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Abstract

Code generation is increasingly critical for real-
world applications. Still, diffusion-based large
language models (DLLMs) continue to strug-
gle with this demand. Unlike free-form text,
code requires syntactic precision; even minor
structural inconsistencies can render a program
non-executable. Existing DLLM training re-
lies on random token masking for corruption,
leading to two key failures: they lack aware-
ness of syntactic boundaries during the iterative
denoising process, and they fail to capture the
long-range hierarchical dependencies essential
for program correctness. We propose TreeDiff
to address both issues. Specifically, we propose
a syntax-aware diffusion framework that incor-
porates structural priors from Abstract Syntax
Tree (AST) into the corruption process. In-
stead of masking individual tokens at random,
we selectively mask tokens belonging to key
AST nodes. By aligning the corruption pro-
cess with the underlying structure of code, our
method encourages the model to internalize
the compositional nature of programming lan-
guages, enabling it to reconstruct programs that
respect grammatical boundaries and capture
long-range dependencies. Our method achieves
a 13.3% relative improvement over the random
masking training method, demonstrating its ef-
fectiveness in code generation by leveraging
underlying structures.

1 Introduction

Autoregressive large language models (LLMs)
have driven major advances in natural language
processing and remain the prevailing approach for
open-ended text generation (OpenAI, 2022; Team
et al., 2023; Zhao et al., 2026; Guo et al., 2025).
Recently, diffusion-based large language models
(DLLMs) have emerged as a promising alternative
to autoregressive decoding for natural language
generation (Li et al., 2022; Arriola et al., 2025).

*Equal contribution.

Instead of producing tokens strictly left-to-right,
DLLMs learn to iteratively denoise corrupted se-
quences, enabling bidirectional context utilization
and flexible conditioning (Nie et al., 2025; Austin
et al., 2021a; Li et al., 2022). These properties have
yielded strong empirical performance on tasks such
as open-domain text generation, dialogue model-
ing, and document completion (Nie et al., 2025;
Austin et al., 2021a; Li et al., 2022).

However, when applied to code generation,
DLLMs frequently produce syntactically invalid
intermediate sequences and struggle to model long-
range dependencies such as variable scope and con-
trol flow (Singh et al., 2023), leading to substan-
tially degraded accuracy (Sahoo et al., 2024; Nie
et al., 2025). These limitations largely stem from
the random masking training paradigm, which is
poorly aligned with the highly structured nature
of programming languages and hinders effective
generalization to complex code generation tasks.
Consequently, a significant gap remains in design-
ing corruption and training strategies that are better
suited for structured code generation.

To this end, our core insight is that for code
generation, noise should not be purely stochas-
tic. Instead, incorporating prior knowledge that
reflects the intrinsic structural properties of code
enables DLLMs to more effectively learn and re-
cover program-level dependencies. Building on
this insight, we introduce a syntax-aware diffu-
sion framework that utilizes Abstract Syntax Trees
(ASTs) (Neamtiu et al., 2005), hierarchical repre-
sentations of source code capturing its grammatical
composition, to guide masking operations during
the training process. By aligning corruption opera-
tions with tokens associated with key AST nodes,
our method encourages the model to internalize
program structure, preserving local syntactic valid-
ity while modeling long-range dependencies such
as scope, nesting, and control flow.

We evaluate TreeDiff across multiple code gen-
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eration benchmarks, including HumanEval (Chen
et al., 2021), HumanEval+ (Liu et al., 2023),
MBPP (Austin et al., 2021b), and MBPP+ (Liu
et al., 2023), utilizing a large-scale training set of
150K samples. The results show that our syntax-
aware framework consistently outperforms stan-
dard random masking strategies at various infer-
ence scales. Notably, TreeDiff achieves a 13.3%
relative improvement on HumanEval+. Our ap-
proach also maintains stable performance during
long-trajectory generation, effectively narrowing
the performance gap between diffusion-based mod-
els and established autoregressive baselines.

Our contributions are as below:

• To our knowledge, this is the first work to
incorporate AST-aware masking into DLLMs,
specifically tailored for the code generation
reasoning domain.

• Extensive evaluations on DLLMs demon-
strate the effectiveness of our approach, which
gained at most 13.3% relatively improve-
ment compared with standard random mask-
ing method.

• Our approach is trained on a large-scale
dataset of 150K long code reasoning samples,
enabling rigorous evaluation and strong em-
pirical support 1.

2 Related Work

2.1 Diffusion Models for Language Modeling

Diffusion models generate data by reversing a noise
injection process, iteratively de-noising corrupted
inputs (Ho et al., 2020). Applied to text, DLLMs
reconstruct masked or noised token sequences, en-
abling bidirectional conditioning and flexible con-
trol compared to autoregressive decoders (Li et al.,
2022). CodeFusion (Singh et al., 2023) applies this
paradigm to code generation, iteratively denoising
a complete program to overcome the “one-way”
limitation of autoregressive models that cannot eas-
ily reconsider earlier generated tokens. Most ex-
isting work adopts random token-level corruption
(Sahoo et al., 2024; Nie et al., 2025), which could
be agnostic to rich structured information when
applies to code task. To address this, CoDA (Chen
et al., 2025) utilizes a progressive masking sched-
ule to adapt pre-trained backbones into efficient

1We will release all the code and checkpoints to promote
reproducibility on acceptance.

diffusion coders. Dream-Coder (Xie et al., 2025)
demonstrates emergent any-order generation capa-
bility. Beyond simple distribution matching, re-
cent work focuses on optimizing denoising trajec-
tories to improve logical consistency. d1 (Zhao
et al., 2025) shows that reinforcement learning
can optimize diffusion trajectories, while Diffu-
Coder (Gong et al., 2025) introduces a coupled-
GRPO scheme to refine them via diffusion-native
reinforcement learning. Both methods rely on to-
ken masking during training: d1 applies random
token-level masking following the diffusion noise
process, while DiffuCoder masks varying subsets
of completion tokens across training passes to im-
prove evaluation efficiency.

