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Abstract

Attributed text generation aims to enhance the
reliability of content generated from large lan-
guage models by providing citations for each
claim, which thereby enables users to easily
verify the correctness of the responses. How-
ever, the scarcity of high-quality training sam-
ples presents a significant challenge in aligning
large language models to generate texts with
citations, revealing considerable room for im-
provement in existing attribution systems. Be-
sides, existing approaches of aligning large lan-
guage models to follow user instructions can
lead to an undue emphasis on irrelevant doc-
uments, which in turn reduces the quality of
responses. To address the above problems, we
propose Automatic Alignment Framework for
Attributed Text Generation (A3), a novel frame-
work designed to automatically generate high-
quality attributed query-response pairs for both
supervised fine-tuning and preference optimiza-
tion stages without human annotation. With the
help of A3, Mistral-7B can achieve a citation
recall of 84.4 and a precision of 87.0 precision
on ASQA, which notably surpasses GPT-4’s
citation recall of 73.0 and precision of 76.5. !

1 Introduction

Recently, due to the convenience of natural lan-
guage interaction, an increasing number of users
prefer to employ Large Language Models (LLMs)
for their information-seeking needs. However, de-
spite the abundant knowledge obtained during pre-
training, the outputs of LLMs can sometimes de-
viate from user instructions and contain halluci-
nations, significantly constraining their ability to
satisfy information-seeking needs (Zhang et al.,
2023b). Furthermore, due to the lack of clear at-
tributions, it is also difficult to check the correct-
ness of content generated from LLMs (Asai et al.,
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' Our dataset is accessible at https: //huggingface.co/
datasets/A3Data/A3-Wikigraph-QA-SFT.

2024b). Therefore, to better satisfy the information-
seeking needs, attributed text generation has re-
cently gained significant attention from both aca-
demics and industry, which aims to enhance the
reliability of generated content by providing cita-
tions for each claim (Li et al., 2023a).

Despite the significant importance of attributed
text generation, existing open-source attribution
systems exhibit considerable room for improve-
ment. In the era of LLMs, constructing an attri-
bution system typically involves a two-step pro-
cess (Gao et al., 2023b; Malaviya et al., 2023).
Firstly, an external retriever is used to get relevant
passages. Subsequently, these passages, along with
the user query, are incorporated into carefully de-
signed templates. Finally, these templates serve as
the input of LLMs and guide them to generate re-
sponses with proper citations. However, since exist-
ing LLMs are designed to follow user instructions,
this approach can lead to models generating content
based on irrelevant retrieved passages, thus under-
mining the quality of the attribution. Moreover,
even if provided with relevant passages, it is still
challenging to rely only on the task generalization
capabilities of LLMs to follow user instructions
and generate responses with correct citations that
align with the question (Gao et al., 2023b). Overall,
the lack of high-quality open-source data hinders
the development of attributed text generation.

The challenge of obtaining high-quality open-
source attributed text generation training data
stems from several reasons. Firstly, the high cost
of human annotation makes large-scale, human-
annotated datasets unaffordable, which results in
the necessity of automatic data generation. Be-
sides, while existing commercial attribution sys-
tems, such as Bing Chat 2 and perplexity.ai 3, have
achieved success, the open-source community can-

2https://www.bing.com/chat
3https://www.perplexity.ai/
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Document 1: William Somerset Maugham
(25 January 1874 — 16 December 1965)
was an English writer, ...... include The
Moon and Sixpence ......

Document 2: The Moon and Sixpence is
a novel by W. Somerset Maugham, first

published on 15 April 1919. ...... 15,1919. ...

Document 3:
(10 July 1879 — 25 July 1955)
was a leading British interior decorator......

...... Moon and Sixpence?

@ The Moon and Sixpence
was first published on April

was born on July

@ Maugham was born on
January 25, 1874, and his
representative work is 'The
Moon and Sixpence'

How old was Maugham

hen h lished Th
when he published The When The Moon

and Sixpence was
published,

was
years old... [1[2]

Maugham was about
45 years old when he
published "The Moon
and Sixpence"... [1][2].

Figure 1: An illustration of our A% framework, including two main processes: Data Construction and Model
Training. During the data construction process, we first introduce an (a) entity matching based document
clustering strategy to select multiple interrelated documents. Next, we proceed with (b) Q&A Pair Extraction &
Noisy Document Augmentation using the selected documents to generate Q&A pairs that serve as the SFT training
data. Following this step, (c¢) Automatic Dispreferred Response Construction involves using the responses
from (b) as preferred responses and altering these responses by removing, changing, or adding citations, or by
emphasizing irrelevant documents to construct dispreferred responses. During the model training process, we utilize
the constructed data to perform (I) Supervised Fine-tuning and (II) Preference Optimization.

not benefit from these commercial systems. Specif-
ically, since there is no open access to the API of
Bing Chat and it does not contain citations in the
responses from the API of Perplexity.Ai, we can
not use these commercial systems to generate at-
tributed query-response as training data. Besides,
due to the inability to obtain results of commer-
cial systems on academic benchmarks, we can not
directly compare our models with commercial sys-
tems like Bing Chat and Perplexity.Ai, which also
hinders the development of this task. Finally, de-
spite the strong general ability, the performance of
existing LLMs (e.g., GPT-4) is far from satisfac-
tory, which leads to poor results in directly using
existing LLMs to generate attributed text genera-
tion data (Kamalloo et al., 2023).

