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Abstract—Membership inference attacks (MIAs) on code com-
pletion models offer an effective way to assess privacy risks by
inferring whether a given code snippet was part of the training
data. Existing black- and gray-box MIAs rely on expensive surro-
gate models or manually crafted heuristic rules, which limit their
ability to capture the nuanced memorization patterns exhibited
by over-parameterized code language models. To address these
challenges, we propose AdvPrompt-MIA, a method specifically
designed for code completion models, combining code-specific
adversarial perturbations with deep learning. The core novelty
of our method lies in designing a series of adversarial prompts
that induce variations in the victim code model’s output. By
comparing these outputs with the ground-truth completion, we
construct feature vectors to train a classifier that automatically
distinguishes member from non-member samples. This design
allows our method to capture richer memorization patterns and
accurately infer training set membership. We conduct compre-
hensive evaluations on widely adopted models, such as Code
Llama 7B, over the APPS and HumanEval benchmarks. The
results show that our approach consistently outperforms state-of-
the-art baselines, with AUC gains of up to 102%. In addition, our
method exhibits strong transferability across different models and
datasets, underscoring its practical utility and generalizability.

Index Terms—Code LLMs, Membership Inference Attacks,
Adversarial Prompts, Robustness

I. INTRODUCTION

Large language models (LLMs) have shown remarkable
success in natural language processing by learning complex
semantic and syntactic patterns from large-scale text cor-
pora [1], [2]. This success has extended to the domain of
source code, where code-specific LLMs (code LLMs) trained
on billions of lines of code [3] now support tasks such
as code completion [4], code summarization [5], [6], and
vulnerability detection [7], and are integrated into tools like
GitHub Copilot [8] and AWS CodeWhisperer [9].

Despite their impressive capabilities, code LLMs remain
vulnerable to a variety of security and privacy threats, in-
cluding adversarial perturbations [10], data poisoning [11],
[12], and privacy leakage [13]–[15]. Among these, privacy
leakage is particularly concerning due to its implications for
sensitive information exposure and potential legal violations,
often stemming from the memorization behavior of code
LLMs [16]–[18]. MIAs, which infer whether a specific code
sample was included in the training set of a target code
LLMs [19], provide a means to uncover and quantify such
memorization, thereby helping mitigate this risk.

The practical value of successful MIAs on code LLMs is
multifaceted. From a privacy perspective, leaked membership

information may expose sensitive code snippets containing
API keys, credentials, or personal identifiers [13]. MIAs can
assess the extent of such leakage in code LLMs and help
mitigate it by guiding the design of effective defenses. From a
legal perspective, memorization and unauthorized reproduction
of code from open-source repositories may violate license
agreements (e.g., GPL, CC-BY-SA) if proper attribution is
omitted [20], [21]. Employing MIAs can promote the use of
policy-compliant training datasets. From an accountability per-
spective, membership leakage may serve as forensic evidence
for identifying unauthorized training or data misuse. MIAs can
thus support data governance and regulatory compliance [22].

Therefore, advancing research on MIAs is essential for
promoting responsible use of code LLMs and better mitigating
the privacy risks associated with model memorization. While
membership inference techniques can be misused (e.g., to
probe models for memorized credentials), our work is aimed
exclusively at understanding and mitigating privacy risks in
code models. The methods we propose are intended to support
research, auditing, and regulatory compliance efforts.

Existing black- and gray-box MIAs for code models gen-
erally fall into three paradigms [19]. The first trains a substi-
tute model to approximate the target and performs shadow-
model attacks based on its behavior [23]. The second directly
compares the model’s generated output with the ground-truth
completion, flagging exact matches or high semantic similarity
as evidence of membership [14], [24]. The third analyzes dif-
ferences in internal representations when the model is queried
with syntactic variants of the same input (e.g., lowercase
versus uppercase code), assuming that large representational
shifts signal memorization [25]. However, due to their high
computational overhead, fragile reliance on output similarity,
and inability to capture richer memorization patterns, these
strategies still leave considerable room for improvement in
reliably detecting memorization in large-scale code LLMs.

In this study, we propose AdvPrompt-MIA, which infers
code membership status by leveraging a series of semantics-
preserving and code-specific adversarial prompts to expose
model memorization. The core insight is that code completion
models tend to produce more stable outputs for training
samples than for unseen inputs. This behavioral stability is
particularly pronounced when the input is modified with small,
functionality-preserving perturbations, such as inserting dead
loops or renaming variables. That means, if the input is a
memorized training sample, the model’s output remains largely
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consistent even after applying code perturbations, staying
close to the original completion. In contrast, for non-member
inputs, the same perturbations often lead to noticeably different
outputs. This distinction between members and non-members
under perturbations forms the basis of our approach, and
similar patterns have also been observed in prior work on
adversarial machine learning [26]–[29].

AdvPrompt-MIA operationalizes this insight by introducing
five types of semantics-preserving perturbations and quanti-
fying the model’s behavioral differences in response to per-
turbed versus original inputs. These differences are measured
using both similarity and perplexity metrics, from which we
construct feature vectors that characterize the model’s output
patterns. The resulting features are used to train a deep learn-
ing classifier that automatically learns discriminative signals
indicative of membership. This design enables our method
to detect subtle behavioral shifts and reliably infer whether a
given input-output pair was part of the model’s training data.

We evaluate our method on the Code Llama 7B model [30]
and observe substantial AUC improvements ranging from
63.8% to 102.0% over state-of-the-art baselines on APPS
and HumanEval. We further demonstrate that our approach
generalizes well to other code models, including Deepseek-
Coder 7B [31], StarCoder2 7B [32], Phi-2 2.7B [33], and
WizardCoder 7B [34]. Additionally, we conduct transferability
experiments in which the MIA classifier is trained and tested
across different models or datasets, showing that our method
maintains strong performance under cross-model and cross-
dataset settings. The main contributions are as follows.

• We propose a novel MIA framework, AdvPrompt-
MIA, which leverages semantics-preserving adversarial
prompts to perturb input code and employs a deep
learning classifier to automatically learn discriminative
patterns from the model’s behavioral variations.

• We design five types of semantics-preserving perturba-
tions, each crafted to elicit measurable differences in
model behavior. Empirical results demonstrate that these
perturbations effectively amplify membership signals and
enhance inference accuracy.

• We conduct comprehensive experiments on multiple code
LLMs and two widely used benchmarks (APPS and
HumanEval), showing that our approach consistently
outperforms state-of-the-art baselines across a range of
models and evaluation settings.

II. MOTIVATION AND BACKGROUND

A. MIA Definition and Representative Attack Methods

MIAs aim to determine whether a given data sample was
used during the training of a target machine learning model. In
the context of code completion, each data point is represented
as a pair (x, y), where x is a partial code snippet (i.e., the
input prefix), and y is its corresponding expected completion.
Given black-box access to a trained code completion model
M , the adversary can query the model with x and obtain the
generated output ŷ = M(x). The objective is to infer whether

the pair (x, y) was present in the training dataset Din of M .
Formally, an MIA constructs a binary classifier G, which takes
as input the triple (x, y, ŷ) and predicts a membership label:

G(x, y, ŷ) ∈ {0, 1},

where a prediction of 1 indicates that (x, y) is a member
sample (i.e., (x, y) ∈ Din), and 0 otherwise.

A commonly used baseline defines G as a heuristic rule that
compares the ground-truth completion y with the model output
ŷ. One typical example is GT-Match, which infers membership
by checking whether ŷ exactly matches y:

Gexact(x, y, ŷ) = ⊮ [ŷ = y] ,

where ⊮[·] denotes the indicator function. This method as-
sumes that if the model reproduces y exactly given x, it is
likely that (x, y) was memorized during training. However, this
approach often suffers from low true positive rates, particularly
for large code models that may generalize to produce seman-
tically correct but non-identical completions. In such cases,
even if x was included in the training set, the model may
generate ŷ ̸= y [24].

To address these limitations, many prior studies adopt a
shadow model strategy [35]. In this setting, the adversary trains
a local surrogate model M̂ on data sampled from the same or
a similar distribution as the target model’s training set. Since
the attacker has full control over M̂ , they can label any sample
(x, y) as a member or non-member based on whether it was in
M̂ ’s training data. The resulting dataset Dattack is then used to
train the attack classifier G. Formally, the adversary constructs:

Dattack = {(xi, yi, M̂(xi),mi)}ni=1,

where mi = 1 if (xi, yi) was used to train M̂ , and mi =
0 otherwise. This approach has been shown to be effective
against small-scale code LLMs [19]. However, its application
to larger models remains limited. Training shadow models that
approximate large commercial code models is computationally
expensive, and small-scale surrogates often fail to capture the
behavior of large models, thereby reducing the transferability
and effectiveness of the attack [13].

B. Motivation for the Proposed Method and How It Differs
from Prior Work

The methods described in Section II-A share a common
intuition: if a model has seen an input-output pair (x, y) during
training, it is more likely to generate an output ŷ that closely
matches y. For example, GT-Match directly reflects this intu-
ition by inferring membership based on exact string matching
between ŷ and y. Shadow-model–based approaches also follow
this principle by learning to classify membership using feature
representations derived from x, y, and ŷ, implicitly modeling
the alignment between the generated and reference outputs.
However, this intuition tends to be less pronounced for larger
code LLMs. As these models are trained on massive and
diverse datasets, they exhibit strong generalization and may
generate completions that differ from the ground truth even
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for training samples. Conversely, for common functional code,
they may produce outputs identical or similar to the ground
truth despite having never seen the exact pair during training.

Our method is motivated by a different yet complemen-
tary observation: membership signals are more robust under
semantics-preserving perturbations [29]. Specifically, when a
sample (x, y) is part of the training data, the model tends
to generate completions that maintain a stable relationship
with y across small, functionality-preserving changes to x.
This behavioral consistency reflects underlying memorization.
In contrast, for non-member samples, the model’s outputs
are more sensitive to such perturbations, resulting in greater
variation in their alignment with y. This divergence under
controlled perturbations offers a fine-grained signal for dis-
tinguishing members from non-members.

# Input x:

# perturbed output

# model output y:

# Perturbed Input x’:1 y1

# Perturbed Input x’:2 y2

ret = set()
for e1 in l1:
    for e2

in l2:
    if e1 == e2:
        ret.add(e1)
return sorted(list(ret))

in l2:
    if e1 == e2:
        ret.add(e1)
return ret

# Ground-truth y:

# perturbed output

in l2:
    if e1 == e2:
        ret.add(e2)
return ret

# model output y:

unused_4080 = set()
ret = set()
for e1 in l1:
    for e2

in l2:
    if e1 == e2:
        ret.add(e1)
return ret

# perturbed output y1

y2# perturbed output

in l2:
    if e1 == e2:
        ret.add(e1)
return ret

in l2:
l3 = e1.findall(e2)
unused_6083 = 'l1 = []'
print(l1[0][0][2])

in l2:
if e1 not in ret \
        and \
    e2 not in ret:
    ret.union((e1,e2))

unused_6062 =\
    '`Gc_.TTGD+La'
ret = set()
for e1 in l1:
    for e2

Fig. 1. An illustrative example showing the code pair (x, y), along with the
model’s original and perturbed outputs when (x, y) is a memorized sample
(middle column) and when it is a non-memorized sample (right column).

To further clarify this intuition, Fig. 1 presents a represen-
tative example illustrating the victim model’s responses to an
input x and its perturbed variants, conditioned on whether the
pair (x, y) appears in the training set. As shown, the model
tends to generate similar completions for the original input x
in both member and non-member cases, which limits the effec-
tiveness of GT-Match and shadow-model–based methods. In
contrast, when semantics-preserving perturbations are applied,
the outputs for non-member samples exhibit greater deviation
from the ground truth y (right column), whereas member
samples remain stable (middle column), indicating stronger
memorization and reduced sensitivity to input changes.

Motivated by this example, we propose a deep learning-
based method that captures both the consistency and varia-
tion in model responses to semantics-preserving perturbations,
enabling more effective identification of subtle memorization
patterns through aggregated observations.

III. OVERVIEW OF OUR ATTACK METHODOLOGY

This section defines the threat model in terms of the adver-
sary’s goals, knowledge, and capabilities [36], and then briefly

describes our method’s workflow under these assumptions.

