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Abstract

Retrieval-augmented generation (RAG) has be-
come a cornerstone for knowledge-intensive
tasks. However, the efficacy of RAG is often
bottlenecked by the “one-size-fits-all” retrieval
paradigm, as different queries exhibit distinct
preferences for different retrievers. While re-
cent routing techniques attempt to select the
optimal retriever dynamically, they typically
operate under a “single and static capability”
assumption, selecting retrievers solely based
on semantic relevance. This overlooks a criti-
cal distinction in RAG: a retrieved document
must not only be relevant but also effectively
support the generator in producing correct an-
swers. To address this limitation, we propose
R3AG, a novel routing framework that explicitly
models the dynamic alignment between queries
and retriever capabilities. Unlike previous ap-
proaches, R®AG decomposes retriever capability
into two learnable dimensions: retrieval qual-
ity and generation utility. We employ a con-
trastive learning objective that leverages com-
plementary supervision signals, i.e., document
assessments and downstream answer correct-
ness, to capture query-specific preference shifts.
Extensive experiments on several knowledge-
intensive tasks show that R*AG consistently out-
performs both the best individual retrievers and
state-of-the-art static routing methods.

1 Introduction

The rapid progress of large language models
(LLMs) has substantially advanced the state-of-the-
art in natural language processing(NLP), playing an
increasingly important role in a wide range of real-
world applications (Vaswani et al., 2017; Radford
etal., 2018; Brown et al., 2020; Bubeck et al., 2023;
Zhao et al., 2023). Despite these impressive capa-
bilities, LLMs are inherently constrained by their
static and finite training corpora. Consequently,
they frequently suffer from critical limitations such
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Figure 1: (Top) Retrieval is not universally beneficial.
(Bottom) Different retrievers yield different generation
results of varying quality.

as hallucinations and inadequate timeliness, partic-
ularly when confronted with knowledge-intensive
tasks (Ji et al., 2023; He et al., 2023; OpenAl,
2024). In response to these challenges, retrieval-
augmented generation (RAG) (Lewis et al., 2020;
Guu et al., 2020) has emerged as the de facto gold
standard. By incorporating external evidence dur-
ing inference, RAG effectively bridges the gap
between the static training corpus of LLMs and
the dynamic, knowledge-intensive characteristics
of real-world queries (Cai et al., 2022; Gao et al.,
2023; Izacard and Grave, 2021; Singh et al., 2021;
Hindi et al., 2025).

However, the efficacy of RAG is heavily contin-
gent on its retrieval component, which remains
a significant bottleneck. In practice, most sys-
tems adopt a “one-size-fits-all” approach, utiliz-
ing a fixed retriever regardless of the input query.
This strategy is suboptimal for two primary rea-
sons. On the one hand, retrieval is not always
necessary (Petroni et al., 2019): when the model’s
internal parametric knowledge is sufficient, retriev-
ing additional evidence may introduce noise and
degrade generation performance, as shown in Fig-
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ure 1. On the other hand, extensive research re-
veals that no single retriever outperforms all others
across all query types (Lee et al., 2025; Kim and
Diaz, 2025). For example, sparse retrievers often
excel at precise entity matching, whereas dense
retrievers are superior at capturing semantic nu-
ance. Therefore, the optimal retriever choice is
highly query-dependent. This necessitates a move
towards adaptive retrieval strategies and motivates
our core research question: How can we effectively
route queries to the most suitable retriever under
the RAG paradigm?

Recently, several studies have attempted to de-
sign query-oriented routers to address this chal-
lenge (Peng et al., 2025; Hsu et al., 2025; Lee et al.,
2025; Kim and Diaz, 2025). These approaches
generally model retriever capability through a sin-
gle lens, such as semantic relevance, and assume
a fixed performance profile for each retriever. For
example, some methods simply determine whether
to invoke a text or table retriever based solely on
the data type required by the query (Peng et al.,
2025). While promising, such methods overlook
the dual nature of the RAG objective: retrieved
documents must not only be relevant (i.e., achieve
high retrieval quality) but also utility-driven for the
generator to ensure strong generation performance.
In other words, a document deemed relevant by
standard IR metrics may still lead to erroneous
generation if it contains conflicting information or
lacks the specific reasoning pattern required by the
LLM. Consequently, routing strategies that neglect
the complex interplay between retrieval quality and
generation utility fail to adapt to the dynamic re-
quirements of RAG scenarios.

To address this problem, we propose RAG, a
Retriever Routing method for RAG. R3AG is a
contrastive learning-based framework explicitly de-
signed to model the dynamic alignment between
queries and retriever capabilities. Unlike prior
methods that treat retrievers as black boxes with
static scores, R°AG decomposes retriever capability
into two learnable dimensions: retrieval quality,
representing the ability to find high-quality evi-
dence, and generation utility, representing the abil-
ity to support accurate downstream answer gener-
ation. At the architectural level, R*AG employs a
multi-head attention mechanism to fuse these capa-
bility dimensions under the guidance of the input
query, producing a hybrid representation that cap-
tures the query-specific preferences of different re-
trievers. For optimization, we devise a contrastive

learning objective where positive and negative sam-
ples are constructed based on two complementary
supervision signals: the quality of the retrieved doc-
uments and the correctness of downstream answer
generation. This objective prompts the alignment
between queries and retrievers that can simulta-
neously provide high-quality evidence and enable
correct answer generation, thereby effectively guid-
ing the router to prioritize end-to-end RAG perfor-
mance over simple relevance matching.

We conduct a comprehensive suite of knowledge-
intensive tasks (Joshi et al., 2017; Kwiatkowski
et al., 2019; Yang et al., 2018) of R*AG. Experi-
mental results demonstrate that R3AG consistently
outperforms both the best individual retriever and
state-of-the-art static routing methods. These re-
sults validate the superiority of dynamic routing
and the critical role of generation utility in RAG.

Our main contributions are threefold:

(1) We identify the limitations of the single
and static capability assumption in existing meth-
ods, highlighting the necessity of distinguishing
between retrieval relevance and generation utility.

(2) We propose R*AG, a novel routing framework
that explicitly decomposes retriever capability into
learnable retrieval quality and generation utility em-
beddings. By leveraging contrastive learning, R*AG
effectively captures dynamic and query-specific
retriever preferences.

