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Abstract

Large Language Models (LLMs) have made
substantial strides in a broad array of natural
language tasks. Recently, LLMs have demon-
strated potential reasoning capabilities through
prompt design, such as the Chain of Thought
(CoT). Despite their superiority in question an-
swering, LLMs still face challenges in answer-
ing questions that require multi-hop reasoning,
often generating unreliable reasoning chains
during answer generation. To improve LLMs’
performance in multi-hop reasoning, we intro-
duce a novel reasoning approach, AnchorCoT,
designed to assist LLMSs in answering questions
involving complex logical reasoning steps. An-
chorCoT first predicts key entities which work
as important “anchors” to guide the reasoning
process and then employs a novel ranking al-
gorithm to ensure the logical sequence of the
predicted answers. We implement AnchorCoT
on Qwen2.5-7B/14B and GPT-40 and evaluate
our method on widely used multi-hop reason-
ing datasets, including HotpotQA, 2WikiMulti-
HopQA, and MuSiQue-Ans. The experimental
results show that AnchorCoT outperforms ex-
isting methods in multi-hop question reasoning
and provides more accurate reasoning results
in multi-hop question answering tasks.

1 Introduction

Large language models (LLMs) have demonstrated
impressive in-context learning abilities across a
range of natural language processing (NLP) tasks
(Grattafiori et al., 2024; OpenAl, 2024; Hoffmann
et al., 2022; Chowdhery et al., 2022), such as in-
formation retrieval (Schlatt et al., 2024; Guo et al.,
2024), relation extraction (Zaratiana et al., 2024,
Efeoglu and Paschke, 2024) and question answer-
ing (Sohn et al., 2024; Zhao et al., 2024). Recently,
the reasoning ability of LLMs (Giadikiaroglou
et al., 2024) has garnered growing attention due
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to its critical role in solving problems with com-
plex logic.

Background Contexts ™\

1. Peter Edge became the new CEO

of the RCA Records unit.

2. Dance is the fifth studio album by
American country rock band Pure
Prairie League, released by RCA
Records in 1976.

. "Let Me Love You Tonight" is a
1980 song by the American pop
and country rock band Pure Prairie
League.

Question N\

Who became the CEO of the
record label Let Me Love You
Tonight's performer belongs to?

w

1. Performer of the
song Let Me Love --|-1P» 1. Pure Prairie League
You Tonight

. The record label of
the performer

3. The CEO ofthe _ |

record label

The CEO of RCA
Records, with its signed
singer Pure Prairie
League and their song
Let Me Love You
Tonight, is Peter Edge

N

Human P 2. RCA Records

1> 3. Peter Edge

Answer the questions
by order

Thread sub-questions
and give Answer

Split the question
into 3 sub-questions

"Let Me Love You Tonight" is a song by Marvin
Gaye. Marvin Gaye belongs to Tamla Records. ]
CoT Tamla Records is not mentioned in contexts.

The answer to the
question
cannot be determined

Summarize

Answer the question step by step and Give Answer

The performer is Pure
b

Prairie League.

The record label of Pure
Prairie League is RCA
Anchor Records.

CoT The CEO of Green Linnet
3. RCA Records 3. Peter Edge Records is (Peter Edge).

1. Pure Prairie League 1. Pure Prairie League+~

2. Peter Edge | 2. RCA Records

CoT generation under
guidance of anchors

Anchors: intermediate
answers of sub-questions

Rerank the anchors

Figure 1: Human, CoT and AnchorCoT approaches in
solving multi-hop question (using 3-hop question as
example). Human first split multi-hop questions into
sub-questions and get answers of sub-questions by or-
der, then summarize the answer. Chain of Thought(CoT)
solve multi-hop question step by step, but get wrong
answer without guidance. Our approach first predict in-
termediate answers as anchors, then rerank the anchors
in logical order. Finally, AnchorCoT uses anchors as
guidance in CoT generation. The example use Qwen2.5-
7B-Instruct model.

Despite the significant success of standard large
language models (LLMs) in tackling question-
answering tasks as demonstrated in various stud-
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ies (Brown et al., 2020; Liu et al., 2023; Bao et al.,
2023; Creswell et al., 2022), their performance
tends to falter on complex reasoning tasks that
necessitate multiple logical reasoning steps (Wei
etal., 2023). LLMs have a tendency to generate hal-
lucinations during the answer generation process in
multi-hop reasoning tasks, often yielding responses
that seem plausible but lack factual substantiation
(Huang et al., 2025).

Current LLMs in multi-hop reasoning task gen-
erally follows Chain-of-Thought strategy. Com-
mon strategies include instruction prompting (Wei
et al., 2023; Wang et al., 2023a; Xu et al., 2024),
reasoning path searching (Yao et al., 2023; Besta
et al., 2024; Chu et al., 2024), and majority voting
(Wang et al., 2023b; Chen et al., 2023). However,
the generated reasoning chains often still exhibit
hallucinations due to insufficient or weak super-
vision during the generation process. Instruction
prompting offers indirect and uncontrollable guid-
ance, which makes the guidelines unreliable and
difficult to assess their correctness. Both reasoning
path searching and majority voting approaches gen-
erate reasoning steps sequentially, where an error in
one step can propagate and amplify in subsequent
steps, leading to a cascading effect that ultimately
derails the entire reasoning chain.