A. Threat Model

a) Adversary’s Goal: Let M be a code completion model
trained on a private dataset Din = {(xi, yi)}ni=1, where
each pair (xi, yi) represents an input code snippet and its
corresponding ground truth completion. Given a query input x,
M produces a completion ŷ = M(x) in a black-box fashion,
without revealing any internal parameters or gradients. The
attacker’s goal is to determine whether a particular pair (x, y)
was used in training M .

b) Adversary’s Knowledge: To ensure fair comparison
with prior work [23], we assume a partially informed adversary
who has access to a small portion of the training dataset.
Specifically, we follow the standard shadow training assump-
tion used in [23], where the adversary knows approximately
20% of the samples in Din. This setting reflects practical
scenarios where models are trained on a mix of publicly
available and proprietary code, making partial data exposure
plausible in real-world deployments.

c) Adversary’s Capabilities: The adversary is assumed
to have black-box access to the target model M , which means
that it can query the model with arbitrary code inputs and
observe the corresponding outputs, but cannot access internal
model details such as architecture, parameters, or training
configuration. In our attack setting, the adversary leverages this
black-box access to submit clean and perturbed versions of x
and analyze the resulting completions to infer membership.

B. Overall Approach

Unlike prior methods that depend on heuristic rules or re-
quire training a surrogate model to approximate M [37], [38],
our approach directly analyzes the victim model’s responses
to perturbed queries, thereby simplifying the overall workflow
while maintaining strong attack performance. Specifically, we
apply adversarial modifications to the input x and examine the
variations in M ’s predictions to reveal membership signals.

The workflow of our method is illustrated in Fig. 2 and
consists of the following steps. First, the victim model M is
queried with the original input x to obtain the corresponding
prediction ŷ. Next, a set of perturbed inputs x′

i is generated by
applying small, semantics-preserving modifications to x, such
as inserting dead code or renaming variables, ensuring that
the program’s intended functionality remains unchanged. Each
perturbed input x′

i is then used to query M , resulting in a set
of predictions ŷi. Subsequently, a pre-trained code embedding
model (i.e., CodeBERT [3]) is employed to transform y, ŷ, and
each ŷi into vector representations. From these embeddings,
similarity- and perplexity-based features are extracted to quan-
tify how closely and consistently M ’s completions align with
the true suffix y. Finally, a binary classifier G is trained on
the extracted features using labeled member and non-member
samples. During inference, G predicts the membership status
of new queries based on their extracted features.
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IDC

IRV

VR

IDP

IDL

Transformation Component

(Inserting Dead Control Branches)

(Inserting Redundant Variable Declarations)

(Variable and Method Renaming)

(Inserting Debug Print Statements)

(Inserting Dead Loops)

Perturbed Input Codes

…
…

<latexit sha1_base64="dECq3sZnwSgB0IWf19wTBEuU53g=">AAAB8XicbVA9SwNBEJ2NXzF+RS1tFoNgFe5E1DKYxsIiovnAyxH2NnvJkr29Y3dPCEf+hY2FIrb+Gzv/jZvkCk18MPB4b4aZeUEiuDaO840KK6tr6xvFzdLW9s7uXnn/oKXjVFHWpLGIVScgmgkuWdNwI1gnUYxEgWDtYFSf+u0npjSP5YMZJ8yPyEDykFNirPTYDcLMq9/e+5NeueJUnRnwMnFzUoEcjV75q9uPaRoxaaggWnuukxg/I8pwKtik1E01SwgdkQHzLJUkYtrPZhdP8IlV+jiMlS1p8Ez9PZGRSOtxFNjOiJihXvSm4n+el5rwys+4TFLDJJ0vClOBTYyn7+M+V4waMbaEUMXtrZgOiSLU2JBKNgR38eVl0jqruhfV87vzSu06j6MIR3AMp+DCJdTgBhrQBAoSnuEV3pBGL+gdfcxbCyifOYQ/QJ8/MIaQnQ==</latexit>

[C
L
S
]

<latexit sha1_base64="cdvN9rhQFP788b4FLQPB1kjsH6w=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVoh6LInisaD9wu5Rsmm1Dk+ySZIWy9F948aCIV/+NN/+NabsHbX0w8Hhvhpl5YcKZNq777RRWVtfWN4qbpa3tnd298v5BS8epIrRJYh6rTog15UzSpmGG006iKBYhp+1wdD31209UaRbLBzNOaCDwQLKIEWys9NgNo8y/v2kEk1654lbdGdAy8XJSgRyNXvmr249JKqg0hGOtfc9NTJBhZRjhdFLqppommIzwgPqWSiyoDrLZxRN0YpU+imJlSxo0U39PZFhoPRah7RTYDPWiNxX/8/zURJdBxmSSGirJfFGUcmRiNH0f9ZmixPCxJZgoZm9FZIgVJsaGVLIheIsvL5PWWdU7r9buapX6VR5HEY7gGE7Bgwuowy00oAkEJDzDK7w52nlx3p2PeWvByWcO4Q+czx85w5Cj</latexit>

[S
E
P

]
…

<latexit sha1_base64="tmS9qh1fHLOKCF5YVbEDjZvnALQ=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPtev1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvsZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1bus1u5rlfpNHkcRTuAUzsGDK6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwAHAI2k</latexit>

s
1

<latexit sha1_base64="n6/W1KPfxCc6g5FHRqeg8V9bvKI=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lKUY9FLx4r2lpoQ9lsJ+3SzSbsboQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgbjm5n/+IRK81g+mEmCfkSHkoecUWOle92v9csVt+rOQVaJl5MK5Gj2y1+9QczSCKVhgmrd9dzE+BlVhjOB01Iv1ZhQNqZD7FoqaYTaz+anTsmZVQYkjJUtachc/T2R0UjrSRTYzoiakV72ZuJ/Xjc14ZWfcZmkBiVbLApTQUxMZn+TAVfIjJhYQpni9lbCRlRRZmw6JRuCt/zyKmnXqt5FtX5XrzSu8ziKcAKncA4eXEIDbqEJLWAwhGd4hTdHOC/Ou/OxaC04+cwx/IHz+QMIhI2l</latexit>

s
2

<latexit sha1_base64="FCKzMTlL9ZxMG7d9GrbOVplhmMo=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0m0qMeiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1Bqw8GHu/NMDMvSKQw6LpfTmFldW19o7hZ2tre2d0r7x+0TJxqxpsslrHuBNRwKRRvokDJO4nmNAokbwfjm5nffuTaiFg94CThfkSHSoSCUbTSvemf98sVt+rOQf4SLycVyNHolz97g5ilEVfIJDWm67kJ+hnVKJjk01IvNTyhbEyHvGupohE3fjY/dUpOrDIgYaxtKSRz9edERiNjJlFgOyOKI7PszcT/vG6K4ZWfCZWkyBVbLApTSTAms7/JQGjOUE4soUwLeythI6opQ5tOyYbgLb/8l7TOqt5FtXZXq9Sv8ziKcATHcAoeXEIdbqEBTWAwhCd4gVdHOs/Om/O+aC04+cwh/ILz8Q0KCI2m</latexit>

s
3

<latexit sha1_base64="ALUI3mCQ37GeEiwHYbLkGnpwnmk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Qe0oWy2k3bpZhN2N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O4W19Y3NreJ2aWd3b/+gfHjU0nGqGDZZLGLVCahGwSU2DTcCO4lCGgUC28H4dua3n1BpHstHM0nQj+hQ8pAzaqz0oPu1frniVt05yCrxclKBHI1++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXUsljVD72fzUKTmzyoCEsbIlDZmrvycyGmk9iQLbGVEz0sveTPzP66YmvPYzLpPUoGSLRWEqiInJ7G8y4AqZERNLKFPc3krYiCrKjE2nZEPwll9eJa2LqndZrd3XKvWbPI4inMApnIMHV1CHO2hAExgM4Rle4c0Rzovz7nwsWgtOPnMMf+B8/gALjI2n</latexit>

s
4

<latexit sha1_base64="wx/dRP1f1iqiRleH70Ndv+pdCIk=">AAAB6nicbVA9SwNBEJ2LXzF+RS1tFoNgFe5E1DJoY2ER0XxAcoS9zVyyZG/v2N0TwpGfYGOhiK2/yM5/4ya5QhMfDDzem2FmXpAIro3rfjuFldW19Y3iZmlre2d3r7x/0NRxqhg2WCxi1Q6oRsElNgw3AtuJQhoFAlvB6Gbqt55QaR7LRzNO0I/oQPKQM2qs9KB7d71yxa26M5Bl4uWkAjnqvfJXtx+zNEJpmKBadzw3MX5GleFM4KTUTTUmlI3oADuWShqh9rPZqRNyYpU+CWNlSxoyU39PZDTSehwFtjOiZqgXvan4n9dJTXjlZ1wmqUHJ5ovCVBATk+nfpM8VMiPGllCmuL2VsCFVlBmbTsmG4C2+vEyaZ1Xvonp+f16pXedxFOEIjuEUPLiEGtxCHRrAYADP8ApvjnBenHfnY95acPKZQ/gD5/MHL+yNvw==</latexit>

s
L

V
ictim

 M
odel

<latexit sha1_base64="dECq3sZnwSgB0IWf19wTBEuU53g=">AAAB8XicbVA9SwNBEJ2NXzF+RS1tFoNgFe5E1DKYxsIiovnAyxH2NnvJkr29Y3dPCEf+hY2FIrb+Gzv/jZvkCk18MPB4b4aZeUEiuDaO840KK6tr6xvFzdLW9s7uXnn/oKXjVFHWpLGIVScgmgkuWdNwI1gnUYxEgWDtYFSf+u0npjSP5YMZJ8yPyEDykFNirPTYDcLMq9/e+5NeueJUnRnwMnFzUoEcjV75q9uPaRoxaaggWnuukxg/I8pwKtik1E01SwgdkQHzLJUkYtrPZhdP8IlV+jiMlS1p8Ez9PZGRSOtxFNjOiJihXvSm4n+el5rwys+4TFLDJJ0vClOBTYyn7+M+V4waMbaEUMXtrZgOiSLU2JBKNgR38eVl0jqruhfV87vzSu06j6MIR3AMp+DCJdTgBhrQBAoSnuEV3pBGL+gdfcxbCyifOYQ/QJ8/MIaQnQ==</latexit>

[C
L
S
]

<latexit sha1_base64="MtuxAxZFeebkWhU2tnxjdPFDzCA=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ie0oWy2m3bpbhJ2J0IJ/RVePCji1Z/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUkS8iQIl7ySaUxVI3g7GtzO//cS1EXH0gJOE+4oOIxEKRtFKj70Rxcz0vWm/XHGr7hxklXg5qUCORr/81RvELFU8QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSyOquPGz+cFTcmaVAQljbStCMld/T2RUGTNRge1UFEdm2ZuJ/3ndFMNrPxNRkiKP2GJRmEqCMZl9TwZCc4ZyYgllWthbCRtRTRnajEo2BG/55VXSuqh6l9Xafa1Sv8njKMIJnMI5eHAFdbiDBjSBgYJneIU3RzsvzrvzsWgtOPnMMfyB8/kD1b+QcQ==</latexit>
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<latexit sha1_base64="IRbm9WndLsIsRCvDa7eAQsRfArw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSSlqMeiF48VbKu0oWy2m3bp7ibsToQS+iu8eFDEqz/Hm//GbZuDtj4YeLw3w8y8MBHcoOd9O4W19Y3NreJ2aWd3b/+gfHjUNnGqKWvRWMT6ISSGCa5YCzkK9pBoRmQoWCcc38z8zhPThsfqHicJCyQZKh5xStBKj70Rwcz0a9N+ueJVvTncVeLnpAI5mv3yV28Q01QyhVQQY7q+l2CQEY2cCjYt9VLDEkLHZMi6lioimQmy+cFT98wqAzeKtS2F7lz9PZERacxEhrZTEhyZZW8m/ud1U4yugoyrJEWm6GJRlAoXY3f2vTvgmlEUE0sI1dze6tIR0YSizahkQ/CXX14l7VrVv6jW7+qVxnUeRxFO4BTOwYdLaMAtNKEFFCQ8wyu8Odp5cd6dj0VrwclnjuEPnM8f10SQcg==</latexit>

ŝ
2

<latexit sha1_base64="dC3w2cEbK9wK9PBBj9GmikyYcIs=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69BIvgqSRa1GPRi8cK9kPaUDbbTbt0dxN2J0IJ/RVePCji1Z/jzX/jts1Bqw8GHu/NMDMvTAQ36HlfTmFldW19o7hZ2tre2d0r7x+0TJxqypo0FrHuhMQwwRVrIkfBOolmRIaCtcPxzcxvPzJteKzucZKwQJKh4hGnBK300BsRzEz/fNovV7yqN4f7l/g5qUCORr/82RvENJVMIRXEmK7vJRhkRCOngk1LvdSwhNAxGbKupYpIZoJsfvDUPbHKwI1ibUuhO1d/TmREGjORoe2UBEdm2ZuJ/3ndFKOrIOMqSZEpulgUpcLF2J197w64ZhTFxBJCNbe3unRENKFoMyrZEPzll/+S1lnVv6jW7mqV+nUeRxGO4BhOwYdLqMMtNKAJFCQ8wQu8Otp5dt6c90VrwclnDuEXnI9v2MmQcw==</latexit>

