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Abstract
Retrieval-Augmented Generation (RAG) has emerged as a promising approach to ODQA. A RAG-based ODQA
system is typically composed of two components: a retriever that retrieves the passages that are most relevant to a
given query, and a generator that generates the answer to the query by combining the information from the retrieved
passages. Existing retrievers typically identify the most relevant passages by computing the similarity between the
query and each passage in a given collection. In other words, they do not compare which of two passages is more
relevant to the given query. We hypothesize, however, that we can improve RAG-based ODQA systems by modeling
the relationship among the passages to be retrieved, specifically by learning which passages are more relevant than
the others to the given query. To do so, we propose a novel ranking-based approach to passage retrieval, where we
first rank the candidate passages w.r.t. the query and subsequently refine the score associated with each of these
passages using a Graph Attention Network. We evaluate our approach to ODQA, RBR (Ranking-Based Retrieval), on
two commonly-used ODQA datasets, Natural Questions and TriviaQA. Experimental results show that RBR slightly
outperforms PA-RAG, a state-of-the-art ODQA system, by 0.45 points and 1.01 points in Exact Match score on
Natural Questions and TriviaQA, respectively.

Keywords: Question answering, Retrieval augmented generation

1. Introduction

Open-Domain Question Answering (ODQA) repre-
sents a sophisticated task within natural language
processing (NLP) that involves answering arbitrary
questions expressed in natural language by lever-
aging extensive collections of unstructured or semi-
structured text documents. Unlike specialized QA
systems constrained to domains or reliant on care-
fully structured knowledge bases, ODQA systems
must possess the versatility to retrieve, process,
and synthesize pertinent information from massive,
heterogeneous text corpora spanning diverse top-
ics and domains. These corpora typically include
encyclopedic resources like Wikipedia, journalis-
tic content, scientific literature, and social media
discourse. The fundamental challenge lies in creat-
ing systems capable of understanding questions in
their full semantic complexity, efficiently identifying
relevant information across vast repositories, and
generating accurate, contextually appropriate re-
sponses that satisfy the user’s informational needs

While ODQA has been tackled since the late
1960s (Simmons, 1969), it was not until the turn of
the 21st century that the task started to gain signif-
icant attention in the NLP community when ARDA
(Advanced Research and Development Activity)
funded research projects through the ACQUAINT
program (Saint-Dizier, 2013). ACQUAINT sought to
create advanced QA tools to help analysts quickly
sort through massive amounts of information to find

facts relevant to their intelligence work.
Early QA systems are typically composed of two

components: (1) a retriever that returns the docu-
ments/passages from a text collection that are most
relevant to the given query, where relevance is mea-
sured using cosine similarity and term importance
is computed using TF-IDF (Sparck Jones, 1972) or
BM25 (Robertson et al., 2009), and (2) an extractor
that employs either a heuristic- or learning-based
method to extract a text span from one of the re-
trieved documents/passages and return it as an
answer to the query.

The advent of the neural NLP era has revolu-
tionized the way ODQA systems are developed
in at least two ways. First, given that pre-trained
models or LLMs, regardless of whether they are
fine-tuned on QA collections, contain a vast amount
of knowledge, researchers abandoned the retriever
in the aforementioned traditional QA systems, re-
lying solely on the knowledge embedded within
the weights of the neural models (a.k.a. parametric
knowledge) to answer questions. Second, given
the generative capability of neural models, answers
can now be generated rather than extracted from
the given knowledge. A key drawback of this ap-
proach is that parametric knowledge is static (i.e.,
it does not change over time): as new facts appear
over time, these neural models may not be able to
answer questions that rely on them unless they are
being re-trained on these new facts. Though con-
ceptually feasible, retraining large neural models is
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computationally very expensive and is therefore not
considered a practical solution to this drawback.

To address this limitation, researchers introduced
the concept of Retrieval Augmented Generation
(RAG): rather than retrain a neural model on up-to-
date knowledge, complement the parametric knowl-
edge possessed by a neural model with the up-
to-date knowledge in external knowledge bases
(a.k.a. non-parametric knowledge). Hence, apply-
ing RAG to ODQA entails re-introducing the re-
triever commonly-used in traditional QA systems,
where the retriever first retrieves the passages that
are most relevant to the given query, and then the
generator generates the answer by synthesizing
information from the retrieved passages.

