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Abstract

Retrieval-augmented generation (RAG) effec-
tively mitigates hallucinations in large language
models (LLMs) by filling knowledge gaps with
retrieved external information. Most exist-
ing studies primarily retrieve knowledge docu-
ments based on semantic similarity to assist in
answering questions but ignore the fine-grained
necessary information within documents. In
this paper, we propose a novel fine-grained
knowledge enhancement method (FKE) for
RAG, where fine-grained knowledge primar-
ily includes sentence-level information easily
overlooked in the document-based retrieval pro-
cess. Concretely, we create a disentangled
Chain-of-Thought prompting procedure to re-
trieve fine-grained knowledge from the exter-
nal knowledge corpus. Then we develop a de-
coding enhancement strategy to constrain the
document-based decoding process using fine-
grained knowledge, thereby facilitating more
accurate generated answers. Given an existing
RAG pipeline, our method could be applied in
a plug-and-play manner to enhance its perfor-
mance with no additional modules or training
process. Extensive experiments verify the ef-
fectiveness and generality of our method.

1 Introduction

Large language models (LL.Ms) have achieved im-
pressive advancements across various tasks (Bang
et al., 2023; Li et al., 2024) and applications (Zhao
etal., 2024; Yuan et al., 2024) in recent years. How-
ever, LLMs still lack knowledge underrepresented
in their training data, especially in up-to-date and
domain-specific settings (Zhuang et al., 2024; Liu
et al., 2024). To address these limitations, Retrieval-
Augmented Generation (RAG) techniques have
been widely adopted to retrieve external knowl-
edge and enhance LLMs in diverse tasks, such as
question-answering(Mansurova et al., 2024), infor-
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Figure 1: A document-based RAG process, where the
red portion represents the fine-grained necessary infor-
mation. Due to keyword matches (blue portion) in the
inaccurate document and irrelevant sentences (gray por-
tion) in the accurate document, the inaccurate document
receives a higher retrieval score and is consequently se-
lected, thereby leading to an incorrect answer.

mation extraction(Glass et al., 2023), and dialogue
systems (Wang et al., 2024a).

Previous RAG methods can be broadly divided
into two groups. The first group (Shi et al., 2024a;
Yan et al., 2024) typically adopts single-round re-
trieval for one-hop questions, while the second
group (Zhang et al., 2024; Shi et al., 2024b; Su
et al., 2024) mostly employs multi-round retrieval
for multi-hop questions. Both groups mostly re-
trieve knowledge documents based on document
semantic similarity and use entire retrieved docu-
ments as input to help question answering. How-
ever, the fine-grained necessary information within
documents is easily overlooked in this process,
even though it is critical for question answering.
Therefore, the retrieved knowledge is not always
accurate enough to facilitate correct answers.
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Figure 1 illustrates a document-based RAG pro-
cess. Due to the influence of keyword matches
and irrelevant sentences, the inaccurate retrieved
document appears more relevant to the query at
the document level, despite its lack of fine-grained
necessary information. Consequently, an incorrect
answer is derived from the inaccurate retrieved doc-
ument. This phenomenon naturally arises in most
RAG pipelines and suggests that we could enhance
this task from a fine-grained perspective.

In this work, we propose a Fine-grained Knowl-
edge Enhancement method for RAG (FKE). Our
method contains a fine-grained knowledge re-
trieval paradigm and a decoding enhancement strat-
egy, where the fine-grained knowledge primarily
includes sentence-level information easily over-
looked in the document-based retrieval process.
Initially, we create a disentangled prompting pro-
cedure to retrieve fine-grained knowledge from
the external knowledge corpus. In this procedure,
the LLM is prompted to first explicitly identify
the knowledge fragments beneficial for question
answering and then extract the query-focused re-
trieval sentences as fine-grained knowledge based
on these fragments. Subsequently, we propose
to enhance the document-based decoding process
with fine-grained retrieved knowledge. During the
decoding process, the generator produces output
distributions based on fine-grained retrieved sen-
tences and original retrieved documents. We di-
rectly combine the fine-grained distribution with
the document-based distribution and sample from
the new distribution, where fine-grained retrieved
sentences serve as sentence-level supervision to
constrain the original distribution, making it more
precise and helpful to the question.

Currently, a few methods filter the retrieved doc-
ument and use only the extracted relevant sentences
for question answering. These methods typically
rely on additional annotations via GPT-4 (Asai
et al., 2023; Yan et al., 2024) or automatic met-
rics (Wang et al., 2023), and design specific train-
ing methods to optimize the extra filter module.
However, these complex annotation and extrac-
tion procedures often overlook whether the sen-
tences are truly beneficial to question answering
or merely semantically related to the question, so
the quality of the extracted sentences remains a
concern. Moreover, they primarily retain only the
extracted sentences to assist answer generation,
which may result in inaccurate outputs due to the
lack of context-related knowledge. In contrast, our

retrieval paradigm directly utilizes the existing gen-
erator model in a one-shot manner to retrieve the
query-focused fine-grained knowledge, which is
more helpful to answer generation. Besides, our de-
coding process retains the document-level retrieved
knowledge to integrate context-relevant informa-
tion and thereby achieve better performance. Given
an existing RAG pipeline, our method could be ap-
plied plug-and-play to enhance its performance
with no additional modules or training process.

