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Abstract

Recently, Chain-of-Thought (CoT) prompting001
has delivered success on complex reasoning002
tasks, which aims at designing a simple prompt003
like “Let’s think step by step” or multiple in-004
context exemplars with well-designed ratio-005
nales to elicit Large Language Models (LLMs)006
to generate intermediate reasoning steps. How-007
ever, the generated rationales often come with008
hallucinations, making unfactual and unfaithful009
reasoning chains. To mitigate this brittleness,010
we propose a novel Chain-of-Knowledge (CoK)011
prompting, where we aim at eliciting LLMs to012
generate explicit pieces of knowledge evidence013
in the form of structure triple. This is inspired014
by our human behaviors, i.e., we can draw a015
mind map or knowledge map as the reasoning016
evidence in the brain before answering a com-017
plex question. Benefiting from CoK, we addi-018
tionally introduce a F2-Verification method to019
estimate the reliability of the reasoning chains020
in terms of factuality and faithfulness. For the021
unreliable response, the wrong evidence can be022
indicated to prompt the LLM to rethink. Exten-023
sive experiments demonstrate that our method024
can further improve the performance of com-025
monsense, factual, symbolic, and arithmetic026
reasoning tasks 1.027

1 Introduction028

Large Language Models (LLMs) have succeeded029

in advancing the state-of-the-arts for many Nat-030

ural Language Processing (NLP) tasks (Brown031

et al., 2020; Rae et al., 2021; Thoppilan et al., 2022;032

Chowdhery et al., 2022; Scao et al., 2022; Zhang033

et al., 2022b; Bai et al., 2022; Touvron et al., 2023,034

inter alia), benefiting from the ultra-large-scale035

training corpora and computation resources. To036

unleash the LLMs’ power of adaptation on unseen037

tasks without any parameter updates, in-context038

learning (ICL) has become one of the flourishing039

1The code and data are available at https://anonymous.
4open.science/r/Chain-of-Knowledge-36EE.

research topics, aiming at generating the prediction 040

by conditioning on a few labeled exemplars (Fig- 041

ure 1 (a)) (Shin et al., 2022; Zhao et al., 2021; Liu 042

et al., 2022; Lu et al., 2022; Dong et al., 2023). 043

A series of recent works have explored that 044

LLMs can spontaneously decompose the complex 045

multi-step problem into intermediate reasoning 046

chains , elicited by a simple prompt like “Let’s 047

think step by step” or well-designed demonstra- 048

tions with human-annotated rationales, which are 049

called chain-of-thought (CoT) prompting (Figure 1 050

(b)) (Wei et al., 2022; Kojima et al., 2022; Wang 051

et al., 2023c; Zhou et al., 2023; Yao et al., 2023b). 052

This finding is intriguing and has been sensational 053

because CoT may mainly specify an output space/- 054

format that regularizes the model generation to look 055

step-by-step while being in order and relevant to 056

the query (Wang et al., 2023a; Min et al., 2022b). 057

Despite impressive performances, current LLMs 058

are susceptible to generating hallucination (Ji et al., 059

2023; Zhang et al., 2023a), along with providing 060

unfactual or unfaithful reasoning chains that in- 061

evitably lead to a wrong conclusion (Wang et al., 062

2023b). Take Figure 1 as an example. Given a 063

query “Is the following sentence plausible ‘Der- 064

rick White backhanded a shot.’” from Strate- 065

gyQA (Geva et al., 2021), the standard ICL and 066

CoT make a wrong answer. One of the reasoning 067

steps “Derrick White is most likely a hockey” is 068

fake (In fact, Derrick White is a basketball player), 069

making the unfactual inference towards the ques- 070

tion. In addition, the response may be unfaithful 071

when the LLM generates logically sound reasoning 072

chains while still providing an incorrect answer. 073

To address these concerns, we propose a novel 074

Chain-of-Knowledge (CoK) prompting method 075

to boost the LLM’s reasoning capability by a se- 076

ries of exemplars that combine explicit structure 077

knowledge evidence with textual explanations. To 078

elaborate, CoK prompting consists of two composi- 079

tions (Figure 1 (c)), i.e., evidence triples (CoK-ET) 080
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Input

Evidence triples: 
1. (Derrick White, isA, basketball player) 
2. (backhanded shot, is commonly used in, hockey or tennis) 

Explanation hints: Backhanded shot is commonly used in
hockey or tennis, but not in basketball. 

A: No. ✅

Q: Is the following sentence plausible? 'Joao Moutinho was out
at third.' 

Evidence triples: 
1. (Joao, isA, soccer player) 
2. (being out at third, is part of, baseball) 

Explanation hints: Being out at third is part of baseball, yet,
Joao Moutinho is a soccer player. 

A: No. 

Q: Is the following sentence plausible? 'Derrick White
backhanded a shot.' 

Output

Input

A: Yes. ❌

Q: Is the following sentence plausible?
'Joao Moutinho was out at third.' 

A: No. 

Q: Is the following sentence plausible?
'Derrick White backhanded a shot.' 

Output

Input

A: Yes, it is plausible. This sentence
suggests that Derrick White, who is
most likely a basketball or hockey
player, made a backhanded shot
attempt. ❌

Q: Is the following sentence plausible?
'Joao Moutinho was out at third.' 

Joao Moutinho is a soccer player.
Being out at third is part of baseball,
not soccer. 

A: No. 

Q: Is the following sentence plausible?
'Derrick White backhanded a shot.' 

Output

(a) Standard ICL Prompting (b) Chain-of-Thought Prompting (c) Ours: Chain-of-Knowledge Prompting

Figure 1: Comparison of three prompting methods: (a) ICL, (b) Chain-of-Thought (CoT), and (c) Chain-of-
Knowledge (CoK) solving a StrategyQA question.

and explanation hints (CoK-EH), where CoK-ET is081

a list of structure triples can reflect the overall rea-082

soning evidence from the query towards the answer083

and CoK-EH is the explanation of this evidence.084

To construct in-context exemplars with the CoK085

prompt, we first sample K labeled examples and086

each of them can be concatenated with a simple087

hint “Let’s think step by step” to prompt the LLM088

to generate reasoning chains. Then, we retrieve089

some structure triples from the external knowledge090

base (KB) and judiciously manually annotate evi-091

dence triples to obtain a well-designed CoK prompt.092

Like standard ICL and CoT, the CoK prompt can093

be perceived as a rule that regularizes the output094

space/format and urges LLMs to generate explicit095

evidence instead of only attempting to generate096

vague textual reasoning chains. Furthermore, we097

also propose an F2-Verification strategy to estimate098

the reliability of the reasoning chains in terms of099

factuality and faithfulness, where factuality is the100

quantification of the matching degree between rea-101

soning evidence and ground-truth knowledge, and102

faithfulness is the consistency degree between rea-103

soning evidence and the textual explanation with104

the final answer. Particularly for the unreliable105

response, the wrong pieces of evidence can be indi-106

cated to prompt the LLM to rethink this problem.107

We design a rethinking algorithm to reach this goal.108

We have conducted empirical evaluations across109

various reasoning tasks (e.g., commonsense, fac-110

tual, arithmetic, and symbolic), showing that CoK111

prompting with F2-Verification can significantly112

outperform standard ICL and CoT prompting. We113

also integrate CoK prompting with some prevailing 114

strategies, such as self-consistency. The results in- 115

dicate that such CoK can serve as a plug-and-play 116

module to further improve reasoning ability. 117

2 Related Work 118

Prompting for LLMs with in-context learning. 119

In-Context Learning (ICL) is the task of causal 120

language modeling, allowing LLMs to perform 121

zero/few-shot learning with a well-designed text- 122

based prompt (Brown et al., 2020; Chowdhery 123

et al., 2022; Touvron et al., 2023; Thoppilan et al., 124

2022; Dong et al., 2023). ICL can bypass the model 125

parameter update and achieve the salient perfor- 126

mance by conditioning on a few labeled examples. 127

Previous works have explored some impact facets 128

of ICL. For example, the input-output mapping and 129

the template format (Pan et al., 2023; Min et al., 130

2022b; Yoo et al., 2022), the different selection and 131

permutations of the exemplars (Lu et al., 2022). To 132

improve ICL’s effectiveness, some novel methods 133

have been proposed, involving meta-learning (Chen 134

et al., 2022; Min et al., 2022a), prompt and exem- 135

plars engineering (Liu et al., 2022, 2023). 136

Chain-of-thought prompting elicits reasoning. 137

Recently, CoT prompting has been presented to 138

leverage reasoning and interpretable information 139

to guide LLMs to generate reliable and explain- 140

able responses (Wei et al., 2022). A series of 141

CoT-enhanced methods are proposed to further im- 142

prove the reasoning ability (Kojima et al., 2022; 143

Huang et al., 2022; Wang et al., 2023c; Si et al., 144
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Q: Is the following sentence
plausible? 'Joao Moutinho
was out at third.'
A: Let's think step by step. 

Exemplar #1

        LLM

Retrieving

Zero-shot Reasoning

Chain-of-Thought

Knowledge Base

Chain-of-Knowledge
Exemplar #1
Q: Is the following sentence plausible? 'Joao Moutinho
was out at third.'


Evidence triples:

1. (Joao, isA, soccer player)

2. (being out at third, is part of, baseball)


Explanation hints: Being out at third is part of baseball,
yet, Joao Moutinho is a soccer player.


A: No.




Exemplar


# 1



Exemplar


# 2



Exemplar


# K
...

Q: Is the following sentence plausible?
'Derrick White backhanded a shot.'

Test Example

        LLM

Evidence triples: 
1. (Derrick White, isA, basketball player) 
2. (backhanded shot, is commonly used
in, hockey or tennis) 

Explanation hints: Backhanded shot is
commonly used in hockey or tennis, but
not in basketball. 

A: No.

Output

Exemplars Construction Chain-of-Knowledge Reasoning F2-Verification

Factuality Verification

Knowledge Base

1. (Derrick White, isA, bask-
etball player) 

2. (backhanded shot, is co-
mmonly used in, hockey or
tennis) 

✅

✅

 Faithfulness Verification 0.9

1.0

No.

If reliable,

If unreliable,

output the answer.

let's rethink.

Prompt

Annotators

Figure 2: The proposed framework. We first construct exemplars with chain-of-knowledge (CoK) prompts. Then,
the CoK prompts can be indicated to let the LLM generate reasoning chains, including evidence triples, explanation
hints, and the final answer. At last, we estimate the reliability of reasoning chains in terms of factuality and
faithfulness, and the unreliable ones will be rethought.

