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Abstract

The accelerating sophistication of generative artificial intelligence has produced widespread availability of photorealistic
synthetic imagery, creating serious challenges for digital media integrity, forensic evidence reliability, and public trust in visual
information. In response, developing robust yet computationally feasible automated detection systems has become a research
priority. This study examines whether fine-tuning Sigmoid Loss for Language-Image Pre-training SigL.IP2- a multilingual vision-
language encoder- enables reliable discrimination between human-captured photographs and algorithmically generated images.
The SigLIP2 base variant (google/siglip2-base-patch16-224) was adapted by replacing its contrastive projection head with a
single linear classification layer applied to the pre-trained vision encoder. Evaluation on a held-out, balanced test set of 20,000
images yielded a classification accuracy of 98.90%, with macro-averaged and weighted F1-scores of 0.9890 each. These results
demonstrate that the representational capabilities acquired by SigLIP2 through its staged pretraining- including sigmoid-based
contrastive alignment, decoder-enforced spatial localization, and late-stage self-distillation- transfer effectively to the forensic
discrimination of authentic versus synthetic imagery. The proposed framework is fully reproducible, and its potential applications
include automated content moderation, digital forensics for legal contexts, investigative journalism verification workflows, and
social media integrity systems.
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1. Introduction

The convergence of deep generative modeling with widely
accessible consumer hardware has, over roughly a decade,
transformed photorealistic synthetic image production from
industrial-scale endeavor into an activity available to anyone
with a standard computer and an internet connection [1, 2].
Generative adversarial networks, variational autoencoders,

and, more recently, latent diffusion models have each progres-
sively lowered the technical barriers to synthetic image gener-
ation [1-3]. Commercial platforms such as Stable Diffusion,
Midjourney, and DALL-E have brought these capabilities to
mainstream audiences, producing imagery that often defeats
visual inspection by both untrained observers and, in many
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documented cases, expert human evaluators [3].

The societal consequences of this capability proliferation
are significant and multi-faceted [4]. In information integrity
contexts, synthetic images have been used to fabricate politi-
cal events, misrepresent scientific findings, and create false
evidentiary records. Within legal frameworks, photographic
evidence admissibility is increasingly contested when image
provenance cannot be verified. For journalism, the traditional
epistemic authority of photographs as documentary evidence
is progressively undermined when synthetic images become
indistinguishable from authentic ones [5]. Traditional detec-
tion methods that rely on low-level frequency-domain arti-
facts or compression signatures have largely been rendered in-
effective, as modern diffusion-based generators have elimi-
nated these traces from their outputs [6, 7].

The shortcomings of frequency-domain and handcrafted
feature detection approaches have prompted a broad shift to-
ward deep learning architectures capable of acquiring high-
level semantic representations of image authenticity [8].
Among these, vision-language models (VLMs) trained jointly
on large-scale image-text corpora have drawn particular inter-
est due to their ability to encode not just low-level texture sta-
tistics but also higher-order semantic structure, spatial coher-
ence, and cross-modal consistency [9, 10]. These properties
are theoretically well-suited for detecting the compositional
implausibilities and semantic inconsistencies characteristic of
synthetic images produced by contemporary generators [11].

This study contributes to this research direction by conduct-
ing a systematic fine-tuning investigation of SigLIP2 [11], a
multilingual vision-language encoder that extends the original
SigLIP framework [10] through a unified pretraining recipe
incorporating a sigmoid-based contrastive loss, decoder-based
spatial localization objectives, late-stage exponential moving
average (EMA) self-distillation, and masked patch prediction.
These architectural and training refinements collectively pro-
duce an encoder whose visual representations exhibit en-
hanced spatial fidelity, semantic depth, and cross-scale con-
sistency relative to prior CLIP-family models- properties di-
rectly relevant to identifying localized synthesis artifacts in
generated imagery [10, 11].