In conclusion, our contributions are summarized
as follows:

* We propose a disentangled fine-grained knowl-
edge retrieval paradigm for the RAG field,
where we collect the scarce fine-grained re-
trieved knowledge in the RAG area.

* We propose a decoding enhancement strategy
that incorporates fine-grained knowledge to
constrain the document-based decoding pro-
cess and enable more precise generation.

* For a distinct comparison, we combine our
method with two representative basic RAG
pipelines from the two mainstream groups and
conduct extensive experiments on four bench-
mark datasets. The results demonstrate the
effectiveness and generality of our method. !

2 Approach

We propose a Fine-grained Knowledge Enhance-
ment method for RAG (FKE). In this method, we
primarily create a Fine-grained Knowledge Re-
trieval paradigm to retrieve sentence-level fine-
grained knowledge from the external corpus. Sub-
sequently, we develop a Decoding Enhancement
strategy to optimize the decoding process with re-
trieved fine-grained knowledge. Ultimately, these
two components are integrated into the basic RAG
pipeline to further enhance its performance. We
will first briefly formulate the RAG technique and
then elaborate on the two components.

2.1 Problem Formulation

Given a generative LLM M, a natural language
question ¢, and an external knowledge corpus X,
the RAG technique aims to retrieve relevant docu-
ments D = (di,da, ..., d,) from K, which enable

'Please email Jingxuan Han with your affiliation and a
short description of how you will use our fine-grained knowl-
edge and source code, and we will provide access to it.
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Figure 2: The disentangled prompting procedure to retrieve fine-grained knowledge. The gray box contains the
question () and the retrieved documents D. The yellow box represents the input prompt for guiding the LLM, while

the green box depicts the LLM’s output.

M to produce more accurate responses. The cur-
rent RAG retrieval methods can be roughly catego-
rized into three groups. The first group has used
sparse retrieval methods that match query terms
with document terms and compute relevance scores
to select the most relevant documents. The sec-
ond group has employed dense retrieval methods,
which retrieve relevant documents based on the se-
mantic similarity between queries and documents.
The last group has attempted to leverage LLMs
that distill the ranking capabilities of LLMs into
their models to rank knowledge documents. Fi-
nally, single-hop questions are typically resolved
with a single retrieval step, while multi-hop ques-
tions often require multiple retrieval steps.

2.2 Fine-grained Knowledge Retrieval

We create a fine-grained knowledge retrieval
paradigm to obtain fine-grained information, which
enhances the document-based process with addi-
tional sentence-level details. When solving a com-
plicated problem, it is typical to decompose the
problem into intermediate steps and solve each be-
fore giving final answers (Wei et al., 2022). In-
spired by this, we develop a disentangled prompt-
ing procedure to retrieve fine-grained knowledge,
where the LLM is first prompted to explicitly iden-
tify the knowledge fragments beneficial for ques-
tion answering and then extract the query-focused
sentences based on these fragments.

Figure 2 illustrates our disentangled prompting
procedure for processing two types of documents
from the external knowledge corpus K. We assume
the query q = "What is Bridie O’Flaherty’s occu-

pation?", the inaccurate document dy = "In 1910
O’Flaherty moved to Achill for occupation. Her
occupation focused on initiatives that uplifted the
local economy and supported community develop-
ment.", and the accurate document dy = "Bridie
O’Flaherty (27 October 1917 — 12 January 2006)
was an Irish Fianna Fdil politician. She was one
of five children born to Patrick Lawless and Delia
Laffy of Bullaun, Loughrea.". The ds contains the
sentence-level details beneficial for answering g,
whereas d; lacks the useful information. When em-
ploying our prompting procedure, the inaccurate
document is discarded due to the absence of neces-
sary knowledge fragments, while the fine-grained
knowledge is extracted as query-focused sentences
from the accurate document.

Specifically, we employ the existing generator
model as LLM in a one-shot manner to implement
our fine-grained retrieval paradigm on the external
knowledge corpus K. Ultimately, we obtain a set
of query-focused sentences S = (s1, 2, ..., Sy ) as
retrieved fine-grained knowledge, where m is the
number of query-focused sentences.

2.3 Decoding Enhancement

We develop a decoding enhancement strategy to en-
hance the document-based decoding process using
the retrieved fine-grained knowledge. The over-
all architecture is illustrated in Figure 3. Dur-
ing the decoding stage, the generator produces
two probability distributions: one based on fine-
grained retrieved sentences and the other based
on the original retrieved documents. The fine-
grained distribution is then integrated to constrain
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Figure 3: Decoding Enhancement Strategy. For each query, we incorporate additional fine-grained knowledge to

reconstruct the document-based probability distribution.

the document-based distribution and produce the
enhanced distribution, which enables the model to
focus more on sentence-level fine-grained informa-
tion and achieve better performance.