2022; Wang et al., 2022; Zhou et al., 2023; Zhang145

et al., 2023b; Fu et al., 2023; Besta et al., 2023).146

For example, Wang et al. (2023c) introduce Self-147

consistency to suppress the wrong rationales prob-148

lem by marginalizing out the sampled reasoning149

paths to find the most consistent answer. Fu et al.150

(2023) and Besta et al. (2023) proposed logical151

thinking graph to let LLMs better reasoning. (Lyu152

et al., 2023) translates the complex problem into153

interleaved natural language or programming lan-154

guage to make the reasoning chains faithful. (Li155

et al., 2023) and (Yao et al., 2023a) introduce156

coarse or fine-grained labels to verify the reasoning157

chains. Differently, we focus on alleviating the hal-158

lucination in terms of the factuality and faithfulness159

of the reasoning chains.160

3 Methodology161

The generated reasoning chains elicited by CoT162

prompting sometimes come with mistakes, ulti-163

mately leading to hallucinated answers. We at-164

tribute this challenge to the textual reasoning chain:165

LLMs may forcibly generate a textual rationale that166

conforms to the prompt format of CoT but is log-167

ically ambiguous and reaches the wrong answer.168

To address this challenge, we provide our specific169

solution on how to boost LLM’s reasoning ability170

in two corners: elicitation format of the prompt171

and knowledge-enhanced post-verification. The172

overview of the framework is shown in Figure 2. 173

3.1 Chain-of-Knowledge Prompting 174

It is widely recognized that reasoning can be mod- 175

eled as induction and deduction on the existing 176

knowledge system (Goswami, 2002). This is in- 177

spired by human behaviors that draw a mind map 178

or knowledge map to analyze the question and find 179

the correct path to the answer. Fortunately, we can 180

adopt the concept of the triple in the KB, which 181

can be viewed as a “(subject, relation, object)”, 182

to formalize the explicit evidence of the reason- 183

ing chains. To elaborate, we propose Chain-of- 184

Knowledge (CoK) prompting to facilitate a better 185

elicitation prompt for LLMs, which consists of two 186

main ingredients, i.e., evidence triples (CoK-ET) 187

and explanation hints (CoK-EH). CoK-ET repre- 188

sents a list of multiple triples and each of them 189

represents the knowledge evidence probed from 190

LLMs to support the step-by-step thinking process. 191

CoK-EH denotes the explanation of the reasoning 192

chain, which is similar to CoT. Take Figure 1 as an 193

example, we can urge the LLM to generate explicit 194

shreds of evidence to support the final answer. 195

3.2 Exemplars Construction 196

Building upon the insights of previous stud- 197

ies (Zhang et al., 2023b; Min et al., 2022b; Wang 198

et al., 2023c), the performance of ICL hinges on 199

the annotated rationale. This indicates that the 200
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key challenge of CoK prompting lies in construct-201

ing textual rationales with their structure evidence202

triples. As shown in Figure 2, we first perform203

exemplars construction to obtain a well-designed204

task-specific prompt. Specifically, we follow (Wei205

et al., 2022; Wang et al., 2023c) to randomly se-206

lect K questions as the basic demonstrations. To207

automatically obtain CoK-EH, we follow (Kojima208

et al., 2022) to generate a textual rationale for each209

question via zero-shot CoT with a simple prompt210

“Let’s think step by step”. Another challenge is how211

to obtain annotated CoK-ET that better expresses212

the textual rationale. To figure it out, we first fol-213

low (Pan et al., 2022) to construct a KB K from214

six domains, involving dictionary, commonsense,215

entity, event, script, and causality, which are in the216

form of triple. We then directly use the retrieving217

tool proposed by (Pan et al., 2022) to retrieve some218

candidate triples. Finally, we invite 5 people as219

professional annotators to manually design the cor-220

responding CoK-ET based on the retrieved triples 2.221

More details can be found in Appendix D.1.222

3.3 F2-Verification223

After the exemplars construction, we can obtain K224

annotated data E = {(Qi, Ti, Hi, Ai)}Ki=1. Sym-225

bolically, Qi, Hi and Ai represent the input query,226

the explanation hint, and the final answer of the227

i-th exemplar, respectively; each of them is the228

token sequence. Ti denotes the list of evidence229

triples, which contains multiple knowledge triples,230

i.e., Ti = {(sij , rij , oij)}j , where sij , rij and oij231

are subject, relation and object, respectively. Given232

a test query input Q̂i, we can directly choose one233

permutation of E and concatenate them with this234

test query into a linear sequence Îi = [E ; Q̂i] to235

prompt the LLM to generate the prediction, i.e.,236

ŷik = argmaxσ(ŷi(≤k)) P (y|ŷi(<k), E , Q̂i), where237

P (y|·) is the prediction distribution, ŷik is the k-238

th token, σ(·) denotes the decoding strategy (e.g.,239

temperature sampling, beam search, and nucleus240

sampling), [·; ·] is the concatenation operation.241

Due to the well-designed format of the demon-242

strations, the final prediction derived from the LLM243

ŷi consists of a list of evidence triples T̂i, a se-244

quence of explanation hints Ĥi and the final answer245

2In fact, during the exemplars construction, the generated
textual reasoning chains and retrieved triples could have some
mistakes. Fortunately, we found that there is no strong con-
nection between the reasoning validity of both CoK-ET and
CoK-EH and the performance of the model predictions, which
is similar to findings in (Wang et al., 2023a). We will bring
detailed discussions at Section 4.3.

Âi. However, LLMs may generate hallucinated ra- 246

tionales, so the final answer can not be guaranteed. 247

We attribute this problem to two factors: 1) some 248

steps in the rationale may not correspond to the 249

fact, contributing to the wrongness, and 2) the re- 250

lation between the final answer and the reasoning 251

chains is still ambiguous, making the response un- 252

faithful. To alleviate these drawbacks, we propose 253

F2-Verification to estimate the answer reliability 254

towards both Factuality and Faithfulness 3. 255

Factuality Verification. We first verify the factu- 256

ality, which can be viewed as the matching degree 257

between each generated evidence triple and the 258

ground-truth knowledge from KBs 4. Concretely, 259

we first define a function fv(r̂ij |ŝij , ôij ,K) to rep- 260

resent the factuality of each evidence. We design 261

two different strategies of fv. 1) Exact verification. 262

We can retrieve all relevant triples based on the sub- 263

ject ŝij and object ôij , and then find whether the 264

generated relation r̂ij . i.e., fv(r̂ij |ŝij , ôij ,K) = 265

I((ŝij , r̂ij , ôij) ∈ K) exists. 2) Implicit verifica- 266

tion. For a triple that does not exist in KB, it 267

could be corrected. Thus, we can transform the 268

factuality verification into a graph completion task 269

that predicts whether the triple is true. For sim- 270

plicity, we use TransR (Lin et al., 2015) to pre- 271

train the KB K and use the off-the-shelf energy 272

function to assign a score for each evidence triple, 273

i.e., fv(r̂ij |ŝij , ôij ,K) = ||s(r,c)ij + rc − o
(r,c)
ij ||22 + 274

α||rc − rij ||22, where α > 0 is the balancing fac- 275

tor, || · ||22 is Frobenius norm. s(r,c)ij = sijMr and 276

o
(r,c)
ij = oijMr denote the projection representa- 277

tions of the subject sij and object oij in the relation 278

space r, respectively. sij , rij , and oij ∈ Rd are the 279

d-dimension embeddings of ŝij , r̂ij and ôij , respec- 280

tively. rc ∈ Rd is the prototype embeddings of the 281

relation r. Mr ∈ Rd×d is the trainable projection 282

matrix of relation r. We join the two strategies in 283

our framework. If the evidence triple exists in K, 284

we will use an exact verification strategy to assign 285

a score, or we use an implicit verification strategy. 286

Faithfulness Verification. As defined by (Jacovi 287

and Goldberg, 2020; Lyu et al., 2023), if the rea- 288

soning process derived from the model can accu- 289

rately be expressed by an explanation, we call it 290

3We find that (He et al., 2022) also proposed rethinking
and retrieving processes to reduce wrongness, different from
them, we focus on fine-grained detection and injection with
the proposed CoK prompt.

4We assume that the knowledge from the KB is correct and
up-to-date.
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faithful. Previous works based on chain-of-thought291

prompting are hard to verify faithfulness due to the292

lack of sufficient evidence to understand the rela-293

tion between the explanation and the answer (Ye294

and Durrett, 2022). So, we propose a faithful-295

ness verification method to find out these cases.296

Specifically, given one test query Q̂i, a list of ev-297

idence triples T̂i and the final answer Âi, we di-298

rectly concatenate them as a new sequence Ĥ ′
i.299

We leverage the pre-built sentence encoder Sim-300

CSE (Gao et al., 2021) to calculate the similarity301

between Ĥ ′
i and Ĥi. We denote this function as302

fu(Ĥi|Ĥ ′
i = [Q̂i; T̂i; Âi]) = SimCSE(Ĥi, Ĥ

′
i).303

Finally, for each query Q̂i we can obtain a score304

Ci (0 < Ci < 1) that represents whether the ratio-305

nale is reliable towards the answer:306

Ci = γ
1

|T̂i|

|T̂i|∑
j=1

fv(ŝij |r̂ij , ôij ,K)

