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A Membership Inference Attack (MIA) assesses how much
a target machine learning model reveals about its training data
by determining whether specific query instances were part of
the training set. State-of-the-art MIAs rely on training hun-
dreds of shadow models that are independent of the target
model, leading to significant computational overhead. In this
paper, we introduce Imitative Membership Inference Attack
(IMIA), which employs a novel imitative training technique
to strategically construct a small number of target-informed
imitative models that closely replicate the target model’s be-
havior for inference. Extensive experimental results demon-
strate that IMIA substantially outperforms existing MIAs in
various attack settings while only requiring less than 5% of
the computational cost of state-of-the-art approaches.

1 Introduction

Over the past decade, machine learning (ML) has seen re-
markable advances, with models such as neural networks
increasingly being trained on sensitive datasets. This trend
has raised growing concerns about the privacy risks associated
with these models. Membership inference attacks (MIAs) [47]
have been proposed to measure the degree to which a model
leaks information by determining whether some instances
were part of its training set. Closely related to Differential
Privacy (DP) [13,32], MIAs have become a widely adopted
technique for empirical auditing of various trustworthy risks
in ML models [39,42,50,55,56], and serve as key components
for more sophisticated attacks [4,5,51].

MIAs in the black-box setting [3,49,57,58] typically ex-
ploit the model’s behavioral discrepancy between its training
instances (i.e., members) and non-training instances (i.e., non-
members) for inference. A widely-used strategy to explore the
discrepancy is shadow training [47], which involves training
multiple shadow models on datasets drawn from the same
distribution as the target model’s training set. For each query
instance, the membership scores generated by the shadow
models trained without the instance (shadow out models)
represent the out distribution for the instance. In some set-
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tings, one also has shadow models that are trained with the
instance as a member, and can use the scores generated by
these shadow in models to compute an in distribution. Given a
target model, one tries to tell which distribution the score from
the target model fits better. MIAs [3,9, 19, 53, 59] utilizing
shadow training have shown strong attack performance.

A critical limitation of existing shadow-based MIAs lies
in their substantial computational overhead. Training each
shadow model incurs non-trivial overhead, and state-of-the-art
attacks like LiRA [3] and PMIA [9] require training hundreds
of shadow models to estimate the likelihood ratio for infer-
ence. This requirement imposes a substantial computational
burden, which reduces the feasibility of using these state-of-
the-art MIAs for practical privacy auditing [59]. In addition,
it also impedes research reproducibility within the privacy
community (see Section 2 for further discussion).

We observe that this inefficiency stems from the target-
agnostic design of shadow training. That is, the current
shadow training process fails to take advantage of knowing
the target model under attack. As a result, the shadow models
learn only the general patterns of members and non-members,
rather than the specific behavioral discrepancies of the tar-
get. As shown in the top row of Figure 1, this target-agnostic
approach causes shadow models to exhibit high predictive
variance across instances with varying levels of attack vulner-
ability. Consequently, existing MIAs need to train a multitude
of shadow models to capture this variability, resulting in sub-
stantial computational overhead and suboptimal performance.

To address this challenge, we introduce Imitative Member-
ship Inference Attack (IMIA), a novel approach that improves
both attack efficiency and effectiveness. At the core of IMIA
is imitative training, a new shadow training technique that
trains farget-informed imitative models to mimic the target
model’s behavior. Specifically, we first train a set of imita-
tive out models by applying weighted logits (log of output
confidence) matching to the target model’s outputs, captur-
ing the behavior of the target on non-member instances. We
then leverage these models to continue training on specially
selected “pivot” instances from the adversary’s dataset us-
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Figure 1: Distributions of membership scores (i.e., scaled confidence scores, defined in Section 3.1) for six CIFAR-100 instances
with varying attack difficulty (easy, medium, hard). A larger overlap between in (trained with the instance) and out (trained without
the instance) score distributions indicates greater difficulty in determining membership. The dashed vertical line represents each
instance’s score on the target model. Top row: target-agnostic shadow models show high predictive variance (with long tails
and wide distributions) for both members and non-members, resulting in significant overlap that hampers reliable inference,
especially for hard-to-attack instances. Bottom row: target-informed imitative models exhibit more stable and well-separated
distributions, enabling effective inference across all levels of difficulty. More examples are in the full version.

ing standard cross-entropy loss, yielding a set of imitative in
models that capture the target model’s predictions on mem-
ber instances. This targeted approach enables us to pair each
query instance with a set of in and out predictions estimated
from the target model. As illustrated in the bottom row of Fig-
ure |, imitative models yield significantly more separable and
stable estimations, enabling the adversary to better exploit
behavioral discrepancies for more powerful inference.

We note that some attacks [15,30,57] employ model distilla-
tion to construct shadow models from the target model. How-
ever, these methods directly apply the standard distillation
technique [20] without tailoring it to capture the membership-
related behaviors of the target model. Furthermore, the re-
sulting distillation models can only reflect behaviors on non-
member instances, making it infeasible to exploit behavioral
discrepancies for effective membership inference. A more
detailed discussion of the differences between our approach
and distillation-based methods is provided in Section 3.2.

We compare the proposed attack with a broad range of
MIAs on six benchmark datasets (4 image and 2 non-image
datasets), under both non-adaptive and adaptive settings [9]
(also referred to as “offline” and “online” [3]; see Section 2
for details). Experimental results show that IMIA consistently
outperforms all evaluated attacks (including distillation-based
attacks) while using significantly fewer shadow models, with
particularly strong gains in the increasingly advocated non-
adaptive setting. For example, IMIA surpasses the state-of-
the-art non-adaptive attack (i.e., PMIA [9]) by over 9% in
true positive rate at a zero false positive rate on Fashion-
MNIST, while using only 5% of its computational resources.
Similarly, IMIA outperforms all adaptive attacks with far less
computation. We also conduct comprehensive analyses to

show the effectiveness of imitative training over shadow train-
ing, evaluate the impact of components in IMIA, and assess
the effectiveness of existing defenses against the proposed
attack. In summary, we make the following contributions:

¢ We propose IMIA, a new MIA that employs a novel target-
informed imitative training technique to effectively capture
the target model’s behavioral discrepancies for inference.

* We conduct extensive experiments across diverse datasets,
models, and attack settings, showing that IMIA consistently
outperforms all MIAs with substantially less computation.

* We provide an in-depth analysis of IMIA’s effectiveness,
showing that its strength lies in imitative training and high-
lighting its advantages over shadow training.

Organization. The rest of this paper is organized as follows.
Section 2 introduces the MIA definitions and threat models.
Section 3 describes the proposed attack, IMIA, in detail. Sec-
tion 4 presents the experimental evaluation. Related work is
discussed in Section 5, and the paper concludes in Section 6.

The full version of this paper can be found in the following
link: https://arxiv.org/abs/2509.06796.

2 Problem Definition and Threat Models

The goal of a membership inference attack (MIA) [47] is
to determine whether some instances were included in the
training data of a given model fjy. In this paper, we consider
the model to be a neural network classifier fg : X — A, where
fo is a learned function that maps an input data sample x € X
to a probability distribution over ¢ classes, where A° denotes
the c-dimensional simplex. Given a dataset D, we denote by
fo < T (D) the process of training a model fy, parameterized
by weights 0, using a training algorithm 7" on dataset D.
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In early literature [24, 58], membership inference is de-
fined via a security game in which the adversary is asked
to determine the membership of a single instance. Recent
work [9] refined this definition to more precisely characterize
the adversary’s capabilities, particularly whether the adver-
sary is allowed to train shadow models using query instances.
Inspired by [9], we instantiate the membership inference se-
curity game to make it match the typical experimental setting
of using half members and half non-members for evaluation,
and define the following canonical security game:

Definition 1 (Canonical Membership Inference Security
Game). The following game is between a challenger and
an adversary that both have access to a data distribution D:

1. The challenger samples a training dataset D ~ D, trains a
target model fo < T (D) on the dataset D, and grants the
adversary query access to the model fy.

2. The challenger randomly selects a member set D, C D and
samples a nonmember set Dy, from D, such that DpyND =0
and |Dy| = |Dy|. These two sets are combined to create
a query set: Dquery = Dy U Dy, which the challenger then
sends to the adversary.

3. The adversary responds with a set Dg C Dquery, Which
represents that the adversary guesses that instances in Dy
are used when training fo, and instances in Dquery \ Dg are
not used when training fo.

In this paper, we focus on membership inference attacks
in black-box scenarios, where the adversary is granted or-
acle access to the target model fy, but is not given its pa-
rameters. Specifically, the adversary can query the model to
obtain softmax output probabilities (using the default soft-
max temperature of 1) for any input instance. State-of-the-art
MIAs [3,9,19,53,59] leverage shadow models [47] to analyze
how the model’s outputs change in response to discrepancies
between its members versus non-members. We assume that
the adversary can construct a dataset by sampling from the
data distribution DD, and use subsets of this dataset to train
shadow models. Depending on when the shadow models are
trained, we consider the following two threat models.

Non-Adaptive Setting. In this setting, the adversary is only
allowed to train shadow models before the adversary learns
the query set Dgyery (i.e., before step 2 in Definition 1). That

is, the adversary constructs an attack dataset ngs"adapt (from

which the adversary will sample subsets to train shadow mod-
els) by sampling from D, i.e., D;lgf/l'adap " ~ . For most practi-
cal classification tasks, the sizes of DI """ and Dyyery are
relatively small compared to the entire data distribution D,
meaning the probability of each instance belonging to both
datasets is quite low. As a result, for most query instances,
the adversary can only observe the model’s behavior when
the query point is not part of the target model’s training set,
leading to shadow out models available for inference.

This non-adaptive (offline) setting has attracted growing
interest from recent studies [2, 19, 30, 59] because it models
arealistic attack scenario: the adversary receives a sequence
of membership queries and must respond without incurring
the cost of retraining shadow models for each query. In this
paper, we also follow these studies and mainly focus on
the non-adaptive setting.

Adaptive Setting. In this setting, the adversary is allowed
to train shadow models after receiving the query set Dquery
(i.e., after step 2 in Definition 1). The adversary can therefore
leverage Dgyery for shadow training. For each query instance,
the adversary can train both shadow in models (trained with
the instance) and shadow out models (trained without it), and
exploit their behavioral differences for membership inference.

Recent studies [2,43, 59] criticize this setting as unreal-
istic in practice, as it requires training new shadow models
for each batch of query instances. Nevertheless, we show
in Section 3.1 that our proposed method can be adapted to the
adaptive setting, achieving state-of-the-art performance while
significantly reducing computational overhead.