ŝ
3

<latexit sha1_base64="JW0iHB1Fqtdq6+BOOQE4d1AVBRo=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ie0oWy2m3bpbhJ2J0IJ/RVePCji1Z/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUkS8iQIl7ySaUxVI3g7GtzO//cS1EXH0gJOE+4oOIxEKRtFKj70Rxcz0a9N+ueJW3TnIKvFyUoEcjX75qzeIWap4hExSY7qem6CfUY2CST4t9VLDE8rGdMi7lkZUceNn84On5MwqAxLG2laEZK7+nsioMmaiAtupKI7MsjcT//O6KYbXfiaiJEUescWiMJUEYzL7ngyE5gzlxBLKtLC3EjaimjK0GZVsCN7yy6ukdVH1Lqu1+1qlfpPHUYQTOIVz8OAK6nAHDWgCAwXP8ApvjnZenHfnY9FacPKZY/gD5/MH2k6QdA==</latexit>

ŝ
4

<latexit sha1_base64="qH2CZfLXIljdpVG5aBZ8SCdqZaY=">AAAB8HicbVA9SwNBEJ2LXzF+RS1tFoNgFe5E1DJoY2ERwXxIcoS9zV6yZG/v2J0TwpFfYWOhiK0/x85/4ya5QhMfDDzem2FmXpBIYdB1v53Cyura+kZxs7S1vbO7V94/aJo41Yw3WCxj3Q6o4VIo3kCBkrcTzWkUSN4KRjdTv/XEtRGxesBxwv2IDpQIBaNopcfukGJmeneTXrniVt0ZyDLxclKBHPVe+avbj1kacYVMUmM6npugn1GNgkk+KXVTwxPKRnTAO5YqGnHjZ7ODJ+TEKn0SxtqWQjJTf09kNDJmHAW2M6I4NIveVPzP66QYXvmZUEmKXLH5ojCVBGMy/Z70heYM5dgSyrSwtxI2pJoytBmVbAje4svLpHlW9S6q5/fnldp1HkcRjuAYTsGDS6jBLdShAQwieIZXeHO08+K8Ox/z1oKTzxzCHzifP/7GkIw=</latexit>

ŝ
L

<latexit sha1_base64="cdvN9rhQFP788b4FLQPB1kjsH6w=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVoh6LInisaD9wu5Rsmm1Dk+ySZIWy9F948aCIV/+NN/+NabsHbX0w8Hhvhpl5YcKZNq777RRWVtfWN4qbpa3tnd298v5BS8epIrRJYh6rTog15UzSpmGG006iKBYhp+1wdD31209UaRbLBzNOaCDwQLKIEWys9NgNo8y/v2kEk1654lbdGdAy8XJSgRyNXvmr249JKqg0hGOtfc9NTJBhZRjhdFLqppommIzwgPqWSiyoDrLZxRN0YpU+imJlSxo0U39PZFhoPRah7RTYDPWiNxX/8/zURJdBxmSSGirJfFGUcmRiNH0f9ZmixPCxJZgoZm9FZIgVJsaGVLIheIsvL5PWWdU7r9buapX6VR5HEY7gGE7Bgwuowy00oAkEJDzDK7w52nlx3p2PeWvByWcO4Q+czx85w5Cj</latexit>

[S
E
P

]
…

…
[C
LS]

Input

…
…

…
…

Transform
er

Transform
er

Output

<latexit sha1_base64="67zubY/zRYXPtGD09zOTgpCYIlM=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VPP65UrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wcNGI2o</latexit>

w
1

<latexit sha1_base64="OruMTjXosJIyrrN44UfuYidNs40=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZlZDCJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStm7KFfvqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8ADpyNqQ==</latexit>

w
2

<latexit sha1_base64="EFEcu+lIh6EdmTgwABYBo+rawa4=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOA0yYnd3M9GrIhk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+ci1EZF6wHHM/ZAOlOgLRtFK90/d826x5JbdGcgy8TJSggy1bvGr04tYEnKFTFJj2p4bo59SjYJJPil0EsNjykZ0wNuWKhpy46ezUyfkxCo90o+0LYVkpv6eSGlozDgMbGdIcWgWvan4n9dOsH/lp0LFCXLF5ov6iSQYkenfpCc0ZyjHllCmhb2VsCHVlKFNp2BD8BZfXiaNs7J3Ua7cVUrV6yyOPBzBMZyCB5dQhVuoQR0YDOAZXuHNkc6L8+58zFtzTjZzCH/gfP4AECCNqg==</latexit>

w
3

<latexit sha1_base64="oRKDlvI4JokvRgRY1wM+GPC0dIA=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120i7dbMLuRimhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtR1Sax/LBjBP0IzqQPOSMGivdP/WqvVLZrbgzkGXi5aQMOeq90le3H7M0QmmYoFp3PDcxfkaV4UzgpNhNNSaUjegAO5ZKGqH2s9mpE3JqlT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtO0YbgLb68TJrnFe+iUr2rlmvXeRwFOIYTOAMPLqEGt1CHBjAYwDO8wpsjnBfn3fmYt644+cwR/IHz+QMRpI2r</latexit>

w
4

…

<latexit sha1_base64="UVk7lZu8GkI5C+lSV7g8Qw28BVA=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cK9gPbUjbbTbt0swm7E6WE/AsvHhTx6r/x5r9x2+agrQ8GHu/NMDPPj6Uw6LrfTmFldW19o7hZ2tre2d0r7x80TZRoxhsskpFu+9RwKRRvoEDJ27HmNPQlb/njm6nfeuTaiEjd4yTmvZAOlQgEo2ilh64fpE/91MuyfrniVt0ZyDLxclKBHPV++as7iFgScoVMUmM6nhtjL6UaBZM8K3UTw2PKxnTIO5YqGnLTS2cXZ+TEKgMSRNqWQjJTf0+kNDRmEvq2M6Q4MoveVPzP6yQYXPVSoeIEuWLzRUEiCUZk+j4ZCM0ZyokllGlhbyVsRDVlaEMq2RC8xZeXSfOs6l1Uz+/OK7XrPI4iHMExnIIHl1CDW6hDAxgoeIZXeHOM8+K8Ox/z1oKTzxzCHzifP8r/kQI=</latexit>w
1

<latexit sha1_base64="pbAV9wQiDSuSBQqu1pfCybTGUMc=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9ktRT0WvXisYD+wXUo2zbah2WRJskpZ9l948aCIV/+NN/+NabsHbX0w8Hhvhpl5QcyZNq777RTW1jc2t4rbpZ3dvf2D8uFRW8tEEdoikkvVDbCmnAnaMsxw2o0VxVHAaSeY3Mz8ziNVmklxb6Yx9SM8EixkBBsrPfSDMH0apLUsG5QrbtWdA60SLycVyNEclL/6Q0mSiApDONa657mx8VOsDCOcZqV+ommMyQSPaM9SgSOq/XR+cYbOrDJEoVS2hEFz9fdEiiOtp1FgOyNsxnrZm4n/eb3EhFd+ykScGCrIYlGYcGQkmr2PhkxRYvjUEkwUs7ciMsYKE2NDKtkQvOWXV0m7VvUuqvW7eqVxncdRhBM4hXPw4BIacAtNaAEBAc/wCm+Odl6cd+dj0Vpw8plj+APn8wfMhZED</latexit>w
2

<latexit sha1_base64="fbFmxn3P8lOJedNDXy+zg+CGmqM=">AAAB8XicbVBNSwMxEJ3Ur1q/qh69BIvgqexqUY9FLx4r2A9sl5JNs21oNrskWaUs+y+8eFDEq//Gm//GtN2Dtj4YeLw3w8w8PxZcG8f5RoWV1bX1jeJmaWt7Z3evvH/Q0lGiKGvSSESq4xPNBJesabgRrBMrRkJfsLY/vpn67UemNI/kvZnEzAvJUPKAU2Ks9NDzg/Spn55nWb9ccarODHiZuDmpQI5Gv/zVG0Q0CZk0VBCtu64TGy8lynAqWFbqJZrFhI7JkHUtlSRk2ktnF2f4xCoDHETKljR4pv6eSEmo9ST0bWdIzEgvelPxP6+bmODKS7mME8MknS8KEoFNhKfv4wFXjBoxsYRQxe2tmI6IItTYkEo2BHfx5WXSOqu6F9XaXa1Sv87jKMIRHMMpuHAJdbiFBjSBgoRneIU3pNELekcf89YCymcO4Q/Q5w/OC5EE</latexit>w
3

<latexit sha1_base64="PHwdil6ko4hUVMvMAV4lTTvsj3o=">AAAB8XicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGC/cC2lM120i7dbMLuRikh/8KLB0W8+m+8+W/ctjlo64OBx3szzMzzY8G1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZQohg0WiUi1fapRcIkNw43AdqyQhr7Alj++mfqtR1SaR/LeTGLshXQoecAZNVZ66PpB+tRPq1nWL5XdijsDWSZeTsqQo94vfXUHEUtClIYJqnXHc2PTS6kynAnMit1EY0zZmA6xY6mkIepeOrs4I6dWGZAgUrakITP190RKQ60noW87Q2pGetGbiv95ncQEV72UyzgxKNl8UZAIYiIyfZ8MuEJmxMQSyhS3txI2oooyY0Mq2hC8xZeXSfO84l1UqnfVcu06j6MAx3ACZ+DBJdTgFurQAAYSnuEV3hztvDjvzse8dcXJZ47gD5zPH8+RkQU=</latexit>w
4

<latexit sha1_base64="dECq3sZnwSgB0IWf19wTBEuU53g=">AAAB8XicbVA9SwNBEJ2NXzF+RS1tFoNgFe5E1DKYxsIiovnAyxH2NnvJkr29Y3dPCEf+hY2FIrb+Gzv/jZvkCk18MPB4b4aZeUEiuDaO840KK6tr6xvFzdLW9s7uXnn/oKXjVFHWpLGIVScgmgkuWdNwI1gnUYxEgWDtYFSf+u0npjSP5YMZJ8yPyEDykFNirPTYDcLMq9/e+5NeueJUnRnwMnFzUoEcjV75q9uPaRoxaaggWnuukxg/I8pwKtik1E01SwgdkQHzLJUkYtrPZhdP8IlV+jiMlS1p8Ez9PZGRSOtxFNjOiJihXvSm4n+el5rwys+4TFLDJJ0vClOBTYyn7+M+V4waMbaEUMXtrZgOiSLU2JBKNgR38eVl0jqruhfV87vzSu06j6MIR3AMp+DCJdTgBhrQBAoSnuEV3pBGL+gdfcxbCyifOYQ/QJ8/MIaQnQ==</latexit>

[C
L
S
]

…

[SEP]

<latexit sha1_base64="uHdV0hcT1gwSCypQHPxuhpN+ylE=">AAAB8XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cK9gPbUjbbTbt0swm7E6WE/AsvHhTx6r/x5r9x2+agrQ8GHu/NMDPPj6Uw6LrfTmFldW19o7hZ2tre2d0r7x80TZRoxhsskpFu+9RwKRRvoEDJ27HmNPQlb/njm6nfeuTaiEjd4yTmvZAOlQgEo2ilh64fpE/9VGVZv1xxq+4MZJl4OalAjnq//NUdRCwJuUImqTEdz42xl1KNgkmelbqJ4TFlYzrkHUsVDbnppbOLM3JilQEJIm1LIZmpvydSGhozCX3bGVIcmUVvKv7ndRIMrnqpUHGCXLH5oiCRBCMyfZ8MhOYM5cQSyrSwtxI2opoytCGVbAje4svLpHlW9S6q53fnldp1HkcRjuAYTsGDS6jBLdShAQwUPMMrvDnGeXHenY95a8HJZw7hD5zPHyf8kT8=</latexit>w
n

