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Abstract

Refactoring is a critical part of the software development lifecycle, and identifier
renaming accounts for roughly 15% of all agentic refactoring work driven by large
language models. Yet the dominant model families fit the task poorly. Autoregressive
decoders generate left to right, and even with the fill-in-the-middle extension they
resolve masked positions one at a time, so a renaming decision at one site cannot inform
a decision at another. Identifier renaming, however, demands consistency across every
affected site at once. Diffusion Large Language Models (dLLMs) generate by iteratively
denoising a masked sequence under full bidirectional attention, with every prediction
conditioned on every other. This matches what renaming needs: if a poorly named
identifier is viewed as a small amount of semantic noise overlaid on correct code, then
renaming becomes a targeted denoising task that can be solved jointly across all
affected sites.

We instantiate this view as CoReFusion, the first systematic study of dLLMs on Java
identifier renaming, and benchmark them against twelve decoder-only FIM-AR
baselines and five encoder-decoder Seq2Seq baselines on the RefineID dataset.
DreamCoder-7B and DiffuCoder-7B reach 33.2% and 31.1% Exact Match, beating the
best non-dLLM model (CodeT5-large) by more than ten points while being roughly nine
times smaller than the largest FIM-AR baseline. The advantage grows with the number
of identifiers that must be renamed together: FIM-AR models win the single-site case,
but dLLMs pull ahead as soon as the task involves more than one site. When the same
dLLMs must instead find the positions on their own, Exact Match drops to about 3%, and
most wrong predictions copy the lexical style of the surrounding code rather than
improve on it. Probing the internal states of DiffuCoder-7B shows why: the signal that
tells a bad name from a good one appears only in the last few layers and the last few
denoising steps, after the unmasking schedule has already confirmed most of its
predictions. Providing the rename positions as masks bypasses this timing problem,
which is why dLLMs work as filling engines but not as standalone refactoring agents.
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Abstract—Refactoring is a critical part of the software devel-
opment lifecycle, and identifier renaming accounts for roughly
15% of all agentic refactoring work driven by large language
models. Yet the dominant model families fit the task poorly.
Autoregressive decoders generate left to right, and even with the
fill-in-the-middle extension they resolve masked positions one at a
time, so a renaming decision at one site cannot inform a decision
at another. Identifier renaming, however, demands consistency
across every affected site at once. Diffusion Large Language
Models (dLLMs) generate by iteratively denoising a masked
sequence under full bidirectional attention, with every prediction
conditioned on every other. This matches what renaming needs:
if a poorly named identifier is viewed as a small amount of
semantic noise overlaid on correct code, then renaming becomes
a targeted denoising task that can be solved jointly across all
affected sites.

We instantiate this view as CoReFusion, the first systematic
study of dLLMs on Java identifier renaming, and benchmark
them against twelve decoder-only FIM-AR baselines and five
encoder-decoder Seq2Seq baselines on the RefineID dataset.
DreamCoder-7B and DiffuCoder-7B reach 33.2% and 31.1%
Exact Match, beating the best non-dLLM model (CodeT5-large)
by more than ten points while being roughly nine times smaller
than the largest FIM-AR baseline. The advantage grows with the
number of identifiers that must be renamed together: FIM-AR
models win the single-site case, but dLLMs pull ahead as soon
as the task involves more than one site. When the same dLLMs
must instead find the positions on their own, Exact Match drops
to about 3%, and most wrong predictions copy the lexical style
of the surrounding code rather than improve on it. Probing the
internal states of DiffuCoder-7B shows why: the signal that tells a
bad name from a good one appears only in the last few layers and
the last few denoising steps, after the unmasking schedule has
already confirmed most of its predictions. Providing the rename
positions as masks bypasses this timing problem, which is why
dLLMs work as filling engines but not as standalone refactoring
agents.

Index Terms—Identifier renaming, Diffusion large language
models, Code refactoring, Large language models, Fill-in-the-
middle

I. INTRODUCTION

Identifiers are the linguistic backbone of source code: they
account for up to 70% of the characters in a typical project [17]
and largely determine whether a future reader can understand
what the code does. Yet developers routinely encounter iden-
tifiers whose names no longer fit the role they play, such
as a variable called tmp that survives into production, or a
name that meant something to its author but nothing to anyone

else. Therefore, renaming identifiers is one of the frequently
mentioned tasks in the software development lifecycle [10].

A renaming refactoring has two steps: deciding what the
new name should be and applying the rename consistently
across every site where the identifier appears. Modern IDEs
have solved the second step well by using grammar-based
methods. However, the first step is left to the developer. Static-
analysis tools can guarantee grammar safety but cannot infer a
contextually appropriate name because they do not model what
the surrounding code is doing [9]. The problem we study is
therefore not how to apply a rename, but how to automatically
propose a name that fits the surrounding code.

Recent work has begun to address this problem with lan-
guage models. Autoregressive (AR) decoder-only models with
Fill-in-the-Middle (FIM) training [4] can generate replacement
identifiers conditioned on both left and right context, and
they outperform earlier encoder-only and encoder-decoder ap-
proaches on renaming benchmarks [7]. However, AR models
have a structural limitation which will become visible when
a refactoring touches more than one position. FIM resolves
masked positions one at a time, inserting each prediction into
the prefix before the next decision is made. A name chosen at
one site therefore cannot inform the decision at another site
that will be predicted later, and the decisions at sites predicted
earlier cannot be revised based on what came later.

For identifier renaming this matters in practice, because a
typical rename touches many co-occurring sites that all need
to agree on one name. We are therefore interested in models
whose inference protocol can resolve all sites jointly. Diffusion
Large Language Models (dLLMs) [19], [40] propose a new
structure that generate by iteratively denoising a fully masked
sequence under bidirectional attention, which allows the model
to commit to high-confidence positions first and propagate that
information to other positions in the same forward pass. If a
poorly named identifier is viewed as semantic noise overlaid
on otherwise correct code [24], then renaming becomes a tar-
geted denoising task. We instantiate this view as CoReFusion
(Code Refactoring with DifFusion language models).

As the first study to use dLLMs for identifier renaming, we
are interested both in what dLLMs can do on this task and in
how they do it. We ask three research questions:

• RQ1: How do dLLMs perform on multi-site renaming of
a single identifier, compared against autoregressive and



sequence-to-sequence baselines?
• RQ2: Does the same advantage extend to multi-site

renaming of multiple distinct identifiers at once?
• RQ3: What, if anything, distinguishes the internal state

of a dLLM when it processes a poorly named identifier
from when it processes a well-named one?

Our findings are threefold. On RQ1, two fixed-canvas
dLLMs (DreamCoder-7B and DiffuCoder-7B) reach 33.2%
and 31.1% Exact Match on the RefineID test split, against
23.5% for the strongest of seventeen non-dLLM baselines and
despite being roughly 9× smaller than the largest baseline.
The gap widens as the number of co-referring sites grows:
FIM-AR baselines win at one site but fall to single digits past
eleven, while the dLLMs hold a 26.8%-36.4% band across
the entire multi-site range. On RQ2, the dLLM advantage
does not extend to multi-identifier renaming under aggressive
obfuscation: target-EM falls to single digits and 71.3% of
wrong predictions copy the lexical style of the obfuscated
neighbours, sharpening rather than overturning the RQ1 result.
On RQ3, four probes of DiffuCoder-7B’s internal state show
that a representation distinguishing well-named from poorly-
named identifiers exists, but it is concentrated in the final third
of the transformer stack and the final third of the denoising
trajectory, after the model’s confidence-ordered unmasking
schedule has typically confirmed most of its decisions.

II. BACKGROUND AND RELATED WORK

A. Identifier Renaming in software refactoring

Software refactoring aims to improve the internal structure
of a codebase without altering its external behavior [10].
Among refactoring operations, identifier renaming is one of
the most frequent. Also, it is shown to be hard to find a
good name. A good renaming requires understanding the scope
of the variable, the intent, and how the identifier is used in
multiple functions and files.

Early tool support for renaming came from rule-based or
grammar-driven features built into IDEs such as Eclipse and
IntelliJ. These features use static scoping rules derived from
language grammars and AST analysis to locate all usage sites
of an identifier and rename them consistently [23]. These
tools guarantee that the rename is safe under the rules of
the grammar, but the matching itself is purely mechanical:
they can propagate a renaming the developer has already
chosen, but cannot suggest what the new name should be.
They are mature, well-supported, and widely deployed in
production IDEs, and our work does not aim to replace the
safe-propagation mechanism they already provide. We instead
focus on the complementary problem they leave unaddressed,
which is deciding which name should replace the existing one
in the first place, and this decision requires semantic reasoning.

To address this gap, machine learning approaches were in-
troduced to recommend contextually appropriate names. Early
work applied statistical language models and n-gram methods
to learn naming conventions from corpora [29]. Subsequent
representation-learning methods such as CodeBERT [11] and

RefBERT [21] learned to encode identifier context for name
recommendation. These methods treat renaming as a retrieval
or classification problem, as machine learning works like a
prediction of suitable name based on the given surrounding
code. However, empirical studies show that they still struggle
when a single identifier has many usage sites throughout the
code, so manual renaming remains tedious and prone to error
in practice [23].

More recently, AR LLMs have been applied to refactoring,
using their semantic reasoning to produce names that reflect
developer intent more accurately than rule-based predecessors
[7], [12]. However, they still not escape the architectural
limitation discussed. A renaming must stay consistent across
many usage sites, but AR models decide each site sequentially
one at a time.