Fine-grained probability distribution For each
question ¢ and its corresponding fine-grained re-
trieved knowledge S = (s1, $2, ..., Sm), We en-
close them into a specific generation template® T’
and the generator’s input x is 7'(q, S), where S
is the concatenation of s;. The generator 6 then
takes the template as input and generates the corre-
sponding answer ¥ in an auto-regressive manner.
At each time step ¢, the generator # compute the
logits z ¢ for the ¢-th token y, ;:

Zst = 9(x57ys,<t) (D

The fine-grained probability distribution can be
obtained by normalizing z ;:

pG(ys,t|xsa ys,<t) = SOftmaX(Zs,t) (2)

Then, the actual token y, ; in answer y, is generated
through certain sampling strategies:

Ysit ~ pG(?/S,t|xS> yS,<t) 3)

When sampling from the fine-grained probabil-
ity distribution, the generator will produce query-
focused content that is more likely to yield helpful
answers to the question.

Document-based probability distribution For
each question ¢ and its corresponding retrieved
knowledge documents D = (d;,ds,...,d,), the
generator’s input z4 is T'(q, D), where D is the

2For example, T'(q, k)="Generate an answer to question
q based on the retrieved knowledge k."

concatenation of d;. At each time step ¢, the gener-
ator & compute the logits z4; for the ¢-th token 34 ¢
and the document-based probability distribution
can be obtained by normalizing zq ;:

zat = 0(2q, Ya,<t) “4)

Po(Yd.t|Td, Ya,<t) = softmax(zq) )

Then, the actual token y,; in answer yq is gener-
ated through certain sampling strategies:

Yar ~ Po(Ydtlxd, ya,<t) (6)

When sampling from the document-based proba-
bility distribution, the generator can integrate frag-
mented knowledge within documents, which con-
sequently enables more precise answers in context-
aware QA scenarios.

Enhanced probability distribution We inte-
grate two types of distribution and obtain the en-
hanced distribution py(y;) based on Eq.2 and Eq.5:

softmax(zq +/7q)+a softmax(zs, ¢ /7s)
o NG

Po(yt) =

where « is the control strength and 7 is the tem-
perature. These two parameters can adjust differ-
ent probability distributions for better coordination.
Commonly, a token will only get a high probability
if it has a high probability under both pg(y:|x 4, y<¢)
and pyg(y¢|zs, y<¢), where x4 and x4 represent the
generator’s inputs based on the original retrieved
documents and the fine-grained retrieved sentences.

Sampling fluent output from language models
commonly requires truncating the unreliable tail of
the probability distribution (Liu et al., 2021), as in
top-k (Fan et al., 2018) or nucleus sampling (Holtz-
man et al., 2019). Inspired by this, we truncate the
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logits zq; and z, ¢ to obtain the fluent output:

2d,t[v}, 72’3715[1)} = {Z(Lt[’v], Zs,t['U] if veVy @®

. )
—00, —00 otherwise

where v denotes the candidate token and V' rep-
resents the set of tokens that are a part of the top-
k vocabulary of the generator at time step ¢. By
substituting zq ¢, zs,+ With 244, 25+ in Eq 7, the en-
hanced distribution py(y;) is formulated as follows:

softmax(Zq,¢/7q4)+a softmax(Zs ¢ /7s) 9
1+o ©)

Po(yt) =

Then, the final token ¥, in answer y is generated
through certain sampling strategies:

Yt ~ Do (yelra, s, y<it) (10)
By sampling from the enhanced probability distri-
bution, the fine-grained knowledge can help the
generator produce query-focused content that is
more likely to yield helpful answers to the ques-
tion, while document-level knowledge can inte-
grate fragmented knowledge within different docu-
ments. These two types of knowledge are incorpo-
rated in a comparative decoding manner to achieve
better performance.

3 Experimental Settings

3.1 Datasets

Following prior work on RAG, our method is eval-
uated on four datasets, including two MultihopQA
datasets: 2WikiMultihopQA (Ho et al., 2020),
HotpotQA (Yang et al., 2018), and two Single-
hopQA datasets: PopQA (Mallen et al., 2023),
ARC-Challenge (Clark et al., 2018).

2WikiMultihopQA contains over 192k samples
and provides evidence-based information with rea-
soning paths to evaluate a model’s reasoning capa-
bilities. It combines textual data from Wikipedia
with structured knowledge from Wikidata, ensuring
that the questions require multi-step reasoning.

HotpotQA consists of 113k Wikipedia-based
question-answer pairs which require multi-hop rea-
soning across different documents. It comprises
various question types and provides sentence-level
supporting facts for explainable predictions.

PopQA includes 14k question-answer pairs that
require long-tail Wikidata knowledge. It is con-
structed by sampling knowledge triples from Wiki-
data and focuses on less popular information.

ARC-Challenge is a multiple-choice reasoning
dataset about daily commonsense science phenom-
ena. It contains 2.5k natural science questions
difficult for retrieval-based algorithms and word
co-occurrence algorithms.

We use 1.0k test samples from both the 2Wiki-
MultihopQA and HotpotQA datasets, along with
1.4k and 1.2k test samples from the PopQA and
ARC-Challenge datasets, respectively.

