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Abstract

Remote identity verification systems are increasingly ex-
posed to physical presentation attacks (PAs), including
print, screen, and composite attacks on identity documents.
Detecting such attacks, commonly referred to as identity
document presentation attack detection (PAD), is challeng-
ing because the relevant forensic cues are often local, sub-
tle, and sensitive to acquisition conditions. Recent PAD
methods therefore rely on increasingly sophisticated deep
learning pipelines, including task-specific heads, learned
patch fusion modules, and backbone adaptation. In this
work, we revisit identity document PAD from the perspec-
tive of feature reuse and ask whether frozen self-supervised
Sfoundation model representations already encode the local
forensic cues needed for reliable detection. We propose
PADCore, a lightweight patch-based framework that de-
composes each document into local patches, embeds them
using a frozen DINOv2 (or DINOv3) backbone, constructs
compact per-class coresets of representative embeddings,
and fits a Linear Discriminant Analysis classifier on top.
PADCore requires no backbone fine-tuning and can be effi-
ciently re-fitted as new attack data becomes available. On
FakelDet2-db, PADCore matches or surpasses the state-
of-the-art FakelDet2 approach in in-distribution evaluation
and achieves stronger generalization on KID34K, while re-
ducing training time from hours to under four minutes.
Its patch-based design is also compatible with privacy-
preserving workflows based on pre-extracted anonymized
document patches.

1. Introduction

Remote identity verification has become a cornerstone
of modern digital services, supporting Know Your Customer
(KYC) procedures in domains such as digital banking, on-
line marketplaces, and government platforms. In this set-
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ting, users are typically required to submit an image of an
identity document, which must be automatically verified
for authenticity. The security of such systems is increas-
ingly challenged by presentation attacks, including print,
screen, and composite manipulations, which aim to repli-
cate or alter legitimate documents. As highlighted in recent
surveys [15], robust generalization across document types,
acquisition conditions, and attack mechanisms remains one
of the central open problems in identity document presenta-
tion attack detection (PAD).

Recent progress in identity document PAD has largely
followed advances in deep learning. Early approaches re-
lied on convolutional neural networks trained end-to-end
on document images [8, 6], while more recent methods
have adopted Vision Transformers and foundation mod-
els, often combined with task-specific fine-tuning strate-
gies [17]. In parallel, patch-based formulations have gained
traction, motivated by the observation that forensic cues
such as halftone patterns, sub-pixel structures, and mate-
rial inconsistencies in recent identity documents manifest at
a local spatial scale. Methods such as FakeIDet and Fakel-
Det2 [10, 9] exploit this paradigm by extracting document
patches and learning discriminative representations using
frozen or partially adapted foundation model backbones
combined with learned classification and fusion modules.

At the same time, a growing body of work across com-
puter vision has demonstrated that powerful self-supervised
foundation models, such as DINOv2 [11] and its succes-
sors [16], encode rich and transferable visual representa-
tions that can be effectively reused without task-specific
adaptation. In domains such as anomaly detection, ap-
proaches like PatchCore [14] and AnomalyDINO [3] have
shown that competitive performance can be achieved by
combining frozen patch-level features with lightweight,
non-parametric or classical statistical models.

Motivated by these observations, we revisit identity doc-
ument PAD from the perspective of feature reuse. Specif-
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Figure 1. Graphical representation of PADCore, a patch-based approach for identity document presentation attack detection using frozen
foundation model features and coreset-based classification. The ID card is taken from the KID34K dataset [12].

ically, we investigate whether the discriminative informa-
tion required for PAD is already present in frozen foun-
dation model representations, and to what extent effective
classification can be achieved without adapting the back-
bone. Rather than focusing on learning new representations,
we treat PAD as a problem of modelling the structure of
patch-level feature distributions. To this end, we propose
PADCore, a lightweight patch-based PAD framework that
combines frozen foundation model features with coreset-
based feature selection and classical classification. To fa-
cilitate PADCore processing, each document is first decom-
posed into local patches, embedded using a frozen DINOv2
(or DINOV3) backbone, and represented through a compact
per-class coreset constructed in the respective feature space.
A Linear Discriminant Analysis (LDA) classifier [18] is
then fitted on top of these coresets to perform patch-level
classification, with document-level decisions obtained via
aggregation, as illustrated in Figure 1.