Our goal in this paper is to improve RAG ap-
proaches to ODQA. As noted above, a RAG-based
ODQA approach is typically composed of two com-
ponents, a passage retriever and an answer gener-
ator. Our contribution lies in improving RAG-based
ODQA by improving the retriever. Specifically, a
retriever typically retrieves the k passages most
relevant to a given query by measuring the sim-
ilarity between a passage and a query. In other
words, a retriever does not compare which of two
passages is more relevant to the given query. We
hypothesize, however, that we can improve RAG-
based ODQA by modeling the relationship among
the passages to be retrieved, specifically by learn-
ing which passages are more relevant than the
others to the given query. To do so, we propose a
novel ranking-based approach to passage retrieval,
where we first rank the candidate passages and
subsequently refine the score associated with each
of these passages using a Graph Attention Network
(GAT). We evaluate our approach to ODQA, RBR
(ranking-based retrieval), on two commonly-used
ODQA datasets, Natural Questions and TriviaQA.
Experimental results show that RBR performs com-
parably with the state of the art.

The rest of the paper is organized as follows.
Section 2 presents an overview of related work on
RAG-based approaches to ODQA. In Section 3, we
describe two baseline systems, both of which RBR
is built on. Section 4 describes the details of our
ranking approach. Finally, we present evaluation
results in Section 5 presents evaluation results and
conclusions in Section 6.

2. Related Work

In this section, we review related work on RAG
approaches to ODQA.

2.1. Naive RAG Architecture
Naive RAG represents the foundational implemen-
tation of this approach. It is a two-component ar-

chitecture combining dense retrieval with answer
generation, as described below.

The first component, the Dense Passage Re-
triever (DPR) (Karpukhin et al., 2020), forms the
backbone of the retrieval mechanism in Naive RAG.
DPR employs a dual-encoder architecture with sep-
arate BERT-based networks for encoding queries
and documents. The similarity between a query
and document is computed as the dot product of
their respective embeddings. Specifically, the prob-
ability of retrieving a document z given a query x
is modeled as proportional to the exponential of
the inner product between document and query
embeddings: pη(z|x) ∝ ed(z)·q(x). This formula-
tion enables efficient identification of the most rel-
evant documents, which are then provided to the
generation component. DPR is trained using a
combination of in-batch negatives and hard neg-
atives, maximizing the log-likelihood of retrieving
relevant passages. This training approach allows
the retriever to identify semantically related docu-
ments rather than relying solely on lexical overlap,
addressing limitations of previous TF-IDF-based
methods.

For answer generation, Naive RAG employs a
sequence-to-sequence transformer model, specifi-
cally BART-Large (Lewis et al., 2020a), This model
contains approximately 400M parameters and rep-
resents the parametric memory component of the
system. which conditions on both the input query
and retrieved documents to generate responses, ef-
fectively combining the broad language understand-
ing capabilities encoded in its parameters with the
specific factual information retrieved from external
sources. Lewis et al. (2020b) introduced two vari-
ants of Naive RAG that differ in how they marginal-
ize over retrieved documents: RAG-Sequence
uses a single document for generating the entire
output sequence, marginalizing document proba-
bilities at the sequence level, whereas RAG-Token
allows different documents to influence each token
in the generation process, with document marginal-
ization occurring at the token level.

2.2. Improvements to Naive RAG
Various attempts have been made to improve Naive
RAG for ODQA.

2.2.1. Improving the Inputs

Some researchers attempt to change neither the
retriever nor the generator. Rather, they focus on
changing the input to one of these components.

Rausdashl (2023) changed the input to the re-
triever. Specifically, they introduced RAG-Fusion,
which leverages multiple query variations to en-
hance retrieval robustness. Instead of relying on
a single query formulation, RAG-Fusion generates
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multiple semantically equivalent queries from the
original user query. For instance, given a query
“What are the challenges faced by people with
ADHD?”, the system might generate variations like
“What are the common social difficulties experi-
enced by individuals with ADHD?” and “What are
the challenges in accessing healthcare and treat-
ment for ADHD?”. These queries are processed
independently through the retrieval pipeline, and
the results are aggregated using Reciprocal Rank
Fusion (RRF). This technique assigns scores to
documents based on their reciprocal ranks across
all queries, prioritizing documents that appear con-
sistently across multiple query formulations. Rack-
auckas (2024) demonstrated that RAG-Fusion pro-
duced more accurate and comprehensive answers
than traditional RAG approaches when applied to
private datasets.