+ (1− γ)fu(Ĥi|Ĥ ′
i = [Q̂i; T̂i; Âi]),

(1)307

where 0 < γ < 1 is the balancing factor and set to308

be 0.5 as default, |T̂i| is the number of triples.309

3.4 Rethinking Process310

F2-Verification facilitates us to ensure the factuality311

and faithfulness of the triples and explanations gen-312

erated by the model. Moreover, beyond the scope313

of verification, we can boost the performance of314

LLMs even further by employing a rethinking pro-315

cess. The algorithm pseudo-code Algorithm 1 can316

be found in Appendix A, we initialize a reliabil-317

ity threshold θ (0 < θ < 1), iteration number N ,318

and an unreliability set U . All the queries in the319

testing set Dtest are unreliable at first. For each320

query Q̂i ∈ U in the n-th iteration, we obtain CoK321

prompt Î(n)i by combining the demonstrations E322

and the query Q̂i. The prompt can be used to elicit323

the LLM to generate a list of evidence triples T̂ (n)
i ,324

explanation hints Ĥ(n)
i , and the final answer Â(n)

i .325

The proposed rethinking algorithm will allow326

the LLMs to assess the reliability of the rationales327

(i.e., T̂ (n)
i and Ĥ

(n)
i ) via calculating the score in328

Eq. 1. An entry is no longer considered unreliable329

if C(n)
i is not below the threshold θ, which subse-330

quently leads to the final answer Âi. Conversely,331

if C(n)
i fails to reach θ, we can select the evidence332

triples with lower scores and inject the correspond-333

ing correct knowledge triples from the KB into the334

CoK prompt Î(n+1)
i in the next iteration (Line 12,335

Algorithm 1) 5. This dynamic generate-evaluate 336

procedure continues until all entries in U are con- 337

sidered reliable or the maximum number of itera- 338

tions N is reached. For cases where the maximum 339

number of iterations is reached without any triples’ 340

reliability score surpassing θ, triples with the high- 341

est reliability scores will be selected for inference 342

(Line 15-17, Algorithm 1). 343

4 Experiments 344

4.1 Experimental Setups 345

Tasks and Datasets. During experiments, we 346

choose five different kinds of tasks to evaluate the 347

performance of our method. The datasets and cor- 348

responding implementation details are shown in the 349

following. 1) Commonsense & factual reason- 350

ing. We select CommonsenseQA (CSQA) (Talmor 351

et al., 2019), StrategyQA (Geva et al., 2021), Open- 352

BookQA (Mihaylov et al., 2018) the AI2 Reason- 353

ing Challenge (ARC-c) (Clark et al., 2018), sports 354

understanding from the BIG-Bench benchmark 355

(bench collaboration., 2022), and BoolQ (Clark 356

et al., 2019) for evaluating CoK on commonsense 357

and factual reasoning. 2) Symbolic reasoning. 358

Two symbolic reasoning tasks are evaluated in our 359

experiments, specifically, Last Letter Concatena- 360

tion and Coin Flip tasks (Wei et al., 2022). 3) 361

Arithmetic reasoning. We use grade school math 362

problems GSM8K (Cobbe et al., 2021), a challeng- 363

ing dataset over math word problems SVAMP (Pa- 364

tel et al., 2021), and two others AQuA (Ling et al., 365

2017), MultiArith (Roy and Roth, 2015) for math 366

problem solving tasks. 367

Implementation Details. For the LLM, we em- 368

ploy the publicly accessible GPT-3 (Brown et al., 369

2020) models, namely, gpt-3.5-turbo and text- 370

davinci-002 with 175B parameters unless other- 371

wise stated. We use greedy decoding with tempera- 372

ture 0 and max output length 512, keeping consis- 373

tent with baselines for a fair comparison. For the 374

datasets from commonsense reasoning and factual 375

reasoning, the KBs we choose are a combination 376

of Wiktionary 6, ConceptNet (Speer et al., 2017), 377

Wikidata5M (Wang et al., 2021), ATOMIC (Sap 378

et al., 2019), GLUCOSE (Mostafazadeh et al., 379

2020), ASER (Zhang et al., 2020, 2022a), and 380

CausalBank (Li et al., 2020). For the Last Letter 381

5This is similar to correcting wrong reasoning paths, we
ensure that the label is not leaked to the model.

6https://en.wiktionary.org/wiki/Wiktionary.
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Model
Commonsense & Factual Symbolic Arithmetic

Common Strategy OpenBook ARC-c Sports BoolQ Letter Coin GSM8K SVAMP AQuA MultiArith
Sense QA QA QA

Fine-tuning 91.2 73.9 91.0 75.0 - 92.4 - - 55.0 57.4 37.9 -

text-davinci-002 reasoning results

Zero-Shot SP 68.8 12.7 44.7 46.8 38.1 50.2 0.2 12.8 10.4 58.8 22.4 17.7
Zero-Shot CoT 64.6 54.8 68.4 64.7 77.5 52.7 57.6 91.4 40.7 62.1 33.5 78.7
Few-Shot SP 79.5 65.9 76.6 68.2 69.6 53.6 0.0 49.1 15.6 65.7 24.8 33.8
Manual CoT 73.5 65.4 73.0 69.9 82.4 55.0 59.0 74.5 46.9 68.9 35.8 91.7
Auto-CoT 74.4 65.4 - - - - 59.7 99.9 47.9 69.5 36.5 92.0
CoK 75.4 66.6 73.9 71.1 83.2 56.8 59.4 97.4 51.2 69.9 37.8 94.6
CoK + F2-V 77.3 67.9 74.8 73.0 84.1 59.9 61.1 - - - - -

gpt-3.5-turbo reasoning results

Manual CoT 76.5 62.6 82.6 84.9 84.0 65.1 73.0 97.4 79.1 79.5 55.1 97.3
Manual CoT + SC 78.2 63.7 85.0 86.5 86.5 66.6 74.5 99.0 87.6 85.0 66.8 98.8
ComplexCoT 75.4 62.2 - - - - - - 79.3 77.7 56.5 95.4
ComplexCoT + SC 76.0 63.0 - - - - - - 89.2 85.6 65.0 98.23
CoK 77.1 63.8 83.5 85.7 85.9 67.9 63.1 98.0 83.2 81.4 60.2 99.0
CoK + SC 78.9 65.0 86.1 87.5 87.4 69.4 68.3 99.2 88.2 86.0 69.7 99.3
CoK + F2-V 77.8 64.5 85.0 86.6 87.0 69.2 65.4 - - - - -
CoK + SC + F2-V 79.3 66.6 87.0 87.4 87.9 69.9 69.7 - - - - -

Table 1: Accuracy of gpt-3.5-turbo model over commonsense, factual, symbolic, and arithmetic reasoning tasks.

Connection task in Symbolic Reasoning, we man-382

ually construct a dictionary KB for each word in383

Wiktionary. For example, the triple of the word384

“system” is “(system, last letter, m)”. For the385

rest datasets (e.g., arithmetic reasoning and coin386

dataset), we do not perform F2-Verification because387

we can not find any KBs for these tasks. More de-388

tails is shown in Appendix D.389

Baselines. In our experiments, we first consider390

few-shot/zero-shot standard prompting (SP) pop-391

ularized by Brown et al. (2020) as the naive base-392

lines, and then some prevailing methods serve as393

strong baselines. 1) Chain-of-thought prompting394

(Few-Shot CoT & Manual CoT) (Wei et al., 2022),395

2) Zero-Shot CoT (Kojima et al., 2022), 3) Auto-396

CoT (Zhang et al., 2023b), 4) Complexity-based397

prompting (ComplexCoT) (Fu et al., 2023). We398

also integrate Self-Consistency (SC) into Manual399

CoT, ComplexCoT, and our CoK when validating400

the gpt-3.5-turbo model. The number of sampled401

reasoning paths is 10.402

4.2 Competitive Performance of CoK403

We first evaluate on commonsense and factual rea-404

soning. As shown in Table 1, we make the fol-405

lowing observations: 1) CoK prompting steadily406

exceeds the performance of the previous CoT strate-407

gies. Specifically, our method respectively achieves408

1.9%, 1.2%, 0.9%, 1.5%, 0.8%, and 1.8% im- 409

provement with text-davinvi-002, and respectively 410

achieves 0.6%, 1.2%, 0.9%, 0.8%, 1.9%, and 2.8% 411

improvement with gpt-3.5-turbo. This demon- 412

strates that the combination of explicit evidence 413

triples and explanation can boost the LLMs’ rea- 414

soning ability. This also suggests that a better elic- 415

itation format is critical for prompt-based learn- 416

ing. 2) Based on F2-Verification, the performances 417

can be further enhanced across tasks. In partic- 418

ular, the performance of CoK + F2-Verification 419

nearly approaches fine-tuning on the StrategyQA 420

and ARC-c tasks. This indicates that conduct- 421

ing post-verification and correcting false evidence 422

triples by injecting ground-truth knowledge is cru- 423

cial to the reasoning. 3) CoK steadily outperforms 424

the ComplexCoT method by a significant margin, 425

which requires a much higher computational cost 426

than our approach. 427

We also explore how can CoK prompting adapt 428

to non-knowledge-intensive tasks, such as sym- 429

bolic and arithmetic reasoning. Results in Table 1 430

suggest that CoK prompting can also make high 431

improvements on these tasks, indicating that de- 432

composing the reasoning chains into explicit triples 433

is helpful for LLMs to understand complex tasks. 434

Finally, we compare some ensemble baselines 435

with self-consistency (SC), and we find 1) self- 436

consistency can substantially improve the accuracy 437
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Figure 3: Ablation study results: accuracy when we
remove different components.
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Figure 4: Effect of wrong demonstrations with β% wrong
evidence triples.

Domain d CSQA StrategyQA OpenBookQA ARC-c

#d → #d 75.4 66.6 59.4 48.9
GSM8K→ #d 73.6 61.4 55.0 47.3

Table 2: Domain adaptation results (%). #d means the
domain of exemplars, #d → #d means the examples
sampled from the current domain, while GSM8K→ #d
means the current task use GSM8K exemplars.

on Manual CoT, ComplexCoT and CoK, 2) CoK +438

SC + F2-V achieve the best performances on most439

tasks, where SC boosts reasoning by assembling440

all reasoning paths at each rethinking iteration and441

F2-V boosts reasoning by assembling all iterations.442

4.3 Discussions443

Ablation Study. In this section, we aim to ex-444

plore how much each part of the component con-445

tributes to the performance. We perform an ab-446

lation study to see how the performance changes.447

We conduct the experiments on four tasks, includ-448

ing CSQA, ARC-c, BoolQ, and the Last Letter449

Connection. The ablation settings are shown in450

Appendix D.3. Results in Figure 3 demonstrate451

that the performance drops when removing each452

component, which shows the significance of all453

components. For CoK, we can see that the perfor-454

mance of the variant CoK w/o. ET is lower than455

CoK w/o. EH on all the tasks, which suggests456

that urging the LLM to generate explicit evidence457

triples is the most important contribution to the per-458

formance. In addition, both the evidence triples459

and explanation hints can be fully utilized in the460

rethinking process because they can guide the LLM461

to verify the reasoning chains via either factuality462

or faithfulness.463

Effect of Wrong Demonstrations. Recall the464

discussion in Section 3.2 about the demonstrations465

that may have some mistakes. To see if chain-of-466

knowledge prompting has a similar phenomenon to467

previous works (Wang et al., 2023a) that there is no468

strong connection between the validity of reasoning469

chains and the performance of model prediction.470

We perform negative random replacement when 471

constructing exemplars. Specifically, we choose 472

β% evidence triples in each in-context example 473

and replace them randomly from the KB to form 474

a wrong reasoning path. We choose five tasks and 475

draw some bar charts in Figure 4. Results illustrate 476

that the accuracy rate drops slightly as the value of 477

β increases from 0 to 100. However, even if the 478

evidence triplets are all wrong, the performance 479

will not decrease significantly. This phenomenon 480

is counter-intuitive, yet, in line with the expected 481

situation we considered before. 482

Domain Adaptation of Demonstrations. To in- 483

vestigate the adaptation of CoK prompting, for each 484

exemplar, we replace the prompt with an alterna- 485

tive exemplar from other domains. Specifically, we 486

choose CSQA, StrategyQA, OpenBookQA, and 487

ARC-c tasks from commonsense reasoning, and 488

for each task, we select the demonstrations from 489

the GSM8K task, which is very different from them. 490

The results for the domain adaptation settings are 491

shown in Table 2. The performance is exciting be- 492

cause we find the LLM can easily know how to 493

follow the chain-of-knowledge paradigm to solve 494

a new problem, although the given prompt is com- 495

pletely irrelevant. 496

Model Effectiveness To investigate the effec- 497

tiveness of CoK when applying different back- 498

bones, we extra choose gpt-4 to evaluate CSQA 499

and GSM8K. As shown in Figure 5, by compar- 500

ing with CoT and CoT+SC, CoK and CoK+SC 501

achieve average performance improvements of 502

1.6% on text-davinci-002, 1.4% on gpt-3.5-turbo 503

and 1.0% on gpt-4, indicating that CoK is adapt- 504

able to various LLMs and effectively boosts perfor- 505

mance across different backbones. 506

Prompt Engineering. In Figure 6, we analyze 507

the effectiveness of different prompt engineering 508

strategies. “Manual” denotes constructing prompt 509

via human annotation, while “Auto” means to use 510

zero-shot CoT and KB to build prompt. Results 511
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Figure 5: Comparison of CoT, CoT+SC, CoK, CoK+SC
and CoK+SC+F2-V over CSQA when using different
backbone.
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Figure 6: Performance of gpt-3.5-turbo over GSM8K
with different prompt.