High Computational Cost in Both Settings. State-of-the-
art MIAs in both settings require training a large number
of shadow models to achieve their best performance. For in-
stance, LiRA [3] in the adaptive setting and PMIA [9] in
the non-adaptive setting both suggest training 256 shadow
models. The practical implication of this is severe: a single
LiRA run on CIFAR-10 can take around 6 days on a modern
A100 GPU using its official implementation. Such high com-
putational demands make it infeasible for practical privacy
auditing [59] and difficult to reproduce research results. It has
become common practice for subsequent studies [19, 30, 53]
to use a computationally cheaper version of LiRA (e.g., with
64 or 128 shadow models) as their strongest baseline for eval-
uation, acknowledging the original version is too costly to run.
However, since LiRA’s performance degrades significantly
with fewer shadow models in the adaptive setting (as shown
in [59] and evidenced in Section 4.2), this compromise leads
to skewed evaluations against a weakened baseline.

Assumptions. In this paper, we adopt the assumption used
almost universally in the MIA literature [3, 9, 53, 59] that
the adversary has access to an oracle that can sample from
the data distribution D (from which the training dataset D
is sampled). We also adopt the experimental settings in the
MIA literature. Specifically, in the adaptive setting, the ad-
versary is given the membership query set Dqyery, Which is
constructed using all training instances in D as members and
an equal number of non-member instances (both sampled
from D), i.e., D, = D and |Dy| = |D| (the equal-size assump-
tion). In the non-adaptive setting, the adversary can sample
a dataset ngs'adap " from D, and that Dggs'adapt N Dguery = 0
(the disjoint assumption). We emphasize that the equal-size
assumption and the disjoint assumption are used only to align
with prior experimental setups; the effectiveness of our attack



does not depend on them. Discussion of attacks without these
assumptions is provided in Appendix B.3.

3 Imitative Membership Inference Attack

Motivation of Imitative MIA. Our work is motivated by a
core limitation in most MIAs: the high predictive variance of
membership signals from their target-agnostic shadow models.
These shadow models, trained by randomly sampling from
the adversary’s dataset, only capture the general patterns of
members and non-members across models, failing to account
for the specific target model being attacked. To address this,
we introduce imitative training, which leverages the target
model’s knowledge to train imitative models that explicitly
mimic the target’s behavior. This design yields more infor-
mative membership signals and, ultimately, more effective
attacks. The next subsection describes our approach in detail,
and Section 4.3 demonstrate its effectiveness and efficiency.

3.1 Attack Method

We begin by introducing the membership signal, loss function,
and pivot data used for imitative training. Next, we outline the
imitative training process. Finally, we present the workflow of
IMIA, and detail how it can be applied to the adaptive setting.

Scaled Confidence Score. We follow [3] and define the
membership signal of query instance (x,y) on model f as:

0 (f(x)y) =log(f(x)y) — log(rggisf (x)y), (1)

where f(x), denotes the model’s output probability for
the true class y, and maxy ., f(x), is the highest probabil-
ity among all incorrect classes. This signal captures the
model’s prediction confidence and is widely used in prior
MIAs [3,9,53], as it is a more effective indicator of member-
ship than alternatives such as output loss.

Imitation Loss Function. Instead of training shadow models
that are independent of the target model, we train imitative
models to explicitly imitate the behavior of the target model
by aligning their outputs. To achieve this, we introduce the
imitation loss function that minimizes the discrepancy be-
tween the output probabilities of the imitative model and the
target model. Formally, for a given instance (x,y), let fi,(x);
and fy(x); be the softmax outputs of the imitative model f,
and the target model fg on the i-th class, respectively. The
imitation loss is defined as follows:

Limiwe(e.3. fyrfo) = Y wi(e) (log( fy(x)s) —log(fo(x)1)),
i=1
2)

where ¢ is the total number of classes, and w;(c) is a class-
specific weight that determines the importance of each class:

14+4/c
wi(c) = {Hz\ﬁ’

if i =y ori=argmaxy_, fo(x)y,

! else.

c+2y/c

Algorithm 1 Imitative Training. We first train an imitative
out model by matching its output with the target model over
T} epochs. We then continue training for 7> epochs on pivot
data to obtain an imitative in model.

Require: Target model fy, imitation dataset Djpjtate, pivot
dataset Dpivot» €pochs Tywarmup, 11, 12, learning rate 1)

1: Initialize a model f, with randomized parameters ‘¥
2: # train imitative out model

3: forepoch =1,...,71 do

4:  for each batch B in Djyjtate dO

5: if epoch < Tiyarmup then

6: # warm-up with cross-entropy loss

7. L+ EHZ(}(,_V)GB LCe(x7y7f\l’)

8: else

9: L+« EHZ(x,y)GB Limitate(x7y,fwaf9) > Eq. (2)
10: end if
11: Y <Y —"nVyL

12:  end for
13:  if epoch = Tyarmup then

14: f< Ky > warmup checkpoint
15:  end if

16: end for

17 fout < fy > save as imitative out model

18: # continue training to obtain imitative in model for pivots
19: Initialize fyy < f

20: for epoch =1,...,T; do

21:  for each batch B in Dpjyo do

22: Lee +— ﬁ Y (xy)eB Lee (x,y, fy) > cross-entropy loss
23: Y=Y —NVyle

24:  end for

25: end for

. gpivot ) P
2: fi, < fy . > save as imitative in model
t

27: return foy, fiﬂwo

Here, the weighting scheme prioritizes the probability cor-
responding to the ground-truth class, y, and the most likely
incorrect class, as predicted by the target model. This design
encourages imitative models to focus on the most indicative
signals, which aligns with our attack signal in Equation (1).

Our approach can be interpreted as a weighted version
of logits matching in model distillation [25], with a weight-
ing strategy specifically tailored to membership inference.
In Section 4.4, we compare it to the commonly used Kullback-
Leibler (KL) divergence [20] and also explore other formula-
tions of the imitation loss to demonstrate its effectiveness. A
more detailed discussion of the connections to model distilla-
tion is provided in the next subsection.

Selecting Pivot Data. In the non-adaptive setting, the ad-
versary trains models before accessing the query instance,
making it infeasible to obtain the in behaviors for member-
ship queries. To address this, we construct a pivot dataset

non-adapt

adv and use their

Dpivor from the adversary’s dataset D
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Figure 2: Demonstration of IMIA in the non-adaptive setting.
The adversary @ constructs imitative in and out models by
mimicking the behaviors of the target model fy, @ performs
membership inference on query instance (x,y) using trained
imitative models and selected proxy data.

behaviors to approximate the in behaviors of query instances.
An effective pivot dataset should (i) cover all classes of the
data distribution, (ii) facilitate fast convergence of imitative
models to improve efficiency. To construct such a dataset,
we adopt a simple yet effective heuristic: we query the tar-
get model fy with all instances from the adversary’s dataset,
compute their losses, and select the k (set as 100 by default)
instances with the lowest losses from each class to form Dyiyot.
Our ablation study in Section 4.4 shows IMIA is robust to this
heuristic. While this simple approach works well in our ex-
periments, more sophisticated pivot-selection strategies may
further improve performance; we leave this as future work.

Imitative Training. The imitative training procedure is out-
lined in Algorithm [. It requires query access to the target
model and utilizes two datasets selected from the adversary’s
data to mimic the target model’s behavior: an imitation dataset
Dimitate and a pivot dataset Dpivor. The training proceeds in
two stages. In the first stage, we warm up the model using the
standard cross-entropy loss for Tyamup €pochs, after which we
switch to the proposed imitative loss and train for 77 epochs
to align the model’s outputs with those of the target model
on Dipitate (lines 3—17). Since query instances are not in the
adversary’s dataset in the non-adaptive setting, the resulting
model serves as an imitative out model, imitating how the
target model behaves on non-member inputs. In the second
stage, we resume training from the warmup checkpoint for
T, epochs on a pre-selected pivot dataset using the standard
cross-entropy loss (lines 19-26). This yields an imitative in
model for the pivot data, whose behaviors on these instances
will serve as proxies to approximate how the target model
behaves when a query is in the training set.

Attack Workflow. The workflow of IMIA is outlined in Al-
gorithm 2 and Figure 2, consisting of two phases: the prepare
and inference phases. In the prepare phase, we select a pivot
set from the adversary’s dataset D" ", and train N imita-

tive in and imitative out models via imitative training (lines

Algorithm 2 Imitative Membership Inference Attack
(IMIA) in the non-adaptive setting. The adversary first per-
forms a one-time prepare phase, selecting pivot data and train-
ing N imitative models via the proposed imitative training.
During inference, the adversary queries each imitative out
model to obtain its out confidence distribution for the query
instance, then approximates its in confidence distribution us-
ing proxies selected from pivot data.

non-adapt

Require: Target model fp, adversary’s dataset D, s

query instance (x,y) € Dquery
# Prepare Phase: Imitative Training
pivot
CFow 1k Ty )
: Dpivot < SelectPivot(fs,D
: for N times do
non-adapt
Dimitate ~ Dadv
# train imitative models, see Algorithm 1
pivot . . .
fou, fiy ¢ ImitativeTrain(fe, Dimitates Dpivot)
Fout < Fout U{ four}
pivot pivot pivot
}—in — -‘]:in U{ in }
: end for

non—adapt)

adv > select pivots

> sample a dataset

R A A e

—_
(=]

A

11: # Inference Phase: Query
12: 50ut < {}7 Sin — {}

13: # collect out confidence scores

14: for each four € Four do

15: Sout < Sout U {q)(fout(x)y)}

16: end for

17: # collect in confidence scores via proxies, see Section 3.1
18: Dproxy F;ndProxy(Dpivot, (x,¥))
19: for each f2' € PV do

mn

20:  for each (u,v) € Dproxy do

20 S Sin U0 ())}

22:  end for

23: end for

24: Sout ¢ mean(Sout)

25: Sip mean(Sin)

26 Sobs <— O(fo(x)y) > query target model
27: return A = (Sobs — Sout)> — (Sobs — Sin )

on (x,y)

> find proxies

2-10). During the inference, we first collect the out distribu-
tion of scaled confidence scores for the query instance using
the imitative out models (lines 13-16). Next, we select a set of
proxy instances from the pivot set that are similar to the query
and gather their in distributions of scaled confidence scores
via imitative in models (lines 18-23). Finally, we estimate
the means for both confidence distributions and compute a
non-parametric score A based on their distances to the query’s
confidence score on the target model (lines 24-27).