This design offers several practical advantages. First, it
avoids backbone fine-tuning entirely, reducing training time
to a few minutes and enabling rapid re-fitting as new at-
tack data becomes available. Second, by operating on pre-
extracted patches, it is naturally compatible with privacy-
preserving settings such as those considered in Fakel-
Det2 [9]. Third, the coreset formulation provides a flex-
ible mechanism for controlling the trade-off between ef-
ficiency, robustness, and generalization. To evaluate PAD-
Core, we conduct extensive evaluations on the FakelDet2-
db benchmark [9], as well as cross-dataset experiments on
DLC-2021 [13] and KID34K [12]. Our results show that
PADCore achieves highly competitive performance com-
pared to more complex learned pipelines, particularly in
in-distribution settings and under various forms of domain
shift, while maintaining significantly lower computational
cost. In summary, we make the following key contributions
in this paper:

* We introduce PADCore, a lightweight identity document
PAD framework that combines frozen foundation model

representations with coreset-based classification, elimi-
nating backbone fine-tuning while remaining compatible
with privacy-preserving patch-based processing.

* We present a systematic study of frozen patch-level repre-
sentations for identity document PAD, analyzing the im-
pact of transformer depth, backbone choice, patch size,
anonymization level, and coreset construction strategy.

* We show that PADCore matches or surpasses state-of-
the-art learned pipelines on FakelDet2-db and improves
generalization on KID34K, while reducing training time
from hours to minutes and enabling efficient re-fitting as
new attack data becomes available.

2. Related Work
2.1. Image-Level PAD Methods

Image-level approaches to identity document presenta-
tion attack detection (PAD) operate on the full document
image, learning to classify it as genuine or fake using deep
neural networks. Early work on image-level PAD relied on
convolutional neural networks, including the pixel-wise su-
pervision framework of Mudgalgundurao et al. [8] and the
two-stage architecture of Gonzalez and Tapia [6], demon-
strating that end-to-end training on document images can
effectively detect print and screen attacks under controlled
conditions. More recent approaches have adopted Vision
Transformers and large-scale pre-trained models, with com-
petition systems fine-tuning CLIP (ViT-L/14) [2] and DI-
NOvV2 [11] backbones using parameter-efficient techniques
such as LoRA [17] for improved performance.

While these methods benefit from strong global repre-
sentations, they typically operate on downsampled inputs
(e.g., 224 x 224 or 384 x 384 pixels), which may limit their
ability to capture fine-grained local artefacts. Furthermore,
image-level representations can become sensitive to docu-
ment layout and appearance, potentially affecting general-
ization across unseen document types and acquisition con-
ditions, as observed in the IJCB 2025 competition [17].



2.2. Patch-Level PAD Methods

Patch-based approaches address these limitations by de-
composing the document into local regions and performing
classification at the patch level, preserving high-frequency
texture information and aligning the analysis with the spa-
tial scale of forensic cues. FakelDet [10] introduced this
paradigm for identity document PAD by extracting non-
overlapping patches of 64 x 64 or 128 x 128 pixels from
anonymized images and classifying each patch using a
frozen DINOV2 [ 1] backbone with a lightweight sigmoid
head, aggregating predictions to obtain a document-level
decision. FakelDet2 [9] extended this approach by intro-
ducing learned components on top of the frozen backbone.
Specifically, it incorporates a trainable patch embedding
layer optimized using margin-based losses such as Cos-
Face [19], ArcFace [4], and AdaFace [7], as well as a
multi-head self-attention module to model interactions be-
tween patches before producing a global representation.
This combination yields state-of-the-art performance on the
FakeIDet2-db benchmark [9].

PADCore follows the same patch-level paradigm but ex-
plores a different point in the design space. Instead of learn-
ing task-specific representations or fusion modules, it lever-
ages frozen foundation model features directly and focuses
on modelling their distribution using coreset-based selec-
tion and classical classification.

2.3. Embedding-Based Approaches in Other Fields

The reuse of frozen foundation model embeddings com-
bined with lightweight decision functions has proven ef-
fective across several computer vision tasks. In industrial
anomaly detection, PatchCore [14] demonstrated that a
memory bank of sampled patch-level features can achieve
strong performance without training deep models. Simi-
larly, AnomalyDINO [3] showed that frozen DINOv2 [11]
representations can rival more complex learned approaches
in few-shot anomaly detection settings.

