
Findings of the Association for Computational Linguistics: IJCNLP-AACL 2026, pages 2805–2823
November 6-10, 2026 ©2026 Association for Computational Linguistics

Bridging the Long-Tail Gap: Robust Retrieval-Augmented Relation
Completion via Multi-Stage Paraphrase Infusion

Fahmida Alam, Mihai Surdeanu, Ellen Riloff
Department of Computer Science

University of Arizona, Tucson, AZ, USA
{fahmidaalam, msurdeanu, riloff}@arizona.edu

Abstract

Large language models (LLMs) struggle with
relation completion (RC), both with and with-
out retrieval-augmented generation (RAG), par-
ticularly when the required information is
rare or sparsely represented. To address this,
we propose a novel multi-stage paraphrase-
guided relation-completion RAG framework,
RC-RAG, that systematically incorporates re-
lation paraphrases across multiple stages. In
particular, RC-RAG: (a) integrates paraphrases
into retrieval to expand lexical coverage of
the relation, (b) uses paraphrases to generate
relation-aware summaries, and (c) leverages
paraphrases during generation to guide reason-
ing for relation completion. Experiments with
five LLMs on two benchmark datasets show
that RC-RAG consistently outperforms several
RAG baselines. In long-tail settings, the best-
performing LLM augmented with RC-RAG im-
proves by 50.4 Exact Match (EM) points over
its standalone performance and surpasses two
strong RAG baselines by 30.4 and 16.0 EM
points, respectively, without requiring addi-
tional model training or fine-tuning.1

1 Introduction

Relation completion (RC) is an important task for
large language models (LLMs), as it enables mod-
els to infer and reason about relations between en-
tities. This capability supports a variety of applica-
tions, including knowledge graph completion and
multi-hop reasoning, where LLMs are increasingly
used as a central reasoning component (Wei et al.,
2023; Yao et al., 2025). Although LLMs perform
well on many tasks, they still struggle with relation
completion. In particular, LLM performance dete-
riorates significantly when the required knowledge
is rare or lies in the long tail of the data distribu-
tion. In such sparse settings, retrieval-augmented
generation (RAG) (Guu et al., 2020; Lewis et al.,

1Code and data are available at https://github.com/
alamfahmida/RC-RAG.

2021; Izacard et al., 2022b) is used to provide ex-
ternal evidence to LLMs. While RAG has shown
strong performance across many NLP tasks, exper-
imental results indicate that state-of-the-art RAG
approaches still perform poorly for relation comple-
tion. This issue becomes even more severe when
the underlying relations are rare or occur in long-
tail settings.

Formally, given a triple (e1, r, ?), where e1 de-
notes the head entity and r denotes the relation,
the goal of relation completion (RC) is to pre-
dict the missing tail entity e2 to complete the
triple (e1, r, e2). We define a triple as long-tail2

if the co-occurrence frequency of the entity pair
(e1, e2) within the same sentence of a passage in
the corpus is below a threshold x. Under this
definition, most triples (e1, r, e2) have very lim-
ited evidence of the target relation in the cor-
pus (see Figure 5 in Appendix C). For example,
the pair (Bruno Zevi, Sapienza University) appears
only three times in the corpus used in this work.
When conditioned on the relation educated at,
the available evidence becomes even more sparse.
Moreover, relations can be expressed through di-
verse paraphrases. For instance, educated at may
be expressed in text using the paraphrase alma
mater. If such variations are not considered during
retrieval, relevant evidence may not be retrieved.

In this paper, we propose a novel relation-
completion RAG framework, RC-RAG. The nov-
elty of our framework lies in incorporating relation
paraphrases across multiple stages. First, they are
infused into a hybrid retrieval mechanism to ex-
pand lexical coverage of relation expressions. This
enhances the system’s capacity to retrieve relevant
evidence even when explicit mentions of the rela-
tion are sparse. The same paraphrases are further

2We acknowledge that several other scenarios may fall
under the “long-tail” umbrella. We leave the development of
a comprehensive taxonomy of long-tail relations for future
work.
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leveraged to produce relation-aware summaries that
reduce noise and guide the model toward relevant
evidence. Finally, they are used during generation
to focus the model’s attention on relation-specific
cues, enabling stronger reasoning for relation com-
pletion, without requiring any model fine-tuning.

This work studies RAG performance on relation
completion (RC) across frequency regimes, from
high-frequency to long-tail relations. Our analysis
reveals how sparsity affects retrieval quality and
motivates the design of methods to address this
challenge.

All in all, our contributions are:

(1) We propose a novel RAG framework, RC-RAG,
for relation completion that incorporates relation
paraphrases across multiple stages of the frame-
work. These paraphrases expand lexical coverage
during retrieval, help identify relevant information
during evidence summarization, and guide reason-
ing during generation, addressing the challenge of
relation sparsity. To our knowledge, we are the first
to explore the impact of paraphrases for RC under
RAG.

(2) We evaluate RC-RAG on two benchmark
datasets (MALT and Wikidata5M) across five
LLMs, demonstrating consistent improvements
over strong state-of-the-art RAG baselines. Im-
portantly, in the long-tail setting, our framework
surpasses two competitive RAG baselines by 30.4
and 16.0 EM points, respectively. RC-RAG requires
no model fine-tuning, making it broadly applicable
across different LLMs.

(3) This work is the first to conduct a systematic
frequency-aware analysis of RAG performance for
relation completion. Our results show that exist-
ing methods degrade sharply in long-tail settings,
while our framework remains robust, providing an
initial step toward addressing long-tail challenges
in relation completion.

(4) We introduce a reproducible evaluation frame-
work in which RAG baselines and RC-RAG operate
under identical settings, using the same retrieval
corpus, benchmark datasets, and evaluation metrics
to ensure fair comparison.

2 Related Work

Frequency Bias and Memorization in LLMs:
LLMs have been shown to store large amounts
of factual knowledge in their parametric memory,
enabling strong performance on a wide range of

knowledge-intensive tasks without explicit retrieval
mechanisms (Petroni et al., 2019; Roberts et al.,
2020). However, LLMs perform poorly in relation
completion, particularly when the required informa-
tion is sparse. Recent studies show that parametric
knowledge in LLMs is unevenly distributed and
influenced by the frequency with which facts ap-
pear in the pretraining data. In particular, LLMs
are more likely to recall facts frequently observed
during pretraining, while rare or infrequent facts
are harder to extract (Carlini et al., 2023; Kandpal
et al., 2023). This frequency-dependent memoriza-
tion behavior poses a challenge in long-tail settings,
where the required facts are rare or weakly repre-
sented in the data distribution. These limitations
highlight the need for RAG frameworks that can re-
trieve relevant context even under sparse evidence
conditions without requiring LLM fine-tuning.
RAG for Relation Completion: RAG-based meth-
ods augment LLMs with external non-parametric
memory by retrieving relevant documents at infer-
ence time and conditioning generation on the re-
trieved evidence (Guu et al., 2020; Karpukhin et al.,
2020; Lewis et al., 2021; Shuster et al., 2021; Asai
et al., 2023; Xu et al., 2023; Jiang et al., 2023; Re-
ichman and Heck, 2024). This approach has been
shown to improve factual accuracy and robustness
across tasks such as open-domain question answer-
ing, fact verification, and knowledge-intensive rea-
soning (Khattab and Zaharia, 2020; Izacard and
Grave, 2021; Ram et al., 2023). However, the ap-
plication of RAG to RC remains relatively underex-
plored, especially in long-tail settings. In practice,
the information required to complete a relation may
be sparse or weakly expressed in the corpus, mak-
ing it difficult for retrieval mechanisms to identify
sufficient contextual evidence. These challenges
highlight the need for RAG frameworks that re-
main robust across varying evidence frequencies
and support relation completion under sparse evi-
dence conditions.
Architectural and Analytical Challenges of Cur-
rent RAG Frameworks: Existing RAG frame-
works are often architecturally complex and com-
putationally expensive, relying on sophisticated
machine learning components that require exten-
sive fine-tuning, task-specific customization, and,
in some cases, synthetic data generation for instruc-
tion tuning (Lin et al., 2024; Asai et al., 2023; Xu
et al., 2023). Moreover, these methods operate as
black-box systems, providing limited insight into
model behavior. In particular, there is no system-
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INPUT QUERY

Entity 1

Alice Wolfson

Relation

educated at

(Alice Wolfson, educated at, ?)

Multi-Stage Relation-Paraphrase Guidance
The same relation cues guide retrieval, evidence preservation, and answer generation.

Relation Paraphrase
Generation

Offline, one-time preprocessing

studied at educated at graduated from alma mater …
Shared signal used in

all three pipeline stages

1
Paraphrase-Guided
Retrieval

Dense and lexical retrievers use separate query formulations.

