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Abstract

Previous studies disclose that Large Language Models
(LLMs) suffer from hallucinations when generating texts,
bringing a novel and challenging research topic to the pub-
lic, which centers on enabling LLMs to generate texts with
citations. Existing work exposes two limitations when us-
ing LLMs to generate answers to questions with provided
documents: unsatisfactory answer correctness and poor cita-
tion quality. To tackle the above issues, we investigate us-
ing Chain-of-Thought (CoT) to elicit LLMs’ ability to syn-
thesize correct answers from multiple documents, as well as
properly cite these documents. Moreover, we propose a Ci-
tation Insurance Mechanism, which enables LLMs to detect
and cite those missing citations. We conduct experiments on
the ALCE benchmark with six open-source LLMs. Experi-
mental results demonstrate that: (1) the CoT prompting strat-
egy significantly improves the quality of text generation with
citations; (2) the Citation Insurance Mechanism delivers im-
pressive gains in citation quality at a low cost; (3) our best ap-
proach performs comparably as previous best ChatGPT-based
baselines. Extensive analyses further validate the effective-
ness of the proposed approach.

Introduction

Large Language Models (LLMs) have gained extensive re-
search attention due to their powerful capability to under-
stand human instructions and generate responses accord-
ingly (Zhao et al. 2023). However, these responses may
be unreliable since LLMs suffer from hallucinations, which
puts forward demands to authenticate their factuality. Aimed
at this issue, the research topic of enabling LLMs to gener-
ate texts with citations is brought to the public (Gao et al.
2023). It is easy for a human being to verify the factuality of
LLMs’ generations by checking their citations.

The majority of existing studies focus on adding citations
to LLMs’ generations in the scenarios of commercial search
engines, e.g., Bing Chat!, and they use closed-source LLMs
like ChatGPT? and GPT-4 (OpenAl 2023). Unfortunately, it
is hard to automatically evaluate the generation correctness
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Question
© | O: When did the US break away from England?

Retrieved Documents

[1] Decolonization of [2] Decolonization: ... [3] American Revo-
Fhe Americas: ... It was officially adopted Iutipn: The Treaty of
independence from GB by Congress on July 4, Paris was signed
Corpus |0nJuly2,1776 ... 1776 ... September 3, 1783 ...
— Case #1 — Case #2
The US took the first ste The US took the first step towards gaining
towards gainin P independence from GB when it declared
inde endgence ?rom GB when independence on July 2, 1776 (although
= it deglared independence on the event is now commemorated on July
= July 2, 1776 [1 ]pThe Treat 4, 1776, the date when the Declaration of
) of \F/’ar'is was later signed ony Independence was officially adopted by
LLm g Congress) [ 1] [2]. The Treaty of Paris
September 3, 1783, formally .
separating the United States ||VaS later signed on September 3, 1783,
P g th P formally separating the United States
from the British Empire [ 3 o "
~ " |/from the British Empire.

— Gold Answer
The US took the first step towards gaining independence from GB when
it declared independence on July 2, 1776 (although the event is now
commemorated on July 4, 1776, the date when the Declaration of
Independence was officially adopted by Congress) [ 1] [2]. The Treaty
of Paris was later signed on September 3, 1783, formally separating the
United States from the British Empire [3].

Figure 1: Case studies of LLMs’ outputs. We re-use the
ALCE example (Gao et al. 2023). Case #1 shows that the
LLM fails to consider the document [2] in its generated
answer. Case #2 exhibits that the LLM misses citing the doc-
ument [3].

and the citation quality in these scenarios, which instead
calls for low-efficiency and high-cost human evaluations
(Liu, Zhang, and Liang 2023). Motivated by the above fact,
Gao et al. (2023) propose the first reproducible benchmark,
ALCE, to automatically evaluate LLMs’ generations with
citations. ALCE consists of three datasets and defines three
automatic evaluation metrics, i.e., Fluency, Correctness, and
Citation Quality. Unlike those search engine-based studies,
ALCE assumes natural-language questions paired with rel-
evant retrieval corpora, which necessitates comprehensive
systems to generate answers to questions using retrieved
documents, as well as properly cite these documents. A se-
ries of LLMs, e.g., ChatGPT, LLaMA (Touvron et al. 2023),
Vicuna (Chiang et al. 2023), and Oasst (Kopf et al. 2023),
have shown their exceptional abilities on ALCE. However,
they still expose several limitations. One of the primary lim-
itations lies in that they struggle to synthesize multiple doc-
uments in context and properly cite them (Gao et al. 2023),
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which in turn leads to unsatisfactory answer correctness and
poor citation quality. We report two case studies in Figure 1.