(3) Extensive experiments on knowledge-
intensive tasks demonstrate that R®AG successfully
exploits retriever strengths, consistently outper-
forming both the best individual retrievers and state-
of-the-art static routing methods.

2 Related Work

RAG RAG effectively mitigates the knowledge
limitations of LLMs by incorporating external ev-
idence at inference time (Lewis et al., 2020; Gao
et al., 2023). To enhance RAG performance, prior
research has focused on optimizing specific com-
ponents, such as refining the retriever (Yu et al.,
2023), or improving the generator’s utilization of
context through query rewriting (Ma et al., 2023;
Peng et al., 2024), re-ranking (MacAvaney et al.,
2020), and context compression (Li et al., 2025).
More recently, the field has witnessed a shift to-
wards diverse retrieval capabilities, including hy-
brid indexing strategies (Yan et al., 2025) and
multi-perspective retrieval paradigms (Zhang et al.,
2025c). This increasing heterogeneity in retrieval
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methods reveals a critical opportunity: rather than
relying on a single retriever, systems can benefit
from ensemble approaches that strategically lever-
age multiple retrievers. This motivation under-
scores our focus on the retriever routing problem
within RAG settings.

Routing Techniques Routing mechanisms have
been extensively explored to improve model ef-
ficiency and performance. In the context of
LLM:s, routing primarily involves selecting domain-
specific experts or models, utilizing either jointly
trained routers (Sukhbaatar et al., 2024; Mugeeth
et al., 2024) or post-hoc techniques based on do-
main signals (Feng et al., 2024; Belofsky, 2023;
Shen et al., 2024). In the realm of information re-
trieval, routing is often framed as federated search,
where sub-queries are assigned to expert retriev-
ers or domain-specific indices (Lin et al., 2023;
Lee et al., 2025). Within RAG specifically, recent
efforts have investigated adaptive strategies, such
as determining whether to retrieve (Mallen et al.,
2023; Jeong et al., 2024) or routing between differ-
ent LLMs (Zhang et al., 2025a). However, these
approaches typically operate under a static assump-
tion or assess retrievers solely based on retrieval
relevance. They overlook a crucial factor in RAG:
a retriever’s value should be measured by its utility
in supporting downstream generation. To bridge
this gap, our proposed R*AG explicitly models both
retrieval quality and generation utility, enabling
more effective query routing in RAG scenarios.

3 Problem Formulation

RAG improves LLMs by incorporating external
knowledge via a external supplemental framework.
Given a query ¢ and an external corpus D, a re-
triever R retrieves a set of relevant documents
d = R(D,q) from the corpus. Subsequently, a
generator M produces a response y conditioned on
both the query and the retrieved documents, formu-
lated as y = M(q, d).

We focus on the problem of retriever rout-
ing within the RAG framework. Let R =
{R1,..., Rk} denote a pool of K candidate re-
trievers. To account for scenarios where external
knowledge is unnecessary or potentially detrimen-
tal, we introduce a special null retriever Ry, which
returns an empty document set, i.e., Ry(D, q) = @.
In this case, the generation reduces to the standard
parametric setting y = M/(q), making the non-
RAG setting a special case of our framework.

The goal of retriever routing is to select the
optimal retriever index for a given query. We define
arouting policy 7 : Q@ — {0,1,..., K} that maps
a query ¢ to an index i. If 7(q) = ¢ > 0, the i-th
retriever is invoked; if 7(¢) = 0, no retrieval is
performed.

To evaluate the quality of a routing decision,
we introduce a utility scoring function s(y, y*) €
[0, 1], which measures the quality of the generated
response y against a reference answer y*. Unlike
standard IR metrics that measure retrieval rele-
vance, this function explicitly quantifies the gen-
eration utility of a retriever. The objective of the
routing policy is to maximize the expected genera-
tion performance across the query distribution:

max Eqvo [s (M(q, Rr)(D,q)), y*)} N G))

This formulation implies that the optimal router
must dynamically adapt to query needs, selecting a
specific retriever or bypassing retrieval entirely to
maximize the final answer quality.

4 Methodology

We introduce R3AG, a query-adaptive routing frame-
work for RAG scenarios. As introduced in Sec-
tion 1, effective routing requires modeling not just
retrieval relevance but also the utility of retrieved
documents for downstream generation. To capture
this duality, R*AG disentangles retriever capability
into two distinct dimensions: Retrieval Quality and
generation utility.

The overall framework is illustrated in Fig-
ure 2. We first describe the architecture of R3AG,
which consists of dual-encoder capability mod-
eling, query-conditioned capability fusion, and
similarity-based routing (Section 4.1). Subse-
quently, we detail our two-stage optimization strat-
egy, which employs contrastive learning to align
these capability representations with supervision
signals derived from both document assessments
and generation outcomes (Section 4.2).

4.1 Architecture

The architecture of R3AG is designed to trans-
form raw inputs into actionable routing decisions
through a structured pipeline. Specifically, the
model first maps the query and candidates into
a disentangled capability space, then fuses these
representations based on the query’s specific needs,
and finally computes a similarity score for routing.
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Figure 2: R’AG models retriever capability from retrieval quality and generation utility, and applies query-adaptive
multi-head attention to select the most suitable retriever for each query.

This process comprises three key components: ca-
pability representation, capability fusion, and the
final routing decision.

Capability Representation We construct a repre-
sentational space where both queries and retrievers
are characterized by two complementary factors:
(1) Retrieval Quality (r), which captures intrin-
sic retrieval properties such as relevance, coverage,
and redundancy; and (2) generation utility (g),
which reflects the potential to support correct down-
stream answers.

To implement this, R3AG employs two shared
encoders: a retrieval quality encoder ¢, and a gen-
eration utility encoder ¢,. Given a query ¢ and a
retriever R;, we obtain their respective capability
embeddings as:

¢g(Q)7
R)).

re = ¢T(q)7 gq

Tr, = (bT(RZ): gRr, = ¢g( @
Here, the pair {rg,, gr,} constitutes the compre-
hensive capability representation for the retriever
R;. Crucially, encoders of the same type share pa-
rameters across queries and retrievers to ensure a
consistent metric space.

