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Abstract

Large Language Models (LLMs) are now
widely used for tasks such as summarization,
question answering, and speech-to-text transla-
tion, and increasingly for code generation, with
tools such as Cursor and Windsurf analyzing
massive code repositories and recommending
changes. Big tech companies have acknowl-
edged growing reliance on LLM-generated
code. Although this improves developer pro-
ductivity, it also raises the risk of subopti-
mal and insecure code. We introduce a re-
trieval framework for code generation that con-
nects geometry-aware prototype sampling with
syntax-grounded interpretability analysis. By
conditioning AST-based explanations on re-
trieved demonstrations, our method evaluates
retrieval quality through both functional cor-
rectness and interpretability alignment. In our
experiments, high-quality in-context learning
(ICL) demonstrations make outputs easier to in-
terpret and improve P@10, whereas poorly cho-
sen demonstrations reduce P@10 relative to the
base model. Overall, our approach highlights
the importance of efficient sampling strategies
for ICL, which can affect model performance
on any given task.

1 Introduction

In recent years, Large Language Models (LLMs)
have gained significant traction in the fields of code
completion and code filling. This growth has been
fueled by the availability of large-scale open-source
datasets such as The vault (Nguyen et al., 2023),
CodeSearchNet (Husain et al., 2020), CodeXGlue
(Lu et al., 2021) and many others. Alongside these
datasets, we have also witnessed the emergence
of open-source models designed specifically for
code-related tasks, including the CodeLlama se-
ries (Rozière et al., 2024), Qwen Coder (Hui et al.,
2024) series, and StarCoder series (Li et al., 2023a).
In parallel, closed-source models such as GPT-4o
(OpenAI et al., 2024) and Claude Code (Anthropic,

0.2 0.3 0.4 0.5 0.6 0.7

0.2

0.4

0.6

AST Confidence ↑

P@
10

↑

Clustering
MBPP-ICL

KNN
EPR

Ada-ICL
Ours

Figure 1: AST Confidence vs. P@10 across all models
and ICL strategies. Ours (red stars) consistently occu-
pies the upper-right region.

2025) have been widely adopted by various big tech
companies for generating production-ready code.
Despite these advancements, most of these mod-
els remain difficult to interpret in the context of
code generation. While a variety of interpretabil-
ity methods have been developed to interpret the
outputs generated by LLMs and foster trust in their
usage across domains, many of these approaches
are generic and not specifically tailored for code
generation tasks. Some methods, however, specifi-
cally focus on interpretability for code generation.
For instance, Code-Q (Palacio et al., 2025) identi-
fies influential tokens that guide the model’s output,
but it requires repeated sampling and generation,
which introduces significant computational over-
head during inference.

Another method, ASTrust (Palacio et al., 2024),
leverages Abstract Syntax Trees (ASTs) by using
model-generated token probabilities to generate
syntax-grounded explanations for code generation.
Tokens are mapped to code-level subsets, which
are then grouped into terminal and non-terminal
AST nodes, where each non-terminal node is rep-
resented by the aggregated confidence of its as-
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sociated terminal nodes. While effective, this ap-
proach requires storing probability distributions
over the entire vocabulary at every decoding step,
which scales poorly as the output length increases.
More importantly, existing syntax-grounded in-
terpretability methods such as ASTrust analyze
generated code independently of the retrieval pro-
cess, whereas most manifold learning and metric
learning approaches focus primarily on represen-
tation learning and retrieval quality without con-
sidering interpretability. In contrast, our work con-
nects these previously separate directions through
a unified framework for interpretable code genera-
tion, where geometry-aware prototype retrieval is
directly linked to syntax-grounded explanations
of generated code. Specifically, we propose a
manifold-guided prototype sampling strategy that
automatically selects representative ICL demon-
strations from a dataset and evaluates their quality
not only through downstream functional correct-
ness, but also through interpretability alignment.
By combining prototype-conditioned attribution
with AST-based analysis, our framework identifies
which syntactic regions of generated code such as
iterations, data structures, and conditional logic are
most influenced by the retrieved demonstrations,
enabling retrieval-aware and syntax-grounded in-
terpretability for code generation in LLMs.

• Unified Retrieval and Interpretability
Framework for Code Generation We in-
troduce a framework that jointly connects
prototype-based retrieval, manifold-aware rep-
resentation learning, and syntax-grounded in-
terpretability for LLM code generation. Un-
like prior approaches that optimize retrieval
quality or interpretability independently, our
method links the quality of retrieved demon-
strations with both functional correctness and
AST-grounded explanation quality.

2 Related work

2.1 In context learning
In-context learning (ICL) (Brown et al., 2020) is
a paradigm that enables language models to per-
form tasks using only a few demonstrations without
explicit parameter updates. Since demonstrations
are expressed in natural language, ICL provides
an interpretable interface for interacting with large
language models (LLMs). Furthermore, ICL resem-
bles the human decision-making process of learn-
ing through analogy (Winston, 1980). Unlike su-

pervised training, ICL is a training-free framework
that allows models to generalize to new tasks with-
out additional computational costs for fine-tuning.

Based on (Dong et al., 2024), several unsuper-
vised strategies have been proposed to sample effec-
tive demonstrations for ICL. A simple yet effective
method is to select the nearest neighbors of the
input instance based on similarity measures ( (Liu
et al., 2022), (Tanwar et al., 2023), (Qin et al.,
2024)). Common distance metrics include L2 dis-
tance and cosine similarity derived from sentence
embeddings. Beyond distance-based approaches,
mutual information (Sorensen et al., 2022) and per-
plexity (Gonen et al., 2023) have also been shown
to be useful for selecting prompts without labeled
data or model-specific assumptions.

Although off-the-shelf retrievers provide conve-
nient solutions for a wide range of NLP tasks, they
are often heuristic and sub-optimal due to the ab-
sence of task-specific supervision. To overcome
this limitation, supervised retriever-based methods
have been introduced ( (Rubin et al., 2022) (Ye
et al., 2023) (Wang et al., 2024) (Zhang et al.,
2022)). For instance, (Rubin et al., 2022) proposed
EPR, a two-stage framework for training dense re-
trievers to identify suitable demonstrations. Build-
ing on this, (Li et al., 2023b) developed a unified
retriever capable of selecting demonstrations across
diverse tasks, while (Mavromatis et al., 2023) in-
troduced AdaICL, a model-adaptive method that
leverages LLMs to predict outcomes for unlabeled
data and assign uncertainty scores to guide demon-
stration selection.

(Rodriguez-Cardenas et al., 2023) emphasized
the sensitivity of demonstration selection by com-
paring two different prompt groups in a controlled
experiment. One group exhibited a positive causal
effect, improving the Average Treatment Effect
(ATE) by 5.1% on ChatGPT, while the other group
showed a negative causal effect, decreasing ATE
by 3.3% relative to the control group. Here, ATE
quantifies the average causal influence of a treat-
ment (i.e., the chosen prompt group) on model
performance. These findings highlight the criti-
cal role of demonstration quality: poorly chosen
examples may reduce performance, sometimes per-
forming worse than LLMs that do not use ICL at all.
Throughout the paper, we use the terms demonstra-
tions and examples interchangeably in the context
of ICL.
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3 Methodology

Prototype-based approaches provide an inter-
pretable mechanism to associate each class with
representative examples, commonly referred to as
prototypes. A simple baseline is to define pro-
totypes using statistics such as class means or
medoids in the embedding space. However, these
statistical summaries fail to capture the intrinsic
geometry of the representation space: they are vul-
nerable to outliers, insensitive to intra-class multi-
modality, and often yield prototypes that are statis-
tically central yet semantically uninformative.

To overcome these shortcomings, we turn to
the manifold perspective. The manifold hypoth-
esis (Cayton, 2005) posits that high-dimensional
representations lie on low-dimensional manifolds.
Leveraging this structure allows prototypes to be
sampled from regions that capture the local ge-
ometry of the data, rather than from globally av-
eraged or distorted positions in embedding space.
While classical manifold learning techniques such
as t-SNE (van der Maaten and Hinton, 2008),
UMAP (McInnes et al., 2020), and LLE (Roweis
and Saul, 2000) emphasize neighborhood preserva-
tion, they often distort local dependencies or fail
to maintain global structure. We therefore adopt a
piecewise-linear manifold learning strategy, which
decomposes nonlinear manifolds into locally linear
regions.

