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Abstract

We explore how generating a chain of thought—a series of intermediate reasoning1

steps—significantly improves the ability of large language models to perform2

complex reasoning. In particular, we show how such reasoning abilities emerge3

naturally in sufficiently large language models via a simple method called chain4

of thought prompting, where a few chain of thought demonstrations are provided5

as exemplars in prompting. Experiments on three large language models show6

that chain of thought prompting improves performance on a range of arithmetic,7

commonsense, and symbolic reasoning tasks. The empirical gains can be striking.8

For instance, prompting a 540B-parameter language model with just eight chain of9

thought exemplars achieves state of the art accuracy on the GSM8K benchmark of10

math word problems, surpassing even finetuned GPT-3 with a verifier.11

1 Introduction12

The NLP landscape has recently been revolutionized by language models (Peters et al., 2018; Devlin13

et al., 2019; Brown et al., 2020, inter alia). Scaling up the size of language models has been shown to14

confer a range of benefits, such as improved performance and sample efficiency (Kaplan et al., 2020;15

Brown et al., 2020, inter alia). However, scaling up model size alone has not proved sufficient for16

achieving high performance on challenging tasks such as arithmetic, commonsense, and symbolic17

reasoning (Rae et al., 2021).18

This work explores how the reasoning ability of large language models can be enhanced by a simple19

mechanism motivated by two key ideas. First, in neuro-symbolic computing it has been recognized20

that generating intermediate results significantly improves accuracy when a desired input-output21

mapping involves multiple computational steps (Chen et al., 2019; Dong et al., 2019; Mao et al.,22

2021). That is, in multi-step reasoning tasks such as program synthesis or arithmetic reasoning,23

complex input–output mappings are more accurately recovered by training on 〈input, intermediate24

results, output〉 triples, rather than simple 〈input, output〉 pairs (Ling et al., 2017; Chen et al., 2021;25

Cobbe et al., 2021). Second, large language models offer the exciting prospect of in-context few-shot26

learning via prompting. That is, instead of finetuning a language model for each new task, one can27

simply “prompt” the model with a few 〈input, output〉 exemplars demonstrating the task. Remarkably,28

this has proved successful for a range of simple question-answering tasks (Brown et al., 2020).29

In this paper, we combine these two ideas and explore the ability of large language models to30

perform few-shot prompting for reasoning tasks, given a prompt that consists of triples: 〈input,31

chain of thought, output〉. A chain of thought is a series of intermediate natural language reasoning32

steps that lead to the final output, inspired by how humans use a deliberate thinking process to33

perform complicated tasks. As we will see, large language models can perform such natural language34

reasoning through a simple approach we call chain of thought prompting, where chain of thought35

demonstrations are included in the exemplars for few-shot prompting (illustrated in Figure 1).36
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A: The cafeteria had 23 apples originally. They used 
20 to make lunch. So they had 23 - 20 = 3. They 
bought 6 more apples, so they have 3 + 6 = 9. The 
answer is 9.

Chain of Thought Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of 
tennis balls. Each can has 3 tennis balls. How many 
tennis balls does he have now? 

A: The answer is 11. 

Q: The cafeteria had 23 apples. If they used 20 to 
make lunch and bought 6 more, how many apples 
do they have?

A: The answer is 27.

Standard Prompting

Q: Roger has 5 tennis balls. He buys 2 more cans of 
tennis balls. Each can has 3 tennis balls. How many 
tennis balls does he have now? 

A: Roger started with 5 balls. 2 cans of 3 tennis balls 
each is 6 tennis balls. 5 + 6 = 11. The answer is 11. 

Q: The cafeteria had 23 apples. If they used 20 to 
make lunch and bought 6 more, how many apples 
do they have?

InputInput

Model Output Model Output

Figure 1: Chain of thought prompting enables large language models to tackle complex arithmetic,
commonsense, and symbolic reasoning tasks. Chain of thought reasoning processes are highlighted.

Compared to the intermediate steps represented as computer programs in neural-symbolic methods or37

program synthesis (Chen et al., 2019, 2021; Nye et al., 2021, inter alia), chain of thought prompting38

uses natural language and is therefore applicable to any task in principle.39

We present empirical evaluations on arithmetic, commonsense, and symbolic reasoning benchmarks,40

showing that chain of thought prompting outperforms standard prompting, sometimes to a striking41

degree. Figure 2 illustrates one such result—on the GSM8K benchmark of math word problems42

(Cobbe et al., 2021), chain of thought prompting with LM-2 540B outperforms standard prompting43

by a large margin and achieves new state-of-the-art performance. A prompting only approach is44

important because it does not require a large training dataset and because a single model checkpoint45

can perform many tasks without loss of generality. This work underscores how large language models46

can learn via a few examples with natural language data about the task (c.f. automatically learning47

the patterns underlying inputs and outputs via a large training dataset).48

2 Chain of Thought49

Math Word Problems (GSM8K)
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Figure 2: A 540B LM uses chain of
thought prompting to achieve new state-
of-the-art performance on the GSM8K
benchmark of math word problems.
Finetuned GPT-3 and prior best are from
Cobbe et al. (2021).

Consider one’s own thought process when solving a com-50

plicated reasoning task such as a multi-step math word51

problem. It is typical to decompose the problem into in-52

termediate steps and solve each before giving the final53

answer: “After Jane gives 2 flowers to her mom she has54

10 . . . then after she gives 3 to her dad she will have 7 . . .55

so the answer is 7.” The goal of this paper is to endow lan-56

guage models with the ability to generate a similar chain of57

thought—a coherent series of intermediate reasoning steps58

that lead to the final answer for a problem. We will show59

that sufficiently large language models can generate chains60

of thought if demonstrations of chain of thought reasoning61

are provided in the exemplars for few-shot prompting.62

Figure 1 shows an example of a model producing a chain63

of thought to solve a math word problem that it would64

have otherwise gotten incorrect. The chain of thought in65

this case resembles a solution and can interpreted as one,66

but we still opt to call it a chain of thought to better capture67

the idea that it mimics a step-by-step thought process for68

arriving at the answer (and also, solutions/explanations69
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typically come after the final answer (Narang et al., 2020; Wiegreffe et al., 2022; Lampinen et al.,70

2022, inter alia)).71

Chain of thought prompting has several attractive properties as an approach for facilitating reasoning72

in language models.73

1. First, chain of thought, in principle, allows models to decompose multi-step problems into74

intermediate steps, which means that additional computation can be allocated to problems75

that require more reasoning steps.76

2. Second, a chain of thought provides an interpretable window into the behavior of the model,77

suggesting how it might have arrived at a particular answer and providing opportunities78

to debug where the reasoning path went wrong (although fully characterizing a model’s79

computations that support an answer remains an open question).80

3. Third, chain of thought reasoning can be used for tasks such as math word problems,81

commonsense reasoning, and symbolic manipulation, and is applicable (in principle) to any82

task that humans can solve via language.83

4. Finally, chain of thought reasoning can be readily elicited in sufficiently large off-the-shelf84

language models simply by including examples of chain of thought sequences into the85

exemplars of few-shot prompting.86

In empirical experiments, we will observe the utility of chain of thought prompting for arithmetic87

reasoning (Section 3), commonsense reasoning (Section 4), and symbolic reasoning (Section 5).88

3 Arithmetic Reasoning89

We begin by considering math word problems of the form in Figure 1, which measure the arithmetic90

reasoning ability of language models. Though simple for humans, arithmetic reasoning is a task where91

language models often struggle (Hendrycks et al., 2021; Patel et al., 2021, inter alia). Strikingly, chain92

of thought prompting when used with the a 540B parameter language model performs comparably93

with task-specific finetuned models on several tasks, even achieving new state of the art on the94

challenging GSM8K benchmark (Cobbe et al., 2021).95

3.1 Experimental Setup96

We explore chain of thought prompting for various language models on multiple benchmarks.97

Benchmarks. We consider the following five math word problem benchmarks: (1) the GSM8K98

benchmark of math word problems (Cobbe et al., 2021), (2) the SVAMP dataset of math word99

problems with varying structures (Patel et al., 2021), (3) the ASDiv dataset of diverse math word100

problems (Miao et al., 2020), (4) the AQuA dataset of algebraic word problems, and (5) the MAWPS101

benchmark (Koncel-Kedziorski et al., 2016). Example problems are given in Appendix Table 12.102

Standard prompting. For the baseline, we consider standard few-shot prompting, popularized by103

Brown et al. (2020), in which a language model is given in-context exemplars of input–output pairs104

before outputting a prediction for a test-time example. Exemplars are formatted as questions and105

answers. The model gives the answer directly, as shown in Figure 1 (left).106

Chain of thought prompting. Our proposed approach is to augment each exemplar in few-shot107

prompting with a chain of thought for an associated answer, as illustrated in Figure 1 (right). As most108

of the datasets only have an evaluation split, we manually composed a set of eight few-shot exemplars109

with chains of thought for prompting—Figure 1 (right) shows one chain of thought exemplar, and the110

full set of exemplars is given in Appendix Table 20. (These particular exemplars did not undergo111

prompt engineering; robustness is studied in Section 3.4 and Appendix A.2.) To investigate whether112

chain of thought prompting in this form can successfully elicit successful reasoning across a range of113

math word problems, we used this single set of eight chain of thought exemplars for all benchmarks114

except AQuA, which is multiple choice instead of free response. For AQuA, we used four exemplars115

and solutions from the training set, as given in Appendix Table 21.116

Language models. We evaluate three collections of dense left-to-right, decoder-only transformer117

language models. The first is GPT-3 (Brown et al., 2020), for which we use text-ada-001, text-118

babbage-001, text-curie-001, and text-davinci-002, which presumably correspond to InstructGPT119
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Q: Roger has 5 tennis balls. He buys 
2 more cans of tennis balls. Each can 
has 3 tennis balls. How many tennis 
balls does he have now? 

A: Roger started with 5 balls. 2 cans 
of 3 tennis balls each is 6 tennis 
balls. 5 + 6 = 11. The answer is 11.

Q: Sammy wanted to go to where the 
people were. Where might he go? 
Options: (a) race track (b) populated areas 
(c) desert (d) apartment (e) roadblock 

A: The answer must be a place with a 
lot of people. Race tracks, desert, 
apartments, and roadblocks don't 
have a lot of people, but populated 
areas do. So the answer is (b). 

Q: Yes or no: Would a pear sink in 
water? 

A: The density of a pear is about 0.6 
g/cm^3, which is less than water. 
Thus, a pear would float. So the 
answer is no.

Q: The concert was scheduled to be 
on 06/01/1943, but was delayed by 
one day to today. What is the date 10 
days ago in MM/DD/YYYY?  

A: One day after 06/01/1943 is 
06/02/1943, so today is 06/02/1943. 
10 days before today is 05/23/1943. 
So the answer is 05/23/1943. 

Q: Is the following sentence 
plausible? "Joao Moutinho caught the 
screen pass in the NFC 
championship."  

A: Joao Moutinho is a soccer player. 
The NFC championship is part of 
American football, not soccer. So the 
answer is no.

Q: Take the last letters of the words 
in “Lady Gaga” and concatenate 
them. 

A: The last letter of “Lady” is “y”. The 
last letter of “Gaga” is “a”. 
Concatenating them is “nk”. So the 
answer is nk.

Q: A coin is heads up. Maybelle flips 
the coin. Shalonda does not flip the 
coin. Is the coin still heads up? 

A: 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.

Math Word Problems (free response) Math Word Problems (multiple choice) CSQA (commonsense)

StrategyQA Date Understanding Sports Understanding

Last Letter Concatenation Coin Flip (state tracking)

Q: How many keystrokes are needed 
to type the numbers from 1 to 500?
Answer Choices: (a) 1156 (b) 1392 (c) 1480 
(d) 1562 (e) 1788 

A: There are 9 one-digit numbers 
from 1 to 9. There are 90 two-digit 
numbers from 10 to 99. There are 
401 three-digit numbers from 100 to 
500. 9 + 90(2) + 401(3) = 1392. The 
answer is (b).

SayCan (Instructing a robot)

Human: How would you bring me 
something that isn’t a fruit? 

Explanation: the user wants 
something to eat that isn’t a fruit. An 
energy bar is not a fruit, so I will bring 
the user an energy bar.  
Plan: 1. find(energy bar) 2. 
pick(energy bar) 3. find(user) 4. 
put(energy bar) 5. done().