Capability Fusion Since different queries priori-
tize different retriever capabilities, a static combi-
nation of r, and g, is insufficient. R3AG employs
a multi-head attention mechanism to dynamically
fuse these capabilities conditioned on the query’s
retrieval intent r,. Formally, the fused retriever

representation h g, is computed as:
hRi - MHA(rQ) [rRia gRi]u [rRﬂgRi]) ) (3)

where MHA(+) denotes the multi-head attention
operation and [-, -] indicates vector concatenation.
This mechanism allows the router to weigh retrieval
quality and generation utility differently depending
on the specific retrieval needs of the query q.

Similarity-Based Retriever Routing The final
routing result is based on the alignment between the
query’s generation requirement g, and the fused
retriever capability hr,. We select the optimal re-
triever R (,) by maximizing the cosine similarity:

m(g) = arg max sim(gg, hr,), ©)
where sim(-, -) denotes cosine similarity. This for-
mulation ensures that the selected retriever is the
one whose fused capability best matches the gen-
eration utility required by the query. This design
choice reflects our emphasis on the final generation
quality, as the retriever is selected based on how
well it supports the downstream generation rather
than retrieval performance alone.

4.2 Optimization

The effectiveness of a retriever in RAG is dynamic,
exhibiting query-specific shifts in both retrieval
quality and generation utility. To effectively cap-
ture these shifts, we employ a two-stage optimiza-
tion strategy. In the first stage, we train the capa-
bility encoders (¢, ¢4) using contrastive learning
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with disentangled supervision signals. In the sec-
ond stage, we freeze these encoders and optimize
the fusion mechanism to learn the optimal combi-
nation of capabilities.

4.2.1 Optimizing Capability Encoders

We design two complementary contrastive objec-
tives to train ¢, and ¢, separately. This isolation
ensures that each encoder captures its specific as-
pect of capability without interference from the
other.

Retrieval Quality Encoder (¢,) For retrieval
quality, supervision should be independent of the
generator to avoid confounding errors. We employ
a powerful LLM (e.g., Qwen3-Next-80B-A3B-
Instruct (Yang et al., 2025)) to assess retrieved
documents along dimensions such as relevance,
coverage, and redundancy; the details are provided
in Appendix A.4. Let s(q, R;) be the aggregated
retrieval quality score. We construct positive set
V¥ (q) and negative set V.~ (¢) based on the top-k
ranking of s(q, R;):

VT (q) = {rg, | R; € Top-kr(s(q, R))},
V7 (q) ={rr, | Ri € R\ Top-kr(s(q, R)) }.

The corresponding contrastive loss is formulated
as:

ﬁqua] (Q) =

rteldt(q)

Zr(Q) = Z

reV+(g)uV=(q)

exp (sim(rq,1)/7),

where sim(-, -) denotes cosine similarity, 7 is a
temperature hyperparameter, and we set k = 2 in
all experiments.

Generation Utility Encoder (¢,) For genera-
tion utility modeling, we derive supervision sig-
nals from downstream generation outcomes. How-
ever, relying solely on the correctness of a single
generated answer can be noisy and insufficient to
characterize overall generation utility. To obtain a
more robust supervision signal, we consider both
query-level and retriever-level generation perfor-
mance. Specifically, for a given query ¢ and re-
triever I?;, we compute a generation utility score
u(q, R;) combining: (i) query-level exact match
(EM), (ii) query-level F1 score, and (iii) the re-
triever’s global average correctness o (R;):

u(q, R;) = EM(q, R;) + B-F1(q, R;) +v-o(R;).
(5)

Z (—% sim(rg, r") + log Zr(q)>,
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Figure 3: (a) Retrieval Quality supervision provides
contrastive signals based on document-level quality as-
sessments, decoupled from generation outcomes. (b)
Generation Utility supervision derives labels from down-
stream answer quality, including both retrieval and no-
retrieval cases. (c) Contrastive learning aims to align
positive samples more closely with the query represen-
tation while distancing negative ones from it.

where (3, and v are weighting coefficients.

Similar to retrieval quality, we form positive set
V,f (¢q) and negative set V" (¢) based on the top-k
ranking of u(q, R;):

V*(q) = {gr, | Ri € Top-kr(u(q,R)) }
V7 (q) ={gr | Bi € R\ Top-kr(u(q, R)) }.
The corresponding contrastive loss is defined as:

Lua(g) = Y

gtevt(q)

Ze(a)= )

geVt(¢9)UV~(q)

(—% sim(gg,g") + log Zg(Q)),

exp(sim(gq, g)/T) )

4.2.2 Optimizing Capability Fusion
Once the capability encoders are trained, we freeze
their parameters and focus on optimizing the multi-
head attention module. The goal of this stage is to
learn how to weigh retrieval quality and generation
utility dynamically to maximize the likelihood of
selecting a useful retriever.

We define a matching probability p(q, R;) based
on the similarity between the fused representation
hg, and the query’s utility requirement g,:

p(q, R;) = sigmoid (sim(hg,,g)).  (6)

The optimization target is to predict whether a re-
triever is “useful” (i.e., belongs to the top-k positive
set defined in the Generation Utility Encoder op-
timization). Let y,, € {0, 1} be the binary label
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indicating if R; is a positive sample for q. The
classification loss is:

Las=E; Y BCE (p(q, Ri).yg,). (D
R;

where BCE(+, -) denotes the binary cross-entropy
loss.

Additionally, we apply a regularization term to
prevent the fused representation from deviating
excessively from the generation utility embedding
and ensure stability:

R(hg, gr) = |hr, — gri ;- ®)
The final objective for this stage is:
L= »Ccls + /\reg R(hRia gRi)' (9)

5 Experiments

5.1 Experimental Setup

Benchmarks To comprehensively evaluate R3AG
across varying levels of retrieval complexity,
we conduct experiments on three representa-
tive knowledge-intensive benchmarks: (1) Triv-
iaQA (Joshi et al., 2017), a large-scale open-
domain reading comprehension dataset featuring
factoid questions collected from trivia enthusiasts
and paired with evidence from web documents;
(2) Natural Questions (NQ) (Kwiatkowski et al.,
2019), a benchmark consisting of real-world search
queries that typically require identifying short an-
swers within Wikipedia articles; and (3) Hot-
potQA (Yang et al., 2018), a challenging dataset
that requires multi-hop reasoning across multiple
supporting documents to derive the final answer.
Following previous studies (Jin et al., 2025), we
apply Exact Match (EM) and F1 score as the evalu-
ation metrics.

