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What is “natural” about language?

• Natural language refers to ordinary languages that occur naturally in human 
community “by process of use, repetition, and change without conscious 
planning of premeditation” (Wikipedia)


• From the statistical point of view, it means that most of our utterances are 
simple, repetitive, and therefore predictable.


• Surely this is how we all learn language.

https://en.wikipedia.org/wiki/Natural_language




John: Hi, nice to meet you. How are  you?

Mary: I’m ____, _____ ___. ___ ___?

a) fine, thank you. And you?


b) okay, I guess. Why care?



What about code?  
Is it also natural?



def SieveOfEratosthenes(num):

a) prime = [True for i in range(num+1)]…

b) arr = re.findall(r'[0-9]+', word)… 

Python: for _ __ _____ …

a) i in range


b) ( int i = 0;

Java: for _ ___ _ _ _ _ …

a) i in range


b) ( int i = 0;



On the Naturalness of Software
Hindle et al., ICSE 2012 (https://doi.org/10.1109/ICSE.2012.6227135)

• “Programming languages, in theory, are complex, flexible and powerful, but 
the programs that real people actually write are mostly simple and rather 
repetitive, and thus they have usefully predictable statistical properties that 
can be captured in statistical language models and leveraged for software 
engineering tasks.”

https://doi.org/10.1109/ICSE.2012.6227135


Statistical Language Model

• Given a set of tokens, , a set of possible utterances, , and a set of 
actual utterances, , a language model is a probability distribution  
over utterances , i.e., 


• That is, given all possible sequences of tokens, , how likely is it that 
someone says a specific sentence, ?

𝒯 𝒯*
𝒮 ⊂ 𝒯* p

s ∈ 𝒮 ∀s ∈ 𝒮[0 < p(s) < 1 ∧ ∑
s∈𝒮

p(s) = 1

𝒯*
s ∈ 𝒮



Probability of Utterance

• An utterance (or a sentence) is a sequence of tokens (or words). Suppose we 
have  tokens,  that consist . What is ?


• 


• But these conditional probabilities are hard to calculate: the only feasible 
approach would be count each utterance that qualifies, but  is too big, let 
alone .

N a1, a2, …, aN s p(s)

p(s) = p(a1)p(a2 |a1)p(a3 |a1 . a2)p(a4 |a1, a2, a3)…p(aN |a1…aN−1)

𝒮
𝒯*



N-Gram

• Assumes Markov property, i.e., the next token is influenced only by those 
came immediately before (say, within the window of  tokens)!


• 


• This is now much more tractable:


•

n

p(ai |a1…ai−1) ≃ p(ai |ai−3ai−2ai−1)

p(ai |ai−3ai−2ai−1) =
count(ai−3, ai−2, ai−1, ai)
count(ai−3, ai−2, ai−1, * )



How surprising a sentence is…

• Given a language model  and a sentence , we can define the entropy of 
the sentence:


• 


• Under the n-gram model:


•

ℳ s

Hℳ(s) = −
1
n

log pℳ(a1…an)

Hℳ(s) = −
1
n

log pℳ(a1…an) ≃ −
1
n

n

∑
1

log pℳ(ai |ai−3, ai−2, ai−1)
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techniques for smoothing the estimates of a very large number
of coefficients, some of which are larger than they should be
and others smaller. Sometimes it is better to back-off from a
trigram model to a bigram model. The technical details are
beyond the scope of this paper, but can be found in any ad-
vanced NLP textbook. In practice we found that Kneser-Ney
smoothing (e.g., Koehn [3], §7) gives good results for software
corpora. However, we note that these are very early efforts in
this area, and new software language models and estimation
techniques might improve on the results presented below.

But how do we know when we have a good language model?

B. What Makes a Good Model?
Given a repetitive and highly predictable corpus of docu-

ments (or programs), a good model captures the regularities
in the corpus. Thus, a good model, estimated carefully from
a representative corpus, will predict with high confidence the
contents of a new document drawn from the same population.
Such a model can guess the contents of the new document
with very high probability. In other words, the model will not
find a new document particularly surprising, or “perplexing”.
In NLP, this idea is captured by a measure called perplexity,
or its log-transformed version, cross-entropy4. Given a doc-
ument s = a1 . . . an, of length n, and a language model M,
we assume that the probability of the document estimated by
the model is pM(s). We can write down the cross-entropy
measure as:

HM(s) = � 1

n
log pM(a1 . . . an)

and by the formulation presented in Section II-A:

HM(s) = � 1

n

nX

1

log pM(ai | a1 . . . ai�1)

This is a measure of how “surprised” a model is by the
given document. A good model has low entropy for most
documents. It gives higher probabilities, (closer to 1, and thus
lower absolute log values) to most words in the document.
If one could manage to deploy a (hypothetical) truly superb
model within an IDE to help programmers complete code
fragments, it might be able to guess with high probability
most of the program, so that most of the programming work
can be done by just hitting a tab key! In practice of course, we
would probably be satisfied with a lot less.

But how good are the models that we can actually build
for “natural” software? Is software is really as “natural” (i.e.,
unsurprising) as natural language?

III. METHODOLOGY & FINDINGS

To shed light on this question, we performed a series of
experiments with both natural language and code corpora, first
comparing the “naturalness” (using cross-entropy) of code

4http://en.wikipedia.org/wiki/Cross entropy; see also [4], §2.2, page 75,
equation 2.50

Tokens
Java Project Version Lines Total Unique

Ant 20110123 254457 919148 27008
Batik 20110118 367293 1384554 30298

Cassandra 20110122 135992 697498 13002
Eclipse-E4 20110426 1543206 6807301 98652

Log4J 20101119 68528 247001 8056
Lucene 20100319 429957 2130349 32676
Maven2 20101118 61622 263831 7637
Maven3 20110122 114527 462397 10839
Xalan-J 20091212 349837 1085022 39383
Xerces 20110111 257572 992623 19542