However, existing diffusion-based approaches
still lack an explicit representation of the hierarchi-
cal structure of code. To address this, we propose
an AST-guided approach that integrates program
structure directly into the diffusion process.

2.2 Abstract Syntax Tree

An abstract syntax tree represents a program in a
rooted, ordered tree data structure in which each in-
ternal node denotes a syntactic construct and each
leaf typically corresponds to a terminal token (Aho
et al., 2006; Parr, 2013). Compared to raw source
code sequences processed linearly, AST could ex-
pose hierarchical nesting and scoping structure,
providing a natural scaffold for modeling long-
range dependencies in code. Previous research
has exploited ASTs in several ways, such as tree-
based encoders (Alon et al., 2019; Hellendoorn
et al., 2020) and grammar-constrained decoders
(Yin and Neubig, 2017; Rabinovich et al., 2017).
Moreoever, AST-T5 (Gong et al., 2024) employs
AST subtrees as static masking templates for span
corruption within T5 (Raffel et al., 2020).

However, these approaches typically rely on
autoregressive prediction or treat ASTs as static
span-corruption templates, focusing on one-shot
sequence completion. In contrast, we use ASTs
to guide the time-dependent noise injection in dif-
fusion, exposing structurally critical elements to
masking and recovery under different noise levels
during training. As a result, the diffusion trajec-
tory is biased toward progressively reconstructing
key structural components, enabling iterative refine-
ment rather than single-step sequence completion.
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3 Method

3.1 Diffusion LLM
Optimization Objective. We consider a
reasoning-oriented code generation setting, where
the model takes a natural language prompt p as
input and produces an intermediate reasoning trace
r together with a final executable program c. We
represent the full target sequence as

x0 = [ p ∥ r ∥ c ] ∈ VL,

where V denotes a discrete token vocabulary and L
is the maximum sequence length. During training,
x0 is sampled from a dataset D.

Instead of autoregressive next-token prediction,
we adopt a discrete diffusion formulation, where
the model learns to recover x0 from progressively
corrupted versions. Let t ∈ {1, . . . , T} index the
diffusion timestep. The forward process samples
a corrupted sequence xt via a corruption kernel
q(xt | x0, t) = Corrupt(x0; εt), while the denois-
ing model pθ is trained to reconstruct the origi-
nal sequence directly from xt. Following prior
work (Nie et al., 2025), we optimize a reconstruc-
tion objective defined only over masked positions:

Ldiff(θ) = E

[
−

L∑

i=1

1[xit = ⟨mask⟩]

· log pθ(xi0 | xt, t)
]
, (1)

where x0 ∼ D, t ∼ U(1, T ), and xt ∼ q(xt |
x0, t). This objective encourages the model to
leverage the partially observed context to recover
missing tokens, enabling bidirectional conditioning
and iterative refinement.

Masking Strategy Overview. The corruption op-
erator Corrupt(·) replaces a subset of tokens in x0
with a special ⟨mask⟩ symbol according to a time-
dependent noise level εt. Importantly, different
semantic regions of the sequence are corrupted us-
ing different strategies. The prompt p is kept intact
throughout training and serves as a fixed condition-
ing context. The reasoning trace r, which consists
of unstructured natural language, is corrupted using
standard token-level random masking. In contrast,
the code region c is corrupted using a structure-
aware masking strategy guided by its AST, which
biases the diffusion process toward preserving syn-
tactic coherence. We defer the detailed design of
the AST-guided masking operator to Section 3.3.

3.2 Reasoning Chain Handling

Our model explicitly incorporates intermediate rea-
soning steps to bridge the semantic gap between
the natural language problem specification and the
final executable code. We formalize the complete
input sequence x0 as a concatenation of three dis-
tinct regions: the prompt p, the reasoning chain r,
and the target code c, such that x0 = [p ∥ r ∥ c].
The reasoning chain r is a sequence of natural
language tokens, enclosed in special tags (e.g.,
<think>...</think>), that articulates the high-
level plan or logic for solving the problem de-
scribed in p. This inclusion is inspired by chain-
of-thought methodologies (Wei et al., 2022) to
improve complex reasoning.

Given the unstructured nature of natural lan-
guage, we apply a different corruption strategy to
the reasoning region than the code region. During
the forward diffusion process, tokens within the rea-
soning chain r are corrupted using a standard token-
level masking scheme. For a given timestep t,
each token is independently replaced with a special
⟨mask⟩ token with probability εt. This approach
contrasts with the structured, AST-guided span cor-
ruption applied to the code region c. By treating
reasoning and code as distinct modalities with tai-
lored corruption mechanisms, our model learns to
denoise each region according to its unique statis-
tical properties, capturing both the flexibility of
language and the correctness of code syntax.

3.3 ASTs as Structural Priors

Programming languages, unlike natural language,
are governed by strict syntactic rules that define
their hierarchical structure. ASTs capture this struc-
ture by representing the grammatical composition
of source code in tree data structures, where each
node corresponds to a meaningful construct such
as a statement, expression, or control block.