Dense Retriever
“Where did Alice Wolfson

study?”

Corpus Index

Lexical Retriever

Alice Wolfson AND
(“educated at” OR “studied at” OR …)

Reciprocal

Rank

Fusion

Retrieved

Passages

Retrieved evidence (relevant + noisy)

RELEVANT “… Alice Wolfson is a graduate of Barnard College …”

RELEVANT “… educational background at Barnard College …”

NOISE “… David Wolfson was educated at Clifton College …”

2
Paraphrase-Guided
Context Summarization

Guidance signals

Relation: educated at Paraphrases: studied at · alma mater · …

Expected type: ORG Preserve relevant evidence;

suppress noisy content.

Context

Summarizer
relation-aware filtering

SUMMARY

Alice Wolfson is a graduate

of Barnard College, where she

received her education.

As a former Fulbright

Scholar, …

Output passed forward:

concise, relation-relevant evidence

3
Paraphrase-Guided
Generation

Generation inputs

• Entity 1: Alice Wolfson

• Relation: educated at

• Relation paraphrases

• Expected type: ORG

• Summarized evidence

Final Generator
relation completion

PREDICTED ENTITY 2

Barnard College

Figure 1: Overview of our multi-stage paraphrase-guided RAG framework, RC-RAG, for relation completion. Given
an entity–relation query, we generate relation paraphrases of the target relation and inject them across three stages:
(1) paraphrase-guided hybrid retrieval to expand semantic coverage, (2) paraphrase-guided context summarization
to extract relation-relevant information, and (3) paraphrase-guided generation to guide relation completion.

atic analysis of the sensitivity of RAG frameworks
to data sparsity, making it difficult to diagnose fail-
ure modes or ensure robust performance across
different frequency conditions. In this work, we
take a first step toward addressing these challenges
by studying retrieval performance under varying
data frequency conditions.

3 Proposed Method

We propose RC-RAG, a novel RAG framework for
relation completion that consists of three stages: (1)
paraphrase-guided hybrid retrieval, (2) paraphrase-
guided context summarization, and (3) paraphrase-
guided generation. Figure 1 illustrates the frame-
work design in detail.

Relation Paraphrases Generation: To capture
lexical variations of relations, we construct a rela-
tion paraphrase set for each target relation. For
a relation r, we define a paraphrase set Pr =
{p1, p2, . . . , pk}, where each pi represents a nat-
ural language expression conveying the same rela-
tional meaning as r. For example, for the relation
r = founded by, the paraphrase set may include
expressions such as established by, created
by, and started by. This step is performed of-
fline as a one-time preprocessing procedure (Fig-
ure 1). The complete list is provided in Table 5
in Appendix A and is used across all three stages
of RC-RAG. We generate this set for each relation

using an LLM3 with the prompt template shown in
Figure 2 in Appendix A.

3.1 Paraphrase-Guided Hybrid Retrieval
In practice, relevant evidence in the RAG corpus
may be expressed using linguistic variations that
differ from the target relation, which can lead to
retrieval failures. For example, when the relation
r is educated at, the corpus may contain infor-
mation expressed using paraphrases such as alma
mater. This issue becomes more severe in long-tail
scenarios, where the required evidence is scarce,
and failing to capture such variations can signif-
icantly affect retrieval performance. To mitigate
this issue, we incorporate relation paraphrases into
the hybrid retriever, enabling the retriever to cap-
ture relevant evidence even when explicit mentions
of the target relation are sparse. To operational-
ize paraphrase-guided hybrid retrieval, we leverage
both lexical and dense retrieval signals, incorporat-
ing relation paraphrases into the lexical retriever to
expand lexical coverage during retrieval.

3.1.1 Lexical Retrieval
Lexical retrieval captures surface-level variations
of a relation through explicit textual matches. To
leverage this property, we augment the retrieval
query with relation paraphrases that provide lin-
guistic variants of the target relation. Given a head

3Main experiments use gpt-4o-mini-2024-07-18; we
also evaluate Meta-Llama-3.1-8B-Instruct (Appendix H).
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entity e1 and relation r, we construct lexical queries
using the paraphrase set Pr = {p1, . . . , pk} and
retrieve passages using a disjunction over conjunc-
tions (e1∧p1)∨· · ·∨(e1∧pk). Incorporating para-
phrases into the retrieval query increases the like-
lihood of retrieving relevant passages even when
explicit mentions of the relation are scarce, and
helps disentangle cases where the dense retriever
retrieves passages describing the target relation for
a different entity. We implement lexical retrieval
using an inverted index built with Elasticsearch,4

ranking passages with the BM25 scoring function
(Robertson and Zaragoza, 2009).

3.1.2 Dense Retrieval
Relevant evidence may also appear in implicit or
semantically related formulations that do not share
exact lexical matches with the target relation. To
capture such cases, we complement lexical retrieval
with dense retrieval, which models deeper semantic
similarity between the query and corpus passages.
Given an input (e1, r), we construct a query using
a relation-specific question-answering (QA) tem-
plate (see Table 6 in Appendix B) that encodes the
semantics of the target relation. These templates
are automatically generated using an LLM.5 For
example, for the relation r = founded by, the
query becomes Who founded {entity}?. The dense
retriever operates over a Wikipedia passage corpus
with precomputed Contriever embeddings6 gener-
ated using the Contriever model trained on MS
MARCO (Izacard et al., 2022a), which is widely
used in state-of-the-art RAG systems (Asai et al.,
2023; Xu et al., 2023). We retrieve the top-k pas-
sages using dense vector similarity.

3.1.3 Reciprocal Rank Fusion
We independently query the lexical and dense re-
trievers and combine their ranked outputs using
Reciprocal Rank Fusion (RRF) (Cormack et al.,
2009), an unsupervised rank aggregation method
that prioritizes items highly ranked by any retriever
and has been shown effective for combining hetero-
geneous retrieval signals in RAG settings (Islam
et al., 2025). Given the set of retrievers R and the
rank rankr(p) of passage p returned by retriever

4https://www.elastic.co/elasticsearch
5We use gpt-4o-mini-2024-07-18 in the main experi-

ments; Meta-Llama-3.1-8B-Instruct produces nearly iden-
tical performance (Appendix H).

6https://dl.fbaipublicfiles.com/contriever/
embeddings/contriever-msmarco/wikipedia_
embeddings.tar

r ∈ R, the RRF score is computed as:

RRF(p) =
∑

r∈R

1

crrf + rankr(p)
. (1)

In all experiments, we set crrf = 0 to emphasize
top-ranked passages and select the top-k passages
based on the fused scores. We analyze how differ-
ent values of crrf affect performance and justify our
choice of crrf = 0 in Appendix I.

3.2 Paraphrase-Guided Context
Summarization

After retrieval, the collected evidence often con-
tains substantial noise and irrelevant information.
When the retrieved context is long or loosely re-
lated to the target relation, LLMs may become dis-
tracted by irrelevant details, which can negatively
affect downstream reasoning. To mitigate this issue,
we guide the summarization stage using relation
paraphrases and entity-type constraints. Specifi-
cally, sentences containing relation paraphrases are
assigned higher importance, as they are more likely
to express the target relation. In addition, we priori-
tize evidence that mentions entities consistent with
the expected type of the target entity e2. These sig-
nals help the model focus on relationally relevant
information while filtering out distracting context.

We use GPT-4o-mini7 with the prompt shown in
Figure 3 to generate a relation-aware summary of
the retrieved passages. We also evaluate an open-
source alternative to demonstrate that RC-RAG
does not depend on proprietary models (see Ap-
pendix H). For each relation r, the expected type of
the target entity e2 is determined through a relation-
to-type mapping, where each relation corresponds
to a small and well-defined set of plausible entity
types (e.g., GPE or LOC for place of birth). We
use a manually constructed mapping in the main
experiments, which is provided in Table 7 in Ap-
pendix B. We also evaluate an automatically gener-
ated LLM-based mapping in Appendix B, showing
that comparable performance can be achieved with-
out requiring a manually constructed mapping.

3.3 Paraphrase-Guided Generation

During the generation stage, relation paraphrases
guide the reasoning process. Even after the relation-
aware summarization stage, the summary may still
contain multiple entities and contextual details that

7We use gpt-4o-mini-2024-07-18.
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are not directly relevant to the target relation. To ad-
dress this challenge, we incorporate paraphrases of
the target relation to guide the generator LLM’s at-
tention toward relationally relevant sentences in the
summary. This mechanism encourages the model
to prioritize evidence aligned with the semantic
intent of the relation, thereby improving its abil-
ity to identify the correct tail entity while reducing
distractions from irrelevant context. We use five dif-
ferent LLMs (see Section 4.1) as RC generators to
predict the target tail entity e2 given the input pair
(e1, r), the relation-aware summary, and relation
paraphrases that guide generation. The generation
prompt is shown in Figure 4 in Appendix A.