To tackle the aforementioned challenges, we
introduce a novel framework, the Automatic
Alignment Framework for Attributed Text Gen-
eration (A3), which leverages underperforming
attributed LLMs to automatically generate high-
quality attributed text generation data without the
need for human-annotated datasets. To achieve
this goal, the A framework breaks down the

difficult attributed text generation task into sim-
ple solvable ones, e.g., document clustering, text
summarization, text entailment, etc. Specifically,
the A3 framework comprises two main processes:
data construction and model training. During the
data construction process, we start by employing
both entity-matching method and embedding-based
method to cluster multiple documents on relevant
topics. Then, we utilize LLMs to construct Q&A
pairs based on these interrelated documents. To
reduce the effect of irrelevant documents, we intro-
duce a noisy document augmentation strategy for
constructing supervised fine-tuning data, alongside
four strategies to generate dispreferred responses
for the preference optimization stage. Finally, these
constructed data are utilized in the model training
process.

In conclusion, our work has the following con-
tributions:

» We introduce the 42 framework, which can
automatically generate high-quality training
samples for attributed text generation without
requiring human annotations;
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s Leveraging A3, the Mistral-7B model
achieves a citation recall of 84.4 and preci-
sion of 87.0 on ASQA, markedly outperform-
ing GPT-4, which achieves a citation recall of
73.0 and precision of 76.5;

e Our experimental results also demonstrate the
effectiveness of our proposed framework in
reducing the effects of noisy documents and
avoiding irrelevant citations.

2 Automatic Alignment Framework for
Attributed Text Generation

2.1 Attribute Text Generation Task Setup

In our work, the passages F; are sourced from
Wikipedia and retrieved by an external retriever
according to the query (Q;. Each passage p; con-
sists of one or more sentences and is 100 words in
length. Given a query (); and the corresponding re-
trieved passages P; = {p1,p2,...,Dn}, attributed
text generation aims to generate a response I?;
along with citations C; = {c1,c2,...,cn}. Each
citation within C} is an index of one of the retrieved
passages p;. We show an example pair in Table 1.

2.2 Overview of Our Framework

To construct an effective attribution system at a low
cost, we introduce the framework A3, which con-
sists of a data construction process and a model
training process. To achieve this goal, the A3
framework breaks down the complex task of at-
tributed text generation into simpler, more man-
ageable tasks, such as document clustering, text
summarization, and text entailment. An illustra-
tion of our framework is shown in Figure 1. In the
data construction process, we focus on generating a
training set Dy, .qin, = {d;} for attributed text gener-
ation, where d; represents (Q;, P;, R;, C;). Due to
the high cost of human annotation, our framework
aims to automatically generate D = {d;} based on
existing corpus Deorpus = {p1,p2,...,pn} (such
as Wikipedia), where N denotes the number of
passages in Deorpus. Specifically, during data con-
struction, we generate (Q;, R;, C;) based on the
P;. We introduce quite a few strategies to ensure
the generated data quality for the Supervised Fine-
Tuning (SFT) and Preference Optimization (PO)
stages. Next, we introduce the data construction
process of both the SFT and PO stages and the
model training process. In this work, both ‘cita-
tion’ and ‘evidence’ refer to source references sup-
porting claims in generated responses, while ‘doc-

ument’ and ‘passage’ both denote text segments
within the corpus.

2.3 Data Construction for Supervised
Fine-tuning

In the SFT stage, to generate an SFT training
sample d;, we first select interrelated documents
P; = {p1,p2,...,pn} from Deorpys With the use
of an entity matching based document cluster-
ing strategy, where n denotes the number of se-
lected documents. Then, we use LLMs to generate
(Qi, R;, C;) based on the selected P;. Finally, a
data filtering strategy and a noisy document aug-
mentation strategy are introduced to enhance the
SFT data quality.

2.3.1 Interrelated Document Selection

Interrelated document selection aims to gener-
ate coherent questions with multi-source citations,
rather than artificially combining unrelated pas-
sages. There are two alternatives for the inter-
related document selection. The first and sim-
pler one is that if the number of selected docu-
ments n = 1, we pick up one passage p; from
D orpus Tandomly. For the other one, we need
to select more than two documents from D corpus
for (Q;, P;, R;, C;) pair construction. This phe-
nomenon results from that the randomly selected
documents are not interrelated. Therefore, we intro-
duce an entity matching based document clustering
strategy to select interrelated documents. Specif-
ically, we use WikiGraphs (Wang et al., 2021)
as Dcorpus. WikiGraphs consists of lots of en-
tity edges Edge; = (entity,, entity,,r), which
represents entity, has relation r to entity,. Be-
sides, entity, and entity, links to P, and P, re-
spectively, where P, and P, represents Wikipedia
passages {p1,p2,- -, Pn}. Focusing on a specific
entity, we gather a set of Wikipedia passages linked
to entities that have a relationship r with our tar-
get entity. To further uncover interconnected para-
graphs within these passages, we seek out sections
that feature more than two entities as interrelated
documents P; = {p1,pa,...,pn}. Finally, based
on our data generation budget, we randomly se-
lected 31,823 entity triples from WikiGraphs.