Tokens
Ubuntu Domain Version Lines Total Unique

Admin 10.10 9092325 41208531 1140555
Doc 10.10 87192 362501 15373

Graphics 10.10 1422514 7453031 188792
Interpreters 10.10 1416361 6388351 201538

Mail 10.10 1049136 4408776 137324
Net 10.10 5012473 20666917 541896

Sound 10.10 1698584 29310969 436377
Tex 10.10 1405674 14342943 375845
Text 10.10 1325700 6291804 155177
Web 10.10 1743376 11361332 216474

Tokens
English Corpus Version Lines Total Unique

Brown 20101101 81851 1161192 56057
Gutenberg 20101101 55578 2621613 51156

Table I: 10 Java Projects, C code from 10 Ubuntu 10.10 Cat-
egories, 3 English Corpus used in our study. English is the
concatenation of Brown and Gutenberg. Ubuntu 10.10 Maver-
ick was released on 2010/10/10.

with English texts, and then comparing various code corpora
to each other to further gain insight into the similarities and
differences between code corpora.

Our natural language studies were based on two very widely
used corpora: the Brown corpus, and the Gutenberg corpus5.
For code, we used several sets of corpora, including a collec-
tion of Java projects, as well a collection of applications from
Ubuntu, broken up into application domain categories. All are
listed in Table I.

After removing comments, the projects were lexically ana-
lyzed to produce token sequences that were used to estimate
n-gram language models. Most of our corpora are in C and
Java. Extending to other languages is trivial.

The Java projects were our central focus; we used them
both for cross-entropy studies, and some experiments with an
Eclipse plug-in for a language-model-based code-suggestion
task. Table I describes the 10 Java projects that we used. The
Version indicates the date of the last revision in the Git repos-
itory when we cloned the project. Unique Tokens refers to
the number of different kinds of tokens that make up the to-
tal token count given in the Tokens field. Lines is calculated
using Unix wc on all files within each repository, and tokens

5We retrieved these corpora from http://www.nltk.org/.
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Figure 1: Comparison of English Cross-Entropy versus the
Code Cross Entropy of 10 projects.

are extracted from each of these files. The Ubuntu domain
categories were quite large in some cases, ranging up to 9
million lines, 41 million tokens (one million unique). The
number of unique tokens is interesting and relevant, as they
give a very rough indication on the potential “surprisingness”
of the project corpus. If these unique token were uniformly
distributed throughout the project (highly unlikely), we could
expect a cross-entropy of log2(1.15E6), or approximately 20
bits. A similar calculation for the Java projects ranges from
about 13 bits to about 17 bits.

A. Cross-Entropy of Code

Cross-entropy is a measure of how surprising a test docu-
ment is to a distribution model estimated from a corpus. Thus
if one tests a corpus against itself, one has to set aside some
portion of the corpus for testing, and estimate (train) the model
on the rest of the corpus. In all our experiments, we measured
cross-entropy by averaging out over a 10-fold cross-validation:
we split the corpus 90%–10% (in lines) at random 10 loca-
tions, trained on the 90% and tested on 10%, and measured
the average cross-entropy. A further bit of notation: when we
say we measured the cross-entropy of X to Y , Y is the train-
ing corpus used to estimate the parameters of the distribution
model MY used to calculate HMY (X).

First, we wanted to see if there was evidence to support
the claim that software was “natural”, in the same way that
English is natural, viz., whether regularities in software could
be captured by language models.

RQ 1: Do n-gram language models capture regularities in
software?

To answer this question, we estimated n-gram models for
several values of n over both the English corpus and the 10
Java language project corpora, using averages over 10-fold
cross validation (each corpus to itself) as described above. The
results are in Figure 1. The single line above is the average
over the 10 folds for the English corpus, beginning at about
10 bits for unigram models, and trailing down to under 8 bits
for 10-gram models. The average self cross-entropy for the 10
projects are shown below in boxplots, one for each order from
unigram models to 10-gram models. Several observations can
be made. First, software unigram entropy is much lower than
might be expected from a uniform distribution over unique
tokens, because token frequencies are obviously very skewed.

Second, cross-entropy declines rapidly with n-gram order,
saturating around tri- or 4-grams. The similarity in the decline
in English and the Java projects is striking. This decline sug-
gests that there is as much of repetitive local context that is
being captured by the language model in Java programs, as
it is in the English corpora. We take this to be highly encour-
aging: the ability to model the regularity of the local context
in natural languages has proven to be extremely valuable in
statistical natural language processing; we hope (and in fact,
provide some evidence to support the claim) that this regularity
can be exploited for software tools.

Last, but not least, software is far more regular than English
with entropies sinking down to under 2 bits in some cases.

Corpus-based statistical language models can capture
a high level of local regularity in software, even more so
than in English.

This raises a worrying question: is the increased regularity
we are capturing in software merely a difference between En-
glish and Java? Java is certainly a much simpler language than
English, with a far more structured syntax. Might not the lower
entropy be simply an artifact of the artificially simple syntax
for Java? If the statistical regularity of the local context being
captured by the language model were simply arising from the
simplicity of Java, then we should find this uniformly across
all the projects; in particular, if we train a model on one Java
project, and test on another, we should successfully capture
the local regularity in the language. Thus, we sublimate this
anxiety-provoking question into the following:

RQ 2: Is the local regularity that the statistical language
model captures merely language-specific or is it also
project-specific?

This is a pretty simple experiment. For each of the 10
projects, we train a trigram model, and evaluate its cross-
entropy with each of the 9 others, and compare the value
with the average 10-fold cross-entropy against itself. This
plot is shown in Figure 3. The x-axis lists all the different
Java projects, and, for each, the boxplot shows the range of
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10 fold cross-entropy: solid line is English, 
box-plots are Java



(On curiosity level) What is the usual entropy?

• In other words, do we write unique code, or whatever we write are usually 
boilerplates, repetitive, expectable?


• Interestingly, a predecessor of the Naturalness paper asked this first: “A Study 
of the Uniqueness of Source Code” by Gabel and Su, FSE 2010


• After abstracting unique identifiers for matching, you have to write over 30 
tokens to get unique in general: this is about 5~6 lines of code.