Figure 3: Examples of 〈input, chain of thought, output〉 triples for a range of arithmetic, common-
sense, and symbolic reasoning benchmarks. Chains of thought are highlighted. Full prompts are
given in Appendix G.

models of 350M, 1.3B, 6.7B, and 175B parameters (Ouyang et al., 2022).1 The second is LM-1120

(name and citation redacted for anonymity),2 which has models of 422M, 2B, 8B, 68B, and 137B121

parameters. The third is LM-2 (also redacted for anonymity), which has models of 8B, 62B, and122

540B parameters. We sample from the models via greedy decoding (though follow-up work shows123

chain of thought prompting can be improved by taking the majority final answer over many sampled124

generations (Wang et al., 2022a)). For LM-1, we report averaged results over five random seeds,125

where each seed had a different randomly shuffled order of exemplars. To save compute, we report126

results for a single exemplar order for GPT-3 and LM-2, as LM-1 experiments did not show large127

variance among different seeds.128

3.2 Results129

The strongest results of chain of thought prompting are summarized in Figure 4, with all experimental130

outputs for each model collection, model size, and benchmark shown in Table 2 in the Appendix.131

There are three key takeaways.132

First, Figure 4 shows that chain of thought prompting is an emergent ability of model scale. That is,133

chain of thought prompting does not positively impact performance for small models, and only yields134

performance gains when used with models of ∼100B parameters. We qualitatively found that models135

of smaller scale produced fluent but illogical chains of thought, leading to lower performance than136

standard prompting.137

1https://blog.eleuther.ai/gpt3-model-sizes/#:~:text=Ada%2C%20Babbage%2C%20Curie%
20and%20Davinci,sizes%2C%20but%20it’s%20pretty%20suggestive.

2This anonymity decision was recommended by the NeurIPS chairs.
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Figure 4: Chain of thought prompting enables
large language models to solve challenging math
problems. Notably, chain of thought reasoning
is an emergent ability of increasing model scale.
Prior best numbers are from Cobbe et al. (2021)
for GSM8K, Jie et al. (2022) for SVAMP, and Lan
et al. (2021) for MAWPS.

Second, chain of thought prompting has larger138

performance gains for more-complicated prob-139

lems. For instance, for GSM8K (the dataset with140

the lowest baseline performance), performance141

more than doubled for the largest GPT and LM-142

2 models. On the other hand, for SingleOp, the143

easiest subset of MAWPS which only requires a144

single step to solve, performance improvements145

were either negative or very small (see Appendix146

Table 3).147

Third, the performance of chain of thought148

prompting via GPT-3 175B and LM-2 540B149

compares favorably to prior state of the art,150

which typically finetunes a task-specific model151

on a labeled training dataset. Figure 4 shows152

how LM-2 540B uses chain of thought prompt-153

ing to achieve new state of the art on GSM8K,154

SVAMP, and MAWPS (though note that stan-155

dard prompting already passed the prior best for156

SVAMP). On the other two datasets, AQuA and157

ASDiv, LM-2 with chain of thought prompting158

reaches within 2% of the state of the art (Ap-159

pendix Table 2).160

To better understand why chain of thought161

prompting works, we manually examined model-162

generated chains of thought by LM-1 137B for163

GSM8K. Of 50 random examples where the164

model returned the correct final answer, all of165

the generated chains of thought were also log-166

ically and mathematically correct except two167

that coincidentally arrived at the correct answer168

(see Appendix D.1, and Table 8 for examples169

of correct model-generated chains of thought).170

We also randomly examined 50 random sam-171

ples for which the model gave the wrong answer.172

The summary of this analysis is that 46% of the173

chains of thought were almost correct, barring174

minor mistakes (calculator error, symbol mapping error, or one reasoning step missing), and that the175

other 54% of the chains of thought had major errors in semantic understanding or coherence (see176

Appendix D.2). To provide a small insight into why scaling improves chain of thought reasoning177

ability, we performed a similar analysis of errors made by LM-2 62B and whether those errors were178

fixed by scaling to LM-2 540B. The summary is that scaling LM-2 to 540B fixes a large portion of179

one-step missing and semantic understanding errors in the 62B model (see Appendix A.1).180

3.3 Ablation Study181

The observed benefits of using chain of thought prompting raises the natural question of whether the182

same performance improvements can be conferred via other types of prompting. Figure 5 shows an183

ablation study with three variations of chain of thought described below.184

Equation only. One reason for why chain of thought prompting might help is that it produces the185

mathematical equation to be evaluated, and so we test a variation where the model is prompted186

to output only a mathematical equation before giving the answer. Figure 5 shows that equation187

only prompting does not help much for GSM8K, which implies that the semantics of the questions188

in GSM8K are too challenging to directly translate into an equation without the natural language189

reasoning steps in chain of thought. For datasets of one-step or two-step problems, however, we find190

that equation only prompting does improve performance, since the equation can be easily derived191

from the question (see Appendix Table 6).192
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Figure 5: Ablation study for differ-
ent variations of prompting using
LM-1 137B and LM-2 540B. Re-
sults for other datasets are given in
Appendix Table 6 and Table 7.

Variable compute only. Another intuition is that chain of193

thought allows the model to spend more computation (i.e.,194

intermediate tokens) on harder problems. To isolate the effect195

of variable computation from chain of thought reasoning, we196

test a configuration where the model is prompted to output a197

only sequence of dots (. . .) equal to the number of characters in198

the equation needed to solve the problem. This variant performs199

about the same as the baseline, which suggests that variable200

computation by itself is not the reason for the success of chain201

of thought prompting, and that there appears to be utility from202

expressing intermediate steps via natural language.203

Chain of thought after answer. Another potential benefit of204

chain of thought prompting could simply be that such prompts205

allow the model to better access relevant knowledge acquired206

during pretraining. Therefore, we test an alternative configura-207

tion where the chain of thought prompt is only given after the208

answer, isolating whether the model actually depends on the209

produced chain of thought to give the final answer. This variant210

performs about the same as the baseline, which suggests that211

the sequential reasoning embodied in the chain of thought is212

useful for reasons beyond just activating knowledge.213

3.4 Robustness of Chain of Thought214
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Figure 6: Chain of thought prompting
has variance for different prompt exam-
ples (as expected) but outperforms stan-
dard prompting for various annotators as
well as for different exemplars.

Sensitivity to exemplars is a key consideration of prompt-215

ing approaches—for instance, varying the permutation of216

few-shot exemplars can cause the accuracy of GPT-3 on217

SST-2 to range from near chance (54.3%) to near state of218

the art (93.4%) (Zhao et al., 2021). In this final subsec-219

tion, we evaluate robustness to chains of thought written220

by different annotators. In addition to the results above,221

which used chains of thought written by an Annotator222

A, two other co-authors of this paper (Annotators B and223

C) independently wrote chains of thought for the same224

few-shot exemplars (shown in Appendix H). Annotator A225

also wrote another chain of thought that was more concise226

than the original, following the style of solutions given in227

Cobbe et al. (2021).3228

Figure 6 shows these results for LM-1 137B on GSM8K229

and MAWPS (ablation results for other datasets are given230

in Appendix Table 6 / Table 7). Although there is variance231

among different chain of thought annotations, as would be232

expected when using exemplar-based prompting (Le Scao233

and Rush, 2021; Reynolds and McDonell, 2021; Zhao234

et al., 2021), all sets of chain of thought prompts outper-235

form the standard baseline by a large margin. This result236

implies that successful use of chain of thought does not237

depend on a particular linguistic style.238

To confirm that successful chain of thought prompting239

works for other sets of exemplars, we also run experiments240

with three sets of eight exemplars randomly sampled from the GSM8K training set, an independent241

3For instance, whereas original chain of thought uses several short sentences (“’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.”), the concise chain of thought would read “5 * 4 = 20 new computers were added. So there are 9 + 20 = 29
new computers in the server room now”.
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source (examples in this dataset already included reasoning steps like a chain of thought).4 Fig-242

ure 6 shows that these prompts performed comparably with our manually written exemplars, also243

substantially outperforming standard prompting.244

In addition to robustness to annotators, independently-written chains of thought, different exemplars,245

and various language models, we also find that chain of thought prompting for arithmetic reasoning246

is robust to different exemplar orders and varying numbers of exemplars (see Appendix A.2).247

4 Commonsense Reasoning248

Although chain of thought is particularly suitable for math word problems, the language-based nature249

of chain of thought actually makes it applicable to a broad class of commonsense reasoning problems,250

which involve reasoning about physical and human interactions under the presumption of general251

background knowledge. Commonsense reasoning is key for interacting with the world and is still252

beyond the reach of current natural language understanding systems (Talmor et al., 2021).253

Benchmarks. We consider five datasets covering a diverse range of commonsense reasoning types.254

The popular CSQA (Talmor et al., 2019) asks commonsense questions about the world involving255

complex semantics that often require prior knowledge. StrategyQA (Geva et al., 2021) requires256

models to infer a multi-hop strategy to answer questions. We choose two specialized evaluation sets257

from the BIG-bench effort (BIG-bench collaboration, 2021): Date Understanding, which involves258

inferring a date from a given context, and Sports Understanding, which involves determining whether259

a sentence relating to sports is plausible or implausible. Finally, the SayCan dataset (Ahn et al.,260

2022) involves mapping a natural language instruction to a sequence of robot actions from a discrete261

set. Figure 3 shows examples with chain of thought annotations for all datasets.262

Prompts. We follow the same experimental setup as the prior section. For CSQA and StrategyQA,263

we randomly selected examples from the training set and manually composed chains of thought for264

them to use as few-shot exemplars. The two BIG-bench tasks do not have training sets, so we selected265

the first ten examples as exemplars in the evaluation set as few-shot exemplars and report numbers on266

the rest of the evaluation set. For SayCan, we use six examples from the training set used in Ahn et al.267

(2022) and also manually composed chains of thought.268

Results. Figure 7 highlights these results for LM-2 (full results for LM-1, GPT-3, and different269

model scales are shown in Table 4). For all tasks, scaling up model size improved the performance of270

standard prompting; chain of thought prompting led to further gains, with improvements appearing to271

be largest for LM-2 540B. With chain of thought prompting, LM-2 540B achieved strong performance272

relative to baselines, outperforming the prior state of the art on StrategyQA (75.6% vs 69.4%) and273

outperforming an unaided sports enthusiast on sports understanding (95.4% vs 84%). These results274

demonstrate that chain of thought prompting can also improve performance on tasks requiring a range275

of commonsense reasoning abilities (though note that gain was minimal on CSQA).276
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Figure 7: Chain of thought prompting also improves the commonsense reasoning abilities of language
models. The language model shown here is LM-2. Prior best numbers are from the leaderboards of
CSQA (Talmor et al., 2019) and StrategyQA (Geva et al., 2021) (single-model only, as of May 5,
2022). Additional results using various sizes of LM-1, GPT-3, and LM-2 are shown in Table 4.

4We sample examples ≤ 60 tokens to fit into our input context window, and also limit the examples to ≤ 2
steps to solve for a fair comparison with the eight exemplars that we composed.
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5 Symbolic Reasoning277
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Figure 8: Chain of thought prompt-
ing facilitates generalization to longer
sequences in two symbolic reasoning
tasks.

Our final experimental evaluation considers symbolic rea-278

soning, which is simple for humans but potentially chal-279

lenging for language models. We show that chain of280

thought prompting not only enables language models to281

perform symbolic reasoning tasks that are challenging in282

the standard prompting setting, but also facilitates length283

generalization to inference-time inputs longer than those284

seen in the few-shot exemplars.285

Tasks. We use the following two toy tasks.286

• Last letter concatenation. This task asks the model287

to concatenate the last letters of words in a name (e.g.,288

“Amy Brown”→ “yn”). It is a more challenging version289

of first letter concatenation, which language models can290

already perform without chain of thought.5 We generate291

full names by randomly concatenating names from the292

top one-thousand first and last names from name census293

data (https://namecensus.com/).294

• Coin flip. This task asks the model to answer whether295

a coin is still heads up after people either flip or don’t296

flip the coin (e.g., “A coin is heads up. Phoebe flips the297

coin. Osvaldo does not flip the coin. Is the coin still298

heads up?” → “no”).299

As the construction of these symbolic reasoning tasks is300

well-defined, for each task we consider an in-domain test301

set for which examples had the same number of steps as302

the training/few-shot exemplars, as well as an out-of-domain (OOD) test set, for which evaluation303

examples had more steps than those in the exemplars. For last letter concatenation, the model only304

sees exemplars of names with two words, and then performs last letter concatenation on names with 3305

and 4 words.6 We do the same for the number of potential flips in the coin flip task. Our experimental306

setup uses the same methods and models as in the prior two sections. We again manually compose307

chains of thought for the few-shot exemplars for each task, which are given in Figure 3.308

Results. The results of these in-domain and OOD evaluations are shown in Figure 8 for LM-2, with309

results for LM-1 shown in Appendix Table 5. With LM-2 540B, chain of thought prompting leads310

to almost 100% solve rates (note that standard prompting already solves coin flip with LM-2 540,311

though not for LM-1 137B). Note that these in-domain evaluations are “toy tasks” in the sense that312

perfect solution structures are already provided by the chains of thought in the few-shot exemplars;313

all the model has to do is repeat the same steps with the new symbols in the test-time example. And314

yet, small models still fail—the ability to perform abstract manipulations on unseen symbols for these315

three tasks only arises at the scale of 100B model parameters.316

As for the OOD evaluations, standard prompting fails for both tasks. With chain of thought prompting,317

language models achieve upward scaling curves (though performance is lower than in the in-domain318

setting). Hence, chain of thought prompting facilitates length generalization beyond seen chains of319

thought for language models of sufficient scale.320

6 Discussion321

We have explored chain of thought prompting as a simple mechanism for eliciting multi-step rea-322

soning behavior in large language models. We first saw that chain of thought prompting improves323

performance by a large margin on arithmetic reasoning, yielding improvements that are much stronger324

than ablations and robust to different annotators, exemplars, and language models (Section 3). Next,325

