, our approach
integrates relevance estimation into the iterative process.

Experimental results highlight that our method is sample-efficient,
offering 2x speedups over state-of-the-art, with the ORE com-
ponent taking 10X less time than expensive ranker calls. It also
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Figure 2: Schematic figure of the Online relevance estimation.

achieves substantial recall improvements, with upto 30.55 % gains
on DL21 for adaptive retrieval and upto 14.12% gains on DL19 for
hybrid retrieval with respect to the corresponding state-of-the-art.
With respect to the standard telescoping baseline (BM25»ranker),
we achieve improvements of up to 58.53% on DL22. By bridging
the retrieval and ranking stages, our online relevance estimation
framework offers a scalable and effective solution to enhance the
performance of search systems.

2 Related Work

Recent advancements in document ranking have increasingly re-
lied on complex rankers based on transformer models and, more
recently, instruction-tuned models. They are highly effective in pro-
viding precise relevance estimates, but computationally expensive.
We contextualize our work into hybrid retrieval, adaptive retrieval,
and other related ideas on online adaptation for rankings.

2.1 Hybrid Retrieval and Telescoping

Retrieval functions such as BM25 are generally designed to pro-
vide fast but less precise relevance estimates. In contrast, complex
rankers, including cross-encoders and LLMs, offer far more accu-
rate relevance assessments at the expense of significant computa-
tional resources. Due to this tradeoff, complex rankers are typically
applied as final-stage ranking functions in a telescoping frame-
work (also referred to as cascading or multi-stage ranking) [31].
In this framework, an initial ranking is conducted using compu-
tationally inexpensive methods like BM25, and only a subset of
top-ranked documents is passed to the final stage, where more ex-
pensive machine-learned models calculate the final ranking scores.
Consequently telescoping paradigm is widely adopted across a va-
riety of domains where strict latency requirements are paramount:
web search, e-commerce and live fact-checking systems. Note that
there is no restriction on what can be used as a retriever in the first
stage. Historically lexical retrieval or BM25 [13, 40, 43] was mostly
used as a retrieval function. In more modern search systems dense
retrieval [18, 23], learned sparse [13, 26], and hybrid sparse-dense
ensembles are used for first-stage retrieval [3, 6, 7, 44].

However, telescoping suffers from a key limitation when the
retrieval scores from the first stage do not accurately reflect the
relevance of the documents. Retrieval scores are typically used to
first-rank documents, and the top-k documents are selected for re-
ranking based on their retrieval scores. Since this selection process
is typically conducted in a single step, any failure to capture relevant
documents in the top-k results can lead to poor recall, ultimately
degrading precision in the final rankings. Furthermore, documents
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that are not passed to the re-ranking stage remain ranked solely
according to their initial retrieval scores, which may not reflect
their true relevance.

To improve the quality by improving recall, either higher re-
trieval depths are considered [3, 21], hybrid retrieval 3, 7, 24] or
query expansions techniques are employed [4]. However, the choice
of documents to rank is still dependent on the retriever score. Unlike
these approaches, we dynamically update the relevance estimates
for all retrieved candidates by iteratively ranking smaller batches
of documents, resulting in improved recall.

2.2 Adaptive Retrieval

The closest approaches to ours are the recently proposed Adaptive
Retrieval (AR) methods introduced by MacAvaney et al. [28]. These
methods operate on a corpus graph (constructed during an offline
phase), which encodes document-document similarities based on
lexical or semantic features. Adaptive retrieval methods alternate
between the initially retrieved results and the corpus graph neigh-
borhoods of re-ranked documents to select a batch for re-ranking.
These methods are fundamentally based on the Clustering Hypoth-
esis [16], which assumes that relevant documents tend to cluster
together in the feature space. In GAR [28], only the neighbors of pre-
viously ranked documents are explored. More recently, Quam [37]
improved upon GAR by selecting documents based on their degree
of relatedness to the re-ranked documents.

In contrast to GAR and QuaM, which rely on cross-encoders
for ranking, Kulkarni et al. [20] proposed a method that uses bi-
encoders to re-rank documents. Their approach selects only seed
documents from the initial retrieved results and continues explor-
ing the corpus graph neighborhood until the re-ranking budget is
exhausted. While adaptive retrieval methods dynamically schedule
documents to the ranker, their alternating strategy is heuristic-
driven and sample-inefficient. In contrast, our online relevance esti-
mation framework generalizes and simplifies the adaptive retrieval
paradigm, offering significant improvements in sample efficiency.

Partially related to our approach are ideas from online learning to
rank [14, 22, 45], which learn the parameters of ranking models from
user interaction data. However, our approach differs fundamentally
from this line of work. Unlike these methods, we do not rely on
direct user feedback or address challenges like prioritizing or de-
biasing rank-sensitive clicks. Moreover, our framework operates on
a significantly smaller feature space, allowing it to scale efficiently
to large retrieval sizes compared to learning-to-rank models. Other
similar works include Reddy et al. [39] and MacAvaney and Wang
[29], which learn a new query representation online during re-
ranking. Unlike these methods, we use a bandit-based framework
and continually refine query representations, thereby selecting
better candidate documents at each inference step.