Figure 1 displays an QA example which requires
3-hop reasoning. For human, they usually split the
question into sub-questions: who is the performer,
which record label does the performer belongs to
and finally who is the CEO of the record label.
By answering each sub-question in order, the final
answer can be concluded; For LLM enabled with
Chain-of-Thought strategy, it does output the rea-
soning process. However, it gives wrong answer
for who is the performer of the song “Let Me Love
you Tonight”. As aresult, the subsequent reasoning
process is incorrect;

Inspired by human reasoning process, we pro-
pose a novel chain-of-thought reasoning approach
AnchorCoT, which provides direct step-wise guid-
ance for multi-hop reasoning generation. Our ap-
proach first predicts the key entities which are crit-
ical to guide the reasoning process. We define
these entities as “anchors”. As depicted in Figure
1, we mine three related key entities: “Pure Prairie
League”, “Peter Edge” and “PCA Records” from
the background context and the question. Then we
employ a ranking algorithm to improve the logi-
cal order of these anchors. Finally, the anchors
will serve as step-wise direct guidance for Chain-

of-Thought reasoning generation. We test our ap-
proach on commonly used multi-hop reasoning
datasets, including HotpotQA (Yang et al., 2018),
2WikiMultihopQA(Ho et al., 2020) and MuSiQue-
Ans(Trivedi et al., 2022) datasets. Experiments
are conducted on Qwen2.5-7B/14B (Qwen Team,
2024) and GPT-40 (OpenAl, 2024) model. Re-
sults demonstrate that our approach show superi-
ority over not only existing instruction prompting
methods, but also reasoning path searching and
domain-specific approaches.

Our contributions can be summarized as follows:

¢ We introduce AnchorCoT, a novel framework
designed to predict and rank intermediate key
entities as reasoning anchors in multi-hop rea-
soning tasks with complex logic steps, which
significantly strengthens reasoning capability
of LLMs.

* We propose a novel ranking algorithm of an-
chor candidates based on multi-hop embed-
ding and anchor embeddings.

* We conduct experiments on multi-hop reason-
ing datasets, including HotpotQA, 2WikiMul-
tiHopQA and MuSiQue-Ans. Our approach
excels not only on GPT-40, but also on open-
source large model Qwen2.5-7B/14B. Results
demonstrate that our approach surpasses ex-
isting CoT approaches on both Exact Match
and F1 score metrics.

2 Related Work

2.1 Multi-hop reasoning

Multi-hop reasoning is a challenging task of ques-
tion answering tasks in natural language processing.
Unlike single-hop questions, multi-hop questions
require LLMs to generate intermediate conclusions
step by step before arriving at the final answer. The
sequential reasoning process is referred to as the
reasoning chain (Mavi et al., 2024). A significant
challenge for LLMs in addressing multi-hop ques-
tions is the occurrence of hallucinations, which
can result in factually incorrect or unsupported
reasoning. Our approach addresses the issue by
enforcing LLMs to identify intermediate logical
answers prior to reasoning chain generation. These
predicted anchors establish a structured reasoning
path and provide contextually aligned guidance
throughout the process.
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Step 1: Anchor Prediction

Step 2: Anchor Ranking

Step 3: Answer Generation
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Figure 2: Overall Architecture of AnchorCoT. We first predict possible intermediate answers as candidate anchors.
Then question and candidate anchors are projected into continuous space and we employ anchor ranking algorithm
to get optimal permutation of anchors with better logic order. Finally, we employ Chain-of-Thought generation
strategy under the guidance of anchors. Final results are extracted from generated contents.

2.2 Chain of Thought

To enhance reasoning capabilities in complex and
logical tasks, Wei et al. (2023) introduced the
Chain-of-Thought (CoT) framework, which ex-
tends in-context learning through a step-by-step
reasoning process. CoT demonstrated strong per-
formance in zero-shot logical reasoning. Subse-
quent works further improve CoT’s performance by
refining reasoning strategies and prompt designs.
In order to mitigate hallucinations in CoT, Self-
consistency (Wang et al., 2023b) selects the most
consistent answer from multiple CoT paths. Plan-
and-Solve Prompting (PS) (Wang et al., 2023a) pro-
poses a planning mechanism to decompose multi-
hop questions into stepwise instructions, which are
then executed in accordance with the plan. PS+
(Wang et al., 2023a) enhances this approach by re-
quiring large language models (LLMs) to extract
relevant variables or descriptive details from the
context and formulate a comprehensive plan prior
to reasoning. RE2 (Xu et al., 2024) introduces
a re-reading strategy, urging LLMs to revisit the
question in a second pass to clarify its details.

Despite these advancements, CoT and its deriva-
tives continue to face challenges when solving
multi-hop questions due to the complexity of the
strategies or difficulties in generating detailed rea-
soning plans. CoT requires direct and precise guid-
ance to effectively support the reasoning process.
In this work, we propose providing potential inter-
mediate answers to LLMs, which directly assist in
logical reasoning generation.

3 Methodology

As shown in Figure 2, we introduce AnchorCoT, a
novel reasoning framework with anchors as step-
wise reasoning guidance. The approach involves
three steps: Anchor Prediction, Anchor Ranking
and Answer Generation. The model will first pre-
dict the intermediate answers as anchors, which
will serve as the guidance in reasoning generation.
Second, The anchor ranking algorithm will rerank
the model in logic order. Finally, the LLMs gener-
ates reasoning steps under the guidance of anchors
generated in the first step using Chain-of-Thought
strategy. Please refer to Appendix E for detailed
case study.

3.1 Problem Formulation

Given an input sequence with instruction 7, multi-
hop question () and contexts C', the multi-hop ques-
tion answering task requires the model to find the
answer a to question () via multi-steps of reason-
ing. Under Chain-of-Thought strategy, the model
gives the answer a by

a =LLM(r,C, Q).

where a is extracted from LLM response. Our ap-
proach optimize reasoning process of LLMs based
on the following three steps.

3.2 Step 1: Anchor Prediction

As LLMs latently perform multi-hop reason-
ing(Yang et al., 2024; Biran et al., 2024), they
have the potential to predict correct intermediate
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answers. In this step, we use LLMs to predict pos-
sible intermediate answers as anchors. In our step
1 prompt, we provide the LLLM with detailed in-
struction 7 as generation guidelines and relative
contexts C' as background information. The infer-
ence is in one-shot setting with 1 simple generation
example. The generation is formulated as
Aq ={ag,a1, - ,an} = LLM(7,C, Q).

where a;,7 € 1,...n are possible intermediate
answers. As the final answer is counted in interme-
diate answers, the number of anchors n should not
be less than 2. However, we do not force the model
to generate the same number of sub-questions in
original question () as LLMs will analyze its hops
and decide where to add anchors in reasoning dur-
ing generation. Please refer to detailed prompt in
Appendix A.2.

