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Abstract

Training models on a carefully chosen portion
of data rather than the full dataset is now a
standard preprocess for modern ML. From vi-
sion coreset selection to large-scale filtering
in language models, it enables scalability with
minimal utility loss. A common intuition is that
training on fewer samples should also reduce
privacy risks. In this paper, we challenge this
assumption. We show that subset training is
not privacy free: the very choices of which data
are included or excluded can introduce new
privacy surface and leak more sensitive infor-
mation. Such information can be captured by
adversaries either through side-channel meta-
data from the subset selection process or via
the outputs of the target model. To systemati-
cally study this phenomenon, we propose CoLA
(Choice Leakage Attack), a unified framework
for analyzing privacy leakage in subset selec-
tion. In ColLA, depending on the adversary’s
knowledge of the side-channel information, we
define two practical attack scenarios: Subset-
aware Side-channel Attacks and Black-box At-
tacks. Under both scenarios, we investigate two
privacy surfaces unique to subset training: (1)
Training-membership MIA (TM-MIA), which
concerns only the privacy of training data mem-
bership, and (2) Selection-participation MIA
(SP-MIA), which concerns the privacy of all
samples that participated in the subset selection
process. Notably, SP-MIA enlarges the notion
of membership from model training to the en-
tire data-model supply chain. Experiments on
vision and language models show that existing
threat models underestimate subset-training pri-
vacy risks: the expanded privacy surface leaks
both training and selection membership, ex-
tending risks from individual models to the
broader ML ecosystem.

1 Introduction

The scale of modern datasets has made training on
the full corpus increasingly impractical. To address
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this, practitioners routinely employ subset training,
where only a carefully chosen ratio of data is used.
This paradigm is adopted not only for efficiency
but also to improve data quality, since selection
can remove redundancy and noise while retain-
ing informative samples. Subset training spans di-
verse applications: coreset selection (Bachem et al.,
2015; Munteanu et al., 2018; Mirzasoleiman et al.,
2020) in vision, dataset pruning (Sorscher et al.,
2022; Yang et al., 2022), active learning (Sener
and Savarese, 2018; Ducoffe and Precioso, 2018)
in general ML, and large-scale deduplication (Lee
et al., 2022), filtering (Rae et al., 2021), and sam-
pling (Gunasekar et al., 2023; Wettig et al., 2024)
in language model pretraining.

While subset training is widely celebrated for
these benefits, its privacy implications remain un-
derexplored (Zhao and Zhang, 2025). A com-
mon intuition suggests that fewer training samples
should imply less privacy leakage (Dong et al.,
2022). Yet this reasoning overlooks an impor-
tant fact: the choices made during subset selection
themselves encode signals about which data were
included and which were excluded. These signals
can be inherited through shifts in the data distribu-
tion or model behavior, making them exploitable
by adversaries.

We ask the fundamental question: Does sub-
set training actually reduce privacy leakage? Our
answer is no. We show that subset training intro-
duces new attack surfaces: not only is the included
data that used for training compromised, but the
excluded data discarded from training can also be-
come vulnerable due to correlations introduced by
the selection mechanism. In other words, due to the
data-oriented nature of the subset selection process,
beyond the training data leakage emphasized by tra-
ditional MIA (Shokri et al., 2017; Hu et al., 2022),
the choice signals further extend privacy risks from
individual models to the broader data—model sup-
ply chain. Accordingly, we define two complemen-
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tary privacy surfaces: Training-membership MIA
(TM-MIA), which resembles traditional MIA by
focusing on the membership of training data, and
Selection-participation MIA (SP-MIA), a privacy
surface tailored to subset training that focuses on
membership at the data selection level.

To systematically study membership leakage
under these privacy surfaces, we propose CoLA
(Choice Leakage Attack), a framework that lever-
ages choice signals in a principled way to con-
duct attacks across different surfaces. CoLA cap-
tures risks under two complementary settings: (i) a
Subset-aware Side-channel setting, where the ad-
versary has access to the target model’s outputs
and selection metadata (e.g., the selection algo-
rithm and the inclusion ratio); and (ii) a Black-box
setting, where the adversary observes only model
outputs and is aware that subsetting may have been
used, without knowing any selection metadata. Ex-
tensive results show that for both privacy surfaces
under these two attack settings, CoLA can substan-
tially strengthen the attack performance. In short,
subset training does not guarantee privacy; it en-
larges the attack surface of modern ML pipelines
and highlights the need to protect privacy across
the entire data—model supply chain. We summarize
our contributions as follows:

* We provide the first systematic definition and
exploration of the membership leakage prob-
lem under subset training. This novel attack
scenario reveals a severe privacy risk in the
subset selection process: not only is the pri-
vacy of training data compromised, but the
data excluded during selection is also at risk.

