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Abstract

Despite progress in LLM summarization, fac-
tual hallucinations persist, motivating At-
tributed Summary Generation (ASG), which
requires sentence-level citations. However, ex-
isting prompt-based approaches face severe
challenges such as positional preference, poor
citation quality and sensitivity to uninforma-
tive documents. In view of these limitations,
we propose RAAC, a framework of Reflective
Agents with Adaptive Collaboration for at-
tributed summarization. RAAC performs it-
erative summarization via reflective agents’
collaboration, where a post reflection module
evaluates the consistency between the sum-
mary and the input documents, based on which
it critiques the summary and uses the result-
ing feedback to recalibrate the inputs to the
next adaptive iteration. The agents’ collabora-
tion involves two components: TextAgent and
CitationAgent. Experimental results on the
ALCE benchmark demonstrate that our frame-
work outperforms existing baselines in both
factual correctness and citation quality.

1 Introduction

Large Language Models (LLMs) have made re-
markable progress in summarization; however, fac-
tual errors and hallucinations severely limit their
reliability in real-world applications (Ji et al., 2023;
Shuster et al., 2021). If generated summaries are
attributed, their reliability can be significantly im-
proved. To address these issues, a task called
Attributed Summary Generation (ASG) (Deng
et al., 2024; Sun et al., 2023; Gao et al., 2023b; Slo-
bodkin et al., 2024) has been proposed, as shown
in Figure 1. In this task, the LLM is required to
generate a summary given a question and a set of
documents ranked by semantic similarity to the
question. And the LLM must also provide citations
for each summary sentence. Attributed summaries
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[1] The Sound of Silence: ... , is 

a song by the American music 

duo Simon & Garfunkel. The 

song was written by Paul 

Simon  ...

Question: Who is the original artist of sound of silence?

Documents

LLMLLM

[5]...  The Sound of Silence 

personnel ... Columbia Records 

staff producer Tom Wilson on 

June 15, 1965. ...

Model output: The original artist of 'The Sound of Silence' is 

Simon & Garfunkel [1]. The song was written by Paul Simon 

between 1963 and 1964 [1]. Later, an electric version of the song 

was overdubbed and released on their album 'Sounds of Silence', 

recorded at Columbia's Studio A in 1965 [5].

...

Figure 1: The ASG task involves generating a sum-
mary in response to a given question from an ordered
set of documents, while providing citations for each
sentence.

offer dual benefits: enhancing verifiability and im-
proving faithfulness to the given documents.

Current research on ASG can be categorized
into two broad lines of research: fine-tuning LLMs
and guiding LLMs through prompting strategies.
The first approach, fine-tuning LLMs (Aly et al.,
2024; Huang et al., 2024; Ye et al., 2023), aims to
enhance LLMs’ attribution capability through su-
pervised training and reinforcement learning. How-
ever, this approach currently faces two major chal-
lenges. First, most existing datasets suffer from
serious deficiencies in high-quality citation anno-
tations, making them inadequate for supporting
effective fine-tuning (Deng et al., 2024). More-
over, fine-tuning approaches that focus too heavily
on specific scenarios, which may limit their effec-
tiveness in commercial systems that must adapt to
diverse application contexts.

The second approach, prompting strategies (Ka-
malloo et al., 2023; Gao et al., 2023b), attempt to
produce attributed summaries through leveraging
LLMs’ in-context learning ability, where attribu-
tion instructions are embedded in prompt. How-
ever, these approaches have several limitations.

First, LLMs often exhibit positional preference
when processing long input of multiple docu-
ments (Zhu et al., 2025). Specifically, they tend to
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overemphasize the beginning and ending portions
of the input while neglecting the middle, result-
ing in incomplete summary content (Wright et al.,
2025). Second, most existing LLMs lack a built-
in mechanism for attribution (Gao et al., 2023a),
which leads to incorrect citations and missing ci-
tations for some sentences. Third, the quality of
attributed summaries is sensitive to uninformative
documents in the input (Gao et al., 2023b), which
can distract the LLM and cause incorrect or miss-
ing citations. Document informativeness should be
judged against the summary rather than the ques-
tion, since some documents may become uninfor-
mative to the summary during generation. There-
fore, it is better not to include such documents in
the input.

Although LLMs possess strong generative capa-
bilities and the potential for self-feedback and re-
finement (Madaan et al., 2023), the above analysis
indicates that existing prompt-based approaches for
attributed summarization, on the one hand, struggle
to mitigate positional preference and to perform
precise citation verification. On the other hand,
reasoning-based citation validation can improve at-
tribution accuracy, and a dynamic refinement mech-
anism can leverage LLMs’ prior knowledge and
semantic understanding to reassess document infor-
mativeness against the generated summary, remov-
ing summary-uninformative documents to form an
adaptive document set, on which low-quality sum-
maries can be improved.

These observations underscore the need for an
adaptive agent collaboration framework with itera-
tive reasoning, which dynamically refines the input
document set and iteratively regenerates the sum-
mary for more accurate and reliable attribution.

Motivated by the above analysis, we propose
a framework of Reflective Agents with Adaptive
Collaboration (RAAC) for attributed summariza-
tion. RAAC performs iterative summarization via
reflective agents’ collaboration. After each collabo-
ration round, a post-reflection module evaluates the
consistency between the generated summary and
the input documents. It then critiques the summary
and produces feedback. This feedback is used to
adjust the inputs for the next collaboration round,
enabling feedback-driven adaptive collaboration
among agents.

Specifically, RAAC consists of three core mod-
ules: TextAgent, CitationAgent and Summary
Calibration. (1) TextAgent alternates between
using the LLM as an evaluator and as an op-

timizer, performing multi-aspect self-assessment
and feedback-directed optimization to reintegrate
overlooked information and improve summary
quality; (2) CitationAgent leverages the logical-
consistency judgment capability of an NLI model
to perform post-hoc reasoning over the generated
summary, thereby improving citation recall and pre-
cision; (3) Summary Calibration (SC) serves as
a post-reflection module. After agent collaboration,
it reflects on the generated summary. Specifically,
it assesses the consistency between the input docu-
ments and the summary. SC then uses the resulting
feedback to adaptively adjust the inputs, ensuring
that they remain informative for subsequent sum-
marization.

The method pipeline is shown in Figure 2. A dis-
cussion of related work is provided in Appendix A.

2 Method

2.1 Task Definition

Following (Gao et al., 2023b; Huang et al., 2024;
Sun et al., 2023), the ASG task is formalized as
follows: given a question Q and a set of top-5
documents D ranked by semantic similarity to Q,
an LLM L is required to generate a summary S =
{si}i consisting of sentences each associated with
a set of citations {cik}k. Specifically, the citation
format for each si is like [ci1][ci2].

2.2 TextAgent: Summary Generation

An LLM often exhibits positional preference when
its input is too long (Liu et al., 2023; Wright et al.,
2025). Recent study (Madaan et al., 2023) has re-
ported that even if an LLM performs poorly on its
first attempt for summarization, it can provide use-
ful feedback to be exploited for further refining the
output. Motivated by these considerations, we de-
sign the TextAgent focusing on high quality sum-
marization first. The operation of the TextAgent
consists of the following steps:

Initial generation The LLM L first produces a
summary S(0) for the given Q and D by using the
summary generation prompt Psg. Details of Psg is
provided in Appendix Table 12. S(0), as shown in
Figure 3, is used as the initial input for the next
feedback stage.

Feedback stage We also employ the LLM L serv-
ing as an evaluator to assess the summaries S(ρ),

27407



Question Q:
"When was the  
first piece of 
music made." Input D

Update 
documents
adaptively 

Update 
documents
adaptively 

A
ge

nt 
com

m
unica

tion

              

 Summary: The first piece of music, 
according to the oldest known 
musical instrument, ...approximately 
43,500 years ago [1]. However, the 
exact date of the first piece 
[1][2]. ……The 'oldest known song' is 
from Ugarit in Syria ….