<latexit sha1_base64="cdvN9rhQFP788b4FLQPB1kjsH6w=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mVoh6LInisaD9wu5Rsmm1Dk+ySZIWy9F948aCIV/+NN/+NabsHbX0w8Hhvhpl5YcKZNq777RRWVtfWN4qbpa3tnd298v5BS8epIrRJYh6rTog15UzSpmGG006iKBYhp+1wdD31209UaRbLBzNOaCDwQLKIEWys9NgNo8y/v2kEk1654lbdGdAy8XJSgRyNXvmr249JKqg0hGOtfc9NTJBhZRjhdFLqppommIzwgPqWSiyoDrLZxRN0YpU+imJlSxo0U39PZFhoPRah7RTYDPWiNxX/8/zURJdBxmSSGirJfFGUcmRiNH0f9ZmixPCxJZgoZm9FZIgVJsaGVLIheIsvL5PWWdU7r9buapX6VR5HEY7gGE7Bgwuowy00oAkEJDzDK7w52nlx3p2PeWvByWcO4Q+czx85w5Cj</latexit>

[S
E
P

]
…

…
…

……

<latexit sha1_base64="bXQDHUVWAHVr5f3n9kgGDzC35os=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbSbt0swm7G6WE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSATXxnW/ncLK6tr6RnGztLW9s7tX3j9o6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0M/Vbj6g0j+WDGSfoR3QgecgZNVa6f+rJXrniVt0ZyDLxclKBHPVe+avbj1kaoTRMUK07npsYP6PKcCZwUuqmGhPKRnSAHUsljVD72ezUCTmxSp+EsbIlDZmpvycyGmk9jgLbGVEz1IveVPzP66QmvPIzLpPUoGTzRWEqiInJ9G/S5wqZEWNLKFPc3krYkCrKjE2nZEPwFl9eJs2zqndRPb87r9Su8ziKcATHcAoeXEINbqEODWAwgGd4hTdHOC/Ou/Mxby04+cwh/IHz+QNpjI3l</latexit>

w
n

…
…

…

C
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…

<latexit sha1_base64="U+F9ky7ueG82qv7PfZEDf+1GMiE=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahgpRdKeqx6MVjBfsB7VKyabaNzSZLkhXL0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWV1b38hvFra2d3b3ivsHTS0TRWiDSC5VO8CaciZowzDDaTtWFEcBp61gdDP1W49UaSbFvRnH1I/wQLCQEWys1Cw/naHxaa9YcivuDGiZeBkpQYZ6r/jV7UuSRFQYwrHWHc+NjZ9iZRjhdFLoJprGmIzwgHYsFTii2k9n107QiVX6KJTKljBopv6eSHGk9TgKbGeEzVAvelPxP6+TmPDKT5mIE0MFmS8KE46MRNPXUZ8pSgwfW4KJYvZWRIZYYWJsQAUbgrf48jJpnle8i0r1rlqqXWdx5OEIjqEMHlxCDW6hDg0g8ADP8ApvjnRenHfnY96ac7KZQ/gD5/MHSxmOTQ==</latexit>

(x, y)Input Code
<latexit sha1_base64="jqylwcxBagMhesCQ8VFOWEkScmo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOknjQU=</latexit>x Ground Truth

<latexit sha1_base64="+uQyNRflh6ZfpBt0Osl+e4sjuBk=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJ+6LqXVZrzVqlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6quNBg==</latexit>y

Unperturbed Output
<latexit sha1_base64="ej5kp0Gnvw74fGQGb42fNe/soKU=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cK9gPaUDbbTbt0swm7EyGE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wSTu5nfeeLaiFg9YpZwP6IjJULBKFqp0x9TzLPpoFpz6+4cZJV4BalBgeag+tUfxiyNuEImqTE9z03Qz6lGwSSfVvqp4QllEzriPUsVjbjx8/m5U3JmlSEJY21LIZmrvydyGhmTRYHtjCiOzbI3E//zeimGN34uVJIiV2yxKEwlwZjMfidDoTlDmVlCmRb2VsLGVFOGNqGKDcFbfnmVtC/q3lX98uGy1rgt4ijDCZzCOXhwDQ24hya0gMEEnuEV3pzEeXHenY9Fa8kpZo7hD5zPH7Svj9M=</latexit>

ŷ

Perturbed OutputPerturbed Input
<latexit sha1_base64="T6DHE5Bo15Q7m7OhOEyrE6NsqTw=">AAAB8HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48V7Ie0oWy223bpbhJ2J0II/RVePCji1Z/jzX/jts1BWx8MPN6bYWZeEEth0HW/ncLa+sbmVnG7tLO7t39QPjxqmSjRjDdZJCPdCajhUoS8iQIl78SaUxVI3g4mtzO//cS1EVH4gGnMfUVHoRgKRtFKj70xxSzti2m/XHGr7hxklXg5qUCORr/81RtELFE8RCapMV3PjdHPqEbBJJ+WeonhMWUTOuJdS0OquPGz+cFTcmaVARlG2laIZK7+nsioMiZVge1UFMdm2ZuJ/3ndBIfXfibCOEEessWiYSIJRmT2PRkIzRnK1BLKtLC3EjammjK0GZVsCN7yy6ukdVH1Lqu1+1qlfpPHUYQTOIVz8OAK6nAHDWgCAwXP8ApvjnZenHfnY9FacPKZY/gD5/MHNBCQrw==</latexit>

ŷi

Vector PPL

…

MIA 
Classifier

Similarity-Based 
Feature

Extraction

PPL-Based 
Feature

Extraction

<latexit sha1_base64="QRlFKTdZFTH2TZmCLuq5ispBsxg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8eK9gPaUDbbTbt0swm7E7GE/gQvHhTx6i/y5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWjm6nfeuTaiFg94DjhfkQHSoSCUbTS/VPP65UrbtWdgSwTLycVyFHvlb+6/ZilEVfIJDWm47kJ+hnVKJjkk1I3NTyhbEQHvGOpohE3fjY7dUJOrNInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tOyYbgLb68TJpnVe+ien53Xqld53EU4QiO4RQ8uIQa3EIdGsBgAM/wCm+OdF6cd+dj3lpw8plD+APn8wcOno2p</latexit>x1
<latexit sha1_base64="AR8bw1iLV+h/TJ1WtHIGvCZC5c0=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYJUY9ELx4xyiOBDZkdemHC7OxmZtZICJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX6RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNStm7KFfvqqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AECKNqg==</latexit>x2

<latexit sha1_base64="oHKEjBPa1NpTI9acyZHKjpoa4aI=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHaVqEeiF48Y5ZHAhswOA0yYnd3M9BrJhk/w4kFjvPpF3vwbB9iDgpV0UqnqTndXEEth0HW/ndzK6tr6Rn6zsLW9s7tX3D9omCjRjNdZJCPdCqjhUiheR4GSt2LNaRhI3gxGN1O/+ci1EZF6wHHM/ZAOlOgLRtFK90/d826x5JbdGcgy8TJSggy1bvGr04tYEnKFTFJj2p4bo59SjYJJPil0EsNjykZ0wNuWKhpy46ezUyfkxCo90o+0LYVkpv6eSGlozDgMbGdIcWgWvan4n9dOsH/lp0LFCXLF5ov6iSQYkenfpCc0ZyjHllCmhb2VsCHVlKFNp2BD8BZfXiaNs7J3Ua7cVUrV6yyOPBzBMZyCB5dQhVuoQR0YDOAZXuHNkc6L8+58zFtzTjZzCH/gfP4AEaaNqw==</latexit>x3
<latexit sha1_base64="KTEE9qLTTWCBS8OaaUC1UgCPYAQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KokU9Vj04rGi/YA2lM120i7dbMLuRiyhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtR1Sax/LBjBP0IzqQPOSMGivdP/WqvVLZrbgzkGXi5aQMOeq90le3H7M0QmmYoFp3PDcxfkaV4UzgpNhNNSaUjegAO5ZKGqH2s9mpE3JqlT4JY2VLGjJTf09kNNJ6HAW2M6JmqBe9qfif10lNeOVnXCapQcnmi8JUEBOT6d+kzxUyI8aWUKa4vZWwIVWUGZtO0YbgLb68TJrnFe+iUr2rlmvXeRwFOIYTOAMPLqEGt1CHBjAYwDO8wpsjnBfn3fmYt644+cwR/IHz+QMTKo2s</latexit>x4

<latexit sha1_base64="vpUFnN3T4zTqOFqbssXBi7JAqLM=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNPo5ELx4xyiOBDZkdGpgwO7uZmTWSDZ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBZcG9f9dnIrq2vrG/nNwtb2zu5ecf+goaNEMayzSESqFVCNgkusG24EtmKFNAwENoPRzdRvPqLSPJIPZhyjH9KB5H3OqLHS/VP3vFssuWV3BrJMvIyUIEOtW/zq9CKWhCgNE1TrtufGxk+pMpwJnBQ6icaYshEdYNtSSUPUfjo7dUJOrNIj/UjZkobM1N8TKQ21HoeB7QypGepFbyr+57UT07/yUy7jxKBk80X9RBATkenfpMcVMiPGllCmuL2VsCFVlBmbTsGG4C2+vEwaZ2Xvoly5q5Sq11kceTiCYzgFDy6hCrdQgzowGMAzvMKbI5wX5935mLfmnGzmEP7A+fwBFK6NrQ==</latexit>x5
<latexit sha1_base64="2azxCxWsaN6Af1vVZpjY5FYhTgc=">AAAB6nicbVDLTgJBEOzFF+IL9ehlIjHxRHYNQY9ELx4xyiOBDZkdemHC7OxmZtZICJ/gxYPGePWLvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzcxvPaLSPJYPZpygH9GB5CFn1Fjp/qlX7RVLbtmdg6wSLyMlyFDvFb+6/ZilEUrDBNW647mJ8SdUGc4ETgvdVGNC2YgOsGOppBFqfzI/dUrOrNInYaxsSUPm6u+JCY20HkeB7YyoGeplbyb+53VSE175Ey6T1KBki0VhKoiJyexv0ucKmRFjSyhT3N5K2JAqyoxNp2BD8JZfXiXNi7JXLVfuKqXadRZHHk7gFM7Bg0uowS3UoQEMBvAMr/DmCOfFeXc+Fq05J5s5hj9wPn8AFjKNrg==</latexit>x6

<latexit sha1_base64="8wogBtfe/1Lo5S09nsPgNdJC75k=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqeyKqMeiF48V7Ae0S8mm2TY2myxJVixL/4MXD4p49f9489+YtnvQ1gcDj/dmmJkXJoIb63nfqLCyura+UdwsbW3v7O6V9w+aRqWasgZVQul2SAwTXLKG5VawdqIZiUPBWuHoZuq3Hpk2XMl7O05YEJOB5BGnxDqp+dTLfG/SK1e8qjcDXiZ+TiqQo94rf3X7iqYxk5YKYkzH9xIbZERbTgWblLqpYQmhIzJgHUcliZkJstm1E3zilD6OlHYlLZ6pvycyEhszjkPXGRM7NIveVPzP66Q2ugoyLpPUMknni6JUYKvw9HXc55pRK8aOEKq5uxXTIdGEWhdQyYXgL768TJpnVf+ien53Xqld53EU4QiO4RR8uIQa3EIdGkDhAZ7hFd6QQi/oHX3MWwsonzmEP0CfP0Kiju8=</latexit>x10
<latexit sha1_base64="XpKWSHQJ1pkpnlZY+stbxCav54M=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRbBU9mIqMeiF48V7Ae0S8mm2TY2myxJVixL/4MXD4p49f9489+YtnvQ1gcDj/dmmJkXJoIb6/vfXmFldW19o7hZ2tre2d0r7x80jUo1ZQ2qhNLtkBgmuGQNy61g7UQzEoeCtcLRzdRvPTJtuJL3dpywICYDySNOiXVS86mXYTzplSt+1Z8BLROckwrkqPfKX92+omnMpKWCGNPBfmKDjGjLqWCTUjc1LCF0RAas46gkMTNBNrt2gk6c0keR0q6kRTP190RGYmPGceg6Y2KHZtGbiv95ndRGV0HGZZJaJul8UZQKZBWavo76XDNqxdgRQjV3tyI6JJpQ6wIquRDw4svLpHlWxRfV87vzSu06j6MIR3AMp4DhEmpwC3VoAIUHeIZXePOU9+K9ex/z1oKXzxzCH3ifP0QnjvA=</latexit>x11