* We propose CoLA (Choice Leakage Attack), a
framework that leverages choice signals in a
principled way for more reliable membership
inference, while seamlessly unifying diverse
attack settings and surfaces.

» Experiments across both vision and language
models confirm the broad capability of CoLA.
For example, in the black-box setting, the
AUC of CoLA on Pythia-160M surpasses 80%
under SP-MIA.

2 Related Works

Subset training and data-efficient learning. A
large body of research has explored how to reduce
the cost of large-scale training by operating on sub-
sets of data. Coreset selection constructs small but

representative subsets that approximate training on
the full data (Bachem et al., 2015; Mirzasoleiman
et al., 2020). Dataset pruning removes redundant
or low-value samples to improve efficiency and
generalization (Sorscher et al., 2022; Yang et al.,
2022; Tan et al., 2024; Ren et al., 2025b,a; Hu et al.,
2024a; Zhang et al., 2025b; Liang et al., 2022a).
Active learning queries the most informative ex-
amples to reduce annotation cost (Agarwal et al.,
2020; Margatina et al., 2021). In large-scale lan-
guage models, deduplication and filtering pipelines
are routinely applied to eliminate noise and im-
prove training quality (Lee et al., 2022; Gao et al.,
2020). These techniques have been extensively
studied for efficiency and utility, but their privacy
consequences remain largely underexplored.
Membership inference attacks. Membership in-
ference attacks (MIAs) are among the most widely
studied privacy threats in machine learning. Early
work by Shokri et al. (2017) proposed shadow
models to train attack classifiers distinguishing
members from nonmembers. Subsequent meth-
ods exploited confidence scores, loss values, or
gradients (Yeom et al., 2018; Carlini et al., 2022a).
MIAs have been demonstrated in supervised learn-
ing, federated learning, and large language mod-
els (Nasr et al., 2018; Hu et al., 2022; Wang et al.,
2025a; Li et al., 2025), motivating defenses such as
differential privacy (Abadi et al., 2016; Wang et al.,
2025b; Zhang et al., 2025a; Xiang et al., 2024) and
adversarial regularization (Nasr et al., 2018). This
body of work reveals how models trained on fixed
datasets can memorize and leak sensitive informa-
tion. However, they primarily focus on construct-
ing membership signals in a one-shot manner, with
these signals being tightly coupled to a specific
model. We find such model-oriented signal less ef-
fective in the context of subset training. Leveraging
the unique characteristics of the subset selection
process, we instead construct membership signals
in a data-oriented manner.

Synthetic data and privacy. Synthetic data gen-
eration has been studied as a way to train models
without exposing raw datasets, with the promise
of stronger privacy (Hu et al., 2024b; Tan et al.,
2025; Li et al., 2023; Liang et al., 2022b). How-
ever, subsequent research has shown that synthetic
datasets can still leak sensitive information about
the original data, including membership and at-
tributes (Stadler et al., 2022; van Breugel et al.,
2023; Zhao and Zhang, 2025; Huai et al., 2019).
Rather than analyzing risks inherent in synthetic
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Figure 1: Privacy surfaces under subset training.

data generation pipelines, we turn to subset train-
ing with real data, where high-fidelity samples re-
main but the selection process itself exposes a dis-
tinct and overlooked channel of privacy leakage.

3 Problem Setting

3.1 Membership inference under subset
training

Let Dy C X x Y denote the original dataset that
undergoes a subset selection procedure. A selector
Sel(-;r) with a given selection ratio r partitions
Dy into two disjoint sets: the included data 1
used for training, and the excluded data E that are
discarded:

(I, E) = Sel(Dy;r),
iy @

with INE=o, TUE =Dy, 1 —
| Do

Following the standard MIA pipeline (Shokri
et al., 2017), we further denote by O the outside
data that never enter the selection process. A
model fy is trained solely on /. This partition nat-
urally induces two types of membership inference
task:

Training-membership MIA (TM-MIA). This
attack takes the model itself as the attack surface
and membership is defined solely by the training
data. A sample z is a member if z € I and non-
member if x € £ U O. This forms a natural and
widely adopted threat model, as the model is the
most direct output of the ML system. This setting
is consistent with conventional MIAs (Shokri et al.,
2017; Carlini et al., 2022a).

