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Struggling at the Start: Structural Causes of Decoding Difficulty
in Code Generation
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Abstract

Large Language Models (LLMs) demonstrate strong performance in
code generation, yet generation errors remain prevalent. Prior anal-
yses primarily focus on final outputs and aggregate performance
metrics, with limited examination of the decoding process that
gives rise to these outputs. To address this, we conduct a systematic
token-level comparison between natural language and code genera-
tion, and identify consistent differences in their decoding behaviors.
We find that decoding difficulty in code is not uniformly distributed,
but is concentrated at structurally critical positions, particularly
at line-initial tokens. Based on these observations, we propose
an interpretation in which decoding difficulty is associated with
increased predictive uncertainty at high-level structural decision
points during generation. To probe this interpretation, we introduce
a lightweight prompt-level intervention that provides structural
guidance, enabling a controlled diagnostic analysis without modify-
ing LLMs or decoding strategies. Experiments on HumanEval and
MBPP show that this intervention consistently reduces predictive
entropy at line-initial positions, highlighting the localized nature of
decoding difficulty and motivating future work on structure-aware
code generation.
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1 Introduction

Large Language Models (LLMs) have demonstrated remarkable
capabilities across a wide range of natural language processing
tasks [8] and software engineering applications, including code
generation [2, 7]. Despite these advances, code generated by LLMs

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.

Conference’17, Washington, DC, USA

© 2026 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-xxxx-X/YYYY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn

remains brittle: minor decoding errors can easily cascade into syn-
tactic or semantic failures [11, 14], posing a challenge for reliable
deployment in real-world programming scenarios.

Prior analyses primarily focus on final outputs and aggregate
performance metrics, with limited examination of the decoding
process. In autoregressive generation, decoding determines how
an LLM incrementally selects each next token, directly shaping the
correctness and coherence of the generated output. A key source
of syntactic or semantic failures manifests during the decoding
process, specifically in how the model makes token-level decisions.
Compared to natural language, programming languages impose
strict syntactic and semantic constraints, which fundamentally re-
shape the space of valid token-level continuations during decoding.
In this work, we begin by conducting a systematic token-level com-
parison between these two settings. Using metrics such as loss
variance, perplexity, and distributional skewness, we observe a
consistent contrast: while the distribution of predictive loss in nat-
ural language generation is relatively dispersed, code generation
exhibits highly localized instability, where most tokens are pre-
dicted with high confidence but a small subset incur substantially
large loss. This heavy-tailed loss distribution suggests that decoding
difficulty in code is concentrated at specific positions.

Motivated by this observation, we identify and characterize a
class of difficult tokens—tokens that consistently exhibit elevated
predictive loss and uncertainty during code generation. We find
that these tokens are not randomly distributed. Instead, they cluster
at structurally critical locations, most notably at the first semanti-
cally meaningful token of a line. Such line-initial positions often
coincide with points where the model must commit to high-level
structural choices, such as control flow decisions, semantic intent,
or the introduction of long-range dependencies. This empirical pat-
tern suggests a candidate causal mechanism: unresolved structural
alternatives positions contribute to increased decoding difficulty.

To examine this hypothesis, we recast the difficult-token phe-
nomenon as a problem of causal diagnosis. Rather than modifying
the model architecture or decoding algorithm, we introduce a tar-
geted prompt-level diagnostic intervention that encourages the
model to consider line-level structure prior to generation. Through
this intervention, we observe a consistent reduction in predictive
entropy at line-initial positions, suggesting that structural uncer-
tainty at these positions is effectively alleviated. These findings are
consistent with an interpretation that decoding difficulty at line
starts is closely related to structural ambiguity.

Beyond the proposed intervention, this causal perspective of-
fers a interpretation of structure-aware code generation methods,
such as SKCoder[10]. By explicitly generating high-level structural
sketches prior to token-level realization, such approaches can be
viewed as applying stronger interventions on similar structural
decision points. Although motivated by performance optimization,
their empirical success provides complementary evidence consis-
tent with the causal diagnostic view advanced in this work.
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In summary, this paper makes the following contributions:

e We present a systematic token-level analysis comparing
decoding behavior in natural language and code generation,
revealing localized instability unique to code.

o We identify line-initial structural positions as key locations
where predictive uncertainty concentrates, and hypothesize
that unresolved structural decisions at these positions give
rise to elevated decoding difficulty.

e We introduce a lightweight, diagnostic prompt-level in-
tervention to test this hypothesis and motivating future
structure-aware generation.