Candidate Retrievers To simulate a realistic
and heterogeneous retrieval environment, we con-
struct a candidate pool of eight widely used retriev-
ers. This set includes the classical sparse retriever
BM?25 and seven dense retrievers, spanning a broad
spectrum of model sizes from 0.1B to 4B parame-
ters. Comprehensive statistics on model scale and
inference latency are reported in Table 1, while de-
tailed implementation specifications are provided
in Appendix A.1.

Table 1: Model size and latency of different retrievers.
BM25 does not contain trainable parameters.

Retriever Param. (B) Latency (ms)
ES5-base-v2 0.11 6.40
ES5-large 0.34 10.11
BGE-large 0.34 11.09
BGE-m3 0.57 11.42
DIVER-Retriever-0.6B 0.60 23.39
Qwen3-embedding-0.6B 0.59 25.11
Qwen3-embedding-4B 4.02 32.19
BM25 (warm) - 43.08
BM25 (cold) - 91.49

Settings We employ LLaMA3-8B-Instruct as
the backbone generator (Team, 2024), configured
with a maximum context window of 2,048 tokens.
For the knowledge source, we use the 2018 En-
glish Wikipedia dump (Karpukhin et al., 2020),
retrieving the top-5 documents per query. For
baselines utilizing a single fixed retriever, we se-
lect E5-1arge by default, as it demonstrated the
best average performance in our preliminary anal-
ysis. To ensure fair comparison, standardized
prompts are employed for all RAG and non-RAG
settings, respectively, with full details provided in
Appendix A.2.

To evaluate the effectiveness of different retrieval
paradigms, we categorize the compared methods
into four distinct types: (1) Sequential: Standard
RAG approaches that follow a fixed “retrieve-then-
generate” pipeline using a single retriever; (2) Con-
ditional: Adaptive methods that explicitly decide
whether to perform retrieval based on the input
query; (3) Loop: Iterative methods that interleave
retrieval and generation steps, dynamically deter-
mining when and what to retrieve during inference;
and (4) Route: Routing-based methods, including
our approach, which dynamically select the most
suitable retriever from a candidate pool for each

query.

Supervision Cost and Reproducibility. Since
R3AG relies on both retrieval-quality and generation-
utility supervision, we report the cost in a
throughput-based form. Specifically, generation-
utility supervision is constructed from answer gen-
eration over (g, R;) pairs, while retrieval-quality
supervision is constructed using an external LLM
judge over retrieved documents. We report mea-
sured throughput and approximate cost per 10k
items in Appendix A.6 for easier scaling to differ-
ent budgets.
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Table 2: Performance comparison of R*AG against retriever-based, rule-based, and adaptive RAG baselines across
various knowledge-intensive tasks and RAG settings. EM and F1 scores on the test set are reported. “Pipeline Type”
denotes the generation control paradigm. The best results are highlighted in bold, and the second best results are

underlined.
Methods Pipeline Type TriviaQA NQ HotpotQA Average
EM F1 EM F1 EM F1 EM F1

Naive - 55.34 61.81 2235 3141 19.16 2696 3228 40.06
E5-base-v2 Sequential 58.83 68.12 36.12 4735 2531 3575 40.09 50.41
ES5-large Sequential 60.16 69.56 36.89 48.00 26.87 37.87 4131 51.81
BGE-large Sequential 57.02 6630 34.51 4527 27.54 38.60 39.69 50.06
BGE-m3 Sequential 55.15 6421 3352 4349 2473 3501 37.80 4757
Qwen3-embedding-0.6b Sequential 55.89 6533 3235 4271 2442 3463 37.55 4756
Qwen3-embedding-4b Sequential 59.75 6938 3449 4580 26.64 37.62 4029 5093
DIVER-Retriever-0.6b Sequential 55.56 64.76 30.66 40.36 22.75 32.78 3632 4597
BM25 Sequential 48.70 59.04 1293 18.15 17.87 26.15 26.50 34.45
Random Conditional 5649 65.60 30.53 4051 22.13 32.09 36.38 46.07
Oracle Single Best Conditional ~ 60.16 69.56 36.89 48.00 27.54 38.60 41.53 52.05
FLARE Loop 56.73 66.01 2251 3242 20.77 28.03 3334 42.15
IRCoT Loop 60.71 69.92 3581 4795 29.05 4052 41.86 52.80
Adaptive-RAG Conditional ~ 57.41 66.81 35.12 4555 28.87 40.54 4047 5097
AAR-contriever-kilt Sequential 58.82 67.23 30.12 4044 23.04 3337 3733 4701
LTRR Route 58.79 68.00 3576 4690 19.86 28.64 39.14 48.85
RouterRetriever Route 5742 6673 3244 4331 2437 3498 38.08 48.34
R®AG (ours) Route 62.24 7152 37.81 49.32 29.13 40.73 43.06 53.86

Baselines We compare RAG against a compre-
hensive set of baselines organized into three cat-
egories. (1) Individual Retrievers and Naive
Generation: We first report the performance of the
underlying generator without retrieval (Naive) and
combined with each of the eight candidate retriev-
ers individually (e.g., BM25, ES5, etc., as detailed
in the previous section). These results establish
the fundamental performance spectrum of standard
RAG systems. (2) Heuristic Routing Strategies:
To assess the difficulty of the routing task, we pro-
vide reference points using rule-based strategies:
(i) Random, which selects a retriever uniformly
at random for each query; and (ii) Oracle Sin-
gle Best, which ideally selects the best-performing
retriever on each dataset. (3) RAG Baselines: Fi-
nally, we compare against advanced methods that
optimize the RAG workflow: (i) FLARE (Jiang
et al., 2023) and (ii) IRCoT (Trivedi et al., 2023),
loop-based methods that interleave retrieval and
generation, utilizing active confidence checks or
chain-of-thought reasoning to guide retrieval; (iii)
Adaptive RAG (Jeong et al., 2024), a conditional
method that dynamically routes queries to no-
retrieval, single-step, or multi-step pipelines based
on complexity; (iv) AAR (Yu et al., 2023), which
optimizes the retriever to align with LLM prefer-
ences, serving as a strong single-retriever baseline;
(v) RouterRetriever (Lee et al., 2025), a routing

method designed for IR settings that selects among
domain-specific experts; and (vi) LTRR (Kim and
Diaz, 2025), which formulates retriever routing as
a learning-to-rank problem to dynamically rank
candidate retrievers.