Selection-participation MIA (SP-MIA). How-
ever, when the attack surface is enlarged to the
entire data—model pipeline, membership expands
from only the training data to a much larger portion
of all collected data. As shown in Figure 1, we
refer to the collected data as selection members,
where a sample x is a member if z € I U E and
a non-member if z € O. Its membership cannot
be explained by direct model memorization, but in-
stead reveals choice leakage, a side-channel signal

from the subset selection process of the data-model
supply chain. Such choice leakage risk is severe as
it exposes a system’s selection preferences. Once
the data—model supply chain is exposed to privacy
risks, the entire pipeline, from raw data to model
outputs, becomes vulnerable to malicious manipu-
lation. To our knowledge, this is the first work
to systematically investigate this perspective.

Both tasks can be framed as binary hypothesis
tests over a scoring function s : Dy — R, which
measures the likelihood of a sample « belonging to
the respective member set. Given Dy = I U FUQO,
the member—nonmember partitions are:

M =1, Ntm=FEUO, (2)
Msp=1UE, Nsp = O. 3)

The goal is to design a scoring function s(x) that
distinguishes M from A under both definitions.

3.2 Adversary knowledge

Subset training changes not only the definition
of membership but also the adversary’s potential
knowledge and capabilities. We consider two com-
plementary scenarios:

Subset-aware side-channel attacks. In line with
the common assumption in prior MIAs, the adver-
sary can query the deployed model fy and observe
its outputs (e.g., prediction labels or confidence
scores). In addition, it has access to side informa-
tion about the selection process, such as the strat-
egy used (e.g., coreset selection, pruning, filtering)
or the approximate inclusion ratio. Such an assump-
tion is realistic: pruning papers routinely report
retained percentages to justify efficiency—utility
trade-offs, active learning and coreset methods de-
scribe selection strategies for reproducibility, and
large-scale LLM pipelines release dataset cards
documenting filtering heuristics, inclusion ratios,
or deduplication statistics (Cohen-Addad et al.,
2021; Biderman et al., 2023a; Dubey et al., 2024;
Yang et al., 2024). In many real-world pipelines,
the type of selection/curation strategy is also not se-
cret: it is often exposed through product documen-
tation, APIs, or service deliverables (e.g., dataset
curation platforms like Roboflow (Roboflow, 2024)
explicitly document dedup/curation functions, and
data-quality/data-broker services such as Expe-
rian (Experian, 2026) and Acxiom (Acxiom, 2026)
publicly describe deduplication and filtering work-
flows). Crucially, this information reflects only
high-level rules, not the exact membership of in-
dividual samples. Our attack targets precisely this
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gap: even when only the selection algorithm or
ratio is public, an adversary can exploit this side-
channel to infer which specific samples were in-
cluded or excluded, thereby exposing choice leak-
age in subset training.

Black-box attacks. Here the adversary can only
query the deployed model fy and observe its out-
puts. The entire subset selection stage is hidden,
so the adversary must rely solely on the observ-
able behavior of the trained model or the intrinsic
data-specific information. This setting captures the
most restrictive and widely assumed threat model
in prior MIA research (Hu et al., 2022).

3.3 Real-World Impact

Our threat model poses concrete privacy risks in
real-world data pipelines. In many settings, infer-
ring that a record appeared in the candidate pool,
even if it was later excluded from training, can
already disclose sensitive participation in data col-
lection, such as HIV screening, clinical trial recruit-
ment, welfare applications, or credit pre-approval.
Such participation signals may themselves expose
individuals to stigma, discrimination, or reputa-
tional harm. At the same time, when the adver-
sary has partial knowledge of the selection process,
a ‘present-but-rejected’ signal can further narrow
plausible private attributes, such as medical mark-
ers, risk scores, or financial status. Beyond indi-
vidual leakage, these signals may also reveal what
kinds of samples the pipeline tends to retain or
discard, thereby enabling more targeted and lower-
cost poisoning attacks. The risk therefore extends
beyond memorization to a broader attack surface,
i.e., the data-model supply chain threat.