While geometry preserves structural fidelity, it
does not guarantee that prototypes are discrimina-
tive across classes. To enforce both intra-class com-
pactness and inter-class separation, we integrate
metric learning objectives. Traditional formula-
tions such as triplet or contrastive loss require pre-
specified prototypes and extensive mining, mak-
ing them inefficient and unstable. Instead, we em-
ploy Proxy-Anchor loss, which introduces learn-
able class-level proxy vectors to directly optimize
intra-class cohesion and inter-class margins. After
training, each learned proxy vector is mapped to its
nearest training instance using Euclidean distance.

As highlighted in Rodriguez-Cardenas et al.
(2023), in the context of ICL, the selection of
demonstrations plays a crucial role in model perfor-
mance. In our approach, we dedicate considerable
effort to identifying the most suitable prototypes
(ICL examples) for each LLM. Our method can
be divided into two main components. In the first
stage, we initialize a simple neural network hθ and
train it on Dataset D to jointly optimize manifold

learning and metric learning objectives. Once the
training is complete, the learned proxy vectors are
employed to sample prototypes.

3.1 Dataset
We have used the Magicoder-OSS-Instruct-75K
(Wei et al., 2024) for sampling the prototypes. This
dataset consists of 75,000 synthetic instruction-
following examples generated using OSS-Instruct;
it contains 9 programming languages. For every
query, it has a programming language id, the query,
and the code solution. For every sample in the
dataset, we have used the following prompt struc-
ture to format all the samples in the dataset.

Prompt Structure: "This is the query being as-
signed:"+" "+ [/Q]+" "+"The following is the code
solution to the query"+" "+[/S]". Where the place-
holders [/Q] and [/S] are for query and code solu-
tion respectively. After formatting the prompts, we
use the respective Large Language Model (M ) to
encode the final prompts into the latent represen-
tations (z). We simultaneously label encode the
programming language ID for using them as class
labels; this method gives us 9 different classes, and
for each sample in the dataset, we will be storing
the encoded label (l) and the latent representation
(z) as pairs in dataset D.

3.2 Training overview
As mentioned in Section 3, our method consists
of two stages. In the first stage of our method, we
initialize a simple neural network hθ (Table 3) and
train it on Dataset D to jointly optimize manifold
learning (Eq. 2) and metric learning objectives
(Eq. 1). The neural network hθ learns to map
the high-dimensional encoded representations into
lower dimensions. Before the training process, we
initialize the proxies θq and θm. Here both the
proxies are unique for each class and initialized
randomly with θq = θm. The proxy vector θq is
updated via back-propagation, and the proxy vector
θm is updated via the Momentum update (He et al.,
2020) where γ is the momentum constant, [θk ←
γθk + (1− γ)θq]

During training, for every mini-batch B we build
linear piecewise manifolds as outlined in Section
3.3. For every point in B, we then compute the
manifold-based similarity following the procedure
in Section 3.4. This similarity measure is used to
compute the manifold point-to-point loss Lmanifold.
At the same time, we compute the Proxy Anchor
loss LPA using randomly initialized class proxies
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θq and latent representations z in batch B. The
final loss is computed as, Ltotal = LPA + Lmanifold.

While the manifold loss preserves local geo-
metric structure, the Proxy-Anchor loss promotes
intra-class compactness and inter-class separation,
thereby facilitating the discriminative learning of
prototypes. Across epochs, the network parameters
are updated via backpropagation. After training,
the momentum-updated proxies θm are used to se-
lect the nearest training instance as the prototype
for each class, yielding a single prototype per class
for the subsequent stage.

After the completion of the training process, we
proceed to the second stage, where we generate the
code completions using the prototypes. After that,
we utilize the encoded latent representations of the
prototypes to calculate the confidence score per to-
ken for AST analysis. For each code completion,
we compute a prototype attribution-based score to
quantify the influence of the prototypes on the gen-
erated code. Specifically, influence is measured by
the attribution between the sampled demonstrations
and the code completions. Finally, we perform an
AST analysis to analyze how the prototypes impact
the syntactic structure of the generated code.

3.3 Manifold Construction
Based on the manifold hypothesis, we can assume
that the encoded latent representations z, which are
inherently complex and non-linear, can be locally
approximated into smaller chunks of linear regions.
Our approach leverages this structural assumption
to automatically identify representative prototypes
that capture the essential characteristics of each
action class.

To efficiently approximate the structure of the
linear data manifolds, we adopt a piecewise linear
manifold learning method which constructs local-
ized m-dimensional linear submanifolds around
selected anchor points. Given a mini batch B con-
taining N data points, we randomly select n of
them to serve as anchors. For each anchor point
hθ(zi), we initially collect its m−1 nearest neigh-
bors in the encoded representation space based on
Euclidean distance to form the neighborhood set
Xi.

The manifold expansion process proceeds itera-
tively by attempting to add the m-th nearest neigh-
bor to Xi. After each addition, we recompute
the best-fit m-dimensional submanifold using PCA
and assess whether all points in Xi can be recon-
structed with a quality above a threshold T%. If

the reconstruction quality remains acceptable, the
new point is retained in Xi; otherwise, it is ex-
cluded. This evaluation is repeated for subsequent
neighbors N(hθ(xi))j for j ∈ {m + 1, . . . , k},
gradually constructing a local linear approximation
of the manifold.

The final set Xi comprises all points in the an-
chor’s neighborhood that lie well within an m-
dimensional linear submanifold. A basis for this
submanifold is computed by applying PCA to Xi

and extracting the top m eigenvectors. We choose
PCA for this task as it can effectively construct the
lower-dimensional manifolds for the locally linear
regions.

3.4 Training objectives

Proxy Anchor Loss: We use a modified version
of proxy anchor loss with Euclidean distance in-
stead of cosine similarity:

LPA =
1

|Θ+|
∑

θq∈Θ+

log

(
1 +

∑

Z′∈Z′+
θq

exp
(
− α

(
∥hθ(Z)− θq∥2 − ϵ

))
)

+
1

|Θ|
∑

θq∈Θ
log

(
1 +

∑

Z′∈Z′−
θq

exp
(
α
(
∥hθ(Z)− θq∥2 − ϵ

))
)

(1)
Here, Θ denotes the set of all proxies, where

each proxy θq ∈ Θ serves as a representative vec-
tor for a class. The subset Θ+ ⊆ Θ includes only
those proxies that have at least one positive embed-
ding in the current batch B. For a given proxy θq,
the latent representations Z in B (where z ∈ Z)
are partitioned into two sets: Z+

θq
, the positive em-

beddings belonging to the same class as θq, and
Z−
θq

= Z \Z+
θq

, the negative embeddings. The scal-
ing factor α controls the sharpness of optimization
by amplifying hard examples when large (focusing
gradients on difficult pairs) or smoothing training
when small (spreading weight across all pairs). The
margin ϵ enforces a buffer zone between positives
and negatives by requiring positives to be closer to
their proxies and negatives to be sufficiently farther
away.

Manifold Point-to-Point Loss: This loss helps
in estimating the point to point similarities preserv-
ing the geometric structure:

Lmanifold =
∑

i,j

(δ · (1− s(zi, zj))− ∥hθ(zi)− hθ(zj)∥2)2

(2)
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where s(zi, zj) is the manifold similarity computed
as:

s(zi, zj) =
s′(zi, zj) + s′(zj , zi)

2

with s′(zi, zj) = α(zi, zj) · β(zi, zj), where:

α(zi, zj) =
1

(1 + o(zi, zj)2)
Nα

β(zi, zj) =
1

(1 + p(zi, zj))
Nβ

In Equations (1) & (2), hθ is a simple neural net-
work with a structure specified in Table 3 and δ is
a scaling factor that determines the maximum sep-
aration between dissimilar points. The loss encour-
ages Euclidean distances in the embedding space to
match manifold-based dissimilarities 1− s(zi, zj),
ensuring that the learned metric space respects the
underlying manifold structure. o(zi, zj) is the or-
thogonal distance from point zi to the manifold
of point zj , and p(zi, zj) is the projected distance
between point zj and the projection of zi on the
manifold. The parameters Nα and Nβ control
how rapidly similarity decays with distance, with
Nα > Nβ ensuring that similarity decreases more
rapidly for points lying off the manifold than for
points on the same manifold.