• A single line (=6 tokens) is almost always redundant (i.e., the same line can 
be found in the same program)



Dual Channel Constraints
Casalnuovo et al., ICSE NIER 2020 (https://doi.org/10.1145/3377816.3381720)

• Next iterative refinement of the naturalness idea :)


• Source code communicates meaning over two different channels:


• AL (Algorithmic) Channel: a human tells a computer what to do —> the semantic is 
complied into machine instructions and eventually executed 


• NL (Natural Language) Channel: a human tells other humans what the source 
code does —> others can read the code and understand


• Importantly, each channel constraints what is allowed in the other!


• No one will use random variable names; no one will name a function quick_sort if  
the code actually implements insertion sort algorithm

https://doi.org/10.1145/3377816.3381720


Large Language Model
(really, a very large statistical language model)

• Mainly Transformer-based DNNs that are trained to be an auto-regressive 
language model, i.e., given a sequence of tokens, it repeatedly tries to predict 
the next token.


• The biggest hype in SE research right now with an explosive growth, 
because:


• Emergent behaviour leading to very attractive properties such as in-
context learning, Chain-of-Thoughts, or PAL, leading up to agents.


• They seem to get the semantics of the code and work across natural 
and programming language



Emergent Behaviour



Emergent?

• Totality is more than the sum of parts - “Metaphysics”, Aristotle


• (To paraphrase) Most fundamental physical laws cannot explain new 
properties and behaviours arising in the assembly of a large number of small 
units each obeying the physical law - “More is different” by Phillip W. 
Anderson, Science, 177(4047), 1972


• In other words, at the lower level, we train an auto-correction engine, but at 
the higher level, once we make the engine large enough, it starts doing 
unexpected things…



• Above certain size, LLMs change 
their behaviour in interesting 
ways


• The point of change in slope is 
referred to as “breaks”.


• Good, but also not good…? If 
something is emergent, it also 
means we cannot clearly explain 
it…

What is Emergent Behavior?

Caballero et al., https://arxiv.org/abs/2210.14891

https://arxiv.org/abs/2210.14891


In-context Learning

• Previously, getting a model for a specific task involved either dedicated model 
+ training, or at least general pre-trained model + fine-tuning


• Above certain size, LLMs show the ability to perform In-Context Learning, i.e., 
they learn as part of their context (i.e., preceding tokens), leading to prompt 
engineering:


• Few-shot learning: the context explains the problem, and gives a few 
examples of question-answer. LLMs can now answer an un-seen question.


• Zero-shot learning: the context explains the problem as well as how it can 
be solved. LLMs can now answer an un-seen problem.



Chain-of-Thoughts
Wei et al., 2022 (https://arxiv.org/abs/2201.11903)

• Underneath, LLMs are doing autocompletion, not any other type of reasoning: 
they appear to be capable of rational inference because the corpus they are 
trained include traces of logical reasoning.


• So, conditioning the model (with the context) to be more precise about the 
reasoning steps can result in generation of more accurate reasoning steps.


• Add “Let’s think in step by step” at the end of every prompt (https://
arxiv.org/abs/2205.11916) 🙃 🫥 🫠

https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2205.11916


Chain-of-Thought Prompting Elicits Reasoning
in Large Language Models

Jason Wei Xuezhi Wang Dale Schuurmans Maarten Bosma

Brian Ichter Fei Xia Ed H. Chi Quoc V. Le Denny Zhou

Google Research, Brain Team
{jasonwei,dennyzhou}@google.com

Abstract

We explore how generating a chain of thought—a series of intermediate reasoning
steps—significantly improves the ability of large language models to perform
complex reasoning. In particular, we show how such reasoning abilities emerge
naturally in sufficiently large language models via a simple method called chain-of-
thought prompting, where a few chain of thought demonstrations are provided as
exemplars in prompting.
Experiments on three large language models show that chain-of-thought prompting
improves performance on a range of arithmetic, commonsense, and symbolic
reasoning tasks. The empirical gains can be striking. For instance, prompting a
PaLM 540B with just eight chain-of-thought exemplars achieves state-of-the-art
accuracy on the GSM8K benchmark of math word problems, surpassing even
finetuned GPT-3 with a verifier.

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?

Model Input

Model Output Model Output

Model Input

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.

36th Conference on Neural Information Processing Systems (NeurIPS 2022).
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Chain-of-Thoughts
Wei et al., 2022 (https://arxiv.org/abs/2201.11903)

• Add “Let’s think in step by step” at the end of every prompt (https://arxiv.org/
abs/2205.11916) and the model performance go up! 🙃 🫥 🫠


• We have even weirder, recent results. 


• If you make a strong emotional plea, the performance improves (https://
arxiv.org/abs/2307.11760) 🥺


• Apparently, there is anecdotal evidence that a promise of a large tip 
produces mode detailed responses (https://twitter.com/voooooogel/status/
1730726744314069190?s=61&t=nZo2vLZm-4bSiRjGlkTRBg) 💰

https://arxiv.org/abs/2201.11903
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2205.11916
https://arxiv.org/abs/2307.11760
https://arxiv.org/abs/2307.11760
https://arxiv.org/abs/2307.11760
https://arxiv.org/abs/2307.11760
https://twitter.com/voooooogel/status/1730726744314069190?s=61&t=nZo2vLZm-4bSiRjGlkTRBg
https://twitter.com/voooooogel/status/1730726744314069190?s=61&t=nZo2vLZm-4bSiRjGlkTRBg
https://twitter.com/voooooogel/status/1730726744314069190?s=61&t=nZo2vLZm-4bSiRjGlkTRBg


“Reasoning” Models

• Explicitly trained to “think” (i.e., produce tokens that represent the stream of 
thoughts” before “answering”


• The “think” part will hopefully generate appropriate context for the “answer” 
part.