3 Online Relevance Estimation

Typically, telescoping techniques employed for document ranking
(also referred to as cascading or multi-stage ranking) rely solely on
initial less-precise retrieval scores 6 to schedule documents for re-
ranking and hence suffer from low recall and precision as relevant
documents may be ignored.
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Algorithm 1 Online Relevance Estimation

Input: Query g, initial retrieved pool Ry, batch size b, budget c,
number of batches to score m, features vector X; for document d
Output: Scored pool Ry

R0 > Scored results
Dq < Ry > candidate documents (Arms)
ar < N(0,1),t « 1

do

Dy < ESTREL(d1,X7) Vd € Dy > Assign ESTREL scores
B « SeLECT(top b from Dy, subject to c) > using ESTREL
if |R1| < m - b then

B « Scorg(B, subject to c)

@41 < ming E(d;,q,d,Xg) Vd € B

> e.g., monoT5

else

B « LookUpP(ESTREL scores) Vd € B
end if
Ri <~ R{UB > Add batch to results
Dy — Dy \ B > Discard batch from Arms
te—t+1

while |R{| < ¢

3.1 Problem Definition

The ORE framework is designed to estimate relevance scores for a
large pool of retrieved or candidate documents Dy for a query g
such that the relative error between the estimated relevance scores
(EsTREL) and the cross-encoder scores (¢) is minimized. Specifically,
for a query q and a candidate document d € Dy, the objective is to

1)

where ¢(q, d) represents the accurate relevance score provided by
an expensive cross-encoder or ranker, and ESTREL(@, Xz) is the
estimated relevance score derived using simple document features
X4 and learnable parameters &. The framework operates under the
constraint of a strict budget m, which limits the number of calls
to the expensive ranker (¢). This efficiency constraint ensures that
only a subset of documents is scored directly using ¢, while the
relevance estimates for the remaining documents are derived from
EsTREL, which serves as a computationally inexpensive proxy for ¢.
The ORE framework presupposes that the cross-encoder ¢ provides
reliable relevance scores, which serve as “ground truth” for the
estimation process.! By approximating ¢ with simple, well-known
relevance factors as characteristics (refer to Table 1), ORE aims
to achieve an overall improvement in recall by effectively priori-
tizing highly relevant documents. This allows the framework to
balance accuracy and efficiency, ensuring that the relevance esti-
mates closely approximate ¢ while adhering to the computational
constraints imposed by the budget m. As a result, ORE provides a
scalable solution for large-scale document ranking tasks, achieving
high-quality rankings while maintaining computational efficiency.

minimize |$(q,d) — EstRel(d@,%7)|?

3.2 The ORE Framework

The problem of relevance estimation in the ORE framework can be
formulated as a top-I arms selection problem in stochastic linear

lwhere ¢ itself is an estimation of the true relevance of the document to the query.
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Table 1: Description of different features used in ORE. These features can be divided into two levels, Q2DAFF and D2DAFF.

Feature Notation =~ Taxonomy Source Description
Offline Online
X1 BM25(q,d) Q2DAFF v Lexical similarity between query and document.
X2 TCT(g,d) Q2DAFF v Semantic similarity between query and document.
X3 RM3(q’,d)  D2DAFF v Lexical similarity between expanded query using RM3 and document.
X4 BM25(d,d’)  D2DAFF v Lexical similarity between pair of documents.
X5 TCT(d,d") D2DAFF 4 Semantic similarity between pair of documents.
X6 Larr(d,d’) D2DAFF v Learnt affinity or similarity between pair of documents [37].

bandits [5, 17]. In this formulation, the arms correspond to candi-
date documents in the initial large retrieval or candidate document
pool Dy, the features vector (X;) encode the properties of each doc-
ument (as detailed in Table 1), and the rewards represent the actual
relevance scores (¢(q, d)) obtained from the expensive ranker. For a
given query q and a candidate document d, the estimated relevance
score computed by ORE is expressed as:

@

where @ represents the learnable parameters of the relevance es-
timation function. During training, the estimation error, which
measures the discrepancy between the estimated relevance score
(EsTREL) and the actual relevance score (¢), is minimized. The error
is defined as:

R 5> ST
EsTREL(Q, Xg) = a - X4,

N R 1 N
E(@,d,%g) = 5 1¢(g,d) - EsTREL (4, )l €)

While classical Multi-Arm Bandit (MAB) approaches iteratively
update reward estimates by pulling arms until convergence, they
typically require at least linear time in the number of arms per iter-
ation. This makes them computationally impractical for large-scale
document retrieval settings, where the candidate document pool
can be vast. Therefore, to ensure scalability, ORE constrains ranker
calls (¢) within a fixed budget m. The framework performs param-
eter updates for a limited number of batches during re-ranking,
learning the parameters a for the relevance estimator. For the re-
maining batches, the learned parameters & are used to estimate
relevance scores for candidate documents. These estimated rele-
vance scores are then used to add the candidate documents to the
final ranked list, prioritizing based on their estimated relevance.