demonstrate that leveraging zero-shot CoT with KB512

can reduce the variance and improve the accuracy.513

Hallucination Evaluation. To investigate the514

hallucination, we choose different faithfulness515

scores fu(·) to make the comparison. Apart from516

SimCSE, we also choose FactCC (Kryscinski et al.,517

2020) and Knowledge F1 (KF1) (Shuster et al.,518

2021). As shown in Figure 7, we choose all tasks519

from commonsense reasoning to make an evalua-520

tion. We find that our framework can achieve the521

highest accuracy on most of the tasks when using522

SimCSE as a faithfulness score, which indicates523

the effectiveness of hallucination reduction.524

Effectiveness of Rethinking Process. Recall the525

rethinking process, when the reasoning chains526

generated by the LLMs fail to pass verifications527

and the reliability score is below the threshold528

θ, we provide them with additional opportuni-529

ties to regenerate in the rethinking stage. Fig-530

ure 8 demonstrates the effectiveness over three531

tasks with different combinations of rethinking it-532

eration number N ∈ {1, 2, 3, 4, 5} and threshold533

θ ∈ {0, 0.25, 0.5, 0.75, 1.0}. From the analysis,534

we can draw some following suggestions. 1) In535

most cases, the accuracy increases a lot when the536

LLM rethinks step-by-step in the first 3 iterations.537

2) The rethinking process converges faster when538

using a smaller threshold. It is not difficult to un-539

CSQA
StrategyQA

OpenBookQAARC-c Sports BoolQ
60
65
70
75
80
85
90
95

Ac
cu

ra
cy

SimCSE FactCC KF1

Figure 7: Hallucination Evaluation of different faithful-
ness score fu(·).
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Figure 8: Effectiveness of different rethinking iteration
N and reliability threshold θ.

derstand that when the threshold is small, almost 540

all testing queries will be injected with knowledge 541

and regenerated, which is similar to the method 542

of combining self-consistency and F2-Verification. 543

Interestingly, we observe that the performance may 544

decrease by about 2% when θ < 0.25, we blame it 545

on an over-injection problem because it may inject 546

some irrelevant or inconsistent information. 547

5 Conclusion 548

We propose chain-of-knowledge prompting, which 549

aims to decompose the reasoning chains derived 550

from the LLMs into multiple evidence triples and 551

explanation hints, to further improve the reason- 552

ing capabilities. Based on the chain-of-knowledge 553

prompt, we introduce F2-Verification and fully ex- 554

ploit external knowledge bases to perform post- 555

verification for the generated reasoning chains in 556

terms of factuality and faithfulness. A rethinking 557

process then be used to inject knowledge to correct 558

the false evidence triples and elicit the LLM to re- 559

generate the answer. Our extensive results show 560

that it outperforms other prompt methods over mul- 561

tiple reasoning tasks. In the future, we will 1) fur- 562

ther improve the performance of other scale LLMs, 563

2) extend the KB to search engines to realize real- 564

time verification, and 3) perform interpretability 565

analysis on LLMs’ reasoning. 566
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Limitations567

Our work is based on prompting methods for large568

language models and achieves outstanding perfor-569

mance across several benchmarks. However, it still570

carries the following limitations: (1) The evidence571

triples in knowledge bases are finite, which might572

not ensure comprehensive coverage of the model’s573

requirements for all questions. (2) In light of the in-574

tegration of the re-thinking algorithm, CoK might575

require more API calls compared to vanilla CoT576

methods.577

Social Impact and Ethics578

In terms of social impact, the knowledge bases we579

utilize are all from publicly available data sources.580

Infusing factual knowledge into the model’s rea-581

soning process will not introduce additional bias.582

Moreover, it can to some extent prevent the model583

from providing irresponsible and harmful answers.584
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A Rethinking Algorithm1041

The rethinking algorithm is shown in 1.1042

Algorithm 1 Rethinking Process

Require: Exemplars E , testing query set Dtest ← {Q̂i}Mi=1,
KB K, iterator number N(≥ 1), reliability threshold 0 <
θ < 1.

1: Initialize an unreliability set U ← Dtest.
2: for each iteration n← 1, · · · , N do
3: for each query Q̂i in U do
4: Obtain a CoK prompt Î(n)

i . If n is 1, Î
(n)
i ←

[E ; Q̂i].
5: Generate evidence triple T̂

(n)
i , explanation hint

Ĥ
(n)
i and answer Â(n)

i from the LLM.
6: Calculate reliability score C(n)

i in Eq. 1.
7: if C(n)

i ≥ θ then
8: Obtain final answer Âi ← Â

(n)
i .

9: Remove Q̂i from U .
10: continue
11: end if
12: For the evidence triples that

fv(r̂
(n)
ij |ŝ

(n)
ij , ô

(n)
ij ,K) < θ, inject the corre-

sponding correct knowledge triples T̂ ′
i into the

prompt, i.e., Î(n+1)
i ← [Î

(n)
i ; T̂ ′

i ].
13: end for
14: end for
15: for each query Q̂i in U do
16: Obtain the final answer Âi ← argmax

Â
(n)
i

C(n)
i .

17: end for
18: return all the answers {Âi}Mi=1.

B Case Study1043

We end this section with a case study to show the1044

effectiveness of our proposed chain-of-knowledge1045

prompting and the rethinking process with F2-1046

Verification. We randomly choose two examples1047

from CSQA and Last Letter Connection tasks, and1048

the results are listed in Table 3. We can see that our 1049

proposed method can effectively generate explicit 1050

evidence triples with corresponding explanation 1051

hints, and the wrong triples can be detected through 1052

the proposed F2-Verification. During the rethink- 1053

ing process, the LLM can be guided with a new 1054

prompt with injected knowledge and then reach the 1055

correct answer. We also find the LLM can sponta- 1056

neously check whether the injected knowledge is 1057

useful for the question solution (as shown in Ap- 1058

pendix E.1), which indicates that our method can 1059

achieve meticulous injection and avoid injecting 1060

useless knowledge. 1061

C Statistics of Datasets 1062

We evaluate CoK on 12 publicly available bench- 1063

mark datasets that cover arithmetic reasoning, com- 1064

monsense reasoning, symbolic reasoning and natu- 1065

ral language understanding tasks. The statistics of 1066

the datasets are shown in Table 4. 1067

The detailed information of each dataset is 1068

shown in the follow: 1069

Commonsense & Factual reasoning 1070

• CSQA (Talmor et al., 2019): it is a com- 1071

monsense QA task and the answer format 1072

is multi-choice. The homepage is https: 1073

//www.tau-nlp.org/commonsenseqa, and 1074

https://github.com/jonathanherzig/ 1075

commonsenseqa. 1076

• StrategyQA (Geva et al., 2021): it is a 1077

commonsense QA task with Yes or No 1078

answer format. We use the open-domain 1079

setting (question-only set) from (bench 1080

collaboration., 2022): https://github. 1081

com/google/BIG-bench/tree/main/ 1082

bigbench/benchmark_tasks/strategyqa. 1083

The original dataset is from https:// 1084

github.com/eladsegal/strategyqa, MIT 1085

license: https://github.com/eladsegal/ 1086

strategyqa/blob/main/LICENSE. 1087

• OpenBookQA (Mihaylov et al., 2018): 1088

it is a multi-choice QA task to evalu- 1089

ate commonsense knowledge. The origi- 1090

nal dataset is from https://allenai.org/ 1091

data/open-book-qa. 1092

• ARC-c (Clark et al., 2018): it is 1093

a multip-choice commonsense QA 1094

task. The original dataset is from 1095
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Query Evidences Triples & Explanations Injected Knowledge Prompt Rethinking

[K exemplars]\n\n
What island country is
ferret popular? Answer
Choices: (A) own home
(B) north carolina (C)
great britain (D) hutch (E)
outdoors

A: Evidence triples: 1. (ferret, isA, animal)\n
2. (country, isA, place)\n 3. (ferret, popu-
lar, Britain)\n 4. (north carolina, located in,
Britain)\n Explanation hints: The answer must
be a place where ferrets are popular. Of the above
choices, only North Carolina is a place where fer-
rets are popular.\n So the answer is (D).

[K exemplars]\n\n What is-
land country is ferret popu-
lar? Answer Choices: (A)
own home (B) north carolina
(C) great britain (D) hutch
(E) outdoors\n (North Car-
olina, located in, US.)\n(Great
Britain, located in, Britain)

A: Evidence triples: 1. (ferret, isA, animal)\n
2. (country, isA, place)\n 3. (ferret, popular,
Great Britain)\n 4. (Great Britain, located in,
Britain)\n Explanation hints: The answer must
be a place where ferrets are popular. Of the above
choices, only North Carolina is a place where
ferrets are popular.\n So the answer is (C).

[K exemplars]\n\n
Take the last letters of
each words in “Prince
Rene Vishal Patrick” and
concatenate them.

A: Evidence triples:\n1. (Prince, last latter, e)
\n2. (Rene, last latter, e) \n3. (Vishal, last latter,
i) \n4. (Patrick, last latter, k) \n5. (final answer,
is, eelk) \n Explanation hints: The last letter of
“Prince” is “e”. The last letter of “Rene” is “e”.
The last letter of “Vishal” is “i”. The last letter of
“Patrick” is “k”. Concatenating them is “eeik”. \n
So the answer is eeik.