3.2 Automatic Evaluation

Following previous works(Su et al., 2024; Yan
et al., 2024), we adopt Exact Match (EM) score, F1
score and Accuracy as automatic evaluation met-
rics for the RAG task. The EM score measures
the percentage of generated answers that exactly
match the ground truth. The F1 score measures the
token-level overlap between the predicted answer
and the ground truth. The Accuracy score evaluates
whether the generated answer contains the correct
response. To facilitate comparison with the basic
pipeline, we applied the same evaluation metrics
to each dataset (Accuracy for the SinglehopQA
dataset and EM, F1 for the MultihopQA dataset).

3.3 Implementation Details

We select two typical basic RAG pipelines (Yan
et al., 2024; Su et al., 2024) to apply our method.
DRAGIN (Su et al., 2024) utilizes multi-round re-
trieval for multi-hop questions, which optimizes
the retrieval process based on the generator LLM’s
self-attention across its generated content. CRAG
(Yan et al., 2024) adopts single-round retrieval for
one-hop questions and incorporates a lightweight
retrieval evaluator to improve the overall quality of
retrieved documents for answer generation. As fol-
lows, we enhance basic RAG pipelines in retrieval
and generation processes.

In retrieval, we utilize the existing generator
model from the basic RAG pipeline in a one-shot
manner to extract additional fine-grained knowl-
edge from the external knowledge corpus K. The
number of fine-grained retrieved sentences m is
set to 3, matching the number of retrieved docu-
ments n to ensure a fair comparison. Concretely,
we first use a document-based method to retrieve
10 documents for each question from the external
knowledge using Contriever (Izacard et al., 2021).
Then we utilize the existing generator model (e.g.,
Llama2-7B-chat) to extract 3 fine-grained knowl-
edge sentences from these documents, while the top
3 knowledge documents are considered the original
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2WikiMulti HotpotQA

PopQA ARC

Multi-hop Methods

Single-hop Methods

EM Fl1 EM Fl Acc  Acc

wo-RAG 14.6 223 184 27.5 LLaMA27g 38.2 48.0
SR-RAG 16.9 255 164 25.0 Alpacasp 46.7 48.0
FL-RAG 11.2 19.2 14.6 21.1 LLaMA235 457 26.0
FS-RAG 18.9 265 214 304 Alpacasp 46.1 57.6
FLARE 143 21.3 149 22.1 Self-RAG 29.0 239
DRAGIN 21.4 293 232 31.2 CRAG 61.8 504
DRAGIN+FKE(Ours) 24.2 32.5 28.1 34.7 CRAG+FKE(Ours) 68.1 55.8

Table 1: The overall experimental results on two typical RAG pipelines across four datasets. The bold numbers
indicate a better performance of pipeline+FKE than the corresponding pipeline alone.

document-level knowledge. In generation, we en-
hance the decoding process of basic RAG pipelines
by incorporating the retrieved fine-grained knowl-
edge. The temperature 74, 75 and balancing param-
eter v are 0, 0.2 and 1.0, respectively. The process
can be conducted on 1 NVIDIA A800 GPU. The
detailed prompt and the introduction of two basic
pipelines can be found in Appendix A.

4 Results and Analysis

4.1 Baselines

Based on the settings of DRAGIN (Su et al., 2024),
we choose the following baselines for compari-
son in the Multi-hop QA task: (1)wo-RAG: LLM
directly answers questions without using RAG.
(2)SR-RAG (Single-round RAG): Relevant pas-
sages are retrieved from an external corpus based
on the initial question and added to the LLM’s in-
put. (3)FL-RAG (Fix Length RAG) (Ram et al.,
2023): The retrieval module is triggered every n
tokens, and the tokens generated in the previous
window are used as the query. (4)FS-RAG (Fix
Sentence RAG): The retrieval module is triggered
for every sentence, and the last generated sentence
is used as the query. (S)FLARE (Jiang et al., 2023):
The retrieval module is triggered by uncertain to-
kens, and the generated sentence without them is
defined as the query.

Referring to CRAG’s (Yan et al., 2024) set-
tings, we select the following RAG baselines
for the Single-hop QA task, including several
public instruction-tuned LLMs: (6)LLaMA2-
7B, (7)LLaMA2-13B, (8)Alpaca-7B, (9)Alpaca-
13B. Additionally, we also incorporate (10)Self-
RAG (Asai et al., 2023), a method that enhances

the LLM’s factuality through retrieval and self-
reflection with the assistance of GPT-4 annotations.

4.2 Automatic Evaluation Result

We select DRAGIN (Su et al., 2024) and CRAG
(Yan et al., 2024) as the basic RAG pipelines to
apply our method. Since our method is applied
in a plug-and-play manner to enhance these two
basic pipelines, we primarily focus on compar-
ison with these two basic RAG pipelines. The
automatic evaluation results are presented in Table
1, which demonstrate the strong effectiveness and
generality of our method.

Our method achieves significant improvements
in MultihopQA tasks. Specifically, on the 2Wiki-
MultihopQA dataset, FKE increases DRAGIN’s
EM score by 2.8 and F1 score by 3.2. Similarly, on
the HotpotQA dataset, FKE enhances DRAGIN’s
EM score by 4.9 and F1 score by 3.5. These results
highlight our method’s specialized capability to
address complex, multi-step reasoning scenarios.