DeepSeek R1



Gao et al., ICML 2023 (https://arxiv.org/abs/2211.10435)

• What is even more logical and 
step by step than natural 
language? Programming 
language :)


• Providing few-shop examples 
that are mixtures of NL and LP 
can enhance the reasoning 
capabilities of LLM

Program-Aided Language Models (PAL)
PAL: Program-aided Language Models 2

A: The bakers started with 200 loaves 
loaves_baked = 200 
They sold 93 in the morning and 39 in the afternoon 
loaves_sold_morning = 93 
loaves_sold_afternoon = 39 
The grocery store returned 6 loaves. 
loaves_returned = 6 
The answer is 
answer = loaves_baked - loaves_sold_morning
  - loaves_sold_afternoon + loaves_returned 

>>> print(answer) 
74 

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 tennis balls. 2 cans of 3 tennis
balls each is 6 tennis balls. 5 + 6 = 11. The answer is 11. 

Q: The bakers at the Beverly Hills Bakery baked 200
loaves of bread on Monday morning. They sold 93 loaves
in the morning and 39 loaves in the afternoon. A grocery
store returned 6 unsold loaves. How many loaves of
bread did they have left? 

Chain-of-Thought (Wei et al., 2022)
Input

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 tennis balls.  
tennis_balls = 5 
2 cans of 3 tennis balls each is 
bought_balls = 2 * 3 
tennis balls. The answer is  
answer = tennis_balls + bought_balls 

Q: The bakers at the Beverly Hills Bakery baked 200
loaves of bread on Monday morning. They sold 93 loaves
in the morning and 39 loaves in the afternoon. A grocery
store returned 6 unsold loaves. How many loaves of bread
did they have left? 

Program-aided Language models (this work)
Input

Model Output

A: The bakers started with 200 loaves. They sold 93 in
the morning and 39 in the afternoon. So they sold 93 +
39 = 132 loaves. The grocery store returned 6 loaves. So
they had 200 - 132 - 6 = 62 loaves left.  
The answer is 62. 

Model Output

Figure 1: A diagram illustrating PAL: Given a mathematical reasoning question, Chain-of-thought (left) generates interme-
diate reasoning steps of free-form text. In contrast, Program-aided Language models (PAL, right) generate intermediate
steps and Python code. This shifts the role of running the reasoning steps from the language model to the Python interpreter.
The final answer is obtained by running the generated reasoning chain. Chain-of-thought reasoning is highlighted in blue;
PAL steps are highlighted in gray and pink ; the Python interpreter run is highlighted in black and green.

require LLMs, solving and reasoning can be done with the
external solver. This bridges an important gap in chain-of-
thought-like methods, where reasoning chains can be correct
but produce an incorrect answer.

We demonstrate the effectiveness of PAL across 13 arith-
metic and symbolic reasoning tasks. In all these tasks,
PAL using Codex (Chen et al., 2021a) outperforms much
larger models such as PaLM-540B using chain-of-thought
prompting. For example, on the popular GSM8K bench-
mark, PAL achieves state-of-the-art accuracy, surpassing
PaLM-540B with chain-of-thought by absolute 15% top-
1 accuracy. When the questions contain large numbers, a
dataset we call GSM-HARD, PAL outperforms COT by an ab-
solute 40%. We believe that this seamless synergy between
a neural LLM and a symbolic interpreter is an essential step
towards general and robust AI reasoners.

2. Background: Few-shot Prompting
Few-shot prompting leverages the strength of large-language
models to solve a task with a set of k examples that are pro-
vided as part of the test-time input (Brown et al., 2020;
Liu et al., 2021; Chowdhery et al., 2022), where k is usu-
ally a number in the low single digits. These input-output
examples {(xi, yi)}ki=1 are concatenated in a prompt p
⌘ hx1 · y1i k hx2 · y2i k . . . k hxk · yki. where “·” denotes
the concatenation of an input and output, and “k” indicate
the concatenation of different examples. During inference,
a test instance xtest is appended to the prompt, and p kxtest

is passed to the model which attempts to complete p k xtest,
and thereby generate an answer ytest. Note that such few-
shot prompting does not modify the underlying LLM.

PAL: Program-aided Language Models, Gao et al., ICML 2023

https://arxiv.org/abs/2211.10435 

https://arxiv.org/abs/2211.10435
https://arxiv.org/abs/2211.10435




Yao et al., ICLR 2023 (https://arxiv.org/abs/2210.03629)

• What if we need external information 
for the in-context learning? In other 
words, can LLMs be given tools?


• Remember that this is still 
autocompletion:


• LLMs can be taught to signal the 
need to invoke tools


• Whenever LLMs need a tool 
invocation, we do it ourselves 
and paste the outcome back 
into the context

ReAct

ReAct: Synergizing Reasoning and Acting in Language Models, Yao et al., ICLR 2023

https://arxiv.org/abs/2210.03629

Published as a conference paper at ICLR 2023
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Figure 1: (1) Comparison of 4 prompting methods, (a) Standard, (b) Chain-of-thought (CoT,
Reason Only), (c) Act-only, and (d) ReAct (Reason+Act), solving a HotpotQA (Yang et al., 2018)
question. (2) Comparison of (a) Act-only and (b) ReAct prompting to solve an AlfWorld (Shridhar
et al., 2020b) game. In both domains, we omit in-context examples in the prompt, and only show task
solving trajectories generated by the model (Act, Thought) and the environment (Obs).

answers from questions in arithmetic, commonsense, and symbolic reasoning tasks (Wei et al.,
2022). However, this “chain-of-thought” reasoning is a static black box, in that the model uses
its own internal representations to generate thoughts and is not grounded in the external world,
which limits its ability to reason reactively or update its knowledge. This can lead to issues like fact
hallucination and error propagation over the reasoning process (Figure 1 (1b)). On the other hand,
recent work has explored the use of pre-trained language models for planning and acting in interactive
environments (Ahn et al., 2022; Nakano et al., 2021; Yao et al., 2020; Huang et al., 2022a), with
a focus on predicting actions via language priors. These approaches usually convert multi-modal
observations into text, use a language model to generate domain-specific actions or plans, and then
use a controller to choose or execute them. However, they do not employ language models to reason
abstractly about high-level goals or maintain a working memory to support acting, barring Huang
et al. (2022b) who perform a limited form of verbal reasoning to reiterate spatial facts about the
current state. Beyond such simple embodied tasks to interact with a few blocks, there have not been
studies on how reasoning and acting can be combined in a synergistic manner for general task solving,
and if such a combination can bring systematic benefits compared to reasoning or acting alone.