[K exemplars]\n\n Take the
last letters of each words in
“Prince Rene Vishal Patrick”
and concatenate them.\n
(Vishal, last latter, l)

A: Evidence triples:\n1. (Prince, last latter, e)
\n2. (Rene, last latter, e) \n3. (Vishal, last latter,
l) \n4. (Patrick, last latter, k) \n5. (final answer,
is, eelk) \n Explanation hints: The last letter of
“Prince” is “e”. The last letter of “Rene” is “e”.
The last letter of “Vishal” is “l”. The last letter of
“Patrick” is “k”. Concatenating them is “eelk”. \n
So the answer is eelk.

Table 3: Case study on CSQA and Last Letter Connection: the chain-of-knowledge prompting with the rethinking
process. The tokens in red, blue, and green respectively denote the wrong rationales, the injected knowledge, and
the corrected rationales.

Dataset Number of samples Average words Answer Format Licence

CSQA 1,221 27.8 Multi-choice Unspecified
StrategyQA 2,290 9.6 Yes or No Apache-2.0
OpenBookQA 500 27.6 Multi-choice Unspecified
ARC-c 1,172 47.5 Multi-choice CC BY SA-4.0
Sports 1,000 7.0 Yes or No Apache-2.0
BoolQ 3,270 8.7 Yes or No CC BY SA-3.0
Last Letters 500 15.0 String Unspecified
Coin Flip 500 37.0 Yes or No Unspecified
GSM8K 1,319 46.9 Number MIT License
SVAMP 1,000 31.8 Number MIT License
AQuA 254 51.9 Multi-choice Apache-2.0
MultiArith 600 31.8 Number CC BY SA-4.0

Table 4: Dataset Descriptions.

https://allenai.org/data/arc. CC BY1096

SA-4.0 license: https://creativecommons.1097

org/licenses/by-sa/4.0/.1098

• Sports understanding from BIG-Bench1099

(bench collaboration., 2022): the answer1100

format is Yes or No. Apache License v.2:1101

https://github.com/google/BIG-bench/1102

blob/main/LICENSE.1103

• BoolQ (Clark et al., 2019): it is a knowledge-1104

intensive task and the format is Yes or1105

No. The original dataset is from https://1106

github.com/google-research-datasets/1107

boolean-questions. CC BY SA-3.01108

license: https://creativecommons.org/1109

licenses/by-sa/3.0/.1110

Symbolic & Arithmetic reasoning1111

• Last Letters & Coin Flip (Wei et al., 2022)1112

are novel benchmarks to evaluate whether1113

the LLM can solve a simple symbolic rea- 1114

soning problem. The last letters dataset is 1115

from https://huggingface.co/datasets/ 1116

ChilleD/LastLetterConcat. The coin flip 1117

dataset is from https://huggingface.co/ 1118

datasets/skrishna/coin_flip. 1119

• GSM8K (Cobbe et al., 2021): https:// 1120

github.com/openai/grade-school-math, 1121

MIT license: https://github.com/ 1122

openai/grade-school-math/blob/ 1123

master/LICENSE. 1124

• SVAMP (Patel et al., 2021): https:// 1125

github.com/arkilpatel/SVAMP, MIT li- 1126

cense: https://github.com/arkilpatel/ 1127

SVAMP/blob/main/LICENSE. 1128

• AQuA (Ling et al., 2017): https: 1129

//github.com/deepmind/AQuA, license: 1130

https://github.com/deepmind/AQuA/ 1131

blob/master/LICENSE. 1132
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• Math Word Problem Repository MultiArith1133

(Roy and Roth, 2015), license: CC BY1134

4.0, dataset: https://huggingface.co/1135

datasets/ChilleD/MultiArith.1136

D Implementation Details1137

D.1 CoK Construction1138

For each dataset, we aim to construct demonstra-1139

tions with multiple well-designed exemplars. The1140

prompt example of each dataset is shown in Ap-1141

pendix F.1142

During the prompt construction, we first ran-1143

domly select multiple labeled examples from the1144

training set. For a fair comparison, we directly1145

choose the selected labeled data from (Wei et al.,1146

2022; Wang et al., 2023c; Kojima et al., 2022).1147

Specifically, we choose 8 labeled data for Coin1148

Flip, ARC-c, AQuA, GSM8K, MUltiArith, CSQA,1149

SVAMP, OpenBookQA; 4 labeled data for Last Let-1150

ter Connection; 6 labeled data for Sports, BoolQ,1151

StrategyQA.1152

For each label data, we first use zero-shot1153

CoT (Kojima et al., 2022) to perform textual rea-1154

soning chain generation. We directly connect a1155

simple prompt “Let’s think step by step.” after the1156

input query to elicit the LLM to generate rationale1157

and the final answer 7. We then remove this prompt1158

and rebuild the input query by concatenating the1159

input query and the generated textual reasoning1160

chain.1161

To construct evidence triples, we aim to retrieve1162

some relevant knowledge triples from the pre-built1163

knowledge base (as shown in Appendix D.2). Dur-1164

ing retrieval, given a textual reasoning chain (e.g.,1165

CoK-EH), we encode it with the basic sentence1166

encoder model (e.g., BERT) and then retrieve the1167

most relevant knowledge triple using the maximum1168

inner product search tool SCaNN (Guo et al., 2020).1169

Due to the retrieved knowledge triples may consist1170

of noises and redundant information. To improve1171

the reliability of the evidence triples, we have in-1172

vited five domain experts (including volunteer pro-1173

fessors and Ph.D. students from diverse research1174

areas) to manually annotate the evidence triples1175

based on the retrieved knowledge triples.1176

To improve the annotation efficiency, we also1177

employ the idea of self-training, which aims to1178

generate annotated data based on very few data.1179

7To alleviate the generation bias problem, we also use the
self-consistency decoding (Wang et al., 2023c) to sample one
rationale.

Specifically, we can first manually annotate two 1180

labeled data with evidence triples and explanation 1181

hints to form a 2-shot CoK prompt. Then, each rest 1182

labeled data is concatenated with this 2-shot CoK 1183

prompt and the LLM can generate the correspond- 1184

ing rationale and answer. Thus, we can invite these 1185

experts to verify and correct them. 1186

Finally, we obtain five different annotated 1187

demonstrations. To select the best one for each 1188

dataset, before the self-training process, we ran- 1189

domly choose some examples from the training set 1190

to form a validation set and use it to perform an 1191

evaluation. The prompt which has the best accuracy 1192

value is chosen. 1193

D.2 Knowledge Bases 1194

We follow (Pan et al., 2022) to select six knowledge 1195

bases from different domains. 1196

Dictionary We utilize lexical knowledge, which 1197

comprises definitions and example sentences of 1198

English words (e.g., < “apple”, definition, “A com- 1199

mon, round fruit ...” >) from Wiktionary 8. Specifi- 1200

cally, we use the Wiktionary dump dated April 30, 1201

2022 that contains 1.3M word definitions and 470K 1202

example sentences for 1M words/phrases. 1203

Commonsense We incorporate commonsense 1204

knowledge from ConceptNet (Speer et al., 2017), 1205

which encompasses a wide range of general daily 1206

life knowledge, for instance, < “rabbit”, Ca- 1207

pableOf, “move fast” >. We follow previous 1208

works (Zhang et al., 2020) to include the core 600K 1209

high-quality triplets. 1210

Causality The external knowledge we utilize for 1211

causality is derived from the auto-extracted causal 1212

knowledge source, CausalBank (Li et al., 2020). 1213

This database consists of large-scale English sen- 1214

tences that express cause-effect relationships, such 1215

as < “babies cry”, because, “they are lonely” >). 1216

Entity We integrate named entity knowledge in 1217

Wikidata5M (Wang et al., 2021). For each entity, 1218

the properties are collected in the format of < “Ke- 1219

pler space telescope”, Named after, “Johannes 1220

Kepler” >). Here, related sentences refer to the 1221

sentences from an entity’s own article, or the sen- 1222

tences of other articles that link to this entity. 1223

Event We take into account knowledge of every- 1224

day events, utilizing both human-constructed event 1225

8https://en.wiktionary.org/wiki/Wiktionary:
Main_Page.
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Input Response

Vanilla: Knowledge Injection before Reasoning

Q: Who plays mary jane in
spiderman 3? \n Knowledge:
(Kirsten Dunst, (actors, jk
simmons), (award received,
Milos Foreman)), (Kirsten
Dunst, actors, Kirsten Dunst,
occupation, female model)

The answer to the question is Kirsten Dunst. To explain our reasoning
with the knowledge you provided:\n - Kirsten Dunst played Mary Jane
in Spiderman 3. To confirm this information, we can look at actors who
were in Spiderman 3, and we know that J.K. Simmons was also in the
film. However, this information does not answer our question.\n - We can
also look at awards received, and we know that Milos Forman received
awards for a film he directed called "One Flew Over the Cuckoo’s Nest"
which Kirsten Dunst was not in.\n - We can look at Kirsten Dunst’s
occupation and know she is a female model, which does not help answer
our question.\n - Therefore, we can conclude that Kirsten Dunst played
Mary Jane in Spiderman 3.

Ours: Knowledge Injection after F2-Verification

Q: Who plays mary jane in
spiderman 3? \n Knowledge:
(spiderman 3, stars, kirsten
dunst)

First, we need to recall which film we’re talking about, which is Spiderman
3. \n Next, we need to think about the key players in the film, and who
played Mary Jane in that particular movie. The actress who portrayed
Mary Jane in Spiderman 3 is Kirsten Dunst.