Distance Calculation. For each point pair
(zi, zj), the distances o(zi, zj) and p(zi, zj) are
calculated using the manifold basis vectors Pj

associated with point zj . The projection of
zi onto Pj is computed as projPj

(zi) = zj +∑
k⟨zi − zj , vk⟩vk, where vk are the basis vectors

of Pj . The orthogonal distance is then o(zi, zj) =
∥zi − projPj

(zi)∥2, and the projected distance is
p(zi, zj) = ∥projPj

(zi) − zj∥2. This process is
repeated for all point pairs, capturing the full geo-
metric structure of the data manifold.

4 Results

We evaluated the effectiveness of different sam-
pling methods by applying them as in-context learn-
ing (ICL) examples on the MBPP test set (Austin
et al., 2021). To ensure fair evaluation across re-
trieval strategies, all ICL methods sample exactly
one demonstration per class and use an identical
class-wise ordering based on class IDs within the
prompt. This produces the same number of demon-
strations and a consistent prompt structure across
all methods. When the retrieved demonstrations
exceed the context limit (set as respective model’s
context length), truncation is applied uniformly

across all methods. Therefore, performance differ-
ences primarily reflect the quality of the retrieved
demonstrations rather than variations in prompt or-
dering, formatting, or demonstration count. For
methods that retrieve multiple examples from the
same class, only the highest-ranked instance from
each class is retained to maintain a consistent class-
balanced prompt across all methods. To demon-
strate the effectiveness of our method we have used
2 sets of models for experimentation, the first set
consisting of generic models of Qwen3 (Yang
et al., 2025), Llama-3.2 (Meta-AI, 2024), Falcon-
3 (Falcon-LLM-Team, 2024) and for the second
set we have used code-specialized pretrained mod-
els. StarCoder-base (Li et al., 2023a), Qwen2.5-
Coder (Hui et al., 2024), CodeLlama (Rozière
et al., 2024).

The results are reported on a scale from [0, 1],
where 0 is the lowest and 1 is the highest (for
instance, 0.1 can be interpreted as 10%). The
Qwen2.5-Coder model, despite having fewer pa-
rameters than CodeLlama, achieves comparable
performance on both the P@1 and P@10 metrics
across the MBPP and MBPP+ test sets. As noted
by (Rodriguez-Cardenas et al., 2023), within the
ICL setting, the quality of selected demonstrations
can also negatively affect model performance.

For the Qwen3 and Qwen2.5-Coder models, us-
ing demonstrations sampled from distance based
approaches leads to a decline in performance on
both MBPP and MBPP+. A similar trend is ob-
served for the StarCoder and CodeLlama models.
These results suggest that the Qwen family of mod-
els, as well as code-specialized pretrained models
in general, are particularly sensitive to the choice of
ICL demonstrations. An unsuitable set of demon-
strations can reduce performance compared to the
base model, underscoring the importance of effec-
tive sampling strategies for ICL. To assess scalabil-
ity, we evaluated our method on two larger models:
Qwen2.5-Coder-14B and CodeLlama-13B. The re-
sults (Table 8) demonstrate that our approach scales
effectively to larger architectures, maintaining con-
sistent performance gains over both heuristic and
learned retriever baselines. For each target LLM,
we train a separate prototype selector hθ using em-
beddings extracted from that specific model. Con-
sequently, the retriever becomes model-specific,
allowing the learned prototypes to adapt to the la-
tent representation geometry of each LLM indepen-
dently. The prototype-selection stage is performed
offline once per model and does not introduce ad-
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Model Metric Zero shot Clustering MBPP-ICL Ours KNN EPR Ada-ICL

CodeLlama-7B

MBPP P@1 0.159 0.038 0.071 0.228 0.114 0.205 0.183
MBPP P@10 0.497 0.140 0.341 0.526 0.328 0.481 0.490
MBPP+ P@1 0.129 0.033 0.053 0.190 0.094 0.154 0.167
MBPP+ P@10 0.407 0.119 0.278 0.450 0.278 0.432 0.426

Falcon3-1B

MBPP P@1 0.112 0.119 0.025 0.155 0.116 0.131 0.125
MBPP P@10 0.342 0.365 0.140 0.386 0.333 0.363 0.335
MBPP+ P@1 0.097 0.097 0.018 0.134 0.097 0.114 0.097
MBPP+ P@10 0.288 0.288 0.101 0.318 0.267 0.288 0.296

LLaMA-3.2-1B

MBPP P@1 0.111 0.153 0.043 0.157 0.111 0.126 0.131
MBPP P@10 0.354 0.354 0.230 0.413 0.341 0.354 0.383
MBPP+ P@1 0.097 0.125 0.029 0.135 0.097 0.125 0.097
MBPP+ P@10 0.310 0.310 0.167 0.344 0.275 0.325 0.325

Qwen2.5-Coder-0.5B

MBPP P@1 0.233 0.208 0.115 0.308 0.229 0.247 0.256
MBPP P@10 0.521 0.511 0.447 0.579 0.516 0.533 0.533
MBPP+ P@1 0.188 0.167 0.095 0.267 0.193 0.216 0.225
MBPP+ P@10 0.437 0.410 0.378 0.492 0.434 0.451 0.458

Qwen3-0.6B

MBPP P@1 0.101 0.144 0.055 0.203 0.112 0.153 0.161
MBPP P@10 0.373 0.402 0.307 0.492 0.328 0.431 0.447
MBPP+ P@1 0.084 0.115 0.044 0.167 0.087 0.137 0.128
MBPP+ P@10 0.323 0.344 0.257 0.418 0.270 0.344 0.366

StarCoderBase-1B

MBPP P@1 0.098 0.056 0.043 0.113 0.098 0.098 0.106
MBPP P@10 0.299 0.238 0.206 0.331 0.270 0.314 0.299
MBPP+ P@1 0.079 0.047 0.029 0.091 0.079 0.065 0.079
MBPP+ P@10 0.230 0.183 0.148 0.272 0.230 0.242 0.249

Table 1: Performance on MBPP and MBPP+ datasets with different ICL selection strategies

ditional training during inference-time code gen-
eration. Although MBPP is a Python benchmark,
cross-language prototypes can still encode trans-
ferable algorithmic and structural reasoning pat-
terns (e.g., iteration, recursion, data-structure ma-
nipulation). Our method therefore treats language-
specific manifolds as carriers of broader program
semantics rather than syntax alone.

5 AST analysis

To analyze the influence of the sampled ICL demon-
strations on the generated code we perform an AST
analysis. In the ASTrust framework, the authors
employ token-level probabilities produced by the
model M as the confidence scores in the token set.
For a sequence of tokens w1, w2, . . . , wi, the prob-
ability of generating the next token wi+1 is defined
as Eq. (3) where M denotes the Large Language
Model and M(w1:i) represents the non-normalized
log probabilities output by the model for the given
context.

P (wi+1 | w1:i) = Softmax
(
M(w1:i)

)
, (3)

While ASTrust analyzes token confidence distri-
butions produced during decoding, our method in-
troduces prototype-conditioned attribution analysis

that links retrieval behavior with syntax-grounded
interpretability; we replace token probabilities with
attribution-based prototype influence scores de-
rived from the relationship between the sampled
demonstrations and the generated code. Concretely,
given a model-generated code snippet C, we first
extract the generated tokens wi and their contex-
tual latent representations zwi . Let zp denote the
latent representation of a sampled prototype p. We
compute the average prototype representation as

za =
1

|P |
∑

i∈P
zi,

where P denotes the set of sampled prototypes.
We then compute the cosine similarity between za
and each token representation zwi , and calculate its
gradient with respect to zwi . The normalized gra-
dient magnitudes ∇zwi

(Eq. (4)) are subsequently
used as token-level confidence scores for AST anal-
ysis.