In this work, we present ReAct, a general paradigm to combine reasoning and acting with language
models for solving diverse language reasoning and decision making tasks (Figure 1). ReAct
prompts LLMs to generate both verbal reasoning traces and actions pertaining to a task in an
interleaved manner, which allows the model to perform dynamic reasoning to create, maintain, and
adjust high-level plans for acting (reason to act), while also interact with the external environments
(e.g. Wikipedia) to incorporate additional information into reasoning (act to reason).
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Semantic Barrier between NL/PL



Does it engage with semantic across NL and PL?

• Yes (we have so many examples now…)


• But why? 


• Imagine we delete ALL LLM models we have, and train them from the 
scratch again, but this time after shuffling all documentation/comments and 
source code pairs, as well as randomising all identifiers 🤪 (remember dual 
channel constraint theory?)


• Intuitively, any semantic understanding(?) is based on the alignment 
between NL and PL via their co-occurrences in the corpus, as well as PL 
naturalness (rather than via symbolic understanding of PL semantics).



GP vs. LLMs
Different Approaches towards Program Synthesis

• We will jump over many examples that show LLMs can generate program 
code - not very interesting to discuss - and discuss the NEXT paradigm.


• However, one crucial difference:


• GP: balance between exploration and exploitation - we do (almost) uniform 
random sampling from the space of all possible programs (exploration) and 
guide the search to certain direction (exploitation) using accurate feedback


• LLM: the learnt distribution of tokens already include NL and PL - we 
directly sample from the learnt distribution (much narrower than the entire 
space), but without feedback



Examples of NL/PL capabilities



Execution-Based Filtering of LLM Output
LLM-based Bug Reproduction (Kang, Yoon & Yoo, ICSE 2023)
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• Any test that does not 
fail in the buggy version 
are filtered out!


• Failure type and error 
messages are 
considered when 
clustering tests —> 
larger clusters are more 
reliable



LLM-based Bug Reproduction
Kang, Yoon & Yoo, ICSE 2023 (https://doi.org/10.1109/ICSE48619.2023.00194)

• Few-shot learning: we provide examples of bug reports and reproducing 
tests.


• Dependence Injection: LLMs generate test methods, we inject them to test 
classes so that we can execute them.


• Dynamic Checking: a bug reproducing test should FAIL in the buggy version - 
we filter out tests that are not FIB (Failing-in-Buggy version).


• Clustering: we cluster test cases based on error messages - and take the 
majority cluster as the answer.

https://doi.org/10.1109/ICSE48619.2023.00194


LLM-Based Bug Reproduction
Kang, Yoon & Yoo, ICSE 2023 (https://doi.org/10.1109/ICSE48619.2023.00194)

Answer to RQ2-3: LIBRO can reduce both the number of
bugs and tests that must be inspected: 33% of the bugs
are safely discarded while preserving 87% of the successful
bug reproduction. Among selected bug sets, 80% of all bug
reproductions can be found within 5 inspections.

C. RQ3. How well would LIBRO work in practice?

TABLE VII: Bug Reproduction in GHRB: x/y means x
reproduced out of y bugs

Project rep/total Project rep/total Project rep/total

AssertJ 3/5 Jackson 0/2 Gson 4/7
checkstyle 0/13 Jsoup 2/2 sslcontext 1/2

1) RQ3-1: We explore the performance of LIBRO when
operating on the GHRB dataset of recent bug reports. We find
that of the 31 bug reports we study, LIBRO can automatically
generate bug reproducing tests for 10 bugs based on 50 trials,
for a success rate of 32.2%. This success rate is similar to
the results from Defects4J presented in RQ1-1, suggesting
LIBRO generalizes to new bug reports. A breakdown of results
by project is provided in Table VII. Bugs are successfully
reproduced in AssertJ, Jsoup, Gson, and sslcontext, while they
were not reproduced in the other two. We could not reproduce
bugs from the Checkstyle project, despite it having a large
number of bugs; upon inspection, we find that this is because
the project’s tests rely heavily on external files, which LIBRO
has no access to, as shown in Section VI-C3. LIBRO also
does not generate BRTs for the Jackson project, but the small
number of bugs in the Jackson project make it difficult to draw
conclusions from it.

Answer to RQ3-1: LIBRO is capable of generating bug
reproducing tests even for recent data, suggesting it is not
simply remembering what it trained with.

2) RQ3-2: LIBRO uses several predictive factors correlated
with successful bug reproduction for selecting bugs and rank-
ing tests. In this research question, we check whether the
identified patterns based on the Defects4J dataset continue to
hold in the recent GHRB dataset.

Fig. 5: Distribution of the max_output_clus_size values for
reproduced and not-reproduced bugs

Recall that we use the maximum output cluster size as a
measure of agreement among the FIBs, and thus as a selection
criterion to identify whether a bug has been reproduced. To
observe whether the criterion is a reliable indicator to predict

Listing 4: Generated FIB test for AssertJ-Core-2666.
1 public void testIssue952() {

2 Locale locale = new Locale("tr", "TR");

3 Locale.setDefault(locale);

4 assertThat("I").as("Checking�in�tr_TR�locale").containsIgnoringCase("i

");

5 }

the success of bug reproduction, we observe the trend of
max_output_clus_size between the two datasets, with and
without BRTs. In Figure 5, we see that the bugs with no BRT
typically have small max_output_clus_size, mostly under
ten; this pattern is consistent in both datasets.

The ranking results of GHRB are also presented in Table VI.
They are consistent to the results from Defects4J, indicating
the features used for our ranking strategy continue to be good
indicators of successful bug reproduction.

Answer to RQ3-2: We find that the factors used for the
ranking and selection of LIBRO consistently predict bug
reproduction in real-world data.

