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Abstract

Retrieval-augmented generation (RAG) sys-
tems depend on retrieval modules to supply
grounding evidence for large language models.
While hybrid approaches combining sparse and
dense retrievers improve performance, most
rely on fixed weights that ignore query-specific
and corpus-specific variation. Similarly, query
expansion has long been used to enrich recall,
but its integration with original queries is usu-
ally static and can introduce noise. We present
QUDAR, a dual-perspective adaptive retrieval
framework motivated by a systematic analy-
sis of retrieval behavior across retriever type
(sparse vs. dense) and query format (original
vs. expanded). Leveraging margin-derived con-
fidence (e.g., top-1-top-2 score gaps) and LLM-
based relevance scoring, QUDAR dynamically
assigns query-specific weights, enabling ef-
fective integration of complementary retrieval
signals while mitigating noise. QUDAR is
lightweight, retriever-agnostic, and broadly ap-
plicable. Experiments show consistent gains
over static baselines, improving retrieval qual-
ity by 12-16% and yielding more stable perfor-
mance across queries.

1 Introduction

Retrieval-augmented generation (RAG) have be-
come a widely adopted paradigm for enhancing
the factuality and robustness of large language
model (LLM) outputs by grounding generation in
external document collections (Lewis et al., 2020;
Izacard and Grave, 2021). A key determinant
of RAG performance is the retrieval component,
which selects relevant documents from a large
corpus. Numerous studies have shown that im-
provements in retrieval directly translate to gains in
downstream tasks such as question answering and
summarization (Guu et al., 2020; Borgeaud et al.,
2022; Lietal., 2025). Yet in most systems, retrieval
remains static, with fixed configurations that fail
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(a) Query A : Better captured by Dense with Expanded Query
Query A
“Why do leaves change color in autumn?”
Expanded Query for A

..many trees stop producing chlorophyll, the green
pigment in photosynthesis, its decline reveals other
pigments like carotenoids and anthocyanins, turning
leaves yellow, orange, and red..

GT Passage for A

..When chlorophyll production ceases in autumn,
carotenoids and anthocyanins dominate, leading to
yellow, orange, and red coloration..

(b) Query B : Better captured by Sparse with Original Query
Query B
“What is the capital city of Australia?”
Expanded Query for B
Australia is a country in the Southern Hemisphere
known for major cities such as Sydney and Melbourne.
Its national government is located in Canberra..
GT Passage for B

Canberra is the capital city of Australia, where the
federal government is headquartered.

Figure 1: Query-wise dual-perspective adaptation with
examples showing different optimal choices across
retriever-type and query-format.

to adapt to diverse query formulations or corpus
characteristics, limiting overall effectiveness.

This limitation arises because prior RAG frame-
works have typically focused on either retriever-
type or query-format in isolation. Effective re-
trieval in RAG requires a dual-perspective ap-
proach that jointly considers both dimensions.
From the retriever perspective, sparse methods such
as BM25 (Robertson and Walker, 1994) rank doc-
uments by lexical overlap, whereas dense meth-
ods encode queries and documents into a shared
space and rank documents by semantic similar-
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ity (Karpukhin et al., 2020; Xiong et al., 2021).
These methods are complementary, with their rela-
tive advantages varying across queries and domains.
From the query perspective, information retrieval
has long employed query expansion, augmenting
the original query with related terms (Carpineto
and Romano, 2012). Expanded queries improve
recall and semantic coverage for underspecified or
domain-mismatched queries, while original queries
often better preserve precision by avoiding query
drift. Importantly, these two perspectives are not
independent. Their interaction determines retrieval
behavior, as the effectiveness of a retriever depends
on how the query is formulated, and vice versa.
In sum, retrieval effectiveness is governed by the
interplay between lexical vs. semantic signals and
original vs. expanded formulations across these
two perspectives.

However, prior work has not fully reflected this
dual-perspective interaction. In the retriever dimen-
sion, hybrid strategies combine sparse and dense re-
trieval, using pipelines or score fusion (Santhanam
et al., 2021; Cormack et al., 2009; Bruch et al.,
2023). While effective, these approaches rely on
parameters fixed across queries and corpora, limit-
ing adaptability. In the query dimension, expansion
is typically applied by replacing the original query
or merging it into a single form (Carpineto and
Romano, 2012), where static heuristics collapse
their complementary roles. Thus, retriever-type hy-
bridization remains static, and query-type signals
are rarely treated as distinct, making it difficult to
fully capture and exploit their combinatorial effect
across both perspectives.

Figure 1 illustrates the interaction between
retriever-type and query-format, and their combi-
natorial effect. Query A, “Why do leaves change
color in autumn?”, benefits from dense retrieval
with an expanded query, where domain-specific
cues enrich the semantic signal. In contrast, Query
B, “What is the capital city of Australia?”, is better
handled by sparse retrieval with the original query,
since expansion introduces irrelevant entities and
dilutes precision. The optimal weights in Figure 1
highlight this contrast, emphasizing the need for
per-query adaptation across both axes rather than
static weights.

Therefore, we present a systematic analysis
of retrieval hybridization in RAG under a dual-
perspective formulation. Our findings show that
fixed strategies fail to capture the variability of real
queries and corpora. Specifically, we show that

(i) retriever-type hybridization cannot be reduced

to static pipelines or fixed-weight fusion (§ 3.1);

(i1) query-format hybridization, while beneficial, is

also constrained when applied statically (§ 3.2); (iii)

optimal weights vary widely across queries, indicat-

ing substantial headroom for query-wise adaptation

(§ 3.3); and (iv) the two perspectives are interdepen-

dent, exhibiting a combinatorial effect that static

heuristics fail to exploit (§ 3.4).

To instantiate this formulation, we pro-
pose QUDAR (Query-wise Dual-perspective
Adaptive Ketrievaf a framework that enables
dual-perspective adaptation through lightweight,
training-free strategies. We begin with simple
rank- and score-fusion baselines (QUDAR-simple),
and then introduce adaptive weighting schemes
based on margin-derived confidence (QUDAR-
confidence) and LLM-based relevance scoring
(QUDAR-IIm). These methods serve as practical
instantiations of the formulation, illustrating how
per-query adaptation across both retriever-type and
query-format can improve retrieval effectiveness.
To the best of our knowledge, this is the first work
to jointly consider both perspectives while adapting
their contributions on a per-query basis. Our main
contributions are as follows:

* We provide a systematic analysis of retrieval
hybridization, demonstrating the limitations of
static strategies and highlighting the need for per-
query adaptation across both perspectives.

* We propose QUDAR, a lightweight and retriever-
agnostic framework with three training-free
strategies that dynamically weight retrieval sig-
nals across both perspectives.

» Experiments across retrieval and RAG bench-
marks show 12-16% gains over the best individ-
ual retriever and up to 30% improvements over
static averaging baselines.

2 Related Work

2.1 Hybrid Retrieval across Retriever Types

To combine the complementary strengths of sparse
and dense retrieval, a variety of hybrid strategies
have been proposed. The sequential pipeline re-
trieves candidates with a sparse model and re-
ranks them with a dense retriever (Santhanam
et al., 2021), while score- or rank-fusion combines
their outputs using fixed weights or reciprocal rank
rules (Cormack et al., 2009; Bruch et al., 2023).
While effective, these strategies generally rely on
static weights, limiting adaptability. More recently,
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Dynamic Alpha Tuning (DAT) (Hsu and Tzeng,
2025) has been introduced to adjust weights per
query using LLM-based relevance scoring. How-
ever, such query-adaptive methods remain rela-
tively underexplored, and most hybrid retrieval con-
tinues to depend on fixed weighting schemes.

