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ABSTRACT

Chain-of-thought prompting combined with pre-trained large language models has
achieved encouraging results on complex reasoning tasks. In this paper, we propose
a new decoding strategy, self-consistency, to replace the naive greedy decoding
used in chain-of-thought prompting. It first samples a diverse set of reasoning paths
instead of only taking the greedy one, and then selects the most consistent answer
by marginalizing out the sampled r ing paths. Self-consistency leverages the
intuition that a complex reasoning problem typically admits multiple different ways
of thinking leading to its unique correct answer. Our extensive empinical evaluation
shows that self-consistency boosts the performance of chain-of-thought pmmplmg
with a striking margin on a range of popular arith

benchmarks, including GSMEBK (+17.9%). SVAMP (+1 l 0%), AQuA (+12. ‘.E),
StrategyQA (+6.4%) and ARC-challenge (+3.9%).

1 INTRODUCTION

Although language models have demonstrated remarkable success across a range of NLP tasks, their
ability to demonstrate reasoning is often seen as a limitation, which cannot be overcome solely by
increasing model scale (Rae et al., 2021; BIG-bench collaboration, 2021, inrer alia). In an effort
to address this shortcoming, Wei et al. (2022) have proposed chain-of-thought prompring, where
a language model is prompted to generate a series of short sentences that mimic the reasoning
process a person might employ in solving a task. For example, gwcn the question “If there are 3
cars in the parking lot and 2 more cars arrive, how many cars are in the parking lor?", instead
of directly responding with “5", a language model would be prompted to respond with the entire
chain-of-thought: “There are 3 cars in the parking lot already. 2 more arrive. Now there are 3 +
2 = 5 cars. The answer is 5.". It has been observed that chain-of-thought prompting significantly
improves model performance across a variety of multi-step reasoning tasks (Wei et al., 2022).

In this paper, we introduce a novel decoding strategy called self-consistency to replace the greedy
dccodmg wau.gy uscd in chain-of-thought prompting (Wei et al., 2022), that further improves
dels' g performance by a significant margin, Sclhunsnm.ucy leverages the
intuition that compl.cx reasoning tasks typically admit multiple reasoning paths that reach a correct
answer (Stanovich & West, 2000). The more that deliberate thinking and analysis is required for a
problem (Evans, 2010), the greater the diversity of reasoning paths that can recover the answer.

Figure 1 illustrates the self-consistency method with an example. We first prompt the language model
with chain-of-thought prompting, then instead of greedily decoding the optimal reasoning path, we
propose a “sample-and-marginalize” decoding procedure: we first sample from the language model's
decoder to generate a diverse set of reasoning paths; each reasoning path might lead to a different
final answer, so we determine the optimal answer by marginalizing our the sampled reasoning paths
to find the most consistent answer in the final answer set. Such an approach is analogous to the
human experience that if multiple differeat ways of thinking lead to the same answer, one has greater
confidence that the final answer is correct. Compared to other decoding methods, self-consistency
avoids the repetitiveness and local-optimality that plague greedy decoding, while mitigating the
stochasticity of a single sampled generation.
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Table 2,3: M=xE, dAFE/7|2xE M 5 715
|
Table2 : Arithmetic reasoning accuracy Table3 : Commonsense and symbolic accuracy reasoning
Method AddSub  MultiArith ASDiv. AQuA SVAMP  GSMS8K Method CSQA  StrategyQA ARC-e  ARC-c Letter (4) Coinflip (4)
Previous SoTA  94.9° 60.5% 75.3° 37.9° 57.4° 35° | 557 Previous SoTA  91.2° 73.9° 86.4° 75.0° N/A N/A
UL220g CoT-prompting 18.2 10.7 16.9 23.6 12.6 4.1 ULooog  CoT-prompting 514 53.3 61.6 42.9 0.0 50.4
Self-consistency 24.8 (+6.6) 15.0 (+4.3) 21.5 (+4.6) 26.9 (+33) 19.4 +68) 7.3 (+3.2) Self-consistency 55.7 (+4.3) 54.9 (+1.6) 69.8 (+8.2) 49.5 +6.8) 0.0 +0.0) 50.5 (+0.1)
3 CoT-prompting 52.9 51.8 49.0 LLJ 389 17.1 CoT-prompting 57.9 65.4 75.3 55.1 8.2 72.4
LaMDa-1378 Self-consistency 63.5 (+10.6) 75.7 (+23.9) 58.2 (+9.2) 26.8 (+9.1) 53.3 (+14.4) 27.7 (+10.6) Ay 1278 Self-consistency 63.1 (+5.2) 67.8 (+2.4)  79.3 (+4.0) 59.8 (+4.7) 8.2 (+0.0) 73.5 (+1.1)
Pal.M-540B CoT-prompting 91.9 94.7 74.0 35.8 79.0 56.5 Pal M-540B CoT-prompting 79.0 153 95.3 85.2 65.8 88.2
Self-consistency 93.7 (+1.8) 99.3 (+4.6) 81.9 (+7.9) 48.3 (+12.5) 86.6 (+7.6) 74.4 (+17.9) Self-consistency 80.7 (+1.7) 81.6 (+6.3)  96.4 (+1.1) 88.7 (+3.5) 70.8 (+5.0) 91.2 (+3.0)
GPT-3 CoT-prompting 57.2 59.5 52.7 18.9 39.8 14.6 GPT-3 CoT-prompting 46.6 56.7 63.1 43.1 7.8 71.4
Code-davinci-001  Self-consistency 67.8 (+10.6) 82.7 (+23.2) 61.9 (+9.2) 25.6 (+6.7) 54.5 (+14.7) 23.4 (+8.8) Code-davinci-001 Self-consistency 54.9 (+8.3) 61.7 (+5.00  72.1 (+9.0) 53.7 (+10.6) 10.0 (+2.2) 75.9 (+4.5)
GPT-3 CoT-prompting 89.4 96.2 80.1 39.8 75.8 60.1 GPT-3 CoT-prompting 79.0 73.4 94.0 83.6 70.4 99.0

Code-davinci-002  Self-consistency 91.6 (+2.2) 100.0 (+3.8) 87.8 (+7.6) 52.0 (+12.2) 86.8 (+11.0) 78.0 (+17.9) Code-davinci-002 Self-consistency 81.5 +2.5) 79.8 (+6.4)  96.0 (+2.0) 87.5 +3.9) 73.4 (+3.0) 99.5 (+0.5)
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