We also constrain the type of anchors within
the range of entities according to Honnibal and
Montani (2017). Since we expect the anchors are
informative and instructive, the anchors should not
be punctuation words, stop words or other sym-
bols that do not contribute to the solution of the
question. The anchors (intermediate answers) are
usually certain kinds of entities that represents a
meaning by itself. Therefore, we limit the choice
of anchor types within entities and provide a list
of entity descriptions in the prompt. Since the en-
tity constrains resembles to that in Named Entities
Recognition(NER), we take advantages of built-in
NER types in spaCy package. Full list of legal
anchor types in our approach are presented in Ap-
pendix B.

3.3 Step 2: Anchor Ranking

In multi-hop reasoning, the order of reasoning
steps is crucial to deduction of logical reasoning
results. Therefore, the predicted anchors should
be reranked before they serve as guidance. Before
answer generation, we add anchor ranking step to
improve the logic order of predicted anchors. As
anchor candidate set A, is provided in previous
step, we expect to find an optimal permutation A;
that illustrates the logic order of reasoning.

Our ranking algorithm is based on iterative fea-
ture of solving nested multi-hop question step by
step. For example, in the question Who is the CEO
of the record label "Let Me Love You Tonight"’s
performer belongs to?, we first answer current
question with the performer of "Let Me Love You

Tonight" and fill current answer to original ques-
tion in order to get next question: Who is the CEO
of the record label Pure Prairie League belongs
to?. This process will continue to iterate until the
original question is solved. Note that the questions
during the process is different from decomposed
sub-questions.

There are three items involved in each reasoning
step: current question geyrrent, aNSWer to atom sub-
question aGeyrrent and next question gpext. Suppose
the answer to @pext 1S Gpext, OUr ranking algorithm
follows the iterative process and consists of three
steps: (1) find next question @pext USING Aeyrrent and
Geurrent, (2) find apext USING Grext, (3) update acurrent
and Geurrent With @pext and gpext. In our approach, the
current question Geyrrent 1S initialized with original
question ) and acyrrene 18 initialized by following
step (2) and (3). The order of reranked anchors is
the order of ayex suggested by the algorithm along
with iterative process.

In our implementation, we illustrate the iterative
process aforementioned using text embeddings. In-
spired by Wieting et al. (2016), we first split input
text into words, excluding punctuations and stop
words. Then each word will be encoded by LLMs
and we use the hidden state of last layer as embed-
dings. Final embedding e of text is the averaging
of all words embeddings. The embedding of text ¢
is given by

1 n
e(t) = - ZLLM(wi),wi €t.
i=1

where w;,t € 0,1,...n are words in inputs (an-
chor or question). Under the assumption of TransE
(Bordes et al., 2013), we use the following estima-
tion to get the embedding of next question gpext:

e(qcurrem) + e(acurrent) ~ e(Qnext)-

where e(-) denotes their embeddings in continuous
space. According to Yang et al. (2024), LLMs
latently reason step by step when answering multi-
hop questions. And LLMs first realize the answer
of atom sub-question given multi-hop question )
with nested sub-questions. Therefore, the LLM
is more likely to answer of the atom sub-question
rather than answers that required further steps of
reasoning. Based on the finding, we match the
next answer anpex; by getting the nearest candidate
anchor to next question gpext aS NEXt aNSWET Gpext-
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The apex 1S given by

(next = arg min He(%ext) - e(ak)H2
ak

~ arg min ||e(acurrent) + e(QCurrent> - e(ak) ”2

ag

where a, € Ag, k € {1,2,...,n}. And the algo-
rithm will iterate unless there is no anchor candi-
dates left in candidate set Aq. We use A; to denote
ranked anchors, which is the collection of a@pext
in order. Our ranking algorithm is illustrated in
Appendix C.

3.4 Step 3: Answer Generation

In the last stage, we add anchors into CoT prompt
and ask LLMs to generate with the guidance of
anchors. The final answer is given by

QA AnchorCoT = LLM(Tla C,Q, A:])

where LLMs are given instruction 7 , multi-hop
question () and contexts C. Notice that we employ
Chain-of-Thought strategy to facilitate answer gen-
eration. The LLM needs to connect the anchors
with logic implied in the question and generate
reasoning chain in response to anchors provided.
For answer extraction, we ask LLLMs to wrap the
anSWer aAnchorCoT 1N bracket for extraction. Please
refer to detailed prompt of answer generation in
Appendix A.2.

4 Experiments

4.1 Datasets and Hyperparameters

We test our approach on three logical reasoning
datasets, including HotpotQA (Yang et al., 2018),
2WikiMultiHopQA (Ho et al., 2020) and MuSiQue-
Answer (Trivedi et al., 2022). Specifically, we
choose HotpotQA dev(full wiki) set, 2WikiMulti-
HopQA dev set and Answer subset in MuSiQue,
in which the multi-hop questions are answerable
by reasoning on given context. Our approach will
be compared with four categories of approaches,
including instruction prompting, majority voting,
reasoning path searching and domain-specific ap-
proaches.

We test our approach on both open-source model
and GPT-40. For open-source models, we use
Qwen?2.5-Instruct 7B and 14B models. Unless oth-
erwise stated, the numbers reported in the table
is average value over 3 round of generation. The
generation temperature k is set to 0.3 and maxi-
mum generation tokens is set to 128. For infer-
ence accuracy, we use half precision (float16) for

time efficiency. Experiment results of Instruction
Prompting, Majority Voting and Reasoning Path
Searching Approaches are the averaging of 3 runs
for data stability. We use Exact Match and F1 score
metrics in main experiments. Additionally, we use
hit@k to evaluate ranking accuracy of anchors in
ablation study. Please refer to Appendix D for more
implementation details.