3.3 OQuery Processing using ORE

Algorithm 1 provides an overview of the ORE procedure. Let g de-
note the query, Ry represent the initial pool of retrieved documents,
and R; the final re-ranked pool of documents, which is initially
empty. Let S be the set of top s documents from R; that have been
re-ranked so far (initially empty), b the batch size, and ¢ the re-
ranking budget. The candidate document pool is denoted as Dy,
which is initialized with the results retrieved during the first stage
(depending on whether the retrieval setup is Hybrid or Adaptive).
For each document d € Dy, let X; denote its feature vector. Each
documentd € Z)q is assigned an estimated relevance score, ESTREL,
computed using Equation 2 with an initial parameter vector &1,
which is sampled from a normal distribution (&; ~ N(0,1)). The
EsTREL score quantifies the utility or perceived importance of a
document in Dy.
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The ORE procedure begins by selecting a batch B of the top b
documents from Dy, based on their ESTREL scores. These docu-
ments are scored using the expensive ranker ¢ (e.g., MonoT5 [33]),
and the re-ranked documents are added to R;. Following this, ORE
updates Dy by either exploring the neighborhood graph (in Adap-
tive Retrieval) or expanding the retrieval depth (in Hybrid Retrieval)
to include additional candidate documents.

To prioritize documents for ranking, the framework recomputes
EsTREL scores for all documents in Dy using Equation 2. A new
batch B of the top b documents, based on their updated ESTREL
scores, is selected for ranking. The selected batch is scored using
the expensive ranker ¢, and the parameters & of the relevance
estimator are updated by minimizing the estimation error as defined
in Equation 3. These updated parameters are then used to recompute
EsTREL scores for the remaining documents in Dy.

The expensive ranker ¢ is used until the condition |R;| < m- b is
satisfied, where m represents the maximum number of batches that
can be scored using ¢. For subsequent documents, the learned pa-
rameters & are reused to estimate relevance scores, and batches are
selected based on their ESTREL scores. These selected documents
are then added to R;. The process of updating ESTREL scores and
selecting batches continues iteratively until the condition |R;| < ¢
is met, where c is the re-ranking budget. The intuition behind scor-
ing only a subset of documents lies in approximating the relevance
of a candidate document d € Dy using a learned combination of
its features X;. By prioritizing and scoring a limited number of
batches with ¢, the learned parameters @ enable accurate relevance
estimation for the remaining documents. This approach eliminates
the need for scoring all documents with the ranker, providing signif-
icant efficiency gains while maintaining competitive performance.

4 Estimated Relevance in ORE

Relying only on retrieval scores (Q2DAFF) would lead to omission
of documents which might be relevant, as shown in Figure 1. How-
ever, these documents may have closer proximity to documents
already deemed relevant as measured by document-document simi-
larity/affinity (D2DAFF). If we compute the affinity of the document
with respect to a set of documents, it is termed as D2SETAFF.
Hence, the choice of features used in ORE is the cornerstone
of quality in online relevance estimation. A summary of features
employed in ORE in different setups (hybrid and adaptive) is as
shown in Table 1. Apart from Q2DAFF scores, we also capture the
proximity of the document to a small set of documents already
deemed relevant by the expensive ranker. The intuition follows
from the explore-exploit paradigm of linear stochastic bandits. In
the current setting, our goal is to allow for the balance between
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prioritizing documents with high retrieval scores (exploitation) or
provisioning selection of documents which have closer proximity
to highly relevant documents despite it’s lower retrieval scores
(exploration). Note that, ORE is not limited to only the features in
the Table 1. The design of ORE algorithm makes it flexible towards
the addition of new features.

For a given query g, let Ry be the initial retrieved results with
lexical (x1) or semantic (x2) query-document similarities, Q2DAFF.
and Rp be the results after re-ranking. Let G, be the corpus graph.
The corpus graph G, encodes lexical (x4 = BM25(d, d’)) or semantic
(xs = TCT(d,d")) document-document similarities, D2DAFF. Let
Gg be the learnt affinity graph, proposed in Quam [37], which
encodes learnt affinity, LAFF scores (xg).

4.1 Hybrid Retrieval using ORE

Hybrid retrieval usually entails employing multiple lexical (BM25)
and dense (TCT) retrievers for a high retrieval depth, followed by
rank fusion to merge the retrieved lists. These approaches then
usually cap the merged results to a lower retrieval depth, ignoring
other potentially relevant documents with lower retrieval scores.
However, ORE promotes exploration by constructing a candidate
pool of documents from the entire merged list. In the hybrid re-
trieval setup, our goal is to prioritize not only documents with high
retrieval scores (Q2DAFF) but also to balance the exploration of doc-
uments that are in close proximity to documents (D2DAFF) already
deemed highly relevant. Hence, we carefully select the features
from Table 1 reflective of this philosophy

Q2DAFF(q,d) = a1 * BM25(q,d) + a2 * TCT (g, d)

Vd € Dy, where ay, az € a.

For D2DAFF features in the hybrid retrieval context, we employ
both lexical (RM3 i.e., x3) and semantic scores (TCT(d,d’), i.e.,
x5). It is critical to note that these D2DAFF scores are employed
to compute D2SETAFF scores, which measure the proximity of a
candidate document to a set of highly relevant documents. These
highly relevant documents are selected as top-s documents that
have already been scored so far from R;.

Zares(9(q.d) » TCT(d,d’))
IS|

D2SETAFF = a3 * RM3(q’,d) + ay *

where a3, a4 € @ and ¢’ is the expanded query by using RM3
expansion over top re-ranked documents so far in Ry. Note, we
simply look up the score of ¢(g,d") since d’ is already re-ranked
using ranker ¢. Mapping this to Equation 2, ESTREL is computed
using @ = [a1, @2, a3, a4] and Xz=[x1, x2, x3, x5]. The parameters,
@ are learnt using the mechanism described in Section 3.1 and
Algorithm 1.