2.2 Query Expansion for Retrieval

Query expansion has long been studied as a
means to improve recall in information re-
trieval (Carpineto and Romano, 2012). Classical
approaches enrich queries with synonyms or re-
lated terms drawn from lexical resources or feed-
back, while recent methods leverage pretrained lan-
guage models to generate paraphrases or pseudo-
documents. Techniques such as HyDE (Gao et al.,
2023) and Query2Doc (Wang et al., 2023b) exem-
plify this direction, and LLM-based expansion has
shown strong performance, particularly in open-
domain question answering. However, query ex-
pansion is not universally beneficial: additional
terms may introduce noise or irrelevant entities,
causing query drift and weakening retrieval pre-
cision. Thus, original and expanded queries play
complementary roles, the former better preserving
the original query intent, while the latter enrich-
ing contextual coverage. Nevertheless, most exist-
ing approaches merge the two signals into a single
representation or apply them uniformly, with lit-
tle attention to hybrid strategies and virtually no
exploration of query-specific adaptive balancing.

Moreover, prior work on hybrid retrieval has
been largely confined to the retriever-type perspec-
tive, with little attention to the combinatorial effect
of jointly considering query-format perspective. In
particular, no existing approaches have explored
query-specific adaptive weighting across both per-
spectives. This highlights the need for a unified
view that integrates the two perspectives for effec-
tive RAG retrieval.

3 Beyond Static Retrieval:
Why Hybridization Matters in RAG

We analyze hybrid retrieval along dual perspec-
tives—retriever type and query format—first in-
dependently (§ 3.1-§ 3.2), and then jointly at the
query level (§ 3.3-§ 3.4).

3.1 Limits of Static Sparse-Dense Balancing

Research Question Existing hybrid retrieval ap-
proaches commonly assume a globally optimal bal-
ance between sparse and dense retrievers. However,

such balance may not generalize across datasets or
retriever configurations. This naturally raises the
question: Is the optimal sparse-dense weighting
consistent across different contexts?

Experimental Setting We conduct systematic
experiments using BM25 as the sparse retriever,
paired with two dense retrievers: Contriever (Izac-
ard et al., 2021) and BGE-m3 (Chen et al.,
2024).  Experiments are performed on four
BEIR datasets (FiQA, Climate-FEVER, SciDocs,
and HotpotQA). For each setup, we vary the
sparse—dense weighting o from 0O to 1 in increments
of 0.1, and report performance using Recall@10.
Complete numerical results are provided in § A.
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Figure 2: Retrieval performance of sparse-dense hy-
bridization across four datasets using BM25 with Con-
triever (left) and BGE-m3 (right). The optimal ratio
varies across datasets and shifts with retriever choice,
indicating sensitivity to both.

Observation Our experiments demonstrate that
the optimal sparse—dense weighting ratio is far
from universal. Figure 2, the optimal ratio dif-
fers markedly across datasets and retrievers. First,
there is dataset sensitivity: each dataset favors a
different balance between sparse and dense sig-
nals, reflecting variations in query characteristics
and how relevant passages are distributed across
the corpus. Second, we find retriever sensitivity:
when the sparse retriever is fixed, simply switch-
ing the dense retriever from Contriever to BGE-m3
consistently shifts the optimal ratio toward more
dense-heavy configurations.

Insight These findings suggest that static weight-
ing between sparse and dense retrievers may not
hold consistently across contexts. The optimal bal-
ance varies with dataset and retriever characteris-
tics, indicating that fixed configurations may not
generalize well. This further suggests that hybrid
performance depends not only on retriever type but
also on its interaction with query characteristics.
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3.2 The Double-Edged of Query Expansion

Research Question Query expansion in RAG
has typically been applied as substitution or merged
into a single query form, rather than treating origi-
nal and expanded queries as distinct signals. Yet,
expansion is inherently double-edged: while it can
enrich context and improve recall, it may also in-
troduce irrelevant terms and cause query drift. This
motivates the following question: Does hybridizing
original and expanded queries actually help?

Experimental Setting We compare original and
expanded queries that generate self-contained pas-
sages (Gao et al., 2023), evaluating how their com-
bination affects retrieval performance. Using the
same BEIR datasets and retrievers as in § 3.1, we
vary the weighting between the two query formats
from O (original only) to 1 (expanded only) in steps
of 0.1 and report Recall@10. Complete numerical
results are provided in § A.
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Figure 3: Retrieval performance of query-format hy-
bridization across four datasets using BM25 (left) and
Contriever (right). Hybridizing original and expanded
queries generally improves retrieval, though the optimal
balance varies by dataset and retriever.

Observation Figure 3 (left) shows that expansion
effects vary notably across datasets: while Climate-
FEVER benefits from using expanded queries, Hot-
potQA and FiQA perform better with original
queries despite identical expansion settings. Across
all datasets, however, combining both signals yields
stronger performance than relying on either alone.
Moreover, the strength of this hybrid effect, as ob-
served in § 3.1, also depends on the specific re-
triever and dataset used.

Insight Given the double-edged nature of query
expansion, effectively leveraging it requires balanc-
ing the two signals through hybridization. While
combining original and expanded queries gener-
ally improves retrieval, the optimal balance varies
across datasets and retrievers. This suggests that
the effectiveness of query expansion depends on
both retriever choice and dataset characteristics.

3.3 Query-Wise Dynamics of Hybrid Weights

Research Question Our earlier analyses showed
that the optimal static weighting across retriever
type and query format shifts significantly across
datasets and retrievers. This raises a natural ques-
tion: whether such variability also manifests at the
query level, and if so, how much performance gain
could be achieved by optimizing hybridization per
query beyond static weighting?

Experimental Setting We estimate query-wise
upper bounds (UBs) of hybridization across both re-
trieval perspectives using the FiQA. For each query,
we identify the weighting ratio that maximizes
nDCG @10, which better captures ranking quality
while showing consistent trends with Recall@10.
We then compare the four individual configura-
tions (combinations of sparse vs. dense and original
vs. expanded), static hybrids, and dynamic (query-
wise optimal) hybrids within each perspective and
jointly across both to quantify the potential gains of
adaptive hybridization. Results for the remaining
datasets are reported in § B.
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Figure 4: (a) Histograms of per-query optimal weighting
ratios for the retriever axis and the query-format axis.
(b) Upper-bound retrieval performance across settings:
single retrievers, one-axis static/dynamic hybridization,
and dual-axis static/dynamic hybridization.

Observation As shown in Figure 4(a), the per-
query optimal ratios are widely dispersed, with
many queries peaking far from the global static
optimum (indicated by a star). This shows that
the global optimum, computed as the average ratio
across all queries, fails to represent diverse query-
specific optima. In Figure 4(b), dynamic hybridiza-
tion consistently surpasses the static upper bound,
achieving approximately 16—18% relative improve-
ment when adapting along a single perspective.
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Remarkably, when both perspectives are jointly
adapted, the gain increases to nearly 35%, substan-
tially exceeding single-perspective adaptation.

Insight Dual-perspective adaptation yields syn-
ergistic effects, indicating that robust retrieval ben-
efits from query-wise dynamic weighting across
both retriever-type and query-format perspectives.
This suggests that hybridization can more fully real-
ize its potential when both perspectives are jointly
and adaptively optimized.

3.4 Combinatorial Effects
in Dual-Perspective Hybridization

Research Question While dynamic hybridiza-
tion along a single perspective yields notice-
able gains, our analyses show that adapting both
perspectives together produces disproportionately
larger improvements. This leads to a key question:
Do dual-perspective hybridizations exhibit a com-
binatorial effect, where their joint adaptation can
further unlock the potential of hybrid retrieval?

Experimental Setting To test whether retriever-
type and query-format hybridizations interact
combinatorially, we explore a joint optimization
space over three parameters: « (sparse—dense),
(1 (original-expanded for the sparse retriever), and
B2 (the same for the dense retriever). Experiments
are conducted on the FiQA, with additional re-
sults reported in § C. For each query, we exhaus-
tively search for the configuration maximizing
nDCG@10. The resulting query-wise optima are
aggregated, revealing how the effectiveness of one
perspective depends on the other.

B, within Sparse

f, within Dense

Recall@10

Query-format weighting
[original(0)-expanded(1)]

Figure 5: Heatmaps of per-query optimal weights across
retriever « and query-format 3 axes.

Observation Figure 5 shows that retriever-type
and query-format hybridization do not operate in-
dependently. In some queries, expansion dispro-
portionately strengthens dense retrievers, while in
others it favors sparse retrievers, leading to shifts in
the optimal retriever balance. Conversely, the rel-
ative sparse-dense weighting determines whether

expansion helps or harms retrieval performance.
These results suggest that the two perspectives are
not merely additive but interactively coupled.