We claim that the lack of generation process instruction is
one cause of the unsatisfactory answer correctness and poor
citation quality. Existing studies directly instruct LLMs to
generate answers without providing them with the genera-
tion process like the Human Thought Process. For the ALCE
benchmark, given a question and its retrieved documents, the
Human Thought Process can be briefly formalized as (1) un-
derstand the question and the documents, and then find out
relevant documents that can answer the question’; (2) for
each relevant document, generate a statement accordingly to
answer the question from some aspects and properly cite the
document; (3) merge, rank, and concatenate these generated
statements to obtain the final answer.

Intending to improve answer correctness and citation
quality, we explore using Chain-of-Thought (CoT) (Wei
et al. 2022; Wang et al. 2023b) prompting to boost LLMs’
abilities in generating answers to questions with citations. To
be specific, we propose CoT prompting strategies, achieved
by instructing LLMs to mimic the Human Thought Process
when generating answers. Moreover, we find that whether
CoT prompts are employed or not, LLMs, including Chat-
GPT and GPT-4, are still prone to not cite any document
in their generations, harming the citation quality. To tackle
this issue, we propose Citation Insurance Mechanism (CIM)
to detect those statements without any citation and add ci-
tations to them. We explore two different CIM implementa-
tions, i.e., LLM-based CIM and IR-based CIM®*.

We evaluate our approach on six open-source LLMs with
parameter scales ranging from 13 billion to 70 billion. For
each LLM, we explore using CoT to enhance four prompt
strategies. Experimental results on the ALCE benchmark
demonstrate that: (1) the CoT prompting strategy signifi-
cantly boosts the quality of text generation with citations,
establishing strong and reproducible baselines for future
study; (2) the proposed CIM improves citation quality at
a low cost; (3) our approach based on LLaMA-2-70B-
Chat achieves comparable performance as previous state-of-
the-art ChatGPT-based baselines. Quantitative and qualita-
tive analyses further validate the effectiveness of the CoT
prompting strategy and the CIM. The main contributions are
summarized as follows:

(1) By mimicking human behaviour, we make the first at-
tempt to guide LLMs to generate texts with citations us-
ing Chain-of-Thought prompting strategies.

(2) We propose an efficient and low-cost Citation Insurance
Mechanism to guarantee promising citation quality.

(3) Our approach establishes strong and reproducible base-
lines for future study.

Related Work

Text Generation with Citations. It is a new paradigm
brought by the development of LLMs. Previous studies

3Some of the retrieved documents may be irrelevant to the
question (Gao et al. 2023).
“IR is short for “Information Retrieval”.
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mainly focus on practical applications of LLM-enhanced
commercial systems. For instance, Bing Chat> and perplex-
ity.ai® respond to user questions in natural language with ref-
erences to Web pages. However, it is hard to automatically
evaluate the quality of these generations. To facilitate the
automatic evaluation of text generation with citations, Gao
et al. (2023) propose ALCE, the first reproducible bench-
mark for automatically evaluating LLMs’ generation with
citations. ALCE collects three datasets, i.e., ASQA (Stel-
makh et al. 2022), QAMPARI (Rubin et al. 2022), and ELI5
(Fan et al. 2019), and provides multiple baselines built upon
closed- and open-source LLMs.

Chain-of-Thought (CoT). CoT prompting (an instruction
or a few CoT demonstrations) is a gradient-free technique
of eliciting a coherent series of intermediate reasoning steps
for each query from LLMs. Investigations on various LLMs,
such as GPT (Brown et al. 2020; Ouyang et al. 2022; Ope-
nAl 2023) and PaLM (Chowdhery et al. 2022; Anil et al.
2023) series models, demonstrate that CoT prompting en-
hances performance across a range of arithmetic, common-
sense, and symbolic reasoning tasks (Wu, Zhang, and Huang
2023; Chen et al. 2023b; Wang et al. 2023a).

Wei et al. (2022) initially propose the few-shot CoT,
which requires the manual design of a few demonstrations
to facilitate the generation of reasoning paths. In contrast,
Kojima et al. (2022) propose the zero-shot CoT, which em-
ploys a single zero-shot prompt that elicits reasoning paths
from LLMs. By simply adding “Let’s think step by step.” af-
ter each query, zero-shot CoT demonstrates that LLMs are
capable zero-shot reasoners without the need for any man-
ually constructed CoT demonstrations. Built upon the CoT
study of Wei et al. (2022), numerous studies have advanced
the development of CoT through various strategies, such
as Auto-CoT (Zhang et al. 2023), least-to-most prompting
(Zhou et al. 2023), and self-consistency CoT (Wang et al.
2023b). These advancements have significantly bolstered the
performance of CoT prompting in tackling intricate tasks.