CitationAgent: Citation Optimization

Citation simplifier

Citation discovery

 Citation validator Citation validator

NLI assigns a logical entailment 
label for every sentence-citation 
pair

Exist-valid-citation

All-citaiton-invalid

Citation simplifier

Citation discovery

 Citation validator

NLI assigns a logical entailment 
label for every sentence-citation 
pair

Exist-valid-citation

All-citaiton-invalid

Citation simplifier

Citation discovery

 Citation validator

NLI assigns a logical entailment 
label for every sentence-citation 
pair

Exist-valid-citation

All-citaiton-invalid

Q
ue

stion input

I
nput D

ocum
e
nts 

Start 
Citation 
Optimization

End 
Citation 
Optimization

Judge 
summary 
citation 
quality

                            

TextAgent: Summary Generation Write/refine 
sumamry

FeedBack

1.initial generate:write summary 
2.refined summary for next Feedback

1.Initial generate: genarate a summary 
2.Refine:based on feedbacki, use llm to refine summaryi

1.Use llm to genearate 
feedbacki for summaryi

exit TextAgent when reach conditions

 Summaryi:The first piece of 
music, according to  have been 
created approximately 43,500 years 
ago by Neanderthals[1].……….

Record Refined summaries

...
summary1 summary2 summaryi

Record Refined summaries

...
summary1 summary2 summaryi

 Completeness:
   Suggestions: The answer does 
not fully address the question about the 
first piece of music  ... 3400 years [1]. 
   Score: 2....

 Completeness:
   Suggestions: The answer does 
not fully address the question about the 
first piece of music  ... 3400 years [1]. 
   Score: 2....

Record optimization feedbacks

feedback1feedback2 feedbacki

...
Record optimization feedbacks

feedback1feedback2 feedbacki

...

use feedbacki to 
refine summaryi

based on evaluation template 
generate feedback

store

store

Feedbacki:suggestion and 
score for each Aspect

              

TextAgent: Summary Generation Write/refine 
sumamry

FeedBack

1.initial generate:write summary 
2.refined summary for next Feedback

1.Initial generate: genarate a summary 
2.Refine:based on feedbacki, use llm to refine summaryi

1.Use llm to genearate 
feedbacki for summaryi

exit TextAgent when reach conditions

 Summaryi:The first piece of 
music, according to  have been 
created approximately 43,500 years 
ago by Neanderthals[1].……….

Record Refined summaries

...
summary1 summary2 summaryi

 Completeness:
   Suggestions: The answer does 
not fully address the question about the 
first piece of music  ... 3400 years [1]. 
   Score: 2....

Record optimization feedbacks

feedback1feedback2 feedbacki

...

use feedbacki to 
refine summaryi

based on evaluation template 
generate feedback

store

store

Feedbacki:suggestion and 
score for each Aspect

Sentence1:The first piece of 
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Figure 2: The illustration of RAAC, which mainly consists of three modules: TextAgent, CitationAgent, and
Summary Calibration, where iterative agent-collaboration is triggered only when the generated summary fails the
Summary Calibration evaluation.

Instructions: Your task is to generate a comprehensive summary based on
the provided documents that directly answers the user’s question, including
proper citations.
Question: "When was the first piece of music made."
Document: {Documents}

Output Summary (S(0)):
The first piece of music, according to archaeological findings, was
created approximately 43,500 years ago by Neanderthals [1]. Evidence
suggests ... Paleolithic age [4].

Figure 3: Initial generation : L generates S(0) based on
Q and D.

with ρ denoting the ρ-th round iteration of gener-
ated summary. Specifically, we design several eval-
uation aspects for the LLM-based summary evalua-
tion, including completeness, objectivity, specificity
etc. We design a summary evaluation prompt Pse
to instruct the LLM L to output a score and sugges-
tion for each aspect. Pse is provided in Table 13 in
the Appendix.

For instance, this stage evaluates the summary
S(0) on predefined aspects. As shown in the orange
part of Figure 4, L generates a specific suggestion:
"Ugarit in Syria, which dates back 3400 years.",
alongside with a score of 2. Ultimately, the output
feedback comprises a set of scores and suggestions
across all predefined aspects.

Refine stage we also employ the LLM L serving
as a reviser to refine the summary S(ρ−1), where
ρ denotes the current iteration. Specifically, we
design a summary refinement prompt Psr that pro-
vides L with the summary S(ρ−1) and the aspect-

Instructions: Evaluate the summary according to the following criteria.
For each criterion, give a score from 1 to 3 points, and provide suggestions
for improvement.
Evaluation Criteria:
Completeness: The generated summaries can fully address the input ques-
tions.
Question: "When was the first piece of music made."
Document: {Document Context}
Summary (S(0)): The first piece of music, ..., was created approximately
43,500 years ago by Neanderthals [1]...

Output Feedback:
Completeness:
– suggestions: The answer does not fully address the question about the
first piece of music. It would be better to mention the oldest known song
from Ugarit in Syria, which dates back 3,400 years.
– Score: 2/3

Figure 4: feedback stage example: generating scores
and suggestions for S(0).

level suggestions from the ρ-th Feedback stage, and
instructs L to revise S(ρ−1) accordingly, producing
a refined summary S(ρ). Detailed Psr is provided
in Table 14 in the Appendix.

For instance, given S(0), L is guided by the
scores and suggestions in Figure 5 to refine S(0)

by adding the missing temporal detail 3400 years.
As a result, the refined summary explicitly states
the key temporal information 3400 years ago.

The Feedback and Refine iteration will stop
when one of the following conditions is met. It
includes two cases: the iteration count reaches k
or the summary achieves the maximum score (3
points on all predefined evaluation aspects during
the Feedback stage. The output of TextAgent is
Sta = {si}i and each si has an associated citation
list Ci = {cik}k. The detailed algorithmic work-
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Instructions: Our goal is to revise responses that improve over time based
on points and Modification Suggestions.

scores and suggestions:
Completeness: score: 2 suggestion: The answer does not fully address
the question about the first piece of music... It would be better to
mention the oldest known song from Ugarit in Syria, which dates back
3400 years.

Question: "When was the first piece of music made."
Document: {Document}

Refine Summary:
The first piece of music, in the form of the oldest known song from Ugarit
in Syria, dates back to approximately 3400 years ago[1] ...... dating
back to between 7000 and 6600 BC [3].

Figure 5: Refine stage example for summary S(0) based
on scores and suggestions from Feedback stage.

flow is provided in Algorithm 1.

2.3 CitationAgent: Citation Optimization
Relying solely on the holistic reasoning of an LLM
L often fails to simultaneously ensure high-quality
summary content and reliable citations (Gao et al.,
2022, 2023b). To mitigate this, we introduce
CitationAgent, a modular post-processing pro-
cess that refines the citation for the TextAgent
output through a sentence-level citation optimiza-
tion pipeline. Specifically, for summary Sta, the
pipeline executes three stage:

Citation validator For each si ∈ Sta, we eval-
uate all non-empty citation subsets of its existing
citation list Ci = {cik}k. Specifically, we enumer-
ate all subsets C ⊆ Ci with C ̸= ∅.

For each pair (si, C), we concatenate the docu-
ments referenced by C to form the premise and treat
si as the hypothesis. We adopt TrueTeacher(NLI
model) (Sun et al., 2023) to determine whether the
premise entails the hypothesis, yielding a binary
label label ∈ {0, 1}. Here, label = 1 indicates
that the premise entails si. We thus obtain a tuple
(si, C, label) for each pair (si, C).
Citation simplifier For each sentence si, we col-
lect all candidate citation subsets Fi validated by
the Citation validator,

Fi = {C ⊆ Ci | C ̸= ∅, label(si, C) = 1}.

To reduce redundant citations, we select a
minimum-cardinality subset from C ∈ Fi:

C∗
i = arg min

C∈Fi

|C|.

If multiple subsets attain the same minimum car-
dinality, we break the tie by selecting the subset

that minimizes the sum of citation indices in Ci.
Citation simplifier outputs the optimized citation
set C∗

i for each si, resulting in either (i) preserved
citations when C∗

i = Ci, or (ii) reduced citations
when |C∗

i | < |Ci|.