Formally, let G = (V,E) be a tree where V
is the set of syntax nodes and E the parent–child
edges. Every node v ∈ V has a syntactic label
ℓ(v) drawn from a finite grammar-derived vocabu-
lary. Leaves optionally store lexical tokens. Two
auxiliary structures are often useful: (i) a lineariza-
tion π : V → {1, . . . , |V |} that orders nodes for
sequence-based models, and (ii) cross-tree links
R ⊆ V × V encoding non-tree dependencies (e.g.,
data flow or symbol resolution). Language models
can leverage G to define structure-aware objectives,
mask/noise schedules, and decoding constraints.
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Figure 1: Demonstrations of the difference between our AST-Weighted Sampling Masking and Uniform Random
Masking. AST-Weighted Masking is based on the AST subtrees.

For a more concrete example, the Python state-
ment x = 1 is parsed into an ASSIGN node with two
children: a NAME node containing the token "x" and
a CONSTANT node containing the token "1". In this
case, ASSIGN, NAME, and CONSTANT are syntactic
labels, while "x" and "1" are lexical tokens. An-
other example is the conditional expression if x
> 0:. Its root node is IFSTMT, with a subtree under
the condition that includes a COMPARE node, which
further branches into a NAME node with token "x", a
GT (greater-than) node, and a CONSTANT node with
a token "0".

3.4 Dynamic AST Masking
Standard forward corruption in DLLMs typically
applies independent Bernoulli masking at the token
level. While effective for natural language, such un-
structured noise risks breaking essential syntactic
units, making it difficult for the model to recover
the strict logical dependencies inherent in code.

To address this, our key intuition is that denois-
ing is most effective when the noise patterns respect
the data’s underlying structural logic. We propose
TreeDiff, a method that injects structural inductive
biases directly into the diffusion process. As for-
malized in Algorithm 1, TreeDiff moves beyond
uniform random masking by selectively targeting
syntactically critical elements. Specifically, we
employ a hierarchical probability scheme derived
from AST, consisting of two key phases:

AST Weighted Masking. Following the corrup-
tion rate εt, we first set a mask budget of N =
⌊εt · L⌋ tokens. As depicted in Figure 1, whereas
uniform random masking (top) treats all tokens as
equally likely candidates for corruption, our ap-
proach (bottom) is grounded in the intuition that

code tokens contribute unequally to structural in-
tegrity. Instead of a uniform distribution, we allo-
cate the budget by assigning weights W [i] to tokens
according to their node types in the AST.

Specifically, we define a tiered weighting
scheme P = {pskel, pdata, pcond, pctrl} to priori-
tize different functional roles. We assign lower
weights to structural elements (pskel), such as im-
ports and function definitions, to keep the high-
level program structure intact. Conversely, we ap-
ply higher weights to logic and control flow tokens
(pcond, pctrl), such as if and while nodes, which
forces the model to recover the core execution logic
during the denoising process. Finally, the mask
indices Icand are selected via weighted sampling
without replacement, ensuring that the noise distri-
bution faithfully reflects the syntactic importance
of each code element. Detailed node weights are
provided in Appendix A.2.

Fallback Random Mechanism. In scenarios
where the AST parsing is incomplete, the algo-
rithm triggers a fallback mechanism. We calculate
the current mask count c and randomly sample the
remaining N − c tokens from the set of unmasked
indices Iremain. This hybrid design guarantees that
the diffusion noise schedule is strictly adhered to,
maintaining the statistical properties required for
stable training while maximizing structural guid-
ance whenever possible. Finally, the binary mask
vector m is applied to the input sequence x0, replac-
ing selected tokens with the special ⟨mask⟩ token
to generate the corrupted state xt.

Complexity Analysis. The computational over-
head introduced by TreeDiff is negligible relative
to the diffusion backbone’s forward and backward
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Algorithm 1 Dynamic Tier-Aware AST Masking
Require: x0 ∈ VL ▷ token sequence
Require: Iast with Types ▷ AST nodes and their syntactic

roles
Require: εt ∈ [0, 1] ▷ target corruption rate at step t
Ensure: xt

1: N ← ⌊εt · L⌋ ▷ target #masked tokens
2: m← 0L ▷ init mask vector

3: // Define Semantic Tiers (Weights based on text)
4: W ← 0L

5: for all i ∈ Iast do
6: if Type(i) ∈ Skeleton (Imports, Consts) then

W [i]← pskel
7: else if Type(i) ∈ DataFlow (Assigns, Calls) then

W [i]← pdata
8: else if Type(i) ∈ CondLogic (If, Else) then W [i]←

pcond
9: else if Type(i) ∈ ControlFlow (Loops, Returns) then

W [i]← pctrl
10: else W [i]← pdefault ▷ Default low weight for others
11: end if
12: end for

13: // Phase 1: Weighted Sampling based on Tiers
14: Icand ← WeightedSample(N, from = Iast,weights =

W )
15: for all i ∈ Icand do
16: m[i]← 1
17: end for

18: // Phase 2: Fallback (if AST nodes are insufficient)
19: c← Count(m)
20: if c < N then
21: Iremain ← {j | m[j] = 0}
22: Ifill ← Sample(N − c, from = Iremain) ▷ Uniform

random fill
23: for all j ∈ Ifill do m[j]← 1
24: end for
25: end if

26: xt ← ⟨mask⟩ ⊙m+ x0 ⊙ (1−m)
27: return xt

passes. As formalized in Algorithm 1, our approach
consists of two lightweight components: AST pars-
ing and dynamic tier-aware weighted masking.
First, given a token sequence x0 of length L, pars-
ing it into an AST incurs linear time complexity
O(L). Since x0 is static across diffusion steps, this
parsing can be amortized by performing it once
during data preprocessing or cached efficiently for
on-the-fly usage without affecting training through-
put. Second, the weighted sampling strategy op-
erates on token-level weights derived from AST
node types and semantic tiers. Constructing the
weight vector requires a single linear pass over
AST-aligned tokens. Using efficient implementa-
tions, sampling N mask indices can be performed
in O(L) time with linear-time weighted sampling,
or O(L logL) time with heap-based methods.