5We tested 10 common names using GPT-3 davinci and it got all but one correct.
6For names of length longer than 2 words, we concatenate multiple first and last names together.
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experiments on commonsense reasoning underscored how the linguistic nature of chain of thought326

reasoning makes it generally applicable (Section 4). Finally, we showed that for symbolic reasoning,327

chain of thought prompting facilitates OOD generalization to longer sequence lengths (Section 5). In328

all experiments, chain of thought reasoning is elicited simply by prompting an off-the-shelf language329

model. No language models were finetuned in the process of writing this paper.330

The emergence of chain of thought reasoning as a result of model scale has been a prevailing theme.331

For many reasoning tasks where standard prompting has a flat scaling curve, chain of thought332

prompting leads to dramatically increasing scaling curves. Chain of thought prompting appears333

to expand the set of tasks that sufficiently large language models can perform successfully—in334

other words, our work underscores that standard prompting only provides a lower bound on the335

capabilities of large language models in principle. This observation likely raises more questions336

than it answers—for instance, how much more can we expect reasoning ability to improve with a337

further increase in model scale? What other prompting methods might expand the range of tasks that338

language models can solve?339

As for limitations, we first we qualify that although chain of thought emulates the thought processes of340

human reasoners, this does not answer whether the neural network is actually “reasoning,” which we341

leave as an open question. Ironically, the dependence on chain of thought prompting and sufficiently342

large models are both key components and major limitations of our proposed approach. Although the343

cost of manually augmenting exemplars with chains of thought is minimal in the few-shot setting,344

the annotation costs could be prohibitive for finetuning (though this could potentially be surmounted345

with synthetic data generation, or zero-shot generalization). The emergence of chain of thought346

reasoning only at large model scale makes it costly to serve in real-world applications; future work347

could explore how to induce reasoning at smaller model scales.348

7 Related Work349

This work is inspired by many research areas, which we detail in an extended related work section350

(Appendix C). Here we describe two directions and associated papers that are perhaps most relevant.351

The first relevant direction is using intermediate reasoning steps, either as programs or in natural352

language. Work on reasoning via programs includes both neuro-symbolic architectures (Chen et al.,353

2019; Dong et al., 2019) and program synthesis/execution (Chen et al., 2021; Nye et al., 2021). Our354

work generalizes such domain-specific primitives to natural language, which is open-domain and355

applicable for any text-based task in principle. In terms of natural language reasoning, prior work has356

shown that using intermediate reasoning steps confers benefits for tasks such as text classification357

(Zaidan et al., 2007), natural language inference (Camburu et al., 2018; Marasović et al., 2022),358

commonsense reasoning (Zelikman et al., 2022), and arithmetic reasoning (Cobbe et al., 2021),359

among other settings. However, these approaches require finetuning, typically on a large labeled360

dataset. In contrast, we show that such reasoning abilities can be elicited in large language models361

through prompting alone. This prompting setting is important because it works with only a few362

labeled examples, and a single model checkpoint can be used for many tasks.363

Naturally, this paper also relates closely to the large body of recent work on prompting. Since the364

popularization of few-shot prompting as given by Brown et al. (2020), several general approaches365

have improved the prompting ability of models, such as automatically learning prompts (Lester et al.,366

2021) or giving models instructions describing a task (Sanh et al., 2022; Wei et al., 2022; Ouyang367

et al., 2022). Whereas these approaches improve or augment the input part of the prompt (e.g.,368

instructions that are prepended to inputs), our work takes the orthogonal direction of augmenting the369

outputs of language models with a chain of thought.370

8 Conclusions371

We have explored chain of thought prompting as a simple and broadly applicable method for enhancing372

reasoning in language models. Through experiments on arithmetic, symbolic, and commonsense373

reasoning, we find that chain of thought processing is an emergent property of model scale that allows374

sufficiently large language models to perform reasoning tasks that otherwise have flat scaling curves.375

Broadening the range of reasoning tasks that language models can perform will hopefully inspire376

further work on language-based approaches to reasoning.377
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Checklist559

1. For all authors...560

(a) Do the main claims made in the abstract and introduction accurately reflect the paper’s561

contributions and scope? [Yes]562

(b) Did you describe the limitations of your work? [Yes] See Section 6 and Appendix A.2.563

(c) Did you discuss any potential negative societal impacts of your work? [Yes] We don’t564

expect negative societal impacts as a direct result of the contributions in our paper. One565

consideration, however, is that generated chain of thought is not always factual, which566

is noted as a limitation in Appendix D.1 (and note that we do not suggest using such567

chains of thought in a factual manner or in any real-world scenario).568

(d) Have you read the ethics review guidelines and ensured that your paper conforms to569

them? [Yes]570

2. If you are including theoretical results...571

(a) Did you state the full set of assumptions of all theoretical results? [N/A]572

(b) Did you include complete proofs of all theoretical results? [N/A]573

3. If you ran experiments...574

(a) Did you include the code, data, and instructions needed to reproduce the main experi-575

mental results (either in the supplemental material or as a URL)? [Yes] We included in-576

puts, outputs, and targets for LM-1 and GPT-3 in the supplementary material. Although577

we use proprietary models, we GPT-3 results are fully reproducible. Reproducibility is578

further discussed in Appendix E.1.579

(b) Did you specify all the training details (e.g., data splits, hyperparameters, how they580

were chosen)? [Yes] Data splits were specified, N/A for hyperparams.581

(c) Did you report error bars (e.g., with respect to the random seed after running experi-582

ments multiple times)? [Yes] Standard deviation for multiple seeds using LM-1 137B,583

where each seed is a different random order of exemplars, is given in Table 6 and584

Table 7.585

(d) Did you include the total amount of compute and the type of resources used (e.g., type586

of GPUs, internal cluster, or cloud provider)? [Yes] Type of resources are described in587

Appendix E.2, though we did not estimate the total amount of compute.588

4. If you are using existing assets (e.g., code, data, models) or curating/releasing new assets...589

(a) If your work uses existing assets, did you cite the creators? [Yes] We used two models590

that we anonymized based on the recommendation of the NeurIPS chairs. These models591

will be cited in the camera-ready version of the paper.592

(b) Did you mention the license of the assets? [Yes] See Appendix E.3.593

(c) Did you include any new assets either in the supplemental material or as a URL? [Yes]594

The coinflip and last letter concatenation datasets are the only new assets, and they are595

given in the Supplementary Materials.596

(d) Did you discuss whether and how consent was obtained from people whose data you’re597

using/curating? [N/A] No human data collected.598

(e) Did you discuss whether the data you are using/curating contains personally identifiable599

information or offensive content? [N/A] No human data collected.600

5. If you used crowdsourcing or conducted research with human subjects...601

(a) Did you include the full text of instructions given to participants and screenshots, if602

applicable? [N/A]603

(b) Did you describe any potential participant risks, with links to Institutional Review604

Board (IRB) approvals, if applicable? [N/A]605

(c) Did you include the estimated hourly wage paid to participants and the total amount606

spent on participant compensation? [N/A]607
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A Frequently Asked Questions608

A.1 Why does increasing model scale improve chain of thought prompting?609

The finding that successful chain of thought reasoning predictably emerges only at certain model610

scales is intriguing. Scaling up language models has been shown to confer benefits such as improved611

performance and sample efficiency (Kaplan et al., 2020), but chain of thought reasoning is emergent612

in the sense that its success cannot be predicted only by extrapolating the performance of small scale613

models, as chain of thought actually hurts performance for most models smaller than 10B parameters.614

The question of why model scale improves chain of thought prompting is certainly multi-faceted, and615

we made a preliminary attempt to shed insight into it via error analysis. This small analysis involved616

manually reading 45 errors made by LM-2 62B and categorizing them into semantic understanding617

(20 errors), one step missing (18 errors), and other errors (7 errors). The “other category” included618

hallucinations, repetitive outputs, and symbol mapping errors. This categorization is a coarse one619

borrowed from the initial error analysis done on LM-1 in Appendix D.2, for which categories were620

conceived based on what improvements were needed to make the chain of thought correct.621

As shown in Figure 9, scaling LM-2 to 540B parameters fixed a substantial portion of errors in all622

three categories. Examples of semantic understanding and one-step missing errors that were fixed by623

scaling LM-2 to 540B are given in Figure 10. This result appears consistent with a hypothesis that624

language models acquire a range of semantic understanding and logical reasoning skills as a function625

of model scale (though note that model scale is often conflated with other factors, such as amount of626

training compute).627

Semantic understanding

(62B made 20 errors of this type, 

540B fixes 6 of them)

One step missing

(62B made 18 errors of this type, 

540B fixes 12 of them)

Other

(62B made 7 errors of this type, 

540B fixes 4 of them)

Types of errors made by 
a 62B language model:

Errors fixed by 
scaling from 
62B to 540B

Figure 9: Error analysis of 45 problems that LM-2 62B got incorrect. These errors were categorized
that semantic understanding, one step missing, and other. The other category includes hallucinations,
repetitive outputs, and symbol mapping errors. Scaling LM-2 to 540B fixed a substantial portion of
errors in all categories.

There are also three notable points regarding why small language models fail. The first observation628

is that small language models fail at even relatively easy symbol mapping tasks. As demonstrated629

in Section 5, for even symbolic reasoning tasks that only require generalization to new examples630

using the same chain of thought logical structure that was given in the few-shot exemplars, small631

language models still failed. The second observation is that small language models seem to have632

inherently weaker arithmetic abilities, as shown by Brown et al. (2020), the ability to do simple633

arithmetic operations (without semantic understanding) requires sufficient model scale. Finally, we634

noticed qualitatively that small language models often did not generate a final answer that could be635

parsed, due to either repetitions or logic that never arrived at a final answer.636

In summary, the success of chain of thought reasoning as a result of model scale is a complicated637

phenomena that likely involves a variety of emergent abilities (semantic understanding, symbol638

mapping, staying on topic, arithmetic ability, faithfulness, etc). Future work could more thoroughly639

investigate what properties of pretraining data, model architecture, and optimization objective causally640

enable such reasoning capabilities.641
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Tracy used a piece of wire 4 
feet long to support tomato 
plants in the garden. The 
wire was cut into pieces 6 
inches long. How many 
pieces did she obtain?

She cut the wire into 6 inch pieces. 
This means she got 4 * 6 = 24 
pieces. The answer is 24. 
(Incorrect: semantic 
understanding error)

62B Model OutputQuestion 540B Model Output

The wire was 4 feet long. This 
means it was 4 * 12 = 48 inches 
long. It was cut into pieces 6 inches 
long. This means she obtained 48 / 
6 = 8 pieces. The answer is 8. 
(Correct)

Tom's ship can travel at 10 
miles per hour. He is sailing 
from 1 to 4 PM. He then 
travels back at a rate of 6 
mph. How long does it take 
him to get back?

He travels from 1 to 4 PM. That 
means he travels for 3 hours. He 
travels back at 6 mph. That means 
he travels for 3 * 6 = 18 miles. The 
answer is 18. (Incorrect: semantic 
understanding error)

He travels at 10 mph from 1 to 4 
PM. This means he travels 3 hours. 
3 hours at 10 mph means he travels 
3 * 10 = 30 miles. He then travels 
back at 6 mph. This means he 
travels 6 miles per hour. He has to 
travel 30 miles, so it takes him 30 / 6 
= 5 hours. The answer is 5. 
(Correct)

Stephen placed an online 
order for groceries. His final 
bill came to $40.00. 
Because this was through a 
delivery vendor, they tacked 
on a 25% fee to his final 
total and charged him $3.00 
in delivery fees. Stephen 
also added a $4.00 tip. After 
the extra fees, what was the 
final price of Stephen's 
groceries?

The final price of Stephen's 
groceries was $40.00. The delivery 
vendor added 25% to the final total, 
so the final total was 125% of 
$40.00. This means the final total 
was 125% * $40.00 = $50.00. The 
delivery vendor also charged $3.00 
in delivery fees. So the final price of 
Stephen's groceries was $50.00 + 
$3.00 = $53.00. The answer is 
$53.00. (Incorrect: one step 
missing error)

Stephen's bill was $40.00. The 
delivery vendor added 25% to the 
bill. This means the bill was 
increased by 25% of $40.00. This is 
0.25 * $40.00 = $10.00. The delivery 
fee was $3.00. The tip was $4.00. 
So the total bill was $40.00 + $10.00 
+ $3.00 + 540b model $4.00 = 
$57.00. The answer is 57. (Correct)

There are four schools 
competing at a basketball 
tournament. Each school 
has sent a girls’ basketball 
team and a boys’ basketball 
team and each team has 5 
players each. Each school 
has also sent a coach for 
each team. In total, how 
many people have all of the 
schools sent?