Insight The observed interdependence under-
scores the need to adopt a dual-perspective for-
mulation of retrieval. Because the effectiveness of
each perspective depends on the other, optimizing
either in isolation cannot fully exploit their com-
plementarity. This indicates that hybrid retrieval
behavior is inherently non-additive, and is better
captured when both perspectives are considered
jointly, particularly under query-wise adaptation.

4 QUDAR : Query-Wise
Dual-Perspective Adaptive Retrieval

4.1 Problem Definition

Given a query ¢ and a document corpus D, we
consider dual perspectives that govern retrieval be-
havior: retriever type (sparse vs. dense) and query
form (original query vs. expanded query). Apply-
ing both perspectives yields four retrieval outputs:

Ros(q) = Retrieverspare(q),
Rop(q) = Retrieverpense(q),
REs(q) = Retrieversparse (QE(q)),
REp(q) = Retrieverpense (QE(q)),

where Rpg and Rpp denote the ranked document
lists produced by sparse and dense retrievers re-
spectively when applied to the original query, and
REs and Rpp denote their counterparts using the
expanded query. R;(q) provides both a ranking
and associated document scores. We denote by
rank; (d) the position of document d in R;(q), and
by score;(d) its normalized retrieval score.
Our goal is to assign query-specific weights

Zwi = 1,
i

that determine the contribution of each list to the
final hybrid retrieval result. Formally, we define
the hybrid retrieval function as

D

i€{0S,0D,ES,ED}

wos,Wop, Wgs, wep € [0,1],

Rhybria(q) = w; - Ri(q).

The objective is to find the optimal weight
w = arg max S(Ruybria(q)), (D

where S(-) denotes a retrieval scoring function that
estimates the quality of the retrieved set.
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Figure 6: Overall framework of QUDAR. QUDAR integrates four retrieval signals to perform query-

wise dual-perspective hybridization.

It supports three weighting strategies:

QUDAR-simple, QUDAR-

confidence (confidence-based weighting), and QUDAR-Ilm (LLM-based scoring). The passages with the same
color denote identical retrieved passages across different signals.

4.2 Overall Framework

Figure 6 illustrates the overall pipeline of QUDAR.
Given the four retrieval outputs defined in § 4.1,
the framework integrates them through weighted
aggregation to produce a final hybrid ranking. For
each query, QUDAR applies a weighting mecha-
nism to combine the signals. We consider three
variants that differ in how the weights are de-
termined: QUDAR-simple uses fixed aggrega-
tion rules, QUDAR-confidence estimates weights
based on retrieval confidence, and QUDAR-IIm
leverages LLM-based relevance scoring. All three
share the same dual-perspective formulation, dif-
fering only in how they estimate the relative contri-
bution of each signal.

4.3 QUDAR-simple

We begin with the most straightforward form of
hybridization. QUDAR-simple combines the four
retrieval outputs (OS, OD, ES, ED) without query-
specific adaptation or external supervision. Despite
its simplicity, this approach already captures both
retrieval perspectives and thus serves as a meaning-
ful reference point.

QUDAR-simple (RRF). A rank-based fusion
alone can yield hybridization effects. Reciprocal
Rank Fusion (RRF) (Cormack et al., 2009) prior-
itizes documents ranked highly by any retriever,
while smoothing contributions across all four lists.
As a result, it preserves strong signals from indi-
vidual retrievers while mitigating noise, allowing
complementary results to reinforce each other.

1
score d) = —_
i€{0S,0D,ES,ED}
where rank;(d) is the position of document d under
retrieval setting ¢, and k is a smoothing parameter.

QUDAR-simple (Equal-weight). While RRF
exploits only rank information, equal-weight fusion
directly averages normalized retrieval scores. This
approach incorporates score distributions, thereby
reflecting relative retriever confidence rather than
discarding it. By equally weighting all four re-
trieval outputs, it provides a balanced aggregation
across retriever and query-format perspectives.

1
SCOreEqual (d) = 1 Z

ie{0S,0D,ES,ED}
4.4 QUDAR-confidence

We introduce QUDAR-confidence, a training-free
adaptive weighting method that infers retrieval reli-
ability from the confidence margin of each retrieval
signal. The core idea is that a retriever should
be trusted more when it ranks its top candidate
decisively higher than the rest, indicating higher
confidence and lower uncertainty.

For each retrieval list ¢ € {OS, OD, ES,ED},
we define the confidence margin as

score;(d).

m; = max(score; 1 — score; 2,0),

where score; 1 and score; o denote the normalized
scores of the top-1 and top-2 passages, respectively.
A larger margin implies a more confident rank-
ing signal, while a smaller margin suggests ambi-
guity among top candidates. The margins are then
transformed into normalized reliability weights
through a temperature-controlled softmax:

exp (m +5)

e (%)

where 7 controls smoothness and e prevents zero-
weight collapse. These weights are applied to the
four retrieval signals to perform query-wise adap-
tive fusion.

w; =
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Dataset | FiQA | SciDocs
Methods \ Metrics \ Recall@10 nDCG@10 Precision@1 \ Recall@10 nDCG@10 Precision@1

Original-Sparse 0.3135 0.2500 0.2299 0.1655 0.1578 0.1810
Individual Original-Dense 0.1649 0.1299 0.1173 0.1112 0.1031 0.1160
Retriever Expanded-Sparse 0.2085 0.1496 0.1127 0.1497 0.1370 0.1460
Expanded-Dense 0.1835 0.1363 0.1049 0.1487 0.1390 0.1570
Retriever. | Static Avg 0.2787 0.2232 0.2044 0.1597 0.1504 0.1703
Type Static UB 0.3361 0.2718 0.2500 0.1776 0.1683 0.1970
Single- | \ DAT | 02842 0.2332 02284 | 0.1614 0.1525 0.1720
Perspective Static Avg(S) | 0.2979 0.2303 0.1939 0.1682 0.1583 0.1759
Query- | Static UB(S) | 0.3404 0.2726 0.2423 0.1757 0.1666 0.1880
Format | Static Avg(D) |  0.1647 0.1262 0.1063 0.1362 0.1289 0.1510
Static UB(D) | 0.1810 0.1406 0.1265 0.1479 0.1413 0.1750
Static Avg 0.2779 0.2143 0.1806 0.1715 0.1615 0.1820
Static UB 0.3715 0.2915 0.2562 0.1917 0.1813 0.2060
P D“ali_ QUDAR-simple(RRF) 0.3219 0.2461 0.1944 0.1893 0.1757 0.1950
CISPECVE | QUDAR-simple(Equal) 0.3402 0.2654 0.2284 0.1906 0.1792 0.2000
QUDAR-confidence 0.3438 0.2684 0.2330 0.1920 0.1799 0.1990
QUDAR-IIm 0.3639 0.2837 0.2454 0.1920 0.1816 0.2050

Table 1: Retrieval results on two datasets: FiQA and SciDocs. The best results are in bold, and the second-best

results are underlined.
4.5 QUDAR-Im

We further propose QUDAR-IIm, a training-free
adaptive weighting method that leverages LLM-
based relevance scoring to infer query-specific re-
liability among the four retrieval signals. This
approach is inspired by DAT (Hsu and Tzeng,
2025), which adjusts retriever-type weights in a
training-free manner; however, QUDAR-IIm ex-
tends this idea to handle the joint interaction be-
tween retriever-type and query-format.

For a given query g, the top-1 passages retrieved
from the four retrieved lists are presented to the
LLM along with the query text. The LLM evalu-
ates how sufficiently each passage can answer the
query and assigns a relevance score from 0 to 5 for
each passage. We use gpt-4o0-mini for scoring,
and the full evaluation prompt is provided in § D.
To prevent any bias arising from retriever-type or
presentation order, the passages are randomly shuf-
fled before the scoring, and their scores are later
remapped to the original retrieval sources.