4 Method

4.1 Challenges of Membership Inference
under Subset Training

In conventional MIA, success comes from exploit-
ing overfitting: models tend to assign systemati-
cally higher confidence to their training data than
to non-members. Under subset training, however,
this signal becomes entangled. Figure 2 illustrates
this using the LiRA attack signal from (Carlini
et al., 2022a) on a model trained on I selected
from Dy by Glister (Killamsetty et al., 2021b). The
dataset used here is CIFAR10 and the model is
ResNet18. Since the selector is designed to make
training on I approximate the effect of training on
I U FE, the confidence distributions of included, ex-

Frequency

4000 concentrates at high

3000 confidence

000

000
Included

-15 Outside
-10
-5 concentrates at low

Conpigy, 3
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ce” 10 15" Excluded

Figure 2: Signal distributions under subset training.

cluded, and outside samples exhibit more complex
overlaps: (i)  concentrates at high confidence, E/
shifts lower, while outside data often show a bi-
modal distribution; (ii) in TM-MIA, I and £ U O
remain partly separated but overlap substantially at
high confidence; (iii) in SP-MIA, the distribution
of I U E largely overlaps with that of outside data,
making the groups difficult to distinguish. This
overlap complexity shows that model-oriented sig-
nals are no longer sufficient under subset training,
highlighting the need for data-oriented alternatives.

4.2 Choice Leakage Attack

Motivation. Just as models can overfit to their
training data, subset selectors can overfit at the
selection level: by design they preferentially rese-
lect examples that match their implicit criteria (e.g.,
high informativeness, low noise, or strong represen-
tativeness). This persistent re-selection introduces
a stable bias in the choice process that itself serves
as a reliable membership signal. We exploit this
inclusion stability, the tendency of a sample to be
repeatedly chosen across multiple trials, as the core
signal for our attack.

Specifically, we approximate many different can-
didate combinations by constructing a series of
overlapping subsets (“windows”) {W; C Dy} ,,
where m is the number of windows, to capture
inclusion-stable samples. Each W; represents one
plausible candidate set the selector might face; by
examining the selector’s decisions on a sample
across these windows, we reveal whether it is con-
sistently favored.

Subset-aware side-channel attack. In the side-
channel setting, the adversary knows both the se-
lector Sel(-;7) and the selection ratio r € (0, 1].
For each window W;, we run Sel(+; r) and record
whether x € W; is selected by the selector, and get
its evidence e(x, ;) in the current window:

e(x, W;) = 1[z € Sel(W;;r)]. )
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Suppose in the window construction, x appears
in n out of m windows; by aggregating the selec-
tion evidence across these windows, we obtain its
inclusion count:

n
t(x) = Z e('x’ Wi)? (5)
i=1

where ¢(z) is the number of times z is selected,
For fair comparison, the windows are constructed
as sliding windows with fixed intervals and cyclic
wrapping (details are provided in Section 5), thus
each data appears in exactly the same number of
windows. Hence, the exposure count n is con-
stant across all z and serves only as a scaling fac-
tor in our score function. This also highlights the
motivation behind our multi-shot membership sig-
nal: rather than relying on a single output, choice
leakage signal is derived from how consistently a
sample is selected across different selections. The
membership score ssige () is obtained by aggregat-
ing evidence across windows:

Sside(ma n, T) = w(t($)7 n, T)a (6)

where w is a monotone weighting function. From
a statistical perspective, if each inclusion is a
Bernoulli trial, then ¢(z) ~ Binomial(n(z), p(z))
where p(z) is the probability of a data to be in-
cluded. Given the selection ratio r, the expected
inclusion count under random choice is 7 - n(z).
We can therefore design w as a smooth monotone
mapping centered around r - n(x):

yn(z),r) = U(K(t(fﬁ) - n(x)))
w(t(z); n(z),r) = Z(n(x),r) 7
1

)= e

where ~ controls the slope and Z is a normalization
constant (depending only on n(z), r) that does not
affect relative ranking. Since the ratio r € (0, 1]
and each sample has the same exposure count n.
Without loss of generality, we therefore adopt the
following simplified scoring function:

w(t(z);n) = U(t(a:) — %) = 1_|_€(1t(33)’§)'

®)
This formulation monotonically amplifies scores of
samples with high inclusion counts and constrains
the range by n, which makes scores comparable
across windows. Finally, under both TM-MIA and
SP-MIA, the decision is made by thresholding:

?;(x) = ]l[sside(x) > 7_]7 )

(N
k> 0.

where T is a decision threshold. Samples that are
more stably selected as included data across win-
dows will receive higher scores and are thus more
likely to be classified as training members.