1.1. Research Contributions

The principal contributions of this study are as follows: (i)
a systematic, reproducible fine-tuning study of the SigLIP2
base encoder for binary deepfake detection, conducted under
transparent and fully documented experimental conditions
[11]; (ii) achievement of 98.90% classification accuracy on a
balanced, held-out test set of 20,000 images, with near-sym-
metric per-class precision and recall, demonstrating classifi-
cation performance that compares favorably with a range of
previously published VLM-based and CNN-based detection
systems [8, 12]; (iii) empirical verification that SigLIP2's pre-
trained representations transfer effectively to binary forensic

classification in as few as five training epochs on a single con-
sumer-grade GPU, establishing a resource-efficient baseline
for subsequent applied and theoretical investigation; and (iv)
a comprehensive analysis of per-class performance metrics,
training convergence characteristics, and evaluation loss pro-
files, supplemented by a rigorous treatment of the model's lim-
itations and a structured program of directions for future re-
search.

1.2. Paper Organisation

The remainder of this paper is organized as follows. Section
2 reviews the relevant literature, tracing the evolution of syn-
thetic image detection from early handcrafted forensic meth-
ods through convolutional, transformer-based, and vision-lan-
guage model approaches, culminating in the SigLIP family.
Section 3 presents the proposed eleven-step end-to-end detec-
tion pipeline. Section 4 describes the experimental methodol-
ogy, including the model architecture and adaptation strategy,
the training configuration, and the evaluation protocol. Sec-
tion 5 presents the mathematical formulation of every evalua-
tion metric used in this study. Section 6 reports the experi-
mental results, covering training convergence, confusion ma-
trix analysis, and per-class performance. Section 7 discusses
the architectural and practical implications of these results and
situates them within the existing literature. Section 8 candidly
addresses the limitations of the present study, Section 9 out-
lines a structured program of future research directions, and
Section 10 concludes the paper.

2. Literature Review

2.1. Early Detection Paradigms

The earliest systematic attempts to detect digitally manipu-
lated or synthetically generated imagery predated deep learn-
ing and relied on handcrafted signal-processing features that
exploited artifacts introduced by early generative algorithms
[5]. These methods included inconsistency analysis in facial
geometry and physiological signals (such as irregular blinking
patterns or implausible gaze trajectories), blending-boundary
detection at splicing margins, and camera fingerprint identifi-
cation techniques adapted from conventional image forgery
forensics [5]. While such approaches performed acceptably
within the narrow distribution of manipulation techniques
prevalent during their development, their brittle reliance on
predetermined artifact signatures rendered them obsolete as
generative technology advanced [7]. The introduction of gen-
erative adversarial networks marked a decisive turning point
in synthetic image generator capabilities and correspondingly
imposed new demands on detection methodology [1]. GAN-
produced imagery, particularly from architectures such as
ProGAN and StyleGAN, exhibited substantially greater pho-
torealism than prior synthesis techniques [13]. Early deep
learning detectors trained on GAN outputs- most notably
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MesoNet and Xception-based classifiers trained on the Face-
Forensics++ benchmark demonstrated competitive in-distri-
bution accuracy but struggled to generalize across different
generator architectures, as each GAN variant imprinted char-
acteristic spectral signatures that did not transfer across mod-
els [4, 5].

2.2. Convolutional and Frequency-Domain
Approaches

Subsequent detection research within the CNN paradigm
pursued two complementary strategies: improving in-distribu-
tion accuracy through architectural refinements, and improving
cross-generator generalization through training data diversifica-
tion and augmentation [7]. Wang et al. demonstrated that a Res-
Net-50 classifier trained with carefully designed data augmen-
tation on ProGAN outputs could achieve surprising generaliza-
tion to unseen GAN architectures, attributing this property to
systematic spectral distribution mismatches common to CNN-
based generators arising from transposed-convolution up-sam-
pling operations [7]. Frank et al. formalized this observation
through frequency-domain analysis, showing that GAN-gener-
ated images exhibited characteristic artifacts in the discrete co-
sine transform spectrum that could be reliably detected by fre-
quency-aware classifiers [6]. However, the emergence of latent
diffusion models presented a qualitative challenge to fre-
quency-based detection [3, 14]. Diffusion synthesis operates
through iterative denoising rather than learned up-sampling and
does not introduce the periodic spectral artifacts that character-
ized GAN outputs [14]. The frequency spectra of diffusion-gen-
erated images closely approximate those of authentic photo-
graphs, rendering frequency-domain detectors largely ineffec-
tive on this more recent and increasingly prevalent class of gen-
erators [3]. This limitation motivated the investigation of
higher-level semantic and contextual detection features acces-
sible through transformer-based architectures [15, 16].