2 Differences in decoding in both natural
language and code generation

Before analyzing decoding behavior in code generation, a central
question is whether the decoding process for code exhibits prop-
erties that are distinct from those of natural language generation.
To investigate this question, we begin by systematically compar-
ing the decoding behavior of LLMs in natural language and code
generation.

2.1 Metrics

To analyze the decoding behaviors of large language models (LLMs)
in both code generation and natural language generation tasks, we
construct different quantitative metrics to characterize the distri-
butional properties of the decoding process. We adopt the token-
level log loss[15] as the core metric to evaluate LLM performance.
Given a generated sequence xy, X2, . . ., X,, LLMs predict each token
in an autoregressive manner, the token-level log loss is defined
as: L; = —log P(x; | x1,%2,...,x;—1) This metric directly reflects
the model’s prediction confidence at each step. In the information
theory[13], log loss represents the self-information of the predicted
token. To capture and compare the statistical properties of loss
value during the decoding process, we use the following statistical
metrics over token log losses:

Standard Deviation (o). Measures the variance of log losses within
a sequence:

1<% 1y
_ _E )2 S § .
7=47 2. (L —p)?, where pu= Pl L; (1)

A low standard deviation indicates stable prediction confidence
across tokens.

Skewness (y). measures the asymmetry of the log loss distribu-

tion:
_1 z Li—[J 3
y—;Z(—a ) @

Positive skew indicates that most tokens are predicted with low
loss but a few are highly uncertain, while negative skew suggests
the reverse.

Perplexity (PPL). is defined as the exponential of the average
log loss, perplexity offers a global summary of model prediction

Trovato et al.

Table 1: Experimental Evaluation Results on Both Datasets

LLM Dataset Language o y PPL
Dy code 1.52 3.62 1.60
Dy text 1.61 2.67 2.10
DeepSeek Da code 163 341 185
Dy text 1.98 194 3.06
Dy code 0.82 3.35 1.31
Qwen Dy text 1.05 2.84 1.58
Dy code 1.58 3.55 1.87
Dy text 1.71 2.45 2.35
Dy code 1.52 398 1.56
Dy text 1.55 2.62 2.22
Codellama ) code 146 444 161
Da text 1.92 197 2.97
confidence:
1 n
PPL = exp [~ D log P | x1,.. ., xim1) (3)
i=1

Lower perplexity implies higher overall certainty and fluency in
generation.

2.1.1 Dataset Construction. We investigates the differences in de-
coding behaviors between code and natural language generation
using three LLMs: DeepSeek-Coder-7B[3], Qwen-Coder-7B[5], and
CodeLlama-13B[12]. To support this analysis, we construct paired
datasets comprising program code and natural language:

Manually Constructed Dataset (Dg). We build a high-quality
dataset based on HumanEval [2] and MBPP [1]. From each dataset,
we randomly select 20 problems. We manually write corresponding
natural language descriptions based on the code implementations.
These descriptions are written and cross-checked by two program-
mers with at least two years of software development experience,
ensuring logical consistency and semantic clarity.

Automatically Constructed Dataset (D). We also constructed a
large automatically-generated dataset based on the Python subset
of CodeSearchNet[6]. We used DeepSeek-Coder-V2[3] to generate
natural language descriptions. This process resulted in a dataset
of 21,920 (text, code) pairs, reflecting the complexity of real-world
programming,.

2.2 Experimental Results and Analysis

We calculate the average of evaluation metrics across all samples
and show the results in Table 1. We derive the following key obser-
vations:

Code generation shows lower variance in prediction loss than
text generation On Dy, the average standard deviation for code
is 1.28, and 1.40 (+9.3%) for text. On the Dy, it rises to 1.55, and
1.87 (+20.6%). Code generation has less high-loss tokens and higher
skewness than text generation. On Dy, average skewness for code
is 3.66, and 2.71 for text (-26.3%); on Dy, it’s 3.80, and 2.12 (-44.2%).
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Figure 1: Statistical results of high-loss token proportions on dataset Dy
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Figure 2: Illustration of loss value changes in natural language and programming language decoding processes

This indicates that token losses in code are more sparsely and un-
evenly distributed than in text. Code generation has lower perplex-
ity than text generation, indicating lower prediction uncertainty.
On Dy, average perplexity is 1.49 for code and 1.96 for text (+31.5%).
On Dy, it’s 1.77, and 2.79 (+34%).