Other researchers change the input to the gener-
ator. Shi et al. (2024) developed REPLUG, which
processes each document-query pair separately
through the LLM before ensemble combination and
after retrieving relevant documents using a dense
retriever. The authors demonstrated that even with-
out fine-tuning the language model, substantial per-
formance gains could be achieved through opti-
mized retrieval and thoughtful integration strategies.
Izacard and Grave (2021) developed the Fusion-in-
Decoder (FiD) approach, which builds upon Naive
RAG by modifying how retrieved documents are
processed. Specifically, FiD encodes each re-
trieved passage independently along with the query,
then concatenates these representations for the de-
coder to process jointly. This design allows FiD to
scale efficiently to a larger number of passages (up
to 100) while still enabling cross-passage reason-
ing in the generator. FiD demonstrated superior
performance compared to Naive RAG on several
open-domain QA benchmarks, highlighting the im-
portance of effective passage integration. Wang
et al. (2024) introduced REAR, which addresses
LLMs’ inability to accurately assess retrieved docu-
ment relevance by incorporating an explicit assess-
ment module that performs fine-grained relevance
evaluation using continuous scores rather than bi-
nary judgments. The system uses the resulting
relevance scores to guide generation, helping the
LLM adaptively choose between internal paramet-
ric knowledge (for low-relevance documents) and
external evidence (for high-relevance documents).

2.2.2. Improving the LLM Generator

Some researchers focus on improving the gener-
ator. For instance, Guu et al. (2020) presented
REALM (Retrieval-Augmented Language Model
Pre-Training), which shares conceptual similarities
with RAG but differs in its training approach. Specif-
ically, REALM integrates a neural retriever into the

LLM when pre-training it, treating retrieval as a la-
tent variable during masked language modeling.
This approach allows the model to learn what in-
formation is useful to retrieve during pre-training.
While REALM forms an important precursor to
RAG, its indexing process requires periodic refresh-
ing during training, introducing additional computa-
tional complexity.

2.2.3. Improving the Training Process

End-to-end training is a crucial aspect of Naive
RAG, which is trained to minimize the negative log-
likelihood of generating correct answers given the
query, with gradients backpropagated through both
the generator and query encoder. However, for
computational efficiency, the document encoder
typically remains fixed during training to avoid the
need for frequent index updates. Siriwardhana et al.
(2021) questioned this assumption and explored
training the entire retriever, including the document
encoder. Despite implementation challenges in-
volving re-encoding and re-indexing, their approach
demonstrated approximately 12% performance im-
provement over the original RAG on the SQuAD
dataset. Building on this work, Siriwardhana et al.
(2023) introduced a reconstruction signal for pre-
training RAG models. This auxiliary training objec-
tive requires the model to reconstruct input state-
ments using only the retrieved documents, ensur-
ing a stronger alignment between the retrieval and
generation components. The authors reported sig-
nificant improvements in exact match scores and
retrieval accuracy, particularly in domain-specific
applications such as COVID-19 question answer-
ing.

Wu et al. (2024) also aimed to improve the train-
ing procedure. Specifically, they proposed PA-RAG,
a multi-stage preference optimization framework
addressing informativeness, robustness, and ci-
tation quality. This method employs a two-phase
approach: first conducting instruction fine-tuning
with high-quality data constructed using ChatGPT
and a citation rewrite mechanism, then applying Di-
rect Preference Optimization (DPO) sequentially for
informativeness, robustness, and citation quality.
Extensive experiments across multiple question-
answering datasets and LLM architectures demon-
strated substantial improvements in answer cor-
rectness (13.97%), citation recall (49.77%), and
citation precision (39.58%) compared to baseline
approaches.

2.2.4. Improving the Retriever

Most closely related to our approach is work that at-
tempts to improve the retriever. Sawarkar et al.
(2024) presented the Blended RAG approach,
which focuses on improving RAG accuracy by en-
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hancing the retriever component rather than the
language model. It integrates three distinct search
strategies: keyword-based similarity search (BM25
index), dense vector-based search (KNN index),
and semantic-based sparse encoders, combined
with multiple hybrid query formulations including
match queries, multi-match queries (cross fields,
most fields, best fields, and phrase prefix). The
methodology systematically evaluates these combi-
nations across different datasets to identify optimal
retriever configurations. Unlike our approach, how-
ever, Blended RAG does not model the relationship
among the candidate passages.

2.2.5. Incorporating a Reranker

While a RAG-based ODQA system is typically com-
posed of a pipeline of two components, a retriever
and a generator, Ke et al. (2024) introduced a
third component into the pipeline, the bridge model,
which is situated between the retriever and gen-
erator in order to address what they termed the
“preference gap" between the retrievers and the
LLM generator. The bridge model is a sequence-
to-sequence model that functions as an intermedi-
ary that adapts the retrieved information to better
match the LLM’s preferences. Ke et al. observed
that while retrievers might rank documents based
on lexical or semantic similarity, these rankings
do not necessarily align with the documents’ util-
ity for the LLM’s generation process. The bridge
model takes the query and a list of initially retrieved
passages as input, with each passage prefixed by
a unique sentinel token. It then generates a se-
quence of passage IDs representing a reordered
and possibly filtered set of passages better suited
to the LLM’s needs. This model is trained through a
combination of supervised learning on synthetically
generated optimal passage sequences and rein-
forcement learning, using downstream task perfor-
mance as the reward signal. Experiments showed
substantial improvements over traditional ranking
methods, particularly for complex queries requiring
integration of information from multiple sources.