The computation of the score A can be interpreted as a
Gaussian likelihood ratio test [3] with fixed variance, which
allows us to frame the inference task as a hypothesis testing.
Note that the prepare phase can be done before accessing



query instances and only needs to be performed once to an-
swer any queries using the same set of imitative models. Dur-
ing the inference phase, no additional models are trained. The
efficiency analysis of each phase is detailed in Section 4.2.

Finding Proxy. During membership inference, we retrieve a
set of proxy samples from the pivot dataset (line 18 in Algo-
rithm 2) to approximate the in behavior of the query instance.
Prior work [9] proposes several proxy-selection heuristics at
global, class, and instance granularities. We find that class-
level selection consistently offers strong performance while
remaining computationally efficient. Therefore, we adopt this
strategy: for a given query instance, we retrieve all samples
from Divor belonging to the same class and use their output
distributions to approximate the query’s in behavior.

IMIA in the Adaptive Setting. While IMIA is primarily de-
signed for the non-adaptive setting, it can also be applied to
the adaptive attack setting. As shown in Algorithm 3, for a
query instance (x,y), we train N pairs of imitative in models
(trained with (x,y)) and imitative out models (trained without
(x,y)) on random subsets of the adversary’s dataset D"
(lines 2-9). This procedure directly learns the target model’s
behavior when the query instance is in its training set, thus
eliminating the need for a pivot dataset and proxy selection.
The final score is computed by comparing the query’s confi-
dence score on the target model to the mean scores of the imi-
tative in and out distributions (lines 11-14). In addition, while
the algorithm is described for a single query, the procedure
can be easily parallelized across all query instances using the
same set of imitative models. Specifically, we follow [3] and
construct the subsets such that each instance (x,y) € Dquery
appears in N /2 subsets, and train N imitative models on these
subsets. This ensures that the same N imitative models are
used to infer the membership for all instances in Dgyery.

3.2 Discussion of IMIA

Non-parametric Modeling. State-of-the-art MIAs [3,9] rely
on parametric modeling to compute final scores. For instance,
LiRA [3] estimates the likelihood ratio by fitting Gaussian
distributions to scaled confidence scores. However, accurately
estimating the parameters of these distributions requires train-
ing a large number of shadow models, and the performance
degrades significantly when computational resources are con-
strained [9,59]. To address this, IMIA adopts a non-parametric
view and computes a score by measuring the squared distance
between attack signals derived from imitative in and imitative
out models. This design avoids the cost of parameter esti-
mation, enabling IMIA to outperform state-of-the-art MIAs
while using less than 5% of their computational cost.

It is worth noting that the core idea behind our approach
(i.e., imitative training) is not limited to low-resource set-
tings. As demonstrated in Section 4.2, when computational
resources are available (e.g., training 256 models as in LiRA),

Algorithm 3 Imitative Membership Inference Attack
(IMIA) in the adaptive setting. The adversary trains N im-
itative in and imitative out models for the query instance.

Require: Target model fy, adversary’s dataset D;‘gipt, query
instance (x,y) € Dquery
I Sout < {}, Sin —{}
2: for N times do
adapt
3 Dimp ~ D, > sample a dataset
4 Dout = Dump \ {(x,)}
5 Din <_DtmpU{(x7Y)}
6 # train imitative models, see Algorithm 1
7 Sout, fin < ImitativeTrain(fs,Dout, Din)
8 Sout < Sout U {q)(fout(x)y)}
9 Sin ¢+ SinU{0(fin(x)y) }
10: end for
11: Soue ¢ mean(Sout)
12: Sip ¢ mean(Sin)
13: Sobs < O(fo(x)y) > query target model
14: return A = (Sops — §out)2 — (Sobs — fin)z

adapting IMIA to use LiRA’s parametric modeling achieves
even greater performance. This adaptability highlights the ef-
fectiveness and versatility of our imitative training framework
across a broad spectrum of computational budgets.

Connections with Model Distillation. The imitative training
procedure in IMIA is conceptually related to model distilla-
tion, a technique used in several prior MIAs [15, 30,34, 57].
However, IMIA differs from these works in several key as-
pects: (i) Tailored loss function. While prior attacks employ
standard KL divergence for distillation, IMIA introduces the
imitation loss that is specifically designed to distill the struc-
tural logit information most indicative of membership. (ii)
Dual behavior modeling. Previous MIAs that utilize model
distillation only model the target’s behavior on non-members.
In contrast, our two-phase imitative training first creates an
imitative out model and then fine-tunes it on pivot data to
create an imitative in model. This second phase explicitly en-
codes membership signals while preserving the target model’s
knowledge, allowing the adversary to take advantage of both
in and out behaviors to mount a more powerful attack. (iii)
Significant performance gain. In our experiments, we observe
that prior distillation-based MIAs achieve subpar performance.
In contrast, IMIA significantly outperforms all existing attacks
while requiring substantially less computational overhead.

4 Evaluation

4.1 Experimental Setup

Datasets. We use four image datasets (i.e., MNIST [28],
Fashion-MNIST [54], CIFAR-10 [26], and CIFAR-100 [26])
for our main experiments. To demonstrate the generalizability



of IMIA, we also report attack results on two widely used non-
image datasets (i.e., Purchase and Texas [47]) in Section 4.5.
The dataset descriptions are provided in Appendix A.1.

Network Architecture. We consider four widely used neural
network architectures for image classification: ResNet [18],
VGG16 [48], DenseNetl121 [21], and MobileNetV2 [46].
To make these models compatible with evaluated datasets,
we follow [9] and apply several dataset-specific modifica-
tions: we adopt ResNet-18 for MNIST and FMNIST, use
WideResNet-28 for CIFAR-10 and CIFAR-100, and adjust
the input channels of these model architectures to accommo-
date both grayscale and RGB image datasets. We follow the
training configurations used in prior work [3] to mitigate over-
fitting. Specifically, we use the SGD algorithm with a learning
rate of 0.1, momentum of 0.9, and weight decay [27] set to
5% 107*. We also adopt a cosine learning rate schedule [38]
for optimization and apply data augmentation techniques [60]
during training. Nevertheless, in experiments, we find that
some trained models still exhibit overfitting and yield low val-
idation accuracy; in such cases, we rerun these models with
different random seeds whenever validation accuracy falls
below a threshold. The threshold, along with the accuracy of
the target models, is reported in Appendix A.2.

Attack Baselines. We compare our attacks against a broad
range of state-of-the-art MIAs in our experiments:

* LOSS [58] uses the loss of the query instance for inference.

» Entropy [49] leverages a modified prediction entropy esti-
mation for membership inference.

* Calibration [52] employs a technique called difficulty cali-
bration, which adjusts the query instance’s loss by calibrat-
ing it on shadow models.

* Attack-R [57] compares the loss of the query instance on
the target model to its losses on shadow models. The final
score is the proportion of shadow models for which the
target model yields a lower loss.

* Attack-D [57] uses model distillation [20] to train shadow
models and computes the same ratio scores as Attack-R.

» SegMIA [30] leverages model distillation to replicate the
learning process of the target model, extracting various
membership metrics from its loss trajectory for attack.

* LiRA [3] adapts different strategies for two attack settings.
In the adaptive setting, it trains both shadow in and shadow
out models and applies a likelihood ratio test for inference.
In the non-adaptive setting, it uses only shadow out models
to conduct a one-sided hypothesis test.

* Canary [53] improves upon LiRA by employing adversarial
optimization to enhance inference performance.

e GLiRA [15] enhances LiRA with model distillation to obtain
shadow out models for a one-sided hypothesis test.

* RMIA [59] performs multiple pairwise likelihood ratio tests

between the query instance and randomly selected popula-

tion instances to compute the score.

RAPID [19] trains a neural network for membership infer-

ence by combining raw and calibrated loss values [52].
e PMIA [9] approximates the posterior odds test by using
behaviors of the shadow model’s training set as proxies.

While all attacks can be applied in the non-adaptive setting,
some methods are either not applicable in the adaptive setting
(i.e., GLiRA and PMIA) or exhibit the same performance in
both settings (i.e., LOSS, Entropy). Thus, we only evaluate
them in the non-adaptive setting. LiRA and Canary employ
different strategies for two settings; we distinguish between
their versions based on the experimental context. Attack-D,
SeqMIA, and GLiRA utilize distillation to train shadow mod-
els from the target model; we include them to demonstrate
the effectiveness of imitative training over model distillation.

Evaluation Procedures. We divide each dataset into two
disjoint subsets: the query set Dquery and the auxiliary set
Diuxitiary- The target model is trained on a randomly sampled
subset of Dquery. In the adaptive setting, we follow [3,53] and
provide the adversary with the same data as the query set to
prepare their attack (i.c., D" = Dyyery). In the non-adaptive
setting, consistent with [9, 19,59], the adversary’s dataset is
. . dapt :
set to the auxiliary set (i.e., Dyqy " = Dauxiliary) €nsuring
that the adversary cannot access queries when training shadow

models. Details about the data split are provided in Table 18.

Evaluation Metrics. We use the following metrics:

e TPR@0%FPR. This metric reflects the extent of privacy
leakage under the strictest constraint, measuring the highest
true positive rate where the attack makes no false positives.

e TPR@0.1%FPR. This is a relaxed version of the previous

metric, allowing more false-positive samples for evaluation.

Balanced Accuracy. This metric measures how often an

attack correctly predicts membership (average case).

Attack Setup. For baselines, we train the recommended
number of shadow models as specified in their papers. For
instance, LiRA trains 256 shadow models to estimate the
parametric likelihood ratio (see Appendix A.3 for a complete
list of shadow model counts). In contrast, IMIA uses a fixed
set of N = 10 imitative models to highlight its computational
efficiency. For imitative training, we first warm up the models
for Twarmup = 50 epochs on MNIST and Fashion-MNIST, and
Twarmup = 80 epochs on CIFAR-10 and CIFAR-100. After
the warmup, we train the imitative out models for 77 = 100
epochs across all datasets, matching the number of epochs
used in shadow training [3]. For the imitative in models, we
continue training for 7> = 20 using pivot data. For CIFAR-10
and CIFAR-100, we follow [3,9,53] by querying each instance
with 18 random augmentations to compute the averaged mem-
bership score. Regarding hyperparameter configuration, we
utilize the default settings from the original baseline imple-
mentations without further tuning across all experiments. We
acknowledge this as a limitation; while these defaults may
not be optimal for every dataset, we maintain this approach
as tuning every baseline is computationally prohibitive. The
final results are reported as the average metrics over ten runs.



Table 1: Performance comparison of non-adaptive attacks on ResNet across four image datasets (i.e., MNIST, Fashion-MNIST,
CIFAR-10, and CIFAR-100). IMIA significantly outperforms the strongest baseline (underlined, PMIA [9]) while requiring less
than 5% of its computational cost (see Section 4.2 for efficiency comparison). The %Imp. indicates the relative improvement of

IMIA compared to the strongest baseline. The best result is in

bold.