3) RQ3-3: We present case studies of attempts by LIBRO
to reproduce bugs that either succeeded or failed.

TABLE VIII: Bug Report Successfully Reproduced: URLs
are omitted for brevity (AssertJ-Core Issue #2666)

Title assertContainsIgnoringCase fails to compare i and I in
tr_TR locale

See org.assertj.core.internal.Strings#assertContainsIgnoringCase
[url]
I would suggest adding [url] verification to just ban
toLowerCase(), toUpperCase() and other unsafe methods: #2664

We first present a successfully reproduced bug report, issue
#2685 for the AssertJ-Core project, in Table VIII. The bug
is that, in tr_TR locale, assertContainsIgnoringCase method is
mishandling the letter I. For this bug report, LIBRO gener-
ates the bug reproducing test in Listing 4. Despite the bug
report not containing any executable code, LIBRO successfully
generated a bug reproducing test that compares I and i,
using the containsIgnoringCase method referenced within the
report. A BRT for this bug is ranked at the second place,
suggesting a developer would have been quickly provided with
a reproducing test.

Listing 5: Generated FIB test for Checkstyle-11365.
1 public void testFinalClass() throws Exception {

2 final DefaultConfiguration checkConfig =

3 createModuleConfig(FinalClassCheck.class);

4 final String[] expected = CommonUtil.EMPTY_STRING_ARRAY;

5 verify(checkConfig, getPath("InputFinalClassAnonymousClass.java"),

expected);

6 }

We now turn to a bug report that is not successfully
reproduced. Table IX contains issue #11365 in the Checkstyle
project. The bug is that CheckStyle incorrectly decides that a

https://doi.org/10.1109/ICSE48619.2023.00194


LLMs will generate incorrect comments. But…
Kang, Milliken & Yoo (https://arxiv.org/pdf/2406.14836)

Identifying Inaccurate Descriptions in LLM-generated Code Comments via Test Execution

Figure 1: Comment factual accuracy by generating LLM.

Technique Welch’s t-test Point-Biserial Corr. [15]

DocChecker [5] 0.735 0.738
Deep-JIT [21] 0.207 0.246
GPT-3-NoCoT [17] 0.249 0.227
GPT-3-CoT 0.168 0.156
BLEU [22] 0.385 0.405
SentenceBERT [11] 0.177 0.163
CodeT5 [30] 0.669 0.657
CodeBERT [8] 0.254 0.275
CID [27] 0.747 0.748

Table 1: Statistical relationship (p-values) between existing
consistency models and factual accuracy of comments.

GPT-3, and a �fth of the comments from GPT-4 contained state-
ments that contradicted the written human intent of the method or
inaccurately described the behavior of the code. This shows it is
di�cult to entrust current-generation LLMs with comment genera-
tion at scale, as they are prone to inaccurately describing behavior
in a signi�cant portion of the generated comments.

Amanual evaluation of 540 LLM-generated comments shows they
are prone to generating inaccurate comments for Java methods.

2.2 Predicting Factual Accuracy of Comments
with Existing Work

In theory, code-comment consistency detection techniques should
be able to uncover a large portion of factual accuracy issues. To
test this, we measured whether there was a statistically signi�cant
relationship between the model output of nine di�erent baselines,
and the factual accuracy of GPT-3 generated comments which we
could unambiguously label (141 in total). The baselines are as fol-
lows: �rst, from code-comment consistency detection techniques,
we used Deep-JIT [21], DocChecker [5], and Li and Shin [17]. Deep-
JIT is a technique primarily focused on whether a comment should
be updated given a program patch, but they also report plain code-
comment consistency results in their ‘post hoc’ setting. As they do
not provide a trained model, we trained one anew with their public
code using their post hoc setting, and con�rm the accuracy is similar
to that reported within their paper. DocChecker is a recent state-of-
the-art technique that builds upon Deep-JIT. Li and Shin suggest
asking the LLM itself whether code and comments are inconsistent
(marked as GPT-3-NoCoT in Table 1); we additionally add a variant
of Li and Shin’s technique using Chain-of-Thought (CoT), which is
known to improve performance in LLM problem solving [31]. Sec-
ond, we evaluate whether similarity metrics can predict accuracy.

Figure 2: Diagram of error taxonomy for GPT-3 comments.

For the �rst two, BLEU [22] and SentenceBERT [23], we evaluate the
correlation between the generated comment accuracy and embed-
ding similarity of the human-written and generated comment. As
Haque et al. [11] �nd a correlation between SentenceBERT similar-
ity and ‘subjective’ correctness from humans, SentenceBERT allows
us to indirectly compare our ‘factual’ correctness labels with subjec-
tive correctness. For the latter two, CodeT5 [30] and CodeBERT [8],
we evaluate the correlation between the comment accuracy and
embedding similarity of the target method and generated comment,
as these models are trained on source code. Finally, we evaluate the
LLM-based inconsistency detection technique CID [27], which was
proposed to �nd inaccurate responses in question-answering tasks.

To check the signi�cance of the relationships, we use two tests.
First, we use the Welch’s t-test to evaluate whether a model’s out-
put is signi�cantly di�erent for accurate and inaccurate comments,
which would be a precondition for distinguishing accurate com-
ments. Second, we use the Point-Biserial correlation coe�cient,
which is a correlation metric used when one variable is dichoto-
mous (i.e. binary), as is the case in our accurate/inaccurate labels.

The results of this analysis are presented in Table 1. It is notable
that there was no statistically signi�cant relationship among the
multiple baselines that were tested. This suggests how di�cult it
is to automatically identify whether an LLM-generated comment
contains errors or not - none of the code-comment inconsistency
detection techniques, nor any of the LLM self-inspection techniques
proposed by the literature detected the problems, nor could existing
metrics such as BLEU and SentenceBERT reliably measure accuracy,
even with access to the ground truth document.

The output of existing techniques shows little relationship with
the factual accuracy of comments.