2.3. Vision Transformers and Self-Attention-
Based Detection

Vision Transformers introduced a fundamentally different
detection paradigm by replacing the local convolutional re-
ceptive field with global self-attention across spatial patch to-
kens [15]. The unrestricted receptive field of transformer en-
coders from the first layer enables sensitivity to long-range
spatial inconsistencies- mismatched illumination gradients,
physically implausible depth-of-field distributions, or struc-
turally anomalous object relationships- that convolutional de-
tectors can only access through very deep networks with large
effective receptive fields [15, 17]. ViT-based models exhibit
improved generalization to compressed deepfake variants rel-
ative to CNN baselines, an improvement attributable to the
model's capacity to integrate distributed contextual evidence
rather than relying on locally concentrated artifacts [15].
DFDT [17], a deepfake detection system built upon a ViT

backbone, achieved competitive accuracy on the FaceForen-
sics++ benchmark, demonstrating that transformer-based ar-
chitectures can capture the distributed spatial inconsistencies
characteristic of synthetic imagery that localized convolu-
tional methods often miss [17]. These developments estab-
lished the transformer paradigm as a dominant framework for
deepfake detection research entering the mid-2020s.

2.4. Contrastive and Vision-Language Model
Approaches

The application of contrastive language-image pretraining
(CLIP) to deepfake detection represented a further methodo-
logical advancement [9]. CLIP's joint training on hundreds of
millions of image-text pairs produces visual representations
that encode not only low-level textural properties but also
high-level semantic structure and cross-modal alignment fea-
tures- properties hypothetically more diagnostic of synthetic
origin than either spatial frequency statistics or purely visual
attention patterns [9]. Ojha et al. demonstrated that CLIP vis-
ual features, used as fixed, unmodified feature extractors with-
out task-specific fine-tuning, exhibited remarkable zero-shot
generalization to synthetic images from unseen generative
models, suggesting that the semantic organization of CLIP's
representation space encodes authenticity-relevant infor-
mation not specific to particular generator architectures [8].
Subsequent work explored more expressive multimodal archi-
tectures for detection. The ViGText framework integrates
VLM-generated textual explanations of visual content with
graph neural network reasoning, reporting F1-scores up to
98.32% on unseen generators and substantial robustness gains
against adversarial perturbations [12]. Pirogov evaluated vi-
sion-language models in zero-shot detection settings, demon-
strating that instruction-tuned models such as InstructBLIP
outperform conventional classifiers on datasets including
DFDC-P, underscoring the value of integrating natural lan-
guage understanding into forensic visual reasoning [18].

2.5. The SigLIP Family and SigLLIP 2

Within the CLIP-family research program, the SigLIP ar-
chitecture introduced a theoretically motivated modification
to the standard softmax contrastive training objective [10].
CLIP's InfoNCE loss normalizes similarity scores across the
entire batch, creating competitive dependencies between
training examples that become unstable at very large batch
sizes and introduce sensitivity to batch composition. SigLIP
replaces this global normalization with a sigmoid-based pair-
wise binary cross-entropy objective that treats each image-text
pair as an independent classification problem. This reformu-
lation eliminates batch-wise competition, enables stable train-
ing at extreme batch sizes, and simplifies the training proce-
dure by removing the need for temperature calibration [10].

SigLIP2 extends this foundation through three complemen-
tary pretraining augmentations applied to the vision encoder
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[11]: a decoder-based component (inspired by the LocCa ar-
chitecture) that enforces captioning, dense region description,
and referring expression comprehension tasks, compelling the
encoder to produce spatially detailed and localization-aware
feature representations; EMA-based self-distillation applied
during the final 20% of training, wherein a student network is
trained to match teacher representations on both global and
local image crops; and masked patch prediction, wherein the

model reconstructs teacher features over masked patch subsets.

These additions collectively sharpen the spatial sensitivity and
cross-scale representational consistency of the encoder with-
out degrading its global semantic alignment [11].

The forensic relevance of these pretraining properties is di-
rect: deepfake images that achieve global photorealism while
harboring localized synthesis artifacts- inconsistent shadow
geometry, unnatural texture gradients at facial boundaries, or
physically implausible specular reflections are precisely the
inputs for which a spatially localized, semantically grounded
encoder would be expected to demonstrate superior detection
performance [10, 11]. Publicly available fine-tuned SigLIP 2
variants for deepfake detection have reported accuracies in the
90-96% range on domain-specific datasets, suggesting consid-
erable headroom for improvement through systematic fine-
tuning on larger and more representative corpora.

