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Abstract

We study code readability from a cognitive perspective and propose two complementary metrics.
COGNASCORE models readability as short-term working memory load, based on lexeme diversity
and semantic abstraction. PREFIXSCORE measures readability through prefix-based semantic recov-
erability, using predictability as a proxy for long-term memory.

We evaluate both methods on two datasets with different granularity: the JetBrains dataset
(function-level) and the Schnappinger dataset (file-level). COGNASCORE shows stable alignment
with human judgments across both settings and retains predictive signal beyond code length. In
contrast, PREFIXSCORE performs well on short snippets but fails to generalize to larger programs,
where it exhibits weak or negative correlation.

These results suggest that code readability depends on both local cognitive load and global
semantic structure, and cannot be captured by a single factor.
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1 Introduction

Code readability refers to the degree to which source code can be read, understood, and reasoned about
by human developers.

The modern software engineering lifecycle consists of two major phases: the software development
phase and the software maintenance phase. Software systems that lack subsequent updates rapidly
become obsolete [30]; therefore, in modern software engineering, the maintenance phase can account for
approximately 70% to 90% [21] of the entire software lifecycle.

A large body of empirical studies has shown that, in both the development and maintenance phases,
developers spend only about 5% of their effective working time writing code, whereas approximately 50%
to 70% [16, 70] of their time is devoted to understanding existing code.

With the rapid improvement of code-related capabilities in large language models in recent years,
LLMs have been systematically integrated into the software development process, particularly to assist
human developers with code implementation and testing [7]. This shift implies that developers increas-
ingly spend more time reading and reviewing code generated by LLMs, rather than writing code entirely
by themselves.

Existing studies have shown that code produced by LLMs still has room for improvement in terms of
readability, maintainability, and complexity [57, 37, 36, 47]. One possible reason is that existing evalu-
ation practices for LLM-generated code primarily focus on functional correctness, while non-functional
aspects such as readability receive comparatively less attention [32, 54]. Therefore, a reliable and
interpretable code readability metric is particularly important.

1.1 Tacit Knowledge and Subjective Judgments of Code Readability

Tacit knowledge refers to the form of knowledge that is rooted in personal experience, intuition, and
know-how, and cannot be easily articulated, codified or transferred through formal language or docu-
mentation [31].

Commonly cited examples of tacit knowledge include skills such as swimming, recognizing familiar
individuals through facial perception, and making intuitive judgments. Some studies argue that code
readability is inherently subjective [9, 56, 59], and that inter-rater agreement among human developers
is low [62], rendering readability annotations unreliable or difficult to generalize [3, 62]. From this
perspective, code readability can be viewed as a form of tacit knowledge, relying on human intuition and
experiential judgment.

However, other studies have shown that, at least within the same organization, developers with similar
background knowledge tend to produce consistent and reliable readability assessments [61]. Moreover,
there exist widely recognized structural factors that influence code readability, such as variable and
identifier naming [10, 20, 58, 11], the use of magic numbers [20], nesting depth and number of branch-
ing [53, 66].

This study does not deny the presence of subjective factors in code readability. However, we argue
that code readability also involves stable and interpretable cognitive and structural factors, which play
a decisive role in code comprehension and can be modeled and quantified to a large extent.

1.2 Toward Operational Readability Scores

Prior research has explored a range of automated approaches to modeling code readability. Early work
primarily relied on structural complexity metrics (Section 2.2), while later studies formulated readability
as a supervised learning problem using diverse code features (Section 2.3). More recently, human-centered
research has attempted to ground readability in cognitive processes involved in code comprehension
(Section 2.5). Despite these efforts, existing approaches remain fragmented and context-dependent, and
none has yet yielded a general and transferable model of code readability [58, 62].

To address these limitations, this study adopts a perspective grounded in human cognition and
memory and investigates how code readability can be modeled in terms of cognitive load. We propose two
complementary models grounded in working memory that are motivated by distinct memory mechanisms
involved in code comprehension and provide a generalizable assessment of code readability aligned with
human perception.

COGNASCORE models code readability in terms of the working memory demands experienced dur-
ing code comprehension. Grounded in working memory theory, it accounts for both the amount of
information that developers must actively maintain while reading code and the abstraction of seman-
tically related elements into unified mental representations through chunking. By explicitly modeling



these mechanisms within a single working memory framework, COGNASCORE provides a generalizable
assessment of code readability that is aligned with human perception.

PREFIXSCORE, in contrast, adopts a top-down perspective on code comprehension. Instead of mod-
eling local cognitive load, it evaluates readability based on the extent to which the full program can be
semantically recovered from a partial prefix. This formulation captures the role of prior knowledge and
long-term memory, reflecting how developers form and validate hypotheses during code reading.

Together, these two models provide complementary views of readability: COGNASCORE focuses on
local working memory demands during incremental processing, while PREFIXSCORE captures global
semantic predictability. By combining these perspectives, we aim to better approximate the cognitive
processes underlying human code comprehension.

2 Background and Related Work

This section reviews prior work on code readability and traces the development of the field from different
modeling perspectives. We first introduce the concept of code readability and clarify its relationship
with related notions. We then review automated modeling approaches based on structural complexity
and machine learning, and discuss their limitations. Building on these observations, we further examine
research that approaches code readability from a human-centered perspective, with a focus on cognitive
load and working memory mechanisms, which provide the theoretical foundation for the models proposed
in this work.

2.1 Code Readability: Concepts and Definitions

In a broad sense, for any text-based content, readability refers to the ease with which a text can be
understood by its readers. Readability is a multidimensional concept that involves multiple factors
within the reading material and their relationships, which together affect how effectively readers can use
the content [19]. Therefore, readability is not limited to the difficulty of vocabulary or syntax, but is
also related to information presentation, visual design, structure, and organization [50, 18]. In addition,
readability is influenced by the reader’s comprehension ability and background knowledge [18, 19].

In the context of code readability, this general notion of readability has been extended to source
code. Code readability concerns how easily humans can understand a piece of code, including its pur-
pose, control flow, and runtime behavior. In many empirical studies, readability is assessed through
human judgments, where developers are asked to assign subjective scores to code samples based on their
perceived ease of understanding [9, 24, 62]. Existing readability models are commonly trained and/or
evaluated using such human-annotated readability scores. [9, 59, 506, 43]

Two related but potentially confusing concepts are software maintainability and code understand-
ability. In software engineering, maintainability is commonly defined as the ease with which a software
system or component can be modified to correct faults, improve performance or other attributes, or
adapt to a changed environment [1]. Under this definition, maintainability encompasses code readabil-
ity, but also includes additional aspects such as extensibility, flexibility, and the availability and quality
of documentation.

Understandability typically refers to the degree to which developers can construct a semantic model
of a program and comprehend its behavior under a given context and task. Its influencing factors
extend beyond the readability of source code itself, and include program documentation, domain knowl-
edge, and established development conventions [39, 58]. At the source code level, understandability
and readability are highly related and partially overlapping concepts. In empirical studies, some work
employs comprehension-related behavioral measures—such as comprehension time, accuracy, or modifi-
cation quality—to validate or approximate code readability [55, 61]. In this work, we view readability
as a code property that supports understanding, and model it quantitatively within a cognitive load
framework.

2.2 Structural Complexity as a Proxy for Readability

Code complexity metrics are a class of rule-based, automatically computable structural measures that
are widely used as proxies for code readability and understandability.
Cyclomatic Complexity (McCabe Cyclomatic Complexity) represents a program as a control flow
graph G and is defined as:
Cyclomatic Complexity = E — N + 2P,



where FE denotes the number of edges in the control flow graph, N denotes the number of nodes, and P
denotes the number of connected components [10].