B. Language Models: Autoregressive, Seq2Seq, and Diffusion

1) Autoregressive Language Models: AR language mod-
els generate text by factorizing the joint probability of a
sequence into a product of conditionals. Given a sequence
x = (x1, x2, . . . , xT ),

p(x) =

T∏
t=1

p(xt | x1, x2, . . . , xt−1) (1)

predicting each token given all preceding tokens [5]. This
left-to-right (L2R) paradigm underpins models such as the
GPT family [25], CodeLlama [26], and DeepSeek-Coder [14].
However, there is a fundamental constraint that each token
is generated conditioned only on its left context, so the
model cannot directly attend to tokens that appear later in
the sequence [2].

For variable renaming this constraint matters. A good re-
naming requires looking at the identifier’s declaration and all
of its usage sites. This is a pattern of access that strict L2R
generation does not natively support [23]. FIM was introduced
as a practical workaround [4]. Given a sequence split into a
prefix P , a middle span M . and a suffix S, FIM rearranges
the training example into ⟨PRE⟩P ⟨SUF⟩S ⟨MID⟩M , so that
L2R training on the rearranged sequence implicitly teaches
the model to fill M conditioned on both surrounding contexts.
Models trained with FIM objectives, such as StarCoder [20]
and CodeLlama [26], perform well on infilling benchmarks,
but still lack consistency. When several positions need to
be filled, each position is still resolved independently. The
renaming decision at one site cannot inform a decision at
another, and earlier predictions cannot be revised in light of
later context [41].

2) Sequence-to-Sequence Models: Seq2Seq models factor
generation into two stages. A bidirectional encoder maps the
full input sequence x into a sequence of contextual representa-
tions, and an autoregressive decoder then produces the output
sequence y = (y1, . . . , yT ′) token by token under

p(y | x) =
T ′∏
t=1

p(yt | y1, . . . , yt−1, enc(x)), (2)



Fig. 1. Iterative denoising in a diffusion LLM applied to multi-site variable renaming.

where enc(x) is the encoder output [31]. This architecture
underpins the original Transformer [33], BART [18], and
code-specific variants such as CodeT5 [36] and CodeT5+
[35], which are pretrained with span-denoising objectives that
directly match identifier infilling: a sentinel token replaces the
target span in the input, and the decoder is trained to emit the
original span as the output.

For identifier renaming, this architecture removes one of
the limitations of AR generation. The encoder reads the entire
source file in a single forward pass under full bidirectional
attention, so the representation of a target position attends to
both its declaration and all of its usage sites simultaneously
[36]. Decoding the replacement name therefore conditions on
the full context, not just the left side.

The remaining limitation is that, like FIM-AR, Seq2Seq
models resolve one masked position at a time. Each masked
position is decoded independently, and earlier predictions are
inserted into the input before the next one is queried. When
several identifier sites must be renamed in the same file, the
model still cannot make the renaming decision at one site
condition directly on the decision at another. The bidirectional
encoder gives Seq2Seq a stronger context view than FIM-AR

for any single span, but joint multi-site resolution remains
outside the architecture.

3) Diffusion Large Language Models: dLLMs approach
text generation through a different paradigm. They define a
forward process that progressively replaces tokens in a target
sequence with a special <|mask|> symbol, and train a neural
network to reverse this process through iterative denoising [1],
[28]. At each denoising step t, the model conditions on the
full corrupted sequence and predicts the original tokens at all
masked positions simultaneously:

pθ(x0 | xt) =
∏

i∈Mt

pθ(xi | xt) (3)

where Mt is the set of masked positions at step t. In practice,
tokens are unmasked in order of decreasing confidence. The
model scores all masked positions, commits the highest-
confidence predictions, and leaves the rest for subsequent steps
[6], [27].

The forward process above is similar to the objectives
of encoder-only and encoder-decoder models such as BERT
[8] and BART [18]. However, three properties distinguish
dLLMs from BERT-style models in ways that matter for multi-
site infilling. First, BERT models are trained with a small



Fig. 2. Variable-canvas denoising in DreamOn.

fixed corruption ratio, whereas dLLMs are trained over the
full range of corruption ratios and remain calibrated when
most positions are masked. Second, BERT models assume the
masked positions are conditionally independent and predict
them all in a single forward pass, while dLLMs factor the
joint distribution into many sequential steps and commit only
the predictions with highest confidence at each step. Each
subsequent prediction conditions on the tokens filled in earlier.
Third, BERT inference has no equivalent to this confidence-
ordered unmasking, and it is the precise mechanism that lets
a dLLM resolve many masked sites in the same trajectory.

Figure 1 illustrates this process applied to a variable re-
naming task. All tokens to be renamed are initialized as
<|mask|> at t = T . The model resolves high-confidence
positions first until all positions are resolved at t = 0.
This confidence-ordered unmasking is a defining property of
dLLMs and forms the basis of the analysis in RQ3 (Sec-
tion VI).

One practical constraint of the masked diffusion paradigm
described so far is that the canvas size at each identifier site,
namely the number k of <|mask|> tokens allocated for
that single name as shown in Figure 3, must be fixed before
inference begins [39]. For identifier renaming this matters in
practice: a developer-chosen name may tokenize into anywhere

from one to several sub-words, so a canvas that is too short
cannot represent multi-token names, while one that is too long
forces the model to commit to filler tokens that do not exist
in the ground truth. We characterize this trade-off empirically
in Section IV-C.

DreamOn [39], a follow-up to DreamCoder, removes the
fixed-canvas constraint without changing the underlying diffu-
sion objective. It adds two sentinel tokens to the vocabulary,
<|expand|> and <|delete|>, which the model is trained
to predict alongside regular tokens. At inference time, predict-
ing <|expand|> at a masked position deterministically re-
places it with two new <|mask|> tokens, allowing the canvas
to grow when more room is needed; predicting <|delete|>
removes the position from the sequence, allowing the canvas to
shrink when fewer tokens are needed than originally reserved.
Both rules are applied within the same iterative denoising
loop, so length adjustment and content filling happen together
rather than in separate stages. Figure 2 shows the two cases
side by side on a minimal renaming example. On the left,
the canvas starts with one <|mask|> but the target identifier
activeCount tokenizes into two sub-words, so the model
predicts <|expand|> and the substitution rule grows the
canvas before the final denoising step. On the right, the canvas
starts with three <|mask|> tokens but the target identifier n



Fig. 3. Fixed-canvas constraint in standard masked diffusion large language models.

is a single sub-word, so the model predicts two <|delete|>
tokens and the substitution rule shrinks the canvas to match. In
both cases the final converged sequence matches the developer-
chosen name exactly, without the caller having to guess the
right number of mask slots in advance.

DreamOn therefore provides a useful control on the canvas-
size axis. If the fixed-k choice required by DreamCoder
and DiffuCoder were the operative bottleneck on our task,
a variable-canvas model should close the gap to the FIM-
AR and Seq2Seq baselines. We test this prediction directly
in Section IV-A by including DreamOn-7B in the benchmark.

III. METHODOLOGY

A. Problem Formalization

We formalize identifier renaming as a targeted denoising
problem. Let x = (x1, . . . , xN ) be a tokenized code sequence
of length N , and let S ⊆ {1, . . . , N} with |S| ≪ N denote
the subset of positions occupied by poorly named identifiers.
We call S the smell-position set.

Under the denoising view, we treat x as a corrupted version
of a clean sequence x∗ in which the only corruption sits at
the positions in S. Outside those positions the two sequences
are identical, and at every position in S the smelly name
in x is replaced in x∗ by a semantically appropriate name.
The replacement is not constrained to the token length of the
original name, a property we revisit in Section IV-C when
choosing the number of <|mask|> slots per identifier.

In RefineID (Section III-C), every position in S belongs to
the same identifier, so the model must propagate one renaming

decision consistently across |S| sites within the same file. The
number of sites ranges from one to 175 across the test set,
which gives a natural axis along which to study how dLLMs
scale with the size of S. A renaming task that touches several
distinct identifiers in the same file is a strict generalization of
this regime: the model now has to partition S into groups that
share a name and produce a different replacement per group.

This distinction organizes our three experimental conditions,
which differ in the structure of S and in what the model is
asked to look at.

• RQ1 — Single identifier, |S| sites. S is provided as
explicit <|mask|> tokens, and every position in S
belongs to the same identifier. This is the regime in which
we benchmark dLLMs against FIM-AR and Seq2Seq
baselines (Section IV-A) and stratify performance by |S|
(Section IV-B).

• RQ2 — Multiple identifiers, multiple sites. We con-
struct a harder regime by merging S sets from several
RefineID samples into a single file, so that the model must
rename more than one identifier in the same forward pass.
The masks are still provided, but the model must keep
separate identifiers separate rather than collapse them
onto a single name.

• RQ3 — Internal-state comparison. We run the model
twice on each sample, once on the smelly input x
and once on the clean reference x∗, and compare per-
layer hidden states, per-step token confidence, and the
unmasking order at the positions in S between the two
runs.



B. Models Under Study

We evaluated three open-source masked dLLMs as two
primary systems. DreamCoder-7B [40] and DiffuCoder-7B
[12], both models are 7B parameter diffusion large language
model trained on code. At the same time, we also evaluated
DreamOn [39] as a representative of different implementa-
tions of the diffusion model (variable canvas).

For decoder-only (FIM) baselines, we include twelve
causal-LM models trained with the fill-in-the-middle objective,
spanning four model families and parameter scales from
1.3B to 15B: CodeLlama (7B, 13B) [26], StarCoder2 (3B,
7B, 15B) [22], DeepSeek-Coder (1.3B-Base, 6.7B-Base) [14],
Qwen2.5-Coder (1.5B, 3B, 7B, 14B) [15], and CodeGemma
(2B, 7B) [32]. All AR models use their native FIM format
⟨PRE⟩P ⟨SUF⟩S ⟨MID⟩ for inference.