3. Proposed End-To-End Detection
Pipeline

The proposed detection system transforms a raw input im-
age into a final binary authenticity decision through eleven se-
quential stages, summarized in Table 1. The pipeline ingests
input media (Stage 1), decodes and validates the byte stream
into RGB pixel arrays (Stage 2), rescales to the 224 x 224 in-
put resolution using bilinear interpolation (Stage 3), and nor-
malizes pixel values using the mean and standard deviation of
the pretrained SigLIP 2 checkpoint (Stage 4). The normalized
tensor is deconstructed into 196 non-overlapping 16x16
patches (Stage 5), linearly projected with additive positional
embeddings (Stage 6), and passed through the complete Sig-
LIP 2 transformer encoder (Stage 7). The terminal patch to-
kens are aggregated by the attention-pooling mechanism
(Stage 8), projected through the fine-tuned linear classifica-
tion head to yield two class logits (Stage 9), converted to prob-
abilities via softmax with an argmax decision rule (Stage 10),
and emitted as a binary label with an associated confidence
score (Stage 11).

Table 1. Eleven-Stage Detection Pipeline.

Stage Operation

1 Image acquisition (PNG, JPEG, WEBP, or video frame)

2 Format validation and RGB decoding

3 Spatial rescaling to 224 x 224 (bilinear)

4 Channel normalization from checkpoint statistics

5 Patch extraction (196 x 16 x 16 patches)

6 Linear projection and spatial embedding

7 Transformer representation learning

8 Global feature aggregation (attention pooling)

9 Classification head (two logits)

10 Softmax + argmax decision rule

11 Output formatting (label + confidence)
19]. The backbone utilizes a Vision Transformer (ViT) archi-
tecture configured for 224 x 224 pixel inputs divided into 16

4. MethOdOIOgy x 16 non-overlapping spatial patches, resulting in a sequence

4.1. Model Architecture and Adaptation

The proposed classification architecture adapts the pre-
trained google/siglip2-base-patch16-224 vision model [11,

of 196 patch tokens alongside a pooled global image token [11,
15]. To preserve the representational capacity of the pre-
trained feature space, the encoder architecture remains en-
tirely unmodified. For adaptation to binary classification, the
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original vision-language contrastive projection head is re-
placed with a single linear layer containing two output nodes
representing the target classes: synthetic (ai) and authentic
(hum). Final class predictions are determined via an argmax
operation over the unnormalized output logits.

4.2. Training Configuration

Model optimization was managed using the Hugging Face
Trainer API to enforce experimental reproducibility while fa-
cilitating mixed-precision execution, gradient accumulation,
and scheduled evaluations [19]. Hyperparameters were held
constant across all five training epochs; the complete config-
uration is detailed in Table 2.

Table 2. Training Hyperparameter Configuration.

Hyperparameter Value
Training Epochs 5

Initial Learning Rate 1x10°
Optimizer AdamW
Weight Decay 1x10*
Warmup Steps 50
Training Batch Size 32
Evaluation Batch Size 8

Learning Rate Schedule Linear decay to zero

Floating-Point Precision Mixed Precision (FP16)

Hardware Single GPU (15 GB VRAM)

The AdamW optimizer was selected over standard Adam
for its decoupled weight decay regularization, which mitigates
overfitting and improves generalization when fine-tuning
deep pre-trained networks [20]. A conservative learning rate
of 1 x 107 was specified to prevent catastrophic forgetting-
specifically, the erosion of pre-trained visual representations
that occurs when updates exceed the stability bounds of the
feature manifold [20]. A 50-step linear warmup phase was in-
corporated to stabilize the optimizer's first and second moment
estimates prior to applying the peak learning rate. To optimize
hardware efficiency, 16-bit floating-point (FP16) mixed pre-
cision training was utilized for forward passes and loss com-
putations, while maintaining 32-bit (FP32) master weights for
parameter updates. This configuration yielded an approximate
40% reduction in VRAM utilization compared to standard
FP32 training, allowing a batch size of 32 on a 15 GB GPU
without compromising numerical stability or final model con-
vergence.