These works highlight that, in certain regimes, the repre-
sentational capacity of foundation models can be sufficient,
shifting the focus from representation learning to effective
modelling of feature space structure. PADCore builds on
this insight and adapts it to the identity document PAD set-
ting.

3. Proposed Method: PADCore

In this section, we now present PADCore, the proposed
lightweight patch-based framework for identity document
presentation attack detection, which operates by modelling
the distribution of frozen patch-level features using coreset-
based selection and a simple statistical classifier.

3.1. Patch Extraction

Following the patch-level paradigm established by
FakeIDet and FakelIDet2 [10, 9], each identity document
image is first divided into a regular grid of non-overlapping
square patches by sliding a window with stride equal to
the patch size. We evaluate two patch sizes, 64 x 64 and
128 x 128 pixels, matching the configurations used in prior
work to enable direct comparisons. Each extracted patch is
resized to 224 x 224 pixels to conform to the input resolu-
tion expected by the backbone. For FakelDet2-db [9], we
use the provided pre-extracted patches directly after resiz-
ing across all experimental settings considered.

3.2. Patch Embedding

Each patch is embedded using a frozen self-supervised
vision foundation model to produce a compact feature vec-
tor. We consider two backbones: DINOv2 [11] and DI-
NOv3 [16], both based on Vision Transformers trained via
self-distillation on large-scale image corpora. We use a ViT-
S/14 variant for DINOv2 and a ViT-S/16 variant for DI-
NOvV3. In all experiments, backbone weights remain fixed,
with no task-specific adaptation.

For each patch, we extract the CLS token at the output
of a chosen transformer block, which aggregates informa-
tion from all patch tokens and serves as a global represen-
tation. Rather than relying solely on the final layer, we ex-
plore representations from different depths of the network
in our experiments across all configurations. This is moti-
vated by the observation that earlier layers tend to encode
low-level properties such as color and texture, while deeper
layers capture more semantic information. Recent analyses
of Vision Transformers confirm that this progression also
holds in self-attention-based architectures [5]. Since many
forensic cues relevant to PAD, such as halftone patterns or
sub-pixel structures, are inherently low-level, the choice of
feature depth can significantly impact performance.

Because the backbone is frozen, patch embeddings are
deterministic and can be computed once and cached. This
enables rapid experimentation with downstream compo-
nents, as coreset construction and classifier fitting operate
directly on pre-computed features.

3.3. Coreset Selection

Training directly on all patch embeddings is both com-
putationally inefficient and unnecessary due to the high de-
gree of redundancy in the data. PADCore instead con-
structs a compact coreset, i.e., a fixed-size subset of rep-
resentative feature vectors selected independently per class,
on which the downstream classifier is trained. This coreset
captures the structure of each class distribution while signif-
icantly reducing computational cost and enabling efficient
re-fitting. We consider two coreset construction strategies,
applied independently per class to maintain balance:



* Greedy farthest-point sampling, adapted from
PatchCore [14], iteratively selects the point that is
maximally distant from the current coreset, ensuring
broad coverage of the feature space. This strategy pre-
serves the geometric support of the distribution, in-
cluding outlier regions that may correspond to rare but
informative patterns.

* K-Means clustering partitions the feature space into
k clusters and uses the cluster centroids as represen-
tatives. Each centroid summarizes a local neighbour-
hood, effectively capturing the dominant modes of the
distribution. We use Mini-Batch K-Means to ensure
scalability to large datasets.

Both methods are implemented with GPU acceleration to
handle large patch collections efficiently.

3.4. Attack Classifier

Before classification, each feature dimension of the core-
set is standardized to zero mean and unit variance. A mul-
ticlass Linear Discriminant Analysis (LDA) classifier [18]
is then fitted on the normalized features. LDA learns a pro-
jection that maximizes between-class variance while mini-
mizing within-class variance, producing a low-dimensional
space in which the four classes (bonafide, print, screen,
and composite) are well separated in the resulting feature
space. We adopt LDA over alternative lightweight clas-
sification heads as it is a natural fit for the coreset rep-
resentation: K-Means centroids act as smoothed, roughly
Gaussian class prototypes, matching the shared-covariance
assumptions underlying LDA, which can thus learn class-
separating directions directly rather than relying on dis-
tances in the raw feature space.