TPR @ 0% FPR

TPR @ 0.1% FPR

Balanced Accuracy

Method
| MNIST FMNIST ~ C-10 C-100  MNIST FMNIST C-10  C-100 MNIST FMNIST C-10  C-100
LOSS 0.00% 0.00% 0.00% 0.00% 0.01% 0.05% 0.00% 0.00% 52.87%  60.13%  59.97% 75.11%
Entropy 0.00% 0.00% 0.00% 0.00% 0.07% 0.05% 0.00% 0.00% 53.09%  60.06%  59.87% 74.90%
Calibration 0.18% 0.00% 0.05% 0.18% 0.47% 1.30% 0.74% 301% 5221% 5531% 57.74%  68.55%
Attack-R 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%  52.58%  58.05%  60.02% 72.49%
Attack-D 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00%  52.58%  59.77%  59.83%  76.60%
SeqMIA 0.05% 0.00% 0.04% 0.05% 0.31% 1.30% 0.51% 321% 5036%  5534%  57.18%  69.07%
LiRA 0.16% 0.16% 0.30% 0.36% 0.34% 1.00% 0.94% 2.71%  5043%  52.80%  58.14% 67.41%
Canary 0.10% 0.12% 0.36% 0.43% 0.32% 0.84% 093%  2.72% 50.34%  52.70% 58.40% 67.33%
GLiRA 0.07% 0.07% 0.24% 0.11% 0.36% 0.92% 0.90% 388% 51.06% 5557%  55.87% 73.87%
RMIA 0.17% 0.00% 0.03% 0.11% 0.49% 1.14% 0.83% 359% 5320%  58.57%  60.04%  72.78%
RAPID 0.21% 0.00% 0.04% 0.25% 0.48% 1.30% 0.74% 3.09%  52.46%  5538%  57.79%  68.63%
PMIA 0.30% 0.25% 0.62% 0.89% 0.77% 3.51% 1.84% 5.01% 5323% 60.51% 60.05% 77.64%
IMIA 1.01% 2.52% 1.45% 2.10% 1.86% 5.08% 342% 7.32% 5414% 61.22% 61.08% 79.52%
YImp. 236.67% 908.00% 133.87% 135.96% 141.56% 44.73% 85.87% 46.11% 1.71% 1.17% 1.72% 2.42%
Table 2: Performance comparison of adaptive attacks on ResNet across four image datasets. IMIA outperforms the strongest
baseline (underlined) while requiring less than 5% of its computational cost. The best result is in bold.
Method \ TPR @ 0% FPR TPR @ 0.1% FPR Balanced Accuracy
‘ MNIST FMNIST C-10 C-100  MNIST FMNIST C-10 C-100 MNIST FMNIST C-10 C-100

Calibration | 0.16% 0.89% 0.19% 2.98% 0.59% 2.10% 0.78% 849%  5226%  55.13%  57.39% 68.91%
Attack-R 0.00% 0.00% 0.00% 0.00%  0.00% 0.00% 0.00% 0.00%  5295%  58.84%  60.71% 77.57%
Attack-D 0.00% 0.00% 0.00% 0.00%  0.00% 0.00% 0.00% 0.00%  52.59%  59.34%  59.62% 75.81%
SeqMIA 0.13% 0.76% 0.11% 1.63%  0.36% 1.82% 0.61% 5.84%  5192%  52.17%  58.30% 69.15%
LiRA 0.80% 3.85% 1.30% 5.41% 2.01% 6.03% 2.60% 18.03% 54.01%  62.04% 61.03% 81.39%
Canary 0.77% 3.72% 1.31% 5.48% 1.96% 6.17% 2.63% 1832% 5397% 6198% 61.01% 81.47%
RMIA 0.56% 2.05% 0.21% 021% 091% 3.76% 0.64% 5.10% 53.86% 61.28%  61.08% 79.46%
RAPID 0.46% 1.96% 0.25% 0.42% 0.95% 3.51% 0.82% 526%  5326% 61.42%  60.56% 79.73%
IMIA 1.33% 4.62% 233% 852% 2.35% 7.10% 3.61% 19.82% 54.25% 62.43% 61.30% 82.94%
YoImp. 66.25%  20.00% 77.86% 55.47% 16.92% 15.07% 37.26% 8.19% 0.44% 0.63% 0.44% 1.80%

4.2 Evaluation of IMIA

In this section, we benchmark IMIA against state-of-the-art
(SOTA) non-adaptive and adaptive MIAs, compare with at-
tacks that use model distillation, and analyze its performance
under varying computational budgets.

Performance in the Non-Adaptive Setting. We first evalu-
ate IMIA in the non-adaptive setting, and the results on ResNet
are shown in Table 1. IMIA consistently outperforms all ex-
isting methods across the evaluated metrics. For instance, on
MNIST, it achieves a true positive rate (TPR) of 1.01% at zero
false positive rate (FPR), which is at least three times as high
as the best-performing baseline (i.e., PMIA). The advantage
is even more pronounced on Fashion-MNIST, with a 2.52%
TPR at the same FPR, over ten times higher than baselines.
These results represent a substantial advancement, as such
datasets were previously considered hard to attack. Although
the improvement in balanced accuracy is relatively modest,

this is consistent with prior studies [3,57,59]. Moreover, the
consensus in the MIA community is that attacks should be
evaluated using TPR at low FPR, where IMIA shows a clear
advantage. Similar trends are observed on other model archi-
tectures; results and Receiver Operating Characteristic (ROC)
curves are provided in Appendix B.4.

Performance in the Adaptive Setting. We also evaluate
IMIA with SOTA MIAs in the adaptive setting. The results
for ResNet are shown in Table 2, while performance on other
architectures can be found in Appenix B.4. IMIA consistently
achieves the best attack performance across all datasets, sur-
passing strong attacks like LiRA and Canary. For instance,
IMIA achieves nearly double the performance of LiRA on
CIFAR-10 at a TPR of 0% FPR, with similar improvements
observed across other datasets.

Comparison with Distillation-based MIAs. While the imi-
tative training used in IMIA is conceptually related to model



Table 3: Runtime comparison of leading MIAs and IMIA,
measured in hours on a cluster of one A100 GPU. The compu-
tation reduction (%) is calculated against the leading attacks
in each setting (PMIA for non-adaptive, LiRA for adaptive).

‘ MNIST ‘ FMNIST ‘ CIFAR-10 ‘ CIFAR-100 ‘ Purchase ‘ Texas

Non-Adaptive Setting

LiRA 14.30 14.41 142.32 284.62 2.92 322
Canary 22.46 23.34 182.22 336.67 10.59 4.10
GLiRA 8.51 8.65 72.62 144.39 1.53 1.68
RMIA 9.26 9.50 79.79 156.48 1.58 1.74
Rapid 11.21 11.35 88.42 163.35 1.62 1.77
PMIA 14.31 14.43 143.08 287.14 3.01 3.23
IMIA 0.64 0.65 6.72 1343 ‘ 0.12 0.13
%Reduction | 95.53% | 95.50% 95.30% 95.32% 96.01% | 95.98%
Adaptive Setting
LiRA 14.40 14.62 142.43 287.85 2.94 3.38
Canary 22.69 23.51 182.95 337.42 11.03 4.13
RMIA 10.45 10.98 80.02 154.23 1.59 1.75
Rapid 11.34 11.63 89.17 165.73 1.65 1.79
IMIA 0.72 0.73 6.96 14.08 0.14 0.16
%Reduction | 95.00% | 95.01% 95.11% 95.11% 95.24% | 95.27%

Table 4: Runtime breakdown (in hours) of MIAs on MNIST.
The preparation cost refers to the time for training shadow
(imitative) models, while the inference cost denotes the time
for inferring the membership of query instances. GLiRA and
PMIA are applicable only in the non-adaptive setting.

| LIRA Canary GLiRA RMIA RAPID PMIA | IMIA

Non-Adaptive Setting

Preparation | 14.22 8.57 8.43 8.35 10.59 1422 | 0.62
Inference 0.08 13.89 0.08 091 0.62 0.09 | 0.02
Adaptive Setting
Preparation | 14.26 8.61 - 8.38 10.72 - 0.71
Inference 0.14  14.08 - 1.07 0.62 - 0.01

distillation, it significantly outperforms distillation-based at-
tacks (i.e., Attack-D, SeqMIA, and GLiRA) in both adaptive
and non-adaptive settings. For instance, Attack-D yields negli-
gible TPR at low FPRs, and in the non-adaptive setting, IMIA
outperforms SeqMIA and GLiRA by at least a factor of five.
We attribute this performance gap to key limitations in exist-
ing distillation-based MIAs: (i) These attacks directly apply
the standard model distillation process [20], failing to capture
the salient membership signals that are important for MIA. (ii)
They use distillation to create shadow out models, which can
only mimic the target’s behavior on non-member instances.
In contrast, IMIA explicitly caputer membership signals by
training both imitative in and our models, leveraging their
behavioral discrepancies for a more effective attack.

Efficiency Analysis. We measure the overall runtime of IMIA
in both adaptive and non-adaptive settings on a cluster with a
single A100 GPU, comparing it to leading MIAs. We do not
include simple baselines (e.g., LOSS attack [58]) for compar-
ison, as their performance is far inferior to IMIA. As shown
in Table 3, IMIA requires substantially less computation. For
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Figure 3: Performance on MNIST under varying computa-
tional budgets. IMIAGaussian €mploys a Gaussian likelihood
ratio [3] on imitative models to compute the final scores.

instance, on CIFAR-10, the SOTA baselines (i.e., PMIA and
LiRA) require 6 days to perform their attack, whereas IMIA
completes in less than 7 hours, a reduction of more than 95%.
This efficiency is consistently observed across all datasets.
In Table 4, we also present a runtime breakdown on MNIST,
separating the computation spent on preparation (i.e., model
training) and inference phases. The results confirm that model
training is the bottleneck for most MIAs, and IMIA mitigates
this by requiring far fewer models. During inference, while
most MIAs are relatively fast, IMIA can even outperform them
by computing a simple non-parametric score for inference.

Performance Across Computational Budgets. To evaluate
the trade-off between efficiency and attack effectiveness, we
benchmark IMIA against leading MIAs using an A100 GPU
in both non-adaptive and adaptive settings. We also introduce
IMIAGaussian, @ Variant that leverages the same imitative train-
ing as IMIA but employs parametric modeling for inference.
Specifically, it follows LiRA [3] and fits the scaled confidence
scores of imitative models as Gaussian distributions, and uses
the likelihood ratio as the membership score.