∇zwi
=

∥∥∥∥
∂ cos(zwi , za)

∂zwi

∥∥∥∥
2

(4)
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Figure 2: Conceptual working of AST analysis ( (Palacio et al., 2024))

Figure 3: Alignment & Clustering Interactions. The δ function aligns tokens wi to terminal nodes λ. Terminal and
Non-terminal nodes λ, α ∈ υ are clustered by Syntax Categories Λ ( (Palacio et al., 2024))

5.1 Syntax Grounded explanations

AST analysis involves using the prototype-based
attribution scores as token confidence scores as dis-
cussed in Section 5. We then compute the average
confidence over tokens corresponding to each AST
node, and report these averages as performance
values grouped by manually defined syntax cate-
gories. The process follows three steps, illustrated
in Fig. 2. In Step 1, for every generated code snip-
pet, the tokenizer splits the code into tokens wi

(forming the token set τ G.1), and the model as-
signs a confidence score to each token as described
in Section 5. In Step 2, the token-level predic-
tions are aligned with the respective Abstract Syn-
tax Tree (AST) terminal nodes. Terminal nodes
retain the raw confidences, whereas non-terminal
nodes hierarchically store aggregated values. To-
gether, terminal and non-terminal nodes form the
subcategory set υ G.1. For instance, the token
’if_’ from the token set aligns with a terminal AST
node but is grouped under the non-terminal node
’if_statement’. Finally, in Step 3, the analysis intro-
duces eight syntax categories to summarize model
predictions. These categories aggregate subcate-

gories into broader, human-interpretable groups.
The Syntax Categories form a fixed Category Set
Λ G.1, providing more intuitive elements for inter-
pretation.

For example, the sub-categories ’if_statement’
and ’if’ are grouped under the syntax category ’De-
cisions’ Fig. 3. Ultimately, ASTrust outputs an
averaged score for each category to provide global
explanations, along with an AST tree visualization
that embeds confidence scores at every node for lo-
cal explanations. In essence, we argue that syntax
elements encode semantic information that contex-
tualizes token-level confidence scores, though this
semantic value differs depending on the granularity
of the elements. For instance, tokens alone con-
vey less interpretable meaning compared to higher-
level categories. AST analysis thus serves as a
post-hoc explanation framework at both local and
global levels. Local explanations focus on breaking
down a single code snippet into AST elements to
interpret its generation, while global explanations
rely on multiple generated snippets to provide a
holistic view of the model through Syntax Cate-
gories (SCs) G.1.
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5.2 Retrieval Quality as Interpretability
Alignment

Existing retrieval strategies for in-context learn-
ing are typically evaluated using downstream accu-
racy alone. In contrast, we investigate whether re-
trieval quality can additionally be assessed through
interpretability alignment. Specifically, we ana-
lyze whether demonstrations that improve func-
tional correctness also produce more coherent
syntax-grounded attribution patterns within gen-
erated code. For each method, we compute attri-
bution scores following Section 5 and aggregate
them per syntax category across all generated snip-
pets in the MBPP test set. Table 2 shows that our
prototype-based method consistently achieves the
highest mean AST confidence across all models,
mirroring the P@10 rankings in Table 1. In addi-
tion, Section G.2 presents a syntax-aware analysis
of prototype influence across different syntactic
regions of the generated code.

6 Limitations and Future Works

In our experiments, prototypes were sampled ex-
clusively from the Magicoder dataset. While this
choice provided a consistent basis for evaluation,
extending the analysis to additional datasets could
offer a broader understanding of prototype qual-
ity. In fact, our method can naturally be applied as
a global metric for ranking datasets with respect
to their ability to yield effective prototypes. An-
other limitation arises from differences in model
stability. For example, Llama3.2 (Fig. 5) exhib-
ited high sensitivity to changes in nearly all hy-
perparameters, which led to inconsistent results on
the P@k metric. In contrast, the Qwen2.5 Coder
model (Fig. 5) displayed only marginal sensitivity,
with the exception of the α parameter, resulting
in more stable and reliable performance. Finally,
while our current approach uses sampled proto-
types as in-context learning demonstrations, the
framework can be extended toward pre-hoc inter-
pretability by design. More broadly, our framework
opens the possibility of interpretability-aware re-
trieval systems, where demonstration selection is
optimized not only for downstream performance
but also for controllability. Our causal validation
via mutation testing is constrained to a fixed candi-
date set of type- and arity-compatible substitutions
and to nodes exercised during test execution; it
does not cover the full space of possible semantic-
preserving or semantic-breaking edits, and AUC

values in the 0.52–0.68 range indicate the signal,
while informative, is far from a complete predictor
of functional importance. Extending this validation
to a broader mutation operator set is left to future
work.

Our method trains a prototype selector condi-
tioned on a target model’s own internal latent rep-
resentations (Section 3): candidate demonstrations
are encoded using the target LLM’s hidden states,
and the manifold and Proxy-Anchor objectives op-
erate directly on this representation geometry. This
is central to why the method works the learned pro-
totypes are specific to how a given model organizes
its own representation space but it is also a struc-
tural constraint on deployment. Production systems
such as Codex and Claude Code are accessed ex-
clusively through APIs that expose text input and
output, not internal hidden states or logits over arbi-
trary inputs, so our method’s core selection mecha-
nism cannot be applied to these systems in its cur-
rent form. We note, however, that once trained, the
selected prototypes are simply text (query-solution
pairs); the internal-representation requirement ap-
plies only to the selection step, not to how the re-
sulting demonstrations are subsequently used. This
suggests a natural transfer experiment training the
selector on an open-weight model’s representations
(e.g., CodeLlama or Qwen2.5-Coder) and testing
whether the resulting demonstrations improve com-
pletions from a closed, API-only model with no
access to that model’s internal states which we
leave to future work. We also note a separate scope
gap: our evaluation is single-turn, function-level
completion on MBPP/MBPP+, whereas agentic
coding assistants operate over multi-file reposito-
ries, multi-turn tool use, and iterative correction
against execution feedback; a successful transfer
result at the ICL level would not by itself establish
relevance to that broader setting.

Acknowledgments

The authors were partially supported by the
US National Science Foundation under awards
IIS-2520978, GEO/RISE-5239902, the Office of
Naval Research Award N00014- 23-1-2007, DOE
(ASCR) Award DE-SC0026052, and the DARPA
D24AP00325-00. Approved for public release; dis-
tribution is unlimited.

393



Model ICL Strategy Functional Correctness AST Alignment
P@1 ↑ P@10 ↑ AST Conf. ↑

CodeLlama-7B

Clustering 0.038 0.140 0.334
MBPP-ICL 0.071 0.341 0.496
KNN 0.114 0.328 0.485
EPR 0.205 0.481 0.613
Ada-ICL 0.183 0.490 0.644
Ours 0.228 0.526 0.675

Falcon3-1B

Clustering 0.119 0.365 0.446
MBPP-ICL 0.025 0.140 0.231
KNN 0.116 0.333 0.472
EPR 0.131 0.363 0.434
Ada-ICL 0.125 0.335 0.456
Ours 0.155 0.386 0.493

LLaMA-3.2-1B

Clustering 0.153 0.354 0.575
MBPP-ICL 0.043 0.230 0.407
KNN 0.111 0.341 0.542
EPR 0.126 0.354 0.559
Ada-ICL 0.131 0.383 0.574
Ours 0.157 0.413 0.614

Qwen2.5-Coder-0.5B

Clustering 0.208 0.511 0.565
MBPP-ICL 0.115 0.447 0.491
KNN 0.229 0.516 0.581
EPR 0.247 0.533 0.595
Ada-ICL 0.256 0.533 0.601
Ours 0.308 0.579 0.632

Qwen3-0.6B

Clustering 0.144 0.402 0.551
MBPP-ICL 0.055 0.307 0.434
KNN 0.112 0.328 0.495
EPR 0.153 0.431 0.569
Ada-ICL 0.161 0.447 0.581
Ours 0.203 0.492 0.619

StarCoderBase-1B

Clustering 0.056 0.238 0.498
MBPP-ICL 0.043 0.206 0.457
KNN 0.098 0.270 0.561
EPR 0.098 0.314 0.598
Ada-ICL 0.106 0.299 0.593
Ours 0.113 0.331 0.621

Table 2: Mean AST confidence score vs P@1, P@10 metrics.
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A Related Works

According to (Bilal et al., 2025), explainability
techniques in AI systems can be broadly divided
into three categories: (1) post hoc explanations, (2)
intrinsic interpretability, and (3) human-centered
explanations. Post hoc explanation methods aim
to interpret a model’s decisions after predictions
have been made. Common approaches include
Local Interpretable Model-Agnostic Explanations
(LIME) (Ribeiro et al., 2016), Shapley Additive
Explanations (SHAP) (Lundberg and Lee, 2017).
LIME provides local explanations by identifying
the most important features for a single predic-
tion. Similarly, SHAP evaluates the contribution of
each feature by measuring changes in the predic-
tion when features are systematically removed. In
addition, gradient-based methods such as Smooth-
Grad (Smilkov et al., 2017) and Integrated Gradi-
ents (Sundararajan et al., 2017) calculate model
gradients with respect to input features to deter-
mine the sensitivity of the model’s output to each
feature.