Citation discovery this stage handles each sen-
tence si whose Ci = ∅ after Citation simplifier.
We use Dense Passage Retriever(DPR) (Karpukhin
et al., 2020) to encode the sentence si into a vector
representation zi and encode each document d ∈ D
accordingly. Each document d is then ranked ac-
cording to their embedding similarity to zi. Subse-
quently, we design an AddCitation prompt Pa that
provides an LLM L with si and the reranked docu-
ments, and ask L to select an index set of document
that entail si. The selected citations form C∗

i and
are attached to si in format of [c′i1][c

′
i2]. Details Pa

can be found in Table 15 in the Appendix.
The output of CitationAgent is Sca = {si}i,

where each si has an associated citation list C∗
i =

{c′ik}k.

2.4 Summary Calibration (SC)

During attributed summarization with TextAgent
and CitationAgent, sentence-level citation align-
ment can be compromised by uninformative doc-
uments in the input. To mitigate this, we in-
troduce Summary Calibration (SC) as a sched-
uler that separates low-quality input samples and
re-dispatches the agents for iterative refinement.
Specifically, SC leverages its submodule Summary
Assessment to compute a citation F1 for the gen-
erated summary Sca of each input sample and com-
pares it against a predefined threshold τ . Sum-
maries with citation F1 exceeding τ are considered
satisfactory and require no further optimization. In
contrast, for input samples with citation F1 below
the τ , SC dynamically calibrates the input docu-
ment set D and feeds the refined document set into
a new round of iterative summarization.

Summary Assessment SC assesses the citation
quality of Sca. For each sentence si with optimized
citations C∗

i , we compute sentence-level citation
recall as

ri = 1
[
label(si, C∗

i ) = 1
]

Only when ri = 1 (i.e., the full citation set en-
tails si) do we further assess citation precision by
identifying essential citations. Specifically, a ci-
tation c′ik ∈ C∗

i is essential if it either entails si
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Method ASQA ELI5

Corr.EM ROUGE-Lsum Citation Rec. Citation Pre. Citation F1 Corr. Claim. ROUGE-Lsum Citation Rec. Citation Pre. Citation F1

FRONT (Huang et al., 2024) 40.84 36.95 77.70 69.89 73.59 9.18 19.09 58.60 55.33 56.92
Self-RAG 7B (Asai et al., 2024) 30.00 35.70 66.90 67.80 67.30 9.70 16.90 23.30 33.90 27.60

RAAC (ours) 41.23 37.22 79.69 79.08 79.38 13.43 20.50 56.77 63.19 59.81

Table 1: We compare RAAC with baselines that fine-tune LLMs and report main results on ASQA and ELI5. Bold
and underlined numbers denote the best and second-best results, respectively.

Method
Dataset: ASQA

Evaluate Summary Content Evaluate Citation

Corr.
EM

Rouge-1 Rouge-2 Rouge-4 Rouge-L Rouge-Lsum BERTscore Meteor BLEU SAC
Citation

Rec.
Citation

Pre.
Citation

F1

VANILLA 36.14 33.05 17.06 6.52 24.36 34.57 85.88 21.58 7.30 2.22 65.84 61.97 63.85
SUMM 34.78 29.46 14.85 4.98 22.10 31.24 85.74 18.11 4.58 2.06 64.72 64.55 64.63
SNIPPET 29.07 28.02 14.28 5.42 21.26 29.90 85.34 17.46 4.89 1.74 49.37 57.63 53.18
RERANK 38.06 24.58 17.23 6.41 25.00 35.31 86.22 22.71 8.25 2.34 61.23 62.89 62.05

RAAC (ours) 41.23 36.59 18.12 7.16 26.15 37.22 86.41 24.98 10.38 2.42 79.69 79.08 79.38

Method
Dataset: ELI5

Evaluate Summary Content Evaluate Citation

Corr.
EM

Rouge-1 Rouge-2 Rouge-4 Rouge-L Rouge-Lsum BERTscore Meteor BLEU SAC
Citation

Rec.
Citation

Pre.
Citation

F1

VANILLA 13.40 22.77 3.12 0.18 12.70 20.17 82.98 17.16 1.41 1.82 39.42 39.67 39.54
SUMM 9.70 18.82 2.40 0.14 11.35 16.44 82.89 12.32 0.61 1.47 43.00 41.20 42.08
SNIPPET 10.53 20.78 2.91 0.18 12.07 17.86 83.24 13.81 0.87 1.44 24.51 34.88 28.79
RERANK 13.90 22.69 3.00 0.18 12.62 19.99 83.02 15.90 1.32 1.85 40.39 41.49 40.93

RAAC (ours) 13.43 22.75 3.08 0.16 12.63 20.50 82.63 17.72 1.37 1.64 56.77 63.19 59.81

Table 2: Main results on ASQA and ELI5. Bold and underlined numbers denote the best and second-best results,
respectively. Comparisons between RAAC and prompt-based baselines.

individually or is necessary for C∗
i to entail si:

Ess(si, c
′
ik) = 1 [label(si, C∗

i ) = 1]

· 1
[
label(si, {c′ik}) = 1

∨ label(si, C∗
i \ {c′ik}) = 0

]

We then define sentence-level citation precision
(computed only for sentence si with ri = 1) as

pi =

∑
c′ik∈C∗

i
Ess(si, c

′
ik)

|C∗
i |

We report overall citation recall and precision by
averaging ri and pi over sentences, and derive the
citation F1 accordingly. If the citation F1 falls be-
low a predefined threshold τ , Summary Assessment
identifies the current Sca as low-quality sample
and triggers a calibration routing to reconfigure the
input D for subsequent refinement.

Implicit LLM Preference Reconstruction
When calibration is triggered, we redefines
the input document set D by constructing an
adaptive subset based on the TextAgent’s ouput.
Specifically, given Sta = {si}i, we use regular
expression matching to extract the citation set Ci

for each sentence si, and take the union of all
extracted citations:

Cunion =

n⋃

i=1

Ci

The adaptive input Dadp then includes the docu-
ments referenced by Cunion. This design leverages
the LLM’s internalized prior knowledge to prune
uninformative documents from the previous input
D. By treating the TextAgent’s selection as an
implicit informativeness heuristic, we distill a con-
centrated input Dadp that aligns with the LLM’s
semantic preference. This reduction of input allevi-
ates the burden of uninformative context in subse-
quent stages.

Quality Gating With the input D = Dadp, SC
invokes the agents sequentially in each iteration
and controls the stopping criteria. To ensure the
efficacy of refinement, a candidate summary is ac-
cepted only if its citation F1 shows a substantive
improvement over the previous round. If this con-
dition is not met, SC discards the new summary,
reverts to the previous version, and terminates fur-
ther optimization for the current question.
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The process continues until the iteration count
reaches a predefined maximum M , detailed analy-
sis can be found in Appendix D, or the citation F1
exceeds the threshold τ . Moreover, to balance per-
formance and cost, the threshold τ is treated as a
tunable hyperparameter, as detailed in Section 4.4.
The workflow of SC is provided in Algorithm 2.

Method
Correct

(Em Rec)
ROUGE-Lsum

Citation
Rec.

Citation
Pre.

Citation
F1.

Qwen2.5-7b
VANILLA 36.14 34.57 65.84 61.97 63.85
SUMM 34.78 31.24 64.72 64.55 64.63
SNIPPET 29.07 29.90 49.37 57.63 53.18
RERANK 38.06 35.31 61.23 62.89 62.05
RAAC (ours) 41.23 37.22 79.69 79.08 79.38

Qwen2.5-14b
VANILLA 32.73 32.48 63.75 71.07 67.21
SUMM 35.63 32.38 58.36 61.00 59.65
SNIPPET 34.16 31.91 56.17 66.53 60.91
RERANK 34.90 32.13 71.94 71.28 71.61
RAAC (ours) 41.43 37.05 79.33 77.91 78.62

Qwen2.5-32b
VANILLA 41.99 37.32 74.02 68.60 71.21
SUMM 41.67 34.56 73.39 62.73 67.64
SNIPPET 34.21 33.94 54.10 62.60 58.04
RERANK 40.55 36.17 73.17 70.65 71.89
RAAC (ours) 45.06 40.03 85.04 83.99 84.51

Table 3: Performance comparison across different
Qwen2.5 model sizes on ASQA Dataset. Bold and
underlined numbers denote the best and second-best
results, respectively.