…

<latexit sha1_base64="P2K81ClU8q2Qzb4OYLfeuX/d8U4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0lE1GPRi8cK9gPSUDbbTbt0sxt2J0II+RlePCji1V/jzX/jts1BWx8MPN6bYWZemAhuwHW/ncra+sbmVnW7trO7t39QPzzqGpVqyjpUCaX7ITFMcMk6wEGwfqIZiUPBeuH0bub3npg2XMlHyBIWxGQsecQpASv5gwmBPBvmXlEM6w236c6BV4lXkgYq0R7WvwYjRdOYSaCCGON7bgJBTjRwKlhRG6SGJYROyZj5lkoSMxPk85MLfGaVEY6UtiUBz9XfEzmJjcni0HbGBCZm2ZuJ/3l+CtFNkHOZpMAkXSyKUoFB4dn/eMQ1oyAySwjV3N6K6YRoQsGmVLMheMsvr5LuRdO7al4+XDZat2UcVXSCTtE58tA1aqF71EYdRJFCz+gVvTngvDjvzseiteKUM8foD5zPH6jIkYM=</latexit>

ŷ1
<latexit sha1_base64="ThqVIkdFMBQr4fyFIomUykwOwas=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0lKUY9FLx4r2A9oQ9lsN+3SzW7YnQgh5Gd48aCIV3+NN/+N2zYHbX0w8Hhvhpl5QSy4Adf9dkobm1vbO+Xdyt7+weFR9fika1SiKetQJZTuB8QwwSXrAAfB+rFmJAoE6wWzu7nfe2LacCUfIY2ZH5GJ5CGnBKw0GE4JZOkoa+T5qFpz6+4CeJ14BamhAu1R9Ws4VjSJmAQqiDEDz43Bz4gGTgXLK8PEsJjQGZmwgaWSRMz42eLkHF9YZYxDpW1JwAv190RGImPSKLCdEYGpWfXm4n/eIIHwxs+4jBNgki4XhYnAoPD8fzzmmlEQqSWEam5vxXRKNKFgU6rYELzVl9dJt1H3rurNh2atdVvEUUZn6BxdIg9doxa6R23UQRQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AGqTpGE</latexit>

ŷ2

<latexit sha1_base64="qW69jFKHlS6Fu1hzzcsskEW21a4=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0m0qMeiF48V7AekoWy223bpZjfsToQQ8jO8eFDEq7/Gm//GbZuDtj4YeLw3w8y8MBbcgOt+O6W19Y3NrfJ2ZWd3b/+genjUMSrRlLWpEkr3QmKY4JK1gYNgvVgzEoWCdcPp3czvPjFtuJKPkMYsiMhY8hGnBKzk9ycEsnSQXeb5oFpz6+4ceJV4BamhAq1B9as/VDSJmAQqiDG+58YQZEQDp4LllX5iWEzolIyZb6kkETNBNj85x2dWGeKR0rYk4Ln6eyIjkTFpFNrOiMDELHsz8T/PT2B0E2RcxgkwSReLRonAoPDsfzzkmlEQqSWEam5vxXRCNKFgU6rYELzll1dJ56LuXdUbD41a87aIo4xO0Ck6Rx66Rk10j1qojShS6Bm9ojcHnBfn3flYtJacYuYY/YHz+QOr1JGF</latexit>

ŷ3

<latexit sha1_base64="RYQZn3y1d+6kDudfrD3UFgqveuY=">AAAB8nicbVBNS8NAEN34WetX1aOXxSJ4KokU9Vj04rGC/YA0lM120y7d7IbdiRBCfoYXD4p49dd489+4bXPQ1gcDj/dmmJkXJoIbcN1vZ219Y3Nru7JT3d3bPzisHR13jUo1ZR2qhNL9kBgmuGQd4CBYP9GMxKFgvXB6N/N7T0wbruQjZAkLYjKWPOKUgJX8wYRAng3zZlEMa3W34c6BV4lXkjoq0R7WvgYjRdOYSaCCGON7bgJBTjRwKlhRHaSGJYROyZj5lkoSMxPk85MLfG6VEY6UtiUBz9XfEzmJjcni0HbGBCZm2ZuJ/3l+CtFNkHOZpMAkXSyKUoFB4dn/eMQ1oyAySwjV3N6K6YRoQsGmVLUheMsvr5LuZcO7ajQfmvXWbRlHBZ2iM3SBPHSNWugetVEHUaTQM3pFbw44L86787FoXXPKmRP0B87nD61akYY=</latexit>

ŷ4

<latexit sha1_base64="NM2118Cn3cC6CiK0HAfTyOQfoHw=">AAAB8nicbVDLSsNAFJ3UV62vqks3g0VwVRKpj2XRjcsK9gFpKJPptB06mQkzN0II+Qw3LhRx69e482+ctllo64ELh3Pu5d57wlhwA6777ZTW1jc2t8rblZ3dvf2D6uFRx6hEU9amSijdC4lhgkvWBg6C9WLNSBQK1g2ndzO/+8S04Uo+QhqzICJjyUecErCS358QyNJBdpnng2rNrbtz4FXiFaSGCrQG1a/+UNEkYhKoIMb4nhtDkBENnAqWV/qJYTGhUzJmvqWSRMwE2fzkHJ9ZZYhHStuSgOfq74mMRMakUWg7IwITs+zNxP88P4HRTZBxGSfAJF0sGiUCg8Kz//GQa0ZBpJYQqrm9FdMJ0YSCTaliQ/CWX14lnYu6d1VvPDRqzdsijjI6QafoHHnoGjXRPWqhNqJIoWf0it4ccF6cd+dj0Vpyiplj9AfO5w+u4JGH</latexit>

ŷ5
<latexit sha1_base64="rNhU5n4bfEVYq/VI8IuH45owwOw=">AAAB8nicbVBNS8NAEN3Ur1q/qh69LBbBU0mkVI9FLx4r2A9oQ9lsN+3SzW7YnQgh5Gd48aCIV3+NN/+N2zYHbX0w8Hhvhpl5QSy4Adf9dkobm1vbO+Xdyt7+weFR9fika1SiKetQJZTuB8QwwSXrAAfB+rFmJAoE6wWzu7nfe2LacCUfIY2ZH5GJ5CGnBKw0GE4JZOkoa+b5qFpz6+4CeJ14BamhAu1R9Ws4VjSJmAQqiDEDz43Bz4gGTgXLK8PEsJjQGZmwgaWSRMz42eLkHF9YZYxDpW1JwAv190RGImPSKLCdEYGpWfXm4n/eIIHwxs+4jBNgki4XhYnAoPD8fzzmmlEQqSWEam5vxXRKNKFgU6rYELzVl9dJ96ruNeuNh0atdVvEUUZn6BxdIg9doxa6R23UQRQp9Ixe0ZsDzovz7nwsW0tOMXOK/sD5/AGwZpGI</latexit>

ŷ6

<latexit sha1_base64="K3TsnIvhEJK1nmVRjXQAr2MgfaA=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cK9gOaUDbbTbt088HuRAghf8OLB0W8+me8+W/ctjlo64OBx3szzMzzEyk02va3VVlb39jcqm7Xdnb39g/qh0ddHaeK8Q6LZaz6PtVcioh3UKDk/URxGvqS9/zp3czvPXGlRRw9YpZwL6TjSASCUTSS604o5tkwd+yiGNYbdtOeg6wSpyQNKNEe1r/cUczSkEfIJNV64NgJejlVKJjkRc1NNU8om9IxHxga0ZBrL5/fXJAzo4xIECtTEZK5+nsip6HWWeibzpDiRC97M/E/b5BicOPlIkpS5BFbLApSSTAmswDISCjOUGaGUKaEuZWwCVWUoYmpZkJwll9eJd2LpnPVvHy4bLRuyziqcAKncA4OXEML7qENHWCQwDO8wpuVWi/Wu/WxaK1Y5cwx/IH1+QMah5G9</latexit>

ˆy10

<latexit sha1_base64="59oYX/orkmONmMuTWt3XkKGYdeQ=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cK9gOaUDbbTbt088HuRAghf8OLB0W8+me8+W/ctjlo64OBx3szzMzzEyk02va3VVlb39jcqm7Xdnb39g/qh0ddHaeK8Q6LZaz6PtVcioh3UKDk/URxGvqS9/zp3czvPXGlRRw9YpZwL6TjSASCUTSS604o5tkwd5yiGNYbdtOeg6wSpyQNKNEe1r/cUczSkEfIJNV64NgJejlVKJjkRc1NNU8om9IxHxga0ZBrL5/fXJAzo4xIECtTEZK5+nsip6HWWeibzpDiRC97M/E/b5BicOPlIkpS5BFbLApSSTAmswDISCjOUGaGUKaEuZWwCVWUoYmpZkJwll9eJd2LpnPVvHy4bLRuyziqcAKncA4OXEML7qENHWCQwDO8wpuVWi/Wu/WxaK1Y5cwx/IH1+QMcDZG+</latexit>

ˆy11

<latexit sha1_base64="atwBTWaewmruY30kSfX/vOndlS0=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqexKUY9FLx4r2A9ol5JNs21sNlmSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSq5eMeN/vlyte1ZsDrxI/JxXI0eiXv3oDRdOYSUsFMabre4kNMqItp4JNS73UsITQMRmyrqOSxMwE2fzaKT5zygBHSruSFs/V3xMZiY2ZxKHrjIkdmWVvJv7ndVMbXQcZl0lqmaSLRVEqsFV49joecM2oFRNHCNXc3YrpiGhCrQuo5ELwl19eJa2Lqn9Zrd3XKvWbPI4inMApnIMPV1CHO2hAEyg8wjO8whtS6AW9o49FawHlM8fwB+jzBz40juw=</latexit>

ω1

<latexit sha1_base64="D7sGvPhNIbMkasSXSftVTFEWRYI=">AAAB7XicbVBNSwMxEJ34WetX1aOXYBE8ld1S1GPRi8cK9gPapWTTbBubTZYkK5Sl/8GLB0W8+n+8+W9M2z1o64OBx3szzMwLE8GN9bxvtLa+sbm1Xdgp7u7tHxyWjo5bRqWasiZVQulOSAwTXLKm5VawTqIZiUPB2uH4dua3n5g2XMkHO0lYEJOh5BGnxDqp1UtGvF/tl8pexZsDrxI/J2XI0eiXvnoDRdOYSUsFMabre4kNMqItp4JNi73UsITQMRmyrqOSxMwE2fzaKT53ygBHSruSFs/V3xMZiY2ZxKHrjIkdmWVvJv7ndVMbXQcZl0lqmaSLRVEqsFV49joecM2oFRNHCNXc3YrpiGhCrQuo6ELwl19eJa1qxb+s1O5r5fpNHkcBTuEMLsCHK6jDHTSgCRQe4Rle4Q0p9ILe0ceidQ3lMyfwB+jzBz+4ju0=</latexit>

ω2
<latexit sha1_base64="qusYoDqUgkd9k5fN8nFO6yCj3Is=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKexKUI9BLx4jmIckS5idzCZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+nfntJ6oNU/LBThIaCjyULGYEWyc99pIR62dBbdovV/yqPwdaJUFOKpCj0S9/9QaKpIJKSzg2phv4iQ0zrC0jnE5LvdTQBJMxHtKuoxILasJsfvAUnTllgGKlXUmL5urviQwLYyYicp0C25FZ9mbif143tfF1mDGZpJZKslgUpxxZhWbfowHTlFg+cQQTzdytiIywxsS6jEouhGD55VXSuqgGl9Xafa1Sv8njKMIJnMI5BHAFdbiDBjSBgIBneIU3T3sv3rv3sWgtePnMMfyB9/kDe82QNg==</latexit>

ω14

<latexit sha1_base64="4gr5IvAYkuZbf7GwwYMAquJFAKU=">AAAB8HicbVDJSgNBEK2JW4xb1KOXxiB4CjPidgx68RjBLJIMoafTkzTpZejuEcKQr/DiQRGvfo43/8ZOMgdNfFDweK+KqnpRwpmxvv/tFVZW19Y3ipulre2d3b3y/kHTqFQT2iCKK92OsKGcSdqwzHLaTjTFIuK0FY1up37riWrDlHyw44SGAg8kixnB1kmP3WTIellwMemVK37VnwEtkyAnFchR75W/un1FUkGlJRwb0wn8xIYZ1pYRTielbmpogskID2jHUYkFNWE2O3iCTpzSR7HSrqRFM/X3RIaFMWMRuU6B7dAselPxP6+T2vg6zJhMUkslmS+KU46sQtPvUZ9pSiwfO4KJZu5WRIZYY2JdRiUXQrD48jJpnlWDy+r5/XmldpPHUYQjOIZTCOAKanAHdWgAAQHP8ApvnvZevHfvY95a8PKZQ/gD7/MHfVKQNw==</latexit>

ω15
<latexit sha1_base64="oLJGmYmtqsWkTLXBvo4EVJDRzAo=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoPgKeyKRI9BLx4jmIckS5idzCZD5rHMzAphyVd48aCIVz/Hm3/jJNmDJhY0FFXddHdFCWfG+v63V1hb39jcKm6Xdnb39g/Kh0cto1JNaJMornQnwoZyJmnTMstpJ9EUi4jTdjS+nfntJ6oNU/LBThIaCjyULGYEWyc99pIR62dBbdovV/yqPwdaJUFOKpCj0S9/9QaKpIJKSzg2phv4iQ0zrC0jnE5LvdTQBJMxHtKuoxILasJsfvAUnTllgGKlXUmL5urviQwLYyYicp0C25FZ9mbif143tfF1mDGZpJZKslgUpxxZhWbfowHTlFg+cQQTzdytiIywxsS6jEouhGD55VXSuqgGterl/WWlfpPHUYQTOIVzCOAK6nAHDWgCAQHP8ApvnvZevHfvY9Fa8PKZY/gD7/MHfteQOA==</latexit>
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ω27

…

Fig. 2. Workflow of the proposed MIA framework, AdvPrompt-MIA

IV. DETAILS OF THE PROPOSED METHOD

A. Adversarial Perturbations for Membership Exposure

Adversarial perturbations are key to revealing the memo-
rization behavior of LLMs. As discussed in Section II-B, if
(x, y) is a training sample, the model’s predictions remain
stable under small perturbations to x; otherwise, the outputs
vary more due to weaker learned associations. This behavioral
divergence motivates the construction of adversarial pertur-
bations that maintain program semantics while amplifying
the prediction stability gap between member and non-member
samples, thereby exposing memorization signals that can be
exploited by a downstream classifier.