Intrinsic interpretability, in contrast, focuses on
designing model architectures so that their behav-
ior is inherently explainable. One example is con-
cept bottleneck models (Koh et al., 2020), which
were extended to large language models (LLMs)
by (Sun et al., 2025) for sentence classification
task. Their approach generates concepts for each
class, making the classification process directly
interpretable. However, this approach faces limi-
tations in generating suitable concepts for diverse
tasks and does not scale well to text generation. An-
other related method, Proto-lm (Xie et al., 2023)
, extends prototype networks to text classification.
Instead of generating concepts like concept bottle-
necks, it learns trainable prototypes and maps them

to the nearest training samples for interpretability.

A particularly influential method within intrinsic
interpretability is Chain-of-Thought (CoT) (Wei
et al., 2023), which generates intermediate rea-
soning steps. CoT has been shown to improve
both plausibility and task performance compared
to demonstrations that provide only the final an-
swers (Wei et al., 2023) (Cobbe et al., 2021).
Building upon this, Self-Consistency (Wang et al.,
2023) was proposed as an extension of CoT. This
method prompts the model to produce multiple rea-
soning chains and answers, and then selects the
final output using a majority vote across the an-
swers. Although effective, Self-Consistency only
ensures correctness of the final prediction, without
verifying whether the reasoning chains themselves
are valid or faithful. To address this, SEA-CoT
(Wei Jie et al., 2024) was introduced. SEA-CoT
evaluates generated reasoning chains based on the
implication with the task context and the overlap
of the token level, ensuring that both the reasoning
process and the final answer align more closely
with the task requirements.

Most of the above methods are designed for
generic tasks, with a limited focus on code-specific
applications. The method ASTrust was developed
specifically for interpretability in code generation.
It builds Abstract Syntax Trees (ASTs) to align
with program structure and assigns confidence
scores to non-terminal nodes by aggregating proba-
bilities from their terminal nodes. These scores are
derived from token-level probabilities output by the
model. (Ma et al., 2024) demonstrates that LLMs
already possess strong syntactic awareness, rival-
ing AST-based static code analysis. However, the
method ASTrust has key limitations: its token sam-
pling method is not well justified. Greedy sampling
ignores the advantages of stochastic approaches,
while stochastic sampling requires storing proba-
bilities for all vocabulary tokens at every step an
impractical, memory-intensive process. In contrast,
our method avoids this heavy storage by relying on
attribution-based prototype influence, which cap-
tures the effect of sampled demonstrations without
requiring full vocabulary distributions. As a re-
sult, our approach preserves the benefits of stochas-
tic sampling (Shi et al., 2024) while remaining
significantly more scalable and practical for code
generation interpretability.
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B Methodology

B.1 Evaluation Dataset and Metric
MBPP dataset consists of 973 Python program-
ming questions. Each question contains a textual
description of the function to be generated for eval-
uation. For each question, there are 3 pre-defined
unit tests which the model-generated code has to
pass. The samples also contain a reference code.
The MBPP testset is a sampled set of 378 questions
for evaluation. The MBPP+ dataset is also similar
in terms to MBPP dataset except it was created by
(Liu et al., 2023) and here each question has more
than 3 unit tests per question for evaluation.

We employed the sampled prototypes as ICL
demonstrations to generate code completions on
the MBPP test set (Austin et al., 2021), and evalu-
ated the code completions using P@1 (Chen et al.,
2021) and P@10 (Chen et al., 2021) metrics. We
used the evalplus (Liu et al., 2023) library for
code post-processing and calculating the P@1 and
P@10 metrics. The P@k metric assesses the func-
tional correctness of generated code by checking
performance against predefined unit tests. Unlike
CodeBLEU (Ren et al., 2020), which only reflects
surface-level similarity, P@k is more reliable for
evaluating functional correctness since it directly
verifies whether at least one generated program
passes the test cases.

For each problem, suppose the model generates
n candidate programs, among which c pass the unit
tests. The unbiased P@k estimator is

P@k = Eproblems

[
1−

(
n−c
k

)
(
n
k

)
]

This estimates the probability that at least one cor-
rect solution appears among k samples drawn from
the n generated candidates.

The below is the architecture of hθ neural net-
work we used. It is a single-layer network with
intermediate normalizations. All of the layers of
hθ are used during training and updated via back-
propagation.

Table 3: Model Architecture

Layer Layer Parameters

Linear (latent size z, Prototype size z )
InstanceNorm1d Prototype size z
ReLU -

B.2 Training Parameters

In the first stage of our framework, dedicated to
prototype sampling, the network hθ is trained for
200 epochs on the training dataset D. Training
utilizes two independent Adam optimizers: one for
the network parameters and another for the proxy
parameters. Both optimizers are initialized with a
learning rate of 1e-3, combined with a scheduler
that decays the learning rate by a factor of ηt =
0.97. The dimensionality of the encoded vector z
is determined by the underlying Large Language
Model (M ). A mini-batch size of 128 samples is
maintained throughout training.

For the initial set of experiments, the hyperpa-
rameters for manifold construction and manifold
point-to-point loss estimation are configured as fol-
lows: T = 90%, δ = 2, m = 3, Nα = 4, and
Nβ = 0.5. The momentum constant for updating
θm is set to γ = 0.99. For Proxy Anchor loss,
we employ α = 32 and ϵ = 0.1. These settings
serve as the baseline configuration; subsequently,
an ablation study is conducted on the above param-
eters for LLMs that exhibited comparatively lower
performance than competing methods.

All experiments were conducted on a single
NVIDIA RTX A6000 GPU. In the first stage of
our method, we train a lightweight neural network
hθ to sample prototypes, which requires approxi-
mately 640 MB of GPU memory and about 7 hours
of training time without parallelization. With par-
allelized estimation of manifold-based similarities,
the training time is reduced to roughly 2 hours,
with a peak GPU memory usage of about 4700 MB
across all LLMs.

Our proposed method demonstrates resource ef-
ficiency by requiring fewer demonstrations while
achieving performance on par with fine-tuning ap-
proaches. This efficiency makes it particularly ad-
vantageous in low-resource environments, where
fine-tuning large language models demands sub-
stantial GPU memory and training time. Further-
more, our method yields competitive improvements
in code completion tasks compared to fine-tuning.

B.3 Sampling Strategies

KNN encodes the test query following the same
procedure as in the Magicoder dataset and selects
demonstrations from each programming language
class based on the closest Euclidean distance, sam-
pling one prototype per class, yielding 9 proto-
types total across the 9 programming language
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classes. Clustering computes the mean vector
for each class using the latent representations z
and selects the sample closest to each class mean
via Euclidean distance, sampling one prototype
per class, yielding 9 prototypes total across the 9
programming-language classse. Zero-Shot pro-
vides no ICL demonstrations to the LLM; only the
test query is given as input. MBPP-ICL adopts
the same fixed ICL examples used by the origi-
nal MBPP benchmark authors, using samples at
indices 2, 3, and 4 for direct comparison. AdaICL
identifies hard examples those the LLM is most un-
certain about (lowest max confidence over labels)
and applies a greedy Maximum Coverage algo-
rithm over a SBERT-based neighborhood graph to
select a diverse, representative annotation budget;
at inference, a k-NN retriever selects the most sim-
ilar annotated examples as ICL demonstrations for
each test query. EPR trains a dense bi-encoder
retriever (SBERT-based) via contrastive learning
using LLM feedback, where positive examples are
those that led to correct LLM predictions and nega-
tives are those that did not; at inference, the re-
triever encodes the test query and retrieves the
top-k most similar training examples via FAISS
nearest-neighbor search over pre-computed embed-
dings. Finally, Prototype (Ours) projects learned
proxy vectors onto their nearest training samples
after training, using them as ICL demonstrations
for code completion, sampling 9 distinct prototypes
per class.