3 Experiments

Datasets and Evaluation Metrics We conduct
our experiments on the long-form datasets in the
ALCE (Gao et al., 2023b), namely ASQA (Stel-
makh et al., 2022) and ELI5 (Fan et al., 2019).
Following ALCE, our evaluation focuses on two
aspects: summary content quality and citation qual-
ity. Detailed descriptions of all metrics and dataset
are presented in the Appendix B.2.

Baselines For an equitable comparison, we adopt
the best-performing baseline methods proposed
in the ALCE benchmark, which are also adopted
by (Sun et al., 2023). These methods include
VANILLA, SUMM, SNIPPET, and RERANK. De-
tailed descriptions of these baselines are available
in Appendix B.1. To ensure a fair comparison
against our RAAC, we implement all four baselines
using Qwen2.5-7B as the backbone. Furthermore,
we include results from strong training-based meth-
ods, including Self-RAG 7B (Aly et al., 2024) and
FRONT (Huang et al., 2024), both fine-tuned on
LLaMA2-7B.

Implementation Details We implement RAAC
using the Qwen2.5-7B model as the backbone
LLM. In the CitationAgent module, we em-
ploy t5_11b_trueteacher_and_anli7 as the
NLI model introduced in (Sun et al., 2023). Each
experiment is conducted three times, and we report
the average results. More details about the experi-
mental settings are presented in Appendix B.3 and
B.4.

4 Analysis

4.1 Main Result

We contrast the performance of our method with
existing approaches based on model fine-tuning,
and the results are presented in Table 1. Our frame-
work improves ASG performance while preserving
the base LLM’s generative capabilities, which fa-
cilitates plug-and-play deployment in diverse com-
mercial systems.

Moreover, we compare our method with four
prompting-based methods (Li et al., 2023) on the
ASG, and the results are presented in Table 2. Our
method substantially improves both content quality
and citation quality on ASQA and ELI5, indicating
stronger attribution accuracy while retaining salient
information from long documents.

Scalability of RAAC performance with model
size. To assess scalability, we evaluate RAAC
across LLMs of different sizes on ASQA and re-
sults are presented in Table 3. Performance on ASG
consistently improves as model scale increases,
mainly because larger LLMs have stronger seman-
tic understanding and generate higher-quality cal-
ibration signals, enabling more effective iterative
refinement.

Method ALCE Evaluator DeepSeek-V3 Evaluator Qwen2.5-32B Evaluator

Cite.
Rec.

Cite.
Pre.

Cite.
F1

Cite.
Rec.

Cite.
Pre.

Cite.
F1

Cite.
Rec.

Cite.
Pre.

Cite.
F1

ASQA Dataset

VANILLA 65.84 61.97 63.85 74.06 72.82 73.43 69.85 67.68 68.75
SUMM 64.72 64.55 64.63 66.57 61.98 64.19 62.15 57.74 59.87
SNIPPET 49.37 57.63 53.18 48.67 51.87 50.22 46.33 50.57 48.35
RERANK 61.23 62.89 62.05 67.46 67.57 67.51 64.45 64.51 64.48
RAAC 79.69 79.08 79.38 87.04 85.69 86.36 81.34 80.12 80.73

ELI5 Dataset

VANILLA 39.42 39.67 39.54 60.11 61.61 60.85 55.77 56.89 56.33
SUMM 43.00 41.20 42.08 58.60 53.41 55.88 51.73 47.63 49.56
SNIPPET 24.51 34.88 28.79 30.67 39.94 34.70 28.89 37.66 32.69
RERANK 40.39 41.49 40.93 60.95 65.60 63.19 58.63 63.13 60.79
RAAC 56.77 63.19 59.81 67.62 75.62 71.39 64.55 72.45 68.27

Table 4: Performance comparison using ALCE,
DeepSeek-V3 and Qwen2.5-32B as citation evalua-
tors. Bold and underlined numbers denote the best and
second-best results, respectively.

Robustness of citation evaluation. To further im-
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prove the reliability of our result in citation metric,
we introduce an additional LLM-based evaluation
protocol. The corresponding evaluation prompt
Pe is provided in Table 16. Specifically, we use
Deepseek-V3 and Qwen2.5-32B as automated eval-
uators. Given each sentence and its cited docu-
ments, the evaluator judges whether the documents
entail the sentence. As presented in the Table 4,
RAAC outperforms all baselines across all citation
metrics under both evaluators, indicating that the
improvements are robust and suggesting the gains
are not evaluator-specific.

(a) Positional distribution of document used in summaries
across methods on ASQA and ELI5 (Qwen2.5-7B)

(b) Positional distribution on ASQA under different matching
metrics (LCS vs SBERT; Qwen2.5-7B).

(c) Effect of model scale on positional distribution: Qwen2.5-
14B vs Qwen2.5-32B on ASQA.

Figure 6: Distribution of document positions from
which summary sentences are derived across different
methods.

4.2 Evaluation of positional preference
To quantitatively evaluate the effectiveness of
RAAC in mitigating LLMs’ positional prefer-
ence,we analyze where in the input documents the

summary content originates. Specifically, we com-
pute the longest common subsequence(LCS) be-
tween each summary sentence and the input docu-
ments. We then associate each sentence with its rel-
ative position in the input documents based on the
matched span (using an overlap threshold of 50%).
In particular, by comparing RAAC with RAACM0
(RAAC without SC), we can control for the effect of
SC and isolate the positional-distribution changes
attributable to TextAgent.

The resulting distributions are shown in Fig-
ure 6a. The analysis reveals that prompting-
based methods (VANILLA, SUMM, SNIPPET, and
RERANK) have limited ability to extract informa-
tion from the middle sections of long input docu-
ments. In contrast, RAAC shows a clear advantage
in capturing information from the central region
of the input and improving the overall information
acquisition ratio.

This result indicates that the mechanism in
TextAgent is effective. Combined with the main
results, these findings suggest that, by mitigating
positional preference, RAAC encourages the LLM
to form a more comprehensive understanding of
the input and improves the content quality of the
generated summaries.

To further validate this conclusion, we conduct
two additional checks. Evaluation robustness. To
reduce dependence on a specific matching algo-
rithm, we replace LCS with SBERT-based seman-
tic similarity (80% overlap threshold). As shown
in Figure 6b, the results shows trends consistent
with the LCS-based results. Scalability. We repeat
the LCS-based source-distribution analysis with
larger models (Qwen2.5-14B and Qwen2.5-32B)
in Figure 6c, and observe consistent improvements
across model sizes.

4.3 Ablation Study
We conduct an ablation study on ASQA and ELI5
datasets to isolate the contribution of each com-
ponent in our method. The results, presented in
Table 5, compare our full method against the fol-
lowing configurations.

Qwen2.5 (Base): The Qwen2.5-7B model with-
out any components of RAAC, serving as the
baseline performance of the underlying LLM. w/o
TextAgent: This configuration removes iterative
self-refinement and replaces TextAgent with the
vanilla strategy. w/o CitationAgent: This con-
figuration removes CitationAgent to evaluate the
impact of post-hoc verification. w/o SC: In this set-
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Figure 7: This figure provides a detailed comparison of content correctness and citation quality metrics for low-
quality questions under Qwen2.5-7B, with and without SC.

ting, SC is removed. The summary is generated in
a single pass by TextAgent and CitationAgent.
CitationAgent improves summary quality by

enhancing citation faithfulness. As presented in
Table 5, adding CitationAgent yields substantial
improvements in both citation recall and precision.
In addition, Citation Discovery supplements
missing citations for sentences the LLM fails to
attribute, strengthening overall citation faithfulness
in TextAgent’s summaries.
Summary Calibration (SC) strengthens cita-

tion quality, as shown in Table 5. We further
inspect cases with poor attribution in the agents’
cooperative outputs to examine how SC affects both
factual correctness and citation quality and results
are shown in Figure 7.