The obtained scores score-™ are converted into
probabilistic weights using a softmax function:

( scorel M ¢ )
exp| —+——

T

scoregLM-i-e ’
> exp ST

where 7 is a temperature parameter controlling the
smoothness of the weight distribution.

By directly assessing how well each retrieved
passage addresses the query, QUDAR-IIm esti-
mates semantic reliability, enabling query-wise
dual-perspective hybridization.

w; =

S5 Evaluation
5.1 Experimental Setup

Datasets We evaluate our method on five
datasets: four from the BEIR benchmark (Thakur
et al.,, 2021)-FiQA, SciDocs, HotpotQA, and
Climate-FEVER. These datasets cover diverse do-
mains and query types, including multi-hop reason-
ing and domain-specific retrieval. Further dataset
statistics and details are provided in § E.
Baselines We employ BM25 (Robertson and
Walker, 1994) as the sparse retriever and Con-
triever (Izacard et al., 2021) as the dense retriever
across all experiments. Expanded queries are
generated using LLaMA 3.1-8B, following prior
work (Gao et al., 2023; Zhang et al., 2024) that
reformulates queries into self-contained passages-
an effective strategy shown to enhance recall and
semantic coverage. We evaluate alternative re-
trieval components and query expansion meth-
ods, with detailed results in § F. The full prompt
used for query expansion is provided in § G. Our
code and implementation details are available at
https://github.com/kaist-dmlab/QuDAR.

We compare QUDAR against three categories
of baselines, grouped by hybridization perspective.

1. Individual retrievers: Using only one of the
four retrieval settings: Original-Sparse (OS),
Original-Dense (OD), Expanded-Sparse (ES),
and Expanded-Dense (ED).

2. Single-perspective hybrids:

* Retriever-type hybrids (original queries only):
Static averaging, grid-searched static weight-
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Dataset | Climate-FEVER | HotpotQA
Methods \ Metrics | Recall@10 nDCG@10 Precision@1 | Recall@10 nDCG@10 Precision@1

Original-Sparse 0.1750 0.1376 0.1160 0.6039 0.5741 0.6663
Individual Original-Dense 0.1235 0.0909 0.0606 0.4011 0.3531 0.3749
Retriever Expanded-Sparse 0.2598 0.2053 0.1720 0.4151 0.3605 0.3625
Expanded-Dense 0.1960 0.1624 0.1564 0.4838 0.4375 0.4675
Retriever. | Static Avg 0.1784 0.1420 0.1216 0.5730 0.5359 0.6097
Type Static UB 0.2040 0.1651 0.1498 0.6419 0.6096 0.7025
Single- | | DAT | 0.1699 0.1375 0.1251 | 05781 0.5567 0.6641
Perspective Static Avg(S) 0.2506 0.2020 0.1784 0.5869 0.5397 0.5898
Query- | Static UB(S) | 0.2886 0.2346 02117 0.6746 0.6342 0.7134
Format | Static Avg(D) | 0.1379 0.1080 0.0911 0.4943 0.4439 0.4743
Static UB(D) | 0.1527 0.1195 0.1075 0.5570 0.5013 0.5357
Static Avg 0.2169 0.1761 0.1603 0.6024 0.5529 0.6001
Static UB 0.2972 0.2408 0.2150 0.7110 0.6694 0.7463
P ]?“al'. QUDAR-simple(RRF) 0.2411 0.1931 0.1661 0.6741 0.6114 0.6460
erspective | uDAR-simple(Equal) 0.2464 0.2045 0.1967 0.6924 0.6423 0.6948
QUDAR-confidence 0.2473 0.2050 0.1967 0.6962 0.6478 0.7047
QUDAR-IIm 0.2583 0.2138 0.2085 0.6883 0.6579 0.7515

Table 2: Retrieval results on the other two datasets: Climate-FEVER and HotpotQA (same notation as Table 1).

ing, and Dynamic Alpha Tuning (DAT) (Hsu
and Tzeng, 2025), a query-adaptive method
that dynamically adjusts the balance between
sparse and dense retrievers.

* Query-format hybrids (retriever fixed): Static
averaging, grid-searched weighting.

3. Dual-perspective hybrids: Static averaging,
grid-searched weighting, and QUDAR, a query-
wise dual-perspective hybrid approach en-
compassing three variants (QUDAR-simple,
QUDAR-confidence, and QUDAR-1Im).

Metrics We evaluate retrieval performance using
three standard metrics: Recall@10, nDCG@10,
and Precision@1. Recall@10 measures the pro-
portion of relevant documents retrieved, while
nDCG @10 accounts for both relevance and rank-
ing position. Precision@1 reflects top-ranked re-
trieval accuracy.

5.2 Main Results

5.2.1 Retrieval Performance

Tables 1 and 2 summarize the results for the three
baseline categories on the four datasets.

QUDAR outperforms all individual retrievers
across datasets. Compared to the strongest in-
dividual retriever, it achieves on average 12-16%
higher recall, and improves precision on CLIMATE-
FEVER by up to 21%. The performance variation
across datasets indicates that retrieval effective-
ness depends heavily on both the retriever type and
the query expansion strategy. This suggests that a
query-wise dual-perspective adaptation, as imple-
mented in QUDAR, can complement these vari-

ations and yield consistently robust performance
across domains.

In the single-perspective setting, QUDAR con-
sistently surpasses both static and dynamic base-
lines. On the retriever-type, it achieves 28% gains
over static averaging, 8% gains over the grid-
searched upper bound, and notably exceeds DAT
by more than 25% on average. On the query-
format, it yields 3—22% improvements over static
averaging and up to 9% over the grid-searched up-
per bound. While single-perspective adaptation
can partially capture hybridization benefits, the re-
sults vary with dataset characteristics and the effect
of query expansion, highlighting the need for per-
query adaptive integration across both perspectives.

QUDAR also achieves comparable performance
to static dual-perspective hybrids. It improves
recall by up to 30% and precision by up to 35% rel-
ative to the static hybrid average. Although its per-
formance is slightly below the grid-searched upper
bound on some datasets, it maintains over 90% of
that performance in most cases and even surpasses
it on SciDocs. Unlike grid search, which requires
exhaustive evaluation of all retrieval combinations
and is thus highly time-consuming and impracti-
cal, QUDAR dynamically determines query-wise
weights without any training or search, achieving
both effectiveness and efficiency.

5.2.2 Generation Performance

To evaluate whether improvements in retrieval qual-
ity translate into downstream RAG performance,
we conduct end-to-end QA experiments on FIQA
and HOTPOTQA. Due to the cost of generation-
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Group Method FiQA HotpotQA
Recall@10 Gen. | Recall@10 Gen.
Original-Sparse 0.3133 0.14 0.615 0.36
Individual Retriever Original-Dense 0.1613 0.10 0.411 0.28
Expanded-Sparse 0.2033 0.12 0411 0.31
Expanded-Dense 0.1349 0.10 0.463 0.33
Sinele-Perspective Retriever-Type Fusion 0.3329 0.15 0.656 0.40
& P Query-Format Fusion 0.1774 0.10 0.557 0.39
QUDAR-simple (RRF) 0.3153 0.16 0.668 0.42
Dual-Perspective QUDAR-simple (Equal) 0.3372 0.16 0.685 0.43
v pectv QUDAR-confidence 0.3399 0.17 0.687 0.44
QUDAR-IIm 0.3589 0.18 0.683 0.44

Table 3: Retrieval and generation performance on FiQA and HotpotQA (sampled subsets). "Gen." denotes generation
quality measured by an LLM-based metric. The best results are in bold.

Dataset Time Tokens Cost
(s/query) (#/query) ($/query)
FiQA 0.69 1271 1.9e-4
SciDocs 0.70 1145 1.7e-4
Climate-Fever 0.75 1263 1.9e-4
HotpotQA 0.79 636 9.5e-5

Table 4: Cost and latency of LLM-based weighting
using gpt-4o-mini.

based evaluation, we sample 500 queries from each
dataset. For each method, retrieved passages are
provided to an LLM to generate answers, which are
then evaluated using an LLM-based metric (Wang
et al., 2023a). We use Qwen2.5-7B for both gener-
ation and evaluation, with identical settings across
methods. Results are summarized in Table 3.