Halstead metrics (Halstead Complexity) models a program as a symbolic system composed of oper-
ators and operands [29]. Let ny and ng denote the numbers of distinct operators and operands, and let
N; and Ny denote the total numbers of operator and operand occurrences, respectively. Based on these
quantities, Halstead defines:

Program Vocabulary: n =nj + na,
Program Length: N = Nj 4+ No,
Volume: V = N -log,(n),
Difficulty: D — . N2
2 %)
Effort: Eg =D-V.

Another widely used complexity metric is Cognitive Complexity, introduced by SonarSource in 2016
to measure code understandability [12]. Although it is a proprietary commercial metric, it has gained
considerable influence in the developer community and is often adopted as an alternative to Cyclomatic
Complexity [13]. Tts design is guided by several principles, including that breaks in linear flow increase
cognitive load, each additional nesting level increases cognitive load, and method calls are considered
free.

However, existing empirical studies have shown that structural complexity metrics typically exhibit
only limited and unstable correlations with human-perceived readability and understandability.

Cyclomatic complexity primarily reflects the number of execution paths in a program, and in many
cases, path count alone does not sufficiently explain the cognitive effort required for code comprehen-
sion [63]. As a result, modern studies generally treat cyclomatic complexity as a structural metric rather
than a direct measure of code readability.

A limitation of Halstead complexity lies in the definition of operators and operands, which can
be inconsistent across modern programming languages and may lead to unstable measurements [3].
More importantly, both cyclomatic complexity and Halstead complexity are strongly correlated with

code length [38], and have been shown to be insufficient as stable proxies for code readability [4] or
understandability [34, 20].

Some studies have shown that Cognitive Complexity performs comparably to Cyclomatic Complex-
ity [13, 48]; however, it still cannot fully serve as a proxy for code understandability [48, 26, 34] or
readability [20].

2.3 Machine-Learning-Based Readability Models

Other lines of work view code readability as a complex construct that involves subjectivity and incon-
sistency in human judgment. In the absence of a widely accepted and formal definition of readability,
manually modeling readability based on individual code features is inherently challenging. As a result,
recent studies have commonly formulated code readability as a supervised learning problem, approximat-
ing human readability perception by incorporating a diverse set of code features into machine learning
models.

In 2009, Buse and Weimer proposed a binary classification model based on 25 features, covering
multiple aspects such as structural, syntactic, lexical, and layout-related properties of code, and reported
that the model achieved approximately 80% effectiveness in predicting readability judgments, performing
on par with, and on average better than, individual human annotators [9].

In 2011, Posnett’s model, developed through forward stepwise refinement, uses only three fea-
tures—lines of code, Halstead volume V', and character entropy—yet outperforms Buse’s model on
Buse’s dataset [56]. The model is defined as:

readability = Tle*z” z = 8.87 — 0.033V + 0.40Lines — 1.5Entropy
Posnett’s model exhibits relatively high interpretability and highlights the importance of code size in
readability modeling.

In 2018, Scalabrino et al. proposed a more comprehensive readability prediction model, highlighting
the importance of textual aspects of source code, including dictionary-based lexical analysis, the pres-
ence of abbreviations, and the consistency between identifiers and comments [59]. Building upon the



features used in earlier models by Buse, Posnett, and Dorn [24], the model incorporates a richer set of
textual features and combines them with structural and visual/layout features into a unified framework.
Empirically, this model outperforms all prior readability models.

In 2018, Mi et al. proposed a deep learning-based model that avoids manual feature engineering by
directly transforming source code into numerical matrices and applying a CNN-based architecture under
a supervised learning setting [43]. Their approach outperforms prior methods, including the model by
Scalabrino et al. In 2022, Mi et al. further introduced a more complex hybrid neural network that
combines CNN, BERT, and BiLSTM components, achieving additional performance improvements over
previous approaches [42].

However, existing studies indicate that no current readability model is able to accurately and reli-
ably assess code readability or understandability in a manner that is consistently aligned with human

perception [58, 62]. Moreover, prior work has shown that when human developers perform modifications
intended to improve code readability, these improvements are often not reflected in the outputs of ex-
isting models [52]. In other words, readability improvements perceived by developers do not necessarily

manifest as measurable gains under current readability metrics.

2.4 LLM-based Readability Assessment

In recent years, the capabilities of large language models (LLMs) have improved substantially, achieving
strong performance in software engineering tasks such as code generation, program repair, and automated
testing. Recent studies have explored the use of LLMs to assess code readability, either by directly
predicting readability judgments or by deriving proxy signals from the model’s internal behavior.

Dillmann et al. (2024) quantify code predictability by computing the weighted average token-level
cross-entropy of a language model, measuring the model’s surprise when processing code[23]. The signal
correlates with code readability and understandability, but its standalone predictive power is weak, with
logical lines of code (LLOC) acting as a confounding variable. After incorporating LLOC, cross-entropy
provides only minimal additional predictive information, and performance improves only marginally
compared to a model using LLOC alone.

Wendkiiuni C. Ouédraogo et al. (2025) conduct a large-scale study showing that prompt-based
LLM readability evaluation achieves moderate alignment with human judgments and outperforms the
Scalabrino model in certain aspects [51]. However, systematic bias and significant variability remain. The
authors further demonstrate that prompt design has a substantial impact on performance, improving
both alignment and explanation quality. Nevertheless, a clear trade-off exists between accuracy and
stability, as improvements in alignment are accompanied by increased variability in the results.

2.5 Code Readability from a Cognitive Perspective

In contrast to machine-learning-based readability models that place code features at the center of analysis,
another line of work emphasizes a human-centered perspective. These approaches seek to explain code
readability by analyzing and modeling human cognition, interpreting readability in terms of cognitive
load, in order to identify more stable and transferable underlying mechanisms.

Experimental studies based on electroencephalography (EEG) and eye-tracking have shown that, as
code complexity increases, features related to Theta, Alpha, and Beta brain waves exhibit the highest
discriminative power [41]. Such increases in complexity are also associated with pronounced pupil dilation
and frequent back-and-forth eye movements during code reading [2].

Siegmund et al. argue that program comprehension is a cognitive process that is difficult to measure
directly. In 2014, they conducted an fMRI study to observe brain activation patterns during natural
code reading [64]. The results show that the activated regions are primarily associated with working
memory, attention, and language processing.

Norman Peitek et al.’s fMRI study in 2021 found that brain activation during code reading correlates
with comprehension accuracy and, to a lesser extent, with response time [55]. Overall, neural activation
patterns show stronger correlations with subjective complexity ratings than with objective metrics such
as Halstead complexity and McCabe cyclomatic complexity. These subjective ratings also correlate
with behavioral performance, suggesting that developers’ perceived difficulty often reflects their actual
comprehension.

These studies indicate that code comprehension involves stable and observable cognitive load, which is
consistently reflected in human readability judgments. However, existing structural complexity metrics
fail to adequately model such cognitive load, and current machine-learning-based readability models



likewise lack an explicit representation of the cognitive demands experienced by humans during code
understanding. Although some previously used features, such as dictionary matching or abbreviation
detection, implicitly proxy certain aspects of human cognitive load, there is currently no general code
readability model that is explicitly grounded in human cognitive load.