3 TAXONOMY AND EXAMPLES OF
INACCURACY PATTERNS

Until now, inaccurate comments have only been described in the
abstract. In this section, we detail the speci�c error patterns that
appear in LLM-generated comments by categorizing them, and
providing speci�c examples of erroneous comments to help un-
derstanding of this issue. In particular, we analyze the inaccurate
comments generated by GPT-3 labeled in the previous section. The
results of this analysis are presented in Figure 2, and are presented
in order of increasing severity of error.

The �rst type of error relates to inaccurately describing the
intent of the code, in which the intended use description of the
method is in con�ict with what the developer wrote. Accurately
generating comments that describe the intended use is particularly

Identifying Inaccurate Descriptions in LLM-generated Code Comments via Test Execution

Figure 1: Comment factual accuracy by generating LLM.

Technique Welch’s t-test Point-Biserial Corr. [15]
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consistency models and factual accuracy of comments.

GPT-3, and a �fth of the comments from GPT-4 contained state-
ments that contradicted the written human intent of the method or
inaccurately described the behavior of the code. This shows it is
di�cult to entrust current-generation LLMs with comment genera-
tion at scale, as they are prone to inaccurately describing behavior
in a signi�cant portion of the generated comments.

Amanual evaluation of 540 LLM-generated comments shows they
are prone to generating inaccurate comments for Java methods.

2.2 Predicting Factual Accuracy of Comments
with Existing Work

In theory, code-comment consistency detection techniques should
be able to uncover a large portion of factual accuracy issues. To
test this, we measured whether there was a statistically signi�cant
relationship between the model output of nine di�erent baselines,
and the factual accuracy of GPT-3 generated comments which we
could unambiguously label (141 in total). The baselines are as fol-
lows: �rst, from code-comment consistency detection techniques,
we used Deep-JIT [21], DocChecker [5], and Li and Shin [17]. Deep-
JIT is a technique primarily focused on whether a comment should
be updated given a program patch, but they also report plain code-
comment consistency results in their ‘post hoc’ setting. As they do
not provide a trained model, we trained one anew with their public
code using their post hoc setting, and con�rm the accuracy is similar
to that reported within their paper. DocChecker is a recent state-of-
the-art technique that builds upon Deep-JIT. Li and Shin suggest
asking the LLM itself whether code and comments are inconsistent
(marked as GPT-3-NoCoT in Table 1); we additionally add a variant
of Li and Shin’s technique using Chain-of-Thought (CoT), which is
known to improve performance in LLM problem solving [31]. Sec-
ond, we evaluate whether similarity metrics can predict accuracy.
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For the �rst two, BLEU [22] and SentenceBERT [23], we evaluate the
correlation between the generated comment accuracy and embed-
ding similarity of the human-written and generated comment. As
Haque et al. [11] �nd a correlation between SentenceBERT similar-
ity and ‘subjective’ correctness from humans, SentenceBERT allows
us to indirectly compare our ‘factual’ correctness labels with subjec-
tive correctness. For the latter two, CodeT5 [30] and CodeBERT [8],
we evaluate the correlation between the comment accuracy and
embedding similarity of the target method and generated comment,
as these models are trained on source code. Finally, we evaluate the
LLM-based inconsistency detection technique CID [27], which was
proposed to �nd inaccurate responses in question-answering tasks.

To check the signi�cance of the relationships, we use two tests.
First, we use the Welch’s t-test to evaluate whether a model’s out-
put is signi�cantly di�erent for accurate and inaccurate comments,
which would be a precondition for distinguishing accurate com-
ments. Second, we use the Point-Biserial correlation coe�cient,
which is a correlation metric used when one variable is dichoto-
mous (i.e. binary), as is the case in our accurate/inaccurate labels.

The results of this analysis are presented in Table 1. It is notable
that there was no statistically signi�cant relationship among the
multiple baselines that were tested. This suggests how di�cult it
is to automatically identify whether an LLM-generated comment
contains errors or not - none of the code-comment inconsistency
detection techniques, nor any of the LLM self-inspection techniques
proposed by the literature detected the problems, nor could existing
metrics such as BLEU and SentenceBERT reliably measure accuracy,
even with access to the ground truth document.

The output of existing techniques shows little relationship with
the factual accuracy of comments.

3 TAXONOMY AND EXAMPLES OF
INACCURACY PATTERNS

Until now, inaccurate comments have only been described in the
abstract. In this section, we detail the speci�c error patterns that
appear in LLM-generated comments by categorizing them, and
providing speci�c examples of erroneous comments to help un-
derstanding of this issue. In particular, we analyze the inaccurate
comments generated by GPT-3 labeled in the previous section. The
results of this analysis are presented in Figure 2, and are presented
in order of increasing severity of error.

The �rst type of error relates to inaccurately describing the
intent of the code, in which the intended use description of the
method is in con�ict with what the developer wrote. Accurately
generating comments that describe the intended use is particularly

Evaluating code comment quality is notoriously hard. We tell LLMs to synthesise test cases 
based on comments —> if generate test cases fail, comments are not good.

https://arxiv.org/pdf/2406.14836


Test Pass Rates Correlates with Doc Quality
Kang, Milliken & Yoo (https://arxiv.org/pdf/2406.14836)Identifying Inaccurate Descriptions in LLM-generated Code Comments via Test Execution

(a) Pass rate by accuracy, with 95%
con�dence intervals.

(b) ROC graph of correctness esti-
mator with actual correctness.

Figure 4: Relationship between comment accuracy and sug-
gested indicators.

5.2 Evaluation Details
For our study, we focused onwhether GPT-3 (gpt-3.5-turbo-0125)
could be used to evaluate comments that it generated itself. Thus,
the 141 unambiguously labeled comments and methods from Sec-
tion 2 were used as subjects for our experiment. We did so because
we wanted to provide a proof of concept that documentation testing
could work with a single LLM, and that it would not require a com-
plex setup. Unless speci�ed otherwise, we repeated experiments
�ve times to verify that our approach works consistently.