5.2 Overall Results

Comparison with Single Non-Routed Retrievers.
As shown in Table 2, R®AG attains the strongest
test-set performance across diverse knowledge-
intensive benchmarks and RAG configurations,
reaching 43.06 average EM and 53.86 average
F1. Compared with the top performed standalone
retriever, E5-large, which obtains 41.31 EM and
51.81 F1, R*AG yields clear gains, underscoring the
benefit of routing. In addition, R3AG exceeds the Or-
acle Single Best baseline, which chooses the most
effective individual retriever for each dataset and
achieves 41.53 EM and 52.05 F1. This comparison
indicates that dynamically routing among multiple
retrievers can better exploit their complementary
capabilities and achieve results unattainable by any
single retriever alone.

Comparison with Single and Static routing base-
lines. R3AG significantly outperforms single and
static routing baselines, for example, RouterRe-
triever (38.08 and 48.34) and LTRR (39.14 and
48.85). These findings highlight the limitations of

20512



Table 3: Ablation study of R®*AG components. AEM and AF1 denote the average performance change across TQA,
NQ, and HQA relative to the full model. RQ Encoder and GU Encoder denote the Retrieval Quality Encoder and
Generation Utility Encoder, respectively.

TQA NQ HQA

MHA RQ Encoder GU Encoder AEM AF1
EM F1 EM F1 EM F1
R3AG v v Ve 62.24 71.52 3741 4872 29.05 41.33 0.00 0.00
w/o MHA X v v 61.57 7043 36.87 4794 27.58 38.76 -0.89 -1.88
w/o RQ Encoder X v X 60.95 69.03 3691 48.13 28.03 38.82 -0.93 -2.26
w/o GU Encoder X X v 61.80 70.77 36.83 47.56 27.05 38.00 -1.01 -2.15
AEM AF1
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Figure 4: Sensitivity analysis of the 3 and v weighting factors in training the Generation Utility Encoder.

approaches that do not explicitly capture retriever
capability, including both retrieval quality and gen-
eration utility, and that are unable to adapt to the
evolving interaction between the retriever and the
query. Moreover, R3AG also surpasses rule-based
strategies such as Random (36.38 and 46.07) and
Oracle Single Best (41.53 and 52.05). Taken to-
gether, these results substantiate our central claim
that accurately routing retrievers requires explic-
itly modeling both retrieval quality and generation
utility.

RAG settings.

5.3 Ablation Study and Sensitivity Analysis

Effects of R®AG Architecture. We conduct an ab-
lation study to evaluate the contributions of the
Retrieval Quality (RQ) Encoder, Generation Util-
ity (GU) Encoder, and the Multi-Head Attention
(MHA) mechanism. As illustrated in Table 3, re-
moving MHA and simply averaging retriever rep-
resentations leads to consistent performance degra-
dation across all datasets, highlighting the impor-
tance of query-adaptive capability fusion. Ablating
either the RQ Encoder or the GU Encoder also re-
sults in noticeable performance drops, indicating
that retrieval quality and generation utility provide
complementary signals for effective routing. The
full R*AG model, which jointly models both factors
and integrates them via MHA, achieves the best
performance across all benchmarks.

Comparison with Retrieval Necessity Judge-
ment Approaches. R3AG can also handle the task
of retrieval necessity judgement. To reduce unnec-
essary retrievals, this problem has been extensively
studied in the RAG literature. However, existing ap-
proaches typically focus on deciding whether to in-
voke a single retriever, treating retrieval as a binary
decision. Such formulations can be viewed as a
special case of retriever routing, which is naturally
subsumed by R*AG. Empirically, R3AG outperforms

Effects of Different Parameters in Sampling.
We justify the choice of weighting factors § and

these studies almost consistently, including FLARE
(33.34 and 42.15), IRCOT (41.86 and 52.80), and
Adaptive-RAG (40.47 and 50.97). These results
suggest that retriever routing offers a principled
generalization of retrieval necessity judgment in

~ through a sensitivity analysis shown in Figure 4.
The results show that combining both signals con-
sistently outperforms using either one alone, while
removing both leads to substantial performance
degradation. Performance peaks at moderate val-
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Table 4: Analysis of Ry (no-retrieval) selection. EM @ Ry denotes the exact match score on the subset where the

router selects Ry.

Dataset Ro Selection Rate (%) EM@R, (%) No-Retrieval EM (%) R3AGEM (%)
TriviaQA 37.82 76.33 55.34 62.24
NQ 15.23 4351 22.35 37.81
HotpotQA 9.52 31.78 19.16 29.13

Table 5: Cross-generator evaluation with Qwen3-8B at test time. The router is trained with LLaMA3-8B-Instruct

and directly transferred without retraining.

Methods TriviaQA NQ HotpotQA Average
EM F1 EM F1 EM F1 EM F1
Naive 52.97 62.98 22.44 35.87 19.15 29.73 31.52 42.86
Random 53.57 64.98 26.41 37.22 29.09 40.06 36.36 47.42
Oracle-Single-Best 59.45 69.70 31.86 44.98 32.49 44.41 41.27 53.03
R*AG 60.11 70.48 30.72 43.65 31.62 44.34 40.82 52.82

ues of 5 and ~ (around 0.2). This trend indicates
that retriever-level and answer-level supervision
provide complementary but non-redundant signals,
and balanced weighting is essential for stable train-
ing and effective retriever routing. Based on these
observations, we set 5 = v = 0.2 in all experi-
ments.

Analysis of Ry Selection. We further analyze
the router’s use of the no-retrieval option Ry.
As shown in Table 4, Ry is selected in 37.82%,
15.23%, and 9.52% of cases on TriviaQA, NQ,
and HotpotQA, respectively, indicating that a non-
trivial portion of queries can be handled without re-
trieval. In addition, EM @ R is consistently much
higher than the overall no-retrieval baseline on all
datasets, suggesting that the router can reliably
identify queries for which retrieval is unnecessary.
These results confirm that R functions as an effec-
tive selective abstention option rather than a trivial
fallback.