Unlike existing CoT studies that center on tasks having
explicit reasoning steps (e.g., arithmetic and commonsense),
the task of text generation with citations doesn’t have such
steps, which brings us great challenges when generalizing
the CoT prompting.

Task Formalization

The ALCE benchmark (Gao et al. 2023) presents the first
comprehensive formalization of text generation with cita-
tions. We briefly revisit the formalization here.

Given a question Q and a large-scale knowledge base D
(e.g., Wikipedia) that contains knowledge to answer Q, an
LLM-based system is required to generate an answer A to
Q with D, and A consists of several statements:

A = §15283...5,

where each statement s; contains factual claims summa-
rized from relevant document texts, i.e., 7; = {t;1,%i.2, ...},

Shttps://www.bing.com/new
®https://www.perplexity.ai
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— Question
9: When did the US break away from England?

— Retrieved docs
‘ [1] Decolonization of the Americas: ... GB on July 2, 1776 ... ‘
% Information
o — Retrieval » ‘ [2] Decolonization: ... adopted by Congress on July 4, 1776 ... ‘

Corpus

‘ [ 3] American Revolution: ... was signed September 3, 1783 ... ‘

— CoT prompting
<1-shot CoT demonstration>

Instruction: Write ... answer using provided documents and cite them properly.
Question: Which is the most rainy place on earth?

Documents: Document[1], Document[2], Document[3]...

Reasoning Steps:
Step #1: ...judge Document [1], Document[2]... are relevant to the question...
Step #2:...Document [1], ....write ... answer statement and cite the document...

Step #n: ...merge...rank...statements. ...concatenate...statements...final answer:
Answer: ...several place...to be most rainy [2] ...Cherrapunji... [3].

<Prompt for the question 9>

Instruction: Write ... answer using provided documents and cite them properly.
Question: When did the us break away from England?

Documents: Document [1], Document[2], Document[3]...

Answer:
SES|
=1 LLM
L (e
— LLM output

The US took the first step towards gaining independence from GB when it declared
independence on July 2, 1776 (although the event is now commemorated on July 4, 1776,
the date when the Declaration of Independence was officially adopted by

Congress) [1] [2]. The Treaty of Paris was later signed on September 3, 1783, formally
separating the United States from the British Empire.

[ 5o
— Answer —

The US took the first step towards gaining independence from GB when it declared
independence on July 2, 1776 (although the event is now commemorated on July 4, 1776,
the date when the Declaration of Independence was officially adopted by

Congress) [1] [2]. The Treaty of Paris was later signed on September 3, 1783, formally
separating the United States from the British Empire [3].

Figure 2: An overview of our approach. The “LLM output”
is induced by the CoT prompting, which is fed to CIM to
add the missing citation, i.e., [3].

which are retrieved from D for Q, and s; needs to properly
cite these documents’. ALCE regards each sentence of A as
a statement.

Method

Figure 2 illustrates an overview of our approach. Given a
question Q, we first retrieve relevant documents using In-
formation Retrieval (IR) methods; then we design a CoT
prompting strategy to induce LLMs to answer Q by mim-
icking the Human Thought Process; at last, the proposed Ci-
tation Insurance Mechanism (CIM) detects those statements
without any citation and adds relevant citations to them. The
ALCE benchmark proves the effectiveness of IR methods
like GTR (Ni et al. 2022) and BM258. We follow this IR
setting in our approach for fair comparisons.’

In the following sections, we first formalize our CoT
prompting, then elaborate on the proposed CIM followed by

"ALCE requires that each s; cites at least one and at most three
citations. The citations should be in the format like [1] [2] [3].

8https://en.wikipedia.org/wiki/Okapi_BM25

"We use GTR for ASQA and QAMPRI, and BM25 for ELI5.

extensive discussions.

CoT Prompting

CoT prompting mimics the Human Thought Process when
solving a complicated reasoning task like the multi-step
math word problem and the symbolic manipulation (Wei
et al. 2022; Chen et al. 2023a,b). It decomposes the prob-
lem into several intermediate steps and solves each before
giving the final answer.

Given a question Q and its retrieved documents 7 =
{t1,ta, ..., t,, }, we formalize the Human Thought Process of
text generation with citations as follows:

(1) Understand Q and each document t; € T with the goal of
finding out relevant documents that can answer the ques-

tion. We use 7 to denote the set of relevant documents,
where 7/ C T.

(2) According to each document t; € 7”, generate a factual
statement s; to answer Q from some aspects and properly
cite ¢; using its unique document index, i.e., [j]. This
step generates a statement set S = {s1, Sa, ..., Sk }.