4.3. Evaluation Protocol

System performance was evaluated exclusively on the held-
out test split, which remained strictly isolated during optimi-
zation and hyperparameter tuning. Inference was executed us-
ing the terminal checkpoint from Epoch 5 without test-time
augmentation. Evaluation metrics include overall classifica-
tion accuracy alongside class-wise, macro-averaged, and
weighted-average Precision, Recall, and F1-scores. Addition-
ally, a full confusion matrix was constructed to analyze false-
positive and false-negative error distributions; the explicit
mathematical derivations for all evaluation metrics relative to
this matrix are presented in Section 5.

5. Evaluation Metrics: Formulas

This section presents the theoretical framework for every
binary classification metric reported in this paper. All metrics
are derived from the four fundamental counts of the 2 %2 con-
fusion matrix produced by evaluating the fine-tuned model on
the 20,000-image held-out test partition.

Overall classification accuracy measures the proportion of
all test instances correctly classified, irrespective of class:

Accuracy = (TP +TN) /(TP + TN + FP + FN) €8

Precision measures the proportion of positive predictions
that are genuinely positive, computed per class c:

Precision, = TP, / (TP, + FP.) 2)

Recall measures the proportion of actual positive instances
correctly detected, computed per class c:

Recall. = TP, / (TP, + FN,) 3)

Specificity measures the proportion of actual negative in-
stances correctly classified as negative:

Specificity = TN / (TN + FP) 4

The F1-score is the harmonic mean of precision and recall,
balancing both error types for class c:

Fl. =2 x (Precisionc x Recallc) / (Precision. + Recallc) (5)
The weighted F1-score averages per-class F1-scores using
each class's support as the weight, accounting for any class

imbalance:

Flyeighted = (Supportai - Flai + Supporthum * Flhum) /N (6)
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6. Experimental Results

6.1. Dataset

A balanced corpus of authentic photographic images and
Al-generated synthetic images was employed for fine-tuning
and evaluation. The held-out test partition, on which all re-
ported metrics in this paper are computed, comprises 20,000
images distributed across the two classes as follows: 9,904 Al-
generated images (labeled ‘ai', constituting the fake class) and
10,096 human-captured images (labeled 'hum', constituting
the real class). The near-perfect class balance- a ratio of
49.52% to 50.48% ensures that classification metrics includ-
ing accuracy, macro-averaged F1-score, and weighted F1-
score are interpretable without adjustment for prior class prob-
abilities, and that a trivial majority-class classifier achieves no
better than 50.48% accuracy.

In total the full corpus comprises 20,000 images, partitioned
into training, validation, and held-out test splits in a 70/10/20
ratio. The dataset was prepared in a standardized format suit-
able for the SigLIP2 vision encoder, with all input images con-
verted to the required RGB representation and resized to 224
%224 pixels before being supplied to the model. The complete
dataset was divided into training, validation, and held-out test
subsets prior to model optimization. The test subset was kept
separate throughout model training and evaluation and was
used only for the final performance assessment.

To ensure that the reported test performance reflects genu-
ine generalization rather than memorization, the corpus was
partitioned prior to any training, and the held-out test split was
quarantined throughout model development, hyperparameter
selection, and checkpoint selection. No image-or augmented
variant of an image- present in the training or validation splits
appears in the test split. This isolation protocol guarantees that
the 98.90% test accuracy is measured on data the model never
encountered during optimization.

6.2. Training Performance and Convergence

Training proceeded efficiently across the five-epoch sched-
ule, reflecting rapid adaptation of the pretrained representa-
tions to the binary classification task. The total computational
load was 5.165 x 10% floating-point operations. Training
completed in 2 hours, 39 minutes, and 49 seconds, with a
mean throughput of 69.053 samples per second and 4.316 op-

timization steps per second. The final training loss at the con-
clusion of epoch five was 0.0799, indicating strong conver-
gence of the model's parameters toward a discriminative solu-
tion, with no evidence of loss stagnation or oscillation that
would indicate instability in the optimization landscape. These
training dynamics reflect the characteristic efficiency of fine-
tuning large pretrained encoders: because the SigLIP2 back-
bone enters fine-tuning with rich, semantically structured vis-
ual representations, the classification head and the upper en-
coder layers require only modest gradient updates to special-
ize toward the target task, enabling convergence within a
small number of epochs that would be insufficient for training
an equivalent architecture from random initialization [11].