Moreover, we compare the proportions of high-loss tokens on
dataset Dy and show the results in Figure 1. The results reveal clear
differences: natural language consistently has a higher percentage
of tokens exceeding loss thresholds than code. For instance, at a
loss threshold of 1.0, 33.5% of natural language tokens exceed it,
compared to only 12.9% for code. Although the proportions de-
crease with higher thresholds, natural language remains higher
throughout. This difference reflects the stricter syntax of program-
ming languages. Natural language’s flexibility allows multiple valid
outputs, leading to greater prediction volatility and more high-loss
tokens.

We also visualizes loss value changes of LLMs during natural
language and code decoding, shown in Figure 2. The figure displays
prediction loss trends for four samples, with blue curves for natural
language and green for code. Tokens with high losses (> 2) are
marked in red and annotated. More experimental results are shown
in Appendix A.1 The results show distinct peak patterns: code
generation features few sharp high-loss peaks amid mostly near-
zero losses, indicating key decision points in code generation.

3 Difficult tokens analysis in code generation

To further understand the prediction difficulties of LLMs in the
decoding process of code generation tasks. We define the difficult
tokens in code generation and conduct extensive analysis.

3.1 Difficult tokens definition

To evaluate token-level model performance in code generation,

we propose the Predictive Difficulty (PD) metric, which measures
how hard a token is to predict based on its loss rank: PD(#;) =
Rank(f1) where ¢; is the i-th token, Rank(#;) is its rank by prediction
loss (ascending), and N is the total number of tokens. Inspired by
prior work [9], we define difficult tokens as those with PD above a
threshold H:

1 ifPD(;) > H

Difficult Token(t;) = ’ (4)
0 otherwise

3.2 Experimental Results and Analysis

To analyze where difficult tokens occur during code generation, we

evaluate DeepSeek-Coder and CodeLlama on HumanEval, MBPP,
and APPS[4]. We assign position indices within each code line,

marking indentation as Position 0 and the first meaningful token as
Position 1. Across all datasets and models, Position 1 consistently

contains the most difficult tokens (shown in Figure 3). On MBPP,

Position 1 accounts for 49.5% of difficult tokens, far exceeding the
second-most difficult position (17.1%), showing a relative increase
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fon 1 (40.5%)
)

(c) CodeLlama, MBPP

(d) DeepSeek, MBPP

Figure 3: Threshold Analysis of the Proportion of Difficult
Tokens, H = 0.95

of over 180%. Similar patterns are observed on HumanEval and
APPS (shown in Appendix A.3), where Position 1 holds over 40+%
of difficult tokens. We visualize difficult tokens in red and provide
representative examples in Appendix A.4.

This behavior reflects the cognitive and structural significance
of line-initial tokens: they often require reasoning over previous
context, understanding the broader structure of the code, and an-
ticipating future development in the code logic. In contrast, tokens
appearing later within a line are more likely to rely on local syn-
tax or autocomplete-style patterns, resulting in a flatter difficulty
distribution. We demonstrate the distribution of difficult tokens in
Appendix A.4.

To further analyze why line-initial tokens incur higher decoding
loss, we examine whether this difficulty arises from overconfident
but incorrect predictions, or from increased predictive uncertainty
at these positions. To this end, we visualize the entropy of model
predictions across different token positions. As depicted in Figure 4,
we observe that predictive entropy consistently peaks at Position 1
across datasets and models, indicating elevated uncertainty at line
beginnings (additional results are provided in Appendix A.2).

These findings suggest that the high decoding loss observed
at line-initial tokens is primarily associated with increased uncer-
tainty rather than confident misprediction. This further supports
the view that decoding at the start of a code line involves more com-
plex reasoning and structural decision-making, leading to greater
model uncertainty and motivating dedicated strategies for accurate
generation.

4 Targeted Prompt-Level Intervention

The observational analyses in the previous sections reveal a strong
and consistent association between line-initial positions and ele-
vated decoding difficulty. However, correlation alone is insufficient
to establish causal relevance. To move beyond correlation, we seek
to assess whether this association reflects a causal relationship

Trovato et al.

Token Prediction Entropy by Position

Relative Position in Line

(a) CodeLlama, APPS

Token Prediction Entropy by Position

Relative Position in Line

(b) DeepSeek-Coder, APPS

Figure 4: Uncertainty of different positions (APPS)

rather than a coincidental alignment. In this section, we intro-
duce a targeted prompt-level intervention that injects lightweight
structural guidance, and examine whether such guidance reduces
decoding uncertainty in code generation, particularly at line-initial
structural decision points.