3. Baseline Systems

We employ two Baseline systems, both of which
our ranking-based retrieval (RBR) approach is built
on.

3.1. Baseline 1
Baseline 1 is modeled after Naive RAG in that it has
two components, the retriever and the generator.
Retriever. We implement the retriever using
Dense Passage Retrieval (DPR), which employs a
dual-encoder architecture with separate networks

for encoding queries and documents. In our ex-
periments, we use BERT-base-uncased as the en-
coder. During training, for each query, we randomly
sample N positive (i.e., relevant) passages and
N(M − 1) negative (i.e., irrelevant) passages as
training instances, where N and M are tunable
hyperparameters in our experiments. The train-
ing objective is the standard negative log-likelihood
with contrastive loss, which maximizes the similar-
ity between the query and positive passage while
minimizing similarity with the 15 negative passages.
The loss computes the log probability of the N pos-
itive passages relative to all 16N passages. In
our experiments, we send the top 10 passages
retrieved to the generator.

Generator. We use Llama 3.1 8B (Grattafiori
et al., 2024) as the LLM generator. This decision
was based on the fact that our computational re-
sources do not allow us to run larger models. Nev-
ertheless, Llama3.1 8B demonstrates performance
comparable to significantly larger models from pre-
vious generations. As part of the RAG pipeline, we
prompt the LLM with the query and the retrieved,
re-ranked passages as context for answer genera-
tion.

3.2. Baseline 2
As mentioned in Section 2, Ke et al. (2024) ob-
served that in the standard retriever-generator
pipeline, retrievers typically rank documents based
on lexical or semantic similarity, but these rankings
do not necessarily align with what is most useful
for the LLM’s generation process. Hence, they
proposed the incorporation of a reranker into the
pipeline in order to bridge the "preference gap" be-
tween these components.

Baseline 2 simply augments Baseline 1 with a
reranker, but is otherwise identical to Baseline 1.
Following Ke et al. (2024), the reranker is imple-
mented as a sequence-to-sequence model that
takes the query and initially retrieved passages
as input and outputs a reordered and possibly fil-
tered set of passages better suited to the LLM’s
needs. The reranker undergoes the three-phase
training process proposed by Ke et al. In Step 1 (Sil-
ver Sequence Generation), we create optimal pas-
sage sequences through a greedy search proce-
dure driven by performance. In Step 2 (Supervised
Learning), we use a T5 encoder-decoder architec-
ture optimized with negative log-likelihood on the
silver sequences. In Step 3 (Reinforcement Learn-
ing), we fine-tune the model using policy gradient
methods with rewards derived from answer qual-
ity. The reward function incorporates multiple com-
ponents including overlap with silver sequences,
order preservation using Kendall’s Tau correlation,
and positioning high-relevance passages earlier.
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Figure 1: Flow chart of RAG Architecture with a Reranker (Baseline 2).

In our experiments, we send the top 20 passages
retrieved by the retriever to the reranker, which then
sends the top 10 reranked passages to the LLM.

Figure 1 shows the architecture for Baseline 2,
which consists of three components, the retriever,
the reranker and the LLM generator.

4. RBR: Ranking-Based Retrieval

In this section, we describe RBR, our ranking-
based approach to retrieving relevant passages.
Given a test query, RBR performs intra-set ranking
(Section 4.1) followed by inter-set ranking (Sec-
tion 4.2).

4.1. Intra-Set Ranking: Training
Recall that existing document retrievers compute
the similarity between a passage and a given query.
In other words, each query-passage pair is consid-
ered independently of other query-passage pairs.
In particular, existing retrievers do not model the
relationship among the candidate passages, mean-
ing that they fail to answer the question of which of
two candidate passages are more relevant to the
query. To address this weakness, we propose to
model retrieval as a ranking task.

As mentioned above, our approach, RBR, is com-
posed of two steps, intra-set ranking and inter-set
ranking, both of which involve training a ranker. To
understand the difference between intra- and inter-
set ranking, we need to better understand our eval-
uation datasets (see Section 5 for details). In these
datasets, each query has 80–100 positive (i.e., rel-
evant) passages and 200–250 negative (i.e., irrele-
vant) passages; moreover, each positive passage
is associated with a relevance score: the higher
the score is, the more relevant the positive pas-
sage is to the query. Intra-Set ranking aims to rank
a positive instance above the negative instances,

whereas inter-set ranking aims to rank the positive
instances of a query. In this subsection, we focus
on intra-set ranking, describing how we train an
intra-set ranker.