To this end, we design the following five semantics-
preserving perturbations. Unlike prior adversarial attack meth-
ods that focus on imperceptible changes, our goal is to observe
model behavior under meaningful input variations, regardless
of whether the modifications are minimal.

1) Inserting Dead Control Branches (IDC): This transfor-
mation inserts a conditional branch with a statically false
predicate at a randomly selected line in the code. The in-
serted branch optionally wraps either an assignment to a non-
existent variable or an existing statement from x. Although
this modifies the control flow and dependency structure, the
runtime behavior remains unaffected since the branch condi-
tion is always false and thus never executed. We define four
construction strategies, as illustrated in Fig. 3, and randomly
apply two per input during our experiments, as applying all
four did not lead to further performance improvements.

Taking Case 3 as an example, the IDC transformation is
formally defined as follows.

TIDC =
{
tIDC

∣∣ ∀x∈X , ∀s∈S(x), tIDC(x, s)∈X ′
}

(1)

where S(x) denotes the set of statements in x.
2) Inserting Redundant Variable Declarations (IRV): This

transformation injects a variable declaration that is never
used in the subsequent code. The declared variable may be

# Case 1:

if "key" != "key":
    void_array = [''] * 50
    void_array[10] = 'A'

# Case 2:

if False:
    void_array = [''] * 50
    void_array[10] = 'A'

# Case 3:

if "key" != "key":
    statement

# Case 4:

if False:
    statement

Fig. 3. Four strategies for constructing IDC branches

optionally initialized using either an existing variable (Case 1)
or a randomly selected constant (Case 2), as shown in Fig. 4.
The insertion is performed after the line where the referenced
variable appears; if a constant is used, the insertion position
is selected randomly. The formal definition of the IRV trans-
formation for Case 1 is provided in Equation 2, where V (x)
denotes the set of variables in x.

# Case 1: # Case 2:

new_var = exist_var new_var = 739

Fig. 4. Two forms of the IRV transformation

TIRV =
{
tIRV

∣∣ ∀x∈X , ∀v∈V (x) : tIRV(x, v)∈X ′
}
, (2)

3) Variable and Method Renaming (VR): This transforma-
tion replaces all occurrences of a variable or method name
with a new syntactically valid identifier, typically generated by
appending a randomized numeric suffix to the original name.
The formal definition of the VR transformation is as follows:

TVR =
{
tVR

∣∣ ∀x∈X , ∀v∈V (x) : tVR(x, v)∈X ′
}
. (3)

where V (x) denotes the set of variable and method identi-
fiers in x, and v ∈ V (x) is a selected identifier. This renaming
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operation perturbs the token-level representation of the code
while preserving its semantics, which has been shown to be
effective in prior adversarial attack studies [39].

4) Inserting Debug Print Statements (IDP): This trans-
formation, with two cases as shown in Fig. 5, inserts print
statements for logging or debugging purposes, thereby in-
creasing lexical diversity and introducing benign data-flow
dependencies. In Case 1, the print statement is inserted at
the beginning of the method body; in Case 2, it is placed
after a variable declaration. The formal definition of the IDP
transformation, corresponding to Case 2, is as follows:

# Case 1: # Case 2:

print("Debug: Entering method foo()") print("Debug: Variable", v)

Fig. 5. Two forms of the IDP transformation

TIDP =
{
tIDP

∣∣ ∀x∈X , ∀v∈V (x) : tIDP(x, v)∈X ′
}
, (4)

where v is a variable from x used to establish a data-flow
dependency through the inserted print statement.

5) Inserting Dead Loops (IDL): This transformation intro-
duces three types of loop conditions that are statically false
(i.e., the loops will never execute), optionally populated with
a no-op body such as a print statement, pass, or an
unused assignment, as illustrated in Fig. 6. The loop is
inserted at a randomly selected line in the code to preserve
semantics while increasing structural complexity.

# Loop conditions: # Loop bodies:
for _ in range(5, 3):
while "key" != "key":
while False:

print("Debug: Entering loop")
pass
unused_var = 0

Fig. 6. Loop conditions and bodies used in the IDL transformation

The IDL transformation is formally defined as follows:

TIDL =
{
tIDL

∣∣ ∀x∈X , tIDL(x)∈X ′
}
. (5)

Among the above five perturbation strategies, some are
inspired by prior adversarial attack works (e.g., VR in
ALERT [40] and IDP in DIP [41]). Based on the five perturba-
tion methods, we construct a set of 11 semantically equivalent
variants X ′ for each input x using Algorithm 1. As shown
in the algorithm, each variant is perturbed with one single
transformation. In particular, the resulting set X ′ includes two
variants each from IDC, IRV, VR, and IDP, and three from
IDL. All variants preserve the original program semantics,
as they do not alter the program’s functional behavior. This
is confirmed by our manual verification of representative
examples from each transformation.

B. Training MIA Classifiers

1) Feature Extraction: For each original input x and its
perturbed variants {x′

i}11i=1, we obtain the model outputs ŷ
and {ŷi}11i=1. We then compute two types of deviations from

Algorithm 1: Generate the 11 perturbations of x.
Input : code x with lines L, variables V , methods M
Output: perturbed code x′

1 copy xorig←x; let X ′←∅
2 foreach type in {IDC, IRV, VR, IDP, IDL} do
3 if type = IDC then
4 pick f1, f2 ∈ IDC forms; for each f ∈ {f1, f2},

apply tfIDC to xorig, appending result to X ′

5 else if type = IRV then
6 for each g ∈ IRV forms, apply tgIRV to xorig,

appending result to X ′

7 else if type = VR then
8 pick h1, h2 ∈ VR forms; for each h ∈ {h1, h2},

apply thVR to xorig, appending result to X ′

9 else if type = IDP then
10 pick p1, p2 ∈ IDP forms; for each p ∈ {p1, p2},

apply tpIDP to xorig, appending result to X ′

11 else
12 for each q ∈ IDL forms, apply tqIDL to xorig,

appending result to X ′

13 end
14 return X ′

the reference output y: (i) similarity scores and (ii) perplexity
values. These measures capture how the model’s predictions
vary in response to perturbations and form the basis of the
feature vector used for membership inference.

a) Textual Similarity: We tokenize and embed each code
snippet using CodeBERT [3] to obtain a token sequence of
length L and an embedding matrix of size L× 768. Applying
average pooling yields a single 768-dimensional vector. Let
v(·) denote this embedding process; for any two snippets y
and ŷ, their cosine similarity is defined as:

sim(y, ŷ) =
v(y) · v(ŷ)

∥v(y)∥∥v(ŷ)∥
. (6)

b) Perplexity: To quantify how anomalous a model’s
output is under perturbation, we employ perplexity. For a token
sequence wN

1 = (w1, . . . , wN ), the model assigns conditional
probabilities P (wi | w<i), and the perplexity of the sequence
is defined as:

PPL(wN
1 ) = exp

(
− 1

N

N∑
i=1

lnP (wi | w<i)
)

(7)

where lower PPL indicates higher confidence. To evaluate the
relative change in perplexity under perturbations, we normalize
each perplexity score with respect to the unperturbed output:

PPL′(ŷi) =
PPL(ŷi) − PPL(ŷ)

PPL(ŷ)
(8)

c) Feature Vector Construction: For each sample (x, y),
we construct a 27-dimensional feature vector that captures
both similarity- and perplexity-based cues relevant to member-
ship. Specifically, the vector includes the similarity between
the ground-truth suffix y and the model’s unperturbed output ŷ,
followed by the similarities between y and the 11 adversarially
perturbed completions ŷi. To summarize these 12 similarity
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values, we include their mean µ(sim) and standard deviation
σ(sim). In addition, the vector incorporates the standardized
perplexity scores PPL′(ŷi) for each of the 11 perturbed out-
puts, along with their mean µ(PPL′) and standard deviation
σ(PPL′). Formally, the resulting feature vector is defined as:

ϕ(x, y) =

sim(y, ŷ),

sim(y, ŷ1), . . . , sim(y, ŷ11), µ(sim), σ(sim),

PPL′(ŷ1), . . . , PPL
′(ŷ11), µ(PPL

′), σ(PPL′)

.
The feature vector captures behavioral differences, serving as
the central mechanism that drives our method’s performance.

2) Model Training and Inference: To perform membership
inference, we train a multilayer perceptron (MLP) classifier
using the high-dimensional feature representations ϕ(x, y)
constructed in the previous step. Let D = 27 denote the input
layer dimension, which matches the dimensionality of the
feature vector. The network comprises three hidden layers of
size 512 and an output layer that produces logits in RC , where
C = 2 for binary membership classification. Each hidden layer
performs a linear mapping with ReLU activation:

hi = ReLU
(
Wi hi−1 + bi

)
, h0 = ϕ(x, y), (9)

followed by a dropout operation to mitigate overfitting. After
the final hidden layer h3, the output logits are computed as

z = Wout h3 + bout, z ∈ RC . (10)

The classifier is trained using standard cross-entropy loss.
At inference time, given a data pair (x, y), we first obtain the

unperturbed output ŷ = M(x) from the victim model. We then
apply semantics-preserving perturbations to x to generate a set
of modified inputs {x′

i} and collect their corresponding outputs
{ŷi}. Based on these outputs and the reference y, we compute
the feature vector ϕ(x, y) as described in Section IV-B. Finally,
this feature vector is fed into the trained MLP classifier to
determine the membership status. This end-to-end pipeline
relies solely on the victim model’s outputs under controlled
perturbations and the feature vectors designed to capture
output variations indicative of memorization.

V. EXPERIMENT DESIGN

We aim to answer the following research questions (RQs)1:
RQ1: To what extent does the proposed MIA method

outperform state-of-the-art baselines?
RQ2: Which perturbation strategies and feature components

contribute most to attack performance?
RQ3: To what extent can the proposed method generalize

to other code LLMs beyond Code Llama 7B?
RQ4: Can the proposed method train an MIA classifier on

one model that transfers effectively to other target models?
RQ5: To what extent does the proposed method generalize

with varying or no knowledge of target training datasets?

1Code is available at https://github.com/YuanJiangGit/MIA Adv

A. Dataset

Code generation (or code completion) is a core capability of
code LLMs and provides a representative setting for studying
membership inference [23]. We adopt APPS and HumanEval,
two widely used benchmarks, as evaluation datasets for as-
sessing MIA performance. To investigate potential leakage
between our evaluation benchmarks and the pre-training cor-
pora of the target models, we perform a text-based matching
analysis. Among the five victim models considered in this
paper (introduced in Section V-D), StarCoder2 is the only
one with publicly traceable pre-training data (The Stack v2,
32.1TB, 1.15B files) [32]. We therefore conduct matching
experiments against this corpus and find no exact overlaps
with the code samples from HumanEval and APPS, reducing
the likelihood of data leakage. Moreover, both benchmarks are
widely adopted as official test sets for evaluating the functional
correctness of target models [30]–[32], further supporting their
exclusion from pre-training data to ensure fair evaluation.