QUDAR consistently improves generation per-
formance. Across both datasets, improved re-
trieval quality translates into higher generation
quality. QUDAR achieves over 20% gains com-
pared to the best individual retriever, and further im-
proves over single-perspective methods by approx-
imately 6% on FIQA and 10% on HOTPOTQA.
These results show that jointly modeling retriever
type and query format leads to more effective con-
text selection and better answer quality.

5.3 Cost and Latency Analysis

QUDAR-IIm requires an additional LLM call
per query, introducing computational cost and la-
tency. To quantify this overhead, we measure infer-
ence time, token usage, and monetary cost using
gpt-40-mini across all datasets (Table 4). Each
query requires approximately 0.7 seconds of in-
ference and several hundred to over a thousand
tokens, resulting in additional cost. This overhead
may be a concern in real-time or large-scale set-
tings. QUDAR also includes training-free variants

(QUDAR-simple and QUDAR-confidence) that
avoid LLM calls while still outperforming single-
perspective baselines. This allows the choice of
variant to be adapted based on the desired trade-off
between efficiency and performance.

As shown in § 3, the dual-perspective formula-
tion exposes greater performance headroom than
single-perspective methods. While LLM-based
scoring provides strong relevance signals, the gains
of QUDAR-IIm arise from combining complemen-
tary signals across retriever type and query format.
QUDAR-IIm explores part of this upper bound,
indicating that the dual-perspective formulation en-
ables more effective retrieval combinations. Ad-
ditional analysis of LLM-based weighting is pro-
vided in § H.

6 Conclusion

We present QUDAR (Query-wise Dual-
perspective Adaptive Retrieval), a lightweight and
retriever-agnostic framework that adaptively inte-
grates retrieval signals across two complementary
perspectives: retriever-type (sparse vs. dense) and
query-format (original vs. expanded). Through
extensive analysis, we highlighted the limitations
of static hybridization and the need for per-query
adaptation along both perspectives.

QUDAR realizes this principle through three
training-free variants: QUDAR-simple, QUDAR-
confidence, and QUDAR-IIm. Across multiple
retrieval and RAG benchmarks, QUDAR achieves
consistent gains, 12-16% over the best individual
retriever and up to 30% over static averaging base-
lines, demonstrating strong generalization across
domains and query types. These results suggest
that query-wise dual-perspective adaptation is an
effective strategy for retrieval optimization.
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Limitations

Query-wise weight adjustment is expected to de-
pend on the characteristics of the query, corpus,
and the chosen retrievers. In this work, we ex-
plored several training-free strategies that adjust
weights using signals captured from four retrieval
combinations. While our analysis demonstrates
that dynamic weighting per query has significant
potential for performance gains, our methods do
not fully reach the upper-bound performance. In-
corporating learned predictors or training-based
adaptive weighting could further narrow this gap.

Moreover, our results show that retrieval perfor-
mance is highly sensitive to both retriever type and
query formulation. While we explored a range of
retrieval components and query expansion methods
(§ F), these do not exhaust the space of possible
combinations. Further exploration of additional re-
trieval architectures and expansion strategies could
provide a more comprehensive understanding of
the generality of these findings.
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A Detailed Results of Retriever-Type and
Query-Format Hybridization

We provide complete numerical results for all hy-
bridization analyses. Table 5 reports performance
when varying the sparse-dense weighting o from 0
to 1 for the CONTRIEVER retriever. Tables 6 and
7 show the results of query-format hybridization—
varying the ratio between original and expanded
queries—under sparse and dense retrievers, respec-
tively. The experiments reveal that the optimal
sparse-dense weighting ratio varies substantially
across datasets and retrievers. The relative impor-
tance of sparse and dense signals differs by dataset,
and even under identical settings, the optimal bal-
ance shifts depending on retriever characteristics.
Query expansion also exhibits dataset-dependent
behavior: it improves performance on CLIMATE-
FEVER, whereas HOTPOTQA and FIQA favor
original queries. These results indicate that hybrid
performance cannot be maintained by any fixed
weighting scheme and emphasize the need for adap-
tive weighting that accounts for both query and
retriever characteristics.

B Dual-Perspective Upper Bound

To complement the experiments in § 3.3, we esti-
mate query-wise upper bounds (UBs) of hybridiza-
tion for the remaining BEIR datasets: Climate-
FEVER, SciDocs, and HotpotQA. For each query,
we identify the weighting ratio that maximizes
nDCG@10, exploring both retrieval perspectives:
retriever-type (sparse vs. dense) and query-format
(original vs. expanded). We vary the weighting
from O to 1 in increments of 0.1. The queries show-
ing identical performance across five or more ratios
are excluded, because hybridization offers no mean-
ingful effect in such cases. For the queries with
multiple optimal ratios, we take their mean value
as the final optimum.

Figures 7-9 illustrate the distribution of opti-
mal ratios for both perspectives, revealing sub-
stantial variation across datasets. Some lean to-
ward sparse signals, while others favor dense or ex-
panded queries, highlighting dataset- and retriever-
specific sensitivity. Table 8 reports the overall per-
formance under static and dynamic UB settings
for each perspective. The results show consistent
improvements of dynamic weighting over static
combinations, quantitatively supporting the need
for per-query adaptive hybridization across both
retrieval perspectives.
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Figure 7: Distributions of per-query optimal weighting
ratios (a) and upper-bound retrieval performance (b) in
Scidocs.
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Figure 8: Distributions of per-query optimal weighting
ratios (a) and upper-bound retrieval performance (b) in
Climate-FEVER.
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Figure 9: Distributions of per-query optimal weighting
ratios (a) and upper-bound retrieval performance (b) in
HotpotQA.
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Dataset ‘ Metrics \ Ratio 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Recall@10 03135 0.3293 0.3316 0.3361 0.3304 0.3184 0.2838 0.2522 0.2155 0.1905 0.1649
nDCG@10 0.2500 0.2617 0.2680 0.2718 0.2634 0.2515 0.2267 0.2020 0.1765 0.1535 0.1299
FiQA MAP@10 0.1895 0.1986 0.2060 0.2087 0.1996 0.1888 0.1693 0.1497 0.1299 0.1111 0.0916
Precision@1 | 0.2299 0.2392 0.2469 0.2500 0.2361 0.2269 0.2037 0.1821 0.1698 0.1466 0.1173
MRR@20 0.3188 0.3297 0.3367 0.3424 0.3332 0.3207 0.2954 0.2687 0.2446 0.2144 0.1830
Recall@10 0.1655 0.1705 0.1749 0.1776 0.1776 0.1753 0.1682 0.1603 0.1463 0.1295 0.1112
nDCG@10 0.1578 0.1608 0.1652 0.1683 0.1680 0.1663 0.1591 0.1504 0.1356 0.1195 0.1031
SciDocs MAP@10 0.0923  0.0934 0.0959 0.0975 0.0970 0.0954 0.0904 0.0846 0.0747 0.0645 0.0545
Precision@1 | 0.1810 0.1770 0.1870 0.1970 0.1920 0.1910 0.1810 0.1730 0.1480 0.1300 0.1160
MRR @20 0.2864 0.2889 0.2982 0.3067 0.3061 0.3051 0.2946 0.2797 0.2527 0.2273 0.2031
Recall@10 0.1750 0.1861 0.1947 0.1947 0.2016 0.2040 0.1952 0.1797 0.1651 0.1431 0.1235
nDCG@10 0.1376  0.1473 0.1553 0.1592 0.1643 0.1651 0.1573 0.1464 0.1290 0.1098 0.0909
Climate-FEVER MAP@10 0.0926 0.0996 0.1055 0.1100 0.1131 0.1134 0.1075 0.1010 0.0873 0.0737 0.0597
Precision@1 | 0.1160 0.1270 0.1375 0.1433 0.1511 0.1498 0.1375 0.1290 0.1023 0.0834 0.0606
MRR @20 0.1987 0.2120 0.2233 0.2310 0.2380 0.2376 0.2263 0.2121 0.1836 0.1558 0.1281
Recall@10 0.6039 0.6199 0.6334 0.6419 0.6419 0.6318 0.6043 0.5615 0.5094 0.4534 0.4011
nDCG@10 0.5741 0.5900 0.6022 0.6096 0.6090 0.5960 0.5679 0.5210 0.4651 0.4069 0.3531
HotpotQA MAP@10 0.4800 0.4963 0.5080 0.5146 0.5131 0.4986 0.4702 0.4240 0.3724 03198 0.2725
Precision@1 | 0.6663 0.6825 0.6951 0.7025 0.7020 0.6835 0.6509 0.5907 0.5163 0.4420 0.3749
MRR @20 0.7427 0.7575 0.7692 0.7769 0.7771 0.7636 0.7360 0.6826 0.6142 0.5420 0.4736

Table 5: Sparse—dense hybridization results on Contriever.