4.2 Baselines

To demonstrate the superiority of our approach
compared to existing prompting methods, we
choose approaches in three categories as baselines:

Instruction Prompting and Majority Voting
Approaches For Chain-of-Thought (Wei et al.,
2023) approach, we add Solve the question step
by step in the beginning of instruction. Self-
consistency (Wang et al., 2023b) approach use ma-
jority voting strategy to select answer from candi-
dates. This approach generates k reasoning chains
through Chain-of-Thought reasoning and pick up
the answer from answer candidates with highest fre-
quency. Considering time consumption, we follow
the practice instruction in Wang et al. (2023b) and
set k = 3 instead of best £ = 40. Plan-and-Solve
strategy (Wang et al., 2023a) first ask the model
to generate a detailed and executable plan before
reasoning. The plan indicates important reason-
ing steps and might involve if-else clause to guide
the LLM to enter different reasoning branches.
Re-reading strategy (Xu et al., 2024) requires the
model to process questions twice before reason-
ing chain generation. The approach enhances the
understanding of the question and capture missed
information in the first reading pass. We implement
RE2 by adding statement Read the question again
in instruction prompt. All the baselines adopts 1-
shot setting.

Reasoning Path Searching Approaches Tree of
Thoughts (ToT)(Yao et al., 2023) is a framework
that models decision-making as a tree structure,
where each node represents the outcome of an in-
termediate reasoning step. On each step, the ToT
evaluates child nodes situations and selects and ex-
pands the top promising child node situations until
ToT reach the final answer. Graph of Thoughts
(GoT)(Besta et al., 2024) extends ToT by adding
refining and backtracking. GoT aggregates interme-
diate thoughts into a graph or loop over a thought
to refine it before reaching the final answer. These
approaches is designed to search reasoning path on
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Model Methods MuSiQue-Ans HotpotQA 2WikiMHQA
EM Fl1 EM Fl1 EM Fl1

vanilla 9.50 1471  28.77  34.11 1292 18.05

CoT (Wei et al., 2023) 1849 2437 50.65 57.59 3456  40.73

CoT-SC@3 (Wang et al., 2023b) 21.31 28.05 5646 64.05 3630 41.07

Qwen2.5-7B  PS (Wang et al., 2023a) 19.20 2493 5320 62.74 3589 42.62
RE2 (Xu et al., 2024) 19.11 2505 5569 63.80 3520 43.27

AnchorCoT w/o ranking 2143 2892 56.09 6445 3623 43.69

AnchorCoT w/ ranking 21.84 2944 5622 6539 36.65 44.58

vanilla 12.54 2027 30.12 3747  20.19 30.27

CoT 22.67 2933 5267 60.78  39.89 48.47

CoT-SC@3 2638 3624 5327 6123 4175 50.82
Qwen2.5-14B  PS 2480 3330 5550 65.02 48.19 56.78
RE2 28.38 3646 5589  65.34 5325 61.55

AnchorCoT w/o ranking 28.51  36.23 56.54  65.15 53.47 61.78

AnchorCoT w/ ranking 2822 36.58 57.08 66.34 54.27 63.50

vanilla 2541 3124 5075 60.20 40.28 48.45

CoT 30.61 40.80 5123  62.10 4592 54.63

CoT-SC@3 30.82 4128 53.77 6437 4659  56.74

GPT-40 PS 31.47 4128 5227 6327 46774 56.78
RE2 3033 4093 5235 65.74 46.16 5580

AnchorCoT w/o ranking 41.83 5331 5436 6477 54.02 6347

AnchorCoT w/ ranking 41.38 53.00 54.54 65.19 5442 63.86

Table 1: Results of Instruction Prompting approaches and AnchorCoT approach.

Methods MuSiQue-Ans HotpotQA 2WikiMHQA

EM F1 EM Fl1 EM F1
ToT (Yao et al., 2023) 2147 2854 5650 65.00 36.15 41.02
GoT (Besta et al., 2024) 20.84 27.02 5452 64.06 36.67 42.70
AnchorCoT w/o ranking 21.43 2892 56.09 6445 3623 43.69
AnchorCoT w/ ranking  21.84 29.44 5622 65.39 36.65 44.58

Table 2: Results of Reaoning Path Searching approaches and AnchorCoT approach using Qwen2.5-7B-Instruct

model.

data structure, such as tree and graph, in order to
generate a reliable reasoning path.

Domain-specific Approaches (Huang et al,
2024) propose Prompting Explicit and Im-
plicit(PEI) knowledge framework, which integrates
both explicit, implicit knowledge and question
types for multi-hop QA. (Zhao et al., 2023) intro-
duces Verify-and-Edit framework for CoT prompt-
ing, which seeks to increase prediction factuality
by post-editing reasoning chains. (Li and Du, 2023)
extracts semantic graphs through one or multi-step
prompting, then generate reasoning chain based
on relations in semantic graph. (Ding et al., 2019)
builds a cognitive graph in an iterative process by
coordinating an implicit extraction module and an
explicit reasoning module, giving both reasoning
process and results.

4.3 Main results

Comparison with Instruction Prompting and
Majority Voting Approaches The experiment
results of HotpotQA, 2WikiMultiHopQA and
MuSiQue-Ans datasets on Qwen2.5-7B, GPT-40
are presented in Table 1. For MuSiQue-Answer
dataset, AnchorCoT with ranking algorithm shows
an average improvement of approximately 4% on
Qwen2.5-7B and an 12% increase on GPT-4o.
Our approach, even without ranking algorithm,
shows superior performance over existing Chain-of-
Thought approaches by a large margin. We notice
that for smaller LLMs (7B), Self-consistency CoT
showcased competitive performance over other
baselines on MuSiQue-Answer dataset, yet still sur-
passed by our approach by 0.5% on Exact Match
and 1.4% on F1 score. For HotpotQA dataset. our
method still showcases competitive performance
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compared to existing CoT approaches. On An-
chorCoT with anchor ranking algorithm, our ap-
proach surpasses CoT by approximately 5% on
Exact Match score and 8% on F1 score. On 2Wiki-
MultiHopQA dataset, our methods lead on both 2
metrics and have a gain margin of 8% on GPT-40
EM metric and F1 metric compared to CoT-SC@3,
PS and RE2. The previous instruction prompting
approaches suffer from indirect assistance in rea-
soning chain generation, while our approach pro-
vides direct guidance to step-wise generation, giv-
ing logical reasoning process and more accurate
results.