4 Experimental Setup

4.1 Large Language Models for Generation

We evaluate five open-source LLMs as rela-
tion completion (RC) generators: Llama-2-7b-
chat-hf, Llama-2-13b-chat-hf, Meta-Llama-3.1-8B-
Instruct, Mistral-7B-Instruct-v0.3, and Mixtral-
8x7B-Instruct-v0.1. To ensure a fair comparison,
all models use the same generation prompt. No
task-specific fine-tuning is performed; each model
is used in its original pretrained or instruction-tuned
form. Additional implementation details, prompts,
and hyperparameters are provided in Appendix A,
along with the inference latency and API cost of
RC-RAG.

4.2 RAG Settings

4.2.1 RAG Corpus
Following prior work (Asai et al., 2023; Karpukhin
et al., 2020), we use the same Wikipedia passage
corpus8 for all retrieval components in our frame-
work, as well as for all RAG baselines, to ensure a
fair and consistent comparison.

4.2.2 Top-k Retrieval Settings
We evaluate RC-RAG and all baselines under two
retrieval settings based on the number of top-ranked
passages used as context: Top-10 and Top-20. This
allows us to compare the methods using the same
amount of retrieved context and to assess the effect
of increasing the amount of retrieved context.

4.3 Datasets

We evaluate our framework on two benchmark
datasets: MALT (Chen et al., 2023) and Wiki-

8https://dl.fbaipublicfiles.com/dpr/wikipedia_
split/psgs_w100.tsv.gz

data5M (Wang et al., 2021). MALT is specifi-
cally designed for long-tail knowledge base com-
pletion, so we evaluate it using a balanced global
subset without additional frequency partitioning.
In contrast, Wikidata5M spans a wide range of oc-
currence frequencies. Therefore, we report both
global results and frequency-based analyses on
a curated subset to assess robustness across fre-
quency regimes, from high-frequency to long-tail
settings. Our evaluation covers all eight relations in
MALT and twelve relations in the Wikidata5M sub-
set. The complete list of relations for both datasets
is provided in Table 5 in Appendix A. Details on
frequency-based partitioning, long-tail threshold
selection, and dataset construction are provided in
Appendix C.

4.4 Baselines

4.4.1 Parametric LLM Baselines (No Context)
We evaluate five LLMs to assess their performance
in relation completion across frequency bins (high-
frequency to long-tail) when relying solely on their
parametric memory (see Section 4.1). We use the
same generation prompt shown in Figure 4 in Ap-
pendix A, but remove both retrieved contextual
evidence and relation paraphrases. This setting iso-
lates the models’ parametric factual knowledge and
enables analysis of performance degradation across
frequency partitions, highlighting the impact of re-
lational sparsity in long-tail settings even for strong
pretrained LLMs.

4.4.2 RAG Baselines
We compare RC-RAG against three RAG baselines:
Vanilla RAG, SELF-RAG (Asai et al., 2023), and
RECOMP (Xu et al., 2023).

Vanilla RAG. To assess the contribution of the
components introduced in RC-RAG, we imple-
ment a standard retrieve-then-generate baseline in
which retrieved passages are provided directly to
the LLM, without evidence summarization or para-
phrase guidance. This setup provides a direct com-
parison with conventional RAG and quantifies the
gains of the proposed framework.

SELF-RAG and RECOMP. Since both methods
are primarily designed and evaluated for question
answering (QA), we cast the relation completion
task as a QA problem to enable a fair comparison.
Both baselines rely on sophisticated architectures
that require substantial additional training beyond
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the base generator, including task-specific compo-
nents and large-scale supervision. SELF-RAG is re-
leased with LLaMA-2-7B and LLaMA-2-13B vari-
ants; we use the 7B variant in the main results and
additionally evaluate the 13B variant as a model-
size control. The architectural details of RECOMP
and SELF-RAG, along with the SELF-RAG model-
size comparison, are provided in Appendix D and
Appendix D.1.1, respectively.

4.5 Evaluation Metrics

We evaluate relation completion using exact match
(EM) and approximate match (AM) accuracy. EM
requires an exact match to the gold tail entity; how-
ever, unlike MALT, Wikidata5M provides only a
single canonical surface form, penalizing seman-
tically correct variants (e.g., Chevy Chase, Mary-
land vs. Chevy Chase). To mitigate surface-form
mismatches, we adopt AM based on word-level
Jaccard similarity with a 60% threshold. We se-
lect this threshold based on a manual analysis of 50
Wikidata5M prediction–gold answer pairs. A lower
threshold of 33% was overly permissive, with 24
of 25 cases accepted by the metric being incor-
rect, while a higher threshold of 80% was overly
strict, rejecting all 24 semantically correct cases
examined. This analysis supports our choice of
the 60% threshold. At this threshold, Chevy Chase,
Maryland is counted as correct for the gold answer
Chevy Chase (2/3 similarity), while Orlando, FL
is counted as incorrect for Jacksonville, FL (1/3
similarity).

5 Results and Analysis

5.1 Overall Performance Across Datasets

We evaluate RC-RAG across five generator LLMs
and compare it with Vanilla RAG, SELF-RAG, RE-
COMP, and no-context baselines.
Tables 1 and 2 report the results on MALT and
Wikidata5M, respectively. We draw the following
key observations:

(1) RC-RAG consistently outperforms RAG base-
lines. RC-RAG strongly outperforms Vanilla RAG,
RECOMP, and SELF-RAG across datasets under
Top-10 and Top-20 retrieval. Notably, these gains
persist even with the smallest LLM in our evalua-
tion, Llama-2-7b-chat-hf. The performance margin
increases with stronger LLMs. This consistency
across all five LLMs indicates that RC-RAG is not
dependent on a particular model or retrieval setting.

Context
Length Model EM

(%)
AM
(%)

Baselines

No-context

Llama-2-7B-chat-hf 13.6 17.0
Llama-2-13B-chat-hf 16.0 19.4
Meta-Llama-3.1-8B-Instruct 22.8 27.7
Mistral-7B-Instruct-v0.3 16.1 20.1
Mixtral-8x7B-Instruct-v0.1 34.7 38.4

Top-10
Vanilla RAG 51.9 54.0
RECOMP 37.1 39.0
SELF-RAG 54.2 57.3

Top-20
Vanilla RAG 51.5 53.4
RECOMP 31.9 34.6
SELF-RAG 52.8 56.0

RC-RAG (Ours)

Top-10

Llama-2-7B-chat-hf 58.6 60.9
Llama-2-13B-chat-hf 58.9 61.1
Meta-Llama-3.1-8B-Instruct 59.3 61.3
Mistral-7B-Instruct-v0.3 60.6 63.2
Mixtral-8x7B-Instruct-v0.1 61.0 63.3

Top-20

Llama-2-7B-chat-hf 59.3 61.5
Llama-2-13B-chat-hf 60.5 62.9
Meta-Llama-3.1-8B-Instruct 60.3 62.6
Mistral-7B-Instruct-v0.3 62.7 65.1
Mixtral-8x7B-Instruct-v0.1 62.2 64.8

Table 1: Overall performance of RC-RAG and baselines
on MALT under Top-10 and Top-20 retrieval settings.

(2) RC-RAG substantially improves LLM per-
formance over no-context baselines. RC-RAG
improves performance over the corresponding no-
context LLM baselines on both datasets. Even
the strongest no-context generator, Mixtral-8x7B-
Instruct-v0.1, performs poorly on its own, but
achieves substantially higher performance when
augmented with RC-RAG. This highlights the limi-
tations of relying solely on parametric knowledge
for relation completion, particularly when rela-
tional evidence is sparse.

(3) RC-RAG benefits from additional retrieved
context, while the RAG baselines do not. Across
both datasets, every RC-RAG configuration im-
proves when retrieval depth increases from Top-10
to Top-20. On MALT, all three RAG baselines de-
grade with additional context. On Wikidata5M, RE-
COMP and SELF-RAG also degrade, while Vanilla
RAG shows only a small improvement. These re-
sults suggest that RC-RAG is better able to lever-
age additional retrieved evidence without being
substantially affected by the noise introduced by
deeper retrieval.
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Context
Length Model EM

(%)
AM
(%)

Baselines

No-context

Llama-2-7B-chat-hf 21.0 23.4
Llama-2-13B-chat-hf 21.9 23.7
Meta-Llama-3.1-8B-Instruct 30.0 32.6
Mistral-7B-Instruct-v0.3 25.7 27.5
Mixtral-8x7B-Instruct-v0.1 37.3 40.7

Top-10
Vanilla RAG 49.2 52.5
RECOMP 47.5 50.9
SELF-RAG 52.1 55.3

Top-20
Vanilla RAG 49.9 52.9
RECOMP 39.9 42.7
SELF-RAG 50.3 53.3

RC-RAG (Ours)

Top-10

Llama-2-7B-chat-hf 59.1 62.4
Llama-2-13B-chat-hf 61.7 65.0
Meta-Llama-3.1-8B-Instruct 61.1 64.6
Mistral-7B-Instruct-v0.3 63.8 67.5
Mixtral-8x7B-Instruct-v0.1 64.5 68.7

Top-20

Llama-2-7B-chat-hf 60.8 64.0
Llama-2-13B-chat-hf 62.8 65.7
Meta-Llama-3.1-8B-Instruct 62.0 65.3
Mistral-7B-Instruct-v0.3 65.5 69.1
Mixtral-8x7B-Instruct-v0.1 65.5 68.6

Table 2: Overall performance of RC-RAG and baselines
on Wikidata5M under Top-10 and Top-20 retrieval set-
tings.