Dataset | Metrics \ Ratio | 0 0.1 0.2 03 04 0.5 0.6 0.7 0.8 0.9 1
Recall@10 0.3135 03311 0.3350 0.3404 0.3328 0.3320 0.3168 0.2857 0.2524 0.2292 0.2085
nDCG@10 0.2500 0.2614 0.2673 0.2726 0.2699 0.2582 0.2378 0.2116 0.18380 0.1667 0.1496
FiQA MAP@10 0.1895 0.1979 0.2031 0.2079 0.2065 0.1934 0.1750 0.1543 0.1372 0.1200 0.1066
Precision@1 | 0.2299 0.2346 0.2392 0.2423 0.2361 0.2130 0.1914 0.1620 0.1451 0.1265 0.1127
MRR @20 0.3188 0.3284 0.3366 0.3429 0.3402 0.3198 0.2906 0.2583 0.2326 0.2070 0.1865
Recall@10 0.1655 0.1701 0.1728 0.1748 0.1754 0.1757 0.1731 0.1696 0.1653 0.1582 0.1497
nDCG@10 0.1578 0.1614 0.1652 0.1666 0.1666 0.1662 0.1632 0.1593 0.1532 0.1449 0.1370
SciDocs MAP@10 0.0923 0.0940 0.0964 0.0971 0.0967 0.0963 0.0940 0.0914 0.0866 0.0811 0.0765
Precision@1 | 0.1810 0.1810 0.1880 0.1870 0.1860 0.1870 0.1780 0.1780 0.1690 0.1540 0.1460
MRR @20 0.2864 0.2911 0.3001 0.3010 0.3007 0.3002 0.2957 0.2891 0.2779 0.2620 0.2498
Recall@10 0.1750 0.1964 0.2196 0.2383 0.2620 0.2771 0.2868 0.2886 0.2814 0.2719 0.2598
nDCG@10 0.1376 0.1555 0.1759 0.1937 0.2141 0.2271 0.2346 0.2346 0.2268 0.2170 0.2053
Climate-FEVER MAP@10 0.0926 0.1052 0.1206 0.1343 0.1495 0.1584 0.1634 0.1627 0.1556 0.1475 0.1382
Precision@1 | 0.1160 0.1355 0.1590 0.1759 0.1987 0.2046 0.2117 0.2104 0.1980 0.1811 0.1720
MRR @20 0.1987 0.2227 0.2497 0.2741 0.3002 0.3173 0.3268 0.3258 0.3161 0.3019 0.2879
Recall@10 0.6039 0.6238 0.6467 0.6663 0.6746 0.6654 0.6211 0.5658 0.5115 0.4612 0.4151
nDCG@10 0.5741 05932 0.6121 0.6285 0.6342 0.6170 0.5625 0.5042 0.4495 0.4012 0.3605
HotpotQA MAP@10 0.4800 0.4999 0.5187 0.5349 0.5406 0.5226 0.4706 0.4171 0.3669 0.3237 0.2877
Precision@1 | 0.6663 0.6840 0.6980 0.7134 0.7132 0.6768 0.5951 0.5210 0.4550 0.4022 0.3625
MRR @20 0.7427 0.7591 0.7728 0.7857 0.7878 0.7619 0.6906 0.6189 0.5540 0.4981 0.4542

Table 6: Query-format hybrid

C Combinatorial Effect

To further examine how retriever-type and query-
format hybridizations interact, we extend the analy-
sis from § 3.4 by exploring their joint optimiza-
tion space on the remaining datasets (Climate-
FEVER, SciDocs, and HotpotQA). For each
query, we perform an exhaustive grid search over
three parameters—a (sparse-dense weighting), 31
(original-expanded weighting for the sparse re-
triever), and (3o (for the dense retriever)—to iden-
tify the configuration that maximizes nDCG@10.
Figures 10-12 visualize the distributions of
query-wise optimal combinations across datasets.

3

ization under the sparse retriever.

The results reveal strong interdependence between
the two perspectives: the optimal sparse-dense ratio
shifts depending on how the original and expanded
queries are weighted, and vice versa. This suggests
that each axis modulates the effectiveness of the
other, reinforcing the necessity of a unified dual-
perspective adaptive approach.
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Dataset ‘ Metrics \ Ratio 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Recall@10 0.1649 0.1731 0.1779 0.1754 0.1810 0.1808 0.1719 0.1580 0.1541 0.1439 0.1304
nDCG@10 0.1299 0.1350 0.1378 0.1372 0.1402 0.1406 0.1310 0.1209 0.1162 0.1053 0.0940
FiQA MAP@10 0.0916 0.0949 0.0969 0.0975 0.0997 0.1017 0.0929 0.0847 0.0807 0.0724 0.0642
Precision@1 | 0.1173 0.1173 0.1235 0.1265 0.1250 0.1219 0.1049 0.0957 0.0910 0.0787 0.0679
MRR @20 0.1830 0.1870 0.1919 0.1916 0.1931 0.1892 0.1753 0.1642 0.1558 0.1388 0.1249
Recall@10 0.1112  0.1202 0.1307 0.1392 0.1449 0.1479 0.1465 0.1439 0.1435 0.1380 0.1322
nDCG@10 0.1031 0.1115 0.1207 0.1296 0.1355 0.1408 0.1413 0.1401 0.1373 0.1313  0.1262
SciDocs MAP@10 0.0545 0.0598 0.0656 0.0718 0.0756 0.0799 0.0810 0.0806 0.0785 0.0747 0.0719
Precision@1 | 0.1160 0.1240 0.1370 0.1470 0.1560 0.1710 0.1750 0.1740 0.1630 0.1500 0.1480
MRR @20 0.2031 0.2161 0.2296 0.2448 0.2547 0.2668 0.2698 0.2689 0.2589 0.2465 0.2398
Recall@10 0.1235 0.1365 0.1440 0.1491 0.1527 0.1486 0.1476 0.1404 0.1317 0.1245 0.1178
nDCG@10 0.0909 0.1009 0.1089 0.1165 0.1195 0.1185 0.1184 0.1138 0.1065 0.1003 0.0942
Climate-FEVER MAP@10 0.0597 0.0665 0.0721 0.0782 0.0795 0.0792 0.0792 0.0761 0.0707 0.0662 0.0614
Precision@1 | 0.0606 0.0704 0.0821 0.0958 0.0977 0.1016 0.1062 0.1075 0.0990 0.0938 0.0879
MRR @20 0.1281 0.1408 0.1546 0.1690 0.1737 0.1760 0.1768 0.1727 0.1634 0.1551 0.1469
Recall@10 0.4011 0.4363 0.4753 0.5128 0.5411 0.5570 0.5470 0.5276 0.5041 0.4792 0.4560
nDCG@10 0.3531 0.3860 0.4234 0.4596 0.4880 0.5013 0.4937 04770 0.4556 0.4339 04117
HotpotQA MAP@10 02725 0.3010 0.3343  0.3679 0.3957 0.4102 0.4062 0.3934 0.3747 0.3557 0.3356
Precision@1 | 0.3749 0.4097 0.4531 0.4928 0.5236 0.5357 0.5282 0.5091 0.4855 0.4652 0.4397
MRR@20 0.4736  0.5120 0.5553 0.5947 0.6238 0.6316 0.6198 0.5981 0.5737 0.5502 0.5246
Table 7: Query-format hybridization under the dense retriever.
. : Single-P ti .
Dataset } Metrics \ Methods } Individual Retriever } Retriever Type ‘ gle-Terspec :;uery_me ‘ Dual-Perspective
| | os oD ES ED | Static UB  Dynamic UB | Static UB (S) Dynamic UB (S) Static UB (D) Dynamic UB (D) | Static UB  Dynamic UB
Recall@10 03135 0.1649 02085 0.1835 | 03361 03916 03404 0.4007 0.1810 02278 03715 05011
nDCG@10 02500 0.1299 0.1496 0.1363 | 02718 03272 02726 03341 0.1406 0.1851 02915 04385
FiQA MAP@I0 0.1895  0.0916 0.1066 0.0969 | 0.2087 02558 02079 02623 0.1017 0.1356 0.2209 03549
Precision@l | 02299 0.1173 0.1127 0.1049 | 02500 03179 02423 03287 0.1265 0.1744 02562 04522
MRR@20 03188 0.1830 0.1865 0.1757 | 03424 04126 03429 04168 0.1931 02495 0.3592 05434
Recall@10 0.1655 0.1112 0.1497 0.1487 | 0.1776 0.2082 0.1757 02132 0.1479 0.1778 0.1917 02745
nDCG@10 0.1578  0.1031 01370 0.1390 | 0.1683 02057 0.1666 02099 0.1413 0.1758 0.1813 02808
SciDocs MAP@I0 00923 00545 00765 0.0783 | 0.0975 0.1226 0.0971 0.1261 0.0810 0.1032 0.1056 0.1772
Precision@l | 0.1810 0.1160 0.1460 0.1570 | 0.1970 02640 0.1880 02680 0.1750 02300 0.2060 03990
MRR@20 02864 02031 02498 02584 | 03067 03750 03010 03775 0.2698 03273 0.3249 05015
Recall @10 0.1750  0.1235 02598 0.1960 | 0.2040 0.2420 02886 03350 0.1527 0.1844 02972 03859
nDCG@10 0.1376 0.0909 02053 0.1624 | 0.1651 02042 02346 0.2908 0.1195 0.1567 0.2408 03544
Climate-FEVER MAP@I0 0.0926 00597 0.1382 0.1121 | 0.1134 0.1426 0.1634 02085 0.0795 0.1084 0.1675 02613
Precision@l | 0.1160 0.0606 0.1720 0.1564 | 0.1498 02059 02117 03023 0.1075 0.1577 02150 04150
MRR@20 0.1987 0.1281 02879 02393 | 02376 0.2940 03268 04113 0.1768 02335 03317 05136
Recall@10 0.6039 04011 04151 04838 | 0.6419 0.6759 0.6746 07214 05570 0.6105 0.7110 07891
nDCG@10 05741 03531 03605 04375 | 0.6096 0.6549 06342 0.6993 05013 05786 0.6694 0.7784
HotpotQA MAP@10 04800 02725 02877 03592 | 05146 0.5630 05406 0.6149 04102 04916 05775 0.7075
Precision@l | 0.6663 03749 03625 04675 | 07025 0.7710 07134 0.8061 05357 0.6586 0.7463 0.8917
MRR@20 07427 04736 04542 05527 | 0.7769 0.8288 07878 0.8557 0.6316 07282 0.8175 09198