For RQ1, we report the average test passing rate, to verify our
starting assumption made in Section 2, and also in assessing the ef-
fectiveness of our prompting technique. We also use the correctness
estimator from Equation (13) in RQ1 to RQ3. We evaluate metrics
on the basis of the p-values for the Welch’s t-test and Point-biserial
correlation, as well as the ROC-AUC and the average precision
(AP) value of our approach; the ROC-AUC value is commonly used
to evaluate binary classi�ers as a general measure of predictive-
ness [7], while AP is suggestedwhen the classes are unbalanced [35].
ROC-AUC is 0.5 for a random classi�er, while AP depends; for both,
higher values are better. For RQ1, we additionally report the pro-
portion of accurate comments within a given estimator score range.
For RQ2, we additionally report the percentage of comments for
which at least one executable test was generated, as an indication
of how e�ective the prompting techniques were in providing useful
information to generate tests.F = 100 was used in RQ1 and RQ2.

6 RESULTS
This section outlines the results of experiments performed.

6.1 RQ1: Predicting Inaccuracies
This research question relates to whether generating and execut-
ing tests from comments helps distinguish accurate and inaccurate
comments. We �rst verify our assumption that the test pass rate
would be higher for factually accurate comments (Equation (1)).
Figure 4a shows the test pass rate by document type, averaged
over the �ve runs that we did. As presented in the graph, there
is a substantial and statistically signi�cant (? = 0.002) di�erence
in pass rate between accurate and inaccurate documents. As men-
tioned in Section 3, however, document testing is a concept most

Figure 5: ROC-AUC and AP values compared with baselines.
For our approach (blue), we present the mean value from �ve
runs, along with its 95% con�dence interval.

Figure 6: Comment accuracy by normalized estimator value
bin, shown with the 95% con�dence interval of each bin.

suited to revealing inaccurate descriptions of program behavior.
Given that, one would expect comments that inaccurately describe
the behavior of the code (those labeled lacking context or code
mischaracterization in Section 2) should have a greater di�erence.
Indeed, this is what we observe - the test pass rate for comments
that inaccurately describe the behavior of the code is even lower,
and the di�erence is more signi�cant (? < 10�4). As this is the
intended use case, we exclude the comments that are inaccurate for
other reasons in the remainder of our analysis.

Although there is a meaningful di�erence in test pass rate be-
tween accurate and inaccurate comments, recall we derived the
correctness estimator in Section 4.1, which would theoretically have
a direct correspondence with the likelihood of a document being
accurate according to Bayesian inference, unlike test pass rate. In
Figure 4b, we plot the ROC (receiver operating characteristic) curve
between our correctness estimator and actual comment correctness,
showing a robust relationship between the two. The statistical rela-
tionship between comment accuracy and our correctness estimator
is even stronger than in the test pass rate case - the point-biserial
correlation between the two is extremely unlikely to be due to
chance (? < 10�11), and the Welch’s t-test also yields a signi�-
cant di�erence for estimator value between correct and incorrect
comments (? < 10�9). We emphasize that no other baseline had
a statistical relationship with comment factual accuracy, whereas
our estimator shows a strong relationship.

In Figure 5, we compare the ROC-AUC and AP values of di�erent
predictors with the values achieved by document testing. Docu-
ment testing does the best in distinguishing correct comments from
inaccurate ones, as no other method comes within its 95% error
margins. Along with the signi�cant statistical relationships that we
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(a) Pass rate by accuracy, with 95%
con�dence intervals.

(b) ROC graph of correctness esti-
mator with actual correctness.

Figure 4: Relationship between comment accuracy and sug-
gested indicators.

5.2 Evaluation Details
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information to generate tests.F = 100 was used in RQ1 and RQ2.
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This section outlines the results of experiments performed.
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This research question relates to whether generating and execut-
ing tests from comments helps distinguish accurate and inaccurate
comments. We �rst verify our assumption that the test pass rate
would be higher for factually accurate comments (Equation (1)).
Figure 4a shows the test pass rate by document type, averaged
over the �ve runs that we did. As presented in the graph, there
is a substantial and statistically signi�cant (? = 0.002) di�erence
in pass rate between accurate and inaccurate documents. As men-
tioned in Section 3, however, document testing is a concept most
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suited to revealing inaccurate descriptions of program behavior.
Given that, one would expect comments that inaccurately describe
the behavior of the code (those labeled lacking context or code
mischaracterization in Section 2) should have a greater di�erence.
Indeed, this is what we observe - the test pass rate for comments
that inaccurately describe the behavior of the code is even lower,
and the di�erence is more signi�cant (? < 10�4). As this is the
intended use case, we exclude the comments that are inaccurate for
other reasons in the remainder of our analysis.

Although there is a meaningful di�erence in test pass rate be-
tween accurate and inaccurate comments, recall we derived the
correctness estimator in Section 4.1, which would theoretically have
a direct correspondence with the likelihood of a document being
accurate according to Bayesian inference, unlike test pass rate. In
Figure 4b, we plot the ROC (receiver operating characteristic) curve
between our correctness estimator and actual comment correctness,
showing a robust relationship between the two. The statistical rela-
tionship between comment accuracy and our correctness estimator
is even stronger than in the test pass rate case - the point-biserial
correlation between the two is extremely unlikely to be due to
chance (? < 10�11), and the Welch’s t-test also yields a signi�-
cant di�erence for estimator value between correct and incorrect
comments (? < 10�9). We emphasize that no other baseline had
a statistical relationship with comment factual accuracy, whereas
our estimator shows a strong relationship.

In Figure 5, we compare the ROC-AUC and AP values of di�erent
predictors with the values achieved by document testing. Docu-
ment testing does the best in distinguishing correct comments from
inaccurate ones, as no other method comes within its 95% error
margins. Along with the signi�cant statistical relationships that we

If we then tell LLMs to synthesise test cases based on comments 

—> the pass rate of generated tests correlates with comment quality.
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What’s next?

• Everyone is talking about agents and agentic AI. This is a rapidly unfolding 
new line of research, and we have more questions than answers :)


• What are they?


• How do we make them?


• Can we test them?