(3) Merge mutually entailed statements. Specifically, if two
statements, e.g., sx1 and sk, entails each other, ie.,
Sk1 & Sk2, Sp1 Will be dropped but its citations will be
merged to s2. We use S’ to denote the statement set after
merging.

(4) Rank and concatenate the statements included in S’ to
obtain the answer .A. This step aims to guarantee the flu-
ency and coherence of .A.

We design 1-shot CoT demonstration based on the above
Human Thought Process. As Figure 2 shows, the CoT
demonstration consists of Instruction, Question, Documents,
Reasoning Steps, and Answer, where the Reasoning Steps
is the natural language description of the Human Thought
Process. The CoT prompting strategy contains a 1-shot CoT
demonstration and a prompt for the question Q. We present
a detailed CoT prompt in Appendix A.'°

Although CoT has been comprehensively studied, exten-
sive efforts are still necessary to generalize it to the task of
text generation with citations. As far as we know, we are the
first to generalize CoT to this task, where CoT prompts are
built upon our formalization of the Human Thought Process.
The formalization can also be used as the stepstone of future
CoT prompt studies on this task.

Citation Insurance Mechanism

Whether CoT prompting strategies are employed or not,
LLMs even ChatGPT and GPT-4 are still prone to not cite
any document in their generated statements, which harms
the citation quality. To tackle this issue, we propose the Cita-
tion Insurance Mechanism (CIM) to detect those statements
without any citation and add relevant citations to them, as
shown in Algorithm 1.

For these statements without any citation, we investi-
gate two implementations of adding citations to them (the
function in Algorithm 1-1.6), as shown below:

"The Appendix section can be found in the full paper at
https://github.com/jibin5167/ALCE-CoT.
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Algorithm 1: Citation Insurance Mechanism
Input: A
A/ = I3}
X = nltk.sent_tokenize(A) // Split A into statements.
for x € X do
C =re.findall(‘\[\d+’, ) //If z is a statement
without any citation, then C is Null.
5 if C is Null then
6 x' = recite(z)
7 A=A+
8
9

BOW N =

// Add relevant citations to x.

else
\ A=A +x
10 end
11 end
12 return A’

¢ The LLM-based implementation. We propose few-shot
demonstration prompts to guide LLMs to add the miss-
ing citations. The LLM used to add citations is the same
LLM used to generate answers. We present a real-world
prompt example in Appendix A.

¢ The IR-based implementation. We propose to use GTR
to search for the best matching document from the docu-
ments provided in the CoT prompt and cite it.

The main difference between the above two implementa-
tions lies in that: the LLM-based one can add more than one
citation, but it may also fail to add any citation; in contrast,
the IR-based one always adds one citation.

We conduct detailed analyses of the two implementations
in the Analyses section.

Discussions

Can CoT prompts safely fit the limited context window?
We claim that our CoT prompts can safely fit the context
window on six open-source LLMs. LLMs have limited con-
text window sizes, generally ranging from 2048 to 4096 to-
kens. To comply with the size limit, we adopt the 1-shot CoT
prompt setting and only retrieve three documents for the 1-
shot CoT demonstration and prompt for the question Q.

Does CIM increase computation costs? It’s clear that
CIM increases computation costs, but we claim that the in-
creased costs are actually very low. This is because CIM
won’t call computation-expensive LLMs or IR models until
it detects statements without any citation. Take experiments
on ASQA as examples, the ratios of statements without any
citation range from 0.52% to 4.47% when using our CoT
prompting strategy.

Does CIM always add correct citations? The answer is
“No”. We observe that both LLM-based and IR-based CIM
may add incorrect citations. Here is a case study: when
all the retrieved documents are irrelevant to a question Q,
LLMs tend to generate “I cannot answer the question with
the provided documents.” as the answer to Q. Under this
condition, the LLM-based CIM is prone to cite all the pro-

LLM Window \ LLM Window
LLaMA-13B 2048 |LLaMA-33B 2048
LLaMA-2-13B-Chat 4096 |Oasst-33B 2048
Vicuna-13B 2048 |LLaMA-2-70B-Chat 4096

Table 1: LLM details. We use LLaMA-2-13B to denote
LLaMA-2-13B-Chat and LLaMA-2-70B to denote LLaMA-
2-70B-Chat in other parts of this paper.

vided documents, and the IR-based CIM cite one document.
However, all these citations are incorrect.