Black-box attack. In this setting, the subset
selection process remains a black box to the adver-
sary, and no direct selection metadata is available.
Guided by our general motivation of inclusion sta-
bility (samples that are repeatedly reselected across
plausible candidate sets reveal membership), we
infer stable inclusion by identifying samples that
consistently act as geometric representatives across
windows. Specifically, for each window we per-
form unsupervised embedding clustering to locate
representative samples. Formally, let f(-) be an
embedding model. For each window W; C D,
we compute embeddings f(z),z € W;, and per-
form k-means clustering (Ahmed et al., 2020) in
the embedding space. Each sample = € W is then
assigned to a cluster c(z; W;), and we measure
its distance to the corresponding cluster centroid
d(x,W;) = || f(z) — c(z; W;)||2. The distance is
used to serve as the evidence:

e(w, W;) = 1[d(z, W;) < Qos(Wi)], (10)

where Qo5(-) is the median distance among all
samples in W;. The formal definitions of the in-
clusion count and exposure count follow the same
formulation as in Eq. 5, with the only difference
that the evidence e(x, W;) is redefined as Eq. 10
under the current black-box setting.

Here, to capture multi-shot stability, since the
evidence for each data now related the distance
to its centroid in each window W;, we apply a
weighted score function which reveals not only
the inclusion count but also the actual distance it
receives:

Splack () = w(t(x);n)/d(x), an

where d(z) = ﬁ > i zew; d(@, W;) denotes the
average clustering distance of sample = across
the windows in which it is included. This de-
sign ensures that samples consistently close to cen-
troids across many windows receive higher scores.
The weighting function w(¢; n) follows the same
formulation as in Eq. 8. Finally, similar to the
side-channel setting, membership is determined by
thresholding:

@](.%’) = l[sblack(x) > T].

This unsupervised formulation enables member-
ship inference even without any knowledge of the

(12)
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Table 1: Results for vision models under the subset-aware side-channel attack setting. Results are averaged over
9 coreset selection methods. Intensity denotes the selection ratio r (Light: » = 0.2, Medium: r = 0.4, Heavy:
r = 0.6, Extensive: 7 = 0.8). Best results per row are in bold.

. . NN NN_top3 NN_cls LiRA CoLA
Intensity ~ Setting
AUC TPR@5%FPR AUC TPR@5%FPR AUC TPR@5%FPR AUC TPR@5%FPR AUC TPR@5%FPR

SP-MIA 51.23 5.83 51.77 334 51.59 6.37 51.26 6.43 61.39 14.24

Light +2.56 +1.34 +3.02 +4.45 +2.66 +2.22 +4.85 +3.70 +2.48 +2.02

TM-MIA 64.00 12.13 61.57 8.93 67.24 19.30 69.86 15.74 83.77 42.19

) +12.15 +5.96 +15.05 +13.52 +16.18 +17.14 +22.08 +18.19 +2.44 +4.51

SP-MIA 52.33 6.31 53.59 3.56 54.51 6.64 54.99 5.31 81.93 42.66

Medium ) +3.56 +1.48 +4.30 +2.28 +4.51 +1.58 +4.69 +0.42 +3.50 +5.81

TM-MIA 59.84 10.80 60.37 291 66.84 12.51 62.96 4.61 88.53 60.10

+12.84 +4.97 +10.53 +3.32 +11.79 +5.85 +13.69 +2.52 +2.55 +7.62

SP-MIA 52.21 12.20 53.20 2.80 53.53 12.37 53.69 4.26 96.86 88.60

Heavy +3.83 +15.48 +4.85 +2.43 +5.94 +15.44 +5.68 +1.77 +2.60 +5.51

TM-MIA 55.00 19.31 52.40 1.67 57.44 19.63 52.61 2.81 89.06 60.36

) +9.59 +26.18 +10.78 +2.04 +11.06 +26.72 +11.77 +2.32 +1.90 +5.87

SP-MIA 55.64 7.59 59.56 4.00 56.66 7.60 61.54 5.09 92.20 91.86

. ) +5.31 +1.68 +6.39 +2.92 +5.90 +1.87 +8.36 +2.68 +6.94 +7.23

Extensive
TM-MIA 61.41 10.99 60.13 4.21 62.80 11.27 59.66 4.63 80.74 49.76
+6.63 +2.61 +12.20 +4.15 +7.52 +2.73 +12.03 +3.77 +8.23 +6.98

(a) Cal

(b) Craig (¢) Uncertainty

Figure 3: The MIA performance of different attack
surface on vision models under black-box setting.

underlying subset selection metadata. The inclu-
sion stability-based pipeline of CoLA naturally uni-
fies different attack surfaces within a single frame-
work, thereby facilitating coordinated attacks.