At inference time, each patch from a test document is
projected into this space and assigned a class probability.
These patch-level predictions are aggregated via mean pool-
ing to produce a single document-level decision, following
the strategy used in FakeIDet [10].

4. Experimental Setup

This section describes the datasets, evaluation metrics,
and experimental protocols used to assess PADCore under
both in-distribution and cross-dataset settings.

4.1. Datasets

We evaluate PADCore on one primary in-distribution
benchmark and two cross-dataset benchmarks that differ in
document type, acquisition setup, and attack characteristics.
FakelIDet2-db [9] is our primary benchmark. It contains
922,057 patches extracted from 2,000 images of 47 official
Spanish identity documents, captured using three smart-
phones, three acquisition heights, and five illumination con-
ditions. The database includes bonafide samples as well as

print, screen, and physical composite attacks. To our knowl-
edge, it is the only publicly available identity document
PAD benchmark containing both officially issued bonafide
documents and composite attack samples. To preserve the
privacy of document holders, the dataset is distributed as
pre-extracted anonymized patches rather than full document
images for all experimental configurations considered.
DLC-2021 [13] is used for cross-dataset evaluation. It
consists of 1,424 video clips of mock identity documents
from the MIDV-2020 collection [!], covering color print,
grayscale print, and screen recapture attacks across ten doc-
ument types from multiple countries. Its bonafide samples
are researcher-produced mock documents rather than offi-
cially issued IDs, which limits the realism of the genuine
class under more diverse acquisition conditions.

KID34K [12] is also used for cross-dataset evaluation. It
contains 34,662 images of replica Korean ID cards, span-
ning genuine, screen, and print scenarios across 82 cards
and 12 acquisition devices. Although the bonafide samples
are replicas rather than official documents, the authors re-
port that replica and real ID feature distributions are closely
aligned for the evaluated recognition tasks.

4.2. Evaluation Metrics

We evaluate PADCore according to the ISO/IEC 30107-
3 standard for biometric presentation attack detection', us-
ing the same metrics as prior work on identity document
PAD [10, 9, 17]. The Attack Presentation Classification Er-
ror Rate (APCER) measures the proportion of attack sam-
ples incorrectly classified as bonafide:
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where Npajs is the number of attack samples for a given Pre-
sentation Attack Instrument Species (PAIS), such as print,
screen, or composite, and RES; = 1 if the i-th sample is
classified as an attack at threshold 7, and O otherwise. The
Bonafide Presentation Classification Error Rate (BPCER)
measures the proportion of bonafide samples incorrectly
classified as attacks:
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where Npp is the number of bonafide samples. The Equal
Error Rate (EER) is defined at the operating threshold 7*
where APCER(7*) = BPCER(7*), providing a threshold-
independent summary of detection performance.

To ensure statistical reliability, we compute metrics us-
ing stratified bootstrapping on the test set, following Fakel-
Det2 [9]. Test instances are resampled 10,000 times with

lhttps://www.iso.orq/standard/79520.html
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Figure 2. Per-attack-type EER (%) for PADCore (K-Means coreset, 2,000 elements per class) across ViT blocks 1-12 for DINOv2 (left)
and DINOV3 (right) on FakelDet2-db [9] configurations. Values are mean = std. over 10,000 stratified bootstrap iterations of the test set.

replacement while preserving the original class proportions,
and we report the mean and standard deviation of the result-
ing EER distribution.

4.3. Evaluation Protocol

All experiments on FakelDet2-db follow the standard
protocol of Mufioz-Haro et al. [9]. The official train/test
splits are provided with the database” and are defined at the
identity level, with 80% of identities used for training and
the remaining 20% for testing. This ensures that no identity
appears in both training and test sets. We evaluate all four
released configurations, obtained from the combination of
two patch sizes (64 x 64 and 128 x 128) and two anonymiza-
tion levels (pseudo-anonymized and fully anonymized).