2.3.2 Q&A Pair Extraction

After selecting interrelated documents P; =
{p1,p2,...,pn}, we use gpt-4-1106-preview to
generate attributed Q&A pair (Q;, R;, C;). If the
number of selected documents n = 1, recognizing
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Query:

When did the Battle of Rennell Island occur and why is it significant in the context of World
War II's Guadalcanal campaign?

Retrieved Passages:

Document [1] The Battle of Rennell Island took place on 29 — 30 January 1943 . ...
Document [2] ...it was the last major naval engagement between the United States Navy
and the Imperial Japanese Navy during the Guadalcanal campaign of World War II . ..
Document [3] ...

Document [4] = = Goalball = = Rzepecki is a goalball player, ...

Document [5] Aviva Premiership rugby union teams are based in London , ...

Preferred Response:

The Battle of Rennell Island occurred on 29-30 January 1943 and is significant because
it was the last major naval engagement between the United States Navy and the Imperial
Japanese Navy during the Guadalcanal campaign of World War II [1][2][3].

Dispreferred Response:

The Battle of Rennell Island occurred on 29-30 January 1943 and is significant because
it was the last major naval engagement between the United States Navy and the Imperial

Japanese Navy during the Guadalcanal campaign of World War 11 [1]],2’([3][5].

Table 1: A example of our generated dataset. In real-world scenarios, retrieval systems inevitably retrieve irrelevant
documents. Therefore, to simulate real-world scenarios and reduce the effect of irrelevant documents, we select
random passages as noisy retrieved passages, which are shown as Gray. Red represents wrong modifications caused

by our preference data construction strategies.

that generating a question for a given response is
more straightforward than answering a question,
we use LLMs to generate a summary for this doc-
ument p; and treat this summary as response ;.
Subsequently, we task the LLMs with generating
question (); based on R;. Afterward, we add the
citation ¢ linked with p; as C;. If the number of
selected documents n > 2, to improve the speed of
data construction, we generate multiple attributed
Q&A pairs based on P;. The model will output
multiple pairs of Q& A, and we extract them using
regular expressions. We show the prompt templates
in the appendix. Each triple corresponds to one doc-
ument cluster, with half of the clusters containing a
single document and the other half containing mul-
tiple documents. We generate one QA-pair for one
document cluster. Therefore, we initially extract a
total of 31,823 samples.

2.3.3 Data Filtering

To conduct data filtering, we remove generated sam-
ples with low citation quality. We choose the cita-
tion quality criterion introduced from ALCE (Gao
et al., 2023b) to evaluate the citation quality for
each generated sample (Q;, P;, R;,C;). Specifi-
cally, each response is divided into multiple state-
ments and the NLI model* is used to determine
whether each statement is fully supportive or not
fully supportive. Citation recall is a metric to eval-
uate whether the cited passages fully support the
content of the response, which is calculated by the
average support ratio of all the claims in the re-
sponse. Citation precision is employed to identify
irrelevant citations. A citation becomes irrelevant

‘We use https://huggingface.co/google/t5_xx1_
true_nli_mixture.

to a statement when it fails to substantiate the state-
ment, yet the remaining citations continue to sup-
port the statement without it. Citation precision is
calculated by the average relevant ratio of all the
citations in the response. Finally, we remove sam-
ples whose Citation F1 is below a threshold, which
is computed as follows:

o Citation Precision X Citation Recall
Citation F1 = 2 X

Citation Precision + Citation Recall

In implementation, we set filtering threshold as 0.9
for data filtering. Finally, after filtering, we keep
13,225 samples.

2.3.4 Noisy Document Augmentation

Due to the limitation of retrieval systems, the re-
trieved passages are difficult to avoid containing
some irrelevant information. To address the above
challenge, we introduce a noisy document aug-
mentation strategy. Specifically, we first select
some random documents from D yqpys as irrele-
vant documents and add them to the documents set
{p1,p2,...,pn} Then we shuffle the order of the
final documents set P; and change {c1, co, ..., cn}
to ensure they link with the correct passage.

2.3.5 Extending to Different Data Source

Given that the entity-based document clustering
method is restricted to data with structured infor-
mation, we also leverage data sources lacking struc-
tured information for data generation. This is to
showcase the flexible extensibility of our frame-
work. Specifically, we use the ArXiver dataset >
as data source. This dataset encompasses 63,357

5https://huggingface.co/datasets/real—jiakai/
arxiver-with-category
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arXiv papers published from January 2023 to Oc-
tober 2023. To obtain interrelated documents, we
utilize the gte-modernbert -base model © to com-
pute the relevance between each pair of documents
within the same category. If two documents ex-
hibit the highest mutual relevance, we retain this
pair. In the implementation process, to ensure that
an adequate number of relevant documents can be
identified for each category, we select categories
containing no fewer than 500 documents. In to-
tal, 34 such categories are identified. To guarantee
data diversity, we limit the retention to a maximum
of 200 category pairs per category. Ultimately, a
total of 5,171 pairs of interrelated documents are
obtained. Subsequently, due to the excessive length
of the documents, we use regular expressions to
extract crucial information from each document,
such as claims, conclusions, or theorems from the
papers. Then, we calculate the overlap and retain
the most overlapping strings from each pair of doc-
uments. During the Q&A Pair Extraction stage,
taking into account the balance between cost and
performance, we use Doubao-1.5-Pro-32k for data
generation, resulting in a total of 19,924 QA pairs.
In the data filtering stage, we utilize the #5-xx!/ -true-
nli-mixture model 7 and removes samples with a
citation F1 score below 0.9. Finally, 1,275 samples
are retained.