Figure 3 illustrates the performance under different com-
putational budgets (equivalent to 1 to 256 shadow models).
IMIA demonstrates superior performance across all settings
and is particularly dominant in low-resource scenarios (e.g.,
under 3 hours of training). In contrast, state-of-the-art MIAs
typically require more computation to achieve their optimal
performance. For example, LiRA in the adaptive setting shows
substantial improvement when trained for 14 hours (i.e., 256
shadow models), and evaluating it with fewer models would
underestimate its efficacy. Additionally, we observe that while
IMIAGaussian Underperforms IMIA when computational re-
sources are limited, it surpasses IMIA as more computation is
available. This further underscores the versatility of the imita-
tive training paradigm: imitative models can effectively mimic
the target model’s behavior, and increasing their number, in
combination with parametric modeling, allows for better cap-
ture of subtle behavioral discrepancies between members and
non-members, leading to more powerful attacks.

The Stability of Attacks. We also investigate the perfor-
mance stability of our attack. Specifically, we train 10 target
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Figure 4: Normalized residual distributions (defined in Section 4.3) of shadow vs. imitative models on CIFAR-100. The residuals
of imitative models closely follow the standard normal distribution, indicating they better mimic the target model’s behavior.

Table 5: Performance stability on MNIST in the non-adaptive
setting. All values are reported as percentages (%).

| TPR @ 0%FPR | TPR @ 0.1%FPR | Balanced Accuracy

LiRA 0.16 +0.10 034+0.15 50.43 +£0.16
Canary | 0.10+0.08 032£0.12 5034 £0.15
GLiRA |  0.07+0.06 0.36 = 0.08 51.06 = 0.14
RMIA 0.17 £0.04 049 £ 0.11 5320 £0.15
RAPID | 021 +0.09 048 £0.14 52.46 £0.10
PMIA 030 £0.11 0.77 £0.18 5323 +£0.17
IMIA | 101+£0.04 | 186+006 | 54144007

models on randomly selected subsets and attack them using
leading MIAs and IMIA, then calculate the mean and standard
deviation. The results on the non-adaptive setting on MNIST
are in Table 5. As observed, existing shadow-based MIAs
(e.g., LIRA and PMIA) exhibit high performance variability
relative to their mean, whereas our target-informed imitative
training approaches show better stability. This demonstrates
the reliability and robustness of our attack.

4.3 Effectiveness of Imitative Training

Does Imitative Training Better Mimic the Target Model?
We conduct a set of experiments comparing its ability to
mimic the target model’s behavior against that of shadow
training. Specifically, we train 256 shadow models and im-
itative models in the adaptive setting. We then collect the
scaled confidence score distributions for both members and
non-members by querying the shadow and imitative models.
Prior studies [3,9, 53] have empirically validated that these
score distributions are well-approximated by a Gaussian dis-
tribution. Following this approach, we model each distribution
as Gaussian and estimate its mean y and standard deviation G.
Using these parameters, we compute the normalized residual
of the target model’s true score s as r = %. If the models’
distributions truly replicate the target model’s behavior, the
residuals r for both members and non-members should follow
a standard normal distribution, i.e., r ~ N(0,1).

Figure 4 presents the results for both members and non-
members on CIFAR-100. Residuals from imitative models

Table 6: Wasserstein distance between the in and out distri-
butions of shadow and imitative models. A larger distance
indicates that the models can better capture the target model’s
behavioral discrepancy between members and non-members.

| MNIST | FMNIST | C-10 | C-100 | Purchase | Texas

0.01 0.03 0.06 | 0.21 0.13 0.25
0.08 0.18 047 | 0.82 0.73 0.85

Shadow models
Imitative models

align much more closely with the standard normal distribution
than those from shadow models, indicating that imitative mod-
els more faithfully reproduce the target model’s behavior. In
the full version of our paper, we present results for additional
image and non-image datasets, along with quantile—quantile
plots to assess the alignment with N(0,1) and a likelihood-
based analysis to quantify that imitative models better capture
the target model’s true behavior than shadow models.

Do Imitative Models Enhance Behavioral Discrepancy?
Effective imitative models should reliably replicate the behav-
ioral discrepancy between members and non-members of the
target model. We quantify this discrepancy by computing the
Wasserstein distance between the in and out distributions of
shadow and imitative models, respectively. The results in Ta-
ble 6 show that the Wasserstein distance of imitative models is
significantly larger than that of shadow models across datasets,
which indicates that imitative models generate a much more
separable signal between members and non-members.

4.4 Ablation Study

Impact of Imitative Training. We evaluate the effective-
ness of imitative training by comparing IMIA with two vari-
ants: (1) IMIAgigin, which replaces imitative training with
standard model distillation using KL divergence as the loss
function [20]; and (ii) IMIAghadow, Which substitutes imita-
tive training with target-agnostic shadow training. Table 7
reports results on MNIST and CIFAR-10. Both variants show
substantial degradation across all metrics, especially in the
low false-positive regime. Using model distillation reduces
average performance by over 20%, while replacing our ap-



Table 7: Impact of imitative training in IMIA. We compare
against two variants: |MIAg;gin, which replaces imitative train-
ing with standard model distillation, and IMIAgpadow, Which
uses target-agnostic shadow training.

Table 9: Impact of the pivot selection in IMIA on MNIST.
Selecting k pivot instances per class with the lowest losses on
the target model consistently outperforms random selection.

Selection | k| TPR @ 0%FPR | TPR @ 0.1%FPR | Balanced Accuracy
TPR @ 0%FPR | TPR @ 0.1%FPR | Balanced Accuracy Loss 50 1.00% 1.84% 51.13%
MNIST C-10 | MNIST C-10 | MNIST  C-10 Random | 50 0.89% L77% 51.10%
Loss 100 1.01% 1.86% 51.14%
Non-Adaptive Setting Random | 100 0.91% 1.79% 51.12%
IMIA 1.01% 145% | 1.86% 3.42% | 54.14%  61.08% s iggg ég;g }ggg Z}}‘]‘Z
IMIAistin 0.83% 0.96% 1.09% 2.46% 53.13% 60.08% . - ; .
IMIAghadow | 0.28%  0.54% | 0.69% 1.46% 53.20% 59.57%
Adaptive Setting Table 10: Different weighting strategies for the imitation loss.
IMIA 1.33% 2.33% | 2.35% 3.61% | 54.25% 61.30%
IMIAgisin 1.04% 1.69% 1.92% 2.78% 53.80% 60.47% Strategy TPR @ 0%FPR | TPR @ 0.1%FPR | Balanced Accuracy
IMIAghagow | 0.63%  1.02% | 1.24%  1.78% | 53.06%  60.51% MNIST ~ C-10 | MNIST ~ C-10 | MNIST C-10
Non-Adaptive Setting
Table 8: Impact of softmax temperature on IMIA. uniform 085%  1.07% | 144%  3.14% | 53.96%  60.78%
log 0.96% 1.38% 1.79% 3.38% 54.12% 61.05%
squareroot | 1.01% 1.45% | 1.86% 3.42% | 54.14%  61.08%
temperature TPR @ 0%FPR TPR @ 0.1%FPR Balanced Accuracy linear 0.92% 1.31% 1.75% 3.29% 54.11% 61.02%
MNIST  C-10 | MNIST ~ C-10 | MNIST C-10
Adaptive Setting
0 0.72%  0.84% 1.43% 2.03% 54.01% 60.37%
0.5 0.84% 1.12% 1.53% 2.50% 54.08% 60.42% uniform 1.01% 1.98% 2.04% 3.28% 54.16% 61.19%
1 1.01% 145% | 1.86% 3.42% | 54.14%  61.08% log 1.29%  2.35% | 2.28%  3.60% | 5422%  61.27%
2 1L04% 143% | 184%  3.41% | 54.18%  61.03% square oot | 1.33%  233% | 235% 3.61% | 5425% 61.30%
linear 1.27%  2.30% 2.15% 3.48% 54.18% 61.23%

proach with shadow training cuts attack performance by at
least half. These results demonstrate that effective imitation
should capture the target’s membership signals, rather than
its general behaviors across models.

We next examine how the softmax temperature of the tar-
get model’s outputs affects attack performance. This softmax
temperature controls the “softness” of the probability distri-
butions used to train the imitative models. A temperature of
zero means the imitative models are trained using only the
target model’s hard labels, while higher temperatures gener-
ate smoother distributions that capture more nuanced details
of the model’s behavior. As shown in Table 8, performance
improves when shifting from hard labels to soft labels, with a
standard temperature of one typically yielding the best results.

Impact of Pivot Selection. In the non-adaptive setting, the
performance of IMIA depends on the selection of a high-
quality pivot dataset from DI5""* to train imitative in mod-
els. We investigate two selection strategies: (1) our proposed
approach of choosing the k instances per class with the lowest
loss on the target model, and (2) a baseline that randomly
selects k instances per class. We evaluate both strategies for
different values of k, with the results presented in Table 9.
As shown, the loss-based selection consistently yields better
performance than random selection. Additionally, IMIA is
robust to the choice of k, with attack performance remaining
stable as k ranges from 50 to 1,000.

Impact of Different Weighting Strategies. We evaluate
how different weighting strategies in the imitation loss affect
attack performance. We compare three strategies: (i) uniform,

which assigns equal weight to all logits; (ii) log, which assigns
weight log(c) to membership-related logits and 1 to others,
where ¢ is the number of classes; (iii) square root, which
assigns weight /c to membership-related logits (used as the
default); (iv) linear, which assign weigh ¢ to membership-
related logits. The results for both adaptive and non-adaptive
settings are presented in Table 10. As shown, ignoring mem-
bership signals for the imitative loss (i.e., uniform strategy)
leads to a noticeable performance drop. Assigning greater
weight to these critical logits generally yields improved re-
sults. However, excessively large weights, as seen in the linear
strategy, can cause imitative models to focus too narrowly,
leading to unstable training and suboptimal performance. Em-
pirically, the square root strategy consistently yields the best
results, suggesting it strikes an effective balance.

Impact of Training Epochs. The imitative training consists
of two stages: an initial training phase of 77 epochs for imi-
tative out models, followed by an additional 7> epochs using
pivot data to obtain the imitative in models. While 77 = 100
is set to match the standard model training, our default of
T, =20 involves fewer epochs. Here, we analyze the impact
of varying 7> on attack performance. As shown in Table 11,
fewer epochs (e.g., T» = 10) lead to performance degradation
in both adaptive and non-adaptive settings, as the model has
not fully learned the behaviors of the target model. However,
we observe that increasing the number of epochs does not
necessarily result in improved performance, particularly in
the non-adaptive setting. This may be because training with
more epochs using cross-entropy loss causes the model to



Table 11: Impact of imitative training epochs 75 in IMIA.