4.2 Adaptive Retrieval using ORE

We adopt a similar philosophy for document prioritization in the
adaptive retrieval setup. However, adaptive retrieval is a bit more
involved, as the candidate pool Dy is not static and expands with
the addition of neighbors of top-scored documents. Hence, the rel-
evance estimation for the candidate documents is linear in terms
of number of documents (arms). Hence, we draw inspiration from
top-I arm selection in linear stochastic bandits like LUCB [17] and
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GIFA [38] which maintain multiple sets such as : 1) arms with high
reward estimates and 2) arms with low reward estimates to balance
exploration. However, these approaches still sample actual rewards
for one arm from each of these lists rendering them computationally
infeasible for a large candidate pool. Hence, we maintain two short-
lists which represent 1) documents (arms) with high Q2DAFF scores,
denoted by U C Dy, and 2) documents with high D2SETAFF scores,
denoted by V' C Dg. The intuition is that since ESTREL primarily
depends on balancing between documents with high Q2DA¥r and
documents with high D2SETAFF scores maintaining shortlists based
on these measures help reduce the expanding candidate space and
also reduce the impact of documents with noisy estimates.

In the adaptive setting, Q2DAFF(q, d) = BM25(q, d). Given a doc-
ument affinity graph G, the document-document affinity is given
by: D2DAFF(d,d’) = G4(d, d") where G,(d, d’) is the edge weight
or edge affinity between the source document d and its neighbor d’
in the corresponding graph. Note that, we lookup Q2DAFF(q,d) and
D2DAFF(q,d) and compute ESTREL Y d € U U V thereby providing
an efficient relevance estimation mechanism. Our goal is to primar-
ily balance the exploitation paradigm with the exploration. The
exploitation primarily entails selecting documents that have high
affinity to the query. Whereas, the exploration paradigm entails
scheduling neighbors that may not have high affinity to the query
but are closely related to multiple documents deemed to be highly
relevant to the query. To accomplish this, we compute the affinity of
the candidate document to the ranked set of documents S, denoted
as SETD2DAFF and defined as
Zd'ESﬁNd (DzDAFF(ds d’)) 4

SN Ndl “)
where N; = NEIGHBOURS(d, G,) is the set of neighbors of docu-
ment d in the learnt affinity graph G,. The estimated relevance
(EsTREL) of the candidate document d to the given query q can be
better estimated using an average of the relevance (score given by
the ranker ¢) of documents from S in its neighborhood that are
already deemed to be highly relevant to the query. Hence we also
include this new feature in adaptive retrieval as it naturally fits into
the neighborhood-based retrieval philosophy of this setup.

D2SETAFF(d, S) =

Yd’ esnN, SCORE(g, d’)
x7 = ©)
|S N Nd|
Hence, the features can be combined in the following form for
adaptive retrieval:
a1 * Q2DAFF(q, d) + ap = D2SETAFF(q, d) + a3 * x7
Scorn(q d') = #(q.d’) -I;l//_}(q, d’); if d’ is scored using ¢
EsTREL(@, Xg) ; otherwise

(6)
where 1 is a dual encoder?. We look up the scores from ¢, since
the documents are already in Ry (d’ € S” C Ry), where S’ is set of
top s documents in previous iteration. Mapping this to Equation 2,
ESTREL is computed using @ = [a1, @z, a3] and X4=[x1, x6, x7].

Note that all the above computations for hybrid or adaptive re-
trieval setups are vectorized and computed for a batch of documents
at a time. We present at the document level for ease of understand-
ing. Also, note that Dy get updated after scoring each batch B with

2We use inexpensive dual encoder, TAS-B [15] for better numerical stability.
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the neighbors in G, of each document d € B, ie, Dy « Dg U
NEIGHBORS(d,G,), but we maintain shortlists as discussed earlier.

5 Experimental Setup

In this work, we demonstrate the effectiveness of online relevance
estimation in two commonly used recall-improving scenarios: hy-
brid retrieval and adaptive retrieval. To evaluate our approach, we
address the following research questions:

RQ1: How effective is ORE compared to existing approaches for
hybrid and adaptive retrieval setups?

How helpful is the utility (estimated relevance) in prioritizing
documents for retrieval?

How efficient is ORE compared to existing approaches for
adaptive retrieval?

How much time does estimated relevance take compared to
expensive ranker calls?

RQ2:
RQ3:

RQ4:

5.1 Datasets and Measures

We perform experiments on the MSMARCO passage corpus [32]
(with 8.8 M passages) and validate our approach on the TREC Deep
Learning 2019 (DL19) [10] and 2020 (DL20) [11] test sets. The DL19
set has 43 queries with an average of 58.1 relevant documents, and
DL20 has 54 queries with an average of 30.9 relevant documents.
Further, we use the MSMARCO passage-v2 corpus [2] (with 138.4
M passages) and evaluate on TREC DL21 [8] and DL22 [9] test sets.
The DL21 has 53 queries with an average of 50.2 relevant documents
and DL22 has 76 queries with an average of 58.4 relevant documents.
We use the de-duplicated MSMARCO-passage-v2 corpus and both
DL21 and DL22 qrels. We measure the ranking performance by
nDCG@c, and retrieval by recall@c at different re-ranking budgets
¢ € {50,100, 1000}. We re-use the BM25, TCT based corpus graphs.

