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Abstract—This work-in-progress, innovative-practice, full pa-
per describes an approach to the training of computer scientists
and engineers focused on the reading of programs generated
by AI-based Large Language Models (LLM). In contrast to the
practice of Literate Programming, in which the coder crafts
a solution which reads as English, the proposed approach
treats an existing programming as a ”shorthand”, which, when
articulated, is explanatory. LLMs amount to enhanced search,
having digested numerous examples with attention to context
in order to provide a most “desired” result for a given prompt.
How well the LLM generates a solution for a particular language
varies substantially.

The paper gives numerous LLM-generated code examples of
how the proper reading of programming statements conveys their
function and requires little or no commentary. The Sieve of
Eratosthenes will be used to contrast the LLM-generated code
against code which adheres to the language’s idiom.

Index Terms—Programmer literacy, code generation, Large
Language Models.

I. INTRODUCTION

It is proposed that literate programming approach which
“weaves” the documentation with the “tangled” code to high-
light the programmer’s thinking that leads to the code can be
replaced by fully stating a language statement correctly [1].
When modern programming constructs are treated as short-
hand in which, when articulated, the code’s intent becomes
clear, and when coupled with unit tests, they can greatly reduce
the need for commenting code [2].

When using an AI-based Large Language Model (LLM,
e.g., Copilot), programs based on an English language prompt
are generated which provide the most likely “correct” response
to the prompt. The LLMs harvest examples from online
resources which are common to the context provided by the
prompt. In this way, LLMs extend the literate programming
approach with the prompt acting as the programmer’s intent
expressed in English to be “tangled” with the resulting code.

The resulting code must be evaluated for correctness, which
requires a solid understanding of the target language. This has
led to the authors’ approach to teaching the implementation
of an algorithm in a particular programming language while
focusing on how the language’s constructs are correctly in-
terpreted in each programming paradigm. We proceed with a
background of how a variety of statements in C (C++), Java

and Python should be interpreted, followed by the interpreta-
tion of LLM-generated code from the included prompts.

II. BACKGROUND

There is support for traditional literate programming [3]
which consists of integrated development environments that
embed natural language with the source code. Adherence to
the idiom (e.g. Pythonic) facilitates language as shorthand
for literate programming. Coding a routine in C (imperative),
C++ or Java (object-oriented) or Python (multi-paradigm)
often leads to distinct implementations. As an illustration
of using programming constructs as shorthand for literate
programming, we will discuss assignments and iteration below.

A. Assignments
In C, the code fragment int x = 5; should be spoken as

“the labelled memory location x is assigned the value of 5.”
While in Java, the same code fragment, int x = 5;, is best
to consider (speak) as “the integer variable x is set to a 5”,
since autoboxing (depending on the version of Java) based
on context leads to confusion; the JVM manages memory
and does not directly relate to a virtual (or physical) memory
location.

In the case of Python, x = 5 is spoken as “x takes a
reference to 5.” This is fundamental in understanding how
Python manages its storage, which is allocated on assignment.

It is proposed that by treating the statement as short-
hand, and articulating (“speaking” the full language’s specific
meaning of) the statement are beneficial in understanding the
function of the algorithm’s implementation.

B. Iteration
Iteration in an imperative language (e.g. while, until, and

for loops in C) are focused on the repetition opposed to any
enclosed container. For example, the code fragment

for(sum=0, offset = 0; offset <=
last_element; offset++)

sum += a_list[offset];

would be read:
“Initialize the sum to zero and starting the offset at
zero, accumulate the values in a list into sum until
the offset reaches the last element.”



Modern languages support for iterable collections support
an implementation as:

current_sum=0
for each_element in a_list:

current_sum += each_element

which reads:
“After referencing the current sum to zero for each
element in a list, set the current sum to reference the
old reference plus the value of each element.”

Python provides a built-in sum keyword which sums a
collection. Granted, the Python statement:

current_sum = sum(a_list)

is simply read as:
“The current sum is set to reference the sum of a
list.”

C. Programming Language Dialects

The above examples hint at how different languages lead
to distinct approaches to coding. Programmers skilled in a
particular language utilize the idioms to express the algorithm
constructs in an efficient manner. It has been the authors’
experience that the LLMs are useful in generating code inter-
actively as an enhanced version of code completion (MS VS
IntelliSense or Github Copilot) and will generate appropriate
constructs. While code generation tools [4], [5] provide a
translation of an imperative algorithm into the language of
choice, they do not necessarily adhere to the language’s idiom.