For cross-dataset evaluation, we again follow Fakel-
Det2 [9]: PADCore is trained exclusively on FakeIDet2-db
and evaluated on DLC-2021 [13] and KID34K [12] as out-
of-distribution test sets. For DLC-2021, we use the 30,000-
image subset considered in FakeIDet2, while for KID34K
we use 17,700 images sampled from both the original train
and test sets. Since neither DLC-2021 nor KID34K con-
tains officially issued real IDs, bonafide samples are taken
from the FakeIDet2-db test set. This enables direct compar-
ison with FakeIDet2 under the same evaluation conditions,
with FakeIDet2 serving as the stronger baseline over Fakel-
Det [10, 9] in prior comparative experiments.

5. Results and Analysis

In this section, we analyze the design choices of PAD-
Core and evaluate its performance against state-of-the-art
methods in both in-distribution and cross-dataset settings.

5.1. Backbone Selection

Figure 2 shows per-attack-type EER across all 12 trans-
former blocks for both backbones and pseudo-anonymized
FakelDet2-db configurations. The first three blocks con-
sistently yield the worst performance across all settings,

Zhttps://github.com/BiDAlab/FakeIDet2-db

Table 1. Per-attack bootstrap EER (%) for PADCore with DINOv2
[11], comparing the final transformer block (12) against multi-
layer fusion (blocks 5, 8, and 11). Hyperparameters match Fig-
ure 2. Best EER per group shown with bold block label; best
per-attack EER is highlighted.

Anon. Patch Blocks Composite Print Screen All
Rl 64 12 182446 00+00 59433 10.1+29
5811 3.6+25 1.0+15 32+23 28+19
— 12 146439 00+00 53428 84+23
seudo 5811 44+24 00+00 54+27 40+18
Fall s 12 51429 00+£00 20+£22 33+18
4 5811 33425 10+15 65+30 39+19
peendo 12812 28420 00+£00 00+£00 16+13
seu 5811 22419 09414 85+37 36+16

Table 2. Per-attack bootstrap EER (

%) as in Table 1, but with the

DINOvV3 [ 16] backbone.

Anon. Patch Blocks Composite Print Screen All
Full o 12 154+44 00+£00 67+£34 97+27
5811 73+35 00+00 00+00 2.6+16
Pseudo 64 12 122435 00+£00 69+31 86+28
seu 5811 36422 00+00 00+£00 1.9+13
Rl 108 12 73434 00+00 19421 3.6+18
5811 34425 00+00 40+26 28+16
Pseudo 128 12 15£18 00£00 00£00 07+1.0
seudo 5811 00+£00 00+£00 15+18 07+1.0

suggesting that very early representations lack sufficient
discriminative structure for PAD. Beyond this point, clear
attack-specific trends begin to emerge. Print attacks are
detected well across most block depths. Composite attacks
benefit most from intermediate blocks (4-8), especially in
the 64 x 64 patch size setting, indicating that the color and
texture discontinuities at field boundaries require some de-
gree of contextual aggregation for detection. Screen attacks
show a different pattern, favoring deeper blocks (8—12), es-
pecially in the 128 x 128 patch size setting, consistent with
the more subtle, globally distributed nature of sub-pixel and
Moiré artefacts within the evaluated feature hierarchy.
Based on these trends, we experiment with concatenat-
ing CLS token features from multiple intermediate blocks
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rather than relying on a single layer. We empirically found
that concatenating features from blocks 5, 8, and 11 per-
forms well across configurations and attack types, and adopt
this as our multi-block setup for comparison against the sin-
gle final block (block 12).

Tables 1 and 2 show that the multi-block setup yields
substantial improvements for composite attacks across vir-
tually all configurations and both backbones, which aligns
with the intermediate-block preference observed in Fig-
ure 2. These gains occasionally come at a cost for screen
attacks: since later blocks tend to encode more discrim-
inative features for this attack type, as observed in Fig-
ure 2, their reduced influence in the multi-block concatena-
tion leads to performance degradation, most visibly in the
128 x 128 settings for DINOv2. Nevertheless, the multi-
block approach outperforms the final block in overall EER
in most configurations, and when it does not, the difference
is negligible. Comparing the two backbones, DINOv3 con-
sistently matches or outperforms DINOv2 across configu-
rations, though the differences are generally modest, sug-
gesting that both backbones encode similarly useful foren-
sic representations.