4.1 Intervention Design

The intervention is designed to manipulate the hypothesized causal
factor—line-initial structural uncertainty—while keeping all other
aspects of generation unchanged. Concretely, we prepend a light-
weight structural guidance to the original prompt:

“Generate the following code carefully. Before starting,

internally determine the structure of the code. Output

only valid code. ”

This intervention has three important properties. First, it does
not introduce task-specific hints, intermediate solutions, or external
supervision. Second, it leaves the decoding strategy unchanged.
Third, it explicitly targets the structural decision boundary at line
starts, which our prior analysis identifies as a key locus of decoding
uncertainty.

From a causal perspective, the intervention can be viewed as a
controlled manipulation,

do(StructuralGuidance = 1),

where the outcome of interest is the model’s predictive uncertainty,
which is used as a token-level proxy for decoding difficulty and
is measured via entropy under teacher forcing at different token
positions.

4.2 Experimental Setup

We evaluate the proposed intervention on two standard code gener-
ation benchmarks, HumanEval [2] and MBPP [1]. Experiments are
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465 Table 2: Effect of prompt-level structural guidance on predictive entropy. Results are reported separately for line-initial tokens 523
166 (Position 1) and non-line-initial tokens. Lower entropy indicates reduced predictive uncertainty. 524
467 525
408 Model Dataset Position 1 (Line-Initial) Non-Position 1 526
::: Base Interv. A Base Interv. A ;Z
471 Qwen HumanEval 0.9450 0.6765 0.2685 0.2669 0.1649 0.1020 529
472 Qwen MBPP 0.9718 0.6239  0.3479  0.4187 0.2827 0.1360 530
473 DeepSeek HumanEval 0.7832 0.6936  0.0896  0.1941 0.1924 0.0017 531
474 DeepSeek MBPP 0.8817 0.8417 0.0400 0.3426 0.3396 0.0030 532
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conducted using two representative code LLMs, Qwen2.5-Coder-7B
and DeepSeek-Coder-7B. For each task and model, we compare two
conditions: (i) the original prompt (baseline), and (ii) the prompt
augmented with structural guidance (intervention).

For both conditions, we compute token-level predictive entropy
for line-initial tokens (Position 1) and non-line-initial tokens.
All other experimental settings are kept identical across conditions.
This controlled setup ensures that any observed differences in un-
certainty can be attributed to the intervention itself.

4.3 Experimental Results

Table 2 summarizes the effect of the prompt-level intervention
across models and datasets. Across all four settings, we observe a
consistent reduction in predictive entropy at line-initial positions
under the intervention condition. For Qwen2.5-Coder, the reduction
is substantial, reaching 0.27 on HumanEval and 0.35 on MBPP.
DeepSeek-Coder exhibits a similar but more moderate pattern, with
smaller yet consistent reductions at line starts.

Crucially, the entropy reduction is localized. For non-line-initial
tokens, the corresponding reductions are markedly smaller despite
the intervention being applied globally at the prompt level. This
contrast indicates that the intervention does not uniformly reshape
the model’s output distribution.

The strong localization of entropy reduction provides causal
diagnostic evidence that the intervention primarily operates by
alleviating uncertainty at structural decision boundaries, rather than
by globally smoothing token predictions. Because the decoding
strategy and evaluation targets remain unchanged, and because
uncertainty reductions concentrate specifically at line-initial posi-
tions, the observed effect cannot be explained by generic calibration
or prompt-induced regularization. Instead, these results support
the causal hypothesis that line-initial positions correspond to la-
tent planning points where the model must commit to a high-level
structural continuation.

generation strategies can be effective in practice. We further con-
nect our findings to structure-first generation methods such as
SKCoder[10], whose empirical success provides complementary,
external validation of the same causal mechanism.

5 Conclusion

In this work, we provide a causal diagnosis of decoding difficulty
in code generation. By comparing token-level decoding behaviors
between natural language and code, we show that doecoding diffi-
culty in code generation is highly localized, which is concentrated
at line-initial structural positions. We interpret these positions as
high-level planning and decision points that induce elevated pre-
dictive difficulty.

To test this hypothesis, we introduce a lightweight, diagnos-
tic prompt-level intervention that introducing strutural guidance
during decoding, and demonstrate its effectiveness in lowering
uncertainty at these positions.

6 Future Work

This work opens several promising directions for future research:

First, our intervention is deliberately lightweight and diagnostic.
An important direction is to integrate causal insights into more pow-
erful generation strategies. For example, combining minimal struc-
tural guidance with structure-first or plan-and-execute paradigms
may yield decoding methods that are both interpretable and ef-
fective. Our findings provide a causal explanation for why such
approaches work, but their systematic design remains an open
problem.