For encoder-decoder (Seq2Seq) baselines, we addition-
ally evaluated three models from the CodeT5 family:
CodeT5-small, CodeT5-base, CodeT5-large [36], CodeT5p-
2B, CodeT5p-6B, and CodeT5p-16b [35]. Unlike the decoder-
only models, CodeT5 has a bidirectional encoder by con-
struction. We query CodeT5 through its native span-denoising
interface by replacing the masked identifier with the T5
sentinel <extra_id_0> and decoding the span.

C. Dataset Construction

We evaluate on the identifier-renaming dataset intro-
duced by Vijayvargiya et al. [34] for masked-language-model
based identifier renaming.1 The dataset consists of identifier-
renaming refactorings mined from real Java commits on public
GitHub repositories. Each sample is built from a single commit
in which an identifier was renamed. The file is reconstructed
at the pre-rename revision, every occurrence of the renamed
identifier is replaced with a [MASK] placeholder, and the post-
rename name is recorded as the ground truth. The full mining
procedure, the set of source repositories, and the commit time
range are described in the original paper [34]. A detailed
description of the dataset can be found in Table I.

D. Experiment Setup

1) RQ1: Single-Identifier Multi-Site Renaming: RQ1 eval-
uates how well each model fills the smell set S when every
position in S belongs to the same identifier and all positions
are given as explicit masks. All models see the same 1000
RefineID samples and the same |S| positions per sample,
so any performance difference reflects how each architecture
handles multi-site filling rather than differences in input.

dLLMs. The smelly code sequence x is preprocessed by
replacing each token at the positions in S with the <|mask|>
token, and the model produces predictions over all masked
positions in a single bidirectional forward pass. The headline
benchmark in Table II uses T=64 denoising steps to match
the configurations reported in the original DiffuCoder [13] and

1The replication package is publicly available at https://huggingface.co/
spaces/scam2024/ReIdentify. Following [16], who reuse this dataset to fine-
tune their RefineID assistant, we refer to it as the RefineID test split for short
throughout the paper.

TABLE I
REFINEID TEST SPLIT USED IN THIS PAPER. “SITES PER SAMPLE” COUNTS

THE NUMBER OF [MASK] POSITIONS FILLED WITH THE SAME TARGET
IDENTIFIER WITHIN ONE SAMPLE.

Property Value
Total samples (renaming events) 1,000
Language Java
Source corpus GitHub Java OSS
Identifier kind (heuristic from declaration site)

Local variable 84.9%
Formal parameter 10.3%
Class field (private / protected / public) 4.8%
Method name 0% (excluded)

Identifier surface form
camelCase 59.9%
lowercase, single token 39.5%
snake_case 0.5%
Mean / median length (chars) 10.4 / 9

Sites per sample
Mean / median 7.7 / 4
Range (min, max) 1, 175
Single-site (|S|=1) 2.3%
2–5 sites 55.7%
6–10 sites 21.6%
11–20 sites 15.3%
21+ sites 5.1%

File context
Mean / median file length (chars) 25,022 / 10,498

DreamCoder [40] papers, with k=2 <|mask|> tokens per
identifier site. Two ablations justify these settings: a static
mask-token sweep over k ∈ {1, 2, 3, 4, 5} on the full test
set (Section IV-C) and a denoising-step sweep over T ∈
{1, 2, 4, 8, 16, 32, 64} on the same test set (Section IV-D). The
mask-token sweep identifies k=2 as the structural optimum for
both dLLMs, because 76.8% of ground-truth identifiers tok-
enize into less than two sub-words. The step sweep shows that
the efficiency–quality curve plateaus at T=2, with subsequent
increases in T yielding sub-percentage-point improvements.

FIM-AR baselines. Each masked position is processed as
an independent FIM query using the standard sentinel layout
⟨PRE⟩P ⟨SUF⟩S ⟨MID⟩. Positions are filled sequentially, with
each prediction inserted into the sequence before the next
query is issued, matching the standard FIM inference protocol.
All AR models use greedy decoding (temperature = 0).

Seq2Seq baselines. Each masked position is similarly pro-
cessed as an independent encoder-decoder query. We split
the snippet at the first remaining <|mask|>, replace it with
<extra_id_0>, and let the bidirectional encoder read the
prefix, the sentinel, and the suffix in a single forward pass. The
decoder then emits the predicted identifier as the span before
<extra_id_0>. Other unfilled <|mask|> occurrences re-
main as literal text in the suffix, the same convention used
for FIM-AR. The encoder context budget is split 60% for the
prefix tail and 40% for the suffix head, and the outer iteration
schedule is identical to the FIM-AR setup.

Stratification by smell-set size. To see where the dLLM
advantage arises, Section IV-B re-uses the per-sample pre-
dictions and groups them by the cardinality of S into five

https://huggingface.co/spaces/scam2024/ReIdentify
https://huggingface.co/spaces/scam2024/ReIdentify


buckets: |S|=1 (23 samples), |S|=2, |S|∈[3, 5], |S|∈[6, 10],
and |S|≥11. The single-site bucket is small but informative,
since it is the only regime in which FIM-AR’s sequential
factorization is on equal footing with dLLM’s joint resolution.

2) RQ2: Multi-Identifier Multi-Site Renaming: RQ1 estab-
lished that dLLMs can propagate one renaming decision across
many sites belonging to the same identifier. RQ2 asks whether
they can do the same when several distinct identifiers in the
same file all need new names at once. This regime does not
occur naturally in RefineID, so we construct it via obfuscation.
Therefore, we construct a controlled stress test by running the
model on obfuscated source files, where every local variable
has been replaced with a semantically vacuous single-letter
token and the smell set S potentially covers every local-
variable position. We reuse RefineID rather than running a
separate obfuscation experiment on arbitrary Java code so that
the target identifier and the underlying file remain constant
between RQ1 and RQ2, the developer-chosen name continues
to serve as an objective Exact Match reference.

For each RefineID sample we reconstruct the clean ref-
erence x∗ by substituting the ground-truth name into its
mask positions. We then run a regex-based identifier extractor
that skips comments, imports, annotations, qualified-name
segments, method calls, keywords, built-in types, and single-
character names. Every surviving identifier is renamed to a
short alphabetic token (a, b, . . ., extending to aa, ab, . . . past
26 identifiers), one token per identifier, applied consistently to
all occurrences. The original RefineID target receives its own
alphabetic token like other identifiers. Types, method names,
and package qualifiers are preserved, so control flow and
library structure remain intact while meaningful local names
are gone. The result is an obfuscated sequence x̃ whose smell
set S covers every position. Figure 4 shows the construction
on a concrete sample.

We evaluate two conditions on x̃, both using the RQ1-
optimal configuration (k=2, T=64). In the target-only con-
dition only the target’s positions are masked; we score the
target-position prediction against the developer-chosen name,
giving a number directly comparable to the RQ1 EM on the
same sample. In the all-masked condition every position in
S is masked simultaneously; we then score at the identifier-
group level across each identifier’s positions. We report (i)
target-position EM under the target-only condition and (ii)
per-sample average identifier-group EM under the all-masked
condition, stratified by the number of distinct identifiers in S.

3) RQ3: Internal-State Differences Between Good and Bad
Identifier Names: RQ3 asks how the internal state of a dLLM
differs between a smelly identifier and a clean one. We
design four experiments on DiffuCoder-7B-Base rather than
DreamCoder-7B because its inference process exposes per-
layer hidden states and the unmasking schedule through a sta-
ble interface. The two models share the same masked discrete
diffusion architecture and confidence-ordered schedule, so we
expect the observations to be transferable.

The four experiments look at the same comparison from
four angles. The first two read the model from the outside,

public int countActive(List<User> users, int min) {
    int count = 0;
    for (User user : users) {
        int score = user.getScore();
        if (user.isActive() && score > min) count++;
    }
    return count;
}

x∗

clean reference

public int countActive(List<User> a, int b) {
    int c = 0;
    for (User d : a) {
        int e = d.getScore();
        if (d.isActive() && e > b) c++;
    }
    return c;
}

̃x
obfuscated

obfuscate

renaming map:     users →  a     min →  b     count →  c (target)     user →  d     score →  e

RefineID target identifier other renameables in smell set 

Fig. 4. Construction of the RQ2 obfuscated sample on a concrete RefineID
example.

comparing the output distribution at a smelly position to the
distribution at a clean position. The third reads the model from
the inside, comparing hidden states per-layer and per-step. The
fourth looks at the unmasking schedule itself, asking whether
smelly positions are confirmed at different denoising steps than
clean ones.

The first experiment asks whether the output distribution
distinguishes smelly tokens from clean ones at all. For 200
randomly sampled RefineID snippets, we score the ground-
truth identifier at each target position under an unconditioned
experiment and record its rank rgt. Rank-of-ground-truth is a
standard probing metric for masked language models, as it
captures where the results sit in the preference order of the
model over the entire vocabulary [30]. We stratify positions
into three regimes by rgt:

• HIGHCONFIDENT (rgt ≤ 200): the model ranks the
developer-chosen name near the top of its distribution.
Names in this regime are dominated by generic identifiers
(result, value, tmp) that the model strongly expects
in the surrounding context.

• UNCERTAIN (200 < rgt ≤ 1000): the model assigns the
ground-truth name a middling rank. The regime is mixed
in style, with no clear dominant category.

• RARECONFIDENT (rgt > 1000): the model ranks the
ground-truth name far down its distribution. Names
in this regime are dominated by semantically spe-
cific, project-level identifiers (decodedCapacity,
firstEscapedByteIndex) that the model has not
learned to expect from the surrounding code alone.