T TPR @ 0%FPR | TPR @ 0.1%FPR | Balanced Accuracy
2 | MNIST C-10 | MNIST C-10 MNIST C-10
Non-Adaptive Setting
10 | 097% 1.34% | 1.72% 329% | 54.12%  61.01%
20 | 1.01% 145% | 1.86% 3.42% | 54.14%  61.08%
50 | 099% 1.38% | 1.75% 322% | 51.18%  61.13%
100 | 0.98% 1.42% | 1.77% 334% | 54.15%  61.07%
Adaptive Setting
10 1.02% 1.96% | 1.94% 235% | 54.25%  61.33%
20 1.33% 2.33% | 2.35% 3.61% | 5425%  61.30%
50 1.34%  2.32% | 2.37%  3.69% | 54.31% 61.38%
100 | 1.35% 2.30% | 2.39% 3.68% | 5430%  61.34%

Table 12: Impact of different attack signals in IMIA.

TPR @ 0%FPR | TPR @ 0.1%FPR | Balanced Accuracy

Signal

MNIST C-10 | MNIST C-10 MNIST C-10
Non-Adaptive Setting
loss 041%  0.51% | 0.75% 1.24% | 53.99%  61.18%
probability 1.01%  1.45% | 1.86% 3.42% | 54.14%  61.08%
pre-softmax | 1.12% 1.57% | 1.89% 345% | 54.22% 61.35%
Adaptive Setting
loss 0.42%  0.48% | 0.65% 1.27% | 54.01%  61.22%
probability 1.33% 233% | 2.35% 3.61% | 5425%  61.30%
pre-softmax | 1.35% 2.35% | 2.48%  3.70% | 5420% 61.31%

increasingly forget the target-informed behaviors, gradually
reverting to the standard shadow training. Therefore, we be-
lieve T, = 20 achieves a good balance, yielding strong attack
performance while maintaining training efficiency.

Impact of Different Membership Signals. We analyze how
the choice of membership signal affects the performance of
IMIA. The signal is used both to train imitative models and
to compute final scores for inference. We compare three op-
tions: (i) loss, which uses the output loss of a query instance;
(ii) probability, our default approach, which uses the softmax
output probabilities; (iii) pre-softmax, which uses the out-
puts of the final layer before softmax. While all black-box
MIAs assume access only to probabilities, using pre-softmax
activation is also common in the implementation of many at-
tacks [3,9,53,59]. Results for both adaptive and non-adaptive
settings are shown in Table 12. As observed, using the pre-
diction loss significantly degrades performance, and using
pre-softmax activation instead of probabilities consistently
yields better results. We also find that using pre-softmax ac-
tivation to compute scaled confidence scores is numerically
more stable and computationally simpler, as it avoids the log-
arithmic operation on probability values. These results are
consistent with previous studies [3], and we recommend using
pre-softmax activation for our attack when available.

Additional Ablation Studies. We also evaluate the robust-
ness of IMIA under varying query budgets, scenarios where
the adversary is unaware of the target model’s architecture,

Table 13: Performance comparison on non-image datasets un-
der the non-adaptive setting. IMIA outperforms the strongest
baseline (underlined) using less than 5% of its computation.

TPR @ 0%FPR TPR @ 0.1%FPR | Balanced Accuracy

Method Purchase  Texas | Purchase  Texas Purchase Texas
LiRA 0.01% 0.04% 0.06% 0.17% 62.12%  65.03%
Canary 0.01% 0.03% 0.04% 0.19% 62.32%  65.23%
GLiRA 0.02% 0.08% 0.35% 0.24% 66.73%  70.82%
RMIA 0.03% 0.12% 0.14% 0.46% 72.36%  80.52%
RAPID 0.03% 0.10% 0.17% 0.49% 73.72%  81.31%
PMIA 0.05% 0.42% 2.28% 5.72% 78.38%  87.10%
IMIA 0.51% 0.82% 9.54%  10.61% | 82.45%  89.90%

JoImp. 920.00% 95.24% | 318.42% 85.49% 5.19% 3.21%

Table 14: Performance comparsion on non-image datasets
under the adaptive setting. IMIA outperforms the strongest
baseline (underlined) using less than 5% of its computation.

TPR @ 0%FPR TPR @ 0.1%FPR | Balanced Accuracy

Method Purchase  Texas Purchase  Texas Purchase Texas
LiRA 1.26% 10.28% | 11.33%  24.24% | 8595%  90.10%
Canary 1.28% 10.30% | 11.43% 24.36% | 85.99% 90.21%
RMIA 0.41% 5.37% 4.73% 10.63% | 84.62%  89.68%
RAPID 0.33% 9.64% 4.16% 15.73% | 84.05%  90.05%
IMIA ‘ 1.98%  10.98% ‘ 16.57% 24.88% ‘ 86.71%  90.83%

%lmp. | 54.69%  6.60% | 44.97%  2.13% | 0.84%  0.69%

and cases involving distribution mismatches between the ad-
versary’s data and the target’s data. Due to space limitations,
the results of these experiments are provided in Appendix B.1.

4.5 Additional Investigations

Attack on Non-Image Datasets. We evaluate IMIA on two
widely-used non-image datasets, Purchase and Texas [47],
using a multilayer perceptron (MLP) as the target model and
comparing it with leading MIAs. Results in both non-adaptive
and adaptive settings are presented in Table 13 and Table 14,
respectively. As shown, IMIA consistently outperforms ex-
isting attacks, particularly in terms of TPR at low FPR. We
notice that all evaluated MIAs perform worse on these non-
image datasets than on image datasets like CIFAR-100, de-
spite both having 100 classes. We attribute this discrepancy
to the smaller generalization gap in the models trained on
non-image data. For instance, our Purchase model shows a
modest gap between its training and validation accuracies
(97.7% vs. 79.5%), whereas the CIFAR-100 model exhibits a
much larger gap indicative of significant overfitting (99.4% vs.
68.9%). Since MIAs typically exploit overfitting for attack,
they are less effective against these better-generalized models.
Similar observations have been found in prior work [3,9].

Attack Against DP-SGD. Differentially Private Stochastic
Gradient Descent (DP-SGD) [1] is an effective defense mech-
anism against privacy attacks, including MIAs. Following
prior work [3, 19], we evaluate the effectiveness of DP-SGD



Table 15: Effectiveness of using DP-SGD against IMIA on
CIFAR-10 in the non-adaptive setting. ¢ is the noise multi-
plier and € is the privacy budget for DPSGD.

Clipping norm C = 10 TPR @ 0.1 FPR%

Model Acc
c € IMIA
No defense 90.41% 3.42%
0 oo 81.46% 1.57%
0.2 > 1000 49.76% 0.32%
DP-SGD 05 31 37.55% 0.15%
1.0 4 32.10% 0.12%

Table 16: Performance of adaptive attacks against a ResNet
model trained on CIFAR-10 using DP-SGD.

TPR @ 0.1% FPR  Balanced Accuracy

=02 06=05 o06=02 o=05

Calibration  0.12% 0.11%  50.74%  50.07%
Attack-R 0.00% 0.00%  50.09%  50.06%
Attack-D 0.00% 0.00%  50.13%  50.60%
SeqMIA 0.07% 0.06%  50.05% 50.38%
LiRA 0.17% 0.11%  50.73%  50.22%
Canary 0.19% 0.11%  50.54% 50.28%
RMIA 0.15% 0.10%  5042% 50.31%
RAPID 0.14% 0.11%  50.81% 50.76%
IMIA 034% 0.18% 51.05% 50.82%

in defending against IMIA. Specifically, we fix the clipping
norm C to 10 and test IMIA on a ResNet model trained on
CIFAR-10 under the non-adaptive setting. As shown in Ta-
ble 15, even applying only gradient clipping (without noise
addition) significantly reduces both model accuracy and the
effectiveness of our attack. We also assess the impact of DP-
SGD in the adaptive setting in Table 16, and observe consis-
tent trends: as the privacy guarantee strengthens, all attacks
experience reduced performance, and their performance gaps
narrow. Nevertheless, IMIA consistently outperforms existing
MIAs, especially in the low false-positive regime.

5 Related Work

Neural networks have been known to be vulnerable to leaking
sensitive information about their training datasets. Various
attacks [4, 14,16] have been proposed to quantify the extent of
this data leakage and assess the associated risks. In this paper,
we focus on the membership inference attack (MIA) [47],
which aims to predict whether a specific data instance was
included in a target model’s training set. MIA has become a
widely used tool to audit the data privacy of machine learning
models [10,23,39,41,50]. The first MIA against ML models
was introduced by [47], who also proposed the technique of
shadow training. MIAs and the shadow training have since
been extended to various scenarios, including white-box [29,
40,44], black-box [24,31, 35, 36,45,49], label-only access [6,
33], and knowledge distillation [22] settings. Existing black-

box MIAs can be categorized into the following two groups.

Non-Adaptive MIAs. In this setting, the adversary trains
shadow models (or avoids model training entirely) before
accessing the membership queries. Several techniques have
been introduced, such as score functions [49, 58], difficulty
calibration [19,44,52], loss trajectory [30, 34], model distil-
lation [15, 57], quantile regression [2], and hypothesis test-
ing [9, 59]. However, these attacks typically rely on target-
agnostic shadow training and require training hundreds of
shadow models to achieve good performance.

Adaptive MIAs. In the adaptive setting, the adversary can
perform instance-by-instance behavioral analysis by training
additional predictors [40] or conducting parametric hypothe-
sis testing [3, 53]. A recent work [9] goes beyond individual
instance attacks by exploring the membership dependence
among query instances. However, these attacks suffer from
high computational costs, and recent studies [2, 43, 59] ar-
gue that such adaptive attacks are impractical, as they require
training new models for each batch of queries.

Model Distillation in MIAs. Model distillation [20,25] has
been used in MIAs in two main approaches: (i) it is used
to train more reliable shadow out models for inference, as
explored in [15,57]; (ii) it serves as a tool to simulate the
intermediate learning dynamics of the target model, and de-
rive membership signals from this simulated learning pro-
cess [30, 34]. However, these methods use standard distil-
lation techniques and only model the target’s behavior on
non-members. In contrast, we propose an imitative training
approach tailored for MIAs, which mimics the target model’s
behavior for both members and non-members, significantly
enhancing both attack efficacy and efficiency.