2.6 Working Memory Mechanisms

Building on prior research in cognitive science, we adopt working memory as a simulatable cognitive proxy
for modeling the cognitive load involved in code reading. Previous studies have explored code readability
from a working-memory perspective; however, these approaches often overlook fundamental properties of
working memory. In particular, semantically similar information tends to occupy less working memory
capacity, and experts can rely on long-term knowledge in familiar domains without incurring substantial
working memory load.

Working memory refers to the system or systems that are assumed to be necessary in order to
keep things in mind while performing complex tasks such as reasoning, comprehension and learning [5].
Early memory models dichotomized memory into long-term memory and short-term memory; however,
subsequent research has characterized working memory as a functional system that is task-oriented in
nature [6]. Within this framework, short-term memory constitutes the storage component of working
memory, whereas working memory as a whole supports higher-level processes such as comprehension,
reasoning, and decision-making. Accordingly, we adopt the notion of working memory to model code
readability as a process of understanding.

Gilboy and Thapen, in their blog, refer to the concept of working memory, and point out that human
working memory has clear capacity limits [27, 68]. They propose a working memory algorithm based on
variables, methods, and their scopes, which estimates the number of elements that need to be remembered
to correctly understand the current line of code. This approach relies entirely on counting and does not
explicitly model the internal mechanisms of working memory.

The basic units of information maintained in working memory are commonly referred to as chunks.
Two key mechanisms of working memory are chunking and long-tern working memory. Chunking refers
to the process by which multiple similar chunks are grouped into a single chunk, rather than being
maintained separately, thereby reducing the demand on working memory capacity [67]. This process can
be viewed as a form of cognitive recoding, in which related, regular, or similar information is abstracted
into a higher-level representation [67, 33].

Long-term working memory describes the ability of domain experts to retrieve familiar patterns or
templates from long-term memory with little or no working memory cost [25, 28]. For example, when
developers encounter familiar algorithms or code structures, they do not incur the same cognitive load
as when processing unfamiliar ones.

3 CognaScore

COGNASCORE is a cognitive model designed to estimate code readability by approximating the working
memory demands imposed during code comprehension. Grounded in established findings from cognitive
psychology, the model draws on principles of chunking and abstraction to characterize how semantic in-
formation is organized and maintained during code reading. The remainder of this section introduces the
core terminology, presents an overview of the CognaScore procedure, and elaborates on the mechanisms
for lexeme extraction and semantic abstraction.

3.1 Terminology

To model working memory in a computational setting, we introduce the following terminology to describe
the representational units and memory structures used in our formulation.

A lexeme is a lexical element of source code that conveys semantic information and is likely to
be mentally maintained during code comprehension, such as an identifier, a function name, or other
meaningful tokens.

A wvector embedding is a continuous numerical representation associated with a lexeme, derived from
a pretrained embedding model, which encodes its semantic content and enables quantitative comparison
of semantic relatedness.

A chunk is defined as the basic unit of working memory. It consists of a lexeme together with its
corresponding vector embedding, representing both its symbolic form and semantic content.



Algorithm 1: COGNASCORE: Cognitive load estimation via semantic chunk abstraction.

Input: Source code P

Output: Readability score § € [1, 5]
C + extractChunks(P);

E + embed(C);

B <~ DBSCAN (E; minPts=2) ; // initial clusters
K« [{b€ BY:

(B, R, J) < countTypes(C) ; // BITWISE, REGEX, JUNK counts
7+ 5.797698 — 0.068358 K — 0.068358 B — 0.068358 R — 0.176813 J

return g

A bundle is a finite multiset of chunks. In cognitive psychology, chunking is understood as an abstrac-
tion process in which information is compressed, while the resulting representation is still considered a
single chunk[67, 33]. To avoid ambiguity arising from this reuse of terminology, we use the term bundle
to denote the outcome of chunking in our computational model.

Working memory is modeled as a temporary and manipulable storage of information during code
comprehension. In our formulation, it is represented as a set of bundles. While no fixed capacity limit
is imposed, larger working memory representations correspond to higher cognitive load.

3.2 CognaScore Model

COGNASCORE aims to estimate the cognitive load involved in code comprehension by modeling the
demands placed on working memory. The core idea is that code readability decreases when developers
must simultaneously maintain a large number of unrelated chunks, whereas consistent and semantically
meaningful naming allows related chunks to be abstracted into a single bundle, thereby reducing cognitive
load.

Given a source program, COGNASCORE operates in four main steps.

1. First, lexical and structural elements that are likely to occupy working memory are extracted from
the code.

2. Second, these elements are mapped into a semantic space using vector embeddings.

3. Third, semantically similar elements are grouped through abstraction, forming bundles that ap-
proximate the effects of chunking in working memory.

4. Finally, the resulting bundle structure is used to derive an estimate of working memory load.

Algorithm 1 presents a concrete instantiation of the proposed approach. In this implementation,
lexemes are first extracted from the source code and grouped into bundles via DBSCAN clustering
in embedding space. Chunks associated with constructs that are known to be difficult for humans to
comprehend, such as bitwise operations, regular expressions, and semantically uninformative variable
names, are explicitly taken into account. The resulting measures are finally combined through a linear
regression model to produce a readability score on a five-point scale.

3.3 Lexeme Extraction

Based on prior research[20, 59], we consider the following code constructs to constitute the minimal
cognitive units involved in human code comprehension: identifiers, literals, expressions, function calls,
control structures, comments, and import statements. For each construct type, we define a lexeme as
the combination of its type and name, so as to capture both its syntactic role and semantic identity.

For variables, an additional prefix def is introduced for their first occurrence to distinguish definition
from subsequent uses. For functions, the lexeme includes the function name together with its formal
parameters or actual arguments, reflecting the semantic role of parameter passing in comprehension.
Control structures are treated as built-in control functions and are handled uniformly within the same
lexeme framework.

For constructs that may be nested, such as expressions and function calls, lexemes are extracted
recursively to account for their hierarchical structure. We further distinguish between used and unused



Source code Lexeme(s)

import java.util.List; import_stdlib_util_List

import com.foo.Bar; import_external _foo Bar

import com.foo.Bar; (unused) unused_import_external_foo_Bar

42 literal 42

"hello" literal_hello

int x = y; x, int_x, defx, defxy

int x = 42; x, int_x, def x, def x_ 42, 1literal_42

"[a-z]+" regex_[a-z], regex +

a+b a+b

foo(a, b) foo_a b

obj.foo(a) obj.foo_a

void foo(int p, int q) {...} def foop.q, foo, intp, intq, p, q

if (cond) {...} if_cond, L(cond)

if (c1) {...} else if (c2) {...} if cl, elif_c2, L(cl), L(c2)

if (c1) {...} else if (c2) {...} else {...} if_c1, elif_c2, L(cl), L(c2),
elsenot_cl not_c2

while (cond) {...} while_cond

do {...} while (cond); do-while_cond

for (i = 0; i < mn; i++) {...} forn (trivial start/step)

for (int i = 2; i < n; i +=3) {...} forn_ i=2_i+=3 (non-trivial start/step)

for (Tx : =xs) {...} for_x_xs

switch (expr) {...} switch_expr

X +=3 x+=y

Table 1: Illustrative examples of lexeme construction under the proposed cognitive modeling approach.
Each source code fragment is mapped to the set of lexemes assumed to occupy working memory during
code comprehension.

import statements, as unused imports are assumed to impose a lower cognitive load during code com-
prehension. Trivial for loops, whose initialization starts at zero and whose step size is one, are not fully
encoded, reflecting their limited cognitive impact.