4 Evaluation

4.1 Experimental Setup

Datasets. We conduct our experiments on
150,000 samples from the OpenCodeReasoning
dataset (Ahmad et al., 2025), for which negligi-
ble overlap with evaluation benchmarks (e.g., Hu-
manEval) has been confirmed via semantic similar-
ity checks and manual inspection. Each instance
comprises three logically distinct segments: a nat-
ural language prompt, an intermediate chain-of-
thought reasoning trace, and the final code solution.

Evaluation Metrics. We evaluate functional cor-
rectness using the pass@1 metric, which is defined
as the proportion of tasks where the top-ranked can-
didate, selected by model log-likelihood, passes all
unit tests. This setting (n = 1) could reflect real-
world scenarios where users prioritize the single-
best prediction over multiple samples.

Baselines. We evaluate the impact of different
training strategies by comparing LLaDA variants
with competitive baselines. All variants share the
same fine-tuning data and are evaluated at two
scales: 256 and 512 tokens, ensuring a compre-
hensive and consistent experimental setup.

• LLaDA-original: This baseline utilizes pre-
trained models, i.e., LLaDA-8B-Instruct and
LLaDA-8B-Base, without any additional finetun-
ing. It serves as a zero-shot reference.

• LLaDA + Random Masking: We finetune the
diffusion-based large language model with a stan-
dard denoising objective where tokens are uni-
formly masked at random across both reasoning
and code regions. This setting does not incor-
porate any structural information and serves as
a structure-agnostic baseline commonly used in
language model pretraining (Nie et al., 2025).

• Auto-regressive Models: To provide a compara-
tive context against standard auto-regressive ar-
chitectures, we select a set of representative open-
source models, including CodeLlama (7B/13B),
CodeQwen1.5 (7B), and DeepSeek-Coder (33B).
These models are included to illustrate the per-
formance landscape of widely used transformers,
with results sourced directly from the EvalPlus
Leaderboard (Liu et al., 2023) for consistency.

Target Model. Our proposed method incorpo-
rates a syntax-aware masking strategy by targeting
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Model T = 256 T = 512

HE HE+ MBPP MBPP+ HE HE+ MBPP MBPP+
Auto-regressive Models†

DeepSeek-Coder-33B 50.6 44.5 80.4 70.1 50.6 44.5 80.4 70.1
CodeQwen1.5-7B 51.8 45.7 73.5 60.8 51.8 45.7 73.5 60.8
CodeLlama-7B 37.8 35.4 59.5 46.8 37.8 35.4 59.5 46.8
CodeLlama-13B 42.7 38.4 63.5 52.6 42.7 38.4 63.5 52.6
Diffusion-based LLMs (LLaDA Backbone)
LLaDA-Instruct 39.6 34.8 51.9 43.1 36.6 31.7 39.4 31.7
+ Random Masking 39.6 35.4 52.9 43.9 38.4 32.3 41.5 32.8
Ours
+ TreeDiff 42.1 37.2 52.9 44.2 40.2 36.6 42.3 33.3

Table 1: Main results on four representative benchmarks. HE and HE+ refer to HumanEval and HumanEval+,
respectively. Performance is reported in Pass@1 (%), where the denoising steps T also denote the maximum
generation length for each configuration. Best results are shown in bold.

specific AST nodes instead of uniform random to-
kens. We apply region-specific strategies: standard
random masking for the reasoning region, and AST-
node-level masking for the code region. This ap-
proach provides the model with structural guidance
while preserving local context to maintain stability.

Implementation Details. The model was trained
with a maximum sequence length of 4,096 tokens
to balance reasoning depth with computational ef-
ficiency (Yeo et al., 2025). Utilizing 8 NVIDIA
A100 GPUs, we employed a gradient accumula-
tion of 16 steps to yield an effective batch size of
128. Based on a preliminary learning rate sweep
over {5× 10−6, 2× 10−5, 5× 10−5}. Specifically,
5× 10−5 was selected as the optimal learning rate.
More training and inference details are listed in
Appendix A.

Comparison with Diffusion Baseline. We first
evaluate the effectiveness of TreeDiff by comparing
it with the LLaDA + Random Masking baseline,
whose training method is suggested by (Nie et al.,
2025). As shown in Table 1, TreeDiff consistently
outperforms the baseline across all metrics and
denoising steps. At T = 256, TreeDiff achieves
42.1% / 37.2% on HumanEval/Plus, representing a
6.3% and 5.1% relative improvement, respectively.
It also maintains a competitive edge on MBPP/Plus,
staying ahead of the random masking approach.