5.2 Retrieval and Ranking Models

We mainly use lexical and semantic first-stage retrievers. For lexical
retrieval, we use BM25 [40]. We use a Terrier [34] index of the
MSMARCO passage corpus. While for semantic retrieval, we use
TCT [23] which is based on the TCT-Colbert model, and use the
TCT-ColBERT-HNP? model for encoding queries and documents.
We retrieve documents based on the budget (in the adaptive retrieval
setting) or retrieval depth (in the hybrid retrieval setting).

We use the MonoT5-base model [33] (in short MonoT5, a cross-
encoder) as the ranker model which is fine-tuned on the MSMARCO
corpus. We also use MonoTS5 as a retriever on the MSMARCO pas-
sage corpus by scoring all documents exhaustively for a query. Also,
we do ablation using the fine-tuned pointwise LLM ranker called
RankLLaMA [25], which is built upon LLaMA-2-7B* and trained
for ranking the top documents from the RepLLaMA retriever.

5.3 Baselines and Implementation

To compare the effectiveness of our proposed method, we use re-
ranking, hybrid, and adaptive retrieval baselines. We use a standard
telescoping re-ranking baseline, retriever followed by ranker, by
re-ranking top retrieved documents based on the re-ranking budget

3https://huggingface.co/castorini/tct_colbert-v2-hnp-msmarco
4https://huggingface.co/meta-llama/Llama-2-7b-hf
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c. We denote this ranking baseline by BM25»MonoT5. We also
compare our approach with pseudo-relevance feedback (PRF) based
RM3 [1] expansion over documents retrieved using BM25.
Hybrid Retrieval. For hybrid retrieval, we use two, BM25 and
TCT, retrievers for the first stage, and retrieve 1000 documents
exhaustively. We apply Reciprocal Rank Fusion [7] (RRF) over these
two rankings and take the top ¢ (budget) documents based on their
reciprocal rank scores. We also use Convex Combination [3, 44]
(CC) of scores given by BM25 and TCT retriever with interpolation
parameter « is set to 0.5 s,

Adaptive Retrieval. For adaptive retrieval, we use mainly GAR [28]
and QuaMm [37]. Both GAR and QuAM alternate between first-stage
results and neighborhood graph and prepare the batch of docu-
ments for reranking. For both GAr and QuaM, we use BM25 and
TCT-based corpus graphs with 16 neighbors. The type of corpus is
indicated in subscript, for example, GAR with BM25 based corpus
graph is denoted by GARg),5. We use the official implementation
to reproduce these baselines.

5.4 Hyperparameters and Tuning

For our experiments, we use re-ranking budget ¢ € {50, 100, 1000},
and batch size is set to 16. We mainly use the corpus graphs with
16 neighbors. We use DL19 set as a validation set for tuning hyper-
parameters and DL20, DL21, and DL22 as test sets. For RM3, we
set fb_docs to 5 and fb_terms to 10, and the original_query_weight
to 0.3. We set |S| = 10 for all budgets in hybrid retrieval. We set
|U| = 35, |V| = 25 for different re-ranking budgets c. For the adap-
tive retrieval setup, we set the size of the set S to calculate the
D2SETAFF depending upon the budget. For budgets ¢ of 50, 100,
and 1000, we set |S| to 10, 25, and 150, respectively. All of our
experiments are done on NVIDIA H100 GPU with 96 GB of RAM.

6 Experimental Results
6.1 Effectiveness of ORE

In the first experiment, we evaluate the effectiveness of online
relevance estimation over the telescoping strategy used over stan-
dard, hybrid, and adaptive retrieval. To address RQ1, we evaluate
ORE on TREC-DL 2019 and 2020 datasets, comparing its perfor-
mance to state-of-the-art methods in hybrid and adaptive retrieval
setups in Tables 2 and 3. Firstly, online relevance estimation out-
performs baseline ranking performance in telescoping settings i.e.,
BM25»MonoT5 (up to 58.53% on DL22 at budget ¢ = 100). Sec-
ondly, ORE outperforms the pseudo-relevance feedback baseline
(BM25»MonoT5 w/ RM3) at all settings.

6.1.1 Hybrid Retrieval. We now turn our attention to hybrid re-
trieval. As expected, we confirm that both RRF»MonoT5 and CC»
MonoT5 convincingly outperformed BM25»MonoT5 at all retrieval
depths. This is because using hybrid retrieval balances the com-
plementary lexical and semantic signals. We find that ORE further
improves beyond this baseline, achieving statistically significant
performance gains over both RRF and CC. For instance, from Ta-
ble 3, we observe substantial gains, where ORE outperforms CC

5As [3] mentioned that the CC methods are sensitive to a, we follow the insight
from [44] that @ = 0.5 works best for lexical and semantic interpolation for the
MSMARCO corpus.
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Table 2: Effectiveness comparison of ORE with hybrid and adaptive retrieval methods on TREC DL19 and DL20 test sets.
Significant improvements using paired t-test, p < 0.05, with Bonferroni correction, over CC, RRF, baseline (BM25»MonoT5),
GAR, and Quam are marked with B, C, R, G and Q respectively. The best scores are highlighted in bold.