Regular expression literals are further decomposed into smaller lexemes to capture their internal min-
imal cognitive units. In addition, lexemes consisting of a single alphabetic character are duplicated four
times in the working memory representation, to compensate for the strong frequency bias associated with
single-letter tokens, which would otherwise dominate semantic similarity over meaningful distinctions.
The complete set of extraction rules is summarized in Table 1.

3.4 Abstraction via Embedding Similarity

Chunking is a widely accepted mechanism in cognitive psychology, whereby semantically similar infor-
mation does not occupy independent slots in working memory[(67]. This principle also applies to code
comprehension. During code reading, developers continuously organize and abstract information until
a coherent understanding of the program is formed. Intuitively, consistent and meaningful naming and
structure facilitate abstraction, resulting in a smaller working memory footprint and, consequently, higher
code readability. In contrast, inconsistent or semantically meaningless naming is difficult to abstract,
leading to a larger working memory footprint and reduced readability.

Defining semantic similarity explicitly is challenging, as rules based solely on string matching or
handcrafted lexical heuristics are insufficient to capture the full range of semantic relatedness. Vector
embeddings provide a practical means of measuring semantic similarity by mapping lexemes into a
continuous semantic space[l4]. Under this representation, the distance between the embeddings of two
lexemes serves as a proxy for their semantic similarity.

Within this framework, semantically related chunks are naturally grouped into bundles, each of which
represents an abstracted unit in working memory. A smaller number of bundles corresponds to lower
cognitive load, which in turn indicates higher code readability.



In the computational realization of this abstraction process, semantic similarity between chunks is
measured using cosine distance in embedding space, which captures the relative orientation of semantic
representations independent of their magnitude. We employ a density-based clustering strategy with a
minimal cluster size of two, reflecting the cognitive assumption that chunking does not require a fixed
lower bound on group size and can occur as soon as two semantically related elements are identified.
Under this setting, chunks that are sufficiently similar are grouped into the same bundle, approximating
the abstraction effects observed in human working memory.

4 PreFixScore

While CognaScore models code readability from a bottom-up perspective grounded in working memory
constraints, it primarily captures the local cognitive load incurred during incremental code comprehen-
sion. However, human understanding of code is not solely driven by such step-by-step processing. In
many cases, developers are able to rapidly infer the overall intent and structure of a program from partial
observations, relying on previously acquired knowledge and familiar patterns.

Motivated by this observation, we propose PREFIXSCORE, a complementary readability model that
adopts a top-down perspective. Instead of modeling local cognitive load, PREFIXSCORE estimates read-
ability based on the extent to which the full program can be semantically recovered from its partial
prefix. Intuitively, code that exposes its intent early is easier to understand, whereas code that requires
extensive exposure before its behavior becomes clear imposes a higher cognitive burden.

4.1 Cognitive Motivation

Human code comprehension does not always require a complete, line-by-line analysis of all program
details. In many cases, developers are able to infer the intent and implementation of a program from
partial observations, relying on knowledge stored in long-term memory. Once a sufficient match is
established between the observed code and previously encountered patterns, the remaining parts of the
program can often be processed with reduced cognitive effort[28].

During this process, developers form hypotheses about the program’s behavior based on partial obser-
vations, and subsequently validate these hypotheses as more code is read. When the predicted structure
aligns with the remaining code, comprehension proceeds rapidly. Otherwise, the initial hypothesis is
revised, and further reading is required until a coherent understanding is achieved.

This iterative process can be interpreted as a form of predictive processing, in which comprehension
proceeds in a hierarchical manner. High-level expectations generate predictions about lower-level details,
while incoming information is compared against these predictions. Mismatches lead to updates of the
higher-level representation, and the process repeats until a coherent interpretation is achieved [16].

4.2 Prefix-based Recovery Procedure

Motivated by the predictive process described above, we define a procedure that evaluates how readily
a program can be reconstructed from partial observations. The method operationalizes the cycle of
prediction and validation by progressively revealing a program, generating candidate completions, and
assessing their consistency with the original implementation (Algorithm 2).

Given a program P, we first define its effective logical code as the sequence of non-whitespace char-
acters. The program is then partitioned into K — 1 exposure stages, corresponding to revealing approx-
imately %, %, e % of its effective logical code. The partitioning is performed directly on the code
sequence without aligning to syntactic or comment boundaries.

At each stage, the visible prefix is provided to a completion model (LLM A), which is tasked with
reconstructing the full program. The generated completion is then compared against the original program
using a second model (LLM B), which evaluates their semantic consistency.

To account for the stochastic nature of LLM outputs, the above process is repeated three times
independently at each stage. If all three runs produce valid completions, the program is assigned the
score corresponding to that stage. If two out of three runs succeed, a small penalty (0.5) is applied to
the stage score to break ties between fully and partially consistent recoveries. Otherwise, the procedure
proceeds to the next stage.

The stage score is defined as a function of the exposure ratio s, given by score(s) = K - (1 —s) + 1,
ensuring that earlier successful recovery leads to a higher readability score. If no stage satisfies the
acceptance criteria, the final score is set to 1.



Algorithm 2: PREFIXSCORE: Readability via prefix-based semantic recovery.

Input: Source code P, number of stages K
Output: Readability score § € [1, K]

Se{%,%,...,%} ; // exposure stages
for s€ S do

P, + partial(P, s)

r < Evaluate(P, Py) ; // multi-run recovery and consistency check

if r is successful then
| return § < score(s,r)

return § < 1

You are assigned the role of a software developer. Your task is to produce the complete
program, including the given program prefix, by following the requirements specified in the
comments. Below is the program you need to complete:

+ "prompt"

Figure 1: Standard prompt for code completion.

5 Methodology

We evaluate the proposed readability models under a unified experimental framework that combines
controlled analysis and empirical evaluation. This section introduces the datasets used in the study,
describes the configuration of the underlying models, and presents the evaluation protocols applied
under different labeling schemes.

5.1 Datasets

We employ three datasets in this study: a controlled synthetic dataset for model analysis, and two
external datasets for empirical evaluation, namely the JetBrains readability dataset and the Schnappinger
et al. maintainability dataset [62, 60].

This study constructs a small-scale, controlled, synthetic dataset for model debugging and behavioral
analysis. The dataset is based on MBJP programming tasks and consists of method-level Java code gen-
erated by a large language model under explicitly specified constraints. During generation, we separately
enforce high-readability and low-readability coding instructions, ensuring functional equivalence across
solutions while introducing systematic differences solely in code expression.

The dataset contains 17 representative tasks and is primarily used to examine the reliability of the
proposed readability model, as well as to identify early-stage deficiencies and modeling omissions. It is
important to emphasize that this dataset is not used for final performance evaluation. Instead, it serves
as a controlled experimental setting to support qualitative and quantitative analysis of the model’s
underlying mechanisms and assumptions.

Specifically, we use the GPT-40 model to generate method-level Java implementations for 17 tasks
selected from the MBJP dataset, under two distinct prompting conditions: a standard prompt (Figure 1)
and a prompt that explicitly encourages low readability (Figure 2). To promote diversity in the generated
code, we do not employ few-shot examples. Instead, we rely on the test suites provided by MBJP to ensure
functional correctness, retaining only solutions that pass all tests under both prompting conditions.

We subsequently assessed the readability of the generated code using a simple web-based interface,
employing a five-point Likert scale. Given the high level of inter-rater agreement, which falls into the
almost perfect agreement range according to the quadratic weighted Cohen’s kappa (0.81), we use the
mean of the assigned scores as the readability label for this small-scale, controlled synthetic dataset in
subsequent experiments. Detailed statistics are reported in Appendix A.