Overall, these results indicate that SC sup-
ports reflective agent adaptive collaboration by
dynamically updating the document set based
on agents’ feedback during iterative summariza-
tion. This adaptive reconstruction filters summary-
uninformative documents, improves citation qual-
ity, and ultimately yields higher-quality summaries.
From these observations, we draw two conclusions:
(i) a subset of questions in ASQA and ELI5 benefit
from adaptive input reconstruction; and (ii) the cal-
ibrated document set D improves citation quality
by filtering uninformative documents.

Method ASQA ELI5

Correct
Em Rec

Cite
Rec.

Cite
Pre.

Cite
F1.

Correct
(Em Claim.)

Cite
Rec.

Cite
Pre.

Cite
F1.

RAAC 41.23 79.69 79.08 79.38 13.43 56.77 63.19 59.81

Qwen2.5-7b(Base) 36.14 65.84 61.97 63.85 13.40 39.42 39.67 39.54

RAAC w/o TextAgent 35.39 79.31 79.10 79.20 12.4 56.27 54.72 55.48
RAAC w/o CitationAgent 40.89 76.86 67.90 72.10 12.9 47.61 56.73 51.77
RAAC w/o SC 40.10 70.63 69.90 70.26 13.70 47.46 56.93 51.76

Table 5: Ablation experiment results. The table shows
the effect on the results on the ALCE-ASQA and ALCE-
ELI5 when removes different modules in our method.

Figure 8: Hyperparameter Analysis in TextAgent and
SC.

4.4 Hyperparameter Analysis
We analyze two key hyperparameters of our
method: the number of refinement iterations, k,
in TextAgent, and the SC threshold: τ . Results are
shown in Figure 8.

To evaluate the robustness of our framework with
respect to k, we sweep k from 1 to 8. As shown in
Figure 8, the FC1 metric (see Appendix B.2 for
details) stabilizes for k ∈ [5, 8]. Moreover, perfor-
mance fluctuations within this range are minimal,
indicating that the TextAgent module is relatively
insensitive to k.

The SC threshold τ determines the citation-
quality level below which citations are considered
poor, thus activating SC. We conduct a comprehen-
sive study with τ varying from 0.1 to 0.9. Figure 8
shows that FC1 increases steadily as τ increases,
and τ = 0.8 consistently achieves the best overall
performance. In addition, when τ ≥ 0.3, our over-
all quality measured by FC1, as well as citation F1
and correctness, surpasses Front, while a smaller
proportion of samples enters the SC. This indicates
that τ can be treated as a tunable hyperparameter
to balance performance and cost.

5 Fixed Budget Evaluation

To further ensure a fair comparison between RAAC
and the baselines (VANILLA, SNIPPET, SUMM,
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Figure 9: Method Performance Comparison under fixed
budget evaluation.

and RERANK), we control the token consumption
of all methods to the same budget in this mod-
ule and further evaluate their performance. The
results in Figure 9 show that RAAC still signifi-
cantly outperforms the competing methods under
the same token-budget constraint, indicating that
the improvement mainly stems from the effective-
ness of our method itself rather than increased to-
ken usage.

6 Conclusion

We propose RAAC for attributed summary gen-
eration (ASG), a reflective agent framework that
improves both summary content and citation faith-
fulness through feedback-driven, adaptive collabo-
ration. RAAC consists of three components: (i)
TextAgent, which alternates the LLM between
evaluator and optimizer to mitigate positional pref-
erence and improve content coverage and summary
quality; (ii) CitationAgent, which post-processes
TextAgent’s summaries by verifying and supple-
menting supporting citations, thereby strength-
ening attribution faithfulness; and (iii) Summary
Calibration (SC), which uses collaboration re-
flection to adaptively filter and reselect input docu-
ments during iterative refinement, further improv-
ing summary quality.

Overall, RAAC makes two main contributions:
we introduce LLMs into TextAgent as multiple role-
specific agents to perform self-refine-based sum-
marization and iterative refinement; unlike prior
paradigms that rely on retrieval-based approaches
to update documents, in the SC we optimize the in-
puts for samples that need improvement by leverag-
ing implicit signals produced by the model, thereby
proposing a new reflection–iteration optimization
framework.

As future work, we will develop more cost-

efficient techniques to streamline the multi-step
pipeline, reducing LLM invocations and token us-
age while maintaining or further improving per-
formance. In parallel, we will explore alternative
verification signals to reduce reliance on external
NLI models, aiming for more robust and portable
attribution across settings.

Limitations

Although our method demonstrates strong perfor-
mance, it still has certain limitations. First, the
quality of the NLI model affects the performance
of the CitationAgent during the verification. If
the NLI model performs poorly, mismatches may
occur between documents and generated sentences,
which in turn reduces the effectiveness of filter-
ing out low-quality samples. Second, our frame-
work requires multiple LLM invocations, leading
to higher computational cost and slower real-time
response. This overhead mainly comes from two
sources: (i) TextAgent alternates between the roles
of evaluator and optimizer across multiple steps;
and (ii) SC may trigger an additional calibration-
and-regeneration cycle when the current document
set is deemed suboptimal. As shown in Appendix
Figure 10, our method incurs higher token con-
sumption and runtime than prompt-based baselines.
This overhead reflects a deliberate trade-off: we
sacrifice some efficiency to achieve better output
quality and more reliable attribution. And a de-
tailed analysis of the fixed budget evaluation is
provided in Section 5.
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A Related Work

A.1 Attributed Summarization

Retrieval-Augmented Generation (RAG) has
emerged as a promising paradigm for knowledge-
intensive tasks in recent years (Lewis et al., 2020;
Karpukhin et al., 2020; Feng et al., 2023). However,
recent studies (Shi et al., 2023; Yoran et al., 2023;
Xu et al., 2023) have reported that existing RAG-
based LLMs struggle to handle uninformative or
contradictory documents and often fail to fully com-
prehend contextual information. These deficiencies
can lead to factual hallucinations. One strategy to
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mitigate this issue is to have the LLM generate ci-
tations alongside the summaries, which not only
reduces hallucinations but also enhances the veri-
fiability of the LLM’s output (Huang and Chang,
2023; Li et al., 2023). Existing approaches to this
problem vary. Some research, such as (Gao et al.,
2023b), has explored prompting-based methods
and post-retrieval processing techniques. While
these methods are simple to implement, they often
yield poor performance. In contrast, another line of
research focuses on fine-tuning LLMs on custom-
built training datasets (Huang et al., 2024; Aly et al.,
2024; Ye et al., 2023; Asai et al., 2024). How-
ever, these methods typically require task-specific
or domain-specific labeled data, leading to high hu-
man annotation cost, and the resulting models may
not transfer well to new settings without additional
fine-tuning. The method proposed in this paper
is iterative optimization framework that enhances
LLM performance without fine-tuning.

A.2 Self-Feedback-Refine

Humans have consistently served as a valuable
source of feedback (Tandon et al., 2021; Elgohary
et al., 2021; Bai et al., 2022b). However, due to the
high cost associated with human feedback, some
methods have employed scalar reward functions
as a proxy or an alternative, such as (Bai et al.,
2022a; Liu et al., 2022; Lu et al., 2022; Le et al.,
2022; Welleck et al., 2022). Recently, LLMs have
been utilized to generate feedback in general do-
mains (Fu et al., 2023; Peng et al., 2023; Yang et al.,
2022). Feedback-refinement pairs of have been
used to train supervised refinement models (Ya-
sunaga and Liang, 2020; Schick et al., 2022). A
limitation of this approach is its domain-specific na-
ture and the high cost of collecting supervised data.
In contrast to previous work, our method leverages
the same LLM to evaluate its own output and pro-
vide suggestions for revision. This is achieved by
guiding the LLM through a multi-aspect chain-of-
thought process. Based on these self-generated
suggestions, the LLM then refines its output with-
out training any additional models.

B More Experimental Details

B.1 Details of Baselines

The following describes the prompt-based base-
lines used in our experiments. All baselines use the
same underlying LLM and input, and differ only in
prompting and post-processing.