At each position we then inject a known smell name drawn
from a curated vocabulary (tmp, x, foo, single-letter aliases)
and record the rank rsmell that the smell token achieves in
the same output distribution. The gap rsmell − rgt, reported
separately by regime, describes whether the output distribution
treats smelly names as out of place or as ordinary candidates.

The second experiment asks how strongly the prediction
at each position depends on the surrounding code. For the



same 200 snippets, we randomly mask a fraction α ∈
{0, 0.05, 0.1, . . . , 1.0} of the non-identifier context tokens,
such as keywords, literals, operators, and declarations, and
re-score the target position, recording the Shannon entropy
H(α) of the resulting distribution. The context-sensitivity
score ∆H = H(α=0.8) −H(α=0) describes how much the
surrounding code shapes the prediction at each position. We
report ∆H stratified by the same three confidence regimes,
which lets us see whether some regimes are more context-
sensitive than others [38].

Then we run DiffuCoder-7B-Base twice on each sample,
once on the smelly input x and once on the clean reference
x∗, and extract the hidden state at the target position for
every transformer layer and every denoising step. We compare
the smelly and clean trajectories using cosine similarity and
complement the cosine analysis with UMAP projections of the
hidden-state clouds across layers and steps.

The fourth experiment looks at the unmasking schedule
itself. For each token in 20 sampled snippets we label whether
it belongs to a RefineID smell position (n=158) or to ordinary
context (n=19,838) and record the first denoising step at
which the model commits the position with confidence ≥ 0.8.
A Mann-Whitney U test compares the two distributions and
tells us whether smelly positions are confirmed earlier, later,
or at the same denoising step as ordinary context tokens.

E. Evaluation Metrics

Exact Match (EM) measures the proportion of samples
where the model’s prediction x̂ = ffix(x,S) matches the
ground truth at all positions in S:

EM =
1

|D|
∑

(x,x∗)∈D

1[x̂i = x∗
i ∀ i ∈ S] . (4)

Since we are using Regex to extract the predictions, whites-
pace will not be considered in the match.

LLM-as-a-judge Result (LJ) Considering the Exact Match
is strict while predictions of the identifiers can be lexically
different but semantically similar, we adopt LLM-as-judge
(LJ) accuracy. For LJ, we choose Qwen2.5-7B-Instruct [15]
as the judge model to verify whether the prediction is suitable
as an identifier naming here. This choice is based on the
reproducibility and strong code understanding ability, which
are the standards proposed in prior work of LJ [42]. During
the LJ process, we show the smelly code snippet, the target
position, the ground-truth name, and other model’s prediction,
to make sure the model can get a comprehensive overview of
the task and make a careful judgment. The full judge setup,
including prompt template, generation configuration, human-
validation, known biases and scoring logic, is documented in
the Appendix B, following the chatbot judgment guideline
[42].

TABLE II
EXACT MATCH (EM) AND LLM-JUDGE ACCURACY (LJ) UNDER THE

MASKED CONDITION (RQ1). MODELS GROUPED BY ARCHITECTURE AND
SORTED BY EM WITHIN EACH GROUP.

Model Architecture Params EM (%) LJ (%)
DreamCoder-7B dLLM (fixed-canvas) 7B 33.2 66.2
DiffuCoder-7B dLLM (fixed-canvas) 7B 31.1 64.1
DreamOn-7B dLLM (variable canvas) 7B 16.0 55.9
CodeLlama-13B Decoder-only 13B 20.2 32.1
CodeLlama-7B Decoder-only 7B 20.2 33.5
StarCoder2-15B Decoder-only 15B 18.6 33.5
StarCoder2-7B Decoder-only 7B 11.7 29.7
StarCoder2-3B Decoder-only 3B 12.4 30.6
DeepSeek-Coder-6.7B Decoder-only 6.7B 15.6 24.2
DeepSeek-Coder-1.3B Decoder-only 1.3B 17.7 29.2
Qwen2.5-Coder-14B Decoder-only 14B 13.7 22.3
Qwen2.5-Coder-7B Decoder-only 7B 18.1 29.3
Qwen2.5-Coder-3B Decoder-only 3B 14.4 24.9
Qwen2.5-Coder-1.5B Decoder-only 1.5B 13.2 25.0
CodeGemma-7B Decoder-only 7B 9.8 18.2
CodeGemma-2B Decoder-only 2B 7.1 13.9
CodeT5+ 16B Encoder-decoder 16B 23.5 26.6
CodeT5+ 6B Encoder-decoder 6B 21.1 24.0
CodeT5+ 2B Encoder-decoder 2B 20.5 22.9
CodeT5-large Encoder-decoder 770M 20.6 22.5
CodeT5-base Encoder-decoder 220M 17.7 19.0
CodeT5-small Encoder-decoder 60M 13.2 15.1

IV. RQ1: BENCHMARKING IDENTIFIER RENAMING
PERFORMANCE

A. Benchmarking Results

Table II reports Exact Match (EM) and LLM-as-a-judge
accuracy (LJ) for all twenty-one models on the RefineID test
set under the single-identifier multi-site condition. We discuss
what the table shows in this section and leave the analysis of
why these patterns appear to Section IV-E.

The two fixed-canvas dLLMs sit at the top of the table,
with DreamCoder-7B and DiffuCoder-7B at 33.2% and 31.1%
EM. The strongest non-dLLM baseline, CodeT5+ 16B, reaches
23.5% EM, and the strongest FIM-AR baseline, CodeLlama-
7B/13B, reaches 20.2%. The gap between fixed-canvas dLLMs
and the rest of the table is therefore roughly 10 percentage
points on EM against the best Seq2Seq baseline and 13
percentage points against the best FIM-AR baseline. The same
gap on LJ is 32.7 percentage points against FIM-AR. The
dLLMs achieve these numbers at 7B parameters, less than half
the size of either the largest FIM-AR baseline (StarCoder2-
15B, 15B) or the largest Seq2Seq baseline (CodeT5+ 16B).
Scale is therefore not what separates the top of the table from
the rest.

Within each non-dLLM family the picture is more uneven.
The twelve FIM-AR baselines span 7.1% to 20.2% EM, but
the ordering does not track parameter count: CodeLlama-
13B matches CodeLlama-7B, Qwen2.5-Coder-14B sits be-
low Qwen2.5-Coder-7B, and DeepSeek-Coder-1.3B sits above
DeepSeek-Coder-6.7B. The six Seq2Seq models cluster more
tightly, in a 13.2% to 23.5% EM range, with the four larger
variants (CodeT5+ 2B/6B/16B and CodeT5-large) all within
3 percentage points of one another. Both families therefore



lag the fixed-canvas dLLMs by a similar margin despite their
architectural differences, and neither shows the smooth size-
driven scaling one might expect.

The third dLLM, DreamOn-7B, behaves unlike the other
two. Its EM (16.0%) sits in the middle of the FIM-AR group,
but its LJ (55.9%) is higher than every FIM-AR and Seq2Seq
baseline, and second only to the two fixed-canvas dLLMs. This
is the only model exhibiting a huge difference between EM
and LJ.

B. Refactoring Consistency Experiment

Section IV-A reported an EM gap of roughly 10 percent-
age points between the best dLLM and the best non-dLLM
baseline, but the result does not show where in the input
distribution this gap lives. To locate it, we re-use the per-
sample predictions from Table II and group them by the smell
set |S|.

We group the 1000 samples into five groups: |S|=1 (23
samples), |S|=2, |S|∈{3, 4, 5}, |S|∈{6, . . . , 10}, and |S|≥11.
We report the two fixed-canvas dLLMs (DreamCoder-7B,
DiffuCoder-7B) against the four FIM-AR baselines with
the highest aggregate EM (CodeLlama-7B, CodeLlama-13B,
StarCoder2-15B, Qwen2.5-Coder-7B). The comparison is re-
stricted to these two families because the question this exper-
iment is designed to answer concerns joint versus sequential
resolution of multiple masks.

The two families trace opposite shapes across |S|. On
the single-site bucket (Table III), the four FIM-AR baselines
reach 69.6%-73.9% EM while the two dLLMs reach 56.5%
and 65.2%. FIM-AR leads by 5 to 17 percentage points on
the smallest bucket of the dataset. The two families come
within 7.5% of each other at |S|=2, and the ranking flips
at |S|∈{3, 4, 5}, where both dLLMs move above every FIM-
AR baseline. Past this crossing point the divergence widens:
by |S|≥11 the two dLLMs sit at 33.8% and 36.4% while the
four FIM-AR baselines have fallen to 7.8%–8.8%, a gap of
more than 25 percentage points in favor of the dLLMs.

Across the rows of Table III, the two shapes are different
in kind, not just in level. dLLM EM stays inside a ∼10-
percentage-point band (26.8%–36.4%) across all four multi-
site buckets, with no monotone trend in |S|. FIM-AR EM
falls monotonically across the same axis, from the 69.6%–
73.9% range at |S|=1 down to 7.8%–8.8% at |S|≥11—a
60-percentage-point collapse over the same span on which
dLLMs barely move. The aggregate ∼10% gap reported in
Section IV-A therefore averages over two completely different
groups. For single-site cases dLLMs lose while they get better
results than AR models in multi-site cases.

C. Ablation Experiment for Token Length Hyperparameter

Regular dLLM filling requires a design choice that is
not in FIM-AR inference which is choosing the number of
<|mask|> tokens k to place at each identifier site. Identifier
names are tokenized into a variable number of sub-words,
so the choice of k trades off the risk of truncating long
names (k too small) against the risk of forcing the model to

TABLE III
EXACT MATCH STRATIFIED BY SMELL-SET CARDINALITY |S| ON THE

REFINEID BENCHMARK. THE SINGLE-SITE BUCKET (|S|=1) CONTAINS 23
SAMPLES; THE OTHER FOUR BUCKETS CONTAIN THE REMAINING 976

SAMPLES. BOLD: BEST PER COLUMN.