5.2. Coreset Selection Strategy

Figure 3 shows the combined EER as a function of core-
set size per class for both K-Means and greedy farthest-
point sampling, along with a no coreset baseline trained
directly on all available patch features. K-Means consis-
tently outperforms greedy sampling across all coreset sizes,
and both strategies gradually converge toward the no core-
set baseline as coreset size increases. This convergence is
expected. As the number of K-Means clusters increases,
each centroid represents a smaller neighbourhood and in-
creasingly approximates the underlying feature distribution.
Similarly, greedy sampling covers a denser portion of the
feature space, approaching the behaviour of training on the
full feature set. We attribute the advantage of K-Means
to the nature of its centroids. Rather than selecting actual
observed patch features, K-Means produces computed av-
erages of local neighbourhoods in feature space, smooth-
ing over fine-grained intra-class variation and presenting the
downstream LDA classifier with idealized class prototypes.
This acts as an implicit regularization, smoothing out the
noise and redundancy of the raw feature set before it reaches
the classifier, evidenced by the no coreset baseline perform-
ing worse than the K-Means coreset strategy.

Rather than treating the coreset size as a hyperparameter
to be tuned per dataset, we interpret it as a deployment-
dependent parameter controlling a trade-off between pro-
totype smoothing and class-distribution coverage. Small
coresets emphasize the dominant modes of each class
and suffice when training and test conditions are closely
matched: on FakeIDet2-db [9], 2,000 elements per class

Full anon., 64 x 64 patches
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—— Greedy
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Figure 3. EER (%) vs. per-class coreset size for K-Means and
greedy farthest-point sampling on fully-anonymized 64 x 64
FakelDet2-db [9] patches, with a no-coreset baseline for reference.
Features: concatenated DINOv3 [16] blocks 5, 8, and 11.

proved stable across all four configurations, despite sub-
stantial differences in the number of available training
patches (e.g., 330,772 patches in the fully-anonymized 64 x
64 setting versus 64,562 in the fully-anonymized 128 x 128
one), so a fixed absolute size requires no per-configuration
tuning. Larger coresets, in contrast, preserve rarer source-
domain modes that may become relevant under distribu-
tion shift, at the cost of weaker implicit regularization. We
therefore recommend scaling the coreset to the anticipated
deployment shift: smaller for stable in-domain use, larger
when broader shift is expected, defaulting to larger sizes
under uncertainty. Following this rationale, the experiments
in Sections 5.3 and 5.4 use 10,000 elements per class, since
both evaluate PADCore beyond its training distribution.

5.3. Robustness to Unseen Attack Types

To evaluate robustness to unseen attack mechanisms,
we follow the leave-one-attack-out protocol from Fakel-
Det2 [9]. In each setting, PADCore is trained with one at-
tack type removed and evaluated on all attack categories,
allowing us to assess how well the frozen patch-level fea-
ture space supports extrapolation beyond the attack classes
represented in the coreset. Statistical reliability is assessed
by running PADCore 100 times with different random seeds
for coreset construction and reporting the mean =+ standard
deviation of the resulting EER distribution. All experiments
use a K-Means coreset of 10,000 points per class.

Table 3 compares PADCore and FakeIDet2 [9] in both
the full training and leave-one-attack-out scenarios on the
pseudo-anonymized 64 x 64 configuration of FakelDet2-
db [9]. When all attack types are available during train-
ing, PADCore consistently outperforms FakelDet2, achiev-
ing 3.79 + 0.76% overall EER across 100 seeds compared
to 8.64% for FakelDet2, with particularly large gains on
composite attacks. The standard deviation across seeds re-
mains modest, indicating that PADCore is stable with re-
spect to coreset initialization on in-distribution data. In
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the leave-one-attack-out scenarios, PADCore outperforms
FakeIDet2 in most settings, with the notable exception of
the no-print scenario, where it degrades sharply on unseen
print attacks, driving the overall EER to 17.9542.14% ver-
sus FakeIDet2’s 7.97%. This is an expected consequence
of the coreset-based design: without any print patches in
the training set, the LDA classifier has no print class pro-
totype to separate against, and print patches (whose foren-
sic artefacts, such as glossy reflections, are subtle compared
to the more visually disruptive traces of screen and com-
posite attacks) are likely collapsed into the bonafide class,
as they share more low-level texture similarity with gen-
uine document patches than with any of the other attack
types present during training. In the no-composite and no-
screen scenarios PADCore recovers its advantage, achiev-
ing 25.25 + 1.63% and 8.89 + 1.69% overall EER respec-
tively, compared to 28.24% and 19.93% for FakeIDet2, sug-
gesting that PADCore’s frozen features generalize better
across unseen attack types than the learned representations
of FakelIDet2, with the exception of the print attack class.