c=50

c =100 ¢ =1000

Dataset Pipeline

nDCG@10 nDCG@c Recall@c nDCG@10 nDCG@c Recall@c nDCG@10 nDCG@c Recall@c

EXHAUSTIVE RETRIEVAL

MonoT5 0.672 0.625 0.512 0.672 0.611 0.599 0.672 0.691 0.834

HyBRID RETRIEVAL: (BM25 & TCT)

RRF»MonoT5 [R] 0.735 0.658 0.513 0.729 0.664 0.637 0.703 0.740 0.879

CC»MonoTs5 [C] 0.729 0.650 0.489 0.730 0.650 0.626 0.698 0.738 0.878

DL19 ORE 0.734 RC0.683 RCo0.558 0.721 RC0.688 RC0.675 0.703 0.741 0.882

ADAPTIVE RETRIEVAL

BM25»MonoT5 [B] 0.681 0.541 0.389 0.699 0.563 0.488 0.719 0.697 0.755
w/ RM3 0.682 0.560 0.409 0.686 0.574 0.507 0.728 0.717 0.786
w/ GARgpizs [G] 0.689 0.565 0.417 0.716 0.594 0.539 0.727 0.742 0.836
w/ QUAMR25 [Q] 0.698 0.597 0.460 0.729 0.639 0.594 0.742 0.770  0.874
w/ OREpizs 0.698 $%0.640 $0.509 0711 0.653  $0.619 0723 40759  0.874

EXHAUSTIVE RETRIEVAL

MonoT5 0.649 0.592 0.576 0.649 0.593 0.670 0.649 0.682 0.852

HyBRID RETRIEVAL: (BM25 & TCT)

RRF»MonoT5 [R] 0.721 0.655 0.633 0.707 0.659 0.725 0.676 0.727 0.885

CC»MonoTs5 [C] 0.718 0.654 0.632 0.709 0.660 0.721 0.681 0.727 0.884

DL20 ORE 0.720 0.674 0.658 0.702 RC0.683 RCo.759 0676  €0.731  €0.892

ADAPTIVE RETRIEVAL

BM25»MonoT5 [B] 0.676 0.559 0.478 0.685 0.581 0.584 0.720 0.711 0.807
w/ RM3 0.684 0.585 0.520 0.701 0.611 0.633 0.720 0.729 0.834
w/ GARpyas [G] 0.690 0.577 0.496 0.703 0.607 0.617 0.714 0.750 0.884
w/ QUAMg)z5 [Q] 0.714 0.615 0.553 0.717 0.652 0.678 0.709 0756  0.901
w/ OREpz5 0684 $0.621 0.583 0681  §0.651 0.705 0700  0.757  ,0.892

by 11.74 % and RRF by 17.12% for Recall@100 on DL21. We also
observe that ORE improves Recall@100 on DL22 by 7.46 %, when
compared to CC and by 14.09% when compared to RRF. Further on
DL19, Recall@50 improves from 0.489 to 0.558 (an improvement of
14.11%) and from 0.513 to 0.558 (an improvement of 8.9%) in CC
and RRF respectively. Similar trends are observed across different
retrieval budgets, with ORE delivering consistent gains.

These improvements can be primarily attributed to ORE’s on-
line relevance estimation capability, which prioritizes documents
dynamically based on the current estimate of the relevance. Un-
like fusion-based methods that select the top-k merged documents
based on a one-shot fusion score and ignore others, ORE captures
potentially relevant documents with low initial retrieval scores by
re-prioritizing them for scoring based on new ranking evidence.
Our Multi-Arm Bandits-based online estimation procedure trades
off exploration (scheduling low-ranked documents) with exploita-
tion (scoring top-ranked documents), thereby effectively learning
the tradeoffs between relevance factors modelled as features. Given
our small feature space and linear classifier, ORE can perform this
reprioritization efficiently.

6.1.2  Adaptive Retrieval. We also compare ORE to state-of-the-art
adaptive retrieval methods, including GAr and Quam. Unlike the
hybrid setting, where the retrieval set is fixed, in the adaptive re-
trieval setting, we adaptively explore the retrieved document space.
Our results indicate that ORE outperforms these approaches across
various retrieval budgets, with significant gains at lower budgets.

For example, on DL21, we observe that ORE advances Recall@50
to 0.406 providing gains of up to 30.55% over Quam and up to
22.66% over GAR. On TREC-DL 2019 Recall@50 increases from
0.460 (Quam) and 0.417 (GAR) to 0.509 (10.65% and 22.06%, respec-
tively). These gains arise from the principled document selection
strategy employed by ORE. Existing methods like GAR and Quam
alternate between first-stage retrieval results and neighborhood
lists. We believe that this alternating strategy was proposed in the
spirit of ensuring the robustness of results and might be sometimes
less sample efficient. For example, the algorithm is forced to sched-
ule documents from the retrieved list to be ranked even though the
retrieval scores are low and indicate low relevance. ORE departs
from the alternating scheduling strategy by re-estimating document
utility over all the candidate documents — from the retrieved results
or the neighborhood graph. This approach enables the balanced
exploitation of documents retrieved in the first stage and the explo-
ration of related documents identified in their neighborhoods. As
a result, ORE prioritizes relevant documents at each iteration that
may have low initial retrieval scores but high estimated utility. Sur-
prisingly, ORE also outperforms the exhaustive retrieval pipeline,
which uses an expensive scorer to evaluate all documents in the
corpus without first-stage retrieval. This highlights the effective-
ness of ORE’s utility estimation in reducing noise and focusing on
potentially relevant documents.