Table 5: Performance of different knowledge injection.

knowledge graphs such as ATOMIC (Sap et al.,1226

2019) and GLUCOSE (Mostafazadeh et al., 2020),1227

as well as automatically extracted event knowledge1228

graphs like ASER (Zhang et al., 2020, 2022a).1229

Scripts Specifically, we use 325K triples that are1230

in the form of < verbal information, context, non-1231

verbal information >, where verbal information is1232

an utterance, nonverbal information can be body1233

movements, vocal tones, or facial expressions, etc.,1234

and context is the entire text of the scene from1235

which the verbal-nonverbal pair is extracted.1236

D.3 Ablation Settings1237

For the ablation study, we design six variants: 1)1238

CoK is the basic prompt without the rethinking pro-1239

cess; 2) CoK w/o. ET consists of only explanation1240

hints (is the same as CoT); 3) CoK w/o. EH only1241

has evidence triples; 4) CoK + F2-V denotes the1242

whole framework; 5) CoK + F2-V w/o. Factuality1243

aims to only use faithfulness score in the rethinking1244

process; and 6) CoK + F2-V w/o. Faithfulness1245

aims to only use a factuality score.1246

E Analysis1247

E.1 Why is verification useful?1248

We demonstrate some cases to show how the LLM1249

verifies the usefulness of the injected knowledge.1250

We use gpt-3.5-turbo model because it can solve 1251

a problem through conversation. We define two 1252

following settings. 1) Vanilla: knowledge injection 1253

before reasoning. We directly concatenate the re- 1254

lated knowledge triples with the input query, and 1255

prompt the LLM to think step by step. 2) Ours: 1256

knowledge injection after F2-Verification. We first 1257

use a CoK prompt to elicit the LLM to generate 1258

evidence triples and find error triples. Then, we cor- 1259

rect them into corresponding ground truth triples 1260

and concatenate them with the input query. 1261

As shown in Table 5, we can see that the LLM 1262

can spontaneously detect and analyze each injected 1263

triple. For example, if the knowledge triple is use- 1264

less or has no contribution to the reasoning, the 1265

LLM can talk to me about which and why are use- 1266

less (the red text in Table 5). This indicates that 1267

the knowledge provided by the traditional knowl- 1268

edge injection method is not completely useful. In 1269

contrast, our approach can accurately locate the 1270

false reasoning evidence derived from the LLM af- 1271

ter the verification stage, so as to perform targeted 1272

knowledge injection. 1273

F Exemplars with Chain-of-Knowledge 1274

Prompts 1275

The details of our prompts are shown below. 1276
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Q: Take the last letters of the words in "Elon Musk" and
concatenate them.
A: Evidence triples:
1. (Elon, last latter, n)
2. (Musk, last latter, k)
3. (final answer, is, nk)
Explanation hints: The last letter of "Elon" is "n". The last
letter of "Musk" is "k". Concatenating them is "nk".
So the answer is nk.

Q: Take the last letters of the words in "Larry Page" and
concatenate them.
A: Evidence triples:
1. (Larry, last latter, y)
2. (Page, last latter, e)
3. (final answer, is, ye)
Explanation hints: The last letter of "Larry" is "y". The last
letter of "Page" is "e". Concatenating them is "ye".
So the answer is ye.

Q: Take the last letters of the words in "Sergey Brin" and
concatenate them.
A: Evidence triples:
1. (Sergey, last latter, y)
2. (Brin, last latter, n)
3. (final answer, is, yn)
Explanation hints: The last letter of "Sergey" is "y". The last
letter of "Brin" is "n". Concatenating them is "yn".
So the answer is yn.

Q: Take the last letters of the words in "Bill Gates" and con-
catenate them.
A: Evidence triples:
1. (Bill, last latter, l)
2. (Gates, last latter, s)
3. (final answer, is, ls)
Explanation hints: The last letter of "Bill" is "l". The last letter
of "Gates" is "s". Concatenating them is "ls".
So the answer is ls.

Table 6: Examples Chain-of-Knowledge prompting for
the letter concatenation task.

Q: A coin is heads up. Ka flips the coin. Sherrie flips the coin.
Is the coin still heads up?
A: Evidence triples:
1. (coin, start with, head up)
2. (coin, flips, flipped)
3. (coin, not flips, flipped)
Explanation hints:The coin was flipped by Maybelle. So the
coin was flipped 1 time, which is an odd number. The coin
started heads up, so after an odd number of flips, it will be
tails up.
So the answer is yes.

Q: A coin is heads up. Jamey flips the coin. Teressa flips the
coin. Is the coin still heads up?
A: Evidence triples:
1. (coin, start, head up)
2. (coin, flips, flipped)
3. (coin, flips, head up)
Explanation hints: The coin was flipped by Jamey and Teressa.
So the coin was flipped 2 times, which is an even number. The
coin started heads up, so after an even number of flips, it will
still be heads up.
So the answer is yes.

Q: A coin is heads up. Maybelle flips the coin. Shalonda does
not flip the coin. Is the coin still heads up?
A: Evidence triples:
1. (coin, start with, head up) 2. (coin, flips, flipped) 3. (coin,
not flips, flipped) Explanation hints: The coin was flipped by
Maybelle. So the coin was flipped 1 time, which is an odd
number. The coin started heads up, so after an odd number of
flips, it will be tails up.
So the answer is no.

Q: A coin is heads up. Millicent does not flip the coin. Con-
ception flips the coin. Is the coin still heads up?
A: Evidence triples:
1. (coin, start with, head up)
2. (coin, flips, flipped)
3. (coin, not flips, flipped)
Explanation hints: The coin was flipped by Conception. So
the coin was flipped 1 time, which is an odd number. The coin
started heads up, so after an odd number of flips, it will be
tails up.
So the answer is no.

(The rest demonstration examples are shown in Table 8.)

Table 7: Examples Chain-of-Knowledge prompting for
the coinflip task.
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(The front demonstration examples are shown in Table 7.)

Q: A coin is heads up. Sal flips the coin. Raymond does not
flip the coin. Is the coin still heads up?
A: Evidence triples:
1. (coin, start with, head up)
2. (coin, flips, flipped)
3. (coin, not flips, flipped)
Explanation hints: The coin was flipped by Sal. So the coin
was flipped 1 time, which is an odd number. The coin started
heads up, so after an odd number of flips, it will be tails up.
So the answer is no.

Q: A coin is heads up. Conception flips the coin. Kristian
does not flip the coin. Is the coin still heads up?
A: Evidence triples:
1. (coin, start with, head up)
2. (coin, flips, flipped)
3. (coin, not flips, flipped)
Explanation hints: The coin was flipped by Conception. So
the coin was flipped 1 time, which is an odd number. The coin
started heads up, so after an odd number of flips, it will be
tails up.
So the answer is no.

Q: A coin is heads up. Inga does not flip the coin. Elanor does
not flip the coin. Is the coin still heads up?
A: Evidence triples:
1. (coin, start with, head up)
2. (coin, not flips, head up)
3. (coin, not flips, head up)
Explanation hints: The coin was flipped by no one. So the
coin was flipped 0 times. The coin started heads up, and it
was not flipped, so it is still heads up.
So the answer is yes.

Table 8: (Following Table 7) Examples Chain-of-
Knowledge prompting for the coinflip task.

Q: Is the following sentence plausible? ’Fernando Tatis Jr.
walked on ball four.’
A: Evidence triples:
1. (Fernando Tatis Jr., isA, baseball player)
2. (walking on ball four, is part of, baseball)
Explanation hints: A walk is when the batter reaches first base
without hitting the ball. Reaching first base can happen a few
ways, but one of them is by the pitcher throwing four balls.
So the answer is yes.

Q: Is the following sentence plausible? ’Jayson Tatum was
caught offsides in the Champions Leage Semifinal.’
A: Evidence triples:
1. (Jayson Tatum, isA, basketball player)
2. (being caught offsides, is part of, soccer)
Explanation hints: Being caught offsides is part of soccer, yet,
Jayson Tatum is a basketball player.
So the answer is no.

Q: Is the following sentence plausible? ’Marouane Fellaini
scored in extra time.’
A: Evidence triples:
1. (Marouane Fellaini, isA, soccer player)
2. (scoring in extra time, is part of, soccer)
So, the answer is yes.

Q: Is the following sentence plausible? ’Gerrit Cole commit-
ted a handball in the European Cup.’
A: Evidence triples:
1. (Gerrit Cole, isA, soccer player)
2. (committing a handball, is part of, soccer)
Explanation hints: Committing a handball is part of soccer,
yet, Gerrit Cole is a soccer player.
So the answer is no.

Q: Is the following sentence plausible? ’Klaas Jan Huntelaar
scored the easy layup.’
A: Evidence triples:
1. (Klaas Jan Huntelaar, isA, soccer player)
2. (scoring a layup, is part of, basketball)
Explanation hints: Scoring a layup is part of basketball, yet,
Klaas Jan Huntelaar is a soccer player.
So the answer is no.

Q: Is the following sentence plausible? ’Mario Gomez earned
a direct kick.’
A: Evidence triples:
1. (Mario, isA, soccer player)
2. (earning a direct kick, is part of, soccer)
Explanation hints: Earning a direct kick is part of soccer, and
Mario Gomez is a soccer player.
So the answer is yes.

Table 9: Examples Chain-of-Knowledge prompting for
the sports understanding task.
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Q: Putting a cardboard box in a bin instead of the trash can?
Answer Choices: (A) conserve energy for later (B) save wild
animal species (C) keep it from the trash (D) reduce the height
of landfills
A: Evidence triples:
1. (cardboard box, isA, item)
2. (bin, isA, container)
3. (cardboard box, usage, container)
4. (trash can, usage, container)
5. (bin, usage, container)
Explanation hints: The answer must be an environmental
reason. Of the above choices, only (D) are environmental
reasons.
So the answer is (D).

Q: When the needle of a compass lines up with Earth ’s
magnetic poles , the needle is?
Answer Choices: (A) pointing east (B) pointing west (C)
pointing at arctic (D) pointing to space
A: Evidence triples:
1. (compass, is affected by, Earth’s magnetic field)
2. (magnetic field, go, from the south pole to the north pole)
Explanation hints: The needle of the compass is affected
by Earth’s magnetic field. The magnetic field lines go from
the south pole to the north pole. So, when the needle of the
compass is lined up with the Earth’s magnetic poles, the needle
is pointing north.
So the answer is (C).

Q: Which uses gills to breathe?
Answer Choices: (A) hermit crab (B) human (C) blue whale
(D) bluebird
A: Evidence triples:
1. (gills, isA, respiratory organ)
2. (respiratory organ, function, breathing)
3. (hermit crab, hasA, gills)
4. (blue whale, hasA, gills)
5. (bluebird, doesNotHave, gills)
Explanation hints: The answer must be an item that has gills.
Gills are respiratory organs that help with breathing. Of the
above choices, only hermit crabs and blue whales have gills.
So the answer is (A).

Q: Which is the most accurate statement?
Answer Choices: (A) finches with fat beaks can eat ants in
a small anthill (B) finches with narrow beaks can eat only
human meat (C) finches with narrow beaks can eat ants in a
small anthill (D) finches with fat beaks can eat only human
meat
A: Evidence triples:
1. (finches, isA, bird)
2. (bird, hasA, beak)
3. (finches, hasA, fat beak)
4. (finches, hasA, narrow beak)
5. (finches, eats, ants)
6. (finches, eats, human meat)
Explanation hints: The answer must be a statement about
what finches can eat. Of the above choices, only finches with
narrow beaks can eat ants in a small anthill.
So the answer is (C).

Table 10: Examples Chain-of-Knowledge prompting
for the ARC-c task.