2.4 Data Construction for Preference
Optimization

In the PO stage, we use R; as the preferred re-
sponse and design four strategies to automatically
generate corresponding disprefered response D R;
with incorrect citations DC;:

* Random Citation Adding: To prevent LLMs
from including excessive incorrect citations,
we add some citations randomly to construct
a dispreferred response;

e Random Citation Removing: We remove
some golden citations to construct a dispre-
ferred response, which aims to avoid the miss
of key citations;

* Random Citation Changing: To avoid refer-
encing irrelevant documents, we substitute
some key citations with random ones as a dis-
preferred response;

6https://huggingface.co/Alibaba—NLP/

gte-modernbert-base

7https://huggingface.co/google/tS_xxl_true_
nli_mixture

* Irrelevant Document Focusing: To discour-
age LLMs from focusing on irrelevant doc-
uments, we first remove documents related
to responses and retain only irrelevant doc-
uments. Then, we use LLMs to answer the
given questions based on these irrelevant doc-
uments, employing these answers as dispre-
ferred responses.

3 Experiments

3.1 Backbone and Baselines

To confirm the generalization of our frame-
work, we select two families of LLMs as
backbone models: LLaMA2 (Touvron et al.,
2023),LLaMA3 (Grattafiori et al., 2024) and Mis-
tral (Jiang et al., 2023). For the LLaMA2 fam-
ily, we select two models with different sizes:
LLaMA2-7B and LLaMA2-13B. For the Mistral
family, we select Mistral-7B. We use ChatGPT
(gpt-3.5-turbo-0301) with a 4K context window for
most main experiments and ablations. We also re-
port results with ChatGPT-16K (gpt3.5-turbo-16k-
0613) and GPT-4 (gpt-4-0613;8K context window).
For open-source models, we evaluate LLaMA and
its chat versions. Besides, we also compare our
framework with Hagrid (Kamalloo et al., 2023),
Self-RAG (Asai et al., 2024a), and CalLM (Hsu
et al.,, 2024). Hagrid (Kamalloo et al., 2023)
is an SFT dataset for attributed text generation,
which consists of 3,214 samples; Self-RAG (Asai
et al., 2024a) aims to make LLMs decide whether
need to retrieve documents through self-reflection;
CalLM (Hsu et al., 2024) empowers smaller LMs
to validate the output of larger LMs.

3.2 Benchmark

To fully confirm the effectiveness, we evaluate
our proposed framework and all the baselines
on one short-form QA dataset PopQA (Mallen
et al., 2023), two long-form QA datasets ALCE-
ASQA and ALCE-ELIS (Gao et al., 2023b), and
FanOutQA (Zhu et al., 2024). POPQA is con-
structed from Wikidata knowledge triples span-
ning 16 relationship types, converted into natural-
language questions using manually annotated tem-
plates to ensure entity-centric factual coverage.
ASQA and ELI5 are long-form, open-ended QA
datasets. ASQA is built upon the AMBIGQA
dataset (Min et al., 2020), and augments questions
with crowdsourced long-form answers that syn-
thesize multiple valid short answers into coherent
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ASQA ELI5 PopQA FanOutQA

Method Num Correct Citation Correct Citation Correct Correct

EM Rec. Rec. Prec. Claim Rec. Prec. Acc. Loose.
LLaMA3.1-8B (Dubey et al., 2024) - 27.2 2.4 4.1 7.7 2.5 53 17.3 19.8
LLaMA3.1-8B-Hagrid (Kamalloo et al., 2023) | 3,214 28.6 49.7 503 6.9 17.6  19.3 30.9 21.7
LLaMA3.1-8B-A3-SFT-Wiki 13,225 31.3 80.0 79.8 7.6 40.4  40.2 35.8 342
LLaMA3.1-8B-A3-PO-Wiki 13,225 32.5 82.7 832 7.4 488 51.8 50.0 39.0
LLaMA3.1-8B-A3-SFT-Wiki&arXiv 14,500 32.0 81.5 80.6 7.9 42.8 41.0 37.1 33.1
LLaMA3.1-8B-A3-PO-Wiki&arXiv 14,500 329 84.1 839 7.6 50.3 529 49.8 40.3
LLaMA2-70B-Chat (Touvron et al., 2023) - 41.5 629 61.3 12.8 383 379 - 514
GPT-3.5-Turbo (OpenAl, 2023b) - 40.4 73.6 725 12.0 51.1  50.0 - 42.5
GPT-4 (OpenAl, 2023a) - 41.3 73.0 76.5 14.2 48.5 534 - 38.2
GPT-40 (OpenAl, 2024) - 423 68.5 75.6 - - - - -
GPT-3.5-Turbo-CaLM (Hsu et al., 2024) - 45.0 78.0 72.6 12.9 519 46.6 - -