VANILLA (Gao et al., 2023b): A direct ap-
proach where the LLM generates a summary with
citations based on a set of input documents.

SUMM (Gao et al., 2023b): A two-step method
where the LLM first summarizes the input docu-
ments to distill relevant information. Subsequently,
this summary is used in a new prompt to guide the
LLM in generating the summary with citations.

SNIPPET (Gao et al., 2023b): This method
first prompts the LLM to extract key passages or
snippets from the input documents that directly
address the user’s question. These extracted snip-
pets are then provided as context for the LLM to
generate summary with citations.

RERANK (Gao et al., 2023b): A two-step
generate-then-rank approach. The LLM first gen-
erates multiple candidate summaries based on the
input documents. Each summary is then evaluated,
and the one with the highest citation recall is se-
lected as the final summary.

B.2 More Details of Datasets & Evaluation
Metrics

Following (Gao et al., 2023b), we use the
Wikipedia dump from December 20, 2018 as the
retrieval corpus. For ASQA, we employ the Gen-
eralizable T5-based dense Retriever (GTR) (Ni
et al., 2021). For ELI5, we adopt the sparse re-
triever BM25. The datasets used in our evaluation,
ASQA and ELI5, are described below. And Ta-
ble 6 presents the dataset statistics for ASQA and
ELI5.

ASQA is a long-form factual QA dataset fea-
turing ambiguous questions. Summarizing these
questions requires synthesizing information from
multiple sources to cover different facets and inter-
pretations of the question.

ELI5 contains complex or abstract questions that
require explanations to be presented in a simple and
accessible manner, as if explaining to a five-year-
old child.

Citation Quality We measure the traceability
of the generated summaries from two aspects: (1)
Citation Recall, which assesses whether the cited
documents entails the sentence, and (2) Citation
Precision, which judges whether each citation is es-
sential to entail its associated sentence. We perform
this evaluation using the TRUE (Honovich et al.,
2022) model, a T5-11B (Raffel et al., 2020) model
fine-tuned on a collection of NLI datasets to exam-
ine entailment between the cited documents and
the model output. Additionally, we report Citation
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F1, the harmonic mean of precision and recall:

F1 = 2 · Citation Recall · Citation Precision
Citation Recall + Citation Precision

.

Correctness EM Rec/Claim (Corr. EM Rec/-
Claim) Correctness is evaluated differently for
each dataset. For the ASQA, we calculate Exact
Match Recall (EM Rec.), which measures whether
the ground-truth short summaries appear as exact
substrings in the generated output. For ELI5, we as-
sess correctness using Claim Recall, (EM Claims),
which evaluates whether the model’s output logi-
cally entails the individual sub-claims in the ground
truth.

Sub-Aspect Coverage(SAC) To quantitatively
evaluate the sub-aspect coverage of the generated
summary against the reference summary, we use
Qwen2.5-32B as an automated evaluator. The
model scores the content completeness of each gen-
erated summary on a scale of 0 to 5. The prompt
used for this evaluation is provided in Table 17.

More details of FC1 To comprehensively evalu-
ate the balance between content quality and citation
quality achieved by our framework, we introduce a
unified metric, FC1, defined as:

FC1 = 2 · Correctness · CitationF1

Correctness+ CitationF1

This metric provides an integrated perspective
for assessing the effects of hyperparameters.

ROUGE-N measures the recall of N -grams.
ROUGE-1 measures the recall of unigrams (sin-

gle words), i.e., how many words from the refer-
ence summaries also appear in the candidate sum-
mary.

ROUGE-2: measures the recall of bigrams
(pairs of words).

ROUGE-4 measures the recall of 4-grams (se-
quences of four words).

ROUGE-L computes the Longest Common Sub-
sequence(LCS) between the candidate and refer-
ence summaries, and is often used to evaluate
sequence-level similarity beyond exact n-gram
overlap.

ROUGE-Lsum is a variant of ROUGE-L de-
signed for longer, multi-sentence summaries. It
computes LCS at the sentence level and sums then
the scores to produce a summary-level score. This
helps evaluate whether the summary captures main
points that might be distributed across different
sentences in the source.

Dataset Split Samples

ASQA Test 948
ELI5 Test 1,000

Table 6: Dataset statistics.

parameters ASQA ELI5

Initially documents number D 5 5
k in TextAgent 5 5
τ in SC 0.8 0.8
M in SC 1 2

Table 7: Parameter settings used for RAAC on different
datasets in the main experiments with Qwen2.5-7B.

BLEU measures n-gram overlap between a can-
didate text and reference texts, and is commonly
used in machine translation.

METEOR is based on an F-measure that com-
bines precision and recall. It extends exact match-
ing with stemming and synonym matching (e.g.,
via WordNet), and applies a fragmentation penalty
that penalizes disordered word alignments.

BERTScore is a semantic-based metric that
computes cosine similarity between contextual to-
ken embeddings in the candidate and reference
texts, and reports precision, recall, and F1.

B.3 More Implementation Details
In our experiments, we access Qwen2.5 models
of three parameter scales (7B, 14B, and 32B)
and the Deepseek-V3 LLMs are accessed via
APIs provided by the Alibaba Cloud Bailian plat-
form. For the NLI components, we locally de-
ployed the t5_11b_trueteacher_and_anli7 and
t5_xxl_true_nli_mixture on a server equipped
with two NVIDIA A10 GPUs. The NLTK version is
3.9.1.

B.4 Parameter Settings of RAAC
The parameter settings for the models used in
our experiments: Qwen2.5-7B, Qwen2.5-14B,
Qwen2.5-32B, and Deepseek-V3, are provided in
Table 7 and Table 8.

C Prompts

The prompts used in our experiments are listed
as follows. Since VANILLA and RERANK share
the same prompt, we only report the VANILLA
prompt in Table 9. The prompts for SUMM, SNIP-
PET, TextAgent, CitationAgent are provided in
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parameters Qwen2.5-14B Qwen2.5-32B Deepseek-V3

Initially documents number D 5 5 5
k in TextAgent 5 5 5
τ in SC 0.8 0.8 0.8
M in SC 1 1 1

Table 8: Parameter settings for Qwen2.5-14B, Qwen2.5-
32B, and Deepseek-V3 on ASQA.

Table 10, Table 11, Table 12, Table 13, Table 14,
Table 15.

Figure 10: Performance vs Cost: Citation F1 under
Token and Runtime Budgets.

D Analysis of Iteration Count M when
Using SC on ASQA

To evaluate whether multiple refinement iterations
are necessary for ASQA, we employ two metrics:
Jaccard Similarity and Bit Flip Rate. These metrics
quantify the divergence between the first iteration
(M = 1) and the second iteration (M = 2), thereby
assessing whether M = 1 is sufficient.

Metric Definition. Jaccard Similarity measures
the degree of overlap between two sets of cited
documents and is defined as:

J(S1, S2) =
|S1 ∩ S2|
|S1 ∪ S2|

This metric evaluates the model at the set level.
For example, if M = 1 cites documents [1, 2] and
M = 2 selects [2, 3], the Jaccard Similarity is 1/3,
despite citing the same number of documents. It
indicates whether the model is shifting its docu-
ment set or only making minor adjustments. Bit
Flip Rate assesses stability at the level of individ-
ual binary decisions. It computes the proportion
of citation decisions that change status (cited ↔
uncited) between iterations:

Bit Flip Rate =
#flipped decisions

N ×K

where N is the number of samples and K is the
number of candidate documents (i.e., citation de-
cision slots) per sample, and #flipped decisions
counts the total number of document-level citation
indicators that differ between two iterations (i.e.,
the number of positions where c

(1)
i,j ̸= c

(2)
i,j ).

Consensus on citations between M = 1 and
M = 2. The Jaccard Similarity reaches 0.8817,
indicating substantial overlap between the cited
document sets. This suggests that the model iden-
tifies the core document set required to entail the
summary in the first iteration (M = 1).

Minimal decision volatility between M = 1 and
M = 2. The Bit Flip Rate is low, with a global
flip rate of only 8.33% (i.e., fewer than 0.5 citation
changes per sample on average). This indicates that
M = 1 already yields a stable document-selection
policy.