EM by smell-set cardinality |S|
Model = 1 = 2 3−5 6−10 ≥ 11
Diffusion LLMs

DreamCoder-7B 65.2 32.5 33.2 35.1 33.8
DiffuCoder-7B 56.5 29.9 26.8 35.1 36.4

FIM autoregressive baselines
CodeLlama-13B 73.9 37.4 18.9 11.6 8.3
CodeLlama-7B 69.6 34.5 20.9 12.0 7.8
StarCoder2-15B 69.6 30.0 19.5 10.6 8.3
Qwen2.5-Coder-7B 73.9 31.5 16.9 10.2 8.8

Fig. 5. Exact Match as a function of the smell-set cardinality |S|.

fill positions that have no ground-truth content (k too large).
The right k is therefore not given by the task; it has to be
measured. We sweep k ∈ {1, 2, 3, 4, 5} on both DiffuCoder-7B
and DreamCoder-7B over the 1000 RefineID samples, holding
every other setting fixed at T=32.

Figure 6(b) reports the tokenizer’s behavior on the ground-
truth identifiers. Under the shared tokenizer, 76.7% of the
identifiers tokenize into one or two sub-words, with a mean
length of 1.97 and a median of 2. Three or more sub-words
account for the remaining 23.3%. Figure 6(a) reports EM as a
function of k. Both DiffuCoder-7B and DreamCoder-7B peak
at k=2, which is consistent with k=2 being the modal token
length in panel (b). Since the two models share a tokenizer,
it is expected the peak being at the same k. EM degrades
on either side of the peak but not symmetrically: at k=1,
the model cannot represent the 38.6% of identifiers whose
tokenization requires two sub-words, while at k≥3, the model
must commit to filler tokens that do not exist in any ground-
truth name. The cost of over-allocating the canvas grows with
k: by k=5, DreamCoder drops to 15.60% and DiffuCoder to
13.60%, less than half of their respective peaks. The shape
of the EM curve in panel (a) therefore tracks the shape of
the token-length distribution in panel (b), as we would expect
from the fixed-canvas constraint described in Section II-B.

Therefore, we use k=2 for both dLLMs in the main
benchmark of Table II and throughout the rest of the paper.
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TABLE IV
DIFFUSION STEP SENSITIVITY OF DIFFUCODER-7B-BASE ON REFINEID

(N=1000). SPEEDUP AND EM GAP ARE MEASURED RELATIVE TO T=64.

Steps EM (%) Time / sample Speedup EM Gap
1 26.20 0.313 s 63.3× −4.80%
2 30.10 0.618 s 32.1× −0.90%
4 30.30 1.238 s 16.0× −0.70%
8 30.50 2.477 s 8.0× −0.50%

16 30.60 4.957 s 4.0× −0.40%
32 30.80 9.916 s 2.0× −0.20%
64 31.00 19.831 s 1.0× 0.00%

D. Diffusion Step Robustness Experiment

A practical concern for deploying dLLMs is how many de-
noising steps T are actually needed, since each extra step costs
an extra forward pass. We sweep T ∈ {1, 2, 4, 8, 16, 32, 64} on
DiffuCoder-7B-Base over the 1000 RefineID samples, holding
all other settings fixed. A trial run at T=128 takes roughly 33
seconds per sample, which exceeds the runtime upper limit
of 12 hours. We then cap the sweep at T=64 to make the
experiments more feasible.

The EM curve (Table IV, Figure 7(a)) has two regimes.
Between T=1 and T=2, EM rises by 3.9%, from 26.20%
to 30.10%. Past T=2, the curve plateaus: every subsequent
doubling adds at most 0.2%, and the total spread from T=2 to
T=64 is 0.9% against a 32× increase in compute. Doubling T
once, from 1 to 2, therefore buys 4.3× more EM (3.9%) than
the next five doublings combined (0.9% from T=2 to T=64).
Per-sample latency scales as a power of T (Figure 7(b)), each
additional denoising step adds one forward pass, so latency
grows essentially linearly in T . Combined with the flat EM
curve past T=2, this means that the only step count that pays a
meaningful EM return on its compute cost is the one between
T=1 and T=2.

For 55.2% of the test samples, the prediction is identical
across all seven values of T . Among the 310 samples that
DiffuCoder-7B-Base gets correct at T=64, 85.5% are also
correct at T=2 and 96.8% at T=16. The vast majority of
correct predictions are confirmed early and do not change with
additional denoising steps.

The headline benchmark in Table II uses T=64 to match
the configurations reported in the original dLLM papers [13],
[40], and we choose to report T=32 numbers throughout the
paper for comparability. For deployment or reproduction under
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a compute constraint, T=2 recovers 97.1% of the peak EM
at 16× the throughput.

E. Analysis

dLLMs resolve every [MASK] position in a single for-
ward pass under confidence-ordered unmasking, so a high-
confidence prediction at one site propagates to the other sites
through bidirectional attention. FIM-AR has to predict one
position at a time, inserting each prediction into the prefix
before the next, and so a name chosen at one site cannot inform
the choice at another. This is why FIM-AR wins at |S|=1
(one site, no consistency to enforce) and loses progressively
as |S| grows: the bottleneck is not per-site prediction quality
but consistency across sites, which the FIM-AR factorization
simply does not model. Because 976 of the 1,000 RefineID
samples are multi-site, the same bottleneck also explains why
scaling does not help inside the FIM-AR group. CodeLlama-
13B matches CodeLlama-7B, Qwen2.5-Coder-14B falls below
Qwen2.5-Coder-7B, since adding parameters improves per-site
quality without removing the consistency ceiling.

Compared with fixed-canvas implementations, DreamOn-7B
shows a different result. Its 16.0% EM lands in the area the
other two dLLMs occupy only when forced above their struc-
tural optimum at k≥4, which is where DreamOn’s training
distribution actually sits. DreamOn was trained on function-
level infilling, and its <|expand|> mechanism grows a slot
in increments of two sub-words, which is the improper for
identifiers that fit into one or two sub-words. However, it
has 55.9% LJ, second only to the two fixed-canvas dLLMs,
confirms that the names DreamOn produces are semantically
reasonable. EM penalizes the extra tokens it leaves behind, the
semantic judge does not. Fine-tuning DreamOn at identifier
scale is a natural next step.

To answer RQ1, two of the three fixed-canvas dLLMs
evaluated (DreamCoder-7B and DiffuCoder-7B) outperform
every AR and sequence-to-sequence baseline on multi-site
renaming of a single identifier, reaching 33.2% and 31.1%
EM against 23.5% for the strongest non-dLLM baseline. The
gap also widens as the number of identifier sites to be renamed
grows.



TABLE V
TARGET-POSITION EM UNDER RQ1 (CLEAN CONTEXT) AND THE TWO
RQ2 EXPERIMENTS. BOTH RQ2 COLUMNS REPORT EM EVALUATED AT
THE SAME REFINEID TARGET POSITION FOR DIRECT COMPARABILITY

WITH RQ1.

RQ1 RQ2 target-EM
Model clean ctx. all-masked target-only
DiffuCoder-7B 31.1 12.2 3.1
DreamCoder-7B 33.2 13.9 4.1

V. RQ2: MULTI-IDENTIFIER MULTI-SITE RENAMING

RQ1 showed that dLLMs can propagate a single renaming
decision across many co-referrin sites in one bidirectional
forward pass, and that the advantage over FIM-AR baselines
widens as the number of sites grows. The natural next question
is whether the same advantage extends from one identifier to
many: can a dLLM produce distinct names for several distinct
identifiers in the same file simultaneously? RefineID does not
ask this question directly, since each sample annotates exactly
one identifier as the target.

The experiment setup in Section III-D2 enables us to
decompose the gap between RQ1 and the full multi-identifier
multi-site task into two parts that can be measured separately.
We report aggregate Exact Match in Section V-D, examine the
qualitative failure mode of wrong predictions in Section V-C,
and discuss what the results say about the scope of the joint
multi-site advantage demonstrated in RQ1 in Section V-D.

A. All-masked Experiment
To explore the ability of renaming with multiple sites and

multiple identifiers, we designed the all-masked experiment as
described in Section III-D2.

Under this condition, DiffuCoder-7B reaches 12.2% target-
EM and DreamCoder-7B reaches 13.9% (Table V). Both
numbers are below their RQ1 figures of 31.1% and 33.2%.
Figure 8(b) reports how this number varies with the number
of distinct identifiers in the smell set S. EM declines as the
identifier count grows, which contrasts with the RQ1 result on
the same models (Figure 5), where the EM band of 26.8%–
36.4% was held across single-identifier multi-site samples
regardless of site count. The joint-resolution advantage is
therefore robust to growth in the number of co-referring sites
of one identifier, but degrades as the number of distinct
identifier groups in S grows.

B. Target-only Experiment
The second experiment keep them in place but rewrite each

as a single-letter token (a, b, c, . . . ), so the model sees
concrete identifier-shaped tokens that carry no information
about what those identifiers mean.

Under this condition, EM falls to 3.1% (DiffuCoder-7B) and
4.1% (DreamCoder-7B), 9–10% below the all-masked result
on the same target positions. The two experiments differ only
in whether the surrounding identifiers are absent (all-masked)
or actively misleading (target-only), so the gap between them
measures the cost of adversarial neighbors over and above the
cost of absent neighbors.