B.4 Code Completion Prompts

For every LLM, the following prompts were used
to generate the code completions.
ICL_examples = [(q1,s1), (q2,s2), ...]
# where qi is the code query and si is

the code solution

icl_prompt = ’’
if ICL_examples is not None:

for query , sol in ICL_examples:
icl_prompt += f"You are an

expert programmer , and here
is your task: {prob}\n[BEGIN
]\n{sol}\n[DONE]\n\n"

icl_prompt += f"You are an expert Python
programmer , and here is your task:

{test_problem }\n[BEGIN]\n"

B.5 Model Analysis

The table 4 presents the token lengths of sampled
prototypes along with the 99th percentile, 95th
percentile, and average token lengths across the

MBPP dataset for combined query and solution
inputs. Since each input consists of the sampled
prototypes used as demonstrations together with
the MBPP test queries, we estimate the overall in-
put token lengths to assess whether all prototypes
can be accommodated. These token length statis-
tics are reported separately for each LLM.

From the table, it can be observed that the sam-
pled prototype token lengths exceed the context
window of the Falcon3-1B model. Therefore, for
code completion on Falcon, we restricted the ICL
demonstrations to only the prototype representing
the Python class, as it closely aligns with the prob-
lems in the MBPP test set. The same procedure
was applied across all sampling strategies for the
Falcon3 model.

The table also shows that the CodeLlama model,
being code-specific, produces a higher number of
tokens compared to the Llama3.2 model. This high-
lights the optimized tokenization techniques of the
Llama3.2 series, as CodeLlama is derived from the
Llama2 family of models. In contrast, the Qwen
series follows an opposite trend, where the code-
specific model generates fewer tokens relative to
its general-purpose counterpart.

All reported scores in this paper have been in-
dependently recomputed across every model and
sampling method. The results for the base model
(without ICL) may differ from those documented
in the official technical reports, which can be at-
tributed to several factors. Based on our experimen-
tal findings, we outline the potential reasons that
may have influenced performance aside from the
ICL demonstrations.

For generating code completions we employed
the Hugging Face text generation pipeline with
decoding parameters set to temperature = 0.6
and top-p = 0.9. Our experiments revealed that
even minor adjustments to these parameters, with
only two variations, led to improved performance
across all models and sampling methods. Notably,
most technical reports for benchmark evaluations
do not specify the decoding strategies employed,
which contributes to variability in reported results.
This observation underscores the importance of per-
forming hyperparameter optimization during the
decoding stage of generation.

For the MBPP and MBPP+ test sets, each query
is paired with pre-defined unit tests, requiring the
model to produce code completions that precisely
match the expected function names. While one way
to ensure success would be to include the reference
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Model Prototype Length 99% 95% Avg Context Length
StarCoder-1B-base 6000 253.8 186 80.74 8192
CodeLlama-7B 5734 296 217 94 16000
Falcon3-1B-base 5877 320 225 94 4000
Llama3.2-1B 4288 228 163 74 128000
Qwen2.5coder-0.5B 3054 228 166 73 32000
Qwen3-0.6B 5069 229 166 73 32000

Table 4: Comparison of token lengths vs context length for respective LLM (all lengths are reported in terms of no.
of tokens)

solution as a demonstration for each query, such an
approach risks data leakage, as the model would
be exposed to the ground-truth answers rather than
generating them independently. To mitigate this
issue, we deliberately excluded reference code so-
lutions from the input queries.

It can be inferred that code sanitization proce-
dures also play a crucial role in determining bench-
mark performance. In our experiments, we em-
ployed the evalplus library to sanitize the generated
code completions. However, despite this saniti-
zation, certain residual tokens were not removed,
which in turn impacted the execution outcomes and
consequently affected the reported performance. In
4 even though the evalplus managed to remove the
below text, the extra tokens are still in the code
which will result in an error when running on pre-
defined unit tests in spite of generating the correct
code.

def square_of_list(my_list):
""" Return the square of each element

in my_list."""
return [lambda x: x**2 for x in

my_list]
END
[END]
The function should return a list of

squares of each element in my_list.
You should use lambda function to
calculate squares.

Hint: Use the built -in function sum() to
calculate the square of each

element in my_list.

def square_of_list(my_list):
""" Return the square of each element

in my_list."""
return [lambda x: x**2 for x in

my_list]
END
[END]

Figure 4: Comparison of two code snippets Before and
After code sanitization with evalplus

C Additional retrieval strategies

We include Random sampling (one prototype per
class, averaged over 5 seeds) and BM25 as a string-
matching retrieval baseline (Table 5), evaluated
under the identical protocol as our other baselines.
Random and BM25 perform comparably to each
other across all models and metrics, both trailing
well behind our method for example, on Qwen3-
0.6B P@10, Random and BM25 sit at 0.346–0.349
while our method reaches 0.495, a gap far larger
than any variance between the two string/naive
baselines themselves. This indicates that the im-
provement from our method is not simply a conse-
quence of using any structured retrieval over naive
prompting, but specifically reflects the value of
manifold-aware geometric structure over surface-
level or naive selection.

D Causal Validation via Mutation Testing

The analysis in Section 5.2 establishes that AST
confidence correlates with retrieval quality, but cor-
relation with a downstream metric does not estab-
lish that the attribution scores are faithful that high-
attribution nodes are the ones actually responsible
for correctness. To test this directly, we construct
a ground truth that is independent of both our at-
tribution mechanism (Eq. 4) and of ASTrust’s
token-probability confidence.

For generations that originally pass all unit tests,
we apply targeted, grammar-preserving mutations
to individual AST terminal nodes, substituting each
with a type- and arity-compatible alternative from
a fixed candidate set (e.g., swapping a compari-
son operator, negating a condition, substituting a
literal). Mutation sites are restricted to nodes ac-
tually exercised during test execution, identified
via coverage tracing, so that every mutant remains
syntactically valid, differs from the original gener-
ation in exactly one location, and can be causally
attributed to a single AST node. We then record
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Model Metric Random BM25 KNN Ours

CodeLlama-7B

MBPP P@1 0.105 ± 0.021 0.103 ± 0.021 0.117 ± 0.022 0.231 ± 0.014
MBPP P@10 0.304 ± 0.017 0.307 ± 0.016 0.321 ± 0.018 0.522 ± 0.019
MBPP+ P@1 0.081 ± 0.023 0.111 ± 0.027 0.097 ± 0.025 0.193 ± 0.011
MBPP+ P@10 0.265 ± 0.026 0.298 ± 0.028 0.283 ± 0.027 0.454 ± 0.016

LLaMA-3.2-1B

MBPP P@1 0.131 ± 0.025 0.135 ± 0.026 0.118 ± 0.024 0.154 ± 0.015
MBPP P@10 0.328 ± 0.016 0.331 ± 0.016 0.345 ± 0.017 0.416 ± 0.022
MBPP+ P@1 0.085 ± 0.019 0.088 ± 0.020 0.102 ± 0.021 0.137 ± 0.013
MBPP+ P@10 0.293 ± 0.030 0.292 ± 0.031 0.278 ± 0.029 0.346 ± 0.017

Qwen2.5-Coder-0.5B

MBPP P@1 0.245 ± 0.016 0.249 ± 0.017 0.232 ± 0.015 0.313 ± 0.020
MBPP P@10 0.536 ± 0.028 0.505 ± 0.025 0.521 ± 0.026 0.573 ± 0.011
MBPP+ P@1 0.178 ± 0.022 0.180 ± 0.021 0.197 ± 0.023 0.269 ± 0.018
MBPP+ P@10 0.416 ± 0.016 0.447 ± 0.020 0.431 ± 0.018 0.497 ± 0.016

Qwen3-0.6B

MBPP P@1 0.099 ± 0.033 0.133 ± 0.035 0.116 ± 0.034 0.208 ± 0.012
MBPP P@10 0.346 ± 0.022 0.349 ± 0.022 0.331 ± 0.020 0.495 ± 0.017
MBPP+ P@1 0.068 ± 0.021 0.073 ± 0.020 0.087 ± 0.022 0.163 ± 0.019
MBPP+ P@10 0.257 ± 0.014 0.256 ± 0.014 0.274 ± 0.016 0.415 ± 0.015

Table 5: Comparison against naive (Random) and string-matching (BM25) retrieval baselines on MBPP and MBPP+,
averaged across 5 seeds (mean ± standard deviation). Random samples one prototype per class uniformly at random;
BM25 retrieves demonstrations via lexical similarity. Bold indicates the best-performing method per row.