Our method also performs well on SinglehopQA
tasks. Concretely, FKE improves CRAG’s accu-
racy by 6.3 on the PopQA dataset and 5.4 on the
ARC dataset, demonstrating its ability to manage
short-form entity generation (PopQA) and closed-
set question answering (ARC) scenarios.

In summary, our proposed method achieves su-
perior performance on both MultihopQA and Sin-
glehopQA tasks, which indicates its robustness and
effectiveness in enhancing the basic RAG pipeline
with no additional modules or training process.

4.3 Ablation Study

To validate the effects of individual components
in FKE, we conduct comprehensive ablation stud-
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Knowledge Length  Acc
CRAG 246517 67.0
Standard prompting 187653  69.0
Disentangled prompting 101406  75.2

Table 2: Ablation study of the disentangled prompting
procedure on the PopQA dataset. Standard prompt-
ing and disentangled prompting refer to fine-grained
knowledge retrieved by different prompting procedures,
while CRAG represents document-level knowledge in
the same quantity. Length refers to the count of tokens
in knowledge content, and Acc indicates the probability
that the retrieved knowledge contains the ground truth.

Methods Acc
CRAG (with document-level knowledge) 61.8
CRAG (with fine-grained knowledge alone) 66.7

CRAG (with comparative decoding strategy)  68.1

Table 3: Ablation study of fine-grained knowledge.

ies on specific datasets and these results remain
consistent when applied to other datasets.

Ablation of disentangled prompting procedure
To validate the effectiveness of our disentangled
prompting retrieval procedure, we evaluate the re-
trieved knowledge under different conditions. Un-
der the standard prompting condition, the LLM is
directly prompted to extract relevant sentence-level
knowledge from the external corpus. In contrast,
with disentangled prompting, the LLM first explic-
itly identifies knowledge fragments beneficial for
question answering and then extracts the query-
focused sentences based on these fragments. The
results are presented in Table 2. Although the stan-
dard prompting procedure improves knowledge ac-
curacy and shortens the original document-level
knowledge to some extent, it remains less effec-
tive than our disentangled prompting procedure.
Therefore, we require the disentangled prompting
procedure for better performance.

Ablation of fine-grained knowledge We have
directly used fine-grained knowledge alone for gen-
eration and the results on the PopQA dataset are
shown in Table 3. Using fine-grained knowledge
alone can bring better results than using original
document-level knowledge, which demonstrates
that fine-grained knowledge contains more accurate
information. Combining the two types of knowl-
edge with the comparative decoding strategy, the
model achieves the best performance by benefiting
from the strengths of both.

70

68 4

66

624

60

T T T T T
0.0 0.5 1.0 1.5 2.0
Control Strength

Figure 4: Accuracy score of CRAG+FKE with different
control strength o on the PopQA dataset.

Methods EM F1

DRAGIN(7B) 214 29.3
DRAGIN(7B)+FKE 242 325
DRAGIN(13B) 26.0 333
DRAGIN(13B)+FKE 28.0 36.2

Table 4: Ablation study of the model scale on the 2Wiki-
MultihopQA dataset.

Ablation of control strength To investigate the
impact of control strength a, we employ the CRAG
pipeline and conduct experiments on the PopQA
dataset with different e values. The Accuracy varia-
tion curve is depicted in Figure 4. When a = 0, the
fine-grained knowledge is not incorporated, and the
model’s performance aligns with the basic pipeline.
As « increases within a certain range (0 ~ 1.0), the
decoding process incorporates more fine-grained in-
formation, and the model’s performance improves
accordingly. Ultimately, when o« > 1.0, further
improvement is no longer observed, as fine-grained
knowledge has already been fully incorporated into
the document-level decoding process. Based on
this, we set & = 1.0 for optimal performance.

Ablation of model scale To explore the effect of
the model scale, we additionally use Llama2-13B-
chat as DRAGIN'’s generator and conduct experi-
ments on the 2WikiMultihopQA dataset with other
hyperparameters unchanged. The results in Table 4
show that our method consistently enhances DRA-
GIN’s performance across different model scales.

Ablation of temperature To evaluate the influ-
ence of the temperature, we conduct experiments
on the PopQA dataset with different temperatures
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Methods CRAG CRAG+FKE (Ours)
Query 1 What is Bediich Feigl's occupation?
Feigl studied at the Prague Academy of Fine Arts with Vlaho
Bukovac and FrantiSka Thieleho. ....... In Berlin he became . . Lo .
. familiar with the art of Max Liebermann. In 1907 he attended the Bedfich Feigl (also known e}s Frledrlgh Fe'gl’ March 46’ 1884 —
Retrieved first exhibition in Prague Group Eight. ...... He fled Prague in 17 December 1965) was a Czech-Jewish painter and illustrator.
Knowledge | 1939 and settled in London, with his wife, where he died in 1965.
His works are placed in galleries around the world.
Answer It is not provided in the given documents. Bedrich Feigl’s occupation is a painter and illustrator.
Query 2 What is Henry Feilden's occupation?
Henry Master Feilden (21 February 1818 — 5 September 1875)
was an English Conservative Party politician......His love of
Retrieved ar-chltecture was —mherlted ff"“‘ hls. grandfather, Brlght-wcn Henry Master Feilden (21 February 1818 — 5 September 1875)
Knowledge Binyon (1846-1905), an Ipswich architect and former pupil of was an Enalish Conservative Party politician
g Alfred Waterhouse. ....... He set up an architectural practice with ) s ’ yp ’
David Mawson in 1956, to which offices in Norwich, London and
Cambridge were later added.
Answer Henry Feilden's occupation is an architect. Henry Feilden's occupation is a Conservative Party politician.