Comparison with Reasoning Path Searching
Approaches In addition to comparison experi-
ments with instruction prompting strategies, we
compared our approach with reasoning path finding
approaches including Tree-of-Thought (Yao et al.,
2023) and Graph-of-Thought (Besta et al., 2024).
Results are presented in Table 2. For Tree-of-
Thought approach, we adopt BFS-ToT algorithm as
searching strategy and set breadth limit b = 1, sam-
pling 3 votes at each reasoning step. Our approach
demonstrates its superiority over existing planning
methods ToT and GoT on the F1 metric. On EM
metric, the results of our approach surpass that of
ToT and GoT on MuSiQue Dataset and hold runner-
up in HotpotQA and 2WikiMultiHopQA EM met-
ric. Considering the computation consumption in
ToT and GoT approaches, our method presents both
better accuracy and efficiency.

Comparison with Domain-specific Approaches
We also conduct comparison experiments on
domain-specific approaches. Results are shown
in Table 3. We use the results reported in work
Huang et al. (2024); Ding et al. (2019); Li and Du
(2023); Zhao et al. (2023). Our approach has a
clear increase over domain-specific methods. To be
more specific, our approach has over 5% increase
in Exact match score on both datasets compared to
approaches using semantic graphs or relation ex-
tractions. Considering the complexity of relations
in previous approaches, LLMs might be confused
given irrelevant relation pairs, thus giving incorrect
answers. In contrast, our approach provides accu-
rate guidance for LLMs in prompt, giving clear
guidance in reasoning chain generation.

4.4 Ablation Studies

The Potential of Anchors on Multi-hop Reason-
ing We conduct experiments on the potential of

Methods HotpotQA 2WikiMHQA
EM Fl1 EM Fl1
iCAP 47.02 - 42.80 -
PCL 49.27 - 46.03 -
PEI 49.91 - 47.32 -
CogQA 12.20  35.30 - -
SG-One prompt - 27.02  47.00 57.90
SG-Multi prompt - 59.25 49.00 60.10
CoT-SC+VE (Wiki.) - - 33.10 -
CoT-SC+VE (Dataset) - - 37.20 -
Ours w/ ranking 54.54 65.19 5442 63.86

Table 3: Results of Domain-specific approaches and
AnchorCoT approach using GPT-40 model. Domain-
specific results are presented according to results in
their references. "-" denotes the metric is not available
according to their references.

Anchors HotpotQA 2WikiMHQA
EM Fl1 EM Fl1

w/o ranking 21.43 2892 3623 43.69

w/ ranking 21.84 2944 36.65 44.58

Ground truth 7541 74.33 80.02 82.16

Table 4: Results of Exact Match and F1 metric on Hot-
potQA and 2WikiMultiHopQA datasets using ground
truth anchors with correct order as reranked anchors.

anchors in improving the reasoning ability. We test
our approach on MuSiQue-Ans and 2WikiMulti-
Hop datasets by providing ground-truth anchors
with correct ranking for LLM Reasoner. The re-
sults are presented in Table 4. There are significant
improvements on both E1 and F1 metrics using
ground-truth anchors with correct ranking, which
indicates that by taking advantage of the freedom
to add control to generated anchors and by improv-
ing the generated guidance(anchors), the reasoning
performance will be better.

Efficacy of Implicit anchors In multi-hop ques-
tions, intermediate answers may not be explicitly
stated in the provided contexts, which are called
implicit anchors. Take, for instance, the question
"What is the month following the 2025 US Presi-
dential Inaugural Ceremony?" for example. Here,
the model should intuitively know that the month
following January is February, even if this informa-
tion isn’t directly supplied in the context. This is
where implicit anchors become crucial, as they can
effectively guide the CoT reasoning process step
by step. These implicit anchors provide additional
guidance beyond the original context, which is vital
for the reasoning steps.
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Model Ranking MuSiQue-Ans 2WikiMHQA
Algorithm hit@2 hit@3 hit@5 hit@10 hit@2 hit@3 hit@5 hit@10
Qwen2.5-7B  w/o 18.73 2693 3537 40.78 20.18 2891  37.59 39.83
w/ 19.81 27.63 3597 41.18 2047 2894 37.67 40.23
Qwen2.5-14B  w/o 16.02 21.75 2940 4191 19.32  27.65 33.86 44.69
w/ 16.37 23.14 2752  41.05 19.04 27.77 35.08 45.88
GPT-40 w/o 28.55 41.19 5147 52.30 27.30 39.01 47.17 51.43
w/ 30.34 4225 51.53 5230 29.06 39.87 47.87 51.43

Table 5: Results of anchor hit ratio on MuSQue-Ans dev and WikiMultiHopQA dataset. Both of the datasets provide

intermediate answers to sub-questions. w/o denotes without ranking algorithm.

CoT Reranking MuSiQue-Ans HotpotQA 2WikiMHQA
EM F1 EM F1 EM F1
w/o  w/o 15.02 23.03 4623 53.68 20.80 29.01
w/o w/ 1496 2327 3897 46.52 20.07 26.77
w/ w/o 1825 2545 5594 64.05 2030 28.32
w/ w/ 21.84 2944 5622 6539 36.65 44.58

Table 6: Ablation study on ranking algorithm and Chain-of-Thought generation strategy.

In this section, we evaluate the efficacy of im-
plicit anchors by using only explicit anchors for
reasoning guidance. Results are presented in Ta-
ble 7. Results demonstrate that introducing implicit
anchors can help to improve the performance.

Implicit MuSiQue-Ans HotpotQA 2WikiMHQA

Anchor 0" Rl EM  FI  EM  FI
wio 1847 2480 5350 6147 3134 39.71
wi 21.84 2944 5622 6539 36.65 44.58

Table 7: Ablation study on the efficacy of implicit pre-
dicted anchors. The LLMs generate the final answer
only with anchors that appears in the context under "w/o
Implicit Anchor" setting.