There are 4 schools. Each school 
has sent a girls’ basketball team and 
a boys’ basketball team. Each team 
has 5 players each. That means 
there are 4 * 2 * 5 = 40 players. 
Each team has a coach. That 
means there are 40 + 4 = 44 
coaches. The answer is 44. 
(Incorrect: one step missing 
error)

Each school has sent 2 teams, each 
with 5 players. This means each 
school has sent 2 * 5 = 10 players. 
Each school has also sent 2 
coaches. This means each school 
has sent 10 + 2 = 12 people. There 
are 4 schools, so in total all of the 
schools have sent 4 * 12 = 48 
people. The answer is 48. (Correct)

62B Model Output

62B Model Output

62B Model Output

540B Model Output

540B Model Output

540B Model Output

Question

Question

Question

Figure 10: Examples of semantic understanding and one-step missing errors that were fixed by
scaling LM-2 from 62B to 540B.

A.2 What is the role of prompt engineering?642

One of the key considerations of prompting is sensitivity to the exact prompt. There is no shortage643

of work showing that prompts affect language models in unexpected ways (Min et al., 2022). The644

general way that we created chain of thought annotations was by taking eight exemplars from the645

training set and decomposing the reasoning process into multiple steps leading to the final answer.646

Examples of chain of thought annotations are provided in Figure 3, with full prompts given in647

Appendix G. To analyze how sensitive chain of thought is to prompt engineering, we performed648

robustness experiments with respect to various factors.649

• Different annotators. We first analyze robustness to three different annotators (Section 3.4 and650

Figure 6). Although there is notable variance in performance (which we will discuss later), chain651

of thought performed better than the baseline by a large margin for all three annotators on eight652

datasets in arithmetic, commonsense, and symbolic reasoning (Table 6 and Table 7).653
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• Annotators without machine learning background. The GSM8K dataset (Cobbe et al., 2021)654

conveniently provides a training set with reasoning chains written by crowd compute workers,655

which enables us to investigate whether chain of thought still works with reasoning chains from an656

independent source without a background in machine learning. So we randomly sampled three sets657

of eight exemplars with chains of thought from GSM8K. These chain of thought annotations also658

outperformed the baseline by a large margin for all four arithmetic datasets (Table 6), indicating659

that chain of thought is not dependent on a particular set of annotators.660

• Different exemplars. The different GSM8K exemplars experiment above (Table 6) also shows661

that chain of thought prompting works for different sets of exemplars. Notably, we test every set of662

exemplars on all four arithmetic datasets (instead of picking exemplars from the training set for663

each dataset), which suggests that the exemplars do not necessarily have to come from the same664

dataset distribution as the test examples.665

• Different order of exemplars. Prior work has shown that in some cases (e.g., classification)666

even the order of prompts matter—varying the permutation of few-shot exemplars can cause the667

accuracy of GPT-3 on SST-2 to range from near chance (54.3%) to near SOTA (93.4%) (Zhao668

et al., 2021). We show the standard deviation of performance from different exemplars in Table 6669

and Table 7. Standard deviations with respect to prompt order are relatively minimal in almost670

all cases. The one exception is the coin flip task, for which exemplar orders have high standard671

deviation, likely for the reason cited in Zhao et al. (2021)—for classification, many exemplars of672

the same category in a row biases the model outputs).673

• Different number of exemplars. We also found that gains from chain of thought prompting674

generally still held when there was a varying number of few-shot exemplars. This is shown for five675

datasets in Figure 11 (we did not have the compute to run this for all datasets). We also found in676

preliminary experiments that further increasing the number of exemplars in standard prompting677

did not lead to significant gains (e.g., increasing from 8 to 16 exemplars did not improve the678

performance of standard prompting enough to catch up with chain of thought prompting).679

• Different language models. Another interesting question is whether certain prompts that work680

better for one model work better for other large language models. We find that with the same681

prompts, chain of thought prompting improves performance across all three models (LM-1, GPT-3,682

and LM-2) for all datasets except CSQA and StrategyQA for GPT-3 (Table 1, Table 4, Table 5).683

The fact that gains from chain of thought did not transfer perfectly among models is a limitation;684

further work could investigate why how different pre-training datasets and model architectures685

affect the performance gain from chain of thought prompting.686

Prompt engineering still matters, though. Although the results are relatively robust to the prompt687

for arithmetic reasoning, we want to be clear that prompt engineering still does matter, and can688

improve performance significantly in many cases. Though most chain of thought annotations689

outperform standard prompting, there is large variation in many cases. For instance, for the coin690

flip task, the performance varied from 99.6% for Annotator A to 71.4% for Annotator C, though691

both were above standard prompting = 50.0% (see Table 7). There are even tasks where prompt692

engineering is a requirement for good performance. In preliminary experiments, we tried using chain693

of thought to enable language models to reverse the order of a list of 5 items. While two co-authors694

were not able to write chain of thought prompts that solved the task despite their best attempts, a third695

co-author was able to write a chain of thought that perfectly solved the task.696

How to generate chain of thought annotations in a robust fashion could be an interesting direction697

for future work. For instance, an idea here could be to use a large language model to automatically698

generate chains of thought via prompting (and potentially optimize this over a validation set).699

A.3 Will chain of thought prompting improve performance for my task of interest?700

While chain of thought prompting is in principle applicable for any text-to-text task, it is more701

helpful for some tasks than others. Based on the experiments in this paper, our intuition is that chain702

of thought helps the most when three conditions are met: (1) the task is challenging and requires703

multi-step reasoning, (2) a large language model is used, and (3) the scaling curve is relatively flat.704

Conversely, the benefits are smaller when one or more of these conditions are not met.705

These intuitions are perhaps supported by the arithmetic reasoning results. The performance gain706

from chain of thought prompting is largest for LM-2 540B on GSM8K (challenging multi-step707
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problems, flat scaling curve), which meets these conditions. The performance gain is small for the708

subsets of MAWPS that only require one or two steps (SingleOP, SingleEq, and AddSub), for which709

LM-2 540B already achieves performance of 90% or higher (and it is also generally true that there is710

less headroom for improvement when performance is already strong).711

A.4 Why is prompting with the equation only not enough for some arithmetic reasoning712

datasets?713

Prompting with the equation only as an intermediate step does help on many datasets, especially when714

the datasets only require a few reasoning steps (SVAMP, ASDiv, MAWPS). For GSM8K, however,715

using the equation only did not improve performance substantially. Based on qualitative analysis, we716

believe that these questions are too semantically challenging for the model to directly translate them717

into a math equation. Consider this example from LM-1 137B:718

QUESTION: Mike plays ping pong for 40 minutes. In the first 20 minutes, he scores 4719

points. In the second 20 minutes, he scores 25% more points. How many total points did he720

score?721

EQUATION ONLY (WRONG ANSWER): (4 + 20 * 0.25) = 6. The answer is 6.722

CHAIN OF THOUGHT (CORRECT): Mike played ping pong for 40 minutes. In the first723

20 minutes, he scored 4 points. In the second 20 minutes, he scored 25% more points. So724

he scored 25% more in the second 20 minutes. 4 x 1.25 = 5. So he scored 5 points in the725

second 20 minutes. So he scored 9 points in total. The answer is 9.726

It is hard for the model to directly translate all of the semantics into a single equation, but chain of727

thought allows it to better reason about each part of the question via intermediate steps in natural728

language.729
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B All Experimental Results730

This section contains tables for experimental results for varying models and model sizes, on all731

benchmarks, for standard prompting vs. chain of thought prompting.732

For the arithmetic reasoning benchmarks, some chains of thought (along with the equations produced)733

were correct, except the model performed an arithmetic operation incorrectly. A similar observation734

was made in Cobbe et al. (2021). Hence, we can further add a Python program as an external735

calculator (using the Python eval function) to all the equations in the generated chain of thought.736

When there are multiple equations in a chain of thought, we propagate the external calculator results737

from one equation to the following equations via string matching. As shown in Table 1, we see that738

adding a calculator significantly boosts performance of chain of thought prompting on most tasks.739

Table 1: Chain of thought prompting outperforms standard prompting for various large language
models on five arithmetic reasoning benchmarks. All metrics are accuracy (%). Ext. calc.: post-hoc
external calculator for arithmetic computations only. Prior best numbers are from the following. a:
Cobbe et al. (2021). b & e: Pi et al. (2022), c: Lan et al. (2021), d: Piękos et al. (2021).

Prompting GSM8K SVAMP ASDiv AQuA MAWPS

Prior best N/A (finetuning) 55a 57.4b 75.3c 37.9d 88.4e

LM-1 137B Standard 6.5 29.5 40.1 25.5 43.2
Chain of thought 14.3 (+7.8) 37.5 (+8.0) 46.6 (+6.5) 20.6 (-4.9) 57.9 (+14.7)

+ ext. calc 17.8 42.1 53.4 20.6 69.3

GPT-3 175B Standard 15.6 65.7 70.3 24.8 72.7
(text-davinci-002) Chain of thought 46.9 (+31.3) 68.9 (+3.2) 71.3 (+1.0) 35.8 (+11.0) 87.1 (+14.4)

+ ext. calc 49.6 70.3 71.1 35.8 87.5

LM-2 540B Standard 17.9 69.4 72.1 25.2 79.2
Chain of thought 56.9 (+39.0) 79.0 (+9.6) 73.9 (+1.8) 35.8 (+10.6) 93.3 (+14.2)

+ ext. calc 58.6 79.8 72.6 35.8 93.5

Table 2: Standard prompting versus chain of thought prompting on five arithmetic reasoning bench-
marks. Note that chain of thought prompting is an emergent ability of model scale—it does not
positively impact performance until used with a model of sufficient scale.

GSM8K SVAMP ASDiv AQuA MAWPS

Model standard chain standard chain standard chain standard chain standard chain

LM-1 420M 2.6 0.4 2.5 1.6 3.2 0.8 23.5 8.3 3.2 0.9
2B 3.6 1.9 3.3 2.4 4.1 3.8 22.9 17.7 3.9 3.1
8B 3.2 1.6 4.3 3.4 5.9 5.0 22.8 18.6 5.3 4.8
68B 5.7 8.2 13.6 18.8 21.8 23.1 22.3 20.2 21.6 30.6
137B 6.5 14.3 29.5 37.5 40.1 46.6 25.5 20.6 43.2 57.9

GPT 350M 2.2 0.5 1.4 0.8 2.1 0.8 18.1 8.7 2.4 1.1
1.3B 2.4 0.5 1.5 1.7 2.6 1.4 12.6 4.3 3.1 1.7
6.7B 4.0 2.4 6.1 3.1 8.6 3.6 15.4 13.4 8.8 3.5
175B 15.6 46.9 65.7 68.9 70.3 71.3 24.8 35.8 72.7 87.1

LM-2 8B 4.9 4.1 15.1 16.8 23.7 25.2 19.3 21.7 26.2 30.5
62B 9.6 29.9 48.2 46.7 58.7 61.9 25.6 22.4 61.8 80.3
540B 17.9 56.9 69.4 79.0 72.1 73.9 25.2 35.8 79.2 93.3
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Table 3: Standard prompting versus chain of thought prompting on the four subsets of the MAWPS
benchmark. The point of stratifying the MAWPS benchmark is to show that performance gains are
minimal on easy one-step or two-step problems where large language models already achieve high
performance (e.g., SingleOp, SingleEq, and AddSub).

SingleOp SingleEq AddSub MultiArith

Model standard chain standard chain standard chain standard chain

LM-1 420M 2.8 1.0 2.4 0.4 1.9 0.7 5.8 1.5
2B 4.6 4.1 2.4 3.3 2.7 3.2 5.8 1.8
8B 8.0 7.0 4.5 4.4 3.4 5.2 5.2 2.4
68B 36.5 40.8 23.9 26.0 17.3 23.2 8.7 32.4
137B 73.2 76.2 48.8 58.7 43.0 51.9 7.6 44.9

GPT 350M 3.2 1.8 2.0 0.2 2.0 1.5 2.3 0.8
1.3B 5.3 3.0 2.4 1.6 2.3 1.5 2.2 0.5
6.7B 13.5 3.9 8.7 4.9 8.6 2.5 4.5 2.8
175B 90.9 88.8 82.7 86.6 83.3 81.3 33.8 91.7

LM-2 8B 41.8 46.6 29.5 28.2 29.4 31.4 4.2 15.8
62B 87.9 85.6 77.2 83.5 74.7 78.2 7.3 73.7
540B 94.1 94.1 86.5 92.3 93.9 91.9 42.2 94.7

Table 4: Standard prompting versus chain of thought prompting on five commonsense reasoning
benchmarks. Chain of thought prompting is an emergent ability of model scale—it does not positively
impact performance until used with a model of sufficient scale.