Evaluation of MIAs. Early studies [45,47, 58] evaluated
membership inference as a binary classification task using
metrics like balanced accuracy. More recent research [3,37]
has emphasized evaluating attacks by true positive rate (TPR)
at a very low false positive rate (FPR), and most MIAs per-
form poorly under this metric. In line with the current consen-
sus in the MIA literature, we also adopt TPR at low FPRs as
the primary evaluation metric in this paper.

6 Conclusion

In this paper, we introduce IMIA, a new MIA built upon a
novel imitative training technique to train target-informed
imitative models for inference. Imitative training addresses
the high variation of shadow models by strategically distill-
ing membership signals from the target model. Extensive
experiments in various attack settings demonstrate the effec-
tiveness and efficiency of IMIA. One limitation of our paper
is that it mainly focuses on classification models, leaving the
generalization to generative models [11, 12, 17] unexplored.
Nonetheless, our work provides an efficient and practical at-
tack, opening new directions for future research in MIAs.
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Ethical Considerations

Stakeholder-Based Analysis. We identify several key stake-
holders impacted by this research:

* Machine Learning Practitioners. This is our primary audi-
ence. We provide ML practitioners with a more effective
tool for privacy auditing, allowing them to identify vulnera-
bilities in their models and improve privacy protections.

* Data Subjects. The publication of a more effective MIA
could theoretically be used to infer personal information,
leading to privacy violations. However, our experiments
exclusively use public, non-sensitive datasets, and we do
not target any individuals or proprietary models. Moreover,
by publishing these attacks and their potential mitigations,
as described below, our work helps strengthen the overall
privacy and security of the deep learning ecosystem.

* Adversaries. Our work could potentially be used by adver-
saries to exploit privacy vulnerabilities. In recognition of
this, we discuss the mitigations below to minimize this risk.

Mitigations. We have taken the following concrete steps to
mitigate potential harms:

e Exclusive Use of Public, Non-Sensitive Data. Our research
was conducted exclusively on public datasets (e.g., CIFAR-
10), which do not contain Personally Identifiable Informa-
tion (PII). We did not use any private or sensitive data, nor
did we target specific individuals or proprietary models,
ensuring no one’s privacy was violated during our research.

* Validation of Existing Defenses. We evaluate that estab-
lished defenses like DP-SGD remain an effective mitiga-
tion strategy against IMIA. By demonstrating that practical
defenses exist, we lower the privacy risk introduced by our
work and provide clear guidance for developers.

Justification for Research and Publication. The vulnera-
bilities that IMIA exploits are fundamental to current deep
learning practices. It is highly likely that adversaries could
independently discover similar techniques, and we believe it
is crucial to proactively disclose this attack to the research
community. By publishing our findings, we enable defenders
to address the vulnerabilities in their models before they are
exploited in real-world scenarios.

We emphasize that the responsible use of such attack meth-
ods should be used responsibly to strengthen the security and
privacy of ML systems, rather than maliciously exploiting

them. We encourage the research community to use our find-
ings in a manner that promotes ethical research and enhances
privacy protections for users and data subjects.

Open Science

To facilitate reproducibility, we have made our research ar-
tifacts publicly available. The code repository is hosted
at https://github.com/zealscott/IMIA and archived
at https://doi.org/10.5281/zenodo.17885393. The
repository contains a detailed README . md with step-by-step
instructions for environment setup and experiment execution.
We also provide automated scripts for training both shadow
and imitative models in adaptive and non-adaptive settings.
The training process automatically handles the downloading
of evaluated datasets. For attack evaluation, a unified inter-
face, run_attack.py, allows users to execute IMIA along-
side baselines seamlessly. The codebase is modularized for
extensibility: model architectures are located in the models/
directory, attack implementations are in the attacks/ direc-
tory, and hyperparameters are stored in the config/ directory.
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A Experimental Setups
A.1 Dataset Description

MNIST. MNIST [28] is a benchmark dataset for evaluat-
ing handwritten digit classification algorithms. It contains
60,000 grayscale images of 28x28 pixels for training and
10,000 images for testing. The dataset consists of 10 classes,
representing digits from O to 9.

Fashion-MNIST. Fashion-MNIST (FMNIST) [54] contains
60,000 grayscale images for training and 10,000 images for
testing. It consists of 10 classes representing different fashion
items, such as t-shirts, trousers, and sneakers.

CIFAR10. CIFAR-10 [26] is a benchmark dataset for general
image classification tasks, containing 60,000 color images
of size 32x32 pixels, equally distributed across 10 classes,
including animals like cats, dogs, and birds, as well as vehicles
like airplanes and trucks.

CIFAR-100. CIFAR-100 [26] is a dataset similar to CIFAR-
10 but with a greater level of complexity, as it contains 100
classes instead of 10. It also includes 60,000 color images of
size 32x32 pixels, with each class containing 600 images.

Purchase. Purchase [47] is a dataset of shopping records
with 197,324 samples of 600 dimensions. Following previous
works [3, 30,47], we cluster these data into 100 classes to
train a Multi-Layer Perceptron (MLP) classifier.

Texas. This dataset is to predict a patient’s primary medical
procedure using 6,170 binary features. Following [47], the
data comprises records from 67,330 patients, with the 100
most frequent procedures used as classification labels.
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Table 18: Data partitioning scheme. The query dataset Dqyery
and the auxiliary dataset Dyuxitiary are strictly disjoint. The
target model is trained on a randomly sampled subset from
Dgyery. The reference dataset is used by some MIAs [19,30]
to train their attack models.

Dataset unery Dauxiliary

Train  Validation Train  Validation Reference
MNIST 11,667 11,667 11,667 11,667 23,334
FMNIST 11,667 11,667 11,667 11,667 23,334
CIFAR-10 10,000 10,000 10,000 10,000 20,000
CIFAR-100 10,000 10,000 10,000 10,000 20,000
Purchase 32,887 32,887 32,887 32,887 65,774

Texas 11,221 11,221 11,221 11,221 22,443

A.2 Accuracy of the Trained Target Model

We use validation accuracy thresholds to determine whether
a trained model needs to be rerun. Specifically, we require a
minimum validation accuracy of 0.8 for MNIST and FMNIST,
0.6 for CIFAR-10, and 0.4 for CIFAR-100. If a model fails
to meet the corresponding threshold, we retrain it using a
different random seed. We report the training and validation
accuracies of the target model in Table 17.

A.3 Number of Shadow Models of Baselines

A critical hyperparameter for shadow-based MIAs is the num-
ber of trained shadow models. For each baseline method,
we adopted the number of shadow models recommended
in the original paper, if available. When a number was not
specified, we select the maximum number of shadow models
until the attack performance saturates to ensure its optimal
attack performance. Specifically, we use the following con-
figurations: 10 shadow models for Calibration [52] and Se-
gMIA [30]; 128 shadow models for Canary [53], GLiRA [15],
RMIA [59], RAPID [19]; and 256 shadow models for Attack-
R [57], Attack-D [57], LiRA [3], and PMIA [9]. The number
of shadow models is consistent across all datasets.

B Additional Experimental Results
B.1 Additional Ablation Studies

Impact of Query Budget. We evaluate the impact of vary-
ing query budgets on CIFAR-10 and CIFAR-100. As shown
in Table 19, augmenting random queries (e.g., horizontal flips
and shifts by up to £4 pixels) improves attack performance.
Notably, significant gains occur with just two queries, and
performance stabilizes around 18 queries. This observation
aligns with findings in prior work [3].

Impact of Mismatched Model Architecture. We evaluate
the robustness of IMIA when the adversary is unaware of
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Figure 5: The impact of architecture differences between the
target model and the imitative models trained on CIFAR-100.
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Figure 6: The impact of distribution shift between the target
model training dataset and the attacker’s dataset.

the exact architecture of the target model. Specifically, we
train imitative models using different architectures, and re-
port the results in Figure 5. As expected, the attack performs
best when the imitative models match the target model’s ar-
chitecture. However, using a different architecture results in
only a slight drop in performance. We attribute this to the
imitative training paradigm. By forcing the imitative models
to mimic the target’s behavior, the training process ensures
they develop similar predictive patterns, regardless of their
underlying structural differences.

Attack with Distribution Shift. In realistic attack scenarios,
the adversary’s data is often not perfectly aligned with the
target’s data. We follow prior work [3, 19] and conduct the
following experiments to evaluate IMIA in such cases:

* Drget = Dattack- Both the target and imitative models are
trained using disjoint subsets of the CIFAR-10 dataset. This
follows the non-adaptive setting in our main experiments.

* Diarget 7 Dattack- The target model is trained on CIFAR-10,
while the imitative models use the ImageNet [8] portion of
the CINIC-10 [7], creating a distribution shift between the
target’s data and the adversary’s data.

The results in Figure 6 show that this distribution shift leads
to a noticeable performance decrease, particularly for TPR
at 0.1% FPR. This can be attributed to compounded approxi-
mation errors: when the adversary’s data differs significantly



Table 19: Impact of query budget on IMIA performance (i.e.,
TPR @ 0%FPR). Querying the model with multiple aug-
mented views enhances attack performance, yielding signifi-
cant gains with just two queries.

Queries Non-Adaptive Setting Adaptive Setting
CIFAR-10 CIFAR-100 CIFAR-10 CIFAR-100
1 0.73% 1.07% 1.53% 5.54%
2 1.22% 1.89% 2.06% 7.69%
9 1.43% 2.04% 2.31% 8.42%
18 1.45% 2.10% 2.33% 8.52%
36 1.45% 2.11% 2.33% 8.55%

Table 20: Comparison of attack performance (i.e., TPR @ 0%
FPR) between LiRA and IMIA using CMIA [9]. The runtime
is measured (in hours) with 9 cascading iterations of both
LiRA and IMIA using an A100 GPU.

#Cascading | MNIST | FMNIST | CIFAR-10 | CIFAR-100

iterations | LRA IMIA | LiRA IMIA | LiRA IMIA | LiRA  IMIA

080% 133% | 3.85% 4.62% | 1.30% 233% | 541%  8.52%
1.05% 1.42% | 4.29% 4.86% | 2.05% 2.55% | 7.49%  10.65%
1.46% 1.53% | 4.72% 4.92% | 226% 2.59% | 9.30% 11.42%
9 1.53% 1.65% | 4.90% 4.98% | 2.53% 2.60% | 10.62% 11.45%

oW —

Runtime (hrs) | 1288 58 | 1298 59 | 12812 60.5 | 25623 1209

from the target’s, the imitative models and proxies become
less effective at capturing membership-related behaviors of
the target model. Nonetheless, even in this challenging setting,
IMIA maintains strong performance on balanced accuracy.