Effectiveness of Anchor Ranking Algorithm
As reasoning process depends heavily on the logic
sequence, we add anchor ranking before they are
added in the final prompt. In addition to the eval-
uation of anchor ranking using final accuracy as
metric, we further investigate anchor prediction
using hit@k metric. Hit@k denotes the ratio of
successfully predicted anchors in top k predictions
to the number of all ground truth anchors. We test
hit ratio on Qwen2.5-7B, 14B and GPT-40 mod-
els. As shown in Table 1, the results of Anchor-
CoT reasoning with ranking algorithm shows supe-
rior performances by 1-2% on EM and F1 metrics.
Specifically, we investigate into top 10 predicted

anchors, which is actually larger than the number
of reasoning steps in these datasets.

Results are presented in Table 5. The result
demonstrates that anchor ranking algorithm im-
proves the order of anchors on different hops, thus
facilitates reliable reasoning chain generation. Our
experiment on 7B and 14B model shows that even
a small model has the potential to predict logical
anchor correctly. For GPT-40 model, our rank-
ing algorithm improves hit@2 metric by a mar-
gin of 1.8%, while the increase shrink to 1.0%
in hit@3. The hit ratio eventually maintains the
same as the approach without ranking algorithm at
hit@10. Specifically, we can expect better predic-
tion of anchors in first steps of reasoning chain. We
notice that hit@2 of Qwen2.5 7B model is larger
than that of 14B model, while for overall anchor
prediction (hit@10), larger model has a better per-
formance.

We also compare our algorithm with other rank-
ing algorithms. We compare our results with LLM
as ranker and RankZephyr(Pradeep et al., 2023)
ranker. Results are presented in Table 8. Th results
demonstrate that our method outperforms the LLM
Ranker across all hit ratios. In comparison with
RankZephyr, our strategy demonstrates superior
results in hit@2 and hit@3, although RankZephyr
outperforms our algorithm in hit@5 and hit@ 10
marginally. Given that the majority of multi-hop
questions involve fewer than 5 hops (with the
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MuSiQue dataset only containing questions up to
4 hops), our ranking approach remains highly com-
petitive.

Methods hit@2 hit@3 hit@5 hit@10
LLM as Ranker 1898 2599  33.56 36.51
RankZephyr 20.01  27.54  38.46 40.54
Ours 2047 2894 37.67 40.23

Table 8: Hit ratios of different ranking strategy. Con-
ducted on 2WikiiMultiHopQA dataset using Qwen2.5-
7B-instruct model. For RankZephyr we use rank-zephyr-
7b-v1-full model.

Importance of Chain-of-Thought Answer Gen-
eration In the last stage, we add anchors to
the prompt and ask LLMs to generate chain-of-
thought deduction chain with final answer wrapped
in brackets. In this way, the model will take ad-
vantage of anchors as step-wise inference guidance
and find final answer along with reasoning chain.
In order to illustrate the importance of employing
chain-of-Thought strategy in answer generation,
we force the model to output the answer directly
without CoT strategy in our approach. Experiment
results are shown in Table 6. Of all four settings,
CoT with ranking algorithm yields the best results.
For reasoning with CoT without ranking procedure,
the overall performance maintains close to that of
the previous setting on MuSiQue and HotpotQA
datasets, while having poor performance on 2Wiki-
MultiHop dataset. The results demonstrate that
Chain-of-Thought generation strategy is crucial to
the performance of AnchorCoT. Given a sequence
of anchors as deduction guidance, LLMs unfolds
their reasoning ability better along with reasoning
chain. Otherwise, LLMs will recognize reason-
ing with anchors as a choice task, in which models
choose one of the anchors as the answer without de-
duction process, thus leading to poor performance,
as w/o CoT w/ ranking and w/o CoT w/o ranking
shown in Table 6.

5 Conclusion

In this paper, we introduced AnchorCoT, a novel
Chain-of-Thought designed for multi-hop question
answering. Our approach facilitates logical rea-
soning chain generation by providing intermediate
answers as step-wise guidance. We conduct ex-
tensive experiments on MuSiQue, HotpotQA and
2WikiMultiHopQA datasets on both open-source
models and GPT-40. Our approach exhibits su-

perior performance over other existing multi-hop
reasoning methods, including instruction prompt-
ing, reasoning path searching and domain-specific
methods. We hope our method will be applied in
question answering to improve LLM performance
in various multi-hop reasoning tasks.

6 Limitations

Our approach has limitations under certain circum-
stances. First, anchor prediction may not always
be accurate, and the predicted anchors might not
provide sufficient guidance for effective model rea-
soning. Second, our model is specifically designed
for logical reasoning and relies on external context
provided via prompts. It may not perform well
in symbolic reasoning tasks or when reasoning de-
pends on internal knowledge without sufficient con-
textual input. In future work, we plan to investigate
methods to improve anchor prediction accuracy and
explore approaches for symbolic reasoning that do
not rely on explicit prompts.
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A Detailed Prompts

A.1 Anchor Prediction Prompt Template

In anchor prediction step, LLMs are required to
generate candidate anchors. The type of candidate
anchors are limited within entity types introduced
in Appendix B. Moreover, we also add constraints
on the number of anchors between 2 and 10, be-
cause the questions in multi-hop datasets involve
2 questions steps at least. Answers are wrapped in
brackets in the output. Prompts are presented in
Prompt Template 1.

A.2 Anchor Generation Prompt Template

In anchor generation step, the models are required
to solve the question step by step under the guid-
ance of reranked anchors. Prompts are presented
in Prompt Template 2.

B Anchor constraints

The legal anchor types in AnchorCoT are presented
in Table 9.

C Anchor Ranking Algorithm

The Anchor ranking algorithm is illustrated in Al-
gorithm 1.
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Type Description

PERSON People, including fictional

GPE Countries, cities, states

EVENT Named hurricanes, battles, wars, sports
events, etc

FAC eBtt:nldmgs, airports, highways, bridges,
Non-GPE locations, mountain ranges,

LOC .
bodies of water

PRODUCT Objects, Yehlcles, foods, etc.
(Not services.)

ORG Companies, agencies, institutions, etc

NORP Nationalities or religious or political
groups

LANGUAGE Any named language

LAW Named documents made into laws

WORK_OF_ART Titles of books, songs, etc

Table 9: Constrains of anchor types from Named Entity
Recognition in SpaCy package.