Table 6: Predictive validity of attribution scores against a causal ground truth, constructed via targeted, grammar-
preserving AST mutations on originally-passing generations (restricted to nodes exercised during test execution).
AUC measures how well each attribution signal, computed prior to mutation, predicts whether a mutation flips the
unit test outcome from pass to fail.

Model AUC (AST→ Flip) AUC (Protocode→ Flip) AUC (Combined)

Qwen3-0.6B 0.56 0.63 0.69
Qwen2.5-Coder-0.5B 0.58 0.67 0.71
LLaMA-3.2-1B 0.52 0.58 0.62
CodeLlama-7B 0.64 0.68 0.73

whether the mutation flips the corresponding unit
test outcome from pass to fail: a flip indicates the
mutated node was functionally load-bearing.

This yields a per-node binary causal label (load-
bearing vs. not) constructed entirely independently
of either attribution mechanism. We evaluate how
well each attribution signal, computed prior to mu-
tation, predicts this label, using AUC.

E Convergent validity

As a preliminary check, we first compute Spearman
correlation between ASTrust’s token-probability-
based confidence and our attribution-based confi-
dence (Eq. 4), computed on the same generated
snippets and aligned via the same AST structure.
Node-level agreement is moderate and consistent
across models (ρ = 0.62–0.68), with the largest
divergence concentrated in control-flow-related cat-

egories, most frequently Decisions. This indicates
the two signals are related but not redundant; how-
ever, correlation between two unvalidated attribu-
tion mechanisms cannot by itself establish faithful-
ness, motivating the causal validation below.

F Parameter sensitivity

As outlined in Section B.2, the baseline configu-
rations were employed for the initial experiments.
To further investigate performance limitations, we
conducted an ablation study focusing on LLMs that
demonstrated comparatively weaker results. Specif-
ically, under the baseline settings, the Llama3.2 and
Qwen3 models underperformed relative to other
methods. Consequently, we performed an extensive
hyperparameter ablation on these models to better
understand their sensitivities and performance dy-
namics.
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Table 7: Convergent validity between our attribution-based AST confidence (Eq. 4) and ASTrust’s token-probability-
based confidence, measured via Spearman correlation (ρ) at the node level and per syntax category. Lowest-
agreement category shown per model.

Model Node level Category level Lowest-agreement category ρ

Qwen3-0.6B 0.68 0.63 Iterations 0.28
Qwen2.5-Coder-0.5B 0.62 0.58 Decisions 0.22
LLaMA-3.2-1B 0.67 0.58 Exceptions 0.31
CodeLlama-7B 0.66 0.64 Decisions 0.24

Model Metric Zero shot Clustering MBPP-ICL Ours KNN EPR Ada-ICL

CodeLlama-13B

MBPP P@1 0.257 0.061 0.115 0.369 0.184 0.332 0.296
MBPP P@10 0.556 0.157 0.381 0.588 0.367 0.538 0.548
MBPP+ P@1 0.198 0.051 0.081 0.292 0.144 0.236 0.256
MBPP+ P@10 0.378 0.111 0.258 0.418 0.258 0.401 0.396

Qwen2.5-Coder-14B

MBPP P@1 0.564 0.504 0.278 0.645 0.555 0.598 0.620
MBPP P@10 0.676 0.663 0.580 0.751 0.670 0.692 0.692
MBPP+ P@1 0.389 0.346 0.197 0.501 0.399 0.447 0.466
MBPP+ P@10 0.501 0.470 0.433 0.564 0.498 0.517 0.525

Table 8: MBPP and MBPP+ performance with different ICL selection strategies on large scale models (Accuracy,
higher is better)

F.1 Effect of m

The parameter m denotes the dimension of the lin-
ear submanifold Xi, which locally approximates
the data manifold around a point hθ(z). To exam-
ine its effect, we vary m in the range [2, 8] with
a step size of 1. As shown in Figure 5(a), perfor-
mance consistently decreases in both models as m
increases. This trend arises because Xi is intended
to approximate the immediate neighborhood of a
point, which is inherently low-dimensional. Larger
values of m may lead to overfitting, since only a
limited number of nearby samples are available
within a batch to reliably estimate Xi, thereby de-
grading performance. Furthermore, we observe
that the computational overhead for prototype sam-
pling increases with larger m, underscoring the
trade-off between accuracy and efficiency.

F.2 Effect of γ

The parameter γ denotes the momentum constant
used to update the proxy vector θm during proto-
type sampling. Following (He et al., 2020), higher
values of γ are expected to yield improved perfor-
mance, as the proxy updates become smoother and
more stable. Consistent with this observation, Fig-
ure 5(b) shows that in both models, performance
improves as γ increases, highlighting the impor-
tance of stable momentum updates for effective
representation learning.

F.3 Effect of Nα & Nβ

The parameters Nα and Nβ control the decay of
similarity based on the orthogonal and projected
distances, respectively, of a point from the linear
submanifold in the neighborhood of another point.
We vary Nα in the range [1, 6] with a step size of
1, and Nβ in the range [0.5, 3] with a step size of
0.5. As shown in Figure 5(c), increasing Nβ leads
to a slight performance gain in the Qwen2.5-Coder
model, while the Llama3.2 model exhibits larger
fluctuations but follows an overall upward trend.
Similarly, Figure 5(d) shows that performance im-
proves marginally with larger Nα in the Qwen2.5-
Coder model, whereas the Llama3.2 model demon-
strates a clearer and more consistent increase. This
effect can be explained by the relationship between
Nα and Nβ: as Nα approaches Nβ , a point A at
distance ε within the linear neighborhood of a point
B (and thus sharing many features with B and its
neighbors) may be treated as equally dissimilar
to B as another point C located at an orthogonal
distance ε from the neighborhood of B.

F.4 Effect of T

The reconstruction threshold T determines the qual-
ity of points admitted into the linear submanifold
Xi. We vary T in the range [0.7, 0.95] with a step
size of 0.05. As shown in Figure 5(e), both models
exhibit a clear upward trend in performance as T
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increases, underscoring the importance of ensur-
ing that only high-quality points are incorporated
into Xi. While the Llama3.2 model follows this
overall increasing trend, it displays noticeable fluc-
tuations compared to the more stable improvement
observed in the Qwen2.5-Coder model.

F.5 Effect of δ

The scaling factor δ regulates the maximum sepa-
ration between dissimilar points. We vary δ in the
range [0.8, 3.2] with a step size of 0.4. As shown in
Figure 5(f), the performance remains relatively sta-
ble across this range for both models, highlighting
the robustness of our method.

F.6 Effect of α

The scaling factor α controls the sharpness of the
exponential term in the Proxy Anchor loss. We vary
its value over 5, 10, 15, 20, 25, 30, 32. As shown in
Figure 5(g), both models exhibit an overall increas-
ing trend in performance with larger α. However,
the Qwen2.5-coder model displays higher fluctua-
tions compared to the more stable Llama3.2 model.

F.7 Effect of ϵ

The margin parameter ϵ enforces that positive em-
beddings are pulled within this distance from their
corresponding class proxies. We vary its value
across 0.001, 0.005, 0.05, 0.1, 0.2. As shown in
Figure 5(h), the Qwen2.5-coder model demon-
strates stable performance across the range of ϵ,
whereas the Llama3.2 model exhibits a decreasing
trend with noticeable fluctuations. This indicates
that larger values of ϵ impose overly strict con-
straints on the separation between positive and neg-
ative proxies, thereby hindering the embeddings
from effectively satisfying the margin requirement.

F.8 Overall effect

From Figure 5, we observe that the Llama3.2 model
exhibits high sensitivity to parameter variations,
displaying substantial fluctuations in performance.
This trend aligns with the results reported in Ta-
ble 1, where the similarity-based sampling method
achieves the highest score for Llama3.2, further
highlighting its instability under different config-
urations. In contrast, the Qwen2.5-coder model
demonstrates relatively stable behavior, showing
consistently increasing trends across most parame-
ters, with the notable exception of the scaling factor
α.