Analysis of Cross-Generator Generalization.
We further evaluate whether the learned routing pol-
icy transfers across generators. In our main setting,
the router is trained with LLaMA3-8B-Instruct as
the backbone generator. To test robustness under
a backbone swap, we directly replace the gener-
ator with Qwen3-8B at test time, while keeping
the router fixed and performing no retraining. As
shown in Table 5, R*AG remains robust and com-
petitive under this setting, achieving the best per-
formance on TriviaQA and strong average results
across the three datasets. This result suggests that,
although generation utility may vary across genera-
tors, the learned routing policy transfers reasonably

well across strong instruction-tuned LLMs. We at-
tribute this robustness partly to our disentangled de-
sign, where the retrieval-quality channel provides
a more stable, generator-agnostic signal.

6 Conclusion

In this paper, we explore the problem of retriever
routing in RAG and propose R*AG, a query-adaptive
routing framework that goes beyond the conven-
tional assumption of static retriever capability.
Rather than treating retrievers as interchangeable
modules or assessing them solely by retrieval rel-
evance, R®AG explicitly models two complemen-
tary aspects of retriever capability: retrieval qual-
ity and generation utility. By disentangling these
factors and fusing them in a query-conditioned
manner, R3AG captures query-specific preferences
over candidate retrievers. Experiments on multiple
knowledge-intensive benchmarks show that RAG
consistently outperforms strong single-retriever
baselines, static routing methods, and retrieval ne-
cessity judgment approaches. Additional analyses
further confirm that both retrieval quality and gener-
ation utility are crucial for effective routing. Over-
all, our results highlight the value of capability-
aware retriever selection for building more adaptive
and effective RAG systems.

7 Limitations

Despite achieving strong performance across mul-
tiple tasks and effectively fulfilling the intended
routing objective, there remain several aspects that
could be further explored to enhance the generality
and applicability of the framework. First, motivated
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by lightweight design considerations, the current
approach adopts relatively simple representations
for capability modeling; future work may inves-
tigate whether more expressive architectures can
yield additional performance gains while maintain-
ing a favorable efficiency—effectiveness balance.
Second, although the router is able to select ap-
propriate retrievers for individual queries, it does
not yet consider more complex retrieval scenarios
that involve combining multiple retrievers, which
represents another promising direction for future
exploration. Finally, the experimental evaluation is
currently limited to question answering tasks, and
extending the framework to a broader range of task
settings would help better assess its generality.
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A Experimental Setup Details

A.1 Details of Retrievers

All candidate retrievers are evaluated under a uni-
fied and reproducible experimental setup. Dense
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Figure 5: Mirrored horizontal bars show EM (left) and F1 (right) on HotpotQA, Natural Questions, and TriviaQA.
Results are reported for multiple retrievers and a no-retrieval baseline, evaluated on the set of questions shared

across all retrieval settings.

retrievers are locally deployed using the Faiss back-
end with GPU acceleration, while the sparse re-
triever BM25 is implemented via Pyserini. For
dense models, inference latency is measured as the
average encoding and retrieval time per query, ex-
cluding data loading and preprocessing overhead.

The candidate pool consists of one sparse re-
triever (BM25) and seven dense retrievers with pa-
rameter sizes ranging from 0.11B to 4.02B, cover-
ing a broad spectrum of efficiency—accuracy trade-
offs commonly encountered in practical RAG sys-
tems. All dense retrievers are used with their pub-
licly released checkpoints, without additional fine-
tuning, to ensure that observed performance differ-
ences stem from inherent model capability rather
than task-specific adaptation. For BM25, we re-
port both warm and cold latency to reflect different
deployment conditions. Warm latency measures
retrieval time with the index already loaded in mem-
ory, while cold latency additionally includes index
loading overhead. In contrast, latency measure-
ments for dense retrievers only account for model
inference and nearest-neighbor search, as their in-
dices remain resident in GPU memory during eval-
uation.

Comprehensive statistics on model size and in-
ference latency are reported in Table 1. In addi-
tion, we provide per-dataset evaluation results for
each retriever in the Figure 5, including EM and
F1 scores on TriviaQA, NQ, and HotpotQA, to en-
able a more fine-grained comparison of retriever
behavior across datasets.

A.2 Details of Global Setting

For the eight retrievers evaluated in this work, as
well as other methods, unless explicitly stated oth-
erwise, we adopt a standard retrieve—then—generate

paradigm with a unified prompt template. Specif-
ically, the retrieved documents are directly con-
catenated with the input query and fed into the
generator, without any additional routing, filter-
ing, or iterative control mechanisms. The system
prompt instructs the model to generate answers
strictly grounded in the provided documents:

Answer the question based on the given
document. Only give me the answer and
do not output any other words. The
following are given documents:

In the non-RAG setting, the prompt is defined
as:

Answer the question based on your own
knowledge. Only give me the answer and
do not output any other words.

The retrieved documents are appended in a
structured format (Doc ¢ (Title:{title})
{content}), where the top-5 documents are used
for each query, followed by the user prompt
Question:{question}. The system prompt, re-
trieved documents, and user prompt are combined
using the tokenizer.apply_chat_template
function to construct the final input sequence for
the generator. This unified prompt design is consis-
tently applied across all Naive RAG baselines to
ensure a fair and controlled comparison.

A.3 Details of Method-Specific Setting

Beyond the general configuration described above,
several methods require additional method-specific
settings, which we describe in detail below.

IRCoT. IRCoT interleaves document retrieval
with chain-of-thought reasoning. We employ the
one-shot demonstrations provided in the original
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work, and set the maximum number of reasoning—
retrieval iterations to 2.!

AAR. For the Augmentation-Adapted Retriever
(AAR), we directly use the pre-trained retriever
checkpoints released by the authors.? Specifically,
we adopt the AAR-Contriever-KILT variant for all
experiments, without performing any additional
fine-tuning.

A.4 Details of Retrieval Quality Scoring
Prompt

To supervise retrieval quality independently of
downstream generation, we employ a LLM as
an automatic evaluator to assess the quality of
retrieved documents. Given an input question
and a set of retrieved documents, the evaluator is
prompted to score the overall retrieval quality along
multiple dimensions.