5.2 Model Configuration

The configuration of underlying models plays a central role in both COGNASCORE and PREFIXSCORE, as
their behavior depends on the quality of semantic representations and generation capabilities. To ensure



You are assigned the role of a software developer. Your task is to produce the complete
program, including the given program prefix, by following the requirements specified in
the comments. While ensuring functional correctness, you should deliberately reduce the
readability of the code. Below is the program you need to complete:

+ "prompt"

Figure 2: Low-readability prompt for code completion.

Model (LLM A + LLM B) K=3 K=4 K=5 K=7 K=10

GPT-4.1-nano + GPT-4.1-nano  0.507 0.208 0.347 0.283  0.085
Qwen3-32B + GPT-5-nano 0.537 0.576 0.512 0.445  0.398
GPT-4.1 + GPT-5-nano 0.445 0.465 0.447 0.254 0.321

Table 2: Effect of the number of exposure stages K on Spearman correlation under a fixed LLM config-
uration.

that the proposed methods are not sensitive to arbitrary design choices, we examine these configurations
through controlled experiments and justify the final selections based on empirical evidence.

5.2.1 Embedding Model for CognaScore

COGNASCORE relies on vector embeddings to capture semantic relatedness between lexemes during
abstraction. As abstraction is performed through clustering in embedding space, the validity of the model
depends on whether the embedding representation preserves meaningful semantic structure, particularly
for short identifiers and phrases.

To evaluate this assumption, we conduct a set of controlled experiments that analyze embedding
behavior with respect to semantic relatedness and sensitivity to word frequency under conditions rele-
vant to the abstraction mechanism in COGNASCORE. Specifically, we examine whether cosine distance
consistently reflects semantic relationships across different lexical settings.

We evaluate three representative embedding models [22, 69, 49]. For each model, we analyze cosine
distances for synonym-antonym pairs and randomly sampled word pairs, and further verify that cosine
distance exhibits gradual decay as word pairs become more distant in the synonym-antonym network.
Detailed experimental procedures and additional analyses are reported in Appendix B.

Experimental results indicate that cosine distance is an effective metric when applied to static word
embeddings produced by more recent, contrastively trained models. It consistently distinguishes seman-
tically related word pairs from randomly paired words and exhibits gradual semantic degradation along
lexical relation chains. In contrast, the bert-base-uncased model [22] exhibits a strong bias toward
word frequency, which diminishes the effectiveness of cosine distance in capturing semantic relationships,
consistent with prior findings [35].

5.2.2 LLM Configuration for PreFixScore

PreFixScore depends on several hyperparameters, including the number of exposure stages K and the
choice of underlying LLMs. To guide the selection of these parameters, we conduct controlled experiments
on the MBJP dataset.

We first study the effect of the number of exposure stages. Specifically, we evaluate K € {3,4,5,7,10},
and measure the alignment with ground-truth readability using Spearman’s rank correlation coefficient.
The results are shown in Table 2.

The results show a consistent degradation in performance for larger values of K, indicating that
overly fine-grained partitioning introduces instability in the evaluation process. At the same time, very
small values of K provide limited resolution, as many samples collapse into a small number of distinct
scores.

Based on these observations, we adopt K = 5 as a representative configuration, as it provides a
balanced trade-off between resolution and stability.

In addition, we observe that some model configurations produce insufficiently diverse outputs, which
affects the discriminative power of the resulting scores. This aspect will be further examined in subsequent
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Figure 3: PreFixScore behavior under different LLM configurations. Left: correlation with ground truth.
Right: diversity of predicted scores.

experiments.

PREFIXSCORE also relies on large language models to simulate the predictive process in code com-
prehension. Specifically, an LLM is used in two roles: (1) program recovery from partial observations
(LLM A), and (2) semantic consistency evaluation between the recovered and original programs (LLM
B).

Prior work has shown that prompt design has a substantial impact on LLM performance, particularly
for tasks involving code understanding and semantic comparison [51]. Following this line of work, we
adopt a structured prompting strategy that explicitly requires the model to assess consistency along
three dimensions: (1) intent consistency, (2) implementation consistency, and (3) absence of side effects
or redundant code. The full prompt templates are provided in Appendix C.

To evaluate the sensitivity of PREFIXSCORE to model choice, we conduct a controlled study over
multiple LLM configurations. We consider four representative models (DeepSeek-V3.2, GPT-4.1-nano,
GPT-5-nano, and Qwen3-32B) and evaluate all pairwise combinations for LLM A and LLM B. For
each configuration, we measure the correlation between the resulting PreFixScore and the ground-truth
readability scores.

The results indicate that model selection has a noticeable impact on performance. While most
configurations exhibit moderate positive correlation with the ground truth, certain combinations yield
significantly weaker alignment. Based on these observations, we use GPT-4.1-nano for both LLM A and
LLM B in all subsequent experiments. This configuration provides a strong and stable alignment with
ground-truth readability while maintaining consistency across runs. Detailed results of the configuration
study are shown in Figure 3.

5.3 Evaluation

We evaluate COGNASCORE, the LLM-based readability approach, and PREFIXSCORE on two comple-
mentary datasets: the JetBrains code readability dataset [62] and the Schnappinger et al. maintainability
dataset [60].

The JetBrains dataset provides binary readability labels, and prior work has reported results of
various machine-learning-based readability models on this dataset under a unified evaluation protocol.
As it does not provide continuous readability scores, we follow prior work and report classification
performance using the Matthews Correlation Coefficient (MCC) [15], which is well-suited for imbalanced
binary classification.

To complement this evaluation, we additionally consider the Schnappinger dataset, which provides
probabilistic annotations over a four-level Likert scale. This enables a more fine-grained evaluation
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Readability Model MCC

Posnett et al. -0.036
Dorn -0.038
Mi et al. 0.033
Scalabrino et al. 0.325
GPT5.1-nano 0.103
COGNASCORE 0.245
PREFIXSCORE 0.221

Table 3: Alignment with Human Readability Judgments on the JetBrains Dataset

through rank-based correlation. We convert the probability distributions into continuous readability
scores via expectation and scale inversion, such that higher values correspond to better readability.
On this dataset, we report Spearman’s rank correlation coefficient to measure alignment with human
judgments [65].

All parameters of COGNASCORE were calibrated on the controlled synthetic dataset described in
Section 5.1 and fixed prior to evaluation. Similarly, the readability threshold used in PREFIXSCORE was
determined on the same controlled dataset. No parameter tuning was performed on either evaluation
dataset, ensuring that the reported results reflect generalization rather than dataset-specific optimization.

For each code snippet, COGNASCORE computes a readability score following the procedure described
in Section 3. The LLM-based approach directly predicts readability scores via prompting, while PRE-
FIXSCORE produces stage-based scores based on semantic recoverability from partial observations (Sec-
tion 4). All methods are evaluated under the corresponding protocols of each dataset.

For the JetBrains dataset, we follow prior work and report results for representative readability
models, including Posnett et al., Dorn, Mi et al., and Scalabrino et al. In addition, we include a direct
LLM-based readability assessment as an additional baseline.

For the Schnappinger dataset, we report results for Posnett et al. and Scalabrino et al., and further
include simple structural indicators such as effective lines of code (LOC), as well as the same direct
LLM-based scoring approach.