Q: There are 15 trees in the grove. Grove workers will plant
trees in the grove today. After they are done, there will be 21
trees. How many trees did the grove workers plant today?
Answer Choices: (A) 12 (B) 6 (C) 8 (D) 14
A: Evidence triples:
1. (grove, originally have, 15 trees)
2. (grove, now have, 21 trees)
3. (21 - 15, equal, 6)
Explanation hints: There are 15 trees originally. Then there
were 21 trees after some more were planted. So there must
have been 21 - 15 = 6.
So the answer is (B).

Q: If there are 3 cars in the parking lot and 2 more cars arrive,
how many cars are in the parking lot?
Answer Choices: (A) 3 (B) 2 (C) 5 (D) 1
A: Evidence triples:
1. (parking lot, originally have, 3 cars)
2. (parking lot, add, 2 cars)
3. (parking lot, now have, 3 + 2 = 5 cars)
Explanation hints: There are originally 3 cars. 2 more cars
arrive. 3 + 2 = 5.
So the answer is (C).

Q: Leah had 32 chocolates and her sister had 42. If they ate
35, how many pieces do they have left in total?
Answer Choices: (A) 39 (B) 74 (C) 109 (D) 40
A: Evidence triples:
1. (Leah, have, 32 chocolates)
2. (her sister, have, 42 chocolates)
3. (they, have, 32 + 42 = 74 chocolates)
4. (they, eat, 35 chocolates)
5. (thay, now have, 74 - 35 = 39 chocolates)
Explanation hints: Originally, Leah had 32 chocolates. Her
sister had 42. So in total they had 32 + 42 = 74. After eating
35, they had 74 - 35 = 39.
So the answer is (A).

Q: Jason had 20 lollipops. He gave Denny some lollipops.
Now Jason has 12 lollipops. How many lollipops did Jason
give to Denny?
Answer Choices: (A) 32 (B) 16 (C) 9 (D) 8
A: Evidence triples:
1. (Jason, originally have, 20 lollipops)
2. (Jason, now have, 12 lollipops)
3. (Jason, give, 20 - 12 = 8 lollipops)
Explanation hints: Jason started with 20 lollipops. Then he
had 12 after giving some to Denny. So he gave Denny 20 - 12
= 8.
So the answer is (D).

Table 12: Examples Chain-of-Knowledge prompting
for the AQuA, GSM8K and MultiArith task.
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Q: Shawn has five toys. For Christmas, he got two toys each
from his mom and dad. How many toys does he have now?
Answer Choices: (A) 5 (B) 20 (C) 9 (D) 1
A: Evidence triples:
1. (Shawn, have, 5 toys)
2. (his mon, give him, 2 toys)
3. (his dad, give him, 2 toys)
4. (Shawn, now have, 5 + 2 + 2 = 9 toys)
Explanation hints: Shawn started with 5 toys. If he got 2 toys
each from his mom and dad, then that is 4 more toys. 5 + 4 =
9.
So the answer is (C).

Q: There were nine computers in the server room. Five more
computers were installed each day, from monday to thursday.
How many computers are now in the server room?
Answer Choices: (A) 20 (B) 29 (C) 11 (D) 18
A: Evidence triples:
1. (server room, originally have, 9 computers)
2. (each day, installed, 5 computers)
3. (each from monday to thursday, have, 4 days)
4. (5 * 4, equal, 20)
5. (server room, now have, 9 + 20 = 29)
Explanation hints: There were originally 9 computers. For
each of 4 days, 5 more computers were added. So 5 * 4 = 20
computers were added. 9 + 20 is 29.
So the answer is (B).

Q: Michael had 58 golf balls. On tuesday, he lost 23 golf balls.
On wednesday, he lost 2 more. How many golf balls did he
have at the end of wednesday?
Answer Choices: (A) 33 (B) 35 (C) 81 (D) 83
A: Evidence triples:
1. (Michael, have, 58 golf balls)
2. (Michael, lost, 23 golf balls)
3. (Michael, lost, 2 golf balls)
4. (Michael, now have, 58 - 23 - 2 = 33 golf balls)
Explanation hints: Michael started with 58 golf balls. After
losing 23 on tuesday, he had 58 - 23 = 35. After losing 2 more,
he had 35 - 2 = 33 golf balls.
So the answer is (A).

Q: Olivia has $23. She bought five bagels for $3 each. How
much money does she have left?
Answer Choices: (A) 37 (B) 8 (C) 15 (D) 10
A: Evidence triples:
1. (Olivia, have, 23 dollars)
2. (Olivia, buy, 5 * 3 = 15 dollars)
3. (Olivia, now have, 23 - 15 = 8 dollars)
Explanation hints: Olivia had 23 dollars. 5 bagels for 3 dollars
each will be 5 x 3 = 15 dollars. So she has 23 - 15 dollars left.
23 - 15 is 8.
So the answer is (B).

Table 13: Examples Chain-of-Knowledge prompting
for the AQuA, GSM8K and MultiArith task.

Q: Do hamsters provide food for any animals?
A: Evidence triples:
1. (Hamsters, isA, prey animals)
2. (Prey, is food for, predators)
3. (hamsters, provide food, animals)
Explanation hints: Hamsters are prey animals. Prey are food
for predators. Thus, hamsters provide food for some animals.
So the answer is yes.

Q: Could Brooke Shields succeed at University of Pennsylva-
nia?
A: Evidence triples:
1. (Brooke Shields, isA, student)
2. (student, could succeed, at University of Pennsylvania)
3. (Brooke Shields, could succeed, at University of Pennsyl-
vania)
Explanation hints: Brooke Shields is a student. Students could
succeed at University of Pennsylvania. Thus, Brooke Shields
could succeed at University of Pennsylvania.
So the answer is yes.

Q: Yes or no: Hydrogen’s atomic number squared exceeds
number of Spice Girls?
A: Evidence triples:
1. (Hydrogen, has atomic number, 1)
2. (1, squared is, 1)
3. (1, exceeds, 5)
4. (5, is the number of, Spice Girls)
Explanation hints: Hydrogen has an atomic number of 1. 1
squared is 1. There are 5 Spice Girls. Thus, Hydrogen’s
atomic number squared is less than 5.
So the answer is no.

Q: Yes or no: Is it common to see frost during some college
commencements?
A: Evidence triples:
1. (Frost, isA, weather condition)
2. (Weather condition, is, common during some college com-
mencements)
3. (Frost, is common, during some college commencements)
Explanation hints: Frost is a weather condition. Weather
conditions are common during some college commencements.
Thus, frost is common during some college commencements.
So the answer is yes.

Q: Yes or no: Could a llama birth twice during War in Vietnam
(1945-46)?
A: Evidence triples:
1. (Llama, isA, mammal)
2. (Mammal, gives birth, live young)
3. (Llama, could give birth, during War in Vietnam)
Explanation hints: Llamas are mammals. Mammals give birth
to live young. Therefore, it is possible for a llama to give birth
during the War in Vietnam.
So the answer is no.

Q: Yes or no: Would a pear sink in water?
A: Evidence triples:
1. (pear, density, 0.6g/cm3)
2. (water, density, 1.0g/cm3)
3. (1.0g/cm3, is larger than, 0.6g/cm3)
4. (pear, can not sink in, water)
Explanation hints: The density of a pear is about 0.6g/cm3,
which is less than water. Objects less dense than water float.
Thus, a pear would float.
So the answer is no.

Table 14: Examples Chain-of-Knowledge prompting
for the BoolQ task.
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Q: What do people use to absorb extra ink from a fountain
pen?
Answer Choices: (A) shirt pocket (B) calligrapher’s hand (C)
inkwell (D) desk drawer (E) blotter
A: Evidence triples:
1. (fountain pen, isA, item)
2. (ink, isA, liquid)
3. (fountain pen, carrier of, liquid)
4. (fountain pen, usage, writing)
5. (blotters, usage, writing)
6. (blotters, absorb, liquid)
Explanation hints: The answer must be an item that can absorb
ink. A fountain pen which is full of liquid can writing on a
blotter. Of the above choices, only blotters are used to absorb
ink.
So the answer is (E).

Q: What home entertainment equipment requires cable?
Answer Choices: (A) radio shack (B) substation (C) television
(D) cabinet
A: Evidence triples:
1. (home entertainment equipment, isA, item)
2. (cable, isA, item)
3. (home entertainment equipment, requires, cable)
4. (television, isA, home entertainment equipment)
5. (television, requires, cable)
Explanation hints: The answer must be an item of home enter-
tainment equipment that requires cable. Of the above choices,
only television requires cable.
So the answer is (C).

Q: The fox walked from the city into the forest, what was it
looking for?
Answer Choices: (A) pretty flowers (B) hen house (C) natural
habitat (D) storybook
A: Evidence triples:
1. (fox, isA, animal)
2. (forest, place of residence, animal)
3. (natural habitat, located in, forest)
Explanation hints: The answer must be something in the forest.
Of the above choices, only natural habitat is in the forest which
is the living place for fox animal.
So the answer is (C).

(The rest demonstration examples are shown in Table 16.)

Table 15: Examples of Chain-of-Knowledge prompting
for the CSQA task.

(The front demonstration examples are shown in Table 15.)

Q: Sammy wanted to go to where the people were. Where
might he go?
Answer Choices: (A) populated areas (B) race track (C) desert
(D) apartment (E) roadblock
A: Evidence triples:
1. (Sammy, isA, person)
2. (populated areas, place of residence, people)
Explanation hints: Sammy is a person, so that the answer must
be a place with a lot of people. Of the above choices, only
populated areas have a lot of people.
So the answer is (A).

Q: Where do you put your grapes just before checking out?
Answer Choices: (A) mouth (B) grocery cart (C) super market
(D) fruit basket (E) fruit market
A: Evidence triples:
1. (checking out, isA, action)
2. (checking out, place of take place, mall)
3. (grapes, isA, merchandise)
4. (mall, sell, fruit)
5. (grocery cart, usage, hold merchandise before checking
out)
Explanation hints: The answer should be the place where
grocery items are placed before checking out. Of the above
choices, grocery cart makes the most sense for holding grocery
items.
So the answer is (B).

Q: Google Maps and other highway and street GPS services
have replaced what?
Answer Choices: (A) united states (B) mexico (C) countryside
(D) atlas
A: Evidence triples:
1. (Google Maps, isA, webapp)
2. (GPS, isA, navigation systems)
3. (atlas, usage, navigation)
Explanation hints: The answer must be something that used to
do what Google Maps and GPS services do, which is to give
directions. Of the above choices, only atlases are used to give
directions.
So the answer is (D).