Experiments
The ALCE Benchmark

ALCE (Gao et al. 2023) is the first reproducible benchmark
for automatically evaluating LLMs’ text generation with ci-
tations and allows for multiple citations for individual state-
ments. It includes three datasets, i.e., ASQA (Stelmakh et al.
2022), QAMPARI (Rubin et al. 2022), and ELI5 (Fan et al.
2019). It pre-defines three automatic evaluation metrics, i.e.,
Fluency, Correctness (Correct.), and Citation Quality. We
present more benchmark details in Appendix B.

Open-source LLMs

We evaluate our approach on six open-source LLMs (see
Table 1) and report more LLM details in Appendix C.

CoT Prompting Strategy

In line with previous work (Gao et al. 2023), We explore
applying CoT to four different prompting strategies:

(1) VANILLA. Provide the top-3 retrieved documents for
each question.

(2) SuMM. Provide summaries instead of the full text of the
top-10 retrieved documents for each question.

(3) SNIPPET. Provide snippets instead of full texts of the top-
10 retrieved documents for each question.

(4) ORACLE. Provide three gold documents for each ques-
tion.

The difference between SUMM and SNIPPET is that sum-
maries are free-form, but snippets are spans extracted from
documents. More details can be found in Appendix D.

Implementation Details and Baselines

We use four NVIDIA A100 40GB GPUs to evaluate our ap-
proach. Specifically, we use one GPU to run 13B LLMs,
two GPUs to run 33B LLMs, and four GPUs to run the 70B
LLM. For all experiments, We set the seed to 42, which is
the default setting of ALCE. For each prompting strategy,
we evaluate our approach on the six LLMs by setting the
temperature value to 0.001, 0.1, 0.3, 0.5, 0.7, 0.9, and 1,
respectively. For each type of experiment, we average the
results of different temperature settings and report the aver-
aged performance.

The LLM-based prompting approaches proposed by Gao
et al. (2023) are the current state-of-the-art approaches.
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Citation
LLM Fluency | Correct. Recall Precision
base ours|base ours|base ours|base ours
VANILLA
LLaMA-13B  68.4 76.8 269 30.7 10.6 17.9 26.9 25.4
LLaMA-2-13B 73.4 82.0 32.6 37.4 60.0 66.5 52.1 59.2
Vicuna-13B 82.6 79.8 31.9 36.4 51.1 56.6 50.1 56.4
LLaMA-33B  83.7 84.2 31.0 35.1 19.5 24.4 23.0 27.9
Oasst-33B 82.9 81.7 34.8 359 36.2 41.4 38.3 46.8
LLaMA-2-70B 84.6 82.7 39.4 43.9 62.7 70.2 58.4 69.8
Summ
LLaMA-13B  76.8 82.3 33.3 35.1 19.6 27.4 23.7 30.3
LLaMA-2-13B 81.5 79.4 429 43.1 58.7 62.3 50.4 55.1
Vicuna-13B 67.7 81.2 43.2 43.2 52.7 56.9 50.0 56.8
LLaMA-33B  72.0 79.6 33.1 35.7 34.7 42.2 35.2 40.8
Oasst-33B 743 77.2 409 394 455 47.6 44.0 49.7
LLaMA-2-70B 84.3 89.6 43.7 44.6 64.2 71.4 57.7 68.0
SNIPPET
LLaMA-13B  72.0 79.0 31.3 32.5 18.2 229 21.1 254
LLaMA-2-13B 81.4 83.1 41.3 43.1 57.4 61.2 52.1 55.7
Vicuna-13B 814 772 42.1 429 53.4 55.6 48.7 52.3
LLaMA-33B 70.8 78.4 309 33.7 31.4 39.1 31.5 37.2
Oasst-33B 79.3 80.2 40.1 389 45.0 49.6 43.3 44.5
LLaMA-2-70B 82.7 86.3 43.2 429 64.2 70.4 60.2 69.4
ORACLE
LLaMA-13B  69.5 78.2 343 34.7 10.8 15.2 15.8 17.1
LLaMA-2-13B 73.2 77.4 41.4 43.0 54.5 58.2 52.9 56.2
Vicuna-13B 729 79.3 42.5 42.7 52.2 56.2 50.7 54.8
LLaMA-33B  82.6 79.4 39.3 40.1 20.2 27.7 239 31.2
Oasst-33B 85.4 82.6 44.3 43.1 37.0 44.8 39.6 454
LLaMA-2-70B 89.5 86.2 44.1 46.2 67.4 73.5 69.8 72.9

Table 2: Performance comparisons of baselines (columns
marked by “base”) and the proposed approach (columns
marked by “ours”) on ASQA.

These approaches are evaluated with ChatGPT, LLaMA-
13B, LLaMA-33B, Vicuna-13B, and Oasst-33B. We adopt
these approaches as baselines and take additional two
LLaMA-2 models into consideration, as shown in Table 1.