For the LLM-based baseline, we adopt one of the best-performing prompt strategies proposed by
Ouédraogo et al. [51], specifically the zero-shot (ZSL) prompting scheme. The full prompt template is
provided in Appendix D.

5.4 Research Questions
We investigate the following research questions:

RQ1 How well do COGNASCORE and PREFIXSCORE align with human judgments of code readability?

RQ2 How do COGNASCORE and PREFIXSCORE compare to existing readability models and direct LLM-
based scoring?

RQ3 How do structural characteristics of code, such as length and functional granularity, influence the
performance of COGNASCORE and PREFIXSCORE?

RQ4 To what extent can prefix-based semantic recovery serve as a reliable proxy for code readability?

6 Results

The empirical evaluation shows a clear contrast between the two proposed approaches. Across both
binary and fine-grained settings, COGNASCORE maintains stable alignment with human readability judg-
ments. In contrast, PREFIXSCORE provides useful signal on short snippets, but its effectiveness decreases
substantially on larger, real-world code units.

The remainder of this section reports the detailed results on the JetBrains and Schnappinger datasets,
followed by analyses of structural effects and failure modes.
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Method Spearman p Pearson r

Posnett et al. 0.186 0.466
Scalabrino et al. 0.458 0.414
LOC -0.618 -0.610
GPT5.1-nano 0.056 0.123
COGNASCORE 0.582 0.600
PREFIXSCORE -0.186 -0.236

Table 4: Correlation with Human Readability Scores on the Schnappinger Dataset

Variable Pearson r Spearman p
LOC 0.371 0.316
Number of functions 0.418 0.380

Table 5: Correlation between PREFIXSCORE predictions and structural size measures on the Schnap-
pinger dataset.

6.1 Results on the JetBrains Dataset

We evaluate both COGNASCORE and PREFIXSCORE on the JetBrains code readability dataset [62],
where readability is formulated as a binary classification problem. Following prior work, we adopt a
threshold of 3 on the five-point Likert scale to distinguish between readable (> 3) and non-readable
(< 3) code snippets.

All parameters of COGNASCORE were calibrated solely on the controlled synthetic dataset described
in Section 5.1 and were fixed prior to evaluation. No parameter tuning was performed on either evaluation
dataset.

Under this setting, COGNASCORE achieves a Matthews Correlation Coefficient (MCC) of 0.245, as
shown in Table 3. This performance is second only to the model of Scalabrino et al. [59], and substantially
outperforms earlier models such as Posnett et al. [56] and Dorn [24].

For PREFIXSCORE, since it produces discrete stage-based scores rather than a linear readability scale,
its outputs must be mapped to binary labels. The decision threshold is selected on a separate MBJP
validation set and set to 2.0, such that samples with scores greater than or equal to 2.0 are classified
as readable, and those below 2.0 as non-readable. Under this setting, PREFIXSCORE achieves an MCC
of 0.221, as reported in Table 3, outperforming the compared baseline methods but remaining below
COGNASCORE.

A closer inspection of the error patterns shows that COGNASCORE correctly identifies most readable
samples, but is less effective on unreadable ones, indicating a bias toward predicting code as readable.
In contrast, PREFIXSCORE produces more false negatives, suggesting that short prefixes often do not
expose enough semantic structure for reliable recovery.

Length effects are limited on this dataset. Although COGNASCORE exhibits moderate negative cor-
relation with LOC, the ground-truth labels themselves show only weak dependence on LOC, and the
correlation between COGNASCORE and human judgments decreases only slightly after controlling for
LOC. Similarly, PREFIXSCORE shows only weak correlation with LOC, and its correlation with human
judgments slightly increases after controlling for length. These results suggest that, on JetBrains, neither
model derives its predictive signal primarily from code length.

6.2 Results on the Schnappinger Dataset

On the Schnappinger dataset, COGNASCORE achieves a Spearman correlation of 0.582 and a Pearson
correlation of 0.600, as shown in Table 4. Under the same evaluation setting, it outperforms all compared
readability baselines, including the model of Scalabrino et al., with relative improvements of approxi-
mately 27% in Spearman and 45% in Pearson correlation.

However, COGNASCORE remains slightly below simple structural indicators such as effective lines of
code (LOC), which achieve even higher correlation with human judgments (Table 4). This indicates
that structural properties provide strong predictive signals in this dataset. At the same time, after
controlling for LOC, COGNASCORE still retains positive partial correlation with human judgments, as
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Method Partial Spearman p Partial Pearson r

COGNASCORE 0.178 0.155
PREFIXSCORE -0.008 -0.012

Table 6: Partial correlation with human readability scores after controlling for effective lines of code
(LOC).

shown in Table 6, suggesting that it captures readability signals beyond simple size effects.

In contrast, PREFIXSCORE achieves a Spearman correlation of —0.186 and a Pearson correlation of
—0.236, as reported in Table 4, indicating that it does not provide meaningful alignment with human
judgments in this setting. A key difference between the two datasets lies in structural granularity:
whereas JetBrains consists of short snippets, the Schnappinger dataset contains substantially larger
class-level code units.

Further analysis shows that PREFIXSCORE is positively correlated with both effective lines of code
and the number of functions, indicating a tendency to assign higher scores to longer and more function-
heavy files, as shown in Table 5. This behavior is particularly problematic for real-world class-level
code containing repetitive or template-like structure. For example, generated DOM binding files may be
highly regular and easy for the recovery model to complete from an early prefix, while still being judged
by humans as difficult to read.

After controlling for LOC, PREFIXSCORE exhibits near-zero partial correlation with human judg-
ments (Table 6). This suggests that its predictions on this dataset are largely explained by structural
size rather than independent readability signals. In addition, the comparison prompts used in PREF1XS-
CORE were designed primarily in a single-function setting, and appear overly permissive when applied to
large multi-function programs.

6.3 Failure Analysis

CognaScore. The main failure mode of COGNASCORE is length calibration. On long files, the model
tends to assign overly low raw scores, leading to systematic underestimation. This behavior follows
directly from the model design: as code length increases, the number of distinct lexemes also increases,
which raises the estimated working-memory load. On shorter snippets, the opposite problem may occur,
with short but semantically or structurally poor code receiving scores that are too high.

PreFixScore. The dominant failure mode of PREFIXSCORE depends on code granularity. On short
snippets, it tends to produce false negatives because the visible prefix often does not provide enough
information for reliable recovery. On large multi-function files, the opposite problem occurs: the model
tends to overestimate code that is structurally regular or easy to continue, even when it is not perceived
as readable by humans. This limitation is reinforced by the current comparison prompts, which were
tuned in a single-function setting and become overly permissive on larger file-level programs.

6.4 Answering the Research Questions

RQ1l. CoOGNASCORE aligns well with human readability judgments across both evaluation settings.
PREFIXSCORE shows useful signal on short snippets, but does not generalize reliably to larger real-
world code units.

RQ2. COGNASCORE is competitive with existing readability models and clearly stronger than direct
LLM-based scoring. PREFIXSCORE outperforms several baselines on JetBrains, but is not competitive
overall.

RQ3. Structural characteristics such as code length and functional granularity substantially affect both
models. COGNASCORE is influenced by length but still retains independent predictive signal, whereas
PREFIXSCORE becomes increasingly biased as structural scale grows.

RQ4. Prefix-based semantic recovery can provide a useful proxy for readability in constrained, function-
level settings, but does not remain reliable on large, multi-function programs.
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7 Discussion

Like other simple readability metrics, COGNASCORE can be misled by certain code patterns. In particu-
lar, a program may exhibit strong lexical consistency and semantic clustering, while still being logically
unclear or poorly structured.