Overall, when the citation set remains largely
unchanged, additional iterations provide limited
practical benefit. Therefore, for ASQA, we set
M = 1.

E Case Study

To better visualize the RAAC pipeline, we present
a detailed walkthrough using the question: ’When
did the last season of Jersey Shore air?’. As
shown in Figure 11, in the first round of collab-
oration between the TextAgent and the Citation-
Agent (M = 1), the LLM within the TextAgent
performs k rounds of role-based interaction, after
which the CitationAgent refines the citations. SC
then evaluates the output of this round and reports
a summary citationF1 score of 0 for the current
question, which does not exceed the threshold τ .
Therefore, we select the documents indicated by
citations [3] and [5] in the TextAgent-generated
summary, and optimize the documents for the next
round by constructing it from the corresponding
contents of [3] and [5]. After the second round of
TextAgent-CitationAgent collaboration (M = 2),
the citation f1 of the generated result doubles com-
pared to the previous round.

F Algorithm for our method

F.1 The algorithm of TextAgent

The detailed process of TextAgent is presented in
Algorithm 1.
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VANILLA Prompt

Instruction: Write an accurate, engaging, and concise summary for the given question using only the provided search
results and cite them properly using [1][2][3].
Question: {Question}
Document: {Document}
summary:

Table 9: Prompt for VANILLA.

SUMM Prompt

Step1:
Summarize the following document within 50 words with the question of interest {Question}
Return "irrelevant" if the document is “irrelevant” to the question. Try to keep all the important dates, numbers, and
names.
Title: {Title}
Text: {Text}
Notes: Your output should be a concise summary of the "Text" only.
Do not include any explanations, introductions, or formatting.
Avoid redundancy. Just return the summary content.
Summary:
Step2:
Instruction: Write a high-quality summary for the given question using only the provided search results and cite them
properly using [1][2][3].
Question: {Question}
Document: {Document}
summary:

Table 10: Prompt for SUMM.

F.2 The algorithm of SC
The detailed process of SC is presented in Algo-
rithm 2.
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SNIPPET Prompt

Step1:
Instruction: Given the following passage and the question {Question}, extract a useful span from the passage that can
summary the question.
Resolve all the coreference issues to make the extracted span understandable and standalone. If the passage is not
helpful for summarying the question, return "irrelevant". If there are multiple spans, merge them and only output one
paragraph.
Title: {Title}
Text: {Text}
Extracted span:
Step2:
Instruction: Write a high-quality summary for the given question using only the provided search results and cite them
properly using [1][2][3].
Question: {Question}
Document: {Document}
Notes: All sentences in the summary must be separated by a single space (do not use line breaks). Do not include
statements such as "in summary" or "analysis shows". Directly summary the question using only the provided information.
summary:

Table 11: Prompt for SNIPPET.

[5]:in a former firehouse in Jersey City, 
New Jersey, though Polizzi's pregnancy, 
which was confirmed during filming of 
the first season, led to a change in 
episode content and tone that ….

 [3]:8.56 million viewers, only to set 
another record with the airing of the 
fourth episode, which garnered 8.87 
million viewers. On January 25, 2011, it 
was confirmed ....

[5]:in a former firehouse in Jersey City, 
New Jersey, though Polizzi's pregnancy, 
which was confirmed during filming of 
the first season, led to a change in 
episode content and tone that ….

 [3]:8.56 million viewers, only to set 
another record with the airing of the 
fourth episode, which garnered 8.87 
million viewers. On January 25, 2011, it 
was confirmed ....

updated 
documents

[5]:in a former firehouse in Jersey City, 
New Jersey, though Polizzi's pregnancy, 
which was confirmed during filming of 
the first season, led to a change in 
episode content and tone that ….

 [3]:8.56 million viewers, only to set 
another record with the airing of the 
fourth episode, which garnered 8.87 
million viewers. On January 25, 2011, it 
was confirmed ....

updated 
documents

Question Q:
"When did the last season of jersey shore air?"

Answer1(temp):
The last season of Jersey Shore was the fourth season, which aired 
its finale on December 20, 2012 [3]. The fourth season of Snooki & 

Jwoww, a spin-off series, premiered on October 22, 2013      [5].

Question Q:
"When did the last season of jersey shore air?"

Document:paleolithic object 
which are considere 
dunambiguousl ….

 Document:fvarious types of 
stringed instruments, such as 
Ravanahatha ….

Document:paleolithic object which 
are considere dunambiguousl ….

 Document:fvarious types of 
stringed instruments, such as 
Ravanahatha ….

 [1]:Jersey Shore (TV series) Jersey 
Shore is an American reality television 
series that ran on MTV from December 

3, 2009 to December 20, 2012 ...
5个文档

Document:paleolithic object 
which are considere 
dunambiguousl ….

 Document:fvarious types of 
stringed instruments, such as 
Ravanahatha ….

Document:paleolithic object which 
are considere dunambiguousl ….

 Document:fvarious types of 
stringed instruments, such as 
Ravanahatha ….

 [1]:Jersey Shore (TV series) Jersey 
Shore is an American reality television 
series that ran on MTV from December 

3, 2009 to December 20, 2012 ...
5个文档

Question Q:
"When did the last season of jersey shore air?"

Document:paleolithic object 
which are considere 
dunambiguousl ….

 Document:fvarious types of 
stringed instruments, such as 
Ravanahatha ….

Document:paleolithic object which 
are considere dunambiguousl ….

 Document:fvarious types of 
stringed instruments, such as 
Ravanahatha ….

 [1]:Jersey Shore (TV series) Jersey 
Shore is an American reality television 
series that ran on MTV from December 

3, 2009 to December 20, 2012 ...
5个文档

M=1

SC detects that Answer1’s 

citation F1 is below the 

threshold.

Answer(final answer):
On August 4, 2011, the fourth season of Jersey 
Shore premiered [3]. The last season of Jersey 
Shore concluded on September 12, 2012.

M=2

TexaAgent And 

CitationAgent 

Collaborative Generation

TexaAgent And 

CitationAgent 

Collaborative Generation
              

Figure 11: A case study of RAAC on the question: ’When did the last season of Jersey Shoreair?’

Algorithm 1: TextAgent, Click here return to Section 2.2
Input: Question Q, Documents D, LLM L, Prompts Psg,Pse,Psr}, stop condition
Output: Final Summary

Summary1 ← LLM(Q ∥ D ∥ Psg) // Initial generation
fboutput1 ← LLM(Pse ∥ Q ∥ D ∥ Summary1) // Feedback stage
Store data in the DB pool: Summary1 + fboutput1 +D +Q
if stop(fboutput1 [Total Score] == 21) then

return Summary1
end
else

for iteration i ∈ 1, 2, . . . do
Summaryi+1 ← LLM(Summaryi ∥ Q ∥ D ∥ fboutputi ∥ Psr) // Refine stage
fboutputi+1

← LLM(Pse ∥ Q ∥ D ∥ Summaryi+1) // Feedback Stage

Store data in the DB pool: Summaryi+1 + fboutputi+1
+D +Q

if stop(fboutputi+1
[Total Score] == 21 or i+ 1 == k) then

break
end

end
end
return Summary with Max{fboutputi [Total Score]} from DB, i = 1 . . . k
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TextAgent Initial Generate Prompt

Instructions for summary Generation:
1. Your summary must be accurate and engaging.
2. The summary must correctly cite the reference materials: Indicate the source of the literature in the form of [id].
If a sentence cites multiple reference materials, the format should be [id1][id2].
If multiple documents support the same content, do not cite more than three. 3.Each sentence in your summary must cite
at least one reference, but no more than three.
4.You must not include any content that is not found in the documents.
5. Maintain an objective and neutral tone, similar to a news report or encyclopedia.
6.To enhance citation accuracy, prefer using original wording or near-verbatim phrasing from the referenced sources.
Question: {Question}
Reference Format:
Each reference is given in the format: [id]: Title<|>Text
"id" is the identifier of the reference.
"Title" is the title of the reference.
"Text" is the body content of the reference.
Documents: {Documents}
Notes:
1.When generating content, use the original information from the documents strictly without any personal elaboration or
summarization.
2.Each sentence in your summary must cite at least one reference, but no more than three.
3.Each citation must be in the format [id] or [id1][id2], placed at the end of the sentence before the period. Example:
"He scored 805 goals in official matches[5]."