Open-Source Evaluation. We additionally eval-
uate a fully open-source RC-RAG pipeline for para-
phrase generation, QA-template generation, entity-
type mapping, and summarization. The results
show that RC-RAG remains effective without re-
lying on proprietary LLMs; detailed results are
provided in Appendix H.

5.2 Frequency-Based Performance Analysis
on Wikidata5M

Table 3 presents a frequency-based evaluation of
our RAG framework, RC-RAG, and all baselines on
the Wikidata5M dataset. For this analysis, we par-
tition the data into three frequency regimes: high-
frequency, mid-frequency, and long-tail. The defi-
nitions and partitioning procedure are described in
Appendix C.

(1) Existing RAG methods degrade sharply as
relation frequency decreases, while RC-RAG re-
mains robust. As shown in Table 3, Vanilla RAG,
RECOMP, and SELF-RAG show substantial per-
formance degradation from high-frequency to long-
tail instances under both Top-10 and Top-20. In

contrast, RC-RAG shows a much smaller decline as
relation frequency decreases, even with the small-
est LLM in our evaluation, and this robustness per-
sists across stronger LLMs. These results indicate
that RC-RAG is substantially more robust to rela-
tional sparsity than existing RAG methods.

(2) RC-RAG outperforms all RAG baselines
across frequency regimes. Across all LLMs and
both retrieval settings, RC-RAG consistently and
substantially outperforms Vanilla RAG, RECOMP,
and SELF-RAG in the high-, mid-, and long-tail
regimes. The performance gains of RC-RAG over
the baselines increase as relation frequency de-
creases. In the long-tail setting, the gain is particu-
larly large, showing that RC-RAG remains robust
under sparse relational evidence.

(3) No-context LLM performance degrades
sharply as relation frequency decreases. As
shown in Table 3, all no-context baselines de-
cline sharply as relation frequency decreases, with
particularly severe degradation in the long-tail
regime. This pattern persists even for Mixtral-
8x7B-Instruct-v0.1, the strongest no-context gen-
erator in our evaluation, indicating that increasing
model capability alone does not overcome sparse
relational evidence. In contrast, augmenting the
same LLM with RC-RAG substantially mitigates
this degradation and maintains strong long-tail per-
formance. These results highlight the importance
of retrieved relational evidence for robust long-tail
relation completion.

(4) RC-RAG benefits from deeper retrieval in
sparse frequency regimes, unlike existing RAG
methods. As shown in Table 3, increasing retrieval
from Top-10 to Top-20 improves RC-RAG across
all generator LLMs in both the mid-frequency and
long-tail subsets. In contrast, RECOMP and SELF-
RAG consistently lose performance with deeper re-
trieval across all frequency regimes, while Vanilla
RAG shows only small and mixed changes. These
results indicate that RC-RAG can effectively lever-
age additional retrieved evidence when relational
evidence is sparse, while existing RAG methods
are more susceptible to noise introduced by deeper
retrieval.

(5) High-frequency instances are more affected
by ambiguity and retrieval noise. Interestingly,
the mid-frequency bucket slightly outperforms the
high-frequency bucket in Table 3. To investigate
this pattern, we conduct two analyses. First, we
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Context
Length Model Frequency

High-frequency Mid-frequency Long-tail

EM
(%)

AM
(%)

EM
(%)

AM
(%)

EM
(%)

AM
(%)

Baselines

No-context

Llama-2-7B-chat-hf 38.8 40.4 16.4 18.6 7.80 11.2
Llama-2-13B-chat-hf 41.8 43.6 17.4 18.6 6.60 8.80
Meta-Llama-3.1-8B-Instruct 51.0 52.6 28.0 30.8 11.0 14.4
Mistral-7B-Instruct-v0.3 47.2 49.0 21.6 22.6 8.20 10.8
Mixtral-8x7B-Instruct-v0.1 57.2 61.0 38.4 41.8 16.2 19.2

Top-10 Vanilla RAG 53.4 56.2 51.6 54.6 42.6 46.8
RECOMP 52.2 56.6 49.4 51.4 40.8 44.8
SELF-RAG 60.8 63.6 52.6 54.8 43.0 47.6

Top-20
Vanilla RAG 55.0 57.6 51.0 53.8 43.6 47.4
RECOMP 49.4 53.0 42.0 43.4 28.2 31.8
SELF-RAG 57.4 60.0 50.8 52.8 42.6 47.2

RC-RAG (ours)

Top-10

Llama-2-7B-chat-hf 60.8 64.0 63.8 65.6 52.8 57.6
Llama-2-13B-chat-hf 63.8 67.0 66.8 69.0 54.4 59.0
Meta-Llama-3.1-8B-Instruct 63.2 67.2 66.0 67.6 54.0 59.0
Mistral-7B-Instruct-v0.3 67.4 71.2 67.8 69.8 56.2 61.4
Mixtral-8x7B-Instruct-v0.1 67.4 71.4 69.2 71.0 56.8 61.8

Top-20

Llama-2-7B-chat-hf 62.2 65.2 65.2 67.4 55.0 59.4
Llama-2-13B-chat-hf 64.2 67.0 68.4 70.4 55.8 59.8
Meta-Llama-3.1-8B-Instruct 62.4 65.6 68.2 70.0 55.4 60.2
Mistral-7B-Instruct-v0.3 67.8 71.4 70.2 72.4 58.6 63.4
Mixtral-8x7B-Instruct-v0.1 67.8 71.0 70.8 72.6 57.8 62.2

Table 3: Frequency-wise performance of RC-RAG and baselines on Wikidata5M across high-, mid-, and long-tail
regimes.

perform a finer-grained frequency analysis by par-
titioning the dataset into 10 global frequency bins.
The results show that performance within both
the high- and mid-frequency regimes is not uni-
form: the first high-frequency bin achieves the
highest EM overall, while performance declines in
the extreme high-frequency bins due to increased
ambiguity and heterogeneous contextual evidence.
This indicates that the apparent mid > high pattern
is primarily driven by degradation in the highest-
frequency bins rather than a consistent advantage
of mid-frequency instances. This suggests that the
effect arises from data characteristics rather than
systematic model behavior.

Second, we analyze the noise level of retrieved
evidence in the high-frequency bin. A manual
inspection of retrieved passages shows that high-
frequency queries contain fewer passages explicitly
expressing the target relation than mid-frequency
queries, indicating higher retrieval noise. Detailed

bin-level analysis, noise analysis, and qualitative
examples are provided in Appendix F.

5.3 Ablation Study

We perform two ablation studies on Wikidata5M:
(i) a component-wise ablation and (ii) a frequency-
wise ablation (see Appendix E.1 for the latter).

5.3.1 Component-Wise Ablation Study
Table 4 shows a component-wise ablation on
Wikidata5M using Mistral-7B-Instruct-v0.3 (cho-
sen over Mixtral-8x7B-Instruct-v0.1 for time effi-
ciency) under Top-109. Each variant removes one
component while keeping others fixed.

Ablation of Hybrid Retrieval. We analyze the
contribution of hybrid retrieval by isolating the lex-
ical and dense retrievers while keeping all other
components fixed. Lexical-only disables dense re-
trieval but retains paraphrase infusion across the

9Top-20 shows similar trends.

2812



Context
Length

Mistral-7B-Instruct-v0.3
EM
(%)

AM
(%)

Our RAG (RC-RAG)

Top-10 Full RAG framework 63.8 67.5

Ablation Study

Top-10

Dense-only retrieval 61.7 65.2
Lexical-only retrieval 62.6 66.0
No relation paraphrases in any stage 61.2 64.9
No relation paraphrases in summarization 62.7 66.0
No relation paraphrases in retrieval 63.5 67.3
No relation paraphrases in generation 64.0 67.5

Table 4: Component-wise ablation results for Mistral-
7B-Instruct-v0.3 on Wikidata5M.

framework, whereas dense-only removes lexical
retrieval and eliminates paraphrase-guided retrieval
while preserving the use of paraphrases in later
stages. Removing either retriever degrades perfor-
mance compared to the full framework, confirming
their complementarity. Dense-only performs worse
than lexical-only, highlighting the importance of
our paraphrase-guided retrieval.