The performance gap becomes more pronounced
at T = 512, where the baseline suffers from sig-
nificant degradation, dropping to 32.3% on Hu-
manEval+ and 32.8% on MBPP+. In contrast,
TreeDiff exhibits superior robustness, preserving
36.6% on HumanEval+ and 33.3% on MBPP+,
which translates to a 13.3% relative gain on Hu-

manEval+. These results indicate that while ran-
dom masking leads to logical instability in larger
generation spaces, AST-based masking provides
essential structural constraints. Notably, TreeDiff
at 256 steps already surpasses the baseline’s best
results at 512 steps across all four metrics, confirm-
ing that structural priors significantly accelerate the
convergence of diffusion-based code generation.

We further compare TreeDiff with representative
open-source autoregressive (AR) models. While
diffusion-based models typically lag behind the
AR paradigm in code generation, TreeDiff sig-
nificantly narrows this performance gap. Our
method outperforms CodeLlama-7B (37.8%) and
achieves a performance level comparable to the
larger CodeLlama-13B (42.7%) on HumanEval,
reaching 42.1% at T = 256. Although a mar-
gin remains compared to larger-scale models like
DeepSeek-Coder-33B, these results demonstrate
that incorporating structural information allows
DLLMs to serve as a practical alternative for code
tasks. The fact that an 8B-parameter diffusion
model can match or exceed established AR base-
lines of similar or larger scale highlights the po-
tency of AST-guided generation.

4.2 Ablation Study

Impact of Masking Granularity. Table 2 com-
pares the effectiveness of Span-level versus Token-
level structural priors. Span-level masking cor-
rupts contiguous code segments corresponding to
complete AST subtrees rather than discrete to-
kens, as detailed in Appendix 2. On HumanEval,
both AST-guided strategies outperform the ran-

†Results are cited from the EvalPlus Leaderboard (Liu
et al., 2023).
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(a) HumanEval Results

Masking Strategy T = 256 T = 512

HE HE+ HE HE+
Random Masking 39.6 35.4 38.4 32.3
AST (Span) 40.9 36.6 40.2 36.6
TreeDiff (Ours) 42.1 37.2 40.2 36.6

(b) MBPP Results

Masking Strategy T = 256 T = 512

MBPP MBPP+ MBPP MBPP+
Random Masking 52.9 43.9 41.5 32.8
AST (Span) 51.6 42.9 39.7 31.5
TreeDiff (Ours) 52.9 44.9 42.3 33.3

Table 2: Ablation Study on Masking Strategies. We
compare the impact of masking granularity across dif-
ferent denoising steps (T ). Table (a) reports results on
HumanEval (HE) and HumanEval+ (HE+), while Table
(b) reports results on MBPP and MBPP+. Best results
are shown in bold.

dom baseline, and TreeDiff achieves the highest
pass rate of 42.1% at T = 256. However, results
on MBPP reveal the limitations of coarser con-
straints. Span-level masking consistently under-
performs the random baseline, dropping to 39.7%
compared to the baseline’s 41.5% at T = 512. By
contrast, TreeDiff achieves the best performance
across both datasets. This indicates that while struc-
tural guidance is beneficial, the rigidity of span-
based masking hinders generalization on MBPP,
whereas TreeDiff offers a more robust balance be-
tween structure and flexibility.

Surgical vs. Coarse Constraints. To further inves-
tigate the performance gap, we analyze the underly-
ing mechanisms of different masking granularities.
The performance drop observed with AST (Span)
masking suggests that corrupting contiguous sub-
trees leads to a significant loss of local information.
By removing entire functional blocks, span-level
masking eliminates the structural cues and depen-
dencies required for the model to reconstruct com-
plex logic. This is particularly evident on MBPP
at T = 512, where the span-level approach falls
to 39.7% and fails to outperform even the Random
Masking baseline of 41.5%.

On the other hand, TreeDiff employs a more
precise intervention by targeting specific syntactic
nodes rather than continuous blocks. This strat-
egy focuses on high-influence elements such as
control flow nodes while keeping the surrounding
context intact. As shown in the MBPP+ results,
this method maintains superior stability during ex-

AST-Masking (Ours)
for char in group:

if char == ’(’:
stack.append(char)
max_depth = max(

max_depth , len(stack)
)

elif char == ’)’:
if stack: stack.pop()

Random Masking
count = 0
for char in group:

if char == ’(’:
count += 1

# Fails to track
# nested peak depth

Figure 2: Comparison of code generation results across
two models on HumanEval.

tended denoising. At T = 512, TreeDiff achieves
a Pass@1 of 33.3% on MBPP+, outperforming the
span-based method by 1.8%. These results con-
firm that preserving the context around key nodes
allows the model to maintain structural integrity
while retaining the specific code patterns needed to
produce executable programs.

4.3 Qualitative Study

The qualitative comparison of generation trajecto-
ries reveals fundamental differences in how models
navigate the denoising state space when handling
structured logic. As illustrated in Figure 2, AST-
aware masking demonstrates a distinct advantage
in tasks requiring deep hierarchical parsing, such
as tracking the maximum depth of nested paren-
theses (HumanEval/6). While the random masking
baseline attempts to satisfy program requirements
through shallow, character-level heuristics, such as
a simple counter (count += 1), it fails to capture
the latent stateful logic required for true algorith-
mic correctness. This could result in fragmented
code that may be syntactically plausible but lacks
functional integrity in complex nesting scenarios.

In contrast, the AST-guided model exhibits
structure-first emergence, correctly establishing
stack-based control flow, e.g., stack.pop(), early
in the denoising process. By selectively target-
ing critical syntax nodes during training, TreeDiff
encourages the model to internalize the recursive
nature of programming languages, treating nest-
ing depth as a stateful property tied to tree height
rather than a stochastic token-balance check. This
early global scaffold provides stable constraints for
subsequent refinement.
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(a) Random Mask Baseline: The model relies on a simplified counter heuristic (e.g., level += 1) or fragmented patterns,
failing to maintain consistent syntactic anchors.