Table 5: Case Study. The red portion indicates the necessary information, while the blue portion represents the
misleading information. CRAG’s answers are incorrect due to the absence of necessary information and the
influence of misleading information. Our method retrieves additional sentence-level knowledge, which contains the
fine-grained necessary information for question answering and assists CRAG in generating more accurate outputs.

70

66

Acc

64 4

62 4

60 T T T
0.2 0.4 0.6 0.8 1.0

Temperature

Figure 5: Accuracy score of CRAG+FKE with different
temperature 75 on the PopQA dataset.

7s while keeping 7, constant to stabilize the basic
pipeline’s performance in Table 1. Figure 5 illus-
trates the variation curve of the Acc score, which
indicates that our method provides a stable enhance-
ment to the basic RAG pipeline (CRAG, Acc=61.8).
Accordingly, we choose temperature 7, = 0.2 as it
yields the best results.

4.4 Case Study

To better understand our method, we select the
CRAG pipeline and sample several generated an-
swers from the PopQA dataset shown in Table 5.
For query 1, the retrieved document of CRAG is
semantically relevant but lacks the fine-grained nec-
essary information for question answering, prevent-

ing the generation of accurate answers. For query
2, although CRAG retrieves the correct document
containing the necessary information for question
answering, the generated answer remains inaccu-
rate due to the misleading information in the docu-
ment. In contrast, our method retrieves additional
sentence-level knowledge that contains the fine-
grained necessary information, enabling the basic
pipeline to generate more accurate answers.

5 Related Work

Retrieval-Augmented Generation Retrieval-
Augmented Generation (RAG) (Lewis et al., 2020)
can effectively alleviate the hallucination caused by
knowledge gaps in large language models (LLMs)
(Huang et al., 2023). Existing RAG methods can
be roughly divided into two groups.

The first group typically performs single-round
retrieval from an external corpus, which is partic-
ularly effective for questions requiring explicit in-
formation. Self-RAG (Asai et al., 2023) trains an
arbitrary language model (LM) to adaptively re-
trieve passages and generate content on demand us-
ing special reflection tokens. REPLUG (Shi et al.,
2024a) leverages likelihood scores from the LLM
to fine-tune the retriever, which enables it to re-
trieve more relevant and useful documents. CRAG
(Yan et al., 2024) evaluates the quality of retrieved
documents using a lightweight evaluator and en-
hances retrieval results accordingly through large-
scale web searches.
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The second group iteratively extracts relevant
knowledge during the generation process, making
it especially suitable for multi-hop questions and
complex queries. DRAGIN (Su et al., 2024) dy-
namically determines when and what to retrieve
based on self-attention weights across its gener-
ated content. GenGround (Shi et al., 2024c¢) itera-
tively decomposes the multi-hop question into sub-
questions and grounds their answers in retrieved
documents to correct potential errors until the final
answer is derived. ReSP (Jiang et al., 2024) em-
ploys query-focused summarization with an LLM-
based summarize to mitigate the context overload
problem caused by multiple rounds of retrieval.

Fine-grained RAG Method Recently, several
RAG studies have attempted to develop their frame-
works in a fine-grained manner. FILCO (Wang
et al., 2023) trains a context filtering model to ex-
tract relevant context from documents using lex-
ical and information-theoretic approaches. Con-
VvRAG (Ye et al., 2024) introduces a fine-grained
retriever that performs document-level retrieval and
paragraph-level reranking for conversational ques-
tion answering. REAR (Wang et al., 2024b) es-
timates fine-grained relevance scores using lexi-
cal and semantic similarity, which ultimately serve
as supervision for training the generator model.
GeAR (Liu et al., 2025) trains a text decoder to gen-
erate fine-grained information from the fused repre-
sentation of the query and retrieved documents. In
contrast, our method operates plug-and-play within
existing RAG pipelines, enhancing performance
without additional modules or training processes.

6 Conclusion

In this paper, we propose a novel fine-grained
knowledge enhancement method for retrieval-
augmented generation (RAG) tasks. Unlike pre-
vious methods primarily relying on document-level
retrieved knowledge, we extract and utilize fine-
grained knowledge to enhance RAG performance.
Concretely, we design a disentangled prompting
procedure to retrieve fine-grained knowledge and
develop a decoding enhancement strategy to con-
strain the document-based decoding process with
fine-grained knowledge. Our method requires no
additional modules or training process and can be
widely integrated into basic RAG pipelines. Exper-
iments on two mainstream RAG pipelines and four
benchmark datasets demonstrate the efficacy and
generality of our proposed method.

Limitations

Since RAG basic pipelines based on larger-scale
LLMs (e.g., 70B) require extensive computational
resources and are not the mainstream methods, we
have not yet evaluated our method in this setting.
Moreover, on rare occasions when the external
knowledge corpus lacks the necessary information
for question answering, our method will not pro-
vide significant enhancements in these cases.