TABLE VI
DIFFUCODER-7B’S WRONG PREDICTIONS UNDER THE TARGET-ONLY

CONDITION. “OBF.” IS THE SINGLE-LETTER TOKEN ASSIGNED TO THE
TARGET DURING OBFUSCATION. ROWS MARKED † ARE CASES WHERE THE

MODEL’S PREDICTION MATCHES THE OBFUSCATED LABEL OF THE
TARGET ITSELF.

ID Target Obf. Prediction
0 decodedCapacity ar aq
2 expectedIndexName n r
3 style e e†

6 status r a
9 bytes j b

11 context c a
12 cache a a†

13 relativePath j j†

15 printer n p

C. Qualitative Analysis of Wrong Predictions

The 28-29% percentage points lost in the first decomposi-
tion step leave the question of what DiffuCoder-7B actually
produces in the 96.9% of target-only wrong samples. Com-
pared with EM result, we want to explore what guesses the
model is making. Therefore, we inspect the wrong predictions.

Among the 928 wrong predictions, 662 (71.3%) are one-
or-two-letter lowercase strings that share the lexical form of
the obfuscated single-letter tokens that surround them. Most
of the remainder split between longer meaningful identifiers
(189, 20.4%, such as parseInt and fConfig) and empty
strings from which no identifier can be extracted (77, 8.3%).
Two-thirds of the failures are not informed guesses that happen
to disagree with the choice of developers. These results are
predictions in the wrong shape. The general ability of the
model on identifier renaming fails in the target-only condition
when there is surrounding obfuscation.

In three of the nine rows (†), the prediction coincides with
the single-letter token the obfuscator had assigned to the target
itself. This is a selected sample, not recovery. The mapping
is one-to-one and the target’s positions are all <|mask|>, so
the assigned letter never appears in the input. The bias toward
frequent single-letter tokens under an obfuscated context pro-
duces a small number of chance collisions with the alphabet.

This bias is the qualitative companion of the second de-
composition step. If the model in the target-only condition is
following its prediction to the lexical style of the obfuscated
context rather than to the structural cues that survive obfus-
cation, then masking those tokens away should remove the
anchor and improve the result.

D. Analysis

The multi-site advantage observed in RQ1 was conditional
on the model having semantically informative neighbours to
attend to. When the neighbours carry the developer’s chosen
names, bidirectional attention can propagate one renaming
decision across many sites in a single pass and the advantage
scales with the number of sites. When the same model is
given concrete-but-wrong neighbours (target-only), the EM
advantage all but disappears, falling to 3–4%. When the
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target-only experiment. (b) Mean per-sample Exact Match across identifier-count buckets in the all-masked experiment.

neighbours are absent rather than misleading (all-masked),
target-EM stays low, but still above the target-only result
while below RQ1. Concrete-but-wrong neighbours are there-
fore more costly than absent ones. 71.3% of wrong predictions
under target-only adopt the lexical form of the obfuscated
neighbours, so the obfuscated context anchors the prediction
to its own shape rather than letting the model use the structural
cues that survive obfuscation.

Figure 8(b) reports how the all-masked target-EM varies
with the number of distinct identifiers in S. EM declines
monotonically as the identifier count grows, which contrasts
with the RQ1 result (Figure 5) where the same dLLMs held an
EM band of 26.8%–36.4% across single-identifier multi-site
samples regardless of site count. It is robust to growth in the
number of multiple sites of one identifier, but degrades as the
number of distinct identifier groups grows.

Therefore, RQ2 actually supports RQ1 rather than denies
it. The joint multi-site advantage holds when the surrounding
identifier names are semantically informative and when S
resolves into a small number of co-reference groups, while
it will be weakened when either condition fails.

VI. RQ3: INTERNAL-STATE DIFFERENCES BETWEEN
GOOD AND BAD IDENTIFIER NAMES

RQ1 showed that fixed-canvas dLLMs handle single-
identifier multi-site renaming substantially better than FIM-AR
and Seq2Seq baselines, and RQ2 showed that this advantage
holds within a specific scope. Both results characterize the
model from the outside, by what it produces at masked posi-
tions. A model that recovers the developer’s exact identifier
33% of the time, and a semantically appropriate identifier
66% of the time, must compute something internally that
distinguishes the names it accepts from the names it would
replace. RQ3 turns the question inward and asks what this
internal correlate state looks like.

We design four experiments on DiffuCoder-7B-Base that
approach the question from four angles. The first two read the
model from the outside, by querying the output distribution
at a target position and asking whether a known smelly name
lands in the same place as a well-formed one. The third reads
the model from the inside, by extracting hidden states at every
transformer layer and every denoising step under a smelly
input and a clean reference and comparing the two trajectories
directly. The fourth looks at the confidence-ordered unmasking
schedule and asks whether smelly and clean positions are
confirmed at the same denoising step. We use DiffuCoder-
7B-Base rather than DreamCoder-7B because its inference
engine exposes per-layer hidden states and the unmasking
schedule through a stable interface; the two models share the
same masked discrete diffusion architecture, so we expect the
qualitative observations to transfer.

A. Output-Distribution Rank Comparison
The first experiment compares where good and bad identi-

fier names land in the model’s output distribution at the same
target position. As described in Section III-D3, we score the
ground-truth identifier at each of the 7,800 target positions
in 200 RefineID snippets, record its rank rgt, and stratify
positions into three regimes:

• HIGHCONFIDENCE (rgt ≤ 200), where the ground-truth
name is among the top 200 guesses; these positions are
dominated by generic names such as result, value,
name.

• UNCERTAIN (200 < rgt ≤ 1000), where the ground-truth
name sits in the mid-range.

• RARECONFIDENT (rgt > 1000), where the ground-truth
name is project-specific (e.g., decodedCapacity,
expectedIndexNumber) and far down the model’s
list.

We then inject a known smelly name drawn from a curated
vocabulary (tmp, x, foo, single-letter aliases) at the same



TABLE VII
MEDIAN GROUND-TRUTH RANK rGT AND MEDIAN INJECTED-SMELL RANK
rSMELL AT THE TARGET POSITION, STRATIFIED BY CONFIDENCE REGIME

ON 200 REFINEID SNIPPETS.

Regime |pos| median rgt median rsmell

HIGHCONFIDENT 3,744 77 492
UNCERTAIN 1,755 524 676
RARECONFIDENT 2,301 10,989 733
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Fig. 9. Context sensitivity under progressive context masking on 200
RefineID snippets. (a) Mean entropy H(α) at the target position as a function
of the masked-context fraction α, stratified by confidence regime. (b) ∆H
stratified by regime.

position and record the rank rsmell the smelly token achieves
in the same distribution.

Table VII reports the two median ranks per regime. In
the HIGHCONFIDENT regime, the ground-truth name sits at
median rank 77 and the injected smelly name sits at median
rank 492, a gap of 415 positions in favour of the ground
truth. In the UNCERTAIN regime, the two ranks are closer:
524 for the ground truth and 676 for the smelly probe, a gap
of 152 positions still in favour of the ground truth. In the
RARECONFIDENT regime, the ordering inverts: the ground
truth sits at median rank 10,989 and the smelly probe at
median rank 733, so the smelly probe is ranked roughly 15×
higher than the developer’s chosen name. The relative position
of rgt and rsmell therefore depends on the regime, not on a fixed
property of the smelly vocabulary: smelly names are pushed
down only when the model already places the ground-truth
name near the top of its distribution.

B. Context Dependence of the Prediction

The second experiment measures how strongly the model’s
prediction at the target position depends on the surround-
ing code, separately for each confidence regime defined in
Section VI-A. As described in Section III-D3, we corrupt
a fraction α ∈ {0, 0.05, 0.1, . . . , 1.0} of the non-identifier
context tokens and record the Shannon entropy H(α) of
the resulting prediction distribution at the target position.
The context-sensitivity score ∆H = H(α=0.8) − H(α=0)
summarizes how much the entropy moves when most of the
surrounding code is corrupted.

Figure 9(a) plots the mean entropy at the target position as
a function of α. All three regimes show monotonic entropy
growth as the context is corrupted, rising from H(0) ≈ 1.5
bits to H(1) ≈ 7.3 bits, close to the full-vocabulary entropy
under a uniform prior. Figure 9(b) reports ∆H per regime:

HIGHCONFIDENT positions have ∆H = 2.01, RARECONFI-
DENT positions have ∆H = 2.23, and UNCERTAIN positions
have ∆H = 2.42. The ordering puts HIGHCONFIDENT at the
bottom and UNCERTAIN at the top, with a spread of 0.41 bits
across the three regimes.

Alongside the rank gaps reported in Section VI-A, the
two output-side experiments paint a consistent picture of the
regimes. HIGHCONFIDENT positions show a large rgt–rsmell

gap and the lowest sensitivity to surrounding code, so the
prediction at these positions is anchored by the unconditioned
prior. RARECONFIDENT positions show an inverted rank gap
and an intermediate context sensitivity, so the prediction at
these positions does respond to context but does not respond
enough to lift the rare ground truth above the smelly probe.
UNCERTAIN positions show a small rank gap and the highest
context sensitivity, so the prediction at these positions is the
most fluid of the three.

C. Hidden-State Trajectory

The first two experiments looked at what the model pro-
duces at the output layer. The results show that smelly and
clean names sit in distinguishable but regime-dependent po-
sitions of the output distribution, and that the gap shrinks
as the human-decided name becomes less generic. The third
experiment moves the comparison inside the model and asks
whether the internal state at the target position carries a
clearer separation than the output distribution does. We run
DiffuCoder-7B-Base twice on each of 926 RefineID samples,
once on the smelly input x and once on the clean reference
x∗, and compare the smelly and clean trajectories using cosine
similarity on the hidden-state vectors at every layer and every
denoising step.