CSQA StrategyQA Date Sports SayCan

Model standard chain standard chain standard chain standard chain standard chain

LM-1 420M 20.1 19.2 46.4 24.9 1.9 1.6 50.0 49.7 7.5 7.5
2B 20.2 19.6 52.6 45.2 8.0 6.8 49.3 57.5 8.3 8.3
8B 19.0 20.3 54.1 46.8 9.5 5.4 50.0 52.1 28.3 33.3
68B 37.0 44.1 59.6 62.2 15.5 18.6 55.2 77.5 35.0 42.5
137B 53.6 57.9 62.4 65.4 21.5 26.8 59.5 85.8 43.3 46.6

GPT 350M 14.7 15.2 20.6 0.9 4.3 0.9 33.8 41.6 12.5 0.8
1.3B 12.0 19.2 45.8 35.7 4.0 1.4 0.0 26.9 20.8 9.2
6.7B 19.0 24.0 53.6 50.0 8.9 4.9 0.0 4.4 17.5 35.0
175B 79.5 73.5 65.9 65.4 43.8 52.1 69.6 82.4 81.7 87.5

LM-2 8B 19.8 24.9 55.6 53.5 12.9 13.1 55.1 75.2 34.2 40.0
62B 65.4 68.1 58.4 63.4 29.8 44.7 72.1 93.6 65.8 70.0
540B 78.1 79.9 68.6 77.8 49.0 65.3 80.5 95.4 80.8 91.7

Table 5: Standard prompting versus chain of thought prompting enables length generalization to
longer inference examples on two symbolic manipulation tasks.

Last Letter Concatenation Coin Flip (state tracking)

2 OOD: 3 OOD: 4 2 OOD: 3 OOD: 4

Model standard chain standard chain standard chain standard chain standard chain standard chain

LM-1 420M 0.3 1.6 0.0 0.0 0.0 0.0 52.9 49.6 50.0 50.5 49.5 49.1
2B 2.3 6.0 0.0 0.0 0.0 0.0 54.9 55.3 47.4 48.7 49.8 50.2
8B 1.5 11.5 0.0 0.0 0.0 0.0 52.9 55.5 48.2 49.6 51.2 50.6
68B 4.4 52.0 0.0 0.8 0.0 2.5 56.2 83.2 50.4 69.1 50.9 59.6
137B 5.8 77.5 0.0 34.4 0.0 13.5 49.0 99.6 50.7 91.0 49.1 74.5

LM-2 8B 2.6 18.8 0.0 0.0 0.0 0.2 60.0 74.4 47.3 57.1 50.9 51.8
62B 6.8 85.0 0.0 59.6 0.0 13.4 91.4 96.8 43.9 91.0 38.3 72.4
540B 7.6 99.4 0.2 94.8 0.0 63.0 98.1 100.0 49.3 98.6 54.8 90.2
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Table 6: Ablation and robustness results for arithmetic reasoning datasets. Chain of thought generally
outperforms ablations by a large amount. “Equation only” performs in between standard prompting
and chain of thought prompting, as it allows for intermediate reasoning steps via equations but does
not leverage natural language. Chain of thought prompting has variance (as expected) when used
with prompts written by different annotators or when using other exemplars, but still outperforms
standard prompting by a large margin. Standard deviation shown is for different order of few-shot
prompting exemplars, with five different random seeds. Results here are shown for LM-1 137B, as
additional queries for GPT-3 and LM-2 are both limited and expensive.

GSM8K SVAMP ASDiv MAWPS

Standard prompting 6.5 ±0.4 29.5 ±0.6 40.1 ±0.6 43.2 ±0.9

Chain of thought prompting 14.3 ±0.4 36.7 ±0.4 46.6 ±0.7 57.9 ±1.5

Ablations
· equation only 5.4 ±0.2 35.1 ±0.4 45.9 ±0.6 50.1 ±1.0

· variable compute only 6.4 ±0.3 28.0 ±0.6 39.4 ±0.4 41.3 ±1.1

· reasoning after answer 6.1 ±0.4 30.7 ±0.9 38.6 ±0.6 43.6 ±1.0

Robustness
· different annotator (B) 15.5 ±0.6 35.2 ±0.4 46.5 ±0.4 58.2 ±1.0

· different annotator (C) 17.6 ±1.0 37.5 ±2.0 48.7 ±0.7 60.1 ±2.0

· intentionally concise style 11.1 ±0.3 38.7 ±0.8 48.0 ±0.3 59.6 ±0.7

· exemplars from GSM8K (α) 12.6 ±0.6 32.8 ±1.1 44.1 ±0.9 53.9 ±1.1

· exemplars from GSM8K (β) 12.7 ±0.5 34.8 ±1.1 46.9 ±0.6 60.9 ±0.8

· exemplars from GSM8K (γ) 12.6 ±0.7 35.6 ±0.5 44.4 ±2.6 54.2 ±4.7

Table 7: Ablation and robustness results for four datasets in commonsense and symbolic reasoning.
Chain of thought generally outperforms ablations by a large amount. Chain of thought prompting has
variance (as expected) when used with prompts written by different annotators or when using other
exemplars, but still outperforms standard prompting by a large margin. Standard deviation shown is
for different order of few-shot prompting exemplars, with five different random seeds. Results here
are shown for LM-1 137B, as additional queries for GPT-3 and LM-2 are both limited and expensive.
The exception is that we run SayCan using LM-2 here, as the SayCan evaluation set is only 120
examples and therefore less expensive to run multiple times.

Commonsense Symbolic

Date Sports SayCan Concat Coin

Standard prompting 21.5 ±0.6 59.5 ±3.0 80.8 ±1.8 5.8 ±0.6 49.0 ±2.1

Chain of thought prompting 26.8 ±2.1 85.8 ±1.8 91.7 ±1.4 77.5 ±3.8 99.6 ±0.3

Ablations
· variable compute only 21.3 ±0.7 61.6 ±2.2 74.2 ±2.3 7.2 ±1.6 50.7 ±0.7

· reasoning after answer 20.9 ±1.0 63.0 ±2.0 83.3 ±0.6 0.0 ±0.0 50.2 ±0.5

Robustness
· different annotator (B) 27.4 ±1.7 75.4 ±2.7 88.3 ±1.4 76.0 ±1.9 77.5 ±7.9

· different annotator (C) 25.5 ±2.5 81.1 ±3.6 85.0 ±1.8 68.1 ±2.2 71.4 ±11.1
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C Extended Related Work740

Chain of thought prompting is a general approach that is inspired by several prior directions: prompt-741

ing, natural language explanations, program synthesis/execution, numeric and logical reasoning, and742

intermediate language steps.743

C.1 Prompting744

The recent success of large-scale language models has led to growing interest in improving their745

capability to perform tasks via prompting (Brown et al. (2020), and see Liu et al. (2021) for a746

survey). This paper falls in the category of general prompting approaches, whereby input prompts are747

optimized to allow a single large language model to better perform a variety of tasks (Li and Liang,748

2021; Lester et al., 2021; Reif et al., 2022, inter alia).749

One recent line of work aims to improve the ability of language models to perform a task by providing750

instructions that describe the task (Raffel et al., 2020; Wei et al., 2022; Ouyang et al., 2022; Sanh et al.,751

2022; Wang et al., 2022b). This line of work is related because it also augments input–output pairs752

with meta-data. But whereas an instruction augments the input to a task (instructions are typically753

prepended to the inputs), chain of thought prompting augments the outputs of language models.754

Another related direction is sequentially combining the outputs of language models; human–computer755

interaction (HCI) work (Wu et al., 2022a,b) has shown that combining sequential generations of756

language models improves task outcomes in a 20-person user study.757

C.2 Natural language explanations758

Another closely related direction uses natural language explanations (NLEs), often with the goal of759

improving model interpretability (Zhou et al., 2020; Wiegreffe and Marasović, 2021, inter alia). That760

line of work typically focuses on natural language inference (Camburu et al., 2018; Yordanov et al.,761

2021; Bostrom et al., 2021), and produces explanations either simultaneously to or after the final762

prediction (Narang et al., 2020; Majumder et al., 2021; Wiegreffe et al., 2021, 2022). By contrast,763

the chain of thought processing considered in this paper occurs before the final answer. And while764

NLE aims mostly to improve neural network interpretability (Rajagopal et al., 2021), the goal of765

chain of thought prompting is to allow models to decompose multi-hop reasoning tasks into multiple766

steps—interpretability is just a side effect. Marasović et al. (2022) show that prompt-based finetuning767

with NLE improves NLI and classification performance, though they largely focus on evaluating768

explanation plausibility. In comparison, our work focuses on a range of arithmetic, commonsense,769

and symbolic tasks that require multi-hop reasoning.770

C.3 Program synthesis and execution771

Using intermediate reasoning steps has a long history in program synthesis and execution (Zaremba772

and Sutskever, 2014, inter alia). Recent work along in this direction has included a number of773

architectural innovations (Cai et al., 2017; Dong et al., 2019; Yan et al., 2020), as well as the use of774

large language models (Chen et al., 2021; Austin et al., 2021). The program execution work closest to775

ours is perhaps Nye et al. (2021), which show that large language models can perform up to 10-digit776

addition, evaluate polynomials, and execute python programs. Whereas generating a program and777

then executing it can be viewed as a type of reasoning, our work generalizes such domain-specific778

primitives to natural language, which is open-domain and relevant to any text-to-text NLP task in779

principle.780

C.4 Numeric and logical reasoning781

Numeric and logical reasoning has been a long-studied task in machine learning and natural language782

processing (Lev et al., 2004, inter alia). Recent work has also aimed to inject numeric reasoning783

abilities in language models in various ways, such as augmenting BERT with a predefined set of784

executable operations (Andor et al., 2019), including a graph neural network (Ran et al., 2019), and785

using specialized training procedures (Piękos et al., 2021). Another line of work aims to enable786

language models to perform logical or formal reasoning, often by verablizing the rules in natural787

language formal rules using language (Clark et al., 2020; Saeed et al., 2021; Liang et al., 2021).788
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Perhaps the most-related work here is Recchia (2021), which shows that finetuning enables longhand789

module operations, which has previously been difficult for performers. Whereas work in this direction790

is often task-specific and uses finetuning, we show that chain of thought prompting works for a broad791

range of tasks without any finetuning.792

C.5 Intermediate language steps793

Extensive prior work has shown the benefits of endowing neural networks with the ability to produce794

intermediate steps via training or finetuning confers various benefits in a range of scenarios. As795

examples, it has been shown that natural language intermediate steps can improve performance796

(Zaidan et al., 2007; Yao et al., 2021; Hase and Bansal, 2022; Gu et al., 2022), improve robustness797

(Chen et al., 2022), speed up training (Hancock et al., 2018), mitigate bias (Dua et al., 2020), and798

even help in image and reinforcement learning settings (Andreas et al., 2018). To endow models with799

the ability to produce intermediate steps, prior work typically finetunes models on either manually800

annotated training datasets (Camburu et al., 2018; Rajani et al., 2019, inter alia) or generates synthetic801

datasets (Talmor et al., 2020; Zelikman et al., 2022). Compared with these training or finetuning802

methods, our work shows that various natural language reasoning abilities can be elicited in off-the-803

shelf language models of sufficient scale simply via prompting. This prompting setup is important804

because it allows for intermediate step reasoning without a large number of labeled annotations, and805

because a single model can perform a range of reasoning tasks without any gradient updates.806

D Appendix: Additional Analysis807

D.1 Correct Chain of Thought Analysis808

As mentioned in the main text, we analyze 50 chains of thought from LM-1 137B that led to correct809

answers in the GSM8K dataset. Of these 50, only one arrived at the correct answer through incorrect810

reasoning (shown in Table 9: “correct by chance”). The other 49 had correct logic and math,811

with examples shown in Table 8. Five had minor imperfections while maintaining coherent and812

understandable logic:813

• One had underspecified statements (shown in Table 9: “correct but underspecified statements”).814

• One made an unrelated but correct statement (shown in Table 9: “correct but unrelated statement”).815

• Two had the correct logic but omitted specific steps in the equation, though it was still understand-816

able (shown in Table 9: “correct but imperfect equation”).817

• One had the correct math but inverted the semantics (shown in Table 9: “correct but inverted818

semantics”)819

Table 8: Example of correct chains of thought produced by the model for the GSM8K dataset.

QUESTION: James decides to run 3 sprints 3 times a week. He runs 60 meters each sprint. How many total
meters does he run a week?

MODEL ANSWER (CORRECT): James decides to run 3 sprints 3 times a week. He runs 60 meters each
sprint. So he runs 60 meters x 3 sprints x 3 times a week. That is 60 meters x 9. The answer is 540. X

QUESTION: Brandon’s iPhone is four times as old as Ben’s iPhone. Ben’s iPhone is two times older than Suzy’s
iPhone. If Suzy’s iPhone is 1 year old, how old is Brandon’s iPhone?