Given the large number of positive and negative
passages associated with a query, it will be com-
putationally very expensive to train a ranker on all
of them. As a result, for each query in the training
set, we create N sets (where N is hyperparameter
to be tuned on development data), each of which
is composed of one positive passage and M − 1
negative passages (where M is another hyperpa-
rameter to be tuned on development data). Both
the positive passage and the negative passages
used to create a set is randomly sampled from the
available positive and negative passages without
replacement.

Given the sets created from the training queries,
we can train a ranker to rank the positive passage
above the negative passages within each set. We
use as the ranking loss a margin-based contrastive
objective (Zhang et al., 2022). For each query rep-
resentation q ∈ Rd and its corresponding passage
representations p0, p1, ..., pn ∈ Rd (without loss of
generality, we assume that p0 is the positive pas-
sage and others are negatives), the similarity is
computed using cosine similarity with temperature
scaling:

s(q, p) =
cos(q, p)

τ

where τ is a learnable temperature parameter sub-
jected to softplus activation (Zheng et al., 2015) to
ensure positivity:

τeffective = softplus(τraw)

The margin-based contrastive loss, Lintra, is then
calculated as:
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1

B · N

B∑
i=1

N∑
j=1

1

M − 1

M−1∑
k=1

max(0, α−s(qij , pij0)+s(qij , pijk))

where B is the batch size, N is the number of sets
per batch, M is the number of samples per set,
pij0 represents the positive passage sample, pijk
represents the negative passage samples, and α
is the margin hyperparameter.

The margin-based pairwise loss enforces a spe-
cific ranking preference: the similarity between a
query and its positive passage must exceed the
similarity with any negative passage by at least
a margin α. This margin serves as a buffer zone
that makes the model more robust during inference,
ensuring a clear separation between relevant and
non-relevant documents in the embedding space.
By pushing positive pairs closer and negative pairs
farther apart, the model develops a more discrimi-
native understanding of document relevance.

4.2. Inter-Set Ranking: Training
So far we have trained a ranker to rank the posi-
tive instance above its negative counterparts within
each set. Since we have N sets per query, we will
end up with N sets of ranked results for each query.
However, given a query during testing, the retriever
will only output one set of ranked results (i.e., the
top k passages), not N sets. The purpose of inter-
set ranking is to rank the N positive instances from
the N sets.

In this subsection, we describe how we train a
ranker to perform inter-set ranking of the positive
instances. Specifically, we leverage a Graph Atten-
tion Network (GAT) (Veličković et al., 2018) to model
the interactions among the positive passages as-
sociated with a query.

Step 1: Graph Formation

GATs are typically employed for downstream tasks
with graph-structured inputs. The design of an ap-
propriate graph structure becomes crucial for the
successful application of GAT to ODQA. Hence, we
first describe how we form the graph given a query.

Node construction. Given a query with N sets,
we create a graph with 2N nodes. N of them corre-
spond to the N positive instances taken from the N
sets, while the remaining N nodes all correspond
to the query. As part of the node construction pro-
cess, we need to associate each node with an initial
node representation, as described below.

Let q ∈ RD be the query embedding and pi ∈ RD

be the embedding for positive passage i (1 ≤ i ≤
N ), where D is the embedding dimension. We first
project these embeddings into a lower-dimensional

space:

qc = GELU(LN(Wqq)) ∈ RD/2

pci = GELU(LN(Wppi)) ∈ RD/2

where Wq,Wp ∈ RD×D/2 are learnable projec-
tion matrices, LN denotes layer normalization, and
GELU is the activation function.

The reduction in dimensionality from D to D/2
serves multiple purposes: it reduces computational
complexity for subsequent attention operations,
forces the model to distill the most relevant seman-
tic information, and helps prevent overfitting by re-
ducing parameter count. Layer normalization stabi-
lizes training by standardizing the activations, which
is important when working with variable-length doc-
uments. The GELU activation function GELU in-
troduces non-linearity while maintaining smooth
gradients, which improves optimization dynamics.

These projected embeddings then undergo a
node transformation:

qn = ReLU(LN(Wnqc)) ∈ RD/2

pn,i = ReLU(LN(Wnpc,i)) ∈ RD/2

This additional transformation serves to (1) en-
force sparsity through the ReLU activation, help-
ing focus attention on the most salient features,
(2) further normalize embeddings to improve atten-
tion mechanism stability, and (3) create a common
representation space where query and passage
features can effectively interact.