APPS [42] contains 5 000 training tasks and 5 000 testing
tasks. For each task, we extract a single reference imple-
mentation and discard any tasks without valid solutions. This
yields 5 000 training examples for constructing the victim
model’s training dataset Din, and 3,765 testing examples,
which serve as the basis for the non-member dataset Dout.
HumanEval [43] consists of 164 hand-crafted programming
problems. Following a similar setup, we randomly divide the
problems into two disjoint subsets of equal size. One subset
(82 problems) is used to construct Din, while the remaining
82 problems form Dout. Each problem is associated with a
single reference solution. Note that Din is used to fine-tune
publicly released code LLMs rather than train from scratch.

We adopt a partial knowledge threat model, in which the
adversary has access to only a small portion of the training
data. Specifically, 20% of Din is assumed to be known to the
adversary and is used as the positive class when training the
MIA classifier. An equal number of non-member samples is
randomly drawn from Dout to form a balanced training set.
This setting, including the exact ratio (i.e., 20%), is consistent
with prior work [23]. For evaluation, the same sampling
strategy is applied to the remaining 80% of Din and to the rest
of Dout, ensuring that training and evaluation are performed
on disjoint data splits derived from the original benchmarks.

The data preparation process is illustrated in Fig. 7, where
Din and Dout denote the training and testing sets, used to
simulate member and non-member samples, respectively.

B. Evaluation Metrics

Consistent with prior work [23], [38], we adopt three
metrics to evaluate the performance of the MIA classifier:
True Positive Rate (TPR), False Positive Rate (FPR), and
Area Under the ROC Curve (AUC). These are defined as:
TPR = TP/(TP + FN), FPR = FP/(FP + TN), and AUC
=

∫ 1

0
TPR(τ) dFPR(τ), where TP, FP, TN, and FN rep-

resent true positives, false positives, true negatives, and false
negatives, respectively, and τ denotes the decision threshold.
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known to the attacker
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Fig. 7. Workflow for dataset construction used in experiments

We choose these metrics because TPR reflects the at-
tacker’s ability to correctly identify member samples (i.e.,
attack power), FPR captures the rate of incorrect membership
predictions (i.e., attack error), and AUC provides a threshold-
independent summary of the trade-off between them, offering
an overall assessment of classifier performance.

C. Baseline Methods

We compare our method against four representative black-
or gray-box MIA baselines recently proposed for evaluating
membership inference risks in target code LLMs, where
GOTCHA and GT-Match have been detailed in Section II-A.

GOTCHA [23] trains a shadow model on a small known
portion of the training data, uses its outputs to train a binary
classifier, and transfers it to the victim model for inference.

GT-Match [20] labels a sample as a member if the model
generates a suffix that exactly matches the ground truth,
leveraging verbatim memorization.

PPL-Rank [44] ranks samples by token-level perplexity and
predicts the top 50% as members, assuming lower perplexity
for training data.

BUZZER-b [45] applies lowercase perturbations and mea-
sures the change in representation, detecting memorization
based on casing sensitivity.

D. Evaluation Setting

We evaluate our proposed MIA method on the widely used
Code Llama 7B model [30]. To examine its generalizability,
we further conduct experiments on additional code LLMs,
including Deepseek-Coder 7B [31], StarCoder2 7B [32], [46],
Phi-2 2.7B [33], and WizardCoder 7B [34]. Following prior
work and common practices [47], we fine-tune all code
LLMs for 5 epochs using a learning rate of 2e-5, Adam
optimizer (weight decay 1e-2, ϵ=1e-8), batch size of 2, and
4-step gradient accumulation. Phi-2 (2.7B) is fully fine-tuned,
while all 7B models are fine-tuned using LoRA (r = 16,
α=32, dropout=0.1). We also perform a random search over

alternative settings and find that this configuration consistently
yields the best overall functional correctness across all models.

Our MIA classifier is implemented as a fully connected
three-layer neural network with a hidden size of 512. It is
optimized using the Adam optimizer [48], with a learning rate
of 1e-3 and no weight decay, and trained for 25 epochs using
randomly shuffled mini-batches of size 4. The model architec-
ture and hyperparameters are selected via random search on
the HumanEval dataset. All experiments are conducted on two
NVIDIA A6000 GPUs, each equipped with 48 GB of memory.

For baseline comparisons, we use the original implementa-
tions where available (e.g., GOTCHA and BUZZER-b), and
re-implement the methods when necessary. For rank-based
approaches such as PPL-Rank and BUZZER-b, we classify
the top 50% of the samples as members, consistent with the
balanced member/non-member split in the evaluation datasets
and the setting used in prior work [23].

VI. EXPERIMENT RESULTS

A. RQ1: To what extent does the proposed MIA method
outperform state-of-the-art baselines?

To assess the effectiveness of our proposed MIA method,
we compare it against four baselines using the Code Llama
7B model. All experiments are conducted on the APPS and
HumanEval datasets (see Section V-A for dataset details), and
the baselines are described in Section V-C. For each method,
we report TPR, FPR, and AUC.

Table I presents the performance comparison between our
method, AdvPrompt-MIA, and existing baselines. As shown,
our method consistently outperforms all baselines across both
datasets, demonstrating its effectiveness regardless of dataset
scale. Specifically, on the relatively large-scale APPS dataset,
AdvPrompt-MIA achieves AUC improvements of 67.2%,
86.3%, 63.8% and 90.0% over GOTCHA, GT-Match, PPL-
Rank and BUZZER-b, respectively. The performance gap is
even more pronounced on the smaller HumanEval dataset,
where our method achieves 69.6%, 73.2%, 102.1% and 94.0%
higher AUC than the same baselines.

TABLE I
COMPARISON OF THE PROPOSED METHOD AND BASELINES FOR

MEMBERSHIP INFERENCE ATTACKS ON CODE LLAMA 7B

Dataset Method TPR ↑ FPR ↓ AUC ↑

HumanEval

GOTCHA 0.35 0.40 0.58
GT-Match 0.55 0.40 0.56
PPL-Rank 0.40 0.55 0.48
BUZZER-b 0.48 0.50 0.50
AdvPrompt-MIA 0.85 0.05 0.97

APPS

GOTCHA 0.36 0.40 0.56
GT-Match 0.56 0.58 0.51
PPL-Rank 0.58 0.42 0.58
BUZZER-b 0.52 0.50 0.50
AdvPrompt-MIA 0.90 0.14 0.95

Our method achieves strong performance primarily by lever-
aging a series of semantics-preserving perturbations to amplify
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membership signals. It then constructs feature representations
that capture the consistency or variability in the model’s
responses to these perturbations. These features enable the
deep learning classifier to distinguish member from non-
member instances by identifying robust behavioral patterns,
even in the absence of exact output matches.

In addition, we observe that all four baseline methods ex-
hibit limited effectiveness on both datasets. GOTCHA suffers
from severe overfitting because only 20% of the victim’s
training data is used as member samples; the resulting shadow
model fails to mimic the victim model’s behavior, which
prevents the MIA classifier from learning meaningful features
and leads to a high FPR and limited effectiveness. GT-
Match exhibits similar performance to GOTCHA and remains
ineffective. Although this method has been widely used to
detect the leakage of sensitive information such as API keys or
credentials [24], it struggles to accurately infer the membership
status of functional code, which is the primary content of
the APPS and HumanEval datasets. PPL-Rank also fails to
distinguish members from non-members, likely because per-
plexity alone cannot reliably indicate memorization; in fact,
recent work shows that LLMs can generate code with higher
quality than human-written samples [49]. BUZZER-b, while
introducing input perturbations to detect memorization, applies
only a single perturbation, i.e., converting tokens to uppercase,
which may be insufficient to trigger observable differences,
especially in models robust to such surface input changes.

Conclusion: AdvPrompt-MIA outperforms state-of-the-art
baselines on both datasets, demonstrating that semantics-
preserving perturbations, together with features derived from
the resulting outputs, effectively amplify memorization signals
and enable more accurate MIA.

B. RQ2: Which perturbation strategies and feature compo-
nents contribute most to attack performance?

To assess the contribution of each component in our
approach, we perform an ablation study on both the five
semantics-preserving perturbation strategies and the 27-
dimensional feature vector introduced in Section IV. Specif-
ically, we evaluate two settings: (i) removing one feature di-
mension at a time, and (ii) disabling one perturbation strategy
at a time, while retraining the MIA classifier for each variant.
All other experimental configurations are kept consistent with
those used in Section VI-A. The effect of omitting individual
feature dimensions is illustrated in Fig. 8, and the performance
impact of excluding each perturbation is shown in Fig. 9.

As shown in Fig. 8, our full method consistently outper-
forms all ablated variants in terms of AUC, with performance
drops ranging from 2.1% to 10.3% on HumanEval and from
1.1% to 4.2% on APPS when individual features are removed.
This result demonstrates the contribution of each feature
dimension to the overall effectiveness of the MIA classifier.
Notably, the 14th feature, σ(sim), is the most impactful, as
its removal leads to the largest average performance drop
across both datasets. This finding suggests that the variability
in similarity scores plays a key role in distinguishing member
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Fig. 8. AUC between our method (using all features) and its variants with
each of the 27 features removed, where W/Fi denotes that the i-th feature is
excluded when constructing the feature vectors for the MIA classifier.

from non-member samples, as it reflects the degree of output
stability. The result is consistent with our hypothesis that mem-
ber samples yield more stable completions under perturbations,
while non-member samples exhibit greater variability.
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Fig. 9. AUC between our method (i.e., All) and its variants with each of the
five perturbations removed, where W/Pi denotes that the i-th perturbation is
excluded during adversarial prompt generation.

Fig. 9 further illustrates the contribution of each perturbation
strategy by reporting the AUC when each is individually
removed. The results show performance drops ranging from
3.1% to 16.5% on HumanEval and from 3.2% to 4.2% on
APPS. Among all perturbations, the fifth strategy (i.e., IDL)
leads to the most significant degradation when removed.
This may be because IDL introduces structurally valid yet
semantically inert code blocks, which more effectively expose
discrepancies in the model’s generalization behavior between
member and non-member inputs. These findings underscore
the importance of both perturbation diversity and feature
expressiveness in enabling reliable membership inference.

Conclusion: The high performance of our method is at-
tributed to the individual contributions of each feature di-
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mension in the designed vector and the effectiveness of the
proposed perturbation strategies.

C. RQ3: To what extent can the proposed method generalize
to other code LLMs beyond Code Llama 7B?

In RQ1, we demonstrate that our method achieves superior
performance compared to state-of-the-art baselines on the
Code Llama 7B model. To further assess its generalizabil-
ity, we evaluate the proposed approach on four additional
widely used code LLMs: Deepseek-Coder 7B [31], StarCoder2
7B [32], Phi-2 2.7B [33], and WizardCoder 7B [34]. For
each victim model, we conduct experiments on both the
HumanEval and APPS benchmarks, following the same data
preparation and evaluation protocol described in Section V-A.
The experimental results are summarized in Table II.

TABLE II
EFFECTIVENESS OF THE PROPOSED METHOD ACROSS MULTIPLE CODE

LLMS ON HUMANEVAL AND APPS

Dataset Victim model TPR ↑ FPR ↓ AUC ↑

HumanEval

Deepseek-Coder 7B 0.80 0.10 0.91
StarCoder2 7B 0.75 0.10 0.92
Phi-2 2.7B 0.90 0.25 0.92
WizardCoder 7B 0.75 0.05 0.95

APPS

Deepseek-Coder 7B 0.82 0.19 0.89
StarCoder2 7B 0.84 0.16 0.91
Phi-2 2.7B 0.79 0.21 0.85
WizardCoder 7B 0.76 0.25 0.81

As shown in Table II, our method, AdvPrompt-MIA, consis-
tently exhibits strong attack performance across all evaluated
code models. For example, on HumanEval, it achieves AUC
scores above 0.91, indicating robust generalization. This robust
performance further supports our core assumption: for diverse
code LLMs, memorized training samples tend to yield stable
model outputs under small, semantics-preserving perturba-
tions, whereas non-member samples result in more significant
variations. These behavioral differences provide discriminative
signals that enable effective membership inference.

AdvPrompt-MIA is explicitly designed to leverage this
assumption by capturing perturbation-induced behavioral cues.
Through a combination of semantics-preserving code trans-
formations and a learning-based classification framework, our
method automatically identifies internal consistency signals
indicative of memorization, without requiring access to the
model’s architecture or training details. This design enables
AdvPrompt-MIA to generalize well and maintain stable per-
formance across a wide range of code LLMs.