Table 8: Static and dynamic upper bounds of hybridization.
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Figure 10: Heatmaps of per-query optimal weights in
Scidocs.

D Full Prompt of Scoring LLM

The following prompt was used to evaluate the rel-
evance of top-1 retrieved passages for each query,
as described in § 4. The LLM (gpt-40-mini) re-
ceives the query and four candidate passages—one
from each retrieval configuration—and assigns a

B, within Sparse

B3, within Dense

10

06

Recall@10

Query-format weighting
[original(0)-expanded(1)]

o

"02 [spz;rzse(O;:denseé( D] "

00

o. 04 06 08 1

Retriever-type weighting

00

Figure 11: Heatmaps of per-query optimal weights in
Climate-FEVER.

score from O to 5 to indicate how well each pas-
sage answers the query. Passages are randomly
shuffled before presentation to prevent order bias,
and scores are mapped back to their corresponding
retrievers after evaluation.
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Figure 12: Heatmaps of per-query optimal weights in
HotpotQA.

Prompt 1. Scoring LLM

You are an impartial evaluator of retrieval ef-
fectiveness. Score each anonymous passage
with an integer from O to 5 (inclusive) using
ONLY the criteria below. Return a JSON
array of four integers in order, nothing else.

Scoring Criteria (0-5):

5 = Direct hit (clearly answers the question)
4 = Very close (high likelihood correct
answer is nearby

3 = Somewhat close (related, partial answer
Or near-miss)

2 = Loosely related but likely off in ranking
neighborhood

1 = Barely related; unlikely nearby

0 = Unrelated / off-track

Output: A JSON array of four integers (e.g.,
[3,4,5,1]). No extra text.

Query : {Query}

You will see 4 anonymous retrieval results
(Topls), in random order.

1: {Passagel}

2 : {Passage?2}

3: {Passage3}

4 : {Passage4}

E Dataset Statistics and Details

To evaluate the performance and generalizability of
our proposed method, we conduct experiments on
five diverse datasets, including four from the BEIR
benchmark (Thakur et al., 2021), FiQA, SciDocs,
HotpotQA, and Climate-FEVER. These datasets
span a variety of domains, query types, and seman-

tic challenges, making them suitable for assessing
the overall effectiveness of our method. Table 9
provides a summary of these datasets.

In particular, the four BEIR datasets often con-
tain multiple relevant passages per query, mak-
ing them ideal for comparing relative retrieval
performance rather than performing strict single-
document evaluation. Additionally, HotpotQA
requires multi-hop reasoning, while FiQA and
SciDocs are expert-domain datasets that demand
domain-specific knowledge and reasoning.

* FiQA focuses on financial and economic ques-
tion answering. Queries are fact-based and of-
ten domain-specific, requiring accurate terminol-
ogy and high-precision retrieval. This dataset is
well-suited to evaluate retrieval models in expert-
oriented settings.

* SciDocs contains scientific article retrieval tasks
such as citation prediction and document recom-
mendation. Queries are typically paper abstracts
or titles, and relevant documents may exhibit
weak lexical overlap, posing a strong challenge
for semantic retrieval.

* HotpotQA is an open-domain QA dataset de-
signed for multi-hop reasoning. Each question
requires evidence from multiple documents, mak-
ing it useful for evaluating a system’s ability to re-
trieve semantically complementary information.

* Climate-FEVER consists of fact-based claims
related to climate change. The retrieval task is
to find supporting or refuting evidence from sci-
entific and journalistic corpora. This dataset em-
phasizes high-precision retrieval in a narrow but
fact-intensive domain.

F Generalization Across Retrieval
Components

To assess the generalizability of our findings, we
conduct additional experiments using a broader
set of retrieval components, including alter-
native sparse retrievers, dense retrievers, and
query expansion methods. Specifically, we con-
sider BM25 (Robertson and Walker, 1994) and
SPLADE++ (Formal et al., 2021) as sparse re-
trievers, Contriever (Izacard et al., 2021), ES-
base (Wang et al., 2022), and BGE-M3 (Chen
et al., 2024) as dense retrievers, and two query
expansion methods: HyDE-style self-generated
passage (Gao et al., 2023; Zhang et al., 2024)s
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Domain Task # query # corpus average # gt/query
Scidocs Pubmed paper citation prediction | 1,000 25K 4.9
FiQA financial QA 648 57K 2.6
Climate-Fever | climate wikipedia fact checking 1,535 5.42M 3
HotpotQA wikipedia QA (multihop) 7,405 5.23M 2
Table 9: Statistics of the four datasets used for the evaluation.
Dataset Method Recall@10 nDCG@10 Precision@1
Best Individual Retriever (OS) 0.3135 0.2500 0.2299
FiQA Best Single-perspective (OS+0D) 0.3507 0.2797 0.2531
QuDAR 0.4082 0.3339 0.3086
Best Individual Retriever (OS) 0.1655 0.1578 0.1810
SciDocs Best Single-perspective (OS+0D) 0.1837 0.1747 0.2010
QuDAR 0.1979 0.1883 0.2210
Best Individual Retriever (ED) 0.3234 0.2710 0.2580
Climate-FEVER  Best Single-perspective (OD+ED) 0.3641 0.3045 0.2951
QuDAR 0.3777 0.3208 0.3147
Best Individual Retriever (OS) 0.6039 0.5741 0.6663
HotpotQA Best Single-perspective (OS+0D) 0.6883 0.6562 0.7473
QuDAR 0.7417 0.7001 0.7646

Table 10: Generalization results with BM25 (sparse), BGE-M3 (dense), and HyDE query expansion. Best results

are in bold.

and pseudo-relevance feedback (PRF) (Rocchio Jr,
1971). These configurations cover a range of re-
trieval architectures and expansion strategies com-
monly used in recent work.