For example, consider the following fragment adapted from a standard prefix-sum computation:

int templ = 0;

for (dnt i = 0; 1 < n; i++) {
templ = templ + arr[il;
temp2[i] = templ;

Although the code follows a simple and regular structure, the use of non-descriptive variables such
as templ and temp2 obscures its intent. In contrast, a more readable version makes the underlying
computation explicit:

int prefixSum = O;

for (dnt i = 0; 1 < n; i++) {
prefixSum += arr[i];
result[i] = prefixSum;

Even when the control flow and operations are identical, the semantic role of each variable is clearly
conveyed in the latter version. However, the model may still assign a relatively high score to the former.

This limitation stems in part from the behavior of current embedding models. In particular, lexical
similarity in the embedding space does not always reflect how developers interpret variable names. For
example, identifiers such as a, b, and ¢ often exhibit high cosine similarity, despite carrying little semantic
meaning in most non-mathematical contexts. As a result, code with weak or non-descriptive naming
may still appear structurally consistent from the model’s perspective.

In addition, although control structures are incorporated into COGNASCORE, prior studies have
shown that different types of control flow and deep nesting can significantly increase comprehension
difficulty. Such effects are difficult to capture solely through low-level working-memory abstractions,
which primarily operate at the level of lexemes. This limitation also motivates the introduction of
PREFIXSCORE, which provides a complementary perspective based on global semantic recoverability.

Ideally, COGNASCORE and PREFIXSCORE should be unified into a single framework. Intuitively, code
segments that can be reliably predicted from context may not require explicit working-memory modeling,
while less predictable regions could be evaluated through cumulative cognitive load. Exploring such a
hybrid approach remains an important direction for future work.

A key limitation of PREFIXSCORE lies in the interaction between prefix segmentation and the use of
LLM-based consistency evaluation. The current design relies on a fixed number of prefix stages together
with an LLM-as-judge mechanism. While this combination performs well on the MBJP dataset used
during development, it becomes less stable when applied to longer programs, where the evaluation results
exhibit higher variance and reduced reliability.

One contributing factor is that the prefix segmentation scheme was tuned on function-level data with
relatively uniform length. When applied to file-level programs with substantially larger variation in size,
a fixed number of segments may fail to provide meaningful exposure granularity. This suggests that the
segmentation process should be adapted dynamically based on program length or structural complexity.

In addition, our error analysis indicates that the LLM-as-judge mechanism is not consistently reliable
in this setting, particularly for long and structurally complex code. A possible direction for improvement
is to replace or complement the LLM-based comparison with more stable similarity measures, such
as static or embedding-based semantic similarity, which may provide more consistent behavior across
different scales.

8 Conclusion

In this work, we propose two cognitively motivated metrics for code readability. COGNASCORE models
readability from the perspective of short-term working memory, capturing the combined effect of lex-
eme diversity and abstraction. PREFIXSCORE, in contrast, measures readability based on prefix-based
semantic recoverability, using predictability as a proxy for long-term memory and prior knowledge.
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We evaluate both methods on two complementary datasets: the JetBrains dataset at the function
level and the Schnappinger dataset at the file level. COGNASCORE demonstrates stable alignment with
human judgments across different evaluation settings, outperforming traditional readability models in
fine-grained evaluation. Importantly, it retains meaningful predictive power even after controlling for
code length, indicating that it captures cognitive signals beyond simple structural factors.

In contrast, PREFIXSCORE performs well on function-level code, but fails to generalize to file-level
programs, where it exhibits weak or even negative correlation with human judgments. This suggests
that simple prefix-based methods relying on a fixed number of segmentation stages are not sufficiently
robust, and that adapting the exposure process to program length or structure may be necessary.

Overall, the results indicate that neither abstraction-based modeling of short-term memory nor prefix-
based semantic predictability alone is sufficient to capture code readability. Readability inherently
depends on both local cognitive load and global semantic structure, and should be understood as a
multi-factor property.

A promising direction for future work is to unify these two perspectives into a single framework.
Intuitively, code regions that can be reliably predicted from context may not require explicit modeling
of cognitive load, while less predictable parts could be evaluated through cumulative working-memory
cost. Such a hybrid approach may better reflect the actual process of human code comprehension.
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A Likert-scale Readability Ratings

Task ID Rater 1 Score Rater 2 Score Mean Score
MBJP/1 3 3 3.0
MBJP/10 5 4 4.5
MBJP/11 4 4 4.0
MBJP/12 1 3 2.0
MBJP/14 4 5 4.5
MBJP/17 2 2 2.0
MBJP/18 4 5 4.5
MBJP/19 5 5 5.0
MBJP/2 4 5 4.5
MBJP/21 3 2 2.5
MBJP/22 5 5 5.0
MBJP/3 5 5 5.0
MBJP/4 3 3 3.0
MBJP/6 3 2 2.5
MBJP/7 4 3 3.5
MBJP/8 1 1 1.0
MBJP/9 1 2 1.5

Table 7: Raw human readability ratings and mean scores on a five-point Likert scale for the controlled
synthetic dataset.

B Embedding Experiments

To guide model selection, we evaluate three representative embedding models—bert-base-uncased[22],
e5-base-v2[(9], and nomic-embed-text-v1.5[49]. These models are open-source and were released
in 2019, 2022, and 2024 respectively. Each achieved strong performance at the time of release and is
representative among embedding models.

For words that consist of multiple subtokens, we follow the common practice of using the mean of all
subtoken embeddings as the final word representation.

B.1 Embedding Database Construction

To support our experiments, we construct three word-level datasets without filtering words based on
length. The datasets are derived from word frequency statistics provided by the wordfreq library and
synonym/antonym relations in WordNet [45].

1. Synonym-Antonym Dataset: We collect all English words of the specified lengths that appear in
the wordfreq vocabulary and have at least one synonym or antonym listed in WordNet. Multi-word
expressions are excluded to ensure token-level alignment.

2. Pseudoword Dataset: For each 4-10 word length, we generate 10,000 pseudowords using alter-
nating vowel-consonant patterns. To ensure non-lexicality, all generated tokens are filtered against
the english-words.95 list, a size-95 subset of the SCOWL word lists that includes nearly all valid
English words across dialects and rare forms.

3. Fixed Levenshtein Distance Dataset: For each target word from wordfreq, we identify other
words of the same length whose Levenshtein distance is strictly less than the word length. Candi-
dates are sorted by frequency, and up to 10 pairs are retained per distance value.
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B.2 Synonym-Antonym Distance Analysis

To investigate the effect of word frequency on embedding similarity, we analyze cosine distances for
synonym-antonym pairs drawn from two frequency bands: the top 10,000 words (26,493 pairs) and words
ranked 10,000 to 50,000 (29,806 pairs). Pairs with only one word in the specified range are excluded. For
comparison, we also compute cosine distances for 25,000 randomly sampled word pairs from each band.
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Figure 4: Cosine distance distributions between synonym-antonym pairs and randomly sampled real-real
word pairs across different frequency ranges and embedding models. The top row shows results for word
pairs from the top 10,000 most frequent words, while the bottom row shows results for words ranked
between 10,000 and 50,000. From left to right, each column corresponds to results from BERT, E5, and
Nomic embeddings, respectively. In each subfigure, the x-axis represents the cosine distance between
word embeddings, and the y-axis denotes the estimated probability density.