Conclusion: AdvPrompt-MIA generalizes well across di-
verse code LLMs, consistently achieving strong performance
regardless of the target model’s internal design.

D. RQ4: Can the proposed method train an MIA classifier on
one model that transfers effectively to other target models?

To further assess the transferability of our method and ex-
amine whether perturbation-induced features generalize across
different code LLMs, we conduct cross-model experiments.

Specifically, we select pairs of models from Code Llama
and those evaluated in RQ3. For each experiment, we use
one model to generate training vectors for the MIA classifier
using our method, and directly apply the trained classifier to
perform membership inference on another model, without any
retraining or adaptation. All experiments are conducted on the
HumanEval and APPS benchmarks, following the same data
preparation process described in Section V-A. For each source-
target model pair, we report AUC scores, as shown in Fig. 10.

C D S P W
Target Model

C

D

S

P

W

So
ur

ce
 M

od
el

 

0.97 0.97 0.91 0.92 0.86

0.94 0.91 0.91 0.85 0.83

0.92 0.88 0.92 0.91 0.82

0.90 0.86 0.87 0.92 0.86

0.95 0.90 0.88 0.92 0.95

HumanEval

C D S P W
Target Model

C

D

S

P

W

So
ur

ce
 M

od
el

0.95 0.83 0.82 0.80 0.73

0.90 0.89 0.83 0.83 0.76

0.89 0.82 0.91 0.82 0.74

0.89 0.82 0.80 0.85 0.73

0.83 0.80 0.78 0.77 0.81

APPS

0.800

0.825

0.850

0.875

0.900

0.925

0.950

0.975

1.000

Fig. 10. Cross-model AUC scores of MIA classifiers trained on source models
and evaluated on target models. C, D, S, P, and W refer to Code Llama,
Deepseek-Coder, StarCoder2, Phi-2, and WizardCoder, respectively.

As shown in Fig. 10, our method consistently achieves
strong performance across all model pairs on both datasets,
with the best AUC reaching 0.97 when the MIA classifier is
trained on Code Llama and evaluated on Deepseek-Coder on
HumanEval and 0.90 when trained on Deepseek-Coder and
evaluated on Code Llama on APPS. These results suggest
that the perturbation-induced feature space learned from one
model transfers well to others, even when the models differ
significantly in architecture or training details.

We attribute this strong transferability to the shared behav-
ioral property of code LLMs. Specifically, for member sam-
ples, semantics-preserving perturbations result in stable out-
puts that remain close to the ground-truth completion, whereas
for non-members, the same perturbations cause greater vari-
ability. Our method captures these behavioral patterns by
constructing feature vectors from the outputs of perturbed
inputs. The fact that a classifier trained on one model can
accurately infer membership on another suggests that these
feature vectors, despite originating from different models,
occupy a similar space. This similarity arises not from archi-
tectural alignment, but from the underlying consistency in how
different LLMs respond to membership under perturbation.

The similar behavioral patterns exhibited by different mod-
els under perturbations allow AdvPrompt-MIA to generalize
well across models. However, subtle differences in how indi-
vidual models respond to the same perturbations can cause
certain models to achieve higher performance. For exam-
ple, the proposed semantics-preserving perturbations tend to
induce more regular and stable output behaviors on Code
Llama, likely owing to its large-scale and diverse pre-training
data, whereas such effects are comparatively weaker on other
models. These clearer behavioral patterns, when encoded into
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our feature vectors, allow the MIA classifier to more easily
distinguish whether its input is a member sample, thereby
improving inference performance even when the classifier is
trained on other models. This explains Fig. 10, where (1)
some target models (e.g., Code Llama) consistently outperform
others, and (2) in rare cases—1 of 20 on HumanEval and 3 on
APPS—the transfer setting yields higher AUC than the corre-
sponding non-transfer baseline (e.g., Deepseek-Coder→Code
Llama vs. Deepseek-Coder→Deepseek-Coder).

To verify whether the favorable performance of our method
on certain target models stems from the specific perturbations
employed, we take the IDL transformation as an example and
revise it by replacing the simple loop body with more so-
phisticated code snippets, provided in the replication package2

for brevity. The revised IDL remains semantics-preserving, as
all conditions are false and loop bodies are never executed.
We then compare the performance changes of our method on
two target models, Code Llama and WizardCoder, before and
after this modification. These two are chosen because they
represent the overall best- and worst-performing target models
on APPS. As shown in Fig. 11, performance decreases on
the target model Code Llama but improves significantly on
WizardCoder. These findings show that although our method
performs well across all victim models, perturbations affect
them differently, highlighting adaptive model-specific pertur-
bation optimization as a promising direction for future work.

AdvPrompt-MIA
(The original method)

Variant of AdvPrompt-MIA
(with IDL Modification)

Performance
Change

Fig. 11. Cross-model performance changes of our method after modifying
only the IDL transformation (C, D, S, P, and W refer to Code Llama,
Deepseek-Coder, StarCoder2, Phi-2, and WizardCoder, respectively).

Conclusion: AdvPrompt-MIA effectively captures transfer-
able behavioral patterns, enabling a classifier trained on one
model to infer membership on unseen models with strong
performance. However, its transferability on specific targets
is affected by the applied transformations.

E. RQ5: To what extent does the proposed method generalize
with varying or no knowledge of target training datasets?

Our method AdvPrompt-MIA assumes that approximately
20% of the member samples used to train the victim model
are available to the attacker. This assumption is plausible in
real-world settings, where code LLMs are often trained on a

2https://github.com/YuanJiangGit/MIA Adv/blob/dev/Modified IDL.md

mixture of public repositories and proprietary code. Moreover,
this partial knowledge setup is consistent with prior work [23].
To evaluate the sensitivity of our method to the adversary’s
knowledge, we vary the ratio of known data from 5% to
25% in increments of 5% and conduct experiments on Code
Llama 7B using APPS, which is larger than HumanEval and
more suitable for small known-data settings. The results in
Fig. 12 show that performance improves by about 0.05 AUC
on average for every 5% increase in known data between 5%
and 20%, then stabilizes beyond 20%. Even with only 5%
known data, AdvPrompt-MIA achieves 0.79 AUC, demon-
strating its effectiveness under limited adversary knowledge.
This robustness arises from the clear behavioral differences
exhibited by code LLMs when handling member and non-
member samples under the designed perturbations, which can
be reliably captured even with a small amount of known data.
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Fig. 12. Sensitivity of AdvPrompt-MIA to Known Data Proportions.

To further assess the generalizability of our method, we
also consider a more challenging setting in which the attacker
has no access to member samples from the target dataset.
Specifically, we evaluate whether an MIA classifier trained on
one dataset via our method can be transferred to a different
dataset, while keeping the target code LLM unchanged. For
each victim model, the classifier is trained using member and
non-member samples from one dataset (e.g., HumanEval), and
evaluated on another (e.g., APPS). The AUC scores across all
training–evaluation dataset pairs are summarized in Table III.

As shown in Table III, our method remains effective even
without access to member samples from the target dataset.
For example, when targeting Code Llama, training the MIA
classifier on APPS and evaluating it on HumanEval yields an
AUC of 0.94, close to the within-dataset result (i.e., training
and evaluating on HumanEval). This demonstrates the strong
cross-dataset transferability of AdvPrompt-MIA.

Moreover, we observe an asymmetric trend: when the MIA
classifier is trained on APPS and tested on HumanEval,
performance is consistently better than the reverse. This may
be attributed to the larger size and diversity of the APPS
dataset, which provides a richer training signal. These findings
suggest that, in practice, when the target dataset is unknown,
training the MIA classifier on a larger and more diverse dataset
can lead to better cross-dataset inference performance.
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TABLE III
AUC PERFORMANCE OF MIA CLASSIFIER WITH TRAINING AND

EVALUATION PERFORMED ON DIFFERENT DATASETS

Victim models Training Dataset Evaluation Dataset AUC ↑

Code Llama 7B HumanEval HumanEval 0.97
HumanEval APPS 0.78
APPS HumanEval 0.94

Deepseek-Coder 7B HumanEval HumanEval 0.91
HumanEval APPS 0.78
APPS HumanEval 0.86

StarCoder2 7B HumanEval HumanEval 0.92
HumanEval APPS 0.74
APPS HumanEval 0.95

Phi-2 2.7B HumanEval HumanEval 0.92
HumanEval APPS 0.73
APPS HumanEval 0.85

WizardCoder 7B HumanEval HumanEval 0.95
HumanEval APPS 0.68
APPS HumanEval 0.87

Conclusion: AdvPrompt-MIA demonstrates robustness un-
der limited adversary knowledge and shows strong cross-
dataset transferability, which can be further enhanced by
training the MIA classifier on larger datasets.

VII. RELATED WORK

Existing work [16]–[18], [50], [51] has investigated the
memorization behavior of code LLMs to reveal potential risks
of data leakage. Although MIAs are well explored in machine
learning [29], [52], they are still emerging for code LLMs.
Following [19], we classify them as gray- or black-box attacks.

a) Gray-Box MIA: Gray-box adversaries cannot access
the model’s architecture, parameters, or gradients [25], [53],
but may have partial access to training data (e.g., from public
code repositories). A common strategy in this setting is the
shadow model technique: the attacker trains one or more
surrogate models on datasets with known membership labels,
collects features (e.g., code representations) from these mod-
els, and then trains a binary inference classifier [23], [25]. At
inference time, the classifier uses analogous features extracted
from the victim model to predict membership. The success of
this approach hinges on how well the shadow models mimic
the victim; training large shadow models is computationally
expensive, and smaller surrogates may poorly approximate a
large model, limiting transferability [13].

b) Black-Box MIA: In the black-box scenario, adver-
saries can only query the victim model and observe generated
completions [14], [24]. Existing black-box MIAs employ
methods that analyze completion fidelity, such as exact or
fuzzy matching of predicted suffixes [24], and statistical
metrics including perplexity, perplexity ratios, and average
perplexity, leveraging the observation that member examples
typically yield lower perplexity and more accurate comple-
tions [14]. Other approaches probe model sensitivity to small
perturbations: for instance, masking individual tokens and
verifying whether the masked predictions match the original
tokens [54], or comparing outputs on semantically equivalent
code variants (e.g., lowercase versus uppercase) to detect

disparities indicative of memorization [25], [29]. Additionally,
carefully crafted prompts can induce privacy leaks by coaxing
the model to reproduce memorized code snippets, although
such prompt engineering often requires manual intervention
and may not generalize across different models or tasks [13].

AdvPrompt-MIA adopts a gray-box setting with limited
training data access [23]. Unlike existing gray-box methods
that rely on surrogate models, our method leverages deep
learning to directly capture and exploit behavioral differences
under perturbations and achieve higher inference performance.

VIII. THREATS TO VALIDITY

Threats to Internal Validity. Internal validity concerns the
extent to which the study results are free from bias. Our
method leverages five predefined semantics-preserving code
perturbations to induce model output variations. The find-
ings may be specific to these transformations, and other
perturbations could yield different results. To mitigate this
threat, we selected several perturbations (e.g., VR and IDP)
inspired by and commonly used in prior adversarial code
analysis work. Additionally, we use CodeBERT to compute
similarity between perturbed and original outputs, a key step
in feature vector construction. We acknowledge that alternative
code models or similarity metrics may affect the attack’s
effectiveness and will explore them in future work.

Threats to External Validity. External validity concerns the
generalizability of our findings. Our evaluation focuses on
widely used code models up to 7B parameters due to hardware
constraints, though larger models (e.g., 34B) are increasingly
adopted and remain unexplored. In addition, all experiments
are conducted on unprotected models, whereas those with
defense mechanisms may behave differently. Furthermore,
our threat model targets the common real-world scenario of
private, task-specific fine-tuning, where memorization risk is
acute and existing MIAs underperform. Extending to pretrain-
ing or post-training (e.g., RLHF/RLVR) is important but non-
trivial due to different training paradigms. Future work will
extend and refine AdvPrompt-MIA to apply to these scenarios.

IX. CONCLUSION

In this paper, we propose AdvPrompt-MIA, a novel MIA
method that leverages a series of semantics-preserving ad-
versarial perturbations to probe the model’s behavior. By
extracting and learning from perturbation-induced output vari-
ations, our method achieves robust and accurate membership
inference across different models and datasets. Experimental
results show that AdvPrompt-MIA consistently outperforms
state-of-the-art baselines and generalizes well in both cross-
model and cross-dataset settings.
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