Table 12: Prompt for TextAgent Initial Generate stage, Click here to return to Section 2.2.

TextAgent Feedback stage Prompt

You are an evaluation expert. Evaluate the summary according to the following criteria. For each criterion, give a score
from 1 to 3 points, and provide suggestions for improving the summary.
Evaluation Criteria:
Completeness: The generated summarys can fully address the input questions.
Objectivity: The summary should be composed of original sentences from the documents or sentences with the same
semantic meaning, ensuring strict adherence to the source content without paraphrasing or adding new interpretations.
Specificity: Avoid general expressions such as "This is important", "Many studies have shown", and "According to xxx",
etc.
Length The summary should have no fewer than 50 words.
Citation Recall: Each sentence should have 1–3 citations, and there should be factual consistency between the sentence
and its citation.
Citation Precision: When there are multiple cited sentences, check whether each citation is valid.
Output Format: Only return a JSON object that contains the score and explanation for each criterion, as well as a total
score (the sum of all individual scores). Return the result strictly in the format of the example below. Each evaluation
indicator must consist of the following structure:
{Example:}
{"Completeness":
{ "Score": xxxxx, "Suggestions": xxxx }, ..........
, "Total Score": XX }
Question: {Question}
Reference Format: Each reference is given in the format: [id]: Title<|>Text
"id" is the identifier of the reference.
"Title" is the title of the reference.
"Text" is the body content of the reference.
Documents: {Documents}
summary: {summary}

Table 13: Prompt for TextAgent Feedback stage, Click here to return to Section 2.2.
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TextAgent Refine stage Prompt

You are an AI assistant. Your goal is to revise responses that improve over time based on points and Modification
Suggestions. Each interaction may include:
A question; Reference materials for grounding; A summary; Feedback scores and suggestions for improvement
Given this information, you must revise the summary accordingly. Focus on the areas where the feedback indicates
weakness. Maintain factual consistency with the documents provided. Your output should be a high-quality, updated
version of the summary that better aligns with the feedback, while preserving strengths from the original.
Question: {Question}
Reference Format:
Each reference is given in the format: [id]: Title<|>Text
"id" is the identifier of the reference.
"Title" is the title of the reference.
"Text" is the body content of the reference.
Documents: {document}
Summary: {summary}
textbfscores and suggestions:
completeness: score: {score}, suggestion: {suggestion}
......
Output Format: Return a JSON format, outputting the summary that has been revised according to the feedback results.
Notes: 1. When adding documents, follow this rule: Each reference should be in the form of [id]. If citing multiple
documents, use [id1][id2][id3].
2. Please return the result strictly in the format of the output format example.
3.When generating content, use the original information from the documents strictly without any personal elaboration or
summarization.
4.Each sentence in your summary must cite at least one reference, but no more than three.
5.Each citation must be in the format [id] or [id1][id2], placed at the end of the sentence before the period.
Example: "He scored 805 goals in official matches [5]."
Output Format Example: {"revised": xxx}

Table 14: Prompt for TextAgent Refine stage, Click here to return to Section 2.2.

LLM AddCitation Prompt

Instructions: You will be provided with a sentence and several related documents.
Your task is to directly append citation annotations to the sentence using these documents without changing the sentence.
When citing documents, use [1][2][3].
Document: {Document}
Sentence: {Sentence}
Notes:
1.Do not explain your reasoning. Only output the sentence with citation, or the original sentence if no support is found.
2.Do not cite all supporting documents. Only include the smallest sufficient subset (1–3) needed to entail the sentence.
Output: Sentence with citation:

Table 15: Prompt for LLM AddCitation, Click here return to Section 2.3.
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Prompt of LLM as the evaluator

Role: Data Annotator
Instructions: You are provided with the following materials:
- Passage: passage
- Sentence: sentence
Task: Assess whether the passage fully supports the sentence.
Choices: 1. Fully Supports: Select this option if the passage completely and clearly supports every aspect of the sentence.
2. Does Not Fully Support: Select this option if any discrepancies, omissions, or inaccuracies in the passage prevent it
from fully supporting the sentence.
Output:
- If the passage fully supports the sentence, output "Yes."
- If it does not, output "No."
Note: Please refrain from adding any content not requested in the instructions.

Table 16: Prompt for LLM as the evaluator to evaluate citation metrics.

Prompt of LLM evaluate Sumary Content

You will be given one Generated Summary and one Gold Summary.
Your task is to rate the Generated Summary based on its sub-point coverage of the Gold Summary.
Please read and understand the following instructions carefully:
–Input:
Generated Summary: summary
Gold Summary: answer
–Evaluation Metric:
Sub-point Coverage (0-5)
–Evaluation Criteria:
This metric measures how many of the key sub-points from the Gold Summary are also present in the Generated
Summary.
5 (Full Coverage): The Generated Summary contains all key sub-points from the Gold Summary.
4.0-4.5 (High Coverage): The Generated Summary contains the vast majority of the key sub-points.
3.0-3.5 (Partial Coverage): The Generated Summary contains about half of the key sub-points.
2.0-2.5 (Low Coverage): The Generated Summary contains only a few of the key sub-points.
1.0-1.5 (Very Low Coverage): The Generated Summary contains almost no sub-points from the Gold Summary.
0 (No Coverage): The Generated Summary contains none of the sub-points from the Gold Summary.
– Evaluation Steps:
1. Read the Gold Summary carefully and internally break it down into a list of its core facts and sub-points.
2. Read the Generated Summary carefully.
3. Compare the Generated Summary against the list of sub-points from the Gold Summary.
4. Assess the percentage of sub-points from the Gold Summary that are covered by the Generated Summary.
5. Assign a score from 0 to 5 based on the coverage percentage, following the Evaluation Criteria.
–Output Format: You must output only a single numerical score (e.g., 4 or 4.5). Do not output your analysis, reasoning,
or any other text.

Table 17: Prompt for LLM as the evaluator to evaluate summary content.

27424



Method Correct.EM Rouge-Lsum Citation Rec. Citation Pre. Citation F1 FC1 M=1

FRONT 40.84 36.95 77.70 69.89 73.59 52.53 -

τ = 0.1 41.14 37.17 74.23 73.43 73.83 52.88 100
τ = 0.2 41.38 37.39 73.39 72.59 72.97 52.81 101
τ = 0.3 41.00 37.30 74.64 73.92 74.28 52.84 110
τ = 0.4 40.87 37.21 75.34 74.78 75.06 52.92 138
τ = 0.5 41.00 37.11 77.02 76.47 76.74 53.45 229
τ = 0.6 40.91 37.25 77.48 76.86 77.17 53.47 259
τ = 0.7 40.86 37.00 77.49 77.00 77.24 53.45 297
τ = 0.8 41.23 37.22 79.69 79.08 79.38 54.27 383
τ = 0.9 40.89 36.99 80.22 79.55 79.88 53.94 425

Table 18: Comparison of our method against FRONT across various metrics (Correctness, Rouge-Lsum, Citation
Recall, Citation Precision, Citation F1, FC1) under different values of τ . "M=1" denotes the number of samples
entering the SC stage in the ASQA dataset.

Algorithm 2: Summary Calibration for one sample, Click here return to Section 2.4
Require: Input from TextAgent, summary

m← 1
while m ≤M do

CitationF1← NLI(summary,D) // Compute F1
if CitationF1 ≥ τ then

return summary
end
else
D=Dadp ← regex(summary) // use regex match citation
summarynew ← [TextAgent+ CitationAgent](Q,D)
CitationF1new ← NLI(summarynew,D)
if CitationF1new > CitationF1 then

// control optimization direction
summarybetter ← summarynew

end
else

summarybetter ← summary
end
summary ← summarybetter

end
m← m+ 1

end
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