Our results show that the bert-base-uncased model is highly sensitive to word frequency, with this
factor having a much greater impact on embedding distances than the underlying semantic relationship
between synonyms and antonyms. This sensitivity is likely a consequence of its pretraining objective,
and has also been noted in prior studies[414, 35]. In contrast, models trained with contrastive learning
exhibit a reduced frequency effect. To further validate this observation, we compute Cliff’s Delta for
the cosine distance distributions of synonym-antonym pairs across different frequency bands[17]. Among
the three models, only bert-base-uncased exhibits a large Cliff’s Delta, while both e5-base-v2 and
nomic-embed-text-v1.5 show negligible effect sizes. This indicates that, for the latter two models,
frequency-related variation is minimal compared to the impact of genuine semantic differences such as
synonymy and antonymy.

Model Cliff’s Delta (0-10k vs. 10k—50k)
bert-base-uncased -0.5781 (large)
eb-base-v2 -0.0356 (negligible)
nomic-embed-v1.5 0.0410 (negligible)

Table 8: Cliff’s Delta values comparing cosine distance distributions between the 0-10k and 10k—50k
frequency bands for each model.

B.3 Analyzing Semantic Degradation in Synonym-Antonym Networks

To ensure that the selected model remains robust across local variations in the embedding space, we
further examine whether semantic drift occurs within networks of lexical relations. In particular, we
design a semantic drift experiment based on WordNet, incorporating both synonymy and antonymy.

21



Specifically, we extract word pairs from synonym-antonym chains of length 2 and 5 steps in WordNet,
where each pair is connected via intermediate relations—either synonyms or antonyms (e.g., a — b —
v — d, where each edge is a synonym or antonym link). Chains containing duplicate words are removed
to avoid degenerate loops.

To account for frequency effects, we conduct the experiment separately for two frequency bands: the
top 10,000 most frequent words, and words ranked 10,000-50,000. All intermediate words in the chain
must fall within the specified frequency band. For each resulting (a,d) pair, we compute the cosine
distance between their embeddings.

We do not consider longer chains, as the remained WordNet lexical graph approaches a complete
graph at length 5, where most word pairs become connected via some relational path. Further extension
therefore offers limited structural discrimination.
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Figure 5: Cosine distance distributions between directly linked words, 2-hop lexical relation chains, 5-
hop lexical relation chains, and randomly sampled word pairs, across different frequency ranges and
embedding models. The top row shows results for word pairs from the top 10,000 most frequent words,
while the bottom row shows results for words ranked between 10,000 and 50,000. From left to right, each
column corresponds to results from BERT, E5, and Nomic embeddings, respectively. In each subfigure,
the x-axis represents the cosine distance between word embeddings, and the y-axis denotes the estimated
probability density.

B.4 Assessing Embedding Sensitivity to Non-Semantic Perturbations

To further evaluate whether embedding models organize word representations based on semantic meaning
rather than surface-level features, we conduct a set of experiments involving real words paired with non-
semantic counterparts. Specifically, we test two types of word pairs:

e Real-Pseudoword: each real word is paired with a pseudoword that follows English phonotactics
but has no semantic meaning;

e Real-Levenshteinl: each real word is paired with another word of the same length and at a
Levenshtein distance of 1, excluding any known synonym or antonym relation.

For both pair types, we conduct experiments separately for two frequency bands: the top 10,000 most
frequent words, and words ranked between 10,000 and 50,000. For the Real-Pseudoword experiment, we
randomly sample 25,000 word pairs from each frequency band. For the Real-Levenshteinl experiment,
each word is allowed up to 10 Levenshteinl neighbors, yielding 4,847 pairs in the top-10k range and
19,706 pairs in the 10k—50k range.

Synonym and antonym pairs are included as semantic references for comparison.
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Figure 6: Cosine distance distributions between semantic word pairs (including both synonyms and
antonyms), real-pseudoword pairs, and real-Levenshtein-1 pairs across different frequency ranges and
embedding models. The top row shows results for word pairs from the top 10,000 most frequent words,
while the bottom row shows results for words ranked between 10,000 and 50,000. From left to right, each
column corresponds to results from BERT, E5, and Nomic embeddings, respectively. In each subfigure,
the x-axis represents the cosine distance between word embeddings, and the y-axis denotes the estimated
probability density.

C Prompts for Program Recovery and Consistency Evaluation

PreFixScore uses two separate prompts: a program recovery prompt, used to generate a full program
from a partially revealed program, and a consistency evaluation prompt, used to compare the recovered
program against the original one. For reproducibility, we report both prompts below. In all experiments,
the placeholder {visible_code} denotes the revealed portion of the source program, {original_code}
denotes the ground-truth full program, and {predicted_code} denotes the program generated by the
recovery model.

Program Recovery Prompt. This prompt is given to the recovery model (LLM A). Its purpose is to
reconstruct the full Java program from a partially revealed program prefix while preserving the revealed
content.

You are a software engineer. Complete the full Java program from the
revealed prefix.

Requirements:

- Do not explain or analyze.

- Output a fenced code block containing the full program, not only the suffix.

- Preserve the revealed prefix and do not change its semantics.

- If some details are uncertain, still produce the most reasonable complete
program.

Program prefix:
(t{java
{visible_code}

¢
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Counsistency Evaluation Prompt. This prompt is given to the comparison model (LLM B). Its
purpose is to judge whether the reconstructed program is semantically consistent with the original
program under the criteria defined in Section 4.2.

You are a software engineer. Compare the two Java programs directly and
judge whether they are consistent.

Judge only by these 3 rules:

1. The code intent must match.
2. The implementation approach must match.
3. There must be no obvious side effects.

If the task is the same but the implementation is different, mark them as
inconsistent.

If the program contains dead code, repeated logic, irrelevant branches, or
unrelated helper logic that is not part of the core implementation, mark
them as inconsistent.

Output only one JSON object in exactly this format:
{

"task_match": true,
"method_match": true,
"io_match": true,
"side_effects_match": true,
"redundancy_ok": true,
"method_evidence": [
"evidence 1"

1,

"detail_conflicts": [
"conflict 1"

1,

"detail_alignment": [
"alignment 1"

1,
n 3 n.
equivalent": true,
"reason": "one-sentence reason'",
"confidence": 0.0

Original program:

(tljava

{original_code}
¢

Completed program:

((ljava
{predicted_code}

CCcc¢

Use in PreFixScore. At each exposure stage, the recovery prompt is first applied to the partially
revealed program to obtain a completed candidate. The consistency evaluation prompt is then applied
to the original and recovered programs. A recovery is treated as successful only when the comparison
output indicates semantic equivalence under the predefined matching criteria.
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D Prompts for LLM-based Readability Evaluation

This appendix provides the prompt template used for the direct LLM-based readability baseline. The
prompt follows a zero-shot (ZSL) strategy based on the approach proposed by Ouédraogo et al. [51], and
is designed to elicit structured readability assessments from the model.

You are a software engineer evaluating code readability.

Evaluate the following code on a scale from O (unreadable) to 20 (highly readable),
explicitly using these criteria:

Code Structure - logical organization vs tangled code
Nesting - flat vs deeply nested

Clarity of intent - clear purpose vs ambiguous

Code length - concise vs unnecessarily long

Action granularity - one action per line vs multiple
Reading flow - natural vs disorganized

DO WN -

Return ONLY JSON:
{
"score": "0-20",
"reasoning": "concise explanation (max 200 words)"

}

Code:
¢z

java
{code}

[N
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