III. AI CODE-GENERATED EXAMPLE

The Sieve of Eratosthenes is used as an example of LLM-
generated code in multiple languages compared to code which
adheres to the language’s idiom. The sieve simply generates
a list of primes from 2 to N by elimination of composite
numbers from the list; the loop invariant at iteration k is a
list of numbers which do not have the numbers 2 to k as a
factor. How this procedure is expressed in a specific language
will vary is subject to the language constructs as below. While
adherence to a language’s idiom is not necessary, code which
does not adhere to the languages’ best practices can lead to
unneeded constructs or duplicated effort.

A. Python

In Fig. 1, the Pythonic version of the Sieve of Eratosthenes,
once the prime candidates are set to the range of interest, the
numbers in half the range are used to remove elements from
the prime candidates which they divide.

Using Python as a shorthand, the statement starting on the
third line in Fig. 1 would be read as:

“For each iteration the prime candidates reference,
the list of numbers which are possibly primes are
defined to be the numbers which are the current
divisor or have a non-zero remainder.”

The loop invariant in the above code only contains elements
which have not been eliminated and is immediately halved in

Fig. 1. Hand-coded Pythonic version of the Sieve of Eratosthenes

size. This approach is very similar to implementations in other
languages which would maintain a data structure (linked list)
as the loop invariant [6].

Fig. 2. AI code-generated Sieve of Eratosthenes

A free AI code-generator [4] produced the code in Fig. 2.
This code is very similar to imperative implementations. This
loop invariant would be read as:

For the first element in the remaining list of possible
primes, mark all multiples of the element as false
starting at the square of the prime.”

Note that the AI-generated code constructs the list of primes
at the end by scanning the array of flags. Almost identical code
in Fig. 3 is generated by a different AI Python code generator
[7].

Smart Code Writer [5] provides explanations of the code as
in Fig. 4 (shown without the popup in Fig. 3). The explanations
for the sieve closely match the loop invariant described for the
code generated from the previous AI.

B. C and Java

Using the same AI used to generate the Python code for C,
the generated code in Fig. 5 for the sieve for C (or Java which
is not shown but is left as an exercise to the reader) is very
similar to the Python code [5].

Examining the code in Fig. 5, the AI-generated code reads:
“The loop invariant checks the element at location
p elements away from the labelled memory location
prime and if it has not been eliminated from consid-
eration (non-zero), sets the flag for all values in the
list of primes to 0 if it is a multiple of the element.”

IV. AI CODE-GENERATION AS ENHANCED SEARCH

Given a target application which requires a particular algo-
rithm, traditionally, a search of known code repositories for



Fig. 3. The Sieve provided by a secondary AI

Fig. 4. Smart Code Writer explanations of code

reference code might be the first step of many students. To
evaluate the appropriateness of the suggested code, the student
must have a minimal ability to read code in the language of
choice.

Alternatively, students may choose to use an LLM and a
prompt to generate code. To generate reasonable responses to
prompts, the LLMs have harvested existent code from online
resources. The LLMs have been trained in publicly available
references such as The National Institute of Standards and
Technology’s Dictionary of Algorithms and Data Structures
(DADS) [8] and Rosetta Code [6]. The LLMs will be biased

Fig. 5. C code for the Sieve of Eratosthenes

to the most common approaches for a given prompt or the
approach which is readily generated by direct translation from
one language to another. Code which results from translation
may not match the idiom (e.g. counted-for vs ranged-for) of
the target language as shown above.

For the student to be able to evaluate generated code, the
student needs to be able to read the code and assess if it
matches the ideocracies of the desired language. This is a
slight shift of focus from emphasizing the generation of control
structures, which has been automated, to the interpretation of
the presented code.

V. CONCLUSION

Treating all code as a “shorthand” to be fully expanded
when read is akin to literate programming provided the pro-
grammer is knowledgeable of the language’s idiom. As the
reader articulates statements, they are affectively untangling
the code [1]. Furthermore, knowing what is idiomatic for the
target language and what is “well written” will aid in the
evaluation of AI-generated code. One can view the prompt as
being “woven” [1] in with the AI-generated “tangled” code;
however, if the tangled code is treated as a shorthand, a
literate programmer articulates the shorthand into a complete
description. Code generated from AI tools for a given prompt
may provide the most common (and likely) implementation
which may not be idiomatic of the target language. Using
the AI interactively from enhanced code completion or by
providing and fine-tuning a prompt benefits from a literate



programmer’s ability to write code that reads well and adheres
to the idiom.
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