Table 2: The performance of all the baseline and our proposed framework on ASQA, ELIS5, and PopQA. Bold
indicates the best performance. EM, Rec., Prec. and Acc. denote Exact Match, Recall, Precision, and Accuracy.
For FanOutQA, we conducted experiments under the setting of the evidence provided and context limited. Loose.
denotes loose accuracy. Wiki denotes we only use Wikipedia as data source, while Wiki&arXiv means we use both
Wikipedia and arXiv as data source. Num. denotes the number of training samples.

summaries; ELI5 is derived from the Reddit fo- Filtering | Nai N c tASQ‘é.t i
. . y . i . 1teri OIS, um. orrec 1ation
rum ‘Explain Like I'm Five’. FanOutQA is con- & Y EM Rec. Rec. Prec.

structed using 1,034 high-quality, human-authored

TS5 Random | 14,500 30.9 81.7 80.0

questions and 7,305 sub-question decompositions TS Cat. | 14,500 320  8L5 806

ted by und duate and eraduate students i TS | Sub-Cat. | 14,500 | 301 772 765
created by undergraduate and graduate students in BERT | Rendom | 14790 | 307 805 802
AI/NLP courses at the University of Pennsylva- BERT Cat. | 14,790 | 313  81.0 809
nia, with answers anchored to 4,121 distinct En- BERT | Sub-Cat. | 14790 | 30.5 784 77.6

glish Wikipedia articles. Given that our data is
sourced from Wikipedia passages, and ELI5 data
is collected from Reddit, the performance of the
ELI5 model can alleviate concerns regarding per-
formance improvements potentially stemming from
data contamination. Additionally, we incorporate
arXiv as a data source, which also contributes to
performance enhancements and addresses this con-
cern. We further carry out a comprehensive anal-
ysis by computing the BLEU scores between all
questions in our training set and those in the ASQA
and PopQA datasets. The findings reveal that no
question pair had a BLEU score surpassing 0.9.
This suggests that there is no substantial textual
overlap between the datasets, thus effectively re-
ducing the risk of data contamination.

3.3 Main Results

In Table 2, we report the results of our frame-
work and all the baselines. With the help of our
framework, the open-source backbone models can
achieve strong citation performance, which can
outperform powerful closed-sourced models signif-
icantly. Besides, our framework can bring signifi-
cant improvements to all the backbone models on
all three datasets, which fully shows the generaliza-
tion of A3, The ablation study of the SFT and PO
stages also shows the effectiveness of our strate-

Table 3: The performance of different data filtering and
noisy document augmentation strategies on ASQA. The
backbone model is LLaMA3.1-8B and the data source
is both Wikipedia and arXiv. TS denotes we use t5-
xxl-true-nli-mixture model to filter data, while BERT
denotes ModernBERT-base-nli. Random denotes we
use documents from different arXiv categories as noisy
documents. Cat. denote we use use documents with the
same arXiv category as noisy documents, while Sub-
Cat. denote we use use documents with the same arXiv
sub-category as noisy documents.

gies for each stage. PO stages can bring significant
improvements in the caution quality. Depite the
strong citation performance, the correctness of our
framework is below powerful closed-sourced mod-
els. We think this phenomenon may result from the
limitation of the model size. Furthermore, it can be
observed that integrating data from diverse sources
leads to enhanced performance. This effectively
validates the generalizability of our framework. We
report the performance of different backbone mod-
els in the appendix.

3.4 The Effect of Data Filtering and Noisy
Document Augmentation Strategies

To analyze our framework further, we also study
the effect of data filtering and noisy document aug-
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Figure 2: The effect of the filtering threshold in the SFT
stage. We use Citation F1 score as filtering threshold and
report the performance on ASQA when using LLaMA2-
7B as backbone models.
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Figure 3: The effect of the data number in the SFT
stage. We report the performance on ASQA when using
LLaMAZ2-7B as backbone models.

mentation strategies. From the results in Figure 2,
we can find that only a high filtering threshold can
bring benefits, which shows that data quality is
more important than data number.

3.5 Data Filtering & Number Analysis

We report the results when generating different
numbers of data in Figure 3 and 4. With the same
filtering threshold, the performance is improved
with the increasing of the SFT data, which is shown
in Figure 3. When the SFT data number is more
than 5,000, the improvements are not significant.
In Figure 4, we can find that when the DPO data
number is less than 9,000, there is a clear linear
relationship, namely, as the DPO data increases,

85

80

75

‘O Citation Recall
L} Citation Precision
- Without DPO Citation Recall
Without DPO Citation Precision

70

65

1k 3k S5k 7k 9k 11k 13k

Number of Generated Samples

Figure 4: The effect of the data number in the PO
stage. We report the performance on ASQA when using
LLaMA2-7B as backbone models.

performance improves, which fully confirms the ef-
fectiveness of our proposed framework. When the
DPO data number is more than 9,000, the improve-
ments are not significant. In Figure 3, we evaluate
the performance of different data filtering models
and noisy documents strategies. Specifically, we
compare the performance of ¢t5-xxI-true-nli-mixture
8 and ModernBERT-base-nli °. We can observe
that ModernBERT-base-nli may keep more samples
while decreasing the performance. Therefore, we
finally use t5-xxl-true-nli-mixture to filter data. We
also find using the documents with same category
and different sub-categories as noisy document can
achieve the best performance. If noisy documents
are too relevant, the performance may decrease.