Stage-wise Paraphrase-Guidance Ablations.
We evaluate the role of paraphrase-guidance at each
stage. To do so, we remove paraphrase-guidance
from each of the three stages of RC-RAG individu-
ally and also perform a global ablation that removes
paraphrase-guidance from all modules. Remov-
ing paraphrase guidance from retrieval, summariza-
tion, or all stages reduces performance, whereas the
generation-stage ablation remains comparable to
the full framework. The global ablation causes the
largest degradation, highlighting the overall value
of paraphrase guidance.

To examine whether these trends generalize
across generators, we repeat the component-wise
ablation with Llama-2-7b-chat-hf. The overall pat-
tern remains similar; see Appendix E.2.

Question 1: How does paraphrase guidance im-
prove retrieval?
To better understand why paraphrases of the tar-
get relation improve retrieval performance, we an-
alyze retrieval outputs by comparing lexical re-
trieval using only the relation name with retrieval
augmented with relation paraphrases. Incorporat-
ing paraphrases into lexical queries enables the
retrieval of substantially more passages that explic-
itly express the target relation, increasing relation-
aligned retrieval from 19.5% to 29.5% (+10 per-
centage points). Detailed analysis is provided in
Appendix G. We further illustrate this effect with a

qualitative comparison between Vanilla RAG and
RC-RAG on a long-tail example in Appendix G.1.

Question 2: Does increasing the number of rela-
tion paraphrases improve performance?
We analyze the impact of paraphrase coverage by
varying the number of relation paraphrases. On
the Wikidata5M dataset with LLaMA-2-7B-chat,
increasing the average number from ∼7 to ∼9 im-
proves EM from 59.1 to 60.27. While the gain
is modest, it is consistent, indicating that greater
relation-specific paraphrase coverage contributes
positively to performance and supports our design.

6 Conclusion

We present RC-RAG, a relation-completion RAG
framework that incorporates relation paraphrases
across multiple stages to improve performance un-
der sparse relational evidence. By expanding lexi-
cal coverage during hybrid retrieval and leveraging
paraphrases in relation-aware summarization and
generation, our approach enables more effective
and robust retrieval and reasoning without requir-
ing model fine-tuning. Experiments across multiple
LLMs and benchmark datasets show that RC-RAG
consistently outperforms strong RAG baselines and
significantly improves LLM performance over stan-
dalone models, with particularly large gains in long-
tail settings.

Limitations

Our evaluation covers all eight relations in MALT
and twelve relations in Wikidata5M; extending the
analysis to a broader and more diverse relation set
remains an important direction for future work. We
use deterministic decoding with temperature 0, so
we do not evaluate variability under stochastic de-
coding. LLM-generated relation paraphrases may
require additional verification for highly special-
ized or domain-specific relations, although the in-
creasing availability of domain-specialized LLMs
may reduce this burden by providing more appro-
priate domain-specific terminology. Finally, our
study focuses on relation completion in English,
and it remains an open question whether the ob-
served long-tail robustness generalizes to other lan-
guages.
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A Large Language Models and
Implementation Details

A.1 Implementation Details: Paraphrase
Generation

We use an LLM10 to generate relation paraphrases.
The model is prompted in a zero-shot manner to
act as a paraphrase generator for a given target
relation. Figure 2 illustrates the prompt used for
paraphrase generation. Given a target relation, the
prompt instructs the LLM to produce diverse lin-
guistic expressions that convey the same relational
meaning in natural text. Table 5 presents the full
set of paraphrases for each relation across datasets.

Practical Considerations. The relation para-
phrase generation step requires less than one
minute to generate and manually verify paraphrases
for each relation. The LLM effectively produces
relevant paraphrases for the target relations in our
experiments. We do not impose a fixed number of
paraphrases per relation, as different relations natu-
rally exhibit varying degrees of linguistic diversity.
In practice, this process produces between 4 and
11 relation-specific paraphrases, with an average of
7 per relation across the two datasets. The set can
be iteratively expanded by adding new paraphrases.
Our experiments show that increasing paraphrase
coverage leads to improved performance.

10We use gpt-4o-mini-2024-07-18.

You are a linguistic keyword generator.

The target relation is "{founded by}".

In natural language texts, this relation might be 
expressed using various keywords.

Generate a diverse set of linguistic keywords that 
commonly express this relation in natural language.

Input Prompt

Here is a diverse set of 
linguistic keywords that
commonly express the
" founded by " relation
 in natural language texts:
 Keywords:

• founder
• founded by
• established by
• created by
• initiated by
• was founded

LLM-generated output

Figure 2: Example prompt used for relation paraphrase
generation. The figure shows the input prompt and
LLM-generated paraphrases for the founded by rela-
tion.

Summarize the following context to best represent the relation between:

Entity1: {entity}
Relation: {relation}

-Focus on sentences that have Entity2 of type {entity_types} that goes 
with the entity1 and relation. 
-Give higher importance to sentences containing relation-specific 
keywords: {keywords}. 
-Keep it concise (about 80–120 words) while maintaining relational 
accuracy.

Context:{context_text}

Figure 3: Prompt template used for relation-aware sum-
marization with paraphrase guidance.

A.2 Implementation Details: Summarization
Module

We use an LLM11 to generate relation-aware evi-
dence summaries, following the methodology de-
scribed in Section 3.2. For RC-RAG, we use the
prompt template shown in Figure 3. No additional
fine-tuning is performed for the summarization
model.

A.3 Implementation Details: Generation
Module

In the generation module of our proposed RAG
architecture (Figure 1), we perform relation
completion using five different large language
models: Llama-2-7b-chat-hf12, Llama-2-13b-chat-

11We use gpt-4o-mini-2024-07-18.
12https://huggingface.co/meta-llama/

Llama-2-7b-chat-hf
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Relation Relation and Its Paraphrases
founded by founder, founded by, established by, created by, initiated by, was

founded
performer performed by, performer, singer, musician, artist, actor, actress
composer composed by, composer, written by, music by, score by
place of birth born, born in, birthplace, was born, place of birth
place of death died, died in, passed away, place of death
employer employed by, works for, worked for, job at, employer
educated at studied at, educated at, graduated from, alma mater
residence resides in, lives in, home in, residence, dwelling in
spouse⋆ spouse, married to, wife, husband, partner, wedded to, marriage to, life

partner, spousal, their spouse
country of citizenship⋆ citizenship, citizen of, nationality, holds citizenship, country of origin,

national of, belongs to, citizen status, legal nationality, national citizen,
country of citizenship

shares border with⋆ borders, bordering, shares border, neighboring, adjacent to, common
border, bordered by, touches, land border, nearby, shares border with

producer⋆ produced by, producer, film producer, music producer, executive pro-
ducer, production by, producing, album producer, produced the, produc-
tion credit

Table 5: List of all relations in our MALT and Wikidata5M datasets and their associated relation paraphrases.
Relations marked with ⋆ denote additional relations included only in the Wikidata5M subset.

hf13, Meta-Llama-3.1-8B-Instruct14, Mistral-7B-
Instruct-v0.315, and Mixtral-8x7B-Instruct-v0.116.
We use the same generation prompt, shown in Fig-
ure 4, across all evaluated LLMs to ensure a fair
and consistent comparison. No task-specific fine-
tuning is performed; all models are used in their
original pretrained or instruction-tuned form. We
use chat- or instruction-tuned variants for all LLMs
when available, as the generation prompt requires
models to follow structured instructions, such as
attending to relation paraphrases and conditioning
on summarized contextual evidence.

A.4 LLM Hyperparameters

For relation-aware summarization, we use GPT-4o
mini with a temperature of 0.0; all other decod-
ing parameters are left at their API defaults. For
relation completion in the generation stage with
open-source LLMs, we use greedy decoding (no

13https://huggingface.co/meta-llama/
Llama-2-13b-chat-hf

14https://huggingface.co/meta-llama/Llama-3.
1-8B-Instruct

15https://huggingface.co/mistralai/
Mistral-7B-Instruct-v0.3

16https://huggingface.co/mistralai/
Mixtral-8x7B-Instruct-v0.1

Instruction:
Given the following summary, answer the question based on the entity and relation. 
Pay special attention to sentences containing any of the following relation-specific 
keywords in the summary to identify relevant context:
{kws}

Entity: {entity}

Relation: {relation}

Summary: {summary_text}

Question: {question}

Answer:

Figure 4: Prompt template used for paraphrase-guided
generation. We use the same prompt for all five LLMs
in our experiments. Here, kws refers to the relation
paraphrases incorporated during inference.

sampling) with a temperature of 0.0 and a maxi-
mum of 50 generated tokens. Input prompts are
truncated to a maximum length of 2048 tokens.