Main Results

We report performance comparisons of our approach and
baselines in Table 2, Table 3, and Table 4. For the base-
lines, we evaluate their results on the two LLaMA-2 mod-
els by ourselves and directly take the results of other LLMs
reported by Gao et al. (2023) to facilitate fair comparisons.
We have the following observations:

(1) On ASQA, our approach consistently outperforms the
baselines in terms of Citation Recall, and it beats them
regarding Correct. and Citation Precision in 43 out of 48
instances, as well as exhibits great advantages regarding
Fluency in 16 out of 24 instances.

(2) On QAMPARI, our approach delivers consistent Citation
Precision gains, and it beats the baselines in 68 out of 72
instances regarding the other three metrics, i.e., Recall-5,

Precision, and Citation Recall.
3

On ELIS, our approach showcases improvements in
terms of Correct. and Citation Precision, and performs
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Correct. Citation
LLM Recall-5 | Precision | Recall Precision
base ours|base ours |base ours|base ours
VANILLA
LLaMA-13B 9.7 123 9.1 146 6.7 111 7.1 12.7
LLaMA-2-13B 13.4 16.8 152 18.3 12.2 144 12.5 17.7
Vicuna-13B 14.0 18.1 159 174 12.5 11.6 13.4 15.4
LLaMA-33B 147 21.3 120 152 7.9 11.1 8.3 12.3
Oasst-33B 155 144 149 16.8 9.0 12.2 10.1 14.1
LLaMA-2-70B 19.2 23.2 182 21.7 17.8 22.3 19.1 24.0
SuMMm
LLaMA-13B 14.8 19.2 126 179 7.4 151 8.0 14.2
LLaMA-2-13B 19.2 23.4 17.5 22.1 153 18.5 14.2 20.4
Vicuna-13B 21.1 25.6 17.1 19.8 157 17.2 17.8 19.3
LLaMA-33B  19.0 25.7 14.8 17.9 12.5 124 15.0 19.7
Oasst-33B 21.0 244 17.5 229 129 16.8 16.6 19.1
LLaMA-2-70B 22.0 23.6 19.8 22.0 20.2 23.1 21.4 23.7
SNIPPET
LLaMA-13B  17.7 21.1 157 19.8 8.8 144 9.9 14.7
LLaMA-2-13B 22.3 26.4 19.2 22.8 14.3 17.9 20.1 24.3
Vicuna-13B 219 25.6 18.2 21.3 16.8 19.4 19.7 24.4
LLaMA-33B  19.6 24.4 157 22.7 12.8 184 15.2 16.7
Oasst-33B 22.0 242 174 23.8 13.6 184 17.7 19.8
LLaMA-2-70B 22.6 22.9 204 23.1 19.8 22.3 21.2 23.8
ORACLE
LLaMA-13B 16.8 174 154 172 7.7 119 8.3 14.6
LLaMA-2-13B 26.4 30.1 30.2 33.5 17.3 21.5 19.1 21.6
Vicuna-13B 259 27.8 28.4 31.2 158 20.2 16.8 19.7
LLaMA-33B 239 26.0 20.3 22.7 9.8 154 104 17.2
Oasst-33B 269 27.4 26.0 256 11.7 151 129 16.3
LLaMA-2-70B 32.2 36.1 319 36.7 22.6 244 21.4 244

Table 3: Performance comparisons of baselines (columns
marked by “base”) and the proposed approach (columns
marked by “ours”) on QAMPARI.

better than the baselines in 42 out of 48 instances when
comparing them from Fluency and Citation Recall per-
spectives.

These promising performance gains demonstrate the ef-
fectiveness of our CoT prompting strategy and the Citation
Insurance Mechanism.

We also compare our best model with the ChatGPT-based
baseline, which achieves the current state-of-the-art results.
The comparison results are reported in Table 5, from which
we can observe that our best approach achieves comparable
Correct. and Citation Quality to current SOTA results, re-
vealing that our approach can serve as a strong reproducible
baseline for future study. Additionally, it further verifies the
effectiveness of the CoT prompting strategy and the CIM.