Second, future work may explore causal modeling beyond prompt-
level interventions. This includes learning causal abstractions from
model hidden states, constructing explicit causal graphs over struc-
tural and semantic variables, or performing controlled interventions
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512 . . at the representation or decoding-policy level. Such approaches 570
513 4.4 Discussion could deepen our understanding of how internal model dynamics 571
514 Taken together, these results provide causal diagnostic evidence give rise to observable decoding behavior. 572
515 that unresolved structural decisions at line starts contribute sub- Finally, while this study focuses on code generation, the pro- 573
516 stantially to elevated decoding difficulty in code generation. By posed causal diagnostic framework may extend to other structured 574
517 intervening on the availability of structural guidance at these posi- generation tasks, such as mathematical reasoning, formal proof 575
518 tions, we are able to systematically reduce decoding difficulty of generation, and program synthesis. Investigating whether similar 576

code generation with LLMs. These findings strengthen our cen-
tral claim that line-initial structural ambiguity plays a key role in
shaping decoding difficulty, and help explain why structure-aware

structure-induced uncertainty arises in these domains would fur-
ther clarify the role of planning and structure in foundation model
behavior.
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We hope this work motivates further integration of causal rea-
soning into the analysis and design of decoding methods, advancing
the interpretability and trustworthiness of large language models.
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A Appendix

A.1 Illustration of loss value changes

Illustration of loss value changes on examples from MBPP datasets.

The results are shown in Figure 5.

A.2 Uncertainty Estimation

Uncertainty Estimation of positions in code lines on HumanEval
and MBPP datasets. The results are shown in Figure 6.

A.3 Proportion of Difficult Tokens

Proportion of Difficult Tokens of different positions in code lines on
HumanEval and MBPP datasets. We also report the results under
H = 0.85. The results are shown in Figure 7.

A.4 Example of Difficult Tokens

Example of Difficult Tokens in code snippet. The results are shown
in Figure 8.
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Figure 5: Illustration of loss value changes in natural language and programming language decoding processes
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scaler = StandardScaler()

standardized_data = scaler.fit_transform(data)

standardized_data_str = np.array2string(standardized_data)

encoded_data = base64.b64encode(standardized_data_str.encode('ascii')).decode('ascii')

return encoded_data

elements_series = pd.Series(elements)
count_series = elements_series.apply(lambda x: len(x))
data_dict = {'Element': elements_series, 'Count': count_series}
if include_index:
data_dict['Index'] = np.arange(len(elements))
count_df = pd.DataFrame(data_dict)
if include_index:
count_df = count_df[['Index', 'Element', 'Count']] # Reordering columns to put 'Index' first
return count_df

strings = [''.join(random.choices(string.ascii_lowercase, k=string_length)) for
characters = ''.join(strings)

character_counter = Counter(characters)

most_common_characters = character_counter.most_common()

in range(num_strings)]

return most_common_characters

X
y

df.drop(target_column, axis=1)
df [target_column]

model = RandomForestClassifier(random_state=42).fit(X, y)

feature_imp = pd.Series(model.feature_importances_, index=X.columns).sort_values(
ascending=False

)

plt.figure(figsize=(10, 5))

ax = sns.barplot(x=feature_imp, y=feature_imp.index)

ax.set_xlabel("Feature Importance Score")

ax.set_ylabel("Features")

ax.set_title("Visualizing Important Features")

return model, ax

font = {'family': 'Arial'}

plt.rc('font', *xfont) # Set the global font to Arial.

DIABETES = load_diabetes()

diabetes_df = pd.DataFrame(data=DIABETES.data, columns=DIABETES.feature_names)
pair_plot = sns.pairplot(diabetes_df)

return pair_plot.fig, diabetes_df

def find_poisoned_duration(self, time_series, duration):
if not time_series:
return @
total = 0
for i in range(1, len(time_series)):
total += min(time_series[i] - time_series[i - 1], duration)
return total + duration

z_scores = zscore(data_matrix, axis=1)

feature_columns = ["Feature " + str(i + 1) for i in range(data_matrix.shape[1])]
df = pd.DataFrame(z_scores, columns=feature_columns)

df["Mean"] = df.mean(axis=1)

correlation_matrix = df.corr()

ax = sns.heatmap(correlation_matrix, annot=True, fmt=".2f")

return df, ax

Figure 8: Example of Difficult Tokens in code snippet
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