Prompt Example. Below we provide an exam-
ple of the prompt used for retrieval quality scor-
ing. The evaluator is instructed to act as a profes-
sional information retrieval expert and to assess
the retrieved documents from several complemen-
tary perspectives, including relevance, coverage,
accuracy, ranking quality, and redundancy.

You are a
retrieval
Please
quality
retrieval
question.

professional information
quality evaluation expert.
comprehensively evaluate the
of documents returned by a
system for the following

Question: {question}

Retrieved Documents:
Document 1 (ID: {id}): {content}
Document 2 (ID: {id}): {content}

Please evaluate the overall retrieval
quality from the following dimensions:

(1) Relevance, (2)
Accuracy, (4) Ranking Quality,
Redundancy.

Coverage, (3)
and (5)

Output the evaluation strictly in the
following JSON format:

{
"relevance_score”: <1-5>,

"coverage_score”: <1-5>,

1https://github.com/StonyBrookNLP/ircot/
blob/main/prompts/2wikimultihopqa/gold_with_
3_distractors_context_cot_ga_codex. txt

2https://huggingface.co/OpenMatch/
AAR-Contriever-KILT

"accuracy_score": <1-5>,
"ranking_score”: <1-5>,
"redundancy_score”: <1-5>,
"overall_score”: <average score>,

}

Only output the JSON result and do not
include any additional text.

The overall retrieval quality score is computed
as the average of the five dimension-level scores
and is subsequently used to construct positive and
negative samples for contrastive training of the Re-
trieval Quality Encoder. This design allows us to
obtain fine-grained and stable supervision signals
that are decoupled from generation errors.

A.5 Details of Implementation

For R3AG architecture, we use
gwen3-embedding-0.6b (Zhang et al., 2025b) as
both the Retrieval Quality Encoder ¢, and the
Generation Capability Encoder ¢4. Encoders of
the same type share parameters across queries and
retrievers to ensure a consistent embedding space.
Both the retrieval quality and generation utility
embeddings have a dimension of 1024. To mitigate
overfitting, we freeze all parameters of ¢, and
¢4 except for the word embedding layer and the
last two transformer layers during training. The
encoders are optimized using AdamW (Loshchilov
and Hutter, 2019) with a learning rate of 2 x 1076
and an effective batch size of 512 (16 per device
x 4 gradient accumulation steps x 8 GPUs),
and are trained for 10 epochs. Training employs
the InfoNCE loss with DeepSpeed ZeRO-3
optimization. We split the dataset with a validation
ratio of 0.05. All experiments are conducted
locally on 8 NVIDIA A100 GPUs.

A.6 Details of Supervision Throughput, Cost,
and Reproducibility

To make the supervision overhead of R3AG more
transparent and reproducible, we report the mea-
sured throughput of each supervision component
and provide an approximate cost per 10k supervi-
sion items. All measurements are conducted on
one 8 x A100 node with vLLM acceleration, whose
hourly cost is approximately $5.68 in our environ-
ment.

For generation-utility supervision, one item cor-
responds to generating one RAG answer for a
(g, R;) pair, from which EM/F1-based utility labels
are derived. For retrieval-quality supervision, one
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Table 6: Throughput and approximate cost per 10k supervision items (1x8xA100 node, vVLLM; ~$5.68/hour).
Qwen3-8B and LLaMA3-8B-Instruct are used for generation-utility supervision, while Qwen3-Next-80B-A3B-
Instruct is used as the retrieval-quality judge. RQ and GU denote the Retrieval Quality and Generation Ultility,
respectively.

Supervision Role Model items/s Input toks/s Output toks/s Approx. cost / 10k

GU Qwen3-8B 363.60 7,760.91 12,132.31 ~ $0.04

GU LLaMA3-8B-Instruct 523.62 26,336.37 4,119.47 ~ $0.03

RQ Judge Qwen3-Next-80B-A3B-Instruct 21.20 31,154.70 1,399.88 ~ $0.74
item corresponds to eyaluatlng the retrleveq doc- 8 ~ TQA NQ HQA AEM AF1
uments for a query using the external LLM judge EM F1 EM Fl1 EM F1
described in Appendix A.4. The approximate cost "9 .2 62.24 71.52 37.41 48.72 29.05 41.33 0.00 0.00

per 10k items is computed as:

5.68 o 10000
3600 ~ items/s’

Table 6 shows that generation-utility supervision
is relatively inexpensive under our setup, while
retrieval-quality supervision is more costly due to
the stronger external evaluator. We emphasize that
the judge is used only to construct the retrieval-
quality signal and is intentionally decoupled from
the end-to-end generation-utility supervision. This
makes it straightforward to swap the evaluator
model or prompt in future reproductions and exten-
sions.

Cost per 10k items =

B Retriever Encoding Strategy

In R3AG, retrievers are represented as explicit, learn-
able entities within the capability encoding space,
rather than being modeled through textual metadata
or sampled retrieval outputs.

Retriever Representation. Each retriever R; €
R is assigned a unique special token (RET;), which
serves as its sole identifier. This token is added
to the tokenizer vocabulary with a trainable em-
bedding. The retriever is thus represented as a
single-token input:

xR, = [(RET;)].

No retriever descriptions, corpus statistics, or re-
trieval traces are used.

Encoding and Parameter Sharing. Both
queries and retrievers are encoded by the same
capability encoders. Specifically, the Retrieval
Quality Encoder ¢, and the Generation Ultility
Encoder ¢, are shared across all queries and
retrievers:

ry = ¢r(q), 8¢ = Pg(q),

0.2 0.0 61.66 70.18 36.81 47.39 28.44 39.99 -0.59 -1.34
0.2 0.1 61.94 70.99 37.14 48.21 28.78 40.82 -0.28 -0.52
0.2 0.3 62.13 71.37 37.29 48.56 28.94 41.16 -0.11 -0.16
0.2 0.4 61.88 70.98 37.06 48.19 28.69 40.83 -0.36 -0.52
0.2 0.5 61.12 70.19 36.27 47.41 2791 40.03 -1.13 -1.32

0.0 0.0 59.44 68.41 34.62 45.63 26.27 38.22 -2.79 -3.10
0.0 0.1 61.13 69.88 36.28 47.09 27.94 39.71 -1.12 -1.63
0.0 0.2 61.54 70.28 36.73 47.46 28.36 40.07 -0.69 -1.25
0.0 0.3 61.22 70.01 36.37 47.21 28.02 39.81 -1.03 -1.51
0.0 0.4 60.98 69.79 36.14 46.98 27.78 39.63 -1.27 -1.72
0.0 0.5 60.57 69.64 35.74 46.84 27.39 39.47 -1.67 -1.87