3.6 Human Evaluation

We conduct a human evaluation on 100 randomly
selected samples from our dataset. Following Self-
RAG (Asai et al., 2024a), we evaluate from two di-
mensions: relevance (the output’s appropriateness
and topic alignment with the question) and sup-
portiveness (the sufficiency of provided evidence
for answer validation). We recruited three under-
graduate students as annotators. We calculated the
inter-annotator agreement using Spearman’s corre-
lation coefficient, which resulted in a value of 0.72.
The results show that 84% of the samples were
classified as relevant and 78% as supportive. These
results confirm the high quality of our dataset. We

8https://huggingface.co/google/tS_xxl_true_
nli_mixture

9https://huggingface.co/tasksource/
ModernBERT-base-nli
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Input:
properly using [1][2][3].

Write a high-quality answer for the given question using only the provided search results and cite them

Question: Who wrote the song i’m not going to miss you?

Document [1](Title: I'm Not Gonna Miss You): part of the soundtrack for "" which premiered on October
24,2014. I’'m Not Gonna Miss You "I’'m Not Gonna Miss You" is a song recorded by ...

Document [2](Title: I'm Not Gonna Miss You): I’'m Not Gonna Miss You "I’m Not Gonna Miss You" is a
song recorded by American country music artist Glen Campbell and The Wrecking Crew. ..

Document [3](Title: Don’t Miss You (Ricki-Lee Coulter song)): Don’t Miss You (Ricki-Lee Coulter song)
"Don’t Miss You" is a song performed by Australian singer-songwriter, Ricki-Lee Coulter. . .

Document [4](Title: I'm Not Gonna Miss You): Grammy Award for Best Country Song. "I’'m Not Gonna
Miss You" was initiated by Julian Raymond who pitched an idea of recording the song to James Keach. ..
Document [5](Title: Don’t Miss You (Ricki-Lee Coulter song)): physical release of "Don’t Miss You",
Coulter held instore appearances at Westfield Shopping Centres in Victoria, New South Wales. ..

Answer:
Output

The song "I'm Not Gonna Miss You" was co-written by Glen Campbell and producer Julian Raymond [1][2].

Table 4: A example of responses generated by LLaMA2-7B-A3-PO on the ASQA dataset.

conduct the human evaluation with three annotators.
We calculate the inter-annotator agreement using
Spearman’s correlation coefficient, which results
in a value of 0.72.

3.7 Case Study

In Table 4, we show results predicted by LLaMA2-
7B-A3-PO on the ASQA dataset. We can observe
that the response is fluent, relevant to the question,
and contains proper citations. Besides, through
our error analysis,we identify two primary types of
issues: failure to utilize information from multiple
documents and retrieval of unrelated documents.
Specifically, for the former, the model sometimes
struggles to integrate information from multiple
documents to generate accurate answers. Instead,
it occasionally copies irrelevant sentences from a
single document, which affects the overall quality
of the response. Regarding the latter, some errors
are due to the retrieval of documents that are not
relevant to the question.

4 Related Work

LLM Alignment Existing LLM alignment
works mainly consist of two methods: super-
vised instruction tuning and reinforcement learn-
ing. Supervised instruction tuning leverages col-
lected supervised instruction datasets to train foun-
dation models to deal with diverse instructions.
Early instruction datasets are collected from large-
scale existing NLP task datasets and transformed
into instruction formats with manual written tem-
plates (Wei et al., 2021). In order to align with
human requirements in realistic scenarios, recent
works focus on collecting instruction data from re-
alistic scenarios (Ouyang et al., 2022; Databricks,
2023; Kopf et al., 2023; Zhang et al., 2023a; Chi-

ang et al.,, 2023). The reinforcement learning
method improves the response quality with the pref-
erence signals. InstructGPT (Ouyang et al., 2022)
introduce a Proximal Policy Optimization (PPO)
framework, which can help LLMs learn from hu-
man preference signals. There is a line of sub-
sequent work focused on improving the effec-
tiveness and efficiency of this framework, e.g.,
RAFT (Dong et al., 2023), DPO (Rafailov et al.,
2023), PRO (Song et al., 2023), COH (Liu et al.,
2023) and RRHF (Yuan et al., 2023).

Attributed LLM Recently, retrieval-augmented
models have shown great potential. By utilizing
retrieved passages to prompt models, they can en-
hance the correctness of the outputs, which have
been applied to various downstream tasks. To fur-
ther improve correctness and help users more easily
verify the outputs, recent works focus on building
attributed LLLM, which generates text with cita-
tions. Due to the abundant knowledge obtained dur-
ing the pre-training stage, there is a line of works
that focus on exploring the potential of LLMs to
generate citation directly (Weller et al., 2023; Xu
et al., 2023; Asai et al., 2024a). To test the perfor-
mance of attributed text generation, recent works
build specific datasets for attribution. Specifically,
CiteBench (Funkquist et al., 2022) focus on text
summarization; ALCE (Gao et al., 2023b) is a com-
prehensive benchmark to evaluate the attribution
ability of existing LLMs, which do not contain train
data; HAGRID (Kamalloo et al., 2023) utilize pow-
erful LLMs (GPT-3.5-turbo) to generate texts with
citations. BioKaLMA (Li et al., 2023b) and Ex-
pertQA (Malaviya et al., 2023) are specific-domain
datasets for attribution. Besides, rather than gen-
erating citations directly, there is also a line of
works (Gao et al., 2023a; Huo et al., 2023; Chen
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et al., 2023; Hsu et al., 2024) perform retrieving
and finding supportive passages to add citations af-
ter generating outputs. Recent works utilize reward
modeling (Huang et al., 2024), test-time adapta-
tion (Ye et al., 2024), or preference learning (Li
et al., 2024) to improve the performance.