Two independent axes of the trajectory show the same
shape. Along the depth axis (Figure 10(a)), the cosine starts
at 0.09 at layer 0, where the two runs differ only at the target
token by construction. It rises rapidly under self-attention to
∼0.40 by layer 5 and stabilizes near 0.50 through the middle
of the stack. Only in the final third (layers 19–28) does the
cosine rise a second time, reaching 0.61 at the output layer.
Along the time axis (Figure 10(b)), the cosine stays close to
0.35 for the first 21 of the 32 denoising steps, then climbs
sharply over the final 11 steps to ∼0.60 at t=0. The smelly and
clean trajectories therefore sit at intermediate cosine values for
the first two-thirds of the computation on either axis and only
converge, in the sense of the smelly representation moving
toward the clean one—in the final third of each.

The UMAP projections in Figure 11 give a visual check
on what the cosine numbers describe. Along both the layer
and step axes, smelly representations (red) and clean repre-
sentations (blue) occupy partially overlapping regions in two
dimensions: they form distinguishable clusters but not cleanly
separated ones. The visual overlap matches the cosine values
around 0.6–0.65 in the final layers and steps.

Cosine and UMAP both describe the geometry of the hidden
state. The trajectory also represents how much the prediction
distribution at a position moves as denoising progresses. For
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each token in the trajectory we compute the mean entropy
change across denoising steps, and compare smell positions
against ordinary context positions. Smell positions move sub-
stantially more as shown in Figure 12. Smell positions look
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different from clean ones along the smelly-clean axis (cosine,
UMAP), and they also behave differently from ordinary con-
text positions during denoising (entropy change).

D. Commitment Step Under the Unmasking Schedule

The fourth experiment looks at the confidence-ordered
unmasking schedule itself. As described in Section III-D3,
we sample 20 snippets and label every token as either a
smell token (n=158, RefineID smell positions) or an ordinary
context token (n=19,838). For each token we record the first
denoising step at which the model commits the position with
confidence ≥ 0.8.

Figure 13(a) reports the commitment step distributions.
Smell tokens reach confidence ≥ 0.8 at median step 13.6,
ordinary context tokens at median step 11.0, a difference of
2.6 steps out of the 32-step trajectory. A Mann–Whitney U test
gives p < 10−3 for the hypothesis “smell commits later than
context” and p ≈ 1 for the opposite direction. Figure 13(b)
reports the average flip step across all token occurrences:
ordinary context tokens cluster near step 32 (confirmed early
and rarely revised), while smell tokens spread more evenly
across the trajectory.
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E. Analysis

The four experiments characterize the internal difference
between good and bad identifier names from four angles.

At the level of the output distribution, where good and
bad names land depends sharply on which confidence regime
the position belongs to. In the HIGHCONFIDENT regime the
ground-truth name sits at median rank 77 and the injected
smelly name at rank 492, a gap of 415 positions. In the
UNCERTAIN regime the gap narrows to 152 positions. In
the RARECONFIDENT regime the ordering inverts: the smelly
probe sits at rank 733 while the developer’s project-specific
name sits at rank 10,989. The model therefore distinguishes
good from bad names at the output, but the magnitude and
even the sign of the distinction varies with how generic the
developer’s name is.

At the level of context dependence, the same three regimes
order monotonically by sensitivity. HIGHCONFIDENT posi-
tions have the smallest ∆H (2.01), RARECONFIDENT posi-
tions are intermediate (2.23), and UNCERTAIN positions are
the most fluid (2.42). The regime where good and bad names
are most cleanly separated at the output is also the regime
whose prediction is least pulled by surrounding code; the
regime where the rank ordering inverts responds to context
only at an intermediate level.

At the level of the hidden state, smelly and clean inputs
at the same position trace different trajectories through the
network, but the difference is small for most of the trajectory.
Cosine similarity sits between 0.35 and 0.50 for the first two-
thirds of the layer stack and the first two-thirds of the denoising
schedule, and rises to ∼0.60–0.65 only in the final third of
each axis. The UMAP projections show partially overlapping
smelly and clean clouds in the final layers and steps, separable
in 2D but not cleanly. Per-token entropy change across the
trajectory is 86% higher at smell positions than at ordinary
context positions.

At the level of the unmasking schedule, smell positions
reach the 0.8 confidence threshold at median step 13.6, while
ordinary context positions reach it at median step 11.0. The
gap is statistically separated but small in absolute terms: 2.6
steps out of a 32-step trajectory.

The four findings share a common shape. However, on
every axis the separation is partial, regime-dependent, or

concentrated in the late portion of the computation. The
output distribution distinguishes good from bad names only
in the HIGHCONFIDENT regime and inverts the ordering in
RARECONFIDENT; the hidden-state divergence appears only
after the first two-thirds of the network and the schedule
have already passed; and smell positions commit slightly later
than context positions, but not dramatically so. The internal
correlate of the RQ1 advantage is therefore not a clean, early,
or uniform signal throughout the network. It is a layered set of
small differences that the model accumulates as it processes
the input, becoming most distinct precisely in the part of the
trajectory that produces the final commitment.

This shape also offers a reading of the scope boundary
identified in RQ2. The cases in which the model handles
well in RQ1, where the smell set contains a single identifier
with semantic neighbors, are precisely the cases in which
late-arriving internal differences have time to influence the
final fill before the schedule locks in. In the multi-identifier
obfuscated regime of RQ2, where surrounding identifiers carry
no semantic content and the model must produce many distinct
names in one pass, the same late-arriving differences are
still computed but enter the trajectory at a point where most
commitments have already been made.

VII. THREATS TO VALIDITY

We discuss threats to validity along the four categories
established for empirical software engineering research [37]:
internal, external, conclusion, and construct validity.

Internal validity concerns factors that may affect the
dependent variables without the researcher’s knowledge. The
mask-token count k=2, the RQ3 confidence regime thresholds
(rgt ≤ 200, rgt > 1000), and the single-letter obfuscation
alphabet are design choices made empirically rather than from
theory; different choices would shift the absolute numbers,
though the qualitative orderings we report are stable to mod-
erate variation.

External validity concerns the ability to generalize the
results. RefineID is Java-only and inherits the conventions
of its upstream GitHub projects; the three dLLMs evaluated
all use masked discrete diffusion with confidence-ordered
unmasking; and the internal-state experiments in Section VI
use DiffuCoder-7B-Base alone. The findings characterize this
specific scope; continuous or score-based diffusion models,
other languages, or other obfuscation regimes may show
different patterns.

Conclusion validity concerns the possibility to draw correct
conclusions about the relationship between treatments and
outcomes. The Welch t-test and Mann–Whitney U test in
Section VI are robust to the unequal sample sizes (158 vs.
19,838) we use. EM and LJ percentages are reported as point
estimates without confidence intervals; the headline gaps we
discuss (≥ 10%) are large enough that this does not affect
rankings, but finer comparisons should be read as suggestive.

Construct validity concerns the relationship between the
concepts behind the experiment and what is measured. Exact



Match treats semantically equivalent but lexically distinct pre-
dictions as wrong; we mitigate this by reporting LJ alongside
EM, and the relative model ordering is preserved under both.
LJ itself uses Qwen2.5-7B-Instruct as judge and inherits the
biases of an LLM evaluator (Appendix B). The RQ3 smelly
class is operationalized through a curated vocabulary (tmp,
x, foo, single-letter aliases) and applies to the obvious-smell
regime rather than to subtler real-world smells.

VIII. FUTURE WORK

The results presented here open several directions for fur-
ther investigation. The most direct extension is fine-tuning
on regimes the present study has only evaluated zero-shot.
DreamOn-7B’s variable-canvas mechanism was trained for
function-level infilling and operates near the lower bound of
its useful range on RefineID, yet its 55.9% LJ alongside a
16.0% EM suggests the architecture produces semantically
appropriate names but is mismatched to the identifier-scale
granularity; fine-tuning DreamOn on identifier-scale infilling,
and fine-tuning fixed-canvas dLLMs explicitly on the multi-
identifier multi-site task exposed in RQ2, would test how
far the joint multi-site advantage extends once the training
distribution matches the deployment task.

A second direction follows from the internal-state findings
of RQ3. The representation that distinguishes well-named
from poorly-named identifiers exists, but it emerges in the
final third of both the layer stack and the denoising trajec-
tory—after the confidence-ordered unmasking schedule has
typically confirmed most of its decisions. Training objectives
that propagate this signal to earlier layers, or auxiliary heads
that read the late-layer hidden state and feed it back into
the unmasking schedule, would let the model use information
that is currently present but arrives too late to influence its
commitments, without requiring changes to the underlying
diffusion architecture.

The third direction concerns the scope under which our
conclusions were established. The RQ2 copy-paste bias is
observed under a single obfuscation regime (single-letter al-
phabet) on Java code from a single benchmark; replicat-
ing the result under typo-adjacent, synonym-substitution, and
randomized-hash obfuscation, and across languages with dif-
ferent naming conventions, would test whether lexical-style
anchoring is a general property of dLLMs or specific to the
regime we used. Verifying the RQ3 internal-state findings
directly on DreamCoder-7B and on other diffusion large lan-
guage models—including continuous and score-based variants
that do not use confidence-ordered unmasking—would simi-
larly distinguish architecture-specific behaviour from proper-
ties of masked discrete diffusion in general.

Finally, the pattern that emerges across the three research
questions maps cleanly onto how production IDEs already
identify rename candidates through grammar-based static anal-
ysis. A practical follow-up is to build and evaluate a hybrid
pipeline in which the IDE supplies candidate positions and
a dLLM, at the efficient T=2, k=2 configuration identi-
fied in Sections IV-C and IV-D, supplies the replacement

names. Comparing such a pipeline against existing rule-based
renaming on developer-facing metrics would translate the
architectural findings of this thesis into a deployment recipe
that can be assessed in real refactoring workflows.