Analyses
Performance against CoT Descriptions

This analysis aims to investigate if different natural language
descriptions of the Human Thought Process affect perfor-
mance. To this end, we manually implement five versions
of the Human Thought Process and investigate their effec-
tiveness, as shown in Figure 3. We can see that these de-
scriptions induce quite different performances in all four
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Citation
LLM Fluency | Correct. Recall Precision
base ours|base ours|base ours|base ours
VANILLA
LLaMA-13B  50.0 599 39 123 3.1 9.7 53 9.2
LLaMA-2-13B 57.9 62.1 12.1 14.5 16.4 22.8 19.7 26.3
Vicuna-13B 58.2 69.4 10.0 13.3 15.6 21.3 19.6 24.1
LLaMA-33B 588 71.2 62 88 93 15.1 12.1 164
Oasst-33B 46.8 59.0 9.5 12.1 16.0 152 21.6 25.6
LLaMA-2-70B 58.2 62.4 124 13.9 46.5 51.1 444 49.1
Summ
LLaMA-13B 286 421 29 84 25 71 38 6.8
LLaMA-2-13B 264 314 6.1 11.2 99 14.2 143 174
Vicuna-13B 224 372 49 102 9.7 11.7 12.2 15.8
LLaMA-33B 233 371 3.0 9.0 62 98 82 14.1
Oasst-33B 248 341 39 7.6 123 189 163 22.7
LLaMA-2-70B 36.8 424 9.8 12.7 44.6 49.7 44.7 484
SNIPPET
LLaMA-13B 484 571 57 92 58 7.7 7.6 121
LLaMA-2-13B 52.1 57.3 11.9 14.5 29.4 34.5 28.6 34.6
Vicuna-13B 48.1 55.2 11.2 13.6 27.2 29.3 279 33.6
LLaMA-33B 53.2 49.8 7.4 12.1 13.7 174 15.1 18.1
Oasst-33B 50.7 554 10.7 14.8 25.8 30.1 26.7 29.9
LLaMA-2-70B 55.4 58.9 13.4 13.9 447 49.6 42.1 45.2
ORACLE
LLaMA-13B 49.5 475 64 83 37 94 65 9.1
LLaMA-2-13B 47.4 45.8 169 22.7 214 242 27.3 33.1
Vicuna-13B 41.6 484 17.1 22.1 20.2 24.3 26.5 31.1
LLaMA-33B  63.7 62.1 114 15.1 11.9 17.2 154 18.9
Oasst-33B 50.7 54.2 15.8 18.8 20.8 26.3 28.0 31.4
LLaMA-2-70B 58.4 56.1 17.6 20.8 52.4 56.7 52.1 55.3

Table 4: Performance comparisons of baselines (columns
marked by “base”) and the proposed approach (columns
marked by “ours”) on ELIS.

evaluation metrics, indicating that LLMs are sensitive to
prompt descriptions, which highlights the importance of
well-designed and LLM-adapted prompts, the instability of
manual prompts, as well as prompt engineering.

Performance against CIM Implementations

This analysis aims to compare the LLM-based CIM and IR-
based CIM. We solely compare the Citation Quality since
CIM is designed to advance it. We conduct the investiga-
tion using the LLaMA-2-13B VANILLA setting and report
the results in Figure 4. We observe that LLM-based CIM
achieves better Citation Quality on ASQA and ELIS, as well
as higher Citation Precision on QAMPARI. We attribute this
to the fact that LLM-based CIM may add more than one ci-
tation to the statements without any citation, and it refuses to
add any citation if it cannot find any document that supports
the statement, which guarantees better Citation Quality. In
contrast, the IR-based CIM always add one citation to the
statement even if there are multiple documents that support
the statement or no document that supports the statement.

Based on the above analysis, we use the LLM-based CIM
in all the other experiments.
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Figure 3: Performance comparisons of five different descrip-
tions of the Human Thought Process, marked by d1, d2, d3,

d4, and d5, respectively. We evaluate the performance on
ASQA using the LLaMA-2-70B VANILLA setting.
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Figure 4: Comparisons of Citation Quality between LLM-
based and IR-based CIM. We evaluate them on all datasets
using the LLaMA-2-13B VANILLA setting.

Performance against Temperature

This analysis investigates if the temperature affects the qual-
ity of LLMs’ outputs. To this end, we set the temperature to
0.001, 0.01, 0.1, 0.3, 0.5, 0.7, 0.9, and 1, respectively. We
conduct investigations on ASQA using the LLaMA-2-13B
VANILLA setting and report the results in Figure 5, which in-
dicates that the temperature value has obvious effects on all
four evaluation metrics, especially the Fluency. We attribute
this to the fact that various temperature values enable LLMs
to generate texts with various randomness, consequently af-
fecting the fluency of LLMs’ generations. As a result, the
correctness and the citation quality follow the variations.
Moreover, we observe that the Citation Recall and Cita-
tion Precision exhibit similar variation trends, revealing tight
correlations between the two evaluation metrics.