Recall that each of the 2N nodes in the graph
has an initial node representation. Each of the N
nodes that correspond to the query will have qn
as its initial node representation. Each of the N
passage nodes will have a pn,i as its initial node
representation.

One may wonder why we need N query nodes
that all have the same initial representation. This is
so for two reasons. The first is structural symmetry:
since we have N passage nodes, for symmetry
we have N query nodes, though this is not a re-
quirement for GAT to wor. Second, despite the fact
that they have the same initial representation, their
representations will change as the graph passes
through the GAT layers (see below), and having
multiple query nodes offers the flexibility of different
query nodes to specialize through attention.
Edge construction. After node construction, we
form a fully connected graph by connecting every
node to every other node with a directed edge. This
will allow information to flow between all node pairs
during the forward pass, as described below.

The resulting graph structure enables (1) direct
attention from query to passages and vice versa;
(2) attention between different passages, allowing
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for comparative assessment; and (3) self-attention
within queries and within passages to strengthen
internal representations.

Step 2: Iterative Refinement

Let H(0) be the graph having the initial node repre-
sentations as described in Step 1. In this step, we
perform a forward pass on H(0). In other words,
we apply multiple sequential GAT layers to H(0) in
an iterative refinement process to refine the node
representations. Specifically:

H(l+1) = GATl(H
(l))

where 0≤ l≤ L, andH(l) denotes the graph with the
node representations obtained after the l-th GAT
layer, starting with l=0. Each GATl layer performs
the multi-head attention operations.

This iterative structure enables (1) first-order re-
lationships (direct connections) to be modeled in
the initial layer; (2) second-order relationships (con-
nections between connections) to emerge in subse-
quent layers; and (3) progressive contextualization
of node representations with increasing layer depth.

Step 3: Node Separation and Normalization

Now that we have refined the node representations,
we can separate each (contextualized) node repre-
sentation into a query component and a passage
component, followed by L2 normalization:

qenhanced = H
(L)
1:N , penhanced = H

(L)
N+1:2N

qnormalized =
qenhanced

||qenhanced||2
, pnormalized =

penhanced
||penhanced||2

Step 4: Similarity Score Computation

Finally, we compute the similarity score between
the query and a passage by taking the temperature-
scaled dot product of their contextualized represen-
tations:

S =
qnormalized · pTnormalized

τ
∈ RN×N

where τ denotes the temperature parameter that
controls the sharpness of the resulting distribution.

Training objective. The training objective em-
ploys a pairwise margin loss function operating on
the contextualized similarity scores:

Lmargin =
1

|P|
∑

(i,j)∈P

max(0, γ − (Si,i − Sj,j))

where P encompasses all valid pairs (i, j) for which
the ground truth relevance of document i exceeds
that of document j by a predetermined threshold,
and γ represents the margin hyperparameter.

4.3. Joint Training
While the above discussion seems to suggest that
the intra-set ranker and the inter-set ranker are
trained separately using their own training objec-
tives, in reality we perform joint training of the two
rankers, where the training loss is the unweighted
sum of the losses employed by the two rankers.

4.4. Applying the Two Rankers
Now that we have described how we jointly train
the intra- and inter-set rankers, in this subsection
we describe how to apply them.
Applying the intra-set ranker. Recall that when
training the intra-set ranker, we created the N sets
by randomly sampling positive and negative pas-
sages given a query. During testing, however, we
do not know whether a passage is positive or neg-
ative. To address this problem, we first predict
whether a passage is positive or negative and use
the resulting predicted labels to create the N sets
for intra-set ranking.

Specifically, we first use the retriever employed
by the two Baselines (see Section 3) to compute
a similarity between each query and each of its
passages (using DPR). We then create the N sets
as follows. The N top-ranked will each be used as
the (predicted) positive instance for each of the N
sets. Since each set has M passages, we will use
the next N(M − 1) passages in the ranked list of
passages returned by the Baseline retriever as the
negative passages, distributing them evenly over
the N sets. Finally, we use the resulting N sets for
intra- and inter-set ranking.
Applying the inter-set ranker. Recall that when
training the inter-set ranker, we used the gold posi-
tive instances to construct the graph. During testing,
however, gold positive instances are not available.
Hence, we use instead the predicted positive in-
stances, where we assume that the highest-ranked
instance in each of the N sets for the given query
q is assumed to be its positive instance and will be
used for graph formation.

4.5. Returning the Ranked List
As mentioned at the beginning of Section 4.2, the
retriever needs to return one set of ranked results.
Hence, given a test query, we need to merge the
results of intra-set ranking and inter-set ranking into
one set of ranked results.