MODEL ANSWER (CORRECT): Brandon’s iPhone is 4 times as old as Ben’s iPhone. Ben’s iPhone is 2
times older than Suzy’s iPhone. So Brandon’s iPhone is 4 x 2 = 8 times older than Suzy’s iPhone. Suzy’s iPhone
is 1 year old. So Brandon’s iPhone is 8 x 1 = 8 years old. The answer is 8. X

QUESTION: Jean has 30 lollipops. Jean eats 2 of the lollipops. With the remaining lollipops, Jean wants to
package 2 lollipops in one bag. How many bags can Jean fill?

MODEL ANSWER (CORRECT): Jean started with 30 lollipops. She ate 2 of them. So she has 28 lollipops
left. She wants to package 2 lollipops in one bag. So she can package 28 / 2 = 14 bags. The answer is 14. X

Although we find that chain of thought reasoning is mostly correct for math questions where the final820

answer was correct, this is likely because it is hard to arrive at the correct final answer by coincidence821

for free response questions. For multiple choice or binary classification problems, it was much more822
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likely that models could arrive at the correct answer via an incorrect reasoning path (e.g., all the823

commmonsense reasoning datasets we evaluate). This is a limitation, and future work should perform824

an analysis of the factuality of such chains of thought.825

Table 9: Of 50 examples that the model got correct, there were 7 salient cases where the chain of
thought the model generated was imperfect. We found the other 43 to be equivalent to what a human
would potentially generate as a ground truth.

QUESTION: There are 36 penguins sunbathing in the snow. One-third of them jump in and swim in the ocean.
Another one-third go inside the cave to eat their dinner. How many penguins are still left sunbathing?

MODEL ANSWER (CORRECT BY CHANCE): There are 36 penguins. One-third of them jump in and swim in
the ocean. So that is 12 penguins. Another one-third go inside the cave to eat their dinner. So that is 12 penguins.
The answer is 12.

QUESTION: John has 2 houses with 3 bedrooms each. Each bedroom has 2 windows each. There are an
additional 4 windows in each house not connected to bedrooms. How many total windows are there between the
houses?

MODEL ANSWER (CORRECT BUT UNDERSPECIFIED STATEMENTS): There are 2 houses with 3 bedrooms
each. Each bedroom has 2 windows each. So there are 2 x 3 = 6 windows in each house. There are an additional
4 windows in each house not connected to bedrooms. So there are 4 + 4 = 8 windows in each house. So there are
6 x 2 = 12 windows in each house. So there are 12 + 8 = 20 windows in both houses. The answer is 20.

QUESTION: If Ann is 9 years old and her brother is twice her age, how old will her brother be in 3 years?

MODEL ANSWER (CORRECT BUT UNRELATED STATEMENT): Ann is 9 years old. Her brother is twice her
age. So her brother is 18 years old. In 3 years, she will be 12. So her brother will be 18 + 3 = 21 years old. The
answer is 21.

QUESTION: A local gas station is selling gas for $3.00 a gallon. An app company is offering $.20 cashback per
gallon if you fill up at this station. If someone buys 10 gallons of gas, how much with their gas be, after the
cashback rewards?

MODEL ANSWER (CORRECT BUT IMPERFECT EQUATION): The gas is originally 3 dollars per gallon. If
you buy 10 gallons, that is 3 x 10 = 30 dollars. If you get 20 cents off per gallon, that is 20 x 10 = 2 dollars. So
the total is 30 - 2 = 28 dollars. The answer is 28 dollars.

QUESTION: Nissa hires 60 seasonal workers to play elves in her department store’s Santa village. A third of
the elves quit after children vomit on them, then 10 of the remaining elves quit after kids kick their shins. How
many elves are left?

MODEL ANSWER (CORRECT BUT IMPERFECT EQUATION): Nissa hires 60 seasonal workers. A third of
them quit. So 60 - 1/3 = 40 elves are left. Then 10 elves quit. So 40 - 10 = 30 elves are left. The answer is 30
elves.

QUESTION: Grandma Jones baked 5 apple pies for the fireman’s luncheon. She cut each pie into 8 pieces and
set the five pies out on the buffet table for the guests to serve themselves. At the end of the evening, after the
guests had taken and eaten their pieces of pie, there were 14 pieces of pie remaining. How many pieces were
taken by the guests?

MODEL ANSWER (CORRECT BUT INVERTED SEMANTICS): 5 pies were baked and cut into 8 pieces each.
The 5 pies were then served to the guests. 8 x 5 = 40 pieces of pie. The guests ate 14 pieces of pie. 40 - 14 = 26
pieces of pie were left. The answer is 26. X
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D.2 Incorrect Chain of Thought Analysis826

We also manually analyze 50 randomly sampled outputs of the model that were incorrect on GSM8K827

for LM-1 137B. There are many ways that a chain of thought can be incorrect, making the design828

of error categorization non-trivial. We decided to categorize errors into what changes are needed to829

make the chain of thought correct, with the goal of elucidating how the model can be improved in the830

future.831

We found that many chains of thought can be made correct with one of the following three classes of832

modification.833

• Calculator error only. We found that 8% of the chains of thought were completely correct except834

for a calculator error—in other words, applying an external calculator to equations, as done in835

Cobbe et al. (2021), would make the chain of thought correct. An example of this type of error is836

shown in Table 10: “calculator error only”. Indeed, the solve rate of chain of thought prompting837

on for LM-1 137B GSM8K went up from 14.3% to 17.3% when we added a Python program838

as an external calculator, as shown in Table 2. Also, 34% of the examples contained calculator839

errors in addition to other types of errors. However, we perform the rest of the error categorization840

independently of calculator errors.841

• Symbol mapping error. We next found that 16% percent of the chains of thought were correct842

except for what we call symbol mapping errors. We define a symbol mapping error as when the843

chain of thought is correct except for the number symbols, and it could be made totally correct by844

modifying only the equations and not the words. As one might argue that they could simply place845

the correct final equation in any chain of thought, we constrain this category to chains of thought846

where the chain of thought can be modified to be a completely correct reasoning process (not just847

final answer). An example of this error category is shown in Table 10: “symbol mapping error”.848

• One step missing error. Our next category of error is chains of thought which were correct except849

that they were missing a single step. In other words, these chains of thoughts could be rewritten to850

be correct by adding in an additional reasoning step that was missed by the model. An example of851

this error category is shown in Table 10: “one step missing error”. We found that 22% percent of852

the errors fell into this category.853

Table 10: Example of incorrect chains of thought, categorized as described in Appendix D.2.

QUESTION: Dan plants 3 rose bushes. Each rose bush has 25 roses. Each rose has 8 thorns. How many thorns
are there total?

MODEL ANSWER (INCORRECT; CALCULATOR ERROR ONLY): Dan plants 3 rose bushes. Each rose bush
has 25 roses. Each rose has 8 thorns. So 3 x 25 x 8 = 300. The answer is 300. 7

EXPLANATION FOR ERROR CATEGORY: The produced chain of thought could be made correct just by
running the equation through an external calculator, instead of asking the model to do the computation.

QUESTION: Jill gets paid $20 per hour to teach and $30 to be a cheerleading coach. If she works 50 weeks a
year, 35 hours a week as a teacher and 15 hours a week as a coach, what’s her annual salary?

MODEL ANSWER (INCORRECT; SYMBOL MAPPING ERROR): Jill gets paid 20 dollars per hour to teach
and 30 dollars per hour to be a cheerleading coach. If she works 50 weeks a year, 35 hours a week as a teacher
and 15 hours a week as a coach, then she works 50 x 35 = 1750 hours as a teacher and 15 x 30 = 450 hours as a
coach. So she works 1750 + 450 = 2200 hours. She gets paid 20 dollars per hour for 1750 hours and 30 dollars
per hour for 450 hours. So her annual salary is 20 x 1750 + 30 x 450 = $36,500. The answer is $36,500. 7

EXPLANATION FOR ERROR CATEGORY: The model incorrectly mapped “15 x 30” instead of “15 x 50”, and
the chain of thought would be made correct by fixing just that one change (with an external calculator).

QUESTION: Kelian has two recipes for preparing dishes, one having 20 instructions and the second one having
twice as many instructions as the first one. How many instructions does Kelian have to read to prepare the two
dishes?

MODEL ANSWER (INCORRECT; ONE STEP MISSING ERROR): Kelian has two recipes. One has 20 instruc-
tions. The other has twice as many instructions as the first one. So the second one has 40 instructions. So Kelian
has to read 40 instructions to prepare the two dishes. The answer is 40. 7

EXPLANATION FOR ERROR CATEGORY: The model answer could be made correct just adding one additional
step (in this case, adding 20 and 40).
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We found that the remaining chains of thought (27 of 50; 54%) would require substantial edits to make854

into a correct chain of thought. Almost all cases here involved some error in semantic understanding855

(see Table 11: “semantic understanding error”), and 8 of the 27 also had incoherent chain of thoughts,856

meaning that some statements in the generated chain of thought did not follow from prior ones or857

violated basic world knowledge (see Table 11: “incoherent chain of thought error”).858

Table 11: Example of incorrect chains of thought, categorized as described in Appendix D.2. These
chains of thought had multiple mistakes that could not be fixed with minor edits.

QUESTION: Gretchen has 110 coins. There are 30 more gold coins than silver coins. How many gold coins
does Gretchen have?

MODEL ANSWER (INCORRECT; SEMANTIC UNDERSTANDING ERROR): Gretchen has 110 coins. There
are 30 more gold coins than silver coins. So there are 110 - 30 = 80 silver coins. So there are 80 silver coins and
110 - 80 = 30 gold coins. The answer is 30. 7

EXPLANATION FOR ERROR CATEGORY: The model does not understand that 110 coins are in total and that
it must solve an equation to get the number of gold and silver coins.

QUESTION: In a dance class of 20 students, 20% enrolled in contemporary dance, 25% of the remaining
enrolled in jazz dance, and the rest enrolled in hip-hop dance. What percentage of the entire students enrolled in
hip-hop dance?

MODEL ANSWER (INCORRECT; INCOHERENT CHAIN OF THOUGHT ERROR): 20% of the students en-
rolled in contemporary dance. 25% of the remaining students enrolled in jazz dance. The rest enrolled in hip-hop
dance. So the percentage of the entire students enrolled in hip-hop dance is the percentage of the students
enrolled in hip-hop dance, minus the percentage of the students enrolled in contemporary dance, minus the
percentage of the students enrolled in jazz dance. So the percentage of the entire students enrolled in hip-hop
dance is (25 + 20) - (25 + 20) = 100%. The answer is 100%. 7

EXPLANATION FOR ERROR CATEGORY: This chain of thought is incoherent in that the percent of entire
students enrolled in hip-hope dance cannot be the percent of student enrolled in hip-hop dance minus another
term.

D.3 Additional Robustness Analysis859

As the experiments in the main paper use a fixed number of few-shot exemplars (8; as constrained by860

the input length of 1024 tokens), we verify that the chain of thought prompting is robust to various861

numbers of few-shot exemplars. We run experiments for LM-1 137B, comparing chain of thought862

prompting with standard prompting for the five datasets where standard prompting had a mostly flat863

scaling curve (the largest model did not achieve high performance). As shown in Figure 11, the864

improvement of chain of thought prompting over standard prompting remains robust to varying the865

number of few-shot exemplars in the prompt.866
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Figure 11: The improvement of chain of thought prompting over standard prompting appears robust
to varying the number of few-shot exemplars in the prompt.
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Table 12: Summary of math word problem benchmarks we use in this paper with examples. N :
number of evaluation examples.
Dataset N Example problem

GSM8K 1,319 Josh decides to try flipping a house. He buys a house for $80,000 and then puts
in $50,000 in repairs. This increased the value of the house by 150%. How
much profit did he make?

SVAMP 1,000 Each pack of dvds costs 76 dollars. If there is a discount of 25 dollars
on each pack. How much do you have to pay to buy each pack?

ASDiv 2,096 Ellen has six more balls than Marin. Marin has nine balls. How many balls does
Ellen have?

AQuA 254 A car is being driven, in a straight line and at a uniform speed, towards the base
of a vertical tower. The top of the tower is observed from the car and, in the
process, it takes 10 minutes for the angle of elevation to change from 45◦ to 60◦.
After how much more time will this car reach the base of the tower? Answer
Choices: (a) 5

√
3 + 1 (b) 6

√
3 +
√
2 (c) 7

√
3 - 1 (d) 8

√
3 - 2 (e) None of these

MAWPS: SingleOp 562 If there are 7 bottle caps in a box and Linda puts 7 more bottle caps inside, how
many bottle caps are in the box?

MAWPS: SingleEq 508 Benny bought a soft drink for 2 dollars and 5 candy bars. He spent a total of 27
dollars. How much did each candy bar cost?

MAWPS: AddSub 395 There were 6 roses in the vase. Mary cut some roses from her flower garden.
There are now 16 roses in the vase. How many roses did she cut?