A.5 Computational Cost

We measure the per-query latency of the full
RC-RAG pipeline using LLaMA-2-7B-chat as the
generation model. Retrieval takes approximately
0.78 s, summarization 0.53 s, and generation
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0.25 s, resulting in an end-to-end latency of ap-
proximately 1.56 s per query. These components
account for approximately 50%, 34%, and 16% of
the total latency, respectively. The summarization
step is implemented through an external API, and
its latency is therefore partly influenced by API
response time.

For comparison, Vanilla RAG, which uses Con-
triever retrieval followed directly by generation
without paraphrase guidance or summarization,
requires approximately 0.45 s per query. While
RC-RAG introduces additional inference latency,
this overhead is accompanied by substantial perfor-
mance gains, particularly in the long-tail setting.

When GPT-4o-mini is used for summarization,
the API cost is approximately $0.00032 per query
under Top-10 and $0.00050 under Top-20. This ex-
ternal API cost can be avoided using the fully open-
source configuration described in Appendix H.

B Relation-Specific QA Templates and
Entity Type Constraints

B.1 Relation-Specific Templates

Table 6 presents the list of relation-specific ques-
tion–answering templates used for dense retrieval
in our framework. The same templates are also
used in RC-RAG during generation (see Figure 4 in
Appendix A) and for all state-of-the-art RAG base-
lines (Asai et al., 2023; Xu et al., 2023) to ensure a
fair comparison.

Relation QA Template
place of birth Where was {entity} born?
place of death Where did {entity} die?
founded by Who founded {entity}?
composer Who composed {entity}?
performer Who performed {entity}?
employer Who is {entity} employed

by?
educated at Where did {entity} study?
residence Where does {entity} live?
spouse⋆ Who is the spouse of {en-

tity}?
country of citizenship⋆ What country is {entity} a

citizen of?
shares border with⋆ Which place does {entity}

share a border with?
producer⋆ Who is the producer of {en-

tity}?

Table 6: Relation-specific question–answering
templates. Relations marked with ⋆ are included only
in the Wikidata5M subset.

B.2 Expected Tail Entity Type
Table 7 shows the full list of expected tail entity
types used during relation-aware summarization.

Relation Expected Tail Entity Type
place of birth GPE, LOC
place of death GPE, LOC
founded by PERSON
composer PERSON
performer PERSON, ORG
employer ORG
educated at ORG
residence GPE, LOC
spouse⋆ PERSON
country of citizenship⋆ GPE, LOC
shares border with⋆ GPE, LOC
producer⋆ PERSON

Table 7: Relation-specific expected tail entity types
used to guide relation-aware summarization. Relations
marked with ⋆ denote additional relations included
only in the Wikidata5M subset.

Automatic Entity-Type Mapping. We addi-
tionally evaluate whether the expected tail entity
types can be generated automatically. Using zero-
shot Meta-Llama-3.1-8B-Instruct to construct the
relation-to-type mapping results in only a 0.3 EM
drop when Llama-2-7b-chat-hf is used as the gener-
ator, demonstrating that RC-RAG does not rely on
manually specified entity-type mappings and that
this component can be automated.

C Dataset Details

We evaluate our framework on two datasets, MALT
(Chen et al., 2023) and Wikidata5M (Wang et al.,
2021). For MALT, we perform evaluation on a
balanced global subset without further partitioning,
as the dataset is explicitly designed to emphasize
long-tail relations. In contrast, for Wikidata5M,
we construct frequency-based partitions to analyze
model performance under varying levels of rela-
tional sparsity.

C.1 MALT
The MALT dataset17 (Multi-token, Ambiguous,
Long-Tailed facts) was developed to benchmark
knowledge base completion (KBC) methods specif-
ically for long-tail relations, which often have lim-

17https://www.mpi-inf.mpg.de/de/departments/
databases-and-information-systems/research/
knowledge-base-recall/lm4kbc/malt
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ited facts in knowledge bases such as Wikidata. To
construct MALT, Chen et al. (2023) selected head
entities from three broad categories, business,
music composition, and human, which frequently
involve long-tail entities. The dataset includes facts
from eight different relations such as founded by,
performer, capturing various relation structures.
The full list of relations is given in Table 5. The
dataset statistically contains 87% of the sample
facts with long-tail head entities, where a long-tail
entity is defined as one having at most 13 triples in
Wikidata. Additionally, 65.3% of the dataset con-
tains multi-word entities, and 58.6% of the facts in-
volve ambiguous entities. Moreover, in the MALT
dataset, each tail entity tends to have multiple valid
paraphrases for the same answer. For example, for
the tail entity Harvard University, the gold annota-
tions include multiple acceptable variations, such
as Harvard University, Harvard, Harvard Gradu-
ate School, and University of Harvard, etc. More-
over, for most cases, relations such as educated
at may have multiple correct tail entities, and the
dataset explicitly accounts for this variability.

For the relation completion task, we construct
a balanced subset of the original MALT dataset.
To avoid bias toward or dominance by specific re-
lations, we sample an equal number of instances
per relation, with 125 examples for each relation,
resulting in a total of 1, 000 triples (e1, r, e2).

C.2 Wikidata5M
Wikidata5M18 is a knowledge graph (KG) bench-
mark dataset containing approximately 5 million
entities, 20 million triples, 822 relations, and
aligned entity descriptions from Wikipedia. The
dataset provides both transductive and inductive
evaluation settings. Since we do not perform any
model training, we construct our subset from the
transductive training split. We select the same eight
relations included in the MALT dataset and ad-
ditionally include four more relations to increase
relational diversity, resulting in a total of twelve
relations in our Wikidata5M subset. This relation
selection is motivated by the distribution of rela-
tions in Wikidata5M, which is highly skewed, with
a small number of common relations dominating
the dataset. For example, the most frequent relation,
instance of, accounts for approximately 20% of
all triples, while the majority of relations individu-
ally contribute less than 1% of the data. Moreover,

18https://deepgraphlearning.github.io/project/
wikidata5m

many relations do not contain sufficient examples
to support our frequency-based partitioning across
the high-, mid-, and long-tail regimes. Several
relations are also broad or heterogeneous, intro-
ducing ambiguity and making relation completion
evaluation less reliable. Following MALT, a long-
tail knowledge base completion benchmark that fo-
cuses on eight relations, we include all eight MALT
relations and add four additional relations in Wiki-
data5M to increase relational diversity while main-
taining reliable frequency-based evaluation. The
resulting subset contains 1,500 triples (e1, r, e2).

Frequency-Based Partitioning. We partition in-
stances based on the co-occurrence frequency of
the entity pair (e1, e2) within the same sentence
of the same passage in the indexed RAG corpus.
If an entity pair (e1, e2) is already rare, condition-
ing on the relation r further reduces its effective
frequency in the corpus. Let count(e1, e2) de-
note this frequency. We define three partitions:
long-tail if count(e1, e2) < x, mid-frequency if
x ≤ count(e1, e2) < 4x, and high-frequency if
count(e1, e2) ≥ 4x, with each partition containing
500 examples.

Prior work shows that facts appearing fewer than
five times in pretraining data are difficult for LLMs
to extract (Carlini et al., 2023). We note that this
notion of frequency differs from ours, which mea-
sures entity-pair co-occurrence in the indexed RAG
corpus. We use x = 5 as an initial reference
point and further validate this threshold empiri-
cally on our corpus, whose frequency distribution
is highly skewed toward low-frequency entity pairs
(Figure 5). Within each partition, we apply approx-
imately balanced sampling across the 12 relations
by randomly allocating 41 or 42 examples per re-
lation. In the high-frequency partition, some rela-
tions (e.g., residence, composer, educated at, and
producer) contain insufficient examples; in such
cases, remaining instances are randomly sampled
from other relations to maintain 500 examples per
partition. This partitioning enables a fine-grained
analysis of how RAG methods behave as relational
evidence becomes increasingly sparse.

Empirical Analysis for Long-Tail Threshold Se-
lection While selecting the threshold value, we
conducted an additional analysis of the entity-pair
co-occurrence frequencies in the indexed corpus
used for partitioning. The analysis shows (shown
in Figure 5) that the distribution is highly skewed
toward low-frequency entity pairs, with many oc-
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Figure 5: Histogram of entity-pair co-occurrence fre-
quencies in the indexed RAG corpus.

curring fewer than five times and the number of
instances steadily decreasing at higher frequencies.
This confirms the long-tailed nature of the data
and provides additional empirical motivation for
our choice of the threshold. In particular, most
examples lie in a data-sparse regime, and condi-
tioning on a relation further reduces effective fre-
quency. Therefore, using x = 5 provides an in-
tuitive boundary separating extremely sparse in-
stances from more frequent ones. This choice is
also consistent with prior findings showing that
facts appearing fewer than 5 times during training
are difficult for LLMs to extract.