Ethics Statement

The RAG technique helps reduce factual errors in
LLM-generated content. However, since the exter-
nal corpus comes from various sources, the devel-
opment of RAG may also introduce potential risks.
For example, if attackers add biased or discrimina-
tory content to the external knowledge corpus, such
statements may be generated. Moreover, if the cor-
pus contains incorrect or outdated information, it
could lead to the spread of fake news. Additionally,
RAG could be misused to create false information
that harms reputations or manipulates public opin-
ion. Therefore, as RAG technology advances, it
is important to carefully manage the corpus and
ensure its use follows ethical and legal standards
to minimize potential risks. In this work, we rig-
orously adhere to the human-centered principle to
ensure the responsible development and applica-
tion of RAG technologies. The datasets utilized
in this work do not contain any personal privacy
information or offensive content, and no personal
data has been collected, minimizing the potential
risks associated with RAG.
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A Appendix
A.1 Disentangled Implementation Appendix

Due to limited computational resources, we can-
not directly retrieve fine-grained knowledge from
the external knowledge corpus. Therefore, we
first use a document-based method to retrieve a
set of documents and then extract fine-grained
knowledge from them. Specifically, we retrieve
10 documents for each question from the exter-
nal knowledge corpus using Contriever (Izacard
etal., 2021). Then, we utilize the existing generator
model (Llama2-7B-chat) to extract 3 fine-grained
knowledge sentences from these documents, while
the top 3 knowledge documents are considered the
original document-level knowledge. The detailed
prompt is shown in Figure 6.

A.2 DRAGIN Implementation Appendix

DRAGIN (Su et al., 2024) consists of two com-
ponents: Real-time Information Needs Detection
(RIND) and Query Formulation based on Self-
attention (QFS). Once the RIND module identifies
position ¢ requiring external knowledge, the QFS
module formulates a query and utilizes an existing
retrieval model to obtain relevant documents from
external knowledge bases. The LLM’s output up to
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Disentangled Prompt

Your task is to extract useful sentences from a document based on the knowledge fragments needed
to answer the specific question. You should first identify the knowledge fragments beneficial for
answering the question, and then extract the relevant sentence based on the knowledge fragments
above. Output a new text composed of these relevant sentences.

For example:

Question: {What is Jim Brown’s occupation?}

Document: {James Nathaniel Brown (born February 17, 1936) is a former American football
player, sports analyst and actor. He played as a fullback for the Cleveland Browns of the National
Football League (NFL) from 1957 through 1965. Considered to be one of the greatest running
backs of all time, as well as one of the greatest players in NFL history, Brown was a Pro Bowl
invitee every season he was in the league, was recognized as the AP NFL Most Valuable Player
three times, and won an NFL championship with the Browns in 1964. He led the league in rushing
yards in eight out of his nine seasons, and by the time he retired, he had shattered most major
rushing records. In 2002, he was named by ’The Sporting News’ as the greatest professional
football player ever. }.

The expected output should be: {James Nathaniel Brown (born February 17, 1936) is a former
American football player, sports analyst and actor. }.

Now, the question is { }, and the document is { }.
The output should be:

Figure 6: The detailed prompt of the disentangled procedure.

position ¢ is preserved and the retrieved documents
are integrated with the preserved output using a
meticulously designed prompt template. The LLM
then continues generating content based on the new
input. This process repeats until the question is
fully addressed. Our method uses the formulated
query generated by the QFS module to retrieve
fine-grained knowledge, which is then applied as
an additional input to enhance the LLM’s gener-
ation process, ultimately leading to better results.
The details of the RIND and QFS components are
introduced as follows.

RIND For any given token ¢; in the generated
sequence 1" = {t1,to, ..., t,, }, RIND quantifies the
uncertainty by computing entropy H,; as follows:

== piv

veyY

) log pi(v 1D

where p;(v) denotes the probability of generating
the token v over all tokens in the vocabulary V at
position .

In addition, RIND quantifies the impact of token
t; on the subsequent context by leveraging the at-
tention value A; ; between ¢; and t; (¢ < j), which

is computed as follows:

QiK}
A; ; = softmax JZ. ) (12)

where (); represents the query vector of token ¢;,
K; represents the key vector of token ¢;, and dj,
denotes the dimensionality of the key vector. Fol-
lowing this, the maximum attention value aax (%)
of token t; is identified as follows:

(13)

max A; ;

Amax (Z) e

Moreover, for concentrating on tokens with sig-
nificant semantic value, RIND employs a binary
semantic indicator s; to indicate whether a word
belongs to the stopwords set S:

Si:{ 0, ift;eS (14)

1, otherwise

Finally, combining uncertainty, impact, and se-
mantics, RIND computes a comprehensive score
for each token ¢;:

H; - amax (1) « S;

Srinp(ti) = (15)
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When Sgrnp(t;) exceeds a predefined threshold
0, the retrieval module will be activated to retrieve
external knowledge.

QFS The attention scores reflect the self-assessed
importance of each token in generating token ;.
Therefore, QFS formulates the query by selecting
the most important preceding tokens through at-
tention scores. This process includes: (1) Extract
the attention scores of the last Transformer layer;
(2) Sort the scores in descending order to identify
the top n tokens; (3) Find the words corresponding
to these tokens from the vocabulary and arrange
them according to their original order in the text;
(4) Construct the query (); using these words.