(b) TreeDiff (Ours): The model correctly establishes a stack-based control flow (e.g., stack.pop()), successfully capturing the
nested logic structure.

Figure 3: Qualitative comparison of generation trajectories at Step 110/256. The Random Mask baseline (top)
produces fragmented code with shallow heuristics, whereas the TreeDiff (bottom) successfully reconstructs the
complex control flow required for the task.

Generation Trajectory Analysis. The qualita-
tive comparison of generation trajectories at Step
110/256 (Figure 3) provides an in-depth empirical
evidence for the efficacy of AST subtree sampling.
We observe a fundamental divergence in how the
models navigate the denoising state space: the base-
line tends to recover code through local, token-level
heuristics, whereas our model prioritizes the recon-
struction of global structural anchors.

At this intermediate sampling stage, the baseline
exhibits the limitations of uniform random masking.
As shown in Figure 3a, the baseline model has
learned from unbiased noise. It attempts to satisfy
syntax through shallow, character-level heuristics
(e.g., level += 1); however, it fails to capture
the latent nested logic of the task. This results in
a fragmented trajectory where syntactic elements
are generated in a disjointed, stochastic fashion.
Conversely, TreeDiff demonstrates a structure-first
emergence as in Figure 3b. By selectively targeting
high-value tokens anchored to critical AST nodes
during training, the model learns to prioritize the
skeleton of the program. Even at Step 110, TreeDiff
has already accurately reconstructed key logical
anchors such as stack.pop(), transforming the
denoising process from a probabilistic guess into
an ordered semantic refinement.

By prioritizing critical AST nodes during train-
ing, TreeDiff induces a robust anchoring effect.
This mechanism effectively optimizes the genera-
tion trajectory of syntactic elements, ensuring that
core topological nodes like stack operations and
control flow manifest earlier. Such early estab-
lishment of a global scaffold provides stable con-
straints for subsequent denoising.

.

5 Conclusion

We present TreeDiff, a syntax-aware diffusion
framework that addresses the limitations of random
token masking in code generation by incorporat-
ing AST structural priors. By selectively mask-
ing tokens tied to key syntactic nodes, our method
encourages the model to internalize the hierarchi-
cal and compositional nature of programming lan-
guages. Experimental results demonstrate that
TreeDiff achieves a 13.3% relative improvement
over standard random masking methods. Quali-
tative analysis confirms that TreeDiff effectively
preserves local syntactic coherence while captur-
ing critical long-range dependencies, enabling the
reconstruction of complex logic that structure-
agnostic models fail to resolve.
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Limitations

Inference Reasoning Chain Length. The signifi-
cant inference latency inherent to LlaDa’s iterative
refinement process poses scalability challenges for
extremely long sequences. Consequently, we main-
tain a maximum trace length of 1,024 tokens to
balance experimental throughput with qualitative
depth.

Training Tradeoff. Full-parameter fine-tuning of
LLaDA 8B model on long reasoning traces (4096)
exceeds the memory capacity of our 8 NVIDIA
A100 GPUs. To overcome this hardware bottleneck
and ensure computational feasibility, we employ
LoRA for parameter-efficient adaptation.
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A Implementation Details and
Experimental Setup

In this section, we provide a comprehensive delin-
eation of our experimental framework, focusing on
the reproducibility of our results and the specific
mechanics of the two distinct masking strategies we
investigated. All computational experiments were
executed using the PyTorch framework, accelerated
by DeepSpeed ZeRO-2 optimization on 8 NVIDIA
A100 GPUs. We selected LLaDA-8B-Instruct as
our backbone model due to its inherent capabilities
in sequence modeling, and we fine-tuned it using a
consistent set of hyperparameters to ensure a rigor-
ous comparison between our proposed methods.

A.1 General Training and LoRA
Configuration

To maintain experimental consistency, we utilized a
unified optimization configuration across all mask-
ing strategies. The model was trained for 3 epochs
using the AdamW optimizer with β1 = 0.9 and
β2 = 0.999. We employed a cosine learning rate
scheduler that includes a 10% warmup period, al-
lowing the model to stabilize its gradients before
reaching the peak learning rate of 5 × 10−5. To
maximize computational throughput while main-
taining numerical stability, we conducted all train-
ing in bfloat16 precision with a maximum se-
quence length of 4096 tokens. A per-device batch
size of 1 was used in conjunction with 16 gradient
accumulation steps to simulate a larger effective
batch size, ensuring stable convergence.

We applied Low-Rank Adaptation (LoRA) ex-
tensively across the model architecture (Hu et al.,
2022). Unlike conservative approaches that only
target attention projection matrices, we attached
LoRA adapters to all linear layers within the trans-
former blocks, including the query, key, value, and
output projections in the self-attention mechanism,
as well as the gate, up, and down projections in
the MLP feed-forward networks. We set the LoRA
rank r to 64 and the scaling factor α to 128, result-
ing in a robust adaptation capacity. A dropout rate
of 0.1 was applied to the LoRA layers to prevent
overfitting.