Insight 1: ORE achieves high recall in both hybrid and adaptive
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Table 3: Effectiveness comparison” of ORE with hybrid and
adaptive retrieval methods on TREC DL21 and DL22 test
sets. The letter in subscript or superscript shows significant
improvements (using paired t-test, p < 0.05, with Bonferroni
correction) over the corresponding baseline.

c=50 ¢ =100

Dataset Pipeline nDCG@c Recall@c nDCG@c Recall@c

HyYBRID
RRF»MonoT5 [R] 0.576 0.401 0.558 0.520
CC»MonoTs5 [C] 0.584 0.419 0.569 0.545
ORE Ro.604 Ro.444 RC0.609 RC0.609
ADAPTIVE
BM25»MonoT5 [B] 0.436 0.242 0.433 0.331
DL21 w/ RM3 0.455 0.274 0.457 0.375
w/ GARgps [G] 0.457 0.290 0.465 0.414
w/ QUAMB25 [Q] 0.478 0.310 0.499 0.454
w/ OREppizs 00503 §0364 L0481 G 0.463
w/ Garrer [G] 0.502 0.331 0.520 0.489
w/ Quamrcr [Q] 0.491 0.311 0.518 0.477
w/ ORErer Q0532 90406 L0512 L 0.502
HyYBRID
RRF»MonoT5 [R] 0.452 0.260 0.430 0.341
CC»MonoTs5 [C] 0.459 0.278 0.433 0.362
ORE RCo.481 Ro.297 RCo.459 RC0.389
ADAPTIVE
BM25»MonoT5 [B] 0.290 0.115 0.275 0.164
DL22 w/ RM3 0.287 0.115 0.275 0.161
w/ GARgps [G] 0.287 0.121 0.290 0.191
w/ QUAME5 [Q] 0.308 0.135 0.303  0.196
w/ OREgpz5 0.292  0.137 0.284 0.195
w/ Garrer [G] 0.329 0.157 0.348 0.256
w/ Quamrcr [Q] 0.329 0.155 0.334 0.237
w/ ORErer 090364 90206 L0342 0.260

*We omit nDCG@10 our focus is more on retrieval. Additionally, prior works find that
nDCG@10 value saturates quickly during re-ranking [27].

retrieval settings by dynamically learning to prioritize documents
through an inexpensive estimation of relevance scores.

6.2 Significance and Quality of Estimated Utility

While the overall performance demonstrates that the proposed util-
ity estimation aids in prioritizing documents, it does not provide
insights into its absolute quality or its ability to serve as a reli-
able proxy for the expensive ranker’s scores. To answer RQ2, we
evaluate the quality of estimated scores in the hybrid and adaptive
retrieval setups.

6.2.1 Hybrid Retrieval. We analyze the error between the esti-
mated relevance (EsTREL) and the actual relevance scores from
the ranker for various ranker call budgets (m). Here, the budget
for ranker calls m represents the number of batches of documents
scored by the ranker, with m - b < c. The error for ¢ = 100 and
b =16 acrossm =1,...,7 is shown in Figure 3b.

At m = 1, the error is high because the parameters used for esti-
mating utility are initialized randomly, resulting in poor relevance
approximations. However, as m increases, the utility estimates im-
prove significantly. For instance, at m = 2, only 32 samples are
scored, but the learned parameters enable a sharp reduction in
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Figure 3: Recall (left) and estimation error (right) comparison
for hybrid retrieval setting on the TREC DL19 dataset when
the number of batches of scored by cross-encoder (CE) varies
for ORE for ranking budget of 100 and batch of size 16.
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Figure 4: Recall (left) and estimation error (right) comparison
on the TREC DL19 dataset for adaptive retrieval, for ranking
budget of 100 and batch of size 16.

error, closely approximating the actual relevance scores. As more
samples are scored with increasing m, the error continues to decline
steadily, reflecting better utility estimation.

This trend is further supported by Figure 3a, which shows that
when only 16 documents are scored, ORE already outperforms
traditional hybrid retrieval methods, such as RRF and CC. By es-
timating high-quality utility scores for the remaining documents,
ORE achieves superior performance even with minimal ranker calls.

6.2.2 Adaptive Retrieval. For adaptive retrieval, we analyze the er-
ror in estimated utility, as illustrated in Figure 4b. The results reveal
a trend similar to the hybrid retrieval setup: the error decreases
gradually as the cross-encoder budget (m) increases, with a sharp
decline observed at the maximum budget (m = 7), where more sam-
ples are scored. Additionally, we examine the relationship between
the ranker budget and Recall@100 for TREC-DL 2019 (DL19) in Fig-
ure 4a. Across all ranker budgets (m), ORE consistently outperforms
state-of-the-art adaptive retrieval methods, such as GAR and Quam.
Notably, even at m = 1, ORE demonstrates superior performance by
using its utility estimates as a proxy for ranking documents, avoid-
ing frequent calls to the expensive ranker. This result highlights
the high quality of the estimated utility scores, which enable ORE
to prioritize relevant documents through principled exploration.
The observed improvement is attributed to the heuristic-based
document selection strategies employed by GAR and Quam, which
alternate between the initial ranked list and the neighborhood of
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Table 4: Mean re-ranking latency per query (in ms) using MonoT5 and RankLLaMA rerankers when the first-stage retrieval of
different budgets (c) is done using BM25. The number of batches re-ranked ORE is enclosed in parentheses.