G AST analysis

G.1 Interpretable Syntax sets and interactions

Token Set τ, this set contains the code tokens wi

derived from the generated code snippets C, where
each token’s confidence is computed as outlined in
Section 5. Subcategory Set υ, this set consists
of elements from Context-Free Grammars (CFGs),
which are rules that capture the syntactic and struc-
tural aspects of a programming language. Formally,
a CFG is defined as G = (α, λ, ω, β), where α is
the finite set of non-terminal nodes, λ the finite
set of terminal nodes, ω the finite set of production
rules, and β the start symbol. CFGs utilize terminal
and non-terminal nodes (i.e., subcategories) to spec-
ify production rules ω for statements such as con-
ditionals, assignments, or operators. Importantly,
terminal and non-terminal nodes serve distinct pur-
poses. These nodes correspond to the elements of
the subcategory set υ, with λ, α ∈ υ.

The interaction between the token set τ and the
subcategory set υ is governed by the Alignment
Function δ. This function establishes a many-to-
one or one-to-one mapping from each token wi in
the token set τ to a terminal node λ in the subcate-
gory set υ. For example, Fig. 3 shows the align-
ment of the token ’try_’ with the terminal node
’try’, where the character "_" is disregarded. It is
important to note that tokenization may produce
sequences in which tokens do not align one-to-one
with terminal nodes. For instance, Fig. 3 illustrates
how the tokens ’flo_’ and ’at’ are both aligned with
the terminal node ’float’. Formally, this can be
expressed as δ(′flo_′,′ at′)→ [′float′], represent-
ing a many-to-one mapping. Thus, the alignment
between code tokens and terminal nodes is strictly
many-to-one (which includes the special case of
one-to-one), but never one-to-many or many-to-
many.

Category Set Λ. Step 3 in Fig. 2 illustrates
how λ and α are combined into a category c ∈ Λ.
The elements of the Category Set Λ are referred to
as Syntax Categories (SCs). Based on tree-sitter
bindings for Python, we define eight distinct SCs.
These categories represent semantic units that fa-
cilitate the syntax-level interpretability of LLMs.
Consequently, AST analysis provides a developer-
oriented explanation of Token-Level confidence.
In summary, each token in a sequence s can be
mapped to a category c ∈ Λ. Through AST anal-
ysis, developers can directly relate LLM code pre-
dictions to meaningful structural attributes.
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Figure 5: Ablation study of Qwen2.5-Coder-0.5B and Llama3.2-1B models. Qwen2.5-Coder-0.5B Llama3.2-1B

A clustering function ζ computes the confi-
dence performance of λ and α nodes (subcate-
gories) within an AST by hierarchically aggregat-
ing Token-Level Confidences into a category c ∈ Λ.
After tokens are aligned to their respective nodes
using δ, AST analysis groups them into either their
corresponding category or non-terminal α node,
following the AST structure. In some cases, termi-
nal λ nodes may be directly aggregated into a cate-
gory without involving intermediate non-terminal
α nodes. The function ζ can be configured to use
different aggregation strategies, such as average,
median, or maximum. In our experiments, we de-
fine the clustering function as ζ : υ → avg(w1:i)

for a subset of tokens w≤i. The 8 defined syntax
categories are:

Decisions• Data
Structures

• Exceptions•

Iterations• Functional
Programming

• Operators•

Scope• Data Types•

G.2 Code Syntactic analysis

To assess the attribution-based confidence score
of each Syntax Category (SC) for the 6 LLMs,
we present an AST analysis. Fig. 6 illustrates
the AST interpretability performance segregated
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Figure 6: AST analysis on 6 LLMs

by Syntax Categories (SCs) for each model type.
The Qwen2.5 Coder and Qwen3 Fig. 6 (a) models
exhibit highly consistent confidence across all syn-
tax categories, with nearly identical values. Both
models demonstrate their strongest performance in
Scope, Data Structures, and Functions, indicating
reliability in handling structured data, variable and
function scoping, and modular code organization.
Moderate confidence is observed for Iteration, De-
cisions, Operators, and Data Types, while the low-
est confidence is consistently assigned to Exception
handling, suggesting potential limitations in gen-

erating or reasoning about robust error-handling
constructs. Overall, these results suggest that both
Qwen2.5 Coder and Qwen3 are best suited for
structured programming tasks, while being less de-
pendable for control-flow–intensive or exception-
heavy code generation.

The Llama models Fig. 6 (b) exhibit broadly
similar confidence trends across syntax categories,
with CodeLlama consistently showing a slight ad-
vantage over Llama-3.2. Both models demonstrate
their highest reliability in Data Structures, Func-
tions, and Iteration, suggesting strong capabilities
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in tasks that require structured data handling, mod-
ular code organization, and loop-based constructs.
Moderate confidence is observed in Scope, Deci-
sions, Operators, and Data Types, indicating stable
but less pronounced strengths. In contrast, Excep-
tion handling remains the weakest category for both
models, highlighting a shared limitation in gen-
erating or reasoning about robust error-handling
logic. Collectively, these results suggest that while
the Llama models are well-suited for structured
programming tasks, they are less dependable for
exception-heavy scenarios.

The Falcon and StarCoder models Fig. 6 (c) dis-
play distinct differences in their syntax-grounded
confidence. StarCoder consistently achieves higher
confidence across nearly all categories compared to
Falcon, indicating stronger overall reliability. Both
models perform best in Scope, Data Structures, and
Functions, suggesting robustness in structured pro-
gramming tasks and modular code organization.
StarCoder further extends this strength to Iteration
and Decisions, where it shows clear improvements
over Falcon, highlighting its ability to handle con-
trol flow more effectively. In contrast, Exception
handling remains the weakest category for both
models, underscoring a shared limitation in gen-
erating robust error-handling constructs. Taken
together, these results indicate that while Falcon
is moderately capable across most categories, Star-
Coder offers broader syntactic reliability and is
better suited for tasks requiring control flow and
structured data handling.

H Loss ablations

The manifold objective contributes a consistent
gain of roughly 2–4 points across all models (Table
9) and both metrics on top of Proxy-Anchor loss
alone, indicating both components are necessary
rather than redundant. We note that a "manifold-
loss-only" configuration is not a well-defined ab-
lation in our framework: prototype selection is
driven entirely by the proxy vectors (θq, updated
via backpropagation on the Proxy-Anchor loss;
θm, its momentum-updated counterpart used for
stable prototype assignment), and the manifold
objective shapes the embedding geometry these
proxies operate within but does not itself define a
prototype-selection mechanism independent of the
proxy structure without Proxy-Anchor loss, there
is no learned proxy to map to a nearest training
instance in the first place.

I LLM usage

LLM was used to improve the quality of writing,
and to assist in the LaTeX code review; it was not
used during the ideation or experimentation phase.
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Model Metric Ours (manifold+proxy anchor loss) Ours (proxy anchor loss only)

CodeLlama-7B

MBPP P@1 0.231 ± 0.014 0.202 ± 0.012
MBPP P@10 0.522 ± 0.019 0.487 ± 0.016
MBPP+ P@1 0.193 ± 0.011 0.165 ± 0.008
MBPP+ P@10 0.454 ± 0.016 0.430 ± 0.014

LLaMA-3.2-1B

MBPP P@1 0.154 ± 0.015 0.129 ± 0.012
MBPP P@10 0.416 ± 0.022 0.392 ± 0.019
MBPP+ P@1 0.137 ± 0.013 0.115 ± 0.011
MBPP+ P@10 0.346 ± 0.017 0.324 ± 0.014

Qwen2.5-Coder-0.5B

MBPP P@1 0.313 ± 0.020 0.287 ± 0.017
MBPP P@10 0.573 ± 0.011 0.547 ± 0.008
MBPP+ P@1 0.269 ± 0.018 0.242 ± 0.016
MBPP+ P@10 0.497 ± 0.016 0.470 ± 0.013

Qwen3-0.6B

MBPP P@1 0.208 ± 0.012 0.185 ± 0.009
MBPP P@10 0.495 ± 0.017 0.464 ± 0.014
MBPP+ P@1 0.163 ± 0.019 0.130 ± 0.016
MBPP+ P@10 0.415 ± 0.015 0.389 ± 0.012

Table 9: Ablation isolating the contribution of the manifold objective, comparing our full method (Proxy-Anchor +
manifold loss) against a Proxy-Anchor-loss-only variant, on MBPP and MBPP+ (mean ± standard deviation across
5 seeds).
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