Inference Setting. We adopt a semi-
autoregressive decoding scheme at inference
time as illustrated in (Nie et al., 2025). Given an
input prompt, the target sequence is generated in
fixed-length blocks, each of which is initialized
as fully masked and iteratively refined over

multiple diffusion steps. Within each block, the
model predicts all masked positions in parallel
and progressively commits a subset of tokens
based on confidence, while lower-confidence
positions remain masked for further refinement.
Blocks are generated sequentially from left to
right to preserve causal structure, resulting in a
decoding process that is non-autoregressive within
blocks but autoregressive across blocks. Unless
otherwise specified, inference is performed with
deterministic decoding (temperature set to zero).

A.2 Hyperparameter Settings
We utilize a dynamic, curriculum-based approach
to all masking method. This strategy is designed
to function as a denoising autoencoder objective
that evolves in difficulty throughout the training
process. Instead of employing a static masking
probability, which is common in standard Masked
Language Modeling (MLM), we implemented a
time-dependent noise schedule. We define an adap-
tive base noise rate ϵt for each training step t, which
follows a cosine annealing curve decaying from a
maximum noise level ϵmax = 0.1 down to a min-
imum ϵmin = 0.001. This schedule ensures that
the model is exposed to high-noise regularization
during the early phases of training to learn robust
feature representations, while gradually transition-
ing to a low-noise refinement phase towards the end
of training to perfect its generation capabilities.

Furthermore, we introduced a stochastic element
to the masking intensity at the sample level. For
any given step with base rate ϵt, the actual mask-
ing probability Pmask for a specific data sample
is not fixed at ϵt but is sampled from a uniform
distribution range [ϵt, 1.0]. Mathematically, this is
implemented as Pmask = (1− ϵt) · λ+ ϵt, where
λ ∼ U(0, 1). This mechanism creates a diverse
training environment where, within the same batch,
the model may encounter samples that are almost
entirely masked alongside samples that retain most
of their original tokens. This high variance in par-
tial observability forces the model to rely heavily
on long-range context and internal reasoning chains
to reconstruct the missing information, rather than
relying on local surface-level cues.

To ensure the noise distribution reflects the struc-
tural importance of various code elements, we em-
ploy a category-aware weighting scheme during
the sampling process. Specifically, we define a
baseline weight pskel = 0.15 for skeletal tokens
and auxiliary syntax such as punctuation and con-
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stants. For data-driven components including as-
signments and function calls, we assign a moder-
ate weight of pdata = 0.42. To compel the model
to prioritize the reconstruction of the program’s
execution backbone, we significantly elevate the
weights for structural nodes: conditional state-
ments (e.g., if, elif) are set to pcond = 0.58, and
the most critical control flow elements (e.g., for,
while, return) receive the highest priority with
pctrl = 0.60. These assigned weights for each cate-
gory P = {pskel, pdata, pcond, pctrl} are summarized
in Table 3.

Category Symbol Weight

Skeletal tokens pskel 0.15
Data logic pdata 0.42
Conditionals pcond 0.58
Control flow pctrl 0.60

Table 3: Sampling Weights for Node Categories.

A.3 Dataset Processing Pipeline
Both methods were evaluated using the
nvidia/OpenCodeReasoning dataset. We
developed a specialized data processing pipeline to
accommodate the structural requirements of our
experiments. For each raw sample, we constructed
a prompt using a standard chat template and
explicitly parsed the assistant’s response to isolate
the Chain-of-Thought (CoT) reasoning block
(delimited by <think> tags) from the executable
code solution. This segmentation was critical for
our experiments, particularly for Method II, as it
allowed us to apply the AST parser exclusively to
the valid Python code regions without attempting
to parse natural language reasoning steps, which
would result in syntax errors. The prompt length
was dynamically calculated to ensure that user
instructions were never masked, focusing the loss
computation solely on the model’s generative
output.

B Qualitative Study

Comparison: HumanEval/54 Given two strings
s0 and s1, return True if they contain the same set
of characters, and False otherwise.

# AST
s e t 0 = s e t ( s0 )
s e t 1 = s e t ( s1 )
re turn s e t 0 == s e t 1

# random masking
re turn s o r t e d ( s0 ) == s o r t e d ( s1 )

In HumanEval/54, the goal is to check whether
two strings contain the same set of characters,
regardless of frequency. The AST-aware model
correctly applies set() conversion and equality
comparison, directly aligning with the task seman-
tics. The random masking model, however, uses
sorted() comparison, which implicitly assumes
that character multiplicities are identical. As a re-
sult, it performs an anagram check rather than a true
set identity comparison. This reflects a tendency
toward pattern overgeneralization, often seen in
token-level models trained without structural guid-
ance. In contrast, the AST-trained model captures
the problem intent more faithfully by reconstruct-
ing logic at the level of semantically meaningful
code blocks.

Comparison: HumanEval/74 You are given
two lists of strings lst1 and lst2. Return the list
that has a shorter total number of characters. If
both have the same total character count, return
lst1.

# AST
t o t a l _ c h a r s 1 = sum ( l e n ( s ) f o r s in l s t 1 )
t o t a l _ c h a r s 2 = sum ( l e n ( s ) f o r s in l s t 2 )
i f t o t a l _ c h a r s 1 < t o t a l _ c h a r s 2 :

re turn l s t 1
e l i f t o t a l _ c h a r s 1 > t o t a l _ c h a r s 2 :

re turn l s t 2
e l s e :

re turn l s t 1

# random masking
i f l e n ( l s t 1 ) < l e n ( l s t 2 ) :

re turn l s t 1
e l i f l e n ( l s t 1 ) > l e n ( l s t 2 ) :

re turn l s t 2
e l s e :

t o t a l 1 = sum ( l e n ( s ) f o r s in l s t 1 )
t o t a l 2 = sum ( l e n ( s ) f o r s in l s t 2 )
i f t o t a l 1 < t o t a l 2 :