MonoT5 \ RankLLaMA
time (ms/query) Recall@c ‘ time (ms/query) Recall@c

c GAR Quam  ORE GAarR Quam ORE ‘ GAR Quam ORE GAar Quam ORE

50 179.92  173.21  125.91(2) 0.417 0.460 0.500 | 6269.77 6027.12 3925.54(2) 0.421 0.449 0.492

100 356.53  328.82  272.04(4) 0.539 0.594 0.594 | 12746.55 12074.67  7830.41(4) 0.542 0.600 0.600

250 877.19  816.90  599.24(8) 0.692 0.745 0.715 | 32312.97  30539.78  16092.16(8) 0.684 0.761 0.719

1000 3418.98 3219.45 1848.26(8) 0.836 0.874 0.827 | 127617.45 120885.39 16327.25(8) 0.854 0.881 0.829

2188.29(16) 0.841 31939.78(16) 0.853
time (ms/query) time (ms/query) documents. These utility scores serve as reliable proxies for actual

3000~ 1 600 B relevance scores, significantly reducing the costly ranker calls.

00 cax I = Further, to answer RQ4, we provide a breakdown of the time
200l [ 0 quan | a0oll00 me N taken by individual components of ORE in Figure 5b for ¢ =
0o oxe 00 tookup {50, 100, 250}, batch size b = 16 on DL19. These components are,
200~ R namely, the expensive ranker calls (denoted by CE), feature con-
100}~ N I struction (denoted by Lookup), and parameter updates (i.e., fitting
[N H L — - == of & parameters, denoted by Fit). As we discussed earlier, during
051 056 059 50 100 250 re-ranking, the expensive ranker contributes the most in the latency
Recall @100 Budget ¢ overhead. We observel similar 1n51ght§ he.re. For example, at bud-
get ¢ = 250, the total time for re-ranking is around 657 ms/query,
() (b) out of which the cross encoder (CE) contributes around 92% (602

Figure 5: Computational efficiency of our proposed method
ORE in comparison to adaptive retrieval approaches (left)
and overheads from different components (right) in ORE.

scored documents. At lower ranker budgets, these methods score
only a limited number of documents and backfill the remaining
slots with scores from the initial retrieval results. In contrast, ORE
employs a learned utility estimator that performs principled ex-
ploration. It dynamically prioritizes documents from the initial
retrieval results and their neighborhoods in each batch until the
budget c is fully utilized.

Insight 2: Online relevance/utility estimation of ORE works well
across hybrid and adaptive retrieval settings and closely approxi-
mates actual relevance estimates from the ranker.

6.3 Computational Efficiency of ORE

To address RQ3, we demonstrate the latency and sample efficiency
gains provided by ORE over GAr and Quawm in the adaptive re-
trieval setting. In Figure 5a, we present the time taken by ORE
and contemporary adaptive retrieval methods to achieve similar
recall performance. Specifically, to reach a Recall@100 of 0.56, ORE
requires only 2 cross-encoder calls (102 ms/query), providing a
speedup of 2x compared to GAR, which takes 8 calls (238 ms/query).
This highlights ORE’s ability to achieve higher recall with fewer
scored samples due to its efficient online relevance estimation.
From Table 4, we observe that ORE consistently outperforms
existing adaptive retrieval methods in terms of both latency and
Recall@c when using an expensive ranker such as RankLLaMa.
On average, ORE delivers speedups of 2X-3X and, in certain sce-
narios, achieves up to 9x speedups for ¢ = 1000 across different
budgets compared to Gar and Quam. These improvements primar-
ily stem from the sample-efficient nature of ORE, which requires
fewer scored samples to estimate utility scores for the remaining
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ms/query) of the time. The feature lookup takes only 32.2 ms/query
(18x less time) compared to 602 ms/query for ranker calls. Simi-
larly, the time taken to learn and update « parameters takes only
22.9 ms/query. Hence, the core component for relevance estimation
(parameter fitting and feature lookup) takes 10 X less time than
ranker calls at the per query level.
Insight 3: ORE is sample efficient when compared to state-of-the-
art adaptive retrieval methods. It requires fewer documents scored
by the expensive ranker on average. It provides speedups of upto 2x
for standard rankers like MonoT5 and upto 9 X for more expensive
LLM-based rankers like RankLLaMa.

We further explore the importance of different features in ORE,
in the Appendix released with our GitHub repository.

7 Conclusion

In this work, we introduce a novel paradigm of dynamically rank-
ing retrieved documents by using online relevance estimation. We
propose a departure from the progressive filtering approach pop-
ularized by the telescoping method that only ranks documents
with high retrieval scores, ignoring other retrieved documents. In-
stead, we propose to dynamically keep relevance estimates for every
retrieved document based on a small set of features based on well-
known relevance factors. These estimates are refined dynamically
by incorporating ranking scores encountered during the ranking
process. Our experiments over four TREC-DL test sets in the hybrid
and adaptive retrieval settings clearly show that basic instantiations
of online relevance estimation are quite effective and outperform
other telescoping and adaptive retrieval baselines.
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