5 Conclusion

In this paper, we introduce the A3 framework,
which aims to leverage underperforming attributed
LLMs to generate high-quality attributed query-
response pairs for both SFT and PO stages, elimi-
nating the requirement for human-annotated sam-
ples. Comprehensive experiments demonstrate our
method’s effectiveness in improving citation qual-
ity and reducing the effect of irrelevant documents.
Despite the effectiveness of A3, there remains a gap
in fully meeting the needs of information-seeking
tasks in realistic scenarios. With our framework,
we hope more breakthroughs can be made to pro-
mote the development of this task. For instance,
integrating it with the promising Reinforcement
Learning with Verifiable Rewards (RLVR) meth-
ods holds great potential.

Limitations

Although our instruction framework can generate
high-quality attributed text generation data, it still
has the following limitations:

* Even though we generate data with the use
of the existing corpus to ensure the faithful-
ness of outputs, due to the characteristic of the
used backbone LLMs and the potential social
bias in the corpus, it may still have the hal-
lucination and bias problem. Therefore, the
generated and data and the outputs of trained
models may contain misleading and toxic in-
formation, which needs to be addressed before
being applied to realistic scenario;

* Although we conduct experiments on widely
used attributed text generation benchmarks,
the language of all these benchmarks is En-
glish, which has limited morphology. The
effectiveness of our proposed method on lan-
guage with varied morphology needs to be
further confirmed.

¢ We have confirmed the effectiveness of our
framework on multiple backbone LLMs,
including LLaMA2-7B, LLaMA2-13B,

LLaMA3.1-8B and LLaMA3.1-8B. However,
the effectiveness on other backbone LLMs
still need to be tested.

* In our framework, we mainly use GPT-3.5-
Turbo and GPT-4 to generate data, which can
be expanded to include other closed-source
or open-source LLMs, such as Claude and
LLaMA3.1-Instruct.
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A Model Training

A.1 Supervised Fine-tuning Stage

We recognize each sample as follows:

Instruction: Write a high-quality answer for
the given question using only the provided
search results and cite them properly using

[1]12][3].
Question: {Q;}
Document(j]:{p;}

Output:{R;C;}

We only compute cross-entropy loss on output to
train the SFT modelM g .

A.2 Preference Optimization Stage

In the PO stage, we use Direct Preference Optimiza-
tion (DPO) (Rafailov et al., 2023) loss function. We
use the prompt template the same as the one used
in the SFT stage. Formally, we use £Lppo to train
the DPO model Mppo:

Loro— E {]ogg (a Mppo(RiCi|QiP) ((]LIDPO(D&DCJQLR))}
Mspr(RiCilQ:P) ~  Mspr(DR:DC,|I)
where o represents the logistic function, « is a

hyper-parameter.

B Implementation Details

B.1 Training Details

We implement all models with the open-source
toolkit Transformers '°. In the SFT stage, we fol-
low Alpaca (Taori et al., 2023) use AdamW opti-
mizer and set the learning rate to 1e-5, batch size
to 32, learning rate warmup ratio to 0.03, input
length to 2,048 and perform training for 3 epochs.
We update all parameters during the fine-tuning
stage. Our DPO implementation is based on the
Alignment-Handbook '!. In the DPO stage, we set
the learning rate to Se-7, batch size to 16, learning
rate warmup ratio to 0.1, input length to 2,048, and
perform training for 1 epoch. All the fine-tuning
experiments are performed with 80GB NVIDIA
A100 GPUs.

B.2 Inference Details

During the model inference state, we use the
prompt template the same as the one used in the

Ohttps://github.com/huggingface/transformers
11https://github.com/huggingface/
alignment-handbook

SFT stage. We use the same retriever and docu-
ments with Top-5 scores for our method and all
the baselines. Specifically, following ALCE (Gao
et al., 2023b) and Self-RAG (Asai et al., 2024a),
we use GTR (Ni et al., 2022) for ASQA, BM25 for
ELI5 and Contriever-MS MARCO (Izacard et al.,
2022) for PopQA. We set the temperature to 1 and
the Top-P value to 0.95, then sample one response
for each query.

C Prompt Template

In Q&A Pair Extraction,we generate R; based on
P; using the following prompt template:

I will give a reference paragraph. Please
summarize this paragraph briefly.

Reference:{P;}

Summary:

We generate (); based on R; using the following
prompt template:

I will give an answer.
question for this answer.