We employ a simple merging procedure. Each
of the N highest-ranked passages according to the
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Metric NQ TriviaQA
Training set size 79,168 docs 78,785 docs

Development set size 8,757 docs 8,837 docs
Test set size 3,610 docs 11,313 docs

Avg. question length 9.2 tokens 14 tokens
Avg. answer length 3.5 tokens 2.0 tokens

Table 1: Statistics on the two datasets.

intra-set ranker underwent inter-set ranking and
now has a GAT/semantic-refined score. The re-
maining passages retain their original intra-set sim-
ilarity scores. We sort the passages from all N sets
by these scores to produce a complete ranking. Fol-
lowing the two Baseline systems (see Section 3), if
a reranker is not used (as in Baseline 1), we return
the top 10 passages to the generator. However, if
a reranker is used (as in Baseline 2), we feed the
top 20 passages to the reranker.

5. Evaluation

5.1. Experimental Setup
In this subsection, we discuss the datasets, the
implementation details, and the metric we use in
our evaluation.
Datasets. We employ two commonly-used eval-
uation datasets. The Natural Questions (NQ)
dataset (Kwiatkowski et al., 2019) was introduced
by Google in 2019 as a benchmark for open-domain
question answering research. It consists of real
questions that users asked Google Search, paired
with answers found in Wikipedia articles. These
questions represent genuine information needs ex-
pressed by real users, making it more challenging
and realistic than previous QA datasets. The ques-
tions are collected from Google search queries,
and the answers are annotated in Wikipedia pas-
sages by human annotators. TriviaQA (Joshi et al.,
2017) was released in 2017 and was one of the
first large-scale reading comprehension datasets
to feature complex trivia-style questions. The ques-
tions come from trivia websites and quiz-league
websites, paired with evidence documents from
Wikipedia and web searches. Unlike NQ, TriviaQA
questions were specifically created to be trivia chal-
lenges, making them more complex and often re-
quiring multi-hop reasoning. TriviaQA is notable for
having multiple answer aliases for each question
(e.g., "JFK" and "John F. Kennedy"), which allows
for more flexible evaluation. Statistics on these two
datasets are shown in Table 1.
Implementation details and hyperparameter set-
tings used to implement our retriever. We set
the dimensionality of the Transformer representa-
tions to 768, the batch size to 4, the gradient accu-
mulation (the number of steps before parameter up-

date) to 4, the learning rate to 1 × 10−5, the weight
decay to 0.01, the maximum graident norm to 1,
the warmup ratio to 0.1, the maximum token length
of each query to 128, the maximum token length
of each passage to 128, the number of epochs to
175, the temperature used for intra-set ranking to
0.1, the temperature used for inter-set ranking to
0.3, the margin for the pairwise loss to 0.2, and
the number of epochs without improvement before
stopping (early stopping) to 5. These values were
chosen using the development set. Note, however,
that given the large number of hyperparameters, it
is not computationally feasible to do a grid search
over all of them. What we did instead was to per-
form iterative hyperparameter tuning, where in each
iteration, we optimize exactly one hyperparameters
while keeping the rest fixed.

After determining these hyperparameter values,
we use them to perform a grid search on the devel-
opment set over the remaining two hyperparame-
ters, which are core to our approach, namely the
number of candidates per set, which we search out
of {8, 16, 32}, and the number of sets, which we
search out of {6, 8, 10, 12}.1

Evaluation metric. To evaluate RAG-based
ODQA systems, the Exact Match (EM) score (Lewis
et al., 2020b) serves as the primary evaluation met-
ric, calculated as a normalized binary assessment
across all test queries. The formula for EM score
is:

EM =
1

N

N∑
i=1

δ(predi, refi) (1)

Where N represents the total number of queries
evaluated, predi is the normalized predicted an-
swer for query i, refi is the set of normalized refer-
ence answers for query i, and δ(predi, refi) equals
1 if the prediction matches any reference answer,
and 0 otherwise. Following previous work, we em-
ploy a lenient matching approach where a match
is recognized when there is substantial term over-
lap between the candidate answer and references,
determined through multiple criteria: exact match
after normalization, containment analysis, fuzzy
matching with similarity thresholds, or significant
token overlap ratio. This balanced methodology
maintains objectivity while avoiding the excessive
strictness of character-by-character comparison,
providing a practical measure of answer correct-
ness that remains reproducible and interpretable.