5 Experiments

5.1 Setups

Models and Datasets. We conduct experiments
on both vision and language models. For the vision
side, without loss of generality, we use ResNet-
18 trained on CIFAR-10. We evaluate the perfor-
mance on both subset-aware side-channel attacks
and black-box attacks. For language models, since
training multiple LMs from scratch is computation-
ally expensive, we restrict our study to black-box
attacks. The detailed data and model usage in our
experiments can be found in Appendix A.2.

Subset Selection Methods.  For vision mod-
els, we select nine representative dataset pruning
methods from different categories. Specifically, we
include decision boundary based methods such as
DeepFool (Ducoftfe and Precioso, 2018) and Con-
trastive Active Learning (Cal) (Margatina et al.,
2021); the bi-level optimization based method

Glister (Killamsetty et al., 2021b); error based
methods including Forgetting (Toneva et al., 2018)
and GraNd (Paul et al., 2021); the uncertainty
based method Least Confidence (denoted as Uncer-
tainty) (Coleman et al., 2020); the gradient match-
ing based method Craig (Mirzasoleiman et al.,
2020); and geometry based methods such as Con-
textual Diversity (Agarwal et al., 2020) and Herd-
ing (Welling, 2009). These methods cover a broad
range of perspectives on dataset pruning, from
boundary sensitivity to optimization criteria, er-
ror contribution, uncertainty, gradient alignment,
and geometric diversity. The selection ratio is set
to 0.2, 0.4, 0.6, and 0.8. For language models,
as discussed in the previous subsection, we adopt
a commonly used data filtering strategy that has
been systematically studied in (Meeus et al., 2024;
Duan et al., 2024), and consider two deduplication
strengths, namely ‘13_0.8" and ‘13_0.2".

Baseline MIA Methods.  For vision models,
we consider four baselines: NN, NN_top3, and
NN_Cls (Shokri et al., 2017; Salem et al., 2018),
which use the model’s output logits, the top-3 log-
its, and the combination of logits with class la-
bels as membership signals, respectively, as well
as LiRA (Carlini et al., 2022a), which fits Gaussian
distributions and leverages the likelihood to infer
membership. The shadow model used in each base-
line method is set to 8. For language models, we
consider six baselines, including the loss (Yeom
et al., 2018), Lower (lowercase) (Carlini et al.,
2021), Min-K% (minkprob) (Shi et al., 2023), Min-
K%-++ (minkplusplus) (Zhang et al., 2024), Pac
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Figure 4: Ablation studies on (left) the window size and
(right) the embedding model for MIA performance.

(pac_10) (Ye et al., 2024), and the Golden baseline
Bag_of_Words (bow) (Meeus et al., 2024). Here,
bow serves as a performance reference: methods
performing below it are regarded as ineffective.

Evaluation Metrics. In most MIA stud-
ies (Hisamoto et al., 2020; Carlini et al., 2022b; Li
et al., 2025), attack performance is typically eval-
uated by aggregating over all possible thresholds
using the AUC score. We adopt the same practical
evaluation metric in our experiments. We also re-
port True Positive Rate at low False Positive Rate
(TPR@Low FPR) (Carlini et al., 2022a), which
is an important metric in MIAs and measures the
detection rate at a meaningful threshold.

5.2 Results under Subset-aware Side-channel
Attacks

A subset-aware side-channel attack is a type of at-
tack specific to the subset selection process. Its
success indicates that current practices of disclos-
ing meta information about subset selection are
unsafe and can lead to privacy leakage.

Table 1 reports the average MIA results across
different coreset selection methods we consider for
vision models. As shown, in the relatively simple
TM-MIA setting, baseline methods can still per-
form reasonably well, which is expected since this
setting closely resembles traditional MIAs (Shokri
et al., 2017; Hu et al., 2022) for which these base-
lines were originally designed.

However, in the SP-MIA setting that is unique
to subset training, baseline methods largely fail
(AUC close to 50%), indicating their inability to
effectively distinguish between included and ex-
cluded data. Fundamentally, this stems from the
fact that baseline methods rely heavily on model
outputs; as illustrated in Figure 2, included and
excluded data exhibit output distributions that are
highly similar to other data, resulting in poor sepa-
rability. However, this does not mean that privacy
cannot be compromised under SP-MIA. In contrast,

CoLA achieves strong performance in both TM-
MIA and SP-MIA settings, thanks to its multi-shot,
data-centric membership signal that tightly aligns
with the subset selection process and captures fine-
grained data interactions, thereby enabling better
separability. Moreover, we observe that as the se-
lection ratio (Intensity) increases, the risk of pri-
vacy leakage becomes more severe, highlighting
the significant vulnerability of the subset selection
process as a potential side channel.