Please design a

Answer:{R;}

Question:

We generate multiple attributed Q&A pairs
based on P; with the use of following prompt tem-
plate:

I will give some reference paragraphs.
Please design some question-answer pairs
based on these paragraphs. Each question
starts with Q: and each answer starts with A..
You should consider the interconnectedness
of content across multiple paragraphs and
Jformulate questions that draw connections
between the information presented in those
paragraphs. Also, mention the reference
of parts of your answer based on the given
paragraphs within brackets [] as in the IEEE
format.

Reference:{P;}

D The Performance on Different
Backbone Models

In Table 5, we show the performance of our frame-
work on different backbone models. The significant
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ASQA ELIS PopQA

Method Correct Citation Correct Citation Correct

EM Rec. Rec. Prec. | Claim Rec. Prec. Acc.
LLaMAZ2-7B (Touvron et al., 2023) 12.4 1.3 2.7 2.4 0.8 0.9 459
LLaMAZ2-7B-Hagrid (Kamalloo et al., 2023) 28.5 48.8 542 9.7 18.8  30.2 40.7
LLaMA2-7B-A3-SFT (Ours) 31.3 73.6 714 9.4 33.6 339 49.5
LLaMA2-7B-A3-PO (Ours) 33.2 80.7 76.1 8.6 447  46.3 52.1
LLaMA2-13B (Touvron et al., 2023) 26.9 106 154 39 3.1 53 21.9
LLaMAZ2-13B-Vicuna (Chiang et al., 2023) 31.9 51.1 50.1 10.0 156 19.6 -
LLaMAZ2-13B-Chat (Touvron et al., 2023) 35.2 384 394 13.4 173 15.8 -
LLaMAZ2-13B-Hagrid (Kamalloo et al., 2023) 28.7 46.5 47.0 7.9 148 174 27.6
LLaMA2-13B-Self-RAG (Asai et al., 2024a) 31.7 703 713 10.7 20.8 225 -
LLaMA2-13B-A3-SFT (Ours) 315 79.9 79.6 9.1 41.6 41.3 45.7
LLaMA2-13B-A3-PO (Ours) 31.7 823 825 8.9 42.0 423 47.1
Mistral-7B (Jiang et al., 2023) 13.3 0.7 1.7 3.8 1.4 2.7 42.3
Mistral-7B-Hagrid (Kamalloo et al., 2023) 15.2 36.1 40.1 54 202  28.2 43.7
Mistral-7B-.A3-SFT (Ours) 314 76.8 756 8.6 376 369 47.2
Mistral-7B-.43-PO (Ours) 31.7 844 87.0 6.0 60.7 68.9 52.8
LLaMA2-70B-Chat (Touvron et al., 2023) 41.5 629 613 12.8 38.3 379 -
GPT-3.5-Turbo (OpenAl, 2023b) 40.4 73.6 725 12.0 51.1 50.0 -
GPT-4 (OpenAl, 2023a) 41.3 73.0 765 14.2 48.5 534 -
GPT-3.5-Turbo-CalLM (Hsu et al., 2024) 45.0 780 726 12.9 519 46.6 -

Table 5: The performance of all the baseline and our proposed framework on ASQA, ELI5, and PopQA. Bold
indicates the best performance. EM, Rec., Prec. and Acc. denote Exact Match, Recall, Precision, and Accuracy.

. Correct Citation
Document Selection Whether QG DG Model EM Rec. Rec. Prec.
Query Based X gpt-3.5-turbo-0301 287 465 470
Query Based X gpt-4-1106-preview | 299  62.6 552
Query Based v gpt-4-1106-preview 30.8 73.0 519
Entity Based v gpt-4-1106-preview 31.3 73.2 727

Table 6: The effect of different document selection and data generation strategies. Bold indicates the best
performance. Whether QG represents whether we generate questions based on the selected documents. DG Model

denotes the LLM we used to generate data.

improvements across different backbone models
shows the generalizability of our framework.

E The Effect of Document Selection
Strategy

In our preliminary experiments, we find that select-
ing multiple documents randomly as F; to generate
(Qi, R;, C;) causes the generated response to usu-
ally have only one citation. We speculate this phe-
nomenon results from the selected documents that
are not interrelated. Therefore, in this experiment,
we study the effect of different document selec-
tion strategies. We compare the entity matching
based document clustering strategy with the query
based document clustering strategy. Specifically,
we utilize a retriever to get multiple passages re-
lated to one query and treat these retrieved passages

as selected passages. We collect these queries and
retrieved passages from MIRACL (Zhang et al.,
2022). For the query based document clustering
strategy, since we have achieved queries, we also
compare the performance whether using this query
as @); or generating (; as the entity matching based
document clustering strategy. The results in Table 6
confirm the effectiveness of our proposed entity
matching based document clustering strategy. Be-
sides, we can find that the data generation model
has a significant effect on the performance.

F Irrelevant Citation Analysis

We also find that significant contribution of these
two strategies to avoiding unnecessary, irrelevant
citations. As shown in Figure 5, the noisy docu-
ment augmentation and data filtering can reduce
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Figure 5: The irrelevant citation percentage when us-
ing Data Filtering and Noisy Document Augmentation
strategies. We report the performance on ASQA when
using LLaMA2-7B as backbone models.

the percentage of irrelevant citations.
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