D Details of Baseline RAG Methods

D.1 SELF-RAG

We include SELF-RAG (Asai et al., 2023) as a
strong state-of-the-art RAG baseline. SELF-RAG
integrates retrieval, generation, and self-critique
through extensive model training by extending
a pretrained language model (LM) with reflec-
tion tokens, which are learned as part of standard
next-token generation. The training framework
follows a multi-stage process. First, a separate
critic model based on LLaMA-2-7B is trained us-
ing supervision generated by prompting GPT-4 to
annotate retrieval decisions and critique signals,
which are then distilled into an in-house model.
This critic is used offline to insert reflection to-
kens into training examples, enabling the gener-
ator to learn retrieval control, passage relevance
assessment, factual grounding, and critique of in-
termediate generations. Subsequently, the final
generator LMs (LLaMA-2-7B or LLaMA-2-13B)
are trained on over 150K instruction-following in-
stances augmented with retrieved passages and
reflection tokens, using a conventional language
modeling objective together with reinforcement

learning-based optimization. This allows the gen-
erator to autonomously produce reflection tokens
at inference time without relying on the critic. At
inference time, SELF-RAG performs multi-stage
retrieval, parallel passage processing, and critique-
guided decoding with segment-level beam search.
For retrieval, SELF-RAG uses the off-the-shelf
Contriever-MS MARCO retriever (Izacard et al.,
2022a) and retrieves up to ten passages per query;
we use the same retriever configuration in our ex-
periments for a fair comparison. We evaluate both
released SELF-RAG variants, based on LLaMA-
2-7B and LLaMA-2-13B, on both datasets. We
use the 7B variant in the main results and addi-
tionally evaluate the 13B variant in the model-size
comparison.

D.1.1 Model-Size Comparison
To examine whether the performance differences
between SELF-RAG and RC-RAG are attributable
to generator size, we additionally evaluate the re-
leased SELF-RAG LLaMA-2-13B variant. We
then compare both methods at the 7B and 13B
scales under the Top-10 setting. The results on
Wikidata5M and MALT are reported in Tables 8
and 9, respectively.

Increasing the SELF-RAG model size from 7B
to 13B improves SELF-RAG performance on both
datasets, but RC-RAG strongly outperforms SELF-
RAG-13B overall. On Wikidata5M, RC-RAG with
LLaMA-2-13B achieves 61.7 EM compared with
57.3 for SELF-RAG-13B, with particularly large
gains in the mid-frequency and long-tail subsets.
Even RC-RAG with LLaMA-2-7B outperforms
SELF-RAG-13B in these two subsets. On MALT,
RC-RAG with LLaMA-2-7B also exceeds SELF-
RAG-13B (58.6 vs. 55.8 EM). These results indi-
cate that the gains of RC-RAG are not explained by
model size alone.

D.2 RECOMP

We include RECOMP (Xu et al., 2023) as another
RAG baseline that improves generation by com-
pressing retrieved passages before they are con-
sumed by the generator. The method proposes two
compression variants: an extractive compressor
that selects salient spans from retrieved passages
and an abstractive compressor that generates query-
conditioned summaries. In our experiments, we use
the abstractive summarization variant of RECOMP
as a baseline, since our proposed framework also
incorporates a summarization stage, enabling a fair
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Overall High-frequency Mid-frequency Long-tail
Model EM AM EM AM EM AM EM AM

SELF-RAG LLaMA-2-7B 52.1 55.3 60.8 63.6 52.6 54.8 43.0 47.6
SELF-RAG LLaMA-2-13B 57.3 60.3 64.8 68.0 59.2 61.4 48.0 51.4
RC-RAG LLaMA-2-7B 59.1 62.4 60.8 64.0 63.8 65.6 52.8 57.6
RC-RAG LLaMA-2-13B 61.7 65.0 63.8 67.0 66.8 69.0 54.4 59.0

Table 8: Performance comparison of SELF-RAG and RC-RAG with 7B and 13B LLaMA-2 variants on Wikidata5M
under Top-10.

Model EM AM

SELF-RAG LLaMA-2-7B 54.2 57.3
SELF-RAG LLaMA-2-13B 55.8 59.1
RC-RAG LLaMA-2-7B 58.6 60.9
RC-RAG LLaMA-2-13B 58.9 61.1

Table 9: Performance comparison of SELF-RAG and
RC-RAG with 7B and 13B LLaMA-2 variants on MALT
under Top-10.

comparison.
RECOMP first retrieves passages using a

dense retriever; for fair comparison, we use the
Contriever-MS MARCO retriever (Izacard et al.,
2022a), consistent with SELF-RAG and our dense
retrieval module. The abstractive compressor is
implemented as an encoder—decoder sequence-to-
sequence model initialized from T5 and pre-trained
on a summarization dataset (Hermann et al., 2015).
Its query-focused summarization ability is distilled
from an extreme-scale language model by gener-
ating a large synthetic training dataset, filtering
the generated summaries for quality, and training
the encoder–decoder model on the filtered data.
Training instances are constructed by pairing each
retrieved passage with the input query and super-
vising the compressor to generate summaries that
preserve answer-relevant evidence while discard-
ing irrelevant content. The compressed summaries
from multiple retrieved passages are concatenated
and provided as context to the generator, reducing
noise and effective context length. The compressor
and generator are trained jointly using supervised
learning.

E Additional Ablation Analyses

E.1 Frequency-Wise Ablation Study

Frequency-Wise Ablation Analysis on Wiki-
data5M. Table 10 analyzes the contribution of
individual components across three frequency par-
titions. The full RAG framework consistently
achieves strong performance across all regimes.

Notably, in the long-tail setting, the lexical-only
retrieval variant remains competitive even with-
out dense retrieval, highlighting the effectiveness
of relation paraphrase guidance in both retrieval
and downstream stages. In contrast, dense-only
retrieval and removing paraphrase guidance from
summarization result in clear performance degra-
dation in the long-tail regime.

Interestingly, removing paraphrase guidance at
the generation stage slightly improves performance
in some cases by allowing the model to output mul-
tiple valid answers derived from the relation-aware
summaries, particularly for relations that naturally
support multiple correct entities (e.g., shares bor-
der with, educated at, producer). In contrast, para-
phrase guidance during generation encourages the
model to produce a single, specific answer. Un-
like MALT, Wikidata5M contains incomplete gold
annotations for such relations; consequently, cor-
rect but non-matching predictions are penalized.
Removing paraphrase guidance during generation,
which allows multiple answers to be produced,
therefore increases the likelihood of matching the
annotated gold labels, explaining the observed ef-
fect.

E.2 Cross-Model Component Ablation

To examine whether the component-wise ablation
trends generalize across generators, we repeat the
analysis using Llama-2-7b-chat-hf. As shown in
Table 11, the overall trends are largely consistent
with the Mistral results, while some stage-specific
variation is observed across models.

F Detailed Analysis of Mid- vs
High-Frequency Performance.

To better understand this phenomenon, we con-
duct a finer-grained analysis by dividing the Wiki-
data5M dataset into 10 equal-sized global bins
sorted by entity-pair frequency. Examining the
high-frequency bucket at this granularity reveals
that bin 7 (shown in Figure 6) achieves the high-
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Context
Length (Mistral-7B-Instruct-v0.3) Frequency

High-frequency Mid-frequency Long-tail

EM
(%)

AM
(%)

EM
(%)

AM
(%)

EM
(%)

AM
(%)

Our RAG (RC-RAG)

Top-10 Full RAG framework 67.4 71.2 67.8 69.8 56.2 61.4

Ablation Study

Top-10

Lexical-only retrieval 66.0 68.6 65.2 68.4 56.6 61.0
Dense-only retrieval 65.8 69.6 65.2 68.2 54.2 57.8
No relation paraphrases in retrieval 66.2 70.2 67.8 70.0 56.6 61.8
No relation paraphrases in summarization 66.4 69.6 65.6 67.6 56.0 60.8
No relation paraphrases in generation 66.8 70.4 69.0 71.0 56.2 61.2
No relation paraphrases in any stage 63.6 67.4 65.4 67.8 54.8 59.4

Table 10: Ablation study analyzing the contribution of individual components of our RAG framework on the
Wikidata5M dataset, using Mistral-7B-Instruct-v0.3 as the underlying language model. Results are reported across
high-frequency, mid-frequency, and long-tail partitions, highlighting the impact of our multi-stage paraphrase-guided
RAG framework.