In the black-box attack setting, we study both vi-
sion and language models. Language model subset
selection often relies on heuristic semantic filtering
or deduplication, rather than the formally defined
selection algorithms and ratios common in vision,
which makes it naturally suited to black-box anal-
ysis. In this scenario, the adversary has no access
to any meta information about the selection pro-
cedure. Consequently, a successful membership
inference attack under these conditions indicates
that the subset selection process itself—much like
model training—can implicitly reveal private in-
formation about the data. This implies that pri-
vacy risks arising from subset selection must be
addressed proactively: mitigating them requires
careful design choices and safeguards before the
selection process is executed.

The results for vision models and language mod-
els are shown in Figure 3 and Figure 7, respectively.
For vision models, we adopt three representative
selection methods: Cal (Margatina et al., 2021),
Craig (Mirzasoleiman et al., 2020), and Uncer-
tainty (Coleman et al., 2020). As illustrated in Fig-
ure 3, under the black-box setting, SP-MIA remains
more challenging than TM-MIA. Moreover, CoLA
consistently outperforms the baselines by about
5% in AUC across all experiments, demonstrating
strong attack capability. For language models, this
contrast is even more pronounced. As shown in
Figure 7, all baseline methods except CoLA perform
worse than the bow baseline, indicating that they es-
sentially fail in the context of subset selection MIA.
Furthermore, while SP-MIA and TM-MIA results
are relatively close for CoLA, the baselines exhibit a
sharp gap, with SP-MIA close to random guessing
(AUC around 50%), and TM-MIA reaches only
about 60%.

5.3 Ablation Studies.

Influence of Window Construction. In Fig-
ure 4a, we present an ablation study on the influ-
ence of window interval, conducted with Pythia-
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sider values between 2 and 10 and re-
port the corresponding AUC curves and
TPR@5% FPR.

160m on the arxiv_ngram_13_0.8 dataset. Sev-
eral observations can be made: first, regardless of
the window interval size, the performance under
SP-MIA is consistently lower than that under TM-
MIA, highlighting its greater challenge. Second,
the choice of window interval size does not substan-
tially affect the performance of CoLA. In SP-MIA,
increasing the size reduces the exposure count n
of each data sample, which makes the inclusion
signal coarser and leads to a slight performance
drop. However, this drop remains marginal.

Influence of Embedding Model.  As a data-
centric MIA method, CoLA achieves a clear decou-
pling from the target model. As discussed ear-
lier, it derives the membership signal by reallo-
cating data combinations based on overfitting at
the selection level. For language data, the inher-
ent inconsistency in format and length requires the
use of a dedicated embedding model in this real-
location process. To examine the effect of em-
bedding model choice, we conduct an ablation
study beyond the default all-MiniLM-L6-v2, con-
sidering three alternatives: paraphrase-MiniLM-
L6-v2 (paraphrase-MiniLM), distilbert-base-nli-
stsb-mean-tokens (distilbert-base), and all-roberta-
large-v1. The results are shown in Figure 4b, where
the circle size indicates the parameter scale of each
embedding model. We observe that different em-
bedding models have a noticeable impact on in-
ference performance, particularly on TPR at low
FPR. Moreover, larger model size does not neces-

Table 2: Subset-aware side-channel attacks under different vision
models and datasets.

sarily translate into better performance, highlight-
ing the importance of choosing an appropriate em-
bedding model. Nevertheless, the results remain
generally acceptable across all choices (with AUC
consistently above 70% and TPR@10% FPR above
25%). How to customize embedding models for
MIA under subset selection is a meaningful ques-
tion, which we leave for future work.

Results under Different Vision Models and
Datasets. In Table 2, we conduct subset-aware
side-channel attack on the CIFAR-100 dataset with
the VGG19 model to verify whether CoLA remains
reliable across different vision datasets and models.
The selection ratio here is set to 0.2. As can be
observed, CoLA consistently works well across var-
ious vision model-dataset combinations, revealing
its general applicability. Specifically, attacks on
VGG19 are more pronounced than on ResNet18
under the same setting, and CIFAR-100 is more vul-
nerable than CIFAR-10. Moreover, the observation
that SP-MIA is more challenging than TM-MIA is
consistent with previous findings.