MAWPS: MultiArith 600 The school cafeteria ordered 42 red apples and 7 green apples for students
lunches. But, if only 9 students wanted fruit, how many extra did the cafeteria
end up with?
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E Additional Details867

E.1 Reproducibility Statement868

As our results make use of two sets of large language models that is not publicly available, we take869

the following actions to facilitate reproducibility. First, we provide the exact input prompts for all870

tasks in Table 20–Table 27 in Appendix G (and emphasize that we do not perform any finetuning and871

only apply prompting to off-the-shelf language models). Second, we conduct experiments using the872

publicly available GPT-3 API for four model scales text-ada-001, text-babbage-001, text-curie-001,873

text-davinci-002). Finally, we make exact inputs, targets, and predictions for LM-1 137B for each874

task available as a zip file in the supplementary material.875

E.2 Computational Resources876

For all three language models we evaluated, we did prompting-based inference only. No finetuning877

was done for this paper. For inference on LM-1 137B we use TPU v3 (8x8 configuration, 64 chips /878

128 cores), and for inference on LM-2 540B we use TPU v4 (4x4x12 configuration, 192 chips / 384879

cores). GPT-3 experiments were done using the public API.7880

E.3 Dataset Details and Licenses881

We list the details and licenses for all arithmetic and commonsense datasets used in this paper. The882

symbolic reasoning datasets were created synthetically, as described in Section 4.883

Arithmetic reasoning884

• Math Word Problem Repository (Koncel-Kedziorski et al., 2016): AddSub (Hosseini885

et al., 2014): https://www.cs.washington.edu/nlp/arithmetic; MultiArith (Roy886

and Roth, 2015), license: CC BY 4.0.887

• ASDiv (Miao et al., 2020): https://github.com/chaochun/nlu-asdiv-dataset.888

• AQuA (Ling et al., 2017): https://github.com/deepmind/AQuA, license: https://889

github.com/deepmind/AQuA/blob/master/LICENSE.890

• GSM8K (Cobbe et al., 2021): https://github.com/openai/grade-school-math,891

MIT license: https://github.com/openai/grade-school-math/blob/master/892

LICENSE.893

• SVAMP (Patel et al., 2021): https://github.com/arkilpatel/SVAMP, MIT license:894

https://github.com/arkilpatel/SVAMP/blob/main/LICENSE.895

Commonsense reasoning896

• CSQA (Talmor et al., 2019): https://www.tau-nlp.org/commonsenseqa, https://897

github.com/jonathanherzig/commonsenseqa.898

• StrategyQA (Geva et al., 2021): we use the open-domain setting (question-only set)899

from BIG-bench collaboration (2021): https://github.com/google/BIG-bench/900

tree/main/bigbench/benchmark_tasks/strategyqa. The original dataset is from901

https://github.com/eladsegal/strategyqa, MIT license: https://github.com/902

eladsegal/strategyqa/blob/main/LICENSE.903

• Date understanding and sports understanding from BIG-Bench (BIG-bench collaboration,904

2021): Apache License v.2: https://github.com/google/BIG-bench/blob/main/905

LICENSE.906

• SayCan (Ahn et al., 2022): SayCan dataset can be accessed at https://say-can.github.907

io/ under CC BY 4.0 license.908

7https://beta.openai.com/docs/api-reference/making-requests
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F Appendix: Input/Output Examples909

Table 13: Examples of correct and incorrect chains of thought produced by LM-1 137B on the letter
concatenation task.

QUESTION: Take the last letters of the words in “Waldo Schmidt” and concatenate them.

MODEL ANSWER (CORRECT): The last letter of “Waldo” is “o”. The last letter of “Schmidt” is “t”.
Concatenating them is “ot”. So the answer is ot. X

QUESTION: Take the last letters of the words in “Daniel Friedman” and concatenate them.

MODEL ANSWER (INCORRECT): The last letter of “Daniel” is “l”. The last letter of “Friedman” is “m”.
Concatenating them is “lm”. So the answer is lm. 7

Table 14: Examples of correct and incorrect chains of thought produced by LM-1 137B on the
coinflip task.

QUESTION: A coin is heads up. Andree flips the coin. Audrie does not flip the coin. Is the coin still heads up?

MODEL ANSWER (CORRECT): The coin was flipped by Andree. 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.
X

QUESTION: A coin is heads up. Kristian does not flip the coin. Dallas does not flip the coin. Is the coin still
heads up?

MODEL ANSWER (INCORRECT): The coin was flipped by Kristian. 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. 7

Table 15: Examples of correct and incorrect chains of thought produced by LM-1 137B on CSQA.

QUESTION: When a person is beginning work, what are they building?
Answer Choices: (a) time (b) accomplishing (c) working (d) momentum (e) tiredness

MODEL ANSWER (CORRECT): The answer must be something that is built. Of the above choices, only
momentum is built. So the answer is (d). X

QUESTION: Where are you likely to find a hamburger?
Answer Choices: (a) fast food restaurant (b) pizza (c) ground up dead cows (d) mouth (e) cow carcus

MODEL ANSWER (CORRECT): The answer must be a place where hamburgers are found. Of the above
choices, only fast food restaurants serve hamburgers. So the answer is (a). X

QUESTION: Aside from water and nourishment what does your dog need?
Answer Choices: (a) bone (b) charm (c) petted (d) lots of attention (e) walked

MODEL ANSWER (INCORRECT): The answer must be something that a dog needs. Of the above choices,
only bone is something that a dog needs. So the answer is (a). 7 (Ground truth is (d).)

QUESTION: What are you waiting alongside with when you’re in a reception area?
Answer Choices: (a) motel (b) chair (c) hospital (d) people (e) hotels

MODEL ANSWER (INCORRECT): The answer must be something that is waiting with you in a reception
area. Of the above choices, only people are waiting with you in a reception area. So the answer is (e). 7 (Ground
truth is (d).)
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Table 16: Examples of correct and incorrect chains of thought produced by LM-1 137B on Strate-
gyQA.

QUESTION: Will The Exorcist stimulate limbic system?

MODEL ANSWER (CORRECT): The Exorcist is a horror movie. Horror movies are scary. The limbic system
is involved in fear. Thus, The Exorcist will stimulate the limbic system. So the answer is yes. X

QUESTION: Was Jackson Pollock trained by Leonardo da Vinci?

MODEL ANSWER (CORRECT): Leonardo da Vinci lived in the 15th century. Jackson Pollock lived in the
20th century. Thus, Jackson Pollock could not have been trained by Leonardo da Vinci. So the answer is no. X

QUESTION: Can Harry Potter book a flight on Asiana Airlines?

MODEL ANSWER (INCORRECT): Harry Potter is a fictional character. Thus, Harry Potter can do anything.
So the answer is yes. 7 (Ground truth is “no”.)

QUESTION: Would a sophist use an épée?

MODEL ANSWER (INCORRECT): A sophist is a person who is skilled in the art of persuasion. An épée is
a type of sword. Thus, a sophist could use an épée. So the answer is yes. 7 (Ground truth is “no”.)

Table 17: Examples of correct and incorrect chains of thought produced by LM-1 137B on Date
Understanding.

QUESTION: May 6, 1992 is like yesterday to Jane, but that is actually ten years ago. What is the date a month
ago in MM/DD/YYYY?

MODEL ANSWER (CORRECT): May 6, 1992 is ten years ago, so today is May 6, 2002. So a month ago will
be April 6, 2002. So the answer is 04/06/2002. X

QUESTION: This is the last day of 1899. What is the date 24 hours later in MM/DD/YYYY?

MODEL ANSWER (CORRECT): Today is 12/31/1899. 24 hours later will be 01/01/1900. So the answer is
01/01/1900. X

QUESTION: Jane scheduled 3 apointments with 5 poeple for tomorrow (Tue, 7/9/1972). What is the date one
week ago from today in MM/DD/YYYY?

MODEL ANSWER (INCORRECT): Tomorrow is 7/9/1972. One week ago from today is 7/2/1972. So the
answer is 7/2/1972. 7 (Ground truth is 07/01/1972.)

QUESTION: Today is the palindrome day of 2020, because the MMDDYYYY format of the date is the same
backwards as forwards. What is the date tomorrow in MM/DD/YYYY?

MODEL ANSWER (INCORRECT): Today is 02/29/2020. Tomorrow will be 03/01/2020. So the answer is
03/01/2020. 7 (Ground truth is “02/03/2020”.)

Table 18: Examples of correct and incorrect chains of thought produced by LM-1 137B on Sports
Understanding.

QUESTION: Is the following sentence plausible? “Joao Moutinho was out at third.”

MODEL ANSWER (CORRECT): Joao Moutinho is a soccer player. Being out at third is part of baseball, not
soccer. So the answer is no. X

QUESTION: Is the following sentence plausible? “Malcolm Brogdon eurostepped to the basket in the NBA
Championship.”

MODEL ANSWER (CORRECT): Malcolm Brogdon is a basketball player. Eurostepping to the basket is part
of basketball. So the answer is yes. X

QUESTION: Is the following sentence plausible? “Derrick White backhanded a shot.”

MODEL ANSWER (INCORRECT): Derrick White is a basketball player. Backhanding a shot is part of
basketball. So the answer is yes. 7 (Ground truth is “no”, backhanding a shot is part of hockey.)

QUESTION: Is the following sentence plausible? “Nazem Kadri was out at home.”

MODEL ANSWER (INCORRECT): Nazem Kadri is a hockey player. Being out at home is part of hockey.
So the answer is yes. 7 (Ground truth is “no”, being out at home is part of baseball.)
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Table 19: Examples of correct and incorrect chains of thought produced by LM-2 540B on SayCan
robot planning tasks.

QUESTION: I spilled my coke on the table, could you throw it away and then bring me something to help clean?

MODEL ANSWER (CORRECT): Explanation: The user has spilled their coke on the table. I will throw away
the coke and then bring the user a sponge. Plan: find(coke), pick(coke), find(trash), put(coke), find(sponge),
pick(sponge), find(table), put(sponge). X

QUESTION: Could you compost that apple for me?

MODEL ANSWER (CORRECT): Explanation: The user would like me to compost the apple. I will move the
apple to the compost. Plan: find(apple), pick(apple), find(trash), put(apple). X

QUESTION: Can you bring me a drink that is not coke?

MODEL ANSWER (INCORRECT): Explanation: The user asked me to bring a drink that is not coke, I will
bring a sprite. Plan: find(sprite), pick(sprite), find(user), put(sprite). 7 (Feasible answers including finding lime
soda, pepsi, grapefruit soda or water, because there is no sprite in the scene as defined in Table 28.)

QUESTION: Can you bring me something salty?

MODEL ANSWER (INCORRECT): Explanation: The user would like something salty. There are several
options in the objects list, so I will bring the user a lime soda. Plan: find(lime soda), pick(lime soda), find(user),
put(lime soda). 7 (Feasible answers including finding chips. The model misidentify lime soda as salty.)
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G Appendix: Full Prompts910

Table 20: Few-shot exemplars for full chain of thought prompt for math word problems. This set of
exemplars was used for all math word problem datasets except AQuA.

PROMPT FOR MATH WORD PROBLEMS
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: There are 15 trees originally. Then there were 21 trees after some more were planted. So there must have
been 21 - 15 = 6. 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: There are originally 3 cars. 2 more cars arrive. 3 + 2 = 5. 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: 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. The answer is 39.

Q: Jason had 20 lollipops. He gave Denny some lollipops. Now Jason has 12 lollipops. How many lollipops did
Jason give to Denny?

A: Jason started with 20 lollipops. Then he had 12 after giving some to Denny. So he gave Denny 20 - 12 = 8.
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: 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.
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: 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. The answer is 29.

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?

A: 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. The answer is 33.

Q: Olivia has $23. She bought five bagels for $3 each. How much money does she have left?

A: 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. The answer is 8.
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Table 21: Few-shot exemplars for full chain of thought prompt for AQuA.

PROMPT FOR AQUA ALGEBRAIC WORD PROBLEMS

Q: John found that the average of 15 numbers is 40. If 10 is added to each number then the mean of the numbers
is?
Answer Choices: (a) 50 (b) 45 (c) 65 (d) 78 (e) 64

A: If 10 is added to each number, then the mean of the numbers also increases by 10. So the new mean would be
50. The answer is (a).

Q: If a / b = 3/4 and 8a + 5b = 22,then find the value of a.
Answer Choices: (a) 1/2 (b) 3/2 (c) 5/2 (d) 4/2 (e) 7/2

A: If a / b = 3/4, then b = 4a / 3. So 8a + 5(4a / 3) = 22. This simplifies to 8a + 20a / 3 = 22, which means 44a / 3
= 22. So a is equal to 3/2. The answer is (b).

Q: A person is traveling at 20 km/hr and reached his destiny in 2.5 hr then find the distance?
Answer Choices: (a) 53 km (b) 55 km (c) 52 km (d) 60 km (e) 50 km

A: The distance that the person traveled would have been 20 km/hr * 2.5 hrs = 50 km. The answer is (e).

Q: How many keystrokes are needed to type the numbers from 1 to 500?
Answer Choices: (a) 1156 (b) 1392 (c) 1480 (d) 1562 (e) 1788

A: There are 9 one-digit numbers from 1 to 9. There are 90 two-digit numbers from 10 to 99. There are 401
three-digit numbers from 100 to 500. 9 + 90(2) + 401(3) = 1392. The answer is (b).