re turn l s t 1
e l i f t o t a l 1 > t o t a l 2 :

re turn l s t 2
e l s e :

re turn l s t 1

In HumanEval/74, the AST-aware model first
isolates each list in its own block, iterates through
each string to sum characters, then compares to-
tals and handles ties in scoped steps. Operations
(aggregation, comparison, tie-breaking) reside in
dedicated segments, keeping logic transparent and
compositional. In contrast, random-masking base-
line shortcuts by comparing the lengths of the lists,
a poor proxy of character count, then backtracks
to calculate string lengths, introducing redundant
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branches and obscuring strategy. This inconsis-
tency stems from its lack of structural bias. With
AST-derived priors, the AST-aware model decom-
poses tasks into modular, semantically aligned op-
erations, yielding robust, interpretable reasoning
with clear logic boundaries.

Comparison: HumanEval/133 You are given
a list of numbers. You need to return the sum
of squared numbers in the given list, round each
element in the list to the upper int (ceiling) first.

# AST
import math
r o u n d e d _ l s t = [ math . c e i l ( x ) f o r x in l s t ]
s q u a r e d _ l s t = [ x**2 f o r x in r o u n d e d _ l s t ]
re turn sum ( s q u a r e d _ l s t )

# random masking
r o u n d e d _ l s t = [ math . c e i l ( x ) f o r x in l s t ]
s q u a r e d _ l s t = [ x**2 f o r x in r o u n d e d _ l s t ]
re turn sum ( s q u a r e d _ l s t )

In HumanEval/133, the task involves round-
ing each number in a list to the ceiling, squar-
ing them, and summing the results. The AST-
aware model generates a truly modular and exe-
cutable solution: it explicitly imports the math mod-
ule, applies math.ceil elementwise (even handling
empty lists gracefully), then computes the sum of
squares—each step encapsulated in its own, seman-
tically coherent block. This reflects the model’s
structural generalization ability learned via AST-
guided corruption, yielding readable, maintainable
code. In contrast, the random-masking model omits
the import and inlines operations without clear
boundaries, suggesting reliance on partially mem-
orized token patterns rather than grounded recon-
struction. Its output may look correct in isolation,
but would fail at runtime without implicit context,
highlighting why training models to recover full
program structure, not just surface token spans, is
essential for robust code generation.

Robustness Analysis In addition to the main
results, we evaluate the robustness of TreeDiff
by varying the number of inference steps T dur-
ing the denoising process. Figure 4 compares the
performance of TreeDiff against the Baseline
(Random Mask) and LLaDA (Zero-shot) at T =
256 and T = 512.As illustrated, standard diffusion-
based code generators exhibit a noticeable per-
formance degradation when the inference trajec-
tory is extended. Specifically, both the Baseline
and LLaDA experience a 2.1% absolute drop in the
EvalPlus metric as T increases from 256 to 512,

Figure 4: Robustness Analysis

indicating that longer denoising chains without
structural guidance often lead to accumulated syn-
tactic errors or logical drift.In contrast, TreeDiff
maintains a remarkably stable performance, with a
negligible decrease of only 0.1% (from 40.7% to
40.6%). This stability underscores the effectiveness
of our AST-guided masking strategy. By anchor-
ing the denoising process with crucial structural
nodes (e.g., control flows and function skeletons),
TreeDiff preserves the program’s logical integrity
even across longer sampling trajectories. Notably,
TreeDiff consistently outperforms the baselines
and significantly narrows the gap with the autore-
gressive CodeLlama-7B model.

C AST span-level Masking Strategy

As Algorithm 2 shows, let x0 denote the input se-
quence of tokens; for each AST node, we extract a
span (si, ei) indicating the start and end positions
(inclusive) of the corresponding code fragment in
x0. This corresponds to Lines 5–17 in Algorithm 1,
where each span is iterated and its masking proba-
bility computed. These spans provide semantically
coherent regions of code that we later use for struc-
tured corruption. Compared to random masking,
AST-aware spans preserve the syntactic integrity
of code fragments, enabling the model to focus on
reconstructing meaningful program units.
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Algorithm 2 AST-Guided Masking with Expected
Span Corruption

Require: x0 ∈ VL ▷ token sequence
Require: Sx = {(si, ei, ti)}ni=1 ▷ AST spans

with Types ti
Require: ϵt ∈ [0, 1] ▷ target corruption rate
Require: Wtier ▷ Tier weights from Alg. 1
Ensure: xt

1: N ← ⌊ϵt · L⌋ ▷ target #masked tokens
2: m← 0L ▷ mask vector
3: Scand ← Shuffle(Sx) ▷ Randomize traverse

order
4: c← 0 ▷ current masked-token count
5: // Phase 1: span-level masking on code regions
6: for (s, e, type) ∈ Scand do
7: l← e− s
8: p←Wtier[type] ▷ Calculate p by Tier

Weight
9: if Bernoulli(p) = 1 and m[s : e] has no 1

then
10: m[s : e]← 1
11: c← c+ l
12: if c ≥ N then
13: break
14: end if
15: end if
16: end for
17: // Phase 2: fallback token masking (Same as

Alg. 1)
18: if c < N then
19: Iunmasked ← {i | m[i] = 0}
20: Randomly pick N − c indices from
Iunmasked set to 1

21: end if
22: // Phase 3: materialize
23: xt ← ⟨mask⟩ ⊙m+ x0 ⊙ (1−m)
24: return xt
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