Algorithm 1: Anchor Ranking Algorithm

Input: Multi-hop question: ¢; Anchor
candidates: A,;, LLM M
Output: Ranked anchors A/q

Get embeddings of ¢ and Ay: e(q), e(Ay).
Initialize question embedding ey < e(q).
while A4, has candidate(s) do
Initialize next anchor a; <— A4[0]
Initialize score s +— —o0.
foreach e(ay) € e(4,) do
if s < —[le(a;) + e(q) — e(ax)|2
then
L s < —le(ai) +e(q) — e(ar)ll2
a; < a

Add a; to A;; Remove aj, from A,.
| eo « eo+e(ag).

!
return Aq.

D Implementation Details

Number of anchors predicted We first predict
potential intermediate answers as reasoning an-
chors. The number of anchors vary from 2 to 10
in order to avoid direct answering and complicated
reasoning guidance.

LLM Output format In anchor prediction step,
the predicted anchors are wrapped in brackets
and are separated by commas, as shown in Ap-
pendix E. In answer generation step, the final an-
swer is also wrapped in brackets. We extract the
content wrapped in the last brackets as the final
answer. We use regular expression for anchor ex-

traction and final answer extraction.

E Case Study

We pick up one example using GPT-40 on
MuSiQue-Ans dataset to illustrate our framework,
as shown in Figure E and Figure E. Responses from
LLM are bold and colored in blue. Anchors pre-
dicted by anchor prediction module are reranked
by anchor ranking algorithm and added to prompt
in answer generation stage.
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Prompt Template 1: Anchor prediction

Instruction:

1. Given a question and context paragraphs, identify and list explicit and implicit anchors that could
be useful in answering the question step-by-step.

2. The anchors can include: <anchor types>

3. Each identified anchor must be wrapped in brackets ().

4. Only output the final list of anchors without explanations or intermediate commentary.

5. The number of anchors should not be greater than 10 and should not be less than 2.

6. All the anchors should be useful in reasoning step. Do not list irrelevant anchors.

Example:

Context: <statement 1> , <statement 2>, <statement 3> ...
Question: <example question>

Anchors: <anchor 1>, <anchor 2>, ...

Your Task:

Use the format and methodology in the example to solve the following question based on the provided
context.

Context: <statement 1> , <statement 2>, <statement 3> ...

Question: <question>

Anchors:

Prompt Template 2: Anchor generation

Instruction:

1. Given key anchors of the question and context paragraphs, generate the answer to the question by
thinking step by step.

2. The anchors are listed in terms of the order of solving the question step by step.

3. Answer must be wrapped in brackets ().

Example:

Context: <statement 1> , <statement 2>, <statement 3> ...

Question: <example question>

Anchors: <anchor 1>, <anchor 2>, ...

Answer: <Chain-of-Thought Answer with final answer wrapped by bracket ()>

Your Task:

Use the format and methodology in the example to solve the following question based on the provided
context.

Context: <statement 1> , <statement 2>, <statement 3> ...

Question: <question>

Anchors: <anchor 1>, <anchor 2>, ...

Answer:
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Example 1: Anchor prediction

Instruction:

1. Given a question and context paragraphs, identify and list explicit and implicit anchors that could be useful in answering
the question step-by-step.

2. The anchors can include: People, including fictional, Countries, cities, states, Named hurricanes, battles, wars, sports
events, etc, Buildings, airports, highways, bridges, etc, Non-GPE locations, mountain ranges, bodies of water, Objects,
vehicles, foods, etc. (Not services.), Companies, agencies, institutions, etc, Nationalities or religious or political groups,
Any named language, Named documents made into laws, Titles of books, songs, etc.

3. Each identified anchor must be wrapped in brackets ().

4. Only output the final list of anchors without explanations or intermediate commentary.

5. The number of anchors should not be greater than 10 and should not be less than 2.

6. All the anchors should be useful in reasoning step. Do not list inrelevant anchors.

Example:

Context: 1. In Indiana, alcohol may be sold only to those 21 years of age or older during the hours 7 a.m. to 3 a.m.

2. Sanford H. Calhoun High School is a public high school located in Merrick, New York.

3. Greenfield-Central High School is a secondary school (grades 9-12) located in the city of Greenfield, Indiana.

4. In high school, Jess Fink began reading comics and then manga. She cites Molly Keily and Art Spiegelman as influences.
Question: What time does the state where Greenfield-Central High is stop selling booze?

Anchors: (Indiana), (3 a.m.), (3 A.M.)

Your Task:

Use the format and methodology in the example to solve the following question based on the provided context.

Context:

1. The dynasty regrouped and defeated the Portuguese in 1613 and Siam in 1614. It restored a smaller, more manageable
kingdom, encompassing Lower Myanmar, Upper Myanmar, Shan states, Lan Na and upper Tenasserim. The Restored
Toungoo kings created a legal and political framework whose basic features would continue well into the 19th century.
The crown completely replaced the hereditary chieftainships with appointed governorships in the entire Irrawaddy valley,
and greatly reduced the hereditary rights of Shan chiefs. Its trade and secular administrative reforms built a prosperous
economy for more than 80 years. From the 1720s onward, the kingdom was beset with repeated Meithei raids into Upper
Myanmar and a nagging rebellion in Lan Na. In 1740, the Mon of Lower Myanmar founded the Restored Hanthawaddy
Kingdom. Hanthawaddy forces sacked Ava in 1752, ending the 266-year-old Toungoo Dynasty.

2. Somalis (Somali: Soomaali) are an ethnic group inhabiting the Horn of Africa (Somali Peninsula). The overwhelming
majority of Somalis speak the Somali language, which is part of the Cushitic branch of the Afro-Asiatic family. They are
predominantly Sunni Muslim. Ethnic Somalis number around 16-20 million and are principally concentrated in Somalia
(around 12.3 million), Ethiopia (4.6 million), Kenya (2.4 million), and Djibouti (464,600), with many also residing in parts
of the Middle East, North America and Europe.