Table 22: Few-shot exemplars for full chain of thought prompt for the last letter concatenation task.

PROMPT FOR LAST LETTER CONCATENATION
Q: Take the last letters of the words in "Elon Musk" and concatenate them.

A: The last letter of "Elon" is "n". The last letter of "Musk" is "k". Concatenating them is "nk". The answer is nk.

Q: Take the last letters of the words in "Larry Page" and concatenate them.

A: The last letter of "Larry" is "y". The last letter of "Page" is "e". Concatenating them is "ye". The answer is ye.

Q: Take the last letters of the words in "Sergey Brin" and concatenate them.

A: The last letter of "Sergey" is "y". The last letter of "Brin" is "n". Concatenating them is "yn". The answer is
yn.

Q: Take the last letters of the words in "Bill Gates" and concatenate them.

A: The last letter of "Bill" is "l". The last letter of "Gates" is "s". Concatenating them is "ls". The answer is ls.
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Table 23: Few-shot exemplars for full chain of thought prompt for the coinflip task.

PROMPT FOR COIN FLIP
Q: Q: A coin is heads up. Ka flips the coin. Sherrie flips the coin. Is the coin still heads up?

A: The coin was flipped by Ka and Sherrie. 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. Jamey flips the coin. Teressa flips the coin. Is the coin still heads up?

A: 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: 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. Conception flips the coin. Is the coin still heads up?

A: 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. Sal flips the coin. Raymond does not flip the coin. Is the coin still heads up?

A: 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: 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: 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.

Q: A coin is heads up. Ryan flips the coin. Shaunda flips the coin. Is the coin still heads up?

A: The coin was flipped by Ryan and Shaunda. 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.
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Table 24: Few-shot exemplars for full chain of thought prompt for CSQA. There are newlines
between the answer choices that are omitted in the table for space reasons.

PROMPT FOR CSQA
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: The answer must be an item that can absorb ink. 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: The answer must require 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: The answer must be something in the forest. Of the above choices, only natural habitat is in the forest. So the
answer is (b).

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: 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: 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: 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).

Q: Before getting a divorce, what did the wife feel who was doing all the work? Answer Choices: (a) harder (b)
anguish (c) bitterness (d) tears (e) sadness

A: The answer should be the feeling of someone getting divorced who was doing all the work. Of the above
choices, the closest feeling is bitterness. So the answer is (c).
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Table 25: Few-shot exemplars for full chain of thought prompt for StrategyQA.

PROMPT FOR STRATEGYQA
Q: Do hamsters provide food for any animals?

A: 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 Pennsylvania?

A: Brooke Shields went to Princeton University. Princeton University is about as academically rigorous as the
University of Pennsylvania. Thus, Brooke Shields could also succeed at the University of Pennsylvania. So the
answer is yes.

Q: Yes or no: Hydrogen’s atomic number squared exceeds number of Spice Girls?

A: 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: College commencement ceremonies can happen in December, May, and June. December is in the winter, so
there can be frost. Thus, there could be frost at some commencements. So the answer is yes.

Q: Yes or no: Could a llama birth twice during War in Vietnam (1945-46)?

A: The War in Vietnam was 6 months. The gestation period for a llama is 11 months, which is more than 6
months. Thus, a llama could not give birth twice during the War in Vietnam. So the answer is no.

Q: Yes or no: Would a pear sink in water?

A: 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 26: Few-shot exemplars for full chain of thought prompt for Date Understanding.

PROMPT FOR DATE UNDERSTANDING
Q: 2015 is coming in 36 hours. What is the date one week from today in MM/DD/YYYY?

A: If 2015 is coming in 36 hours, then it is coming in 2 days. 2 days before 01/01/2015 is 12/30/2014, so today
is 12/30/2014. So one week from today will be 01/05/2015. So the answer is 01/05/2015.

Q: The first day of 2019 is a Tuesday, and today is the first Monday of 2019. What is the date today in
MM/DD/YYYY?

A: If the first day of 2019 was Tuesday, then 01/01/2019 was a Tuesday. Today is the first monday, would be six
days later. So today is 01/07/2019. So the answer is 01/07/2019.

Q: The concert was scheduled to be on 06/01/1943, but was delayed by one day to today. What is the date 10
days ago in MM/DD/YYYY?

A: One day after 06/01/1943 is 06/02/1943, so today is 06/02/1943. 10 days before today is 05/23/1943. So the
answer is 05/23/1943.

Q: It is 4/19/1969 today. What is the date 24 hours later in MM/DD/YYYY?

A: Today is 04/19/1969. 24 hours later is one day after today, which would be 04/20/1969. So the answer is
04/20/1969.

Q: Jane thought today is 3/11/2002, but today is in fact Mar 12, which is 1 day later. What is the date 24 hours
later in MM/DD/YYYY?

A: Today is 03/12/2002. So the date 24 hours later will be 03/13/2002. So the answer is 03/13/2002.

Q: Jane was born on the last day of Feburary in 2001. Today is her 16-year-old birthday. What is the date
yesterday in MM/DD/YYYY?

A: The last day of February is the 28th, so Jane was born on 02/28/2001. Today is her 16-year old birthday, so
today is 02/28/2017. So yesterday was 02/27/2017. So the answer is 02/27/2017.
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Table 27: Few-shot exemplars for full chain of thought prompt for Sports Understanding.

PROMPT FOR SPORTS UNDERSTANDING
Q: Is the following sentence plausible? “Kyle Palmieri was called for slashing.”

A: Kyle Palmieri is a hockey player. Being called for slashing is part of hockey. So the answer is yes.

Q: Is the following sentence plausible? “Joao Moutinho caught the screen pass in the NFC championship.”

A: Joao Moutinho is a soccer player. The NFC championship is part of American football, not soccer. So the
answer is no.

Q: Is the following sentence plausible? “Carson Wentz set the pick and roll.”

A: Carson Wentz is an American football player. Pick and roll is part of basketball, not football. So the answer
is no.

Q: Is the following sentence plausible? “Jonas Valanciunas beat the buzzer.”

A: Jonas Valanciunas is a basketball player. Beating the buzzer is part of basketball. So the answer is yes.

Q: Is the following sentence plausible? “Jamel Murray was perfect from the line.”

A: Jamal Murray is a basketball player. Being perfect from the line is part of basketball. So the answer is yes.

Q: Is the following sentence plausible? “Sam Darnold passed the puck.”

A: Sam Darnold is a American football player. Passing the puck is part of hockey, not American football. So the
answer is no.

Q: Is the following sentence plausible? “Draymond Green threw a touchdown.”

A: Draymond Green is an basketball player. Throwing a touchdown is part of football, not basketball. So the
answer is no.

Q: Is the following sentence plausible? “Malcolm Brogdon banked the shot in.”

A: Malcolm Brogdon is a basketball player. Banking the shot in is part of basketball. So the answer is yes.
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Table 28: Few-shot exemplars for full chain of thought prompt for SayCan robot planning tasks.

PROMPT FOR SAYCAN ROBOT PLANNING
Locations = [counter, table, user, trash, bowl].
Objects = [7up, apple, kettle chips, tea, multigrain chips, coke, lime soda, jalapeno chips, rice chips, orange,
grapefruit soda, pepsi, redbull, energy bar, sponge, water].
The robot can pick up items with pick(object) and put down items with put(object) as well as find objects or
locations with find(). The robot can only understand the explicit locations and objects listed.

Human: I’m hungry, can you bring me some chips.

Explanation: The user is hungry and has asked for chips. There are several types of chips available, I will bring
the user the kettle chips.
Plan: 1. find(kettle chips), 2. pick(kettle chips), 3. find(user), 4. put(kettle chips), 5. done().

Human: How would you move the grapefruit drink from the table to the counter?

Explanation: The user has asked me to move the grapefruit drink to the counter.
Plan: 1. find(grapefruit soda), 2. pick(grapefruit soda), 3. find(counter), 4. put(grapefruit soda), 5. done().

Human: How would you bring me some snacks?

Explanation: The user has asked for snacks, I will choose two items and bring them. I will bring jalapeno chips
and an apple.
Plan: 1. find(jalapeno chips), 2. pick(jalapeno chips), 3. find(user), 4. put(jalapeno chips), 5. find(apple), 6.
pick(apple), 7. find(user), 8. put(apple), 9. done().

Human: How would you bring me something to eat that isn’t a fruit?

Explanation: The user has asked for a food that isn’t a fruit, I will bring an energy bar to them.
Plan: 1. find(energy bar), 2. pick(energy bar), 3. find(user), 4. put(energy bar), 5. done().

Human: How would you put the rice chips in the bowl and then move the tea to the table?
Explanation: The user has asked me to do two tasks, I will do one and then the other.
Plan: 1. find(rice chips), 2. pick(rice chips), 3. find(bowl), 4. put(rice chips), 5. find(tea), 6. pick(tea), 7.
find(table), 8. put(tea), 9. done().

Human: How would you throw away a redbull?

Explanation: The user has asked me to throw away the redbull, I will move it to the trash.
Plan: 1. find(redbull), 2. pick(redbull), 3. find(trash), 4. put(redbull), 5. done().

Human: Bring me a drink.

Explanation: The user has asked for a drink and there are many options. I will bring them a water.
Plan: 1. find(water), 2. pick(water), 3. find(user), 4. put(water), 5. done().

38



H Appendix: Alternate Annotators for MWP911

Table 29: Few-shot exemplars for full chain of thought prompt for math word problems. These
exemplars are the same as in Table 20, except that the chains of thought were written by a different
annotator (“Annotator B” instead of “Annotator A”). Annotators were co-authors and familiar with
the goal of chain of thought prompting.

PROMPT FOR MATH WORD PROBLEMS
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: There are 21 trees now and there are 15 trees in the beginning, so the workers plant 21 - 15 = 6 trees. 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: There are 3 cars in the beginning, 2 more arrive, so now there should be 3 + 2 = 5 cars. 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: Leah had 32 chocolates and her sister had 42, in total they have 32 + 42 = 74 chocolates. After they ate 35,
now there are 74 - 35 = 39 chocolates. The answer is 39.

Q: Jason had 20 lollipops. He gave Denny some lollipops. Now Jason has 12 lollipops. How many lollipops did
Jason give to Denny?

A: Jason started with 20 lollipops, but now he only has 12, so he gave Denny 20 - 12 = 8 lollipops. 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: Shawn got 2 toys each from his mom and dad, so he got 2 * 2 = 4 more, now he will have 5 + 4 = 9 toys. 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: 5 computers were installed from monday to thursday, so in total 5 * 4 = 20 computers are installed. 9
computers are there in the beginning, so now there are 20 + 9 = 29 computers. The answer is 29.

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?

A: Michael started with 58 golf balls and lost 23, so he has 58 - 23 = 35. After he lost 2 more, he has 35 - 2 = 33
balls now. The answer is 33.

Q: Olivia has $23. She bought five bagels for $3 each. How much money does she have left?

A: 5 bagels for $3 each should cost 5 * 3 = 15 dollars. Olivia had $23 in the beginning, so now she has 23 - 15 =
8 dollars left. The answer is 8.
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Table 30: Few-shot exemplars for full chain of thought prompt for math word problems. These
exemplars are the same as in Table 20, except that the chains of thought were written by a different
annotator (“Annotator C” instead of “Annotator A”).

PROMPT FOR MATH WORD PROBLEMS
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: We start with 15 trees. Later we have 21 trees. The difference must be the number of trees they planted. So,
they must have planted 21 - 15 = 6 trees. 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: There are 3 cars in the parking lot already. 2 more arrive. Now there are 3 + 2 = 5 cars. 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: Leah had 32 chocolates and Leah’s sister had 42. That means there were originally 32 + 42 = 74 chocolates.
35 have been eaten. So in total they still have 74 - 35 = 39 chocolates. The answer is 39.

Q: Jason had 20 lollipops. He gave Denny some lollipops. Now Jason has 12 lollipops. How many lollipops did
Jason give to Denny?

A: Jason had 20 lollipops. Since he only has 12 now, he must have given the rest to Denny. The number of
lollipops he has given to Denny must have been 20 - 12 = 8 lollipops. 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: He has 5 toys. He got 2 from mom, so after that he has 5 + 2 = 7 toys. Then he got 2 more from dad, so in
total he has 7 + 2 = 9 toys. 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: There are 4 days from monday to thursday. 5 computers were added each day. That means in total 4 * 5 = 20
computers were added. There were 9 computers in the beginning, so now there are 9 + 20 = 29 computers. The
answer is 29.

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?

A: Michael initially had 58 balls. He lost 23 on Tuesday, so after that he has 58 - 23 = 35 balls. On Wednesday
he lost 2 more so now he has 35 - 2 = 33 balls. The answer is 33.

Q: Olivia has $23. She bought five bagels for $3 each. How much money does she have left?

A: She bought 5 bagels for $3 each. This means she spent 5 * $3 = $15 on the bagels. She had $23 in beginning,
so now she has $23 - $15 = $8. The answer is 8.
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