B.2 Incorporating with CMIA

CMIA [9] is a recently proposed attack-agnostic framework
that enhances the performance of shadow-based MIAs by iter-
atively training models on carefully selected datasets. We in-
corporate this framework with IMIA and compare with LiRA.
The result in Table 20 shows that the performance improves
with more cascading iterations, particularly during the initial
few stages, which is consistent with observations from the
original paper. We observe that CMIA provides a much larger
boost to LiRA than to IMIA; after 9 iterations, LiRA even-
tually reaches performance levels comparable to IMIA. We
think this is because CMIA trains more reliable shadow mod-
els by constructing datasets that resemble the target’s training
data. This is similar to the goal of imitative training, where
we aim to train target-informed imitative models. As a result,
CMIA’s impact is more noticeable for target-agnostic attacks
like LiRA. However, as shown in the table, applying CMIA
with LiRA incurs significant computational overhead (over
20x higher than IMIA) and is only feasible in the adaptive
setting, which limits its practicality.

Table 21: Attack performance under different overlap ratios

between the adversary’s dataset and the query set.

# Overlap TPR @ 0%FPR | TPR @ 0.1%FPR | Balanced Accuracy
ratio MNIST C-10 | MNIST  C-10 | MNIST C-10
0 1.01% 1.45% | 1.86%  3.42% | 54.14%  61.08%
1/10 1.04% 1.44% | 1.79%  3.46% | 54.12%  61.04%
1/5 1.03% 1.43% | 1.84%  3.48% | 54.18%  61.10%
1/3 1.08% 1.57% | 1.85%  3.52% | 54.15%  61.20%

B.3 Impact of Relaxing Assumptions

Equal-size Assumption. While the standard evaluation con-
structs the query set with an equal number of members and
non-members, our attack, like existing MIAs, does not rely
on this assumption. First, the training of imitative models is
independent of the query set’s composition; the adversary
randomly selects instances to train imitative out models and
selects pivot instances to train imitative in models regardless
of the query set distribution. Second, our primary evaluation
metric, TPR at 0% FPR, measures the highest true positive
rate while permitting no false positives. This metric remains
valid regardless of how the query set is balanced.

Disjoint Assumption. In the non-adaptive setting, prior
work [3,9] assumes that the adversary’s dataset and the query
set are disjoint, i.e., Dggs'adap "M Dguery = 0. This assumption
may not hold in realistic scenarios, where high-probability
instances can appear in both datasets. IMIA handles this over-
lap straightforwardly. If a query instance (x,y) appears in the
adversary’s dataset DI"“**P", we simply discard the imitative
out models trained with (x,y) and use only those where (x,y)
was held out. In expectation, this requires twice as many imi-
tative models to maintain the same number of imitative out
models per query instance.

We use this approach to evaluate our attack under vary-
ing degrees of overlap between Dggi,l'adapt and Dqery. The
results in Table 21 show that attack performance remains
stable across different overlap ratios. We also note that this
strategy is highly conservative: when substantial overlap ex-
ists, one could leverage both the imitative in and imitative
out behaviors for overlapped instances (same as the adaptive
version of IMIA) to achieve even stronger performance. Over-
all, these experiments demonstrate that our attack does not
depend on the disjoint assumption and continues to perform
reliably when it is relaxed.

B.4 Experiments on Other Models

We extend our evaluation to cover three additional model ar-
chitectures: VGG16, DenseNetl121, and MobileNetV2. For
the non-adaptive setting, detailed results are provided in Ta-
bles 22 to 24. Due to space constraints, the corresponding
ROC curves and the complete results for the adaptive setting
are reported in the full version of our paper.



Table 22: Performance comparison of non-adaptive attacks on VGG16 across four image datasets.

Method ‘

TPR @ 0% FPR

TPR @ 0.1% FPR

Balanced Accuracy

MNIST FMNIST C-10 C-100 MNIST FMNIST C-10 C-100 MNIST FMNIST C-10 C-100
LOSS 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.03% 0.14% 52.06% 60.14%  67.38% 88.94%
Entropy 0.00% 0.00% 0.00% 0.02% 0.00% 0.00% 0.02% 0.19% 52.03% 60.08% 67.07% 89.01%
Calibration 0.01% 0.00% 0.91% 1.10% 0.35% 0.10% 2.06% 5.15% 51.20% 54.57%  60.13% 71.17%
Attack-R 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 52.01% 57.64%  66.90% 83.45%
Attack-D 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 52.42% 58.14%  65.64%  86.86%
SeqMIA 0.00% 0.00% 0.14% 0.47% 0.13% 0.06% 1.83% 4.78% 51.39% 57.78%  62.85%  77.02%
LiRA 0.00% 0.00% 1.31% 0.26% 0.06% 0.09% 2.33% 6.77% 50.06% 52.01%  57.59%  74.90%
Canary 0.00% 0.00% 1.35% 0.30% 0.05% 0.08% 2.31% 6.72% 50.01% 52.03%  57.86% 74.98%
GLiRA 0.03% 0.00% 1.10% 0.56% 0.14% 0.11% 2.50% 5.71% 50.05% 5893%  59.95% 80.09%
RMIA 0.03% 0.02% 1.31% 1.14% 0.38% 0.10% 2.93% 6.00% 52.82% 58.37%  63.16% 78.89%
RAPID 0.00% 0.03% 0.96% 1.24% 0.37% 0.08% 2.04% 5.52% 5291% 5825%  64.04%  79.33%
PMIA 0.05% 0.04% 1.44% 2.55% 0.39% 0.12% 5.01% 12.20% 52.07% 60.51% 67.16% 89.03%
IMIA ‘ 0.39% 0.34% 2.04% 5.18% 1.40% 3.80% 6.13% 19.05% 53.16% 6091% 67.89% 89.97%
oImp. 680.00% 750.00% 41.67% 103.14% 258.97% 3066.67% 22.36% 56.15% 0.47% 0.66% 0.76% 1.06%
Table 23: Performance comparison of non-adaptive attacks on DenseNet121 across four image datasets.
Method ‘ TPR @ 0% FPR TPR @ 0.1% FPR Balanced Accuracy
‘ MNIST FMNIST C-10 C-100 MNIST FMNIST C-10 C-100 MNIST FMNIST C-10 C-100
LOSS 0.00% 0.00% 0.00% 0.04% 0.02% 0.03% 0.00% 0.10% 5227%  60.05% 68.31% 87.90%
Entropy 0.00% 0.00% 0.00% 0.00% 0.03% 0.03% 0.00% 0.09% 5227%  60.11% 68.04%  88.33%
Calibration 0.05% 0.01% 0.31% 1.74% 0.29% 0.97% 2.31% 3.99% 5242%  55.27% 60.09%  69.45%
Attack-R 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 52.36%  58.08% 66.74%  85.89%
Attack-D 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 52.57% 58.07% 67.36% 83.91%
SeqMIA 0.01% 0.00% 0.29% 1.26% 0.02% 0.04% 1.04% 2.75% 52.28%  59.68% 63.86%  82.26%
LiRA 0.09% 0.08% 0.81% 3.21% 0.33% 1.02% 2.69% 1523% 5049%  52.24%  59.38% 78.81%
Canary 0.08% 0.04% 0.79% 3.36% 0.27% 0.98% 2.50% 14.79% 51.68%  52.74% 59.82%  79.18%
GLiRA 0.02% 0.09% 0.39% 1.53% 0.25% 0.52% 4.45% 9.86% 50.51% 54.05% 62.34%  82.84%
RMIA 0.00% 0.00% 0.45% 1.78% 0.36% 1.23% 2.51% 4.39% 52.29% 58.09% 63.15% 74.58%
RAPID 0.02% 0.03% 0.37% 0.96% 0.29% 0.95% 2.18% 428%  51.37% 57.67% 62.19% 72.20%
PMIA 0.23% 0.11% 1.44% 6.03% 0.38% 2.31% 5.37% 18.78%  52.59%  60.14% 68.52% 88.61%
IMIA 1.01% 1.93% 4.51% 6.59% 1.27% 7.67 % 842% 21.56% 52.62% 60.46% 70.85% 88.93%
YoImp. 339.13% 1654.55% 213.19% 9.29% 234.21% 232.03% 56.79% 14.80% 0.06% 0.53% 3.40% 0.36%
Table 24: Performance comparison of non-adaptive attacks on MobileNetV2 across four image datasets.
Method | TPR @ 0% FPR TPR @ 0.1% FPR Balanced Accuracy
‘ MNIST FMNIST C-10 C-100 MNIST FMNIST C-10 C-100 MNIST FMNIST C-10 C-100
LOSS 0.00% 0.00% 0.00% 0.01% 0.01% 0.02% 0.00% 0.10% 55.80% 60.92%  70.01% 89.35%
Entropy 0.00% 0.00% 0.00% 0.02% 0.01% 0.02% 0.00% 0.10% 55.82% 60.50%  70.46% 89.01%
Calibration 0.15% 0.00% 0.44% 1.51% 0.39% 1.01% 2.28% 6.53% 54.03% 55.92%  60.68%  70.28%
Attack-R 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 53.19% 5841%  6732% 85.31%
Attack-D 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 0.00% 53.84% 59.36%  67.12%  86.98%
SeqMIA 0.02% 0.00% 0.08% 0.42% 0.08% 0.12% 0.94% 1.47% 53.12% 5549%  68.38%  75.40%
LiRA 0.04% 0.01% 0.10% 3.17% 0.14% 0.77% 3.01% 15.34%  50.17% 52.32%  5891% 80.61%
Canary 0.03% 0.01% 0.12% 3.20% 0.11% 0.72% 3.12% 1542% 51.02% 52.39%  59.32% 81.95%
GLiRA 0.00% 0.11% 0.45% 0.20% 0.07% 0.13% 3.27% 7.06% 50.08% 5443%  63.61% 84.47%
RMIA 0.11% 0.00% 0.40% 1.89% 0.40% 1.12% 2.79% 7.83% 55.76% 59.30% 65.11% 74.76%
RAPID 0.06% 0.00% 0.23% 1.73% 0.21% 0.99% 2.05% 6.94% 55.94% 60.41% 70.02%  87.63%
PMIA 0.23% 0.15% 0.46% 4.38% 0.96% 2.67% 4.97% 19.42% 56.31% 61.02% 70.62%  90.02%
IMIA \ 1.21% 2.80% 1.97% 6.34% 2.41% 5.00% 6.48% 23.57% 56.55% 61.15% 72.27% 90.19%
YoImp. 426.09% 1766.67% 328.46% 44.75% 151.04% 87.27% 30.38% 21.37% 0.43% 0.21% 2.34% 0.19%
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