IX. CONCLUSION

We presented CoReFusion, a study of masked diffusion
large language models on Java identifier renaming framed
as a multi-site denoising problem with dLLMs. Across three
research questions, fixed-canvas dLLMs substantially outper-
form every FIM-AR and Seq2Seq baseline on the single-
identifier multi-site case (33.2% vs. 23.5% EM, with the gap
widening as the number of co-referring sites grows, RQ1).
The advantage holds within scope. Under aggressive multi-
identifier obfuscation, target-EM drops to 3–4%, and 71.3%
of wrong predictions copy the lexical style of the obfuscated
neighbors, sharpening rather than overturning the RQ1 result
(RQ2). Inside DiffuCoder-7B-Base, four experiments show
that a representation distinguishing well-named from poorly-
named identifiers exists but is partial, regime-dependent, and
concentrated in the final third of both the layer stack and
the denoising trajectory (RQ3). These results point to dLLMs
as effective multi-site filling engines when rename positions
and semantic context are given (with the efficient T=2,
k=2 configuration recovering 97.1% of peak EM at 32×
throughput), and to surfacing RQ3’s late-trajectory internal
differences earlier in the computation as a natural direction
for future training objectives.
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APPENDIX A
AI USAGE DISCLOSURE

A. Tools Used

Two categories of AI tools were used during this research.
Large language model assistants (ChatGPT and Claude) were
used for learning English expressions, information retrieval,
brainstorming, proofreading, and clarifying unfamiliar techni-
cal concepts during reading. AI-assisted coding tools (Codex
and Claude Code) were used during the implementation of
plotting utilities and data-processing pipelines.

B. Scope of Use in Writing

I used LLM assistants during the writing of this thesis in
several distinct ways, none of which involved delegating the
writing itself to the model. As a non-native English speaker, I
used LLMs as a language-learning resource. When uncertain
how to express a particular technical concept in English, I
asked the assistant to suggest alternative phrasings, studied
the options, and then decided how to apply what I had
learned to the manuscript, with the goal of expanding my own
range of expression rather than obtaining a finished sentence.
I also used LLMs for information retrieval and conceptual

brainstorming—identifying relevant prior work to read, gath-
ering background on unfamiliar concepts encountered while
reading the cited literature, and exploring framings for ideas
before committing to one, where the output of these sessions
informed my own reading and thinking rather than being
transcribed into the manuscript. A further use was selective
proofreading and structural review, including feedback on the
framing of individual sections, the order in which results were
presented, the coherence of connections between sections,
and the removal of framing inconsistencies. I studied each
suggestion and then decided whether to adopt, revise, or reject
it. The remaining use was grammar and surface-level editions
on finished text. In all of these uses, the research questions, the
experimental designs, the interpretations of every numerical
result, the choice of what to claim and what to leave open,
and the final wording confirmed to the manuscript are mine.
No paragraph was produced verbatim by an assistant, each was
either written by me or rewritten by me from a suggestion that
I studied and then incorporated.

C. Scope of Use in Code

AI assistance in code was used for boilerplate generation
(inference loops, data loaders, plotting, CSV post-processing),
suggesting candidate implementations for utility functions,
and explaining error messages or library behavior during
debugging. The experimental design, model configurations,
evaluation protocols, statistical analyses, and the structure of
the codebase were specified by the author. All AI-generated
code was reviewed, executed, tested against expected outputs,
and modified or rewritten before integration. No experimental
results, numerical values, or figures were generated or modi-
fied by AI tools outside of plotting code that the author wrote
or verified.

D. Excluded Uses

AI tools were not used to fabricate experimental results,
numerical values, or statistical tests. They were not used to
author the research questions or the conclusions of the thesis.
They were not used as a replacement for reading the cited
works: every reference cited in this thesis was identified,
located, and read by the author.

E. Verification and Responsibility

All AI-assisted output, both prose and code, was reviewed
and integrated by the author. Where an assistant proposed a
framing or claim that did not match the evidence in the data,
the author rejected it.

APPENDIX B
LLM-AS-A-JUDGE SETUP

This appendix documents the LLM-as-a-judge setup used
to compute LJ in the main text, following the reporting
guidelines of [3]. The judge’s raw output, the human-validation
annotations, and the scripts that compute LJ from both are
released with the supplementary material.
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A. Judge model and generation configuration

The judge is Qwen2.5-7B-Instruct [15], loaded via the
HuggingFace Transformers library, at bfloat16 precision
on a single NVIDIA A100 80GB GPU. The model is
used off the shelf, with no fine-tuning or quantization se-
tups. Generation uses temperature=0, top_p=1.0, and
max_new_tokens=200. We chose an open-weights judge
so that the entire evaluation can be replicated without access
to a paid API.

B. Prompt Template

The template below is applied to every prediction from
every model. The placeholder ground_truth denotes
the original human-decided identifier in the dataset, and
prediction is the predicted result from different models.
The template is used unguided, which means there is no in-
prompt demonstration provided during the process. We did not
revise the template during the evaluation.

You are evaluating a code identifier-infilling
task (RefineID). A specific identifier (
variable, method, or type name) was **masked**
in the original Java code, and a model
predicted a replacement.

===================================================

GROUND TRUTH : {ground_truth}
MODEL PREDICTION : {prediction}
===================================================

FULL CODE CONTEXT (the masked location is where
the

identifier should appear):
```java
{full_code}
```
Evaluate the prediction by answering:
1. What is the relationship between the prediction

and the
ground truth in this exact context?

2. Would using the prediction instead of the
ground truth

preserve the program's correctness and
readability?

Respond ONLY in this exact format (3 lines, no
extra text):

Relationship: [Identical | Semantically Equivalent
|

Related but Different | Incorrect |
Syntactically Invalid]

Explanation: [max 20 words]
Decision: [Accept | Reject]

The judge is asked for a relationship between the original
ground truth and the generated result from the model, a short
justification, and a binary decision. LJ is computed only from
the Decision field result, any result with a decision other
than Accept or Reject will be counted as a rejection. The labels
and explanations are reserved for the disagreement analysis for
the future but do not enter the score.

C. Human validation

To check that the judge’s decisions track human judgment
we manually checked random samples of the predictions

drawn, so that each of the five relationships categories the
judge produced is represented.

D. Known biases and limitations

LLM judges are known to exhibit positional and self-
enhancement biases [42]. Positional bias does not apply here
because the judge is asked about a single prediction. Self-
enhancement bias is avoided by excluding every model under
evaluation from the judge role, as Qwen2.5-7B-Instruct is not
one of the models in the benchmark shown in Table II. We
also report EM alongside LJ throughout the paper to make
sure the EM is treated as additional evidence that LJ is not
driving any conclusion on its own.

A separate limitation is that LJ measures agreement with the
developer’s chosen name rather than absolute naming quality.
A prediction that is as good as the developer’s choice but
lexically different will often be rejected by the judge. LJ
should therefore be read as an approximation of how often
the model recovers the developer’s intent, not as an estimate
of how often the model produces a good name.

E. Scoring Logic

We map the judge’s Decision field to a binary outcome
per sample: Accept counts as 1, while Reject and any
malformed output count as 0. LJ is the mean of these outcomes
over the 1,000 test samples, expressed as a percentage:

LJ =
100

|D|
∑

(x,x∗)∈D

1[Decisionx̂ = Accept] %. (5)

A model with LJ= 20.0% therefore corresponds to 200
Accept verdicts on the 1,000 samples.

REPLICATION PACKAGE

The code, data, model configurations, prediction outputs,
and analysis scripts used in this work are publicly available at
https://github.com/d4vidhuang/corefusion.

https://github.com/d4vidhuang/corefusion

	Refactoring Identifier Names with Diffusion Language Models
	CoReFusion: Refactoring Identifier Names with Diffusion Language Models
	CoReFusion: Refactoring Identifier Names with Diffusion Language Models
	THESIS

	©2026 Yongcheng Huang. All rights reserved.
	CoReFusion: Refactoring Identifier Names with Diffusion Language Models
	Introduction
	Background and Related Work
	Identifier Renaming in software refactoring
	Language Models: Autoregressive, Seq2Seq, and Diffusion
	Autoregressive Language Models
	Sequence-to-Sequence Models
	Diffusion Large Language Models


	Methodology
	Problem Formalization
	Models Under Study
	Dataset Construction
	Experiment Setup
	RQ1: Single-Identifier Multi-Site Renaming
	RQ2: Multi-Identifier Multi-Site Renaming
	RQ3: Internal-State Differences Between Good and Bad Identifier Names

	Evaluation Metrics

	RQ1: Benchmarking identifier renaming performance
	Benchmarking Results
	Refactoring Consistency Experiment
	Ablation Experiment for Token Length Hyperparameter
	Diffusion Step Robustness Experiment
	Analysis

	RQ2: Multi-Identifier Multi-Site Renaming
	All-masked Experiment
	Target-only Experiment
	Qualitative Analysis of Wrong Predictions
	Analysis

	RQ3: Internal-State Differences Between Good and Bad Identifier Names
	Output-Distribution Rank Comparison
	Context Dependence of the Prediction
	Hidden-State Trajectory
	Commitment Step Under the Unmasking Schedule
	Analysis

	Threats to Validity
	Future Work
	Conclusion
	References
	Appendix A: AI Usage Disclosure
	Tools Used
	Scope of Use in Writing
	Scope of Use in Code
	Excluded Uses
	Verification and Responsibility

	Appendix B: LLM-as-a-judge Setup
	Judge model and generation configuration
	Prompt Template
	Human validation
	Known biases and limitations
	Scoring Logic