A.3 CRAG Theoretical Appendix

CRAG (Yan et al., 2024) introduces retrieval cor-
rective strategies to improve the robustness of text
generation. Given an input query ¢ and retrieved
documents D = (dy, da, ...d,,) from any retriever,
a lightweight retrieval evaluator categorizes the
documents into one of three confidence levels:
{Correct, Incorrect, Ambiguous}. Depending
on the confidence level, different knowledge re-
trieval actions are triggered to optimize the retrieval
results and obtain the corrective retrieval results
M = (mq, mg, m3). Finally, an arbitrary gener-
ative model is used to answer the question based
on the corrective retrieval results. Our method
employs the input query q and retrieved documents
D = (di,ds, ...d,) to extract fine-grained knowl-
edge S = (s1, s2, s3), which is then applied as an
additional input to enhance the arbitrary model’s
generation process. The details of the retrieval eval-
uator and actions are provided as follows.

Retrieval Evaluator The retrieval evaluator
predicts the relevance score for each question-
document pair independently. CRAG initializes the
evaluator using the T5-large (Raffel et al., 2020)
pre-trained language model. Relevance signals for
fine-tuning can be obtained from existing datasets
(e.g., wiki titles). Negative samples for fine-tuning
are randomly selected from retrieval results that are
similar but not relevant to the input query. The con-
fidence level of the retrieval is assigned based on
the relevance scores from the fine-tuned evaluator.
A retrieval is considered Correct if the relevance
score exceeds the upper threshold. Conversely, a
retrieval is classified as Incorrect if the relevance
scores fall below the lower threshold. If neither con-
dition is met, the retrieval is labeled as Ambiguous.

Knowledge Retrieval Actions Based on the fine-
tuned evaluator, two actions are implemented to
enhance the retrieval results: Knowledge Refine-
ment and Web Search.

Knowledge Refinement focuses on extracting
the most relevant knowledge from the retrieved
documents. Each relevant document is divided
into smaller strips, typically consisting of a few
sentences, based on the document’s total length.
The retrieval evaluator is then used to calculate
the relevance score between the question and each
strip, filtering out any irrelevant ones.

Web Search first converts the inputs into search
queries using ChatGPT. A public web search API
is then employed to return a series of web pages
for each query. Since knowledge from web pages
may contain biases or unreliable information, au-
thoritative sources like Wikipedia are prioritized.
The same knowledge refinement method is applied
to extract relevant information from these pages.

If the confidence is Correct, the knowledge
from the documents is considered reliable, and
Knowledge Refinement is used to extract the
most important information. If the confidence is
Incorrect, it means all retrieved documents are
irrelevant, so Web Search is used to obtain external
knowledge. In the case of Ambiguous, where the
accuracy is uncertain, both actions are combined to
complement each other.

A.4 Human Evaluation Appendix

In addition to automatic evaluation, we also incor-
porate human evaluation to evaluate our method
and two basic RAG pipelines. Specifically, we
randomly sampled 200 outputs from each dataset,
resulting in a total of 400 outputs per basic pipeline.
Three annotators independently evaluated the re-
sponses, assigning scores from 1 (Very Bad) to 5
(Very Good) based on their correctness (C) and rele-
vance (R) in answering the questions. Considering
the difference between the two datasets, annota-
tors will get $0.1 for each answer in the Singlehop
dataset and $0.2 for each answer in the Multihop
dataset. There are 800 sentences evaluated, so each
annotator was rewarded $120 in total.

The human evaluation results are shown in Table
6, which are generally consistent with the auto-
matic evaluation, further confirming the capability
of our method. Specifically, the higher correctness
score indicates that our answers align better with
objective facts, while the greater relevance score re-
flects the improved connection of our answer with
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2WikiMulti HotpotQA

C R C R
DRAGIN 32 39 34 35
DRAGIN+FKE 3.6 4.0 3.7 3.6
PopQA ARC

C R C R
CRAG 38 37 31 34
CRAG+FKE 4.2 38 32 3.6

Methods

Methods

Table 6: Human evaluation result. Each score represents
the average score of three annotators, where C, R repre-
sent correctness and relevance, respectively.

2WikiMulti HotpotQA

Methods

C R C R
DRAGIN 0.781 0.724 0.753 0.719
DRAGIN+FKE 0.799 0.735 0.769 0.714
Methods PopQA ARC

C R C R
CRAG 0.792 0.733 0.769 0.722

CRAG+FKE 0.802 0.747 0.779 0.715

Table 7: The inter-annotator agreement score for human
evaluation. The C, R represent correctness and rele-
vance, respectively.

both the retrieved knowledge and the question.
Moreover, we calculate the Fleiss’ Kappa coef-
ficient to measure the inter-annotator agreement
score for each human evaluation metric. Fleiss’
Kappa coefficient is a statistical measure used to
assess the reliability or agreement between multiple
raters or annotators when they are classifying items
into categories. The results are shown in Table
7. The high consistency among human annotators
confirms the reliability of our human evaluation.
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