5.2. Results and Discussion
In this subsection, we gauge the performance of
RBR by comparing it with our two baselines as well

1According to the dev set, the best number of candi-
dates per set for both datasets is 16. As for the number of
sets, the optimal number is 8 for NQ and 10 for TriviQA.
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System NQ TriviaQA
1 DPR only (Baseline 1) 40.50 42.90
2 DPR+Reranker (Baseline 2) 42.00 45.46
3 DPR+Intra+Inter+Reranker 62.74 74.50
4 DPR+Intra+Inter 53.56 66.03
5 DPR+Intra+Reranker 49.97 62.14
6 DPR+Intra only 45.65 59.00

Table 2: EM results of different variants of RBR.

as the state-of-the-art RAG-based ODQA systems.

5.2.1. Comparison with the Baselines

EM results of Baselines 1 and 2 are shown in rows 1
and 2 of Table 2 respectively. Recall that the two
Baselines differ only w.r.t. whether a reranker is
used. As can be see, incorporating a reranker
yields an improvement of 1.5–2.56 EM points on
the two datasets. These results demonstrate the
usefulness of a reranker for RAG-based ODQA.

Results of RBR are shown in row 3 of Table 2.
Comparing the results in row 3 with those in the
first two rows, we see that RBR considerably im-
proves both Baselines by 20.74–29.04 EM points
on both datasets. These results demonstrate the
effectiveness of RBR for ODQA.

5.2.2. Ablation Results

To gain insights into RBR, we conduct three abla-
tion experiments.

First, to understand the contribution of the
reranker in our approach, we remove the reranker
from our approach, feeding the top-10 passages
ranked by the retriever directly to the LLM genera-
tor. Results of this experiment are shown in row 4
of Table 2. As can be seen, without the reranker,
the EM scores of our approach drop abruptly by
8.47–9.18 points on the two datasets. These re-
sults suggest that the reranker plays a crucial role
in our approach.

Second, to understand the contribution of the
GAT-based inter-set ranking in our approach, we
omit inter-set ranking by re-training our retriever
using intra-set ranking only. Results of this ablated
system are shown in row 5 of Table 2. As can be
seen, without inter-set ranking, the EM scores of
our approach drop abruptly by 12.36–12.77 points
on the two datasets. These results suggest that
inter-set ranking plays a crucial role in our approach.
Moreover, comparing rows 4 and 5, we see that
inter-set ranking contributed more to the overall
performance of our approach than the reranker.

Finally, we conduct an ablation experiment in
which we remove both the reranker and inter-set
ranking from our approach. Results of this ablated
system are shown in row 6 of Table 2. As can be
seen, without the reranker and inter-set ranking,

RAG type NQ TriviaQA
Naïve RAG (Lewis et al., 2020b) 44.50 55.80
REPLUG (Shi et al., 2024) 45.50 72.39
Blended RAG (Sawarkar et al., 2024) 42.63 -
Bridging RAG (Ke et al., 2024) 45.37 -
REAR (Wang et al., 2024) 51.41 66.26
PA-RAG (Wu et al., 2024) 62.29 73.49
RBR (Our approach) 62.74 74.50

Table 3: Comparison with state-of-the-art models.
All results are expressed in terms of EM.

the EM scores of our approach drop further in com-
parison to those in rows 4 and 5, where exactly
one of them is ablated. Specifically, when both are
ablated from our approach, the EM scores drop con-
siderably by 15.5–17.09 points on the two datasets.
Comparing the results in row 1 and row 6, we see
that the addition of intra-set ranking to Baseline 1
improves the EM scores by 5.15–16.1 points on
the two sets, suggesting the usefulness of intra-set
ranking in the absence of the reranker.

5.2.3. Comparison with the State of the Art

Despite RBR’s considerable improvements over
the two Baselines, a natural question is: how does
RBR perform relative to the state-of-the-art RAG-
based ODQA systems? Results are shown in Ta-
ble 3. Specifically, the first six rows of the table
show the results of six state-of-the-art RAG-based
ODQA systems on the two datasets taken directly
from the respective papers2, and the last row of
the table shows the results of RBR. As can be see,
RBR slightly outperforms PA-RAG, the best state-
of-the-art system, on both datasets. These results
provide suggestive evidence that RBR is an effec-
tive approach to RAG-based ODQA that performs
comparably to the state of the art.

6. Conclusion

We presented RBR, a novel approach that improves
RAG-based ODQA systems by improving the re-
triever. Unlike existing retrievers, which models
each query-passage pair independently of other
pairs, RBR first models the relationship among the
passages by ranking them w.r.t. the given query,
then refines the relevance scores using a GAT. Em-
pirical results on two commonly-used evaluation
datasets, Natural Questions and TriviaQA, showed
that RBR slightly outperforms PA-RAG, a state-
of-the-art ODQA system, by 0.45 points and 1.01
points in EM score on Natural Questions and Trivi-
aQA, respectively.

2Dashes are used in the table when an approach does
not report results on a dataset.
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