Tables 10—-13 summarize representative results
under these settings. Across all configurations, we
observe that the patterns identified in § 5 remain
consistent. First, substantial per-query variability
persists, indicating that the optimal combination
of retriever type and query format varies across
queries even when stronger or more recent com-
ponents are used. Second, the two perspectives
exhibit structured interactions, consistent with the
analysis in § 3.3—§ 3.4. This confirms that dual-
perspective interaction is not tied to a specific
model or method, but reflects a general property of
retrieval behavior.

In terms of performance, QUDAR remains com-
petitive with or outperforms individual retrievers
and single-perspective methods across most con-
figurations. The largest gains are observed when
neither retriever-type nor query-format signals are
dominant, i.e., when complementary signals can
be effectively combined. In contrast, when a single
signal consistently dominates, single-perspective
methods may achieve stronger performance. This
suggests that the effectiveness of QUDAR depends
on the degree of complementarity between the two

perspectives. Overall, these results indicate that the
dual-perspective structure identified in this work
is largely model-agnostic and generalizes across a
wide range of retrieval architectures.

G Full Prompt of Query Exapnsion

We employ LLaMA 3.1-8B to generate expanded
queries by reformulating the original query into a
self-contained passage, following prior work that
demonstrated its effectiveness for improving recall
and semantic coverage (Gao et al., 2023; Zhang
et al., 2024). The following prompt was used for
all datasets and retrievers.

Prompt 2. Query Expansion

You are a neutral fact compiler. Your task is
to write a single, dense, factual paragraph
with no formatting. Crucially, do not answer
the query. Your goal is to write a descriptive
passage about the topic or entity that the
answer refers to. Within this description, you
must naturally embed the specific details
mentioned in the query. The final connection
must be inferred by the reader.

Query : {Query}
Passage :
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Dataset Method Recall@10 nDCG@10 Precision@1
Best Individual Retriever (OS) 0.3135 0.2500 0.2299
FiQA Best Single-perspective (OS+0D) 0.3507 0.2797 0.2531
QuDAR 0.3629 0.2958 0.2654
Best Individual Retriever (OS) 0.1655 0.1578 0.1810
SciDocs Best Single-perspective (OS+0D) 0.1837 0.1747 0.2010
QuDAR 0.1948 0.1783 0.1800
Best Individual Retriever (OD) 0.3013 0.2501 0.2293
Climate-FEVER  Best Single-perspective (OD+ED) 0.3255 0.2676 0.2410
QuDAR 0.3256 0.2572 0.1987
Best Individual Retriever (OS) 0.6039 0.5741 0.6663
HotpotQA Best Single-perspective (OS+0D) 0.6883 0.6562 0.7473
QuDAR 0.6637 0.6298 0.7209

Table 11: Generalization results with BM25 (sparse), BGE-M3 (dense), and PRF query expansion. Best results are

in bold.

Dataset Method Recall@10 nDCG@10 Precision@1
Best Individual Retriever (OD) 0.4781 0.4065 0.3981

FiQA Best Single-perspective (OS+0D) 0.5122 0.4349 0.4228
QuDAR 0.4719 0.3859 0.3457
Best Individual Retriever (OD) 0.1995 0.1847 0.2020

SciDocs Best Single-perspective (OD+ED) 0.2057 0.1930 0.2220
QuDAR 0.2044 0.1951 0.2330
Best Individual Retriever (OD) 0.3209 0.2638 0.2391

Climate-FEVER  Best Single-perspective (OD+ED) 0.3602 0.3016 0.2853
QuDAR 0.3637 0.3074 0.3003
Best Individual Retriever (OD) 0.7292 0.6910 0.7623

HotpotQA Best Single-perspective (OS+0OD) 0.7640 0.7294 0.8120
QuDAR 0.7657 0.7334 0.8205

Table 12: Generalization results with BM25 (sparse), ES-base (dense), and HyDE query expansion. Best results are

in bold.

H Effect of LLM-based Weighting

To isolate the effect of LLM-based weighting, we
compare its performance under single-perspective
settings (retriever-type only and query-format only)
and the dual-perspective setting used in QUDAR.
Specifically, we apply the same LLM-based scoring
mechanism across these variants and evaluate their
retrieval performance.

Table 14 shows that LLM-based weighting con-
sistently improves over individual retrievers, in-
dicating that LLM-derived relevance signals are
effective. However, the dual-perspective variant
(QUDAR-IIm) achieves higher performance than
both single-perspective variants in most cases. This
suggests that the performance gains are not solely
due to the LLM itself, but also depend on com-
bining complementary signals across retriever-type
and query-format.

We also observe that when one signal is particu-
larly strong, single-perspective variants can be com-

petitive or even outperform the dual-perspective
approach. For example, on CLIMATE-FEVER,
the query-format variant slightly exceeds QUDAR-
IIm, reflecting a case where expanded queries with
sparse retrieval dominate. Overall, these results
indicate that the effectiveness of QUDAR-1Im de-
pends on the degree of complementarity between
the two perspectives.

38678



Dataset Method Recall@10 nDCG@10 Precision@1

Best Individual Retriever (OS) 0.4236 0.3568 0.3395
FiQA Best Single-perspective (OS+ES) 0.4299 0.3630 0.3549
QuDAR 0.3971 0.3330 0.3133
Best Individual Retriever (OS) 0.1641 0.1581 0.1910
SciDocs Best Single-perspective (OS+0D) 0.1804 0.1701 0.2050
QuDAR 0.1919 0.1815 0.2090
Best Individual Retriever (ES) 0.2974 0.2496 0.2391
Climate-FEVER  Best Single-perspective (OS+ES) 0.3472 0.2914 0.2801
QuDAR 0.3073 0.2572 0.2463
Best Individual Retriever (OS) 0.7023 0.6867 0.8131
HotpotQA Best Single-perspective (OS+ES) 0.7398 0.7166 0.8334
QuDAR 0.7339 0.7069 0.8054

Table 13: Generalization results with SPLADE++ (sparse), Contriever (dense), and HyDE query expansion. Best
results are in bold.

Dataset Method Recall@10 nDCG@10 Precision@1
Single-perspective: Retriever-type 0.3230 0.2656 0.2485
FiQA Single-perspective: Query-format 0.3271 0.2604 0.2222
Dual-perspective: QUDAR-IIm 0.3639 0.2837 0.2454
Single-perspective: Retriever-type 0.1737 0.1640 0.1900
SciDocs Single-perspective: Query-format 0.1770 0.1684 0.1920
Dual-perspective: QUDAR-IIm 0.1920 0.1816 0.2050
Single-perspective: Retriever-type 0.2019 0.1646 0.1505
Climate-FEVER  Single-perspective: Query-format 0.2803 0.2311 0.2137
Dual-perspective: QUDAR-1Im 0.2583 0.2138 0.2085
Single-perspective: Retriever-type 0.6357 0.6099 0.7184
HotpotQA Single-perspective: Query-format 0.6681 0.6331 0.7219
Dual-perspective: QUDAR-1Im 0.6883 0.6579 0.7515

Table 14: Comparison of LLM-based weighting under single-perspective and dual-perspective (QUDAR-1Im)
settings. Best results are in bold.
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