5.4. Cross-Dataset Generalization

Table 3. Per-attack EER (%) in leave-one-attack-out training on
pseudo-anonymized 64 x 64 FakelDet2-db patches. PADCore:
mean = std. over 100 seeds. FakeIDet2: single run from [9].

Training Model Composite Print Screen All
No.Screey  FakeIDet2 7.17 1.00 36.00 19.93
¢ PADCore 37414 01404 179438 89+17
Nopring  FakelDet2 1225 6.77 3.05 7.97
o PADCore  4.0+0.6 33.8+44 20+£13 18.0+21
No.C. FakeIDet2 50.96 0.00 2.02 28.24
O--OMP- pApCore 49.8+£29 0.0+£00 09+11 253+1.6
FakeIDet2 16.29 4.89 5.01 8.64
AlFAMCkS  pincore 51413 00402 22414 38+0.8

We next evaluate whether PADCore generalizes beyond
the dataset used for training by testing on DLC-2021 [13]
and KID34K [12] under the FakeIDet2 cross-dataset pro-
tocol [9]. Unlike the in-distribution and leave-one-attack-

out experiments, this setting introduces both new document
appearances and new acquisition conditions, making core-
set stability especially important. Figure 4 analyzes the
sensitivity of cross-dataset performance to coreset size and
random initialization. Figure 4 shows the distribution of
EER across 100 seeds for coreset sizes of 2,000, 5,000, and
10,000 points per class on FakelDet2-db [9], KID34K [12],
and DLC-2021 [13], following the protocol of Section 4.3.
While performance on FakeIDet2-db remains tightly con-
centrated regardless of coreset size, variance on DLC-2021,
the dataset least similar to FakeIDet2-db, is substantially
higher at small coreset sizes, with individual seeds span-
ning a wide range of outcomes. Increasing the coreset size
progressively narrows this distribution, with 10,000 features
per class yielding predictable behaviour and eliminating the
near-failure cases, sometimes at the cost of peak perfor-
mance. We attribute this to the regularizing effect of larger
coresets discussed in Section 5.2: with more points, the in-
fluence of any single random initialization on the class pro-
totypes is diminished, yielding a more stable approximation
of the underlying feature distribution, whereas a poorly ini-
tialized small coreset may produce a boundary that aligns
arbitrarily well or poorly with the shifted test distribution.
For the results below, we therefore report mean and standard
deviation across 100 seeds with the 10,000-point K-Means
variant, exposing this behaviour rather than masking it with
a single run.

Table 4 reveals a clear asymmetry in PADCore’s cross-
dataset generalization. On KID34K [12], PADCore con-
sistently outperforms FakeIDet2 across all attack types,
showing promising generalization to unseen characters and
achieving 4.73 & 0.85% overall EER compared to 14.47 +
2.17%. On DLC-2021 [13], however, PADCore strug-
gles on two attack types in particular. Gray-print attacks,
which are entirely absent from FakelDet2-db, mirror the
no-print leave-one-attack-out failure mode observed in Ta-
ble 3. Without gray-print patches in the coreset, the clas-
sifier lacks a prototype for this class and likely collapses



Table 4. Cross-dataset per-attack EER (%); both models trained
on pseudo-anonymized 64 x 64 FakeIDet2-db patches. PADCore:
mean =+ std. over 100 seeds. FakeIDet2: mean =+ std. over 10,000
stratified bootstrap iterations of test set.

DLC-2021 KID34K
PAI FakelDet2 PADCore ‘ FakelDet2 PADCore
Screen 4.57£054 27.61+421 | 1444 £138 4.14£0.29
HQ-Print 1199 £ 1.11 1259 +£4.63 | 1531 +£2.27 588+ 1.16
Print 1097 £1.26 11.79+£5.01 | 632+ 1.12 4.56+ 1.04
Gray-Print  10.59 +1.24 21.86 +5.36 - -
All 9.56 +0.83 18.08 £3.43 ‘ 1447 £2.17 4.73 + 0.85

Table 5. Training time for PADCore (DINOv3 [16], blocks 5/8/11)
vs. FakelDet2 [9]. FakelDet2 range reflects best- and worst-case
scenarios from reported epoch times and early stopping.