Configuration EM AM

Full RC-RAG Framework 59.1 62.4

Dense-only retrieval 57.6 60.6
Lexical-only retrieval 58.1 61.5
No relation paraphrases in any stage 56.8 59.7
No relation paraphrases in summarization 60.7 63.6
No relation paraphrases in retrieval 58.6 61.8
No relation paraphrases in generation 59.1 62.4

Table 11: Component-wise ablation results with Llama-
2-7b-chat-hf on Wikidata5M under Top-10.

est EM (0.72), outperforming all mid-frequency
bins, while bin 8 (0.67) performs comparably to
the strongest mid-frequency bin (0.69). However,
performance drops substantially in bins 9 and 10.

These findings indicate that the apparent mid >
high pattern is not due to a consistent advantage of
mid-frequency instances or uniformly poor perfor-
mance in the high-frequency bucket. Instead, per-
formance varies across subranges, with degradation
occurring primarily in the highest-frequency bins.
This downward trend at extreme frequency levels is
likely related to increased entity ambiguity and het-
erogeneous contextual evidence. Highly frequent
entities tend to appear in more diverse contexts, of-
ten involving multiple plausible candidate entities,
surface-form variations, and polysemous usages.
As a result, although such entities have abundant
evidence, the effective signal-to-noise ratio may
decrease, leading to lower prediction accuracy.

Noise Level Analysis in the High-Frequency Bin.
The observed performance drop in the highest-
frequency bins further motivates an analysis com-
paring the noise level of retrieved passages in high-
vs. mid-frequency buckets. To investigate this

Figure 6: Exact Match (EM) across 10 global frequency
bins on Wikidata5M.

phenomenon, we manually analyze 20 instances
from each bucket and count how many of the top-
10 retrieved passages explicitly express the tar-
get relation. On average, mid-frequency instances
contain 2.65 relevant passages per query, whereas
high-frequency instances contain only 1.9. We de-
fine retrieval noise as the proportion of the top-10
retrieved passages that do not explicitly express
the target relation (i.e., 1− relevant_passages/10).
This corresponds to an estimated noise rate of
73.5% for mid-frequency instances and 81% for
high-frequency instances.

A closer inspection reveals several factors con-
tributing to the higher noise in the high-frequency
bucket. First, entity ambiguity is more common
among frequent entities. For example, in the high-
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frequency bin we observe ambiguous names such
as Storni, which may refer to either Alfonsina
Storni or Segundo Rosa Storni. Retrieved passages
often contain evidence for both entities, and the
model tends to select the more dominant or fre-
quently mentioned one. In such cases, the pre-
diction is not necessarily factually incorrect but
reflects name ambiguity. Similarly, instances such
as Agis II or Mustafa II illustrate how retrieval
may surface passages about closely related or more
prominent entities (e.g., Mustafa I), leading the
model to favor a more popular or ambiguous vari-
ant that does not exactly match the gold entity.

Second, surface-form variations introduce addi-
tional mismatches (e.g., W E B Du Bois vs. W. E.
B. Du Bois or chi lites vs. Chi-Lites), which may
reduce exact lexical alignment despite semantic
equivalence. Third, some entities exhibit strong
polysemy across domains. For example, Tete may
refer to a song, a footballer, or a rodent species;
highly frequent entities with multiple meanings
tend to retrieve passages about the more popular
interpretation rather than the gold target.

These observations suggest that high-frequency
entities often retrieve abundant but heterogeneous
information, increasing ambiguity and distractor
signals. As a result, although such entities are
frequent in the corpus, the effective signal-to-noise
ratio for the target relation can be lower than in mid-
frequency instances, helping explain the observed
mid > high pattern.

G Why Infusing Relation Paraphrases
Improves Retrieval

To better understand why lexical variants of the
target relation improve retrieval performance, we
analyze the retrieved passages under two lexical
retrieval settings: (1) queries using only the canon-
ical relation name and (2) queries augmented with
relation paraphrases. We randomly sample 20 in-
stances and examine the top-10 retrieved passages
for each instance, resulting in 200 passages in total.
For each passage, we manually determine whether
it explicitly expresses the target relation.

Across the 20 sampled instances, relation-only
lexical retrieval retrieves 39 passages (19.5%; 1.95
per instance on average) that explicitly express
the target relation. In contrast, lexical retrieval
using relation paraphrases retrieves 59 such pas-
sages (29.5%; 2.95 per instance on average), cor-
responding to a +10 percentage point increase in

relation-aligned retrieval.
This improvement suggests that many relations

are expressed in natural text through diverse lin-
guistic forms that do not necessarily contain the
canonical relation label. For example, relations
such as performer or employer are often con-
veyed through verbs or prepositional phrases (e.g.,
performed by, worked at, served as), which
may not be captured when querying only the rela-
tion name. By incorporating relation paraphrases,
lexical retrieval better aligns with these natural lan-
guage expressions, resulting in a higher proportion
of retrieved passages that explicitly express the tar-
get relation.

G.1 Qualitative Case Study of
Paraphrase-Guided Retrieval

To provide a concrete example of how paraphrase-
guided query expansion improves retrieval in long-
tail cases, we compare RC-RAG with Vanilla RAG.
We consider a representative example with the
entity I Remember Me (a song) and the relation
producer, whose gold answer is Ryan Tedder. We
examine the retrieved passages produced by RC-
RAG and compare them with those from Vanilla
RAG, which uses Contriever retrieval followed di-
rectly by LLM generation without summarization
or paraphrase guidance. In Vanilla RAG, the dense
retriever is distracted by lexically similar but irrel-
evant titles such as Remember Me (TV series) and
Remember Me (video game), leading the generator
to predict the incorrect answer Chris Carey.

In contrast, RC-RAG expands the query with
relation-aware cues such as music producer, pro-
duction credit, and album producer, which surface
the correct passage for I Remember Me (song). The
retrieved evidence explicitly states that the song
was written by Ryan Tedder, who also produced
the track, allowing RC-RAG to recover the correct
answer Ryan Tedder. This example illustrates how
relation-aware query expansion improves evidence
retrieval and supports more reliable downstream
generation in the long-tail setting.

H Open-Source RC-RAG Variants

To evaluate whether RC-RAG depends on propri-
etary LLMs, we conduct additional experiments on
Wikidata5M using LLaMA-3.1-8B-Instruct. We
first use LLaMA-3.1-8B-Instruct for paraphrase
generation, QA-template generation, and entity-
type mapping while retaining GPT-4o-mini for
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Configuration Overall High-frequency Mid-frequency Long-tail

Method Paraphrase/Template Type Mapping Summarizer EM AM EM AM EM AM EM AM

RECOMP – – – 47.5 50.9 52.2 56.6 49.4 51.4 40.8 44.8
SELF-RAG – – – 52.1 55.3 60.8 63.6 52.6 54.8 43.0 47.6

RC-RAG LLaMA-3.1-8B LLaMA-3.1-8B LLaMA-3.1-8B 55.2 58.1 57.8 60.8 57.2 59.4 50.6 54.2
RC-RAG LLaMA-3.1-8B LLaMA-3.1-8B GPT-4o-mini 55.6 59.1 58.2 61.8 60.6 63.2 48.0 52.2
RC-RAG GPT-4o-mini Manual GPT-4o-mini 59.1 62.4 60.8 64.0 63.8 65.6 52.8 57.6

Table 12: Overall and frequency-wise performance of RC-RAG and RAG baselines on Wikidata5M under the Top-10
setting. For RC-RAG, we report the models used for paraphrase and QA-template generation and summarization,
along with the entity-type mapping strategy. Across these variants, RC-RAG maintains strong overall and long-tail
performance, demonstrating that the framework is not dependent on a specific LLM.

Context Model crrf EM (%) AM (%)

Top-10 Llama-2-7b-chat-hf 0 58.6 60.9
10 57.9 59.1
20 58.2 60.2
30 57.8 59.9
40 57.8 60.0
50 57.8 59.9
60 57.8 59.9

Table 13: Performance of RC-RAG with different RRF
constants on the MALT dataset.

summarization. We then evaluate a fully open-
source pipeline in which LLaMA-3.1-8B-Instruct
is used for all four components, including summa-
rization.

Table 12 shows that even the fully open-source
pipeline outperforms RECOMP and SELF-RAG
overall and retains strong performance in the long-
tail setting. These results show that RC-RAG re-
mains effective across different choices of LLMs
and does not depend on GPT-4o-mini or another
proprietary model, supporting the model-agnostic
nature of the framework.

I Analysis of the RRF Constant

To justify our choice of crrf = 0, we analyze the
impact of the RRF constant crrf on the MALT
dataset, with results reported in Table 13. The
results show that setting crrf = 0 yields the best
performance (EM: 58.6, AM: 60.9), while increas-
ing crrf to higher values, including the standard
setting of crrf = 60, keeps performance stable, al-
beit marginally lower. Therefore, we use crrf = 0
in our experiments to prioritize top-ranked relevant
passages.
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