3. Djibouti ( (listen) jih-BOO-tee; Afar: Yibuuti, French: Djibouti, Somali: Jabuuti, officially the Republic of Djibouti) is a
country located in the Horn of Africa. It is bordered by Eritrea in the north, Ethiopia in the west and south, and Somalia in
the southeast. The remainder of the border is formed by the Red Sea and the Gulf of Aden at the east. Djibouti occupies a
total area of 23,200 km?2 (8,958 sq mi). The state of Djibouti is predominantly inhabited by two ethnic groups, the Somali
and the Afar people, the Somalis being the major ethnic group of the country.

20. More than 20% of the world’s population is Muslim. Current estimates conclude that the number of Muslims in the
world is around 1,5 billion. Muslims are the majority in 49 countries, they speak hundreds of languages and come from
diverse ethnic backgrounds. Major languages spoken by Muslims include Arabic, Urdu, Bengali, Punjabi, Malay, Javanese,
Sundanese, Swahili, Hausa, Fula, Berber, Tuareg, Somali, Albanian, Bosnian, Russian, Turkish, Azeri, Kazakh, Uzbek,
Tatar, Persian, Kurdish, Pashto, Balochi, Sindhi and Kashmiri, among many others.

Question: How were the people that the Somali Muslim Ajuran Empire made coins to proclaim independence from,
expelled from the country where Mohinga is eaten?

Anchors: (Portuguese), (Somali Muslim Ajuran Empire), (Mohinga), (Myanmar), (Christian Reconquista)
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Example 2: Answer generation

Instruction:

1. Given key anchors of the question and context paragraphs, generate the answer to the question by thinking step by step.
2. The anchors are listed in terms of the order of solving the question step by step.

3. Answer must be wrapped in brackets ().

Example:

Context: 1. In Indiana, alcohol may be sold only to those 21 years of age or older during the hours 7 a.m. to 3 a.m.

2. Sanford H. Calhoun High School is a public high school located in Merrick, New York.

3. Greenfield-Central High School is a secondary school (grades 9-12) located in the city of Greenfield, Indiana.

4. In high school, Jess Fink began reading comics and then manga. She cites Molly Keily and Art Spiegelman as influences.
Question: What time does the state where Greenfield-Central High is stop selling booze?

Anchors: (Indiana), (3 a.m.), (3 A.M.)

Answer: Greenfield-Central High School is located in Indiana. In Indiana, alcohol is stopped selling after 3 a.m. Therefore,
the answer is (3 a.m.).

Your Task:

Use the format and methodology in the example to solve the following question based on the provided context.

Context:

1. The dynasty regrouped and defeated the Portuguese in 1613 and Siam in 1614. It restored a smaller, more manageable
kingdom, encompassing Lower Myanmar, Upper Myanmar, Shan states, Lan Na and upper Tenasserim. The Restored
Toungoo kings created a legal and political framework whose basic features would continue well into the 19th century.
The crown completely replaced the hereditary chieftainships with appointed governorships in the entire Irrawaddy valley,
and greatly reduced the hereditary rights of Shan chiefs. Its trade and secular administrative reforms built a prosperous
economy for more than 80 years. From the 1720s onward, the kingdom was beset with repeated Meithei raids into Upper
Myanmar and a nagging rebellion in Lan Na. In 1740, the Mon of Lower Myanmar founded the Restored Hanthawaddy
Kingdom. Hanthawaddy forces sacked Ava in 1752, ending the 266-year-old Toungoo Dynasty.

2. Somalis (Somali: Soomaali) are an ethnic group inhabiting the Horn of Africa (Somali Peninsula). The overwhelming
majority of Somalis speak the Somali language, which is part of the Cushitic branch of the Afro-Asiatic family. They are
predominantly Sunni Muslim. Ethnic Somalis number around 16-20 million and are principally concentrated in Somalia
(around 12.3 million), Ethiopia (4.6 million), Kenya (2.4 million), and Djibouti (464,600), with many also residing in parts
of the Middle East, North America and Europe.

3. Djibouti ( (listen) jih-BOO-tee; Afar: Yibuuti, French: Djibouti, Somali: Jabuuti, officially the Republic of Djibouti) is a
country located in the Horn of Africa. It is bordered by Eritrea in the north, Ethiopia in the west and south, and Somalia in
the southeast. The remainder of the border is formed by the Red Sea and the Gulf of Aden at the east. Djibouti occupies a
total area of 23,200 km2 (8,958 sq mi). The state of Djibouti is predominantly inhabited by two ethnic groups, the Somali
and the Afar people, the Somalis being the major ethnic group of the country.

20. More than 20% of the world’s population is Muslim. Current estimates conclude that the number of Muslims in the
world is around 1,5 billion. Muslims are the majority in 49 countries, they speak hundreds of languages and come from
diverse ethnic backgrounds. Major languages spoken by Muslims include Arabic, Urdu, Bengali, Punjabi, Malay, Javanese,
Sundanese, Swahili, Hausa, Fula, Berber, Tuareg, Somali, Albanian, Bosnian, Russian, Turkish, Azeri, Kazakh, Uzbek,
Tatar, Persian, Kurdish, Pashto, Balochi, Sindhi and Kashmiri, among many others.

Question: How were the people that the Somali Muslim Ajuran Empire made coins to proclaim independence from,
expelled from the country where Mohinga is eaten?
Anchors: (christian reconquista),(mohinga),(portuguese),(somali muslim ajuran empire),(myanmar)

Answer: The context indicates that the Portuguese were expelled during the Christian Reconquista from the region
that eventually became independent. Mohinga is associated with Myanmar, and the Somali Muslim Ajuran Empire
is noted for its defiance of the Portuguese. Therefore, the answer is: The Portuguese, who were expelled during the
Christian Reconquista, are related to the history of the region. Mohinga is a dish from Myanmar, and the Somali
Muslim Ajuran Empire made coins to proclaim independence from the Portuguese. Thus, the Portuguese were not
expelled from Myanmar but from the region during that historical context. Therefore, the answer is (Myanmar).
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