Anon. Patch Model Feat. Extr.  Rest Total
Full 64 FakelDet2 - - 1 h32min —7h42 min
" PADCore 2min25s 9.2s 2min 35s
FakelDet2 - - 1h8 min —2h27 min
Full 128 pApcore 3175 5.ds 37.1s
Pseud 64 FakelIDet2 - - 1h25min — 7h 56 min
seudo PADCore 3minl0s 9.5s 3min 20s
FakelDet2 - - 1h5 min-2h44 min
Pseudo 128 prpCore 4185 5.5 47.3s

it into bonafide. This is compounded by the fact that
FakelDet2-db print attacks are produced on glossy lami-
nated paper, whose texture and reflective properties differ
substantially from the matte gray prints present in DLC-
2021, making the available print coreset a poor proxy even
for these attacks. Screen attacks on DLC-2021 also prove
difficult (27.61 & 4.21%), which we attribute to the differ-
ent recapture conditions: FakelDet2-db screen attacks are
produced using a high-quality XDR display, whereas DLC-
2021 screen attacks involve lower-quality screens whose
sub-pixel and Moiré artefacts differ substantially from those
seen during training, a distribution shift that the frozen core-
set features cannot compensate for.

5.5. Computational Efficiency

Table 5 reports training times for PADCore and Fakel-
Det2 [9] across all 4 publicly available FakeIDet2-db [9]
configurations. FakeIDet2 was trained on an NVIDIA RTX
3080 (10GB), and PADCore on an NVIDIA RTX 4090
(24GB). Even accounting for the hardware difference, the
gap in training time is not marginal but structural. Fakel-
Det2’s training time spans a wide range due to early stop-
ping, between 1 hour 5 minutes and 7 hours 56 minutes de-
pending on configuration and convergence, whereas PAD-
Core completes in under 4 minutes across all configurations,
with the most patch-dense setting (pseudo-anonymized,
64 x 64) requiring only 3 minutes 20 seconds in total. The
dominant cost in PADCore is feature extraction, which is
a one-time forward pass through the frozen backbone; the
subsequent coreset construction, standardization, and LDA

fitting together contribute under 10 seconds in every config-
uration. Notably, these timings were obtained with a core-
set of 10,000 points per class, i.e., five times larger than the
2,000 we found sufficient in Section 5.2, demonstrating that
even with redundancy deliberately introduced into the core-
set, PADCore remains orders of magnitude faster to train
than FakelDet2.

6. Conclusion

Recent advances in identity document presentation at-
tack detection (PAD) have largely focused on learning task-
specific representations through fine-tuning and special-
ized architectures. In this work, we revisited this design
space from the perspective of feature reuse and showed that
strong performance can be achieved by directly modelling
the structure of frozen patch-level representations extracted
from self-supervised vision foundation models. Without
adapting the backbone, PADCore matches or surpasses
FakelDet2 [9] in in-distribution evaluation and demon-
strates strong generalization to unseen document types in
KID34K [12], providing a competitive alternative to more
complex learned pipelines across evaluation settings.

Beyond accuracy, PADCore offers substantial practi-
cal advantages. Training completes in under four minutes
even in the most demanding configuration, compared to
several hours for FakelDet2, and the model can be effi-
ciently re-fitted as new attack data becomes available. Its
patch-based formulation is also naturally compatible with
privacy-preserving settings, as it operates exclusively on
pre-extracted anonymized patches without requiring access
to full document images.

At the same time, our results highlight an inherent limita-
tion of the coreset-based formulation. When an attack type
is entirely absent during training, the model lacks a corre-
sponding prototype in feature space, which can lead to fail-
ure modes such as the collapse of unseen attacks into the
bonafide class. This behavior, observed in the leave-one-
attack-out print scenario and in gray-print attacks on DLC-
2021 [13], suggests that the diversity of the coreset plays a
central role in determining generalization performance.

Overall, our findings indicate that, for identity document
PAD, the representational capacity of modern foundation
models may already be sufficient, shifting the focus toward
effective modelling of feature space structure. A promis-
ing direction for future work is to extend this framework
toward open-set detection, where previously unseen attack
types can be identified without explicit supervision.
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