Influence of Clustering. In Figure 5, we study
the effect of varying the number of clusters used
for embedding clustering in the black-box setting.
Beyond the default choice of 5, we consider values
between 2 and 10 and report the corresponding
AUC curves and TPR@5% FPR. The results show
that, for both SP-MIA and TM-MIA, the clustering
number has only a marginal effect on performance.
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6 Conclusion

In this work, we take the first step toward system-
atically understanding the privacy risks of subset
training. Contrary to the common intuition that
training on fewer samples should reduce privacy
leakage, we demonstrate that the very choices made
during subset selection can themselves become ex-
ploitable signals, exposing both included and ex-
cluded data to membership inference. To capture
this phenomenon, we introduced CoLA, a unified
framework that leverages choice patterns to con-
struct robust membership signals. Across both vi-
sion and language models, under both subset-aware
side-channel and black-box settings, CoLA consis-
tently reveals that subset training does not mitigate
but instead amplifies privacy leakage. Our findings
highlight that privacy risks extend beyond model
outputs to the data—model supply chain itself.

Limitations

Despite CoLLA’s strong performance, we did not
explore many alternative data selection methods,
which remains an important direction for future
work. We partly address this through consistent
protocols, ablations, and experiments across multi-
ple models and datasets, showing that the observed
gains are stable.
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Figure 8: Choice Leakage Attack (CoLA) across the
data—model supply chain. CoLA augments conventional
MIA by exploiting subset selection metadata leaked
along the data-model supply chain. By identifying
which samples are more likely to pass selection, it not
only strengthens membership inference but also enables
adversaries to craft tailored threats.

A Appendix

A.1 The Privacy Threats behind Data-Model
Supply Chain

As shown in Figure 8, the data—model supply chain
describes the pipeline from raw data collection,
through subset selection and model training, to the
deployment of a target model. In this process, sub-
set selection plays a central role: only a fraction
of the raw dataset is included for training, while
others are excluded or remain outside. The meta-
data of this selection process (e.g., filtering strate-
gies, coreset algorithms, or filter ratios) introduces
new privacy surfaces. Such information can inad-
vertently leak “choice signals” that reveal which
samples are more likely to be included in training,
thereby extending the privacy risk beyond conven-
tional training data exposure. CoLA (Choice Leak-
age Attack) directly exploits this vulnerability by
using selection metadata to strengthen membership
inference. It targets the data—model supply chain
by identifying samples more likely to survive selec-
tion, thereby increasing membership leakage and
enabling more targeted attacks. Once this supply
chain is exposed, the entire pipeline from raw data
to model outputs becomes more vulnerable.

A.2 Details of the Model and Dataset Usage

Leveraging the rich open-source models in NLP
and following the setup in (Meeus et al., 2024),
we use deduplicated models from the Pythia (Bi-
derman et al., 2023b) and GPT-Neo (Black
et al., 2021) families, specifically pythia-70m,

‘arxiv_ngram_1_0.8’,
‘pubmed_central_ngram_13_0.8’,
‘pubmed_central_ngram_13_0.2°, where ‘13_0.8’

pythia-160m, and gpt-neo-125m, all trained
on the MIMIR dataset (Gao et al., 2020; Duan
et al.,, 2024). From the MIMIR dataset, we
select two subsets, arXiv and PubMed Central,
and evaluate each under two split settings:
‘arxiv_ngram_13_0.2°,
and

denotes removing non-member examples that
share > 80% 13-gram overlap with members.

In the black-box attacks for vision models, we
derive embeddings from the activations just before
the final linear layer of a shadow model that shares
the target model’s architecture. The shadow model
is trained using the GradMatch method (Killam-
setty et al., 2021a) (distinct from the MIA methods
evaluated in our paper) with a selection rate of 0.5.
For language models, due to the various lengths of
each sequence, we obtain fixed-dimensional em-
beddings using a dedicated embedding model; by
default we use ‘all-MiniLM-L6-v2’ (Reimers and
Gurevych, 2019; Thakur et al., 2021).

For CoLA, the default interval is set to 500 for vi-
sion models and 100 for language models, with the
window size to be 20,000 and 1,000, respectively.
In black-box attacks, the number of clusters is fixed
at 5. Ablation studies are provided in Section 5.3.

A.3 Ethics Statement

This work focuses on understanding privacy risks
in subset training through systematic analysis of
membership inference attacks (MIAs). Our study
is purely methodological and does not involve hu-
man subjects or personally identifiable information.
All datasets used are publicly available benchmark
datasets, and we complied with their intended use
and licensing terms. We emphasize that the pro-
posed Choice Leakage Attack (CoLA) is presented
as a research contribution to highlight potential
vulnerabilities in modern training pipelines, not to
enable misuse. Our findings are intended to inform
the community about inherent privacy risks and to
guide the development of stronger defenses.
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