0.4 0.0 61.92 70.83 37.07 48.04 28.72 40.66 -0.33 -0.68
0.4 0.1 62.01 70.97 37.18 48.19 28.82 40.78 -0.23 -0.54
0.4 0.2 62.04 71.07 37.19 48.27 28.84 40.86 -0.21 -0.46
0.4 0.3 62.09 71.21 37.26 48.43 28.89 41.04 -0.15 -0.30
0.4 0.4 61.78 71.02 36.96 48.24 28.61 40.84 -0.45 -0.49
0.4 0.5 61.41 70.56 36.57 47.74 28.23 40.36 -0.83 -0.97

Table 7: Sensitivity analysis of Generation Utility En-
coder weights.

Table 8: End to end latency of different routing methods,
where Lat. donetes Latency.

Min Avg Max
Methods Lat. (ms) Lat. (ms) Lat. (ms)
R’AG 7.51 28.37 119.34
Random 7.23 38.79 102.66
Oracle Single Best  17.81 18.54 18.89

rr, = ¢r((RETi)), 8Rr, = ¢4((RETy)).

The only retriever-specific parameters are the em-
beddings of the retriever tokens, ensuring that
queries and retrievers lie in a unified metric space.

Discussion. This design models retrievers as
learned latent capability embeddings, optimized
end-to-end via contrastive supervision. It enables
efficient encoding, avoids reliance on heuristic re-
triever features, and allows new retrievers to be
incorporated by simply introducing new tokens
without modifying the architecture.
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Query Question Gold Non-RAG RAG (selected) Retrieved evidence (selected)

test_435 Which English  Vinegar  Vinegar (EM=1.0) Qwen3-emb-0.6B Distracting: “Sack (wine) ... de-
word comes from — Sack; E5 — rived from French sec (dry)”;
an old French word Bastardo; BM25 —  “Trousseau ... also known as Bas-
meaning sour wine? Cheese tardo”; “Cheese ... root mean-

ing ‘become sour’ ”’

test_9847  Which perennial Thrift Thistle (EM=0.0) Qwen3-emb-4B Helpful: “reverse shows a three-
herb appeared on —  Thrift plant headed thrift plant” (History
the twelve sided (Acc=1.0); DIVER of the threepence); Off-topic:
three penny bit —  Thrift plant Canadian penny /loonie pages;
coin? (Acc=1.0); BM25 unrelated plants (e.g., Protea

— Loonie caffra)

Table 9: Case study with retrieved evidence summaries. For readability, we show representative retrievers and one
discriminative snippet per outcome (helpful vs. distracting).

C Extended Analysis

C.1 Extended Analysis of Parameters

This subsection reports the complete numerical re-
sults for the sensitivity analysis of the generation
utility weighting coefficients 3 and « in Eq. (5), as
summarized in Table 7. We evaluate different com-
binations of 5 and ~y on three downstream bench-
marks (TQA, NQ, and HQA), and report both EM
and F1 scores, along with their absolute differences
relative to the default setting 3 = «v = 0.2. The re-
sults show that removing either query-level answer
supervision (8 = 0) or retriever-level global super-
vision (v = 0) consistently degrades performance,
while removing both leads to a substantial drop
across all datasets. Introducing non-zero values for
either coefficient partially recovers performance,
but the best and most stable results are achieved
when both signals are combined with moderate
weights. In particular, settings with 5 and ~ in
the range of 0.1 to 0.3 yield comparable perfor-
mance, whereas overly small or large values result
in suboptimal outcomes. These observations indi-
cate that query-level answer quality and retriever-
level global correctness provide complementary but
non-redundant supervision signals for generation
utility modeling. Based on this analysis, we adopt
B =~ = 0.2 in all experiments.

C.2 Extended Analysis of Efficiency

We further analyze the end-to-end efficiency of
different routing strategies, with results reported
in Table 8. The latency is measured in an end-to-
end manner, including both the routing overhead
(retriever selection and retrieval) and the down-
stream generation time. For all methods, the gener-
ation component is executed locally using the vLLM
framework (Kwon et al., 2023) with identical de-

coding configurations, ensuring a fair comparison
under a high-throughput inference setting.

As shown in Table 8, the proposed method
achieves competitive average latency while main-
taining a low minimum latency comparable to Ran-
dom routing, indicating negligible routing overhead
in favorable cases. Although the maximum latency
of our method is higher due to dynamic retriever
selection and varying generation lengths, it remains
within a reasonable range and does not significantly
impact overall efficiency. In contrast, Random rout-
ing exhibits higher average latency, reflecting its
lack of informed selection, while Oracle Single
Best shows stable but higher minimum latency, as
it consistently routes all queries to a fixed retriever
regardless of query difficulty. Overall, these results
demonstrate that our approach strikes a favorable
balance between routing adaptivity and end-to-end
efficiency.

D Case Study

We analyze two representative TriviaQA cases to
highlight (i) scenarios where retrieval is unnec-
essary and even detrimental, and (ii) scenarios
where retrieval is essential but highly sensitive to
retriever quality. Together, these cases motivate
query-adaptive routing and retriever-aware deci-
sion making.

Case 1: Retrieval Can Be Unnecessary and
Harmful. For some queries, the generator’s para-
metric knowledge is sufficient to produce the cor-
rect answer. Introducing retrieval in such cases
may inject misleading evidence and shift the gener-
ation distribution. As a result, RAG can underper-
form non-RAG baselines, indicating that routing
mechanisms should allow skipping retrieval when
confidence in parametric knowledge is high.
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Case 2: Retrieval Is Necessary but Retriever Ca-
pability Matters. Other queries fundamentally
depend on external evidence. In these cases, effec-
tive retrievers surface precise and discriminative
information that enables correct generation, while
weaker retrievers return noisy or irrelevant docu-
ments that still lead to failure. This underscores
that, beyond deciding whether to retrieve, routing
must account for retriever-specific capability.

E Usage of AI Assistants

We use ChatGPT to improve the presentations of
this paper.’

3https://chatgpt.com/
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