Table 16: (Following Table 15) Examples of Chain-of-
Knowledge prompting for the CSQA task.
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Q: There are 15 trees in the grove. Grove workers will plant
trees in the grove today. After they are done, there will be 21
trees. How many trees did the grove workers plant today?
A: Explanation hints: There are 15 trees originally. Then there
were 21 trees after some more were planted. So there must
have been 21 - 15 = 6.
Evidence triples:
1. (grove, originally have, 15 trees)
2. (grove, now have, 21 trees)
3. (21 - 15, equal, 6)
So the answer is 6.

Q: If there are 3 cars in the parking lot and 2 more cars arrive,
how many cars are in the parking lot?
A: Explanation hints: There are originally 3 cars. 2 more cars
arrive. 3 + 2 = 5.
Evidence triples:
1. (parking lot, originally have, 3 cars)
2. (parking lot, add, 2 cars)
3. (parking lot, now have, 3 + 2 = 5 cars)
So the answer is 5.

Q: Leah had 32 chocolates and her sister had 42. If they ate
35, how many pieces do they have left in total?
A: Explanation hints: Originally, Leah had 32 chocolates. Her
sister had 42. So in total they had 32 + 42 = 74. After eating
35, they had 74 - 35 = 39.
Evidence triples:
1. (Leah, have, 32 chocolates)
2. (her sister, have, 42 chocolates)
3. (they, have, 32 + 42 = 74 chocolates)
4. (they, eat, 35 chocolates)
5. (thay, now have, 74 - 35 = 39 chocolates)
So the answer is 39.

(The rest demonstration examples are shown in Table 18.)

Table 17: Examples Chain-of-Knowledge prompting
for the SVAMP task.

(The front demonstration examples are shown in Table 17.)

Q: Jason had 20 lollipops. He gave Denny some lollipops.
Now Jason has 12 lollipops. How many lollipops did Jason
give to Denny?
A: Explanation hints: Jason started with 20 lollipops. Then
he had 12 after giving some to Denny. So he gave Denny 20 -
12 = 8. v Evidence triples:
1. (Jason, originally have, 20 lollipops)
2. (Jason, now have, 12 lollipops)
3. (Jason, give, 20 - 12 = 8 lollipops)
So the answer is 8.

Q: Shawn has five toys. For Christmas, he got two toys each
from his mom and dad. How many toys does he have now?
A: Explanation hints: Shawn started with 5 toys. If he got 2
toys each from his mom and dad, then that is 4 more toys. 5 +
4 = 9.
Evidence triples:
1. (Shawn, have, 5 toys)
2. (his mon, give him, 2 toys)
3. (his dad, give him, 2 toys)
4. (Shawn, now have, 5 + 2 + 2 = 9 toys)
So the answer is 9.

Q: There were nine computers in the server room. Five more
computers were installed each day, from monday to thursday.
How many computers are now in the server room?
A: Explanation hints: There were originally 9 computers. For
each of 4 days, 5 more computers were added. So 5 * 4 = 20
computers were added. 9 + 20 is 29.
Evidence triples:
1. (server room, originally have, 9 computers)
2. (each day, installed, 5 computers)
3. (each from monday to thursday, have, 4 days)
4. (5 * 4, equal, 20)
5. (server room, now have, 9 + 20 = 29)
So the answer is 29.

Table 18: (Follow by Table 17) Examples Chain-of-
Knowledge prompting for the SVAMP task.
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Q: Putting a cardboard box in a bin instead of the trash can?
Answer Choices: (A) conserve energy for later (B) save wild
animal species (C) keep it from the trash (D) reduce the height
of landfills
A: Evidence triples:
1. (cardboard box, isA, item)
2. (bin, isA, container)
3. (cardboard box, usage, container)
4. (trash can, usage, container)
5. (bin, usage, container)
Explanation hints: The answer must be an environmental
reason. Of the above choices, only (D) are environmental
reasons.
So the answer is (D).

Q: When the needle of a compass lines up with Earth ’s
magnetic poles , the needle is?
Answer Choices: (A) pointing east (B) pointing west (C)
pointing at arctic (D) pointing to space
A: Evidence triples:
1. (compass, is affected by, Earth’s magnetic field)
2. (magnetic field, go, from the south pole to the north pole)
Explanation hints: The needle of the compass is affected
by Earth’s magnetic field. The magnetic field lines go from
the south pole to the north pole. So, when the needle of the
compass is lined up with the Earth’s magnetic poles, the needle
is pointing north.
So the answer is (C).

Q: Which uses gills to breathe?
Answer Choices: (A) hermit crab (B) human (C) blue whale
(D) bluebird
A: Evidence triples:
1. (gills, isA, respiratory organ)
2. (respiratory organ, function, breathing)
3. (hermit crab, hasA, gills)
4. (blue whale, hasA, gills)
5. (bluebird, doesNotHave, gills)
Explanation hints: The answer must be an item that has gills.
Gills are respiratory organs that help with breathing. Of the
above choices, only hermit crabs and blue whales have gills.
So the answer is (A).

Q: Which is the most accurate statement?
Answer Choices: (A) finches with fat beaks can eat ants in
a small anthill (B) finches with narrow beaks can eat only
human meat (C) finches with narrow beaks can eat ants in a
small anthill (D) finches with fat beaks can eat only human
meat
A: Evidence triples:
1. (finches, isA, bird)
2. (bird, hasA, beak)
3. (finches, hasA, fat beak)
4. (finches, hasA, narrow beak)
5. (finches, eats, ants)
6. (finches, eats, human meat)
Explanation hints: The answer must be a statement about
what finches can eat. Of the above choices, only finches with
narrow beaks can eat ants in a small anthill.
So the answer is (C).

(The rest demonstration examples are shown in Table 20).

Table 19: Examples of Chain-of-Knowledge prompting
for the OpenbookQA task.

(Other demonstration examples are shown in Table 19.)

Q: What type of useful product can be made from the moving
winds?
Answer Choices: (A) metal (B) wood (C) bananas (D) elec-
tricity
A: Evidence triples:
1. (wind, isA, moving air)
2. (electricity, isA, moving electrons)
3. (wind, can generate, electricity)
Explanation hints: The answer must be a type of energy. Of the
above choices, only electricity can be made from the moving
winds.
So the answer is (D).

Q: Harriet wants to know the area of a rectangular sheet of
paper. Its size is unknown to her. Which one of these will be
the only tool that she needs?
Answer Choices: (A) a ruler (B) a compass (C) a calculator
(D) a protractor
A: Evidence triples:
1. (area, isA, measurement)
2. (rectangular sheet of paper, isA, two-dimensional object)
3. (area, measurement of, two-dimensional object)
4. (ruler, usage, measuring)
5. (ruler, usage, measuring length)
6. (ruler, usage, measuring width)
7. (area, calculation of, length x width)
Explanation hints: The answer must be an item that can help
Harriet find the area of the rectangular sheet of paper. Of the
above choices, only a ruler can help Harriet find the area of
the rectangular sheet of paper.
So the answer is (A).

Q: What uses eyes to see by sensing light?
Answer Choices: (A) trees (B) algae (C) worms (D) elephants
A: Evidence triples:
1. (eyes, isA, organ)
2. (eyes, usage, seeing)
3. (eyes, sensing, light)
4. (trees, usage, photosynthesis)
5. (algae, usage, photosynthesis)
6. (worms, usage, burrowing)
7. (elephants, usage, trampling)
Explanation hints: The answer must be an entity that uses eyes
to see by sensing light. Of the above choices, only trees, algae,
and worms use eyes to see by sensing light.
So the answer is (D).

Q: The cell of a plant when photosynthesizing may most
require?
Answer Choices: (A) access to roofless space (B) a complete
vacuum in space (C) a room with blackened windows (D) dark
basement living quarters
A: Evidence triples:
1. (cell, isA, plant)
2. (photosynthesis, isA, process)
3. (cell, requires, photosynthesis)
4. (photosynthesis, requires, light)
5. (dark basement living quarters, blocks, light)
Explanation hints: The cell of a plant when photosynthesizing
may most require access to sunlight. Of the above choices,
only (A) provides access to sunlight.
So the answer is (A).

Table 20: (Follow by Table 19) Examples of Chain-of-
Knowledge prompting for the OpenbookQA task.
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Q: Do hamsters provide food for any animals?
A: Evidence triples:
1. (Hamsters, isA, prey animals)
2. (Prey, is food for, predators)
3. (hamsters, provide food, animals)
Explanation hints: Hamsters are prey animals. Prey are food
for predators. Thus, hamsters provide food for some animals.
So the answer is yes.

Q: Could Brooke Shields succeed at University of Pennsylva-
nia?
A: Evidence triples:
1. (Brooke Shields, isA, student)
2. (student, could succeed, at University of Pennsylvania)
3. (Brooke Shields, could succeed, at University of Pennsyl-
vania)
Explanation hints: Brooke Shields is a student. Students could
succeed at University of Pennsylvania. Thus, Brooke Shields
could succeed at University of Pennsylvania.
So the answer is yes.

Q: Yes or no: Hydrogen’s atomic number squared exceeds
number of Spice Girls?
A: Evidence triples:
1. (Hydrogen, has atomic number, 1)
2. (1, squared is, 1)
3. (1, exceeds, 5)
4. (5, is the number of, Spice Girls)
Explanation hints: Hydrogen has an atomic number of 1. 1
squared is 1. There are 5 Spice Girls. Thus, Hydrogen’s
atomic number squared is less than 5.
So the answer is no.

Q: Yes or no: Is it common to see frost during some college
commencements?
A: Evidence triples:
1. (Frost, isA, weather condition)
2. (Weather condition, is, common during some college com-
mencements)
3. (Frost, is common, during some college commencements)
Explanation hints: Frost is a weather condition. Weather
conditions are common during some college commencements.
Thus, frost is common during some college commencements.
So the answer is yes.

Q: Yes or no: Could a llama birth twice during War in Vietnam
(1945-46)?
A: Evidence triples:
1. (Llama, isA, mammal)
2. (Mammal, gives birth, live young)
3. (Llama, could give birth, during War in Vietnam)
Explanation hints: Llamas are mammals. Mammals give birth
to live young. Therefore, it is possible for a llama to give birth
during the War in Vietnam.
So the answer is no.

Q: Yes or no: Would a pear sink in water?
A: Evidence triples:
1. (pear, density, 0.6g/cm3)
2. (water, density, 1.0g/cm3)
3. (1.0g/cm3, is larger than, 0.6g/cm3)
4. (pear, can not sink in, water)
Explanation hints: The density of a pear is about 0.6g/cm3,
which is less than water. Objects less dense than water float.
Thus, a pear would float.
So the answer is no.

Table 21: Examples of Chain-of-Knowledge prompting
for the StrategyQA task.
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