Ablation Study

We ablate the CoT prompting strategy and the LLM-based
CIM individually to explore their utilities. We report the ab-
lation settings and results in Table 6, where:



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

Citation
Strategy ‘ Fluency ‘ Correct. Recall ‘ Procision
ChatGPT
<« VANILLA 66.6 40.4 73.6 72.5
g SumMm 70.0 433 68.9 61.8
<  SNIPPET 69.8 414 65.3 57.4
ORACLE 64.4 48.9 74.5 72.7
LLaMA-2-70B (ours)
ORACLE 86.2 46.2 73.5 72.9
Strategy Correct. _ Citation. .
Recall-5 | Precision Recall | Precision
— ChatGPT
ﬁ‘t VANILLA 20.8 20.8 20.5 20.9
E SuMMm 23.6 21.2 23.6 25.7
2% SNIPPET 24.5 21.5 22.9 24.9
O ORACLE 37.0 36.9 24.1 24.6
LLaMA-2-70B (ours)
ORACLE 36.1 36.7 24.4 24.4
Citation
Strategy ‘ Fluency ‘ Correct. Recall Precision
ChatGPT
- VANILLA 57.2 12.0 51.1 50.0
=5 SuMmM 40.3 12.5 51.8 48.2
= SNIPPET 62.9 14.3 50.4 45.0
ORACLE 59.4 21.3 57.8 56.0
LLaMA-2-70B (ours)
ORACLE 56.1 20.8 56.7 55.3

Table 5: Comparisons with ChatGPT-based results.

e “—CoT” denotes removing the CoT prompting strategy.
We use 1-shot in-context learning as a proxy.

e “~CIM” denotes removing the CIM. Our approach will
do nothing to those statements without citations.

* “base” denotes conducting the above two ablations
simutaneously.

We conduct ablation studies on three LLaMA models with
various parameters. From Table 6 we observe that:

(1) CoT prompting strategy delivers significant performance
gains across all evaluation metrics and all LLMs. We
attribute it to the fact that CoT prompts guide LLMs
to mimic the Human Thought Process, which has been
proven to be effective in the Experiments section.

CIM delivers more improvements in Citation Quality on
relatively smaller LLMs. For example, it brings +2.4 Re-
call and +2.2 Precision gains on LLaMA-2-13B, while
only +1.1 Recall and +1.9 Precision gains on LLaMA-2-
70B. We attribute it to the fact that the larger the LLM’s
parameter scale, the more powerful the LLM’s ability
to properly add citations. Thus, fewer statements suffer
from the citation missing problem in larger LLMs.

2

In addition, we note that the CIM also affects Fluency
and Correctness. However, the CIM is designed to add miss-
ing citations, which does not affect the above two evaluation
metrics theoretically. After checking LLMs’ generations, we
find that the LLM-based CIM may complete statements that
are detected to have no citations and are not ended normally,
consequently affecting the Fluency and Correctness.

We present a real-world case for better understanding: the
LILM-based CIM completes “Therefore, the answer is that”
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Figure 5: Performance comparisons of various temperature
values, which are set to 0.001, 0.01, 0.1, 0.3, 0.5, 0.7, 0.9,
and 1, respectively. The x-coordinate is on a log scale.

) Citation
Setting Fluency Correct.
Recall Precision

LLaMA-2-13B 82.0 374 66.5 59.2
-CoT 76.3 33.2 62.8 54.4
-CIM 80.4 36.8 64.1 57.0
base 74.6 32.8 59.6 53.4
LLaMA-33B 84.2 35.1 244 27.9
-CoT 79.4 324 20.2 24.0
-CIM 81.9 34.9 233 26.4
base 81.4 30.8 19.9 23.4
LLaMA-2-70B 82.7 439 70.2 69.8
-CoT 77.8 39.6 63.3 58.9
-CIM 82.1 42.6 69.1 67.9
base 85.2 38.8 63.7 58.1

Table 6: Ablation results on ASQA with various LLM set-
tings.

and adds citations to it and outputs “Therefore, the answer is
that there are 34 state parks in Virginia[1] [2] [3]1.

Conclusion

In this paper, we investigate Chain-of-Thought (CoT)
prompting strategies to improve LLMSs’ ability to generate
text with citations. We formalize the Human Thought Pro-
cess and carefully design CoT prompts accordingly. More-
over, we propose a Citation Insurance Mechanism (CIM) to
detect those missing citations and properly cite them. Ex-
perimental results on six open-source LLMs and the ALCE
benchmark demonstrate the effectiveness of our novel ap-
proach. And our approach induces LLaMA-2-70B to per-
form comparably to ChatGPT on the ALCE benchmark.
Qualitative and quantitative analyses further prove the ef-
fectiveness of our approach.
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