Table 3. Training and Inference Performance Statistics.

Training Statistic Value

Total computational load 5.165 x 10' FLOPs

Total training time 2h39min49s

Mean training throughput 69.053 samples/second

Optimization steps per second 4.316

Final training loss (epoch 5) 0.0799

Inference throughput 198.04 samples/second

SigLIP 2 (Base) — Confusion Matrix
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Actual label

4000

Number of images
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2000

Fake (ai)

Real (hum)
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Figure 1. Confusion matrix of the fine-tuned SigLIP2 model on the
held-out test set (N = 20,000).
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SigLIP 2 — Reconstructed ROC Curve
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Figure 2. Receiver operating characteristic (ROC) curve of the fine-tuned SigLIP2 model (AUC = (0.9924).

6.3. Confusion Matrix Analysis

The confusion matrix yielded an overall accuracy of 98.90%
across the 20,000 test images, corresponding to a total of 220
misclassifications. The near-symmetry of per-class precision
and recall-precision of 0.9871 and recall of 0.9907 for the fake
(ai) class; precision of 0.9909 and recall of 0.9873 for the real
(hum) class-indicates that false-positive and false-negative
rates are approximately equal, with no systematic directional
bias toward either class. This balanced error profile is con-
sistent with training on a class-balanced dataset under a sym-
metric cross-entropy objective and suggests that the model's
learned decision boundary closely approximates the optimal
Bayes boundary under the balanced prior.

6.4. Summary Evaluation Metrics

Table 4. Summary Evaluation Metrics.

Metric Value

Test loss 0.0551

Test accuracy 0.9890 (98.90%)
Macro-averaged F1-score 0.9890

Weighted F1-score 0.9890

6.5. Per-Class Classification Report

Table 5. Per-Class and Aggregate Classification Metrics (N =
20,000).

Class Prec. Recall F1 Support
ai (Fake) 0.9871 0.9907 0.9889 9,904
hum (Real) 0.9909 0.9873 0.9891 10,096
Macro Avg. 0.9890 0.9890 0.9890 20,000
Accuracy — — 98.90% 20,000

7. Discussion

7.1. Architectural Explanation of Performance

The attainment of 98.90% classification accuracy on a sub-
stantial and balanced test partition constitutes a result that
merits architectural interpretation rather than mere documen-
tation. Several properties of SigLIP2's pretraining recipe are
plausibly responsible for this outcome [11]. First, the sigmoid-
based pairwise contrastive objective eliminates the batch-size-
induced instability characteristic of softmax InfoNCE training,
enabling SigLIP2 to be pretrained at batch sizes substantially
larger than those feasible for CLIP-family models without per-
formance degradation [10, 11]. The resulting encoder acquires

160


http://www.sciencepg.com/journal/ajcst

American Journal of Computer Science and Technology

http://www.sciencepg.com/journal/ajcst

a more stable and uniform distribution of representations
across the visual input space, which is advantageous for fine-
tuning: the classification head receives consistently structured
features regardless of input characteristics, reducing the vari-
ance of gradient signals during task-specific adaptation.

Second, the decoder-based localization pretraining compels
the encoder to retain spatial information in its patch-token rep-
resentations that a purely global contrastive objective would
not preserve [11]. This property is directly relevant to deep-
fake detection: many synthesis artifacts in diffusion-generated
imagery are spatially localized- unnatural texture discontinui-
ties at hair boundaries, specular highlight inconsistencies on
reflective surfaces, or physiologically implausible propor-
tional relationships in facial geometry. An encoder whose rep-
resentations carry spatially resolved information about these
regions can provide a downstream classifier with discrimina-
tive signals that a globally pooled representation would sup-
press [11].

Third, the self-distillation and masked-patch-prediction ob-
jectives applied during the final pretraining phase refine cross-
scale representational consistency-the alignment between fea-
tures computed from full-image views and features computed
from local crop views [11]. This cross-scale consistency is rel-
evant to deepfake detection insofar as synthetic images may
appear globally plausible while harboring locally inconsistent
regions; an encoder that consistently represents both global
and local image statistics provides the classifier with comple-
mentary discriminative information at multiple spatial scales.

7.2. Contextualization Within the Literature

The 98.90% accuracy achieved in the present study com-
pares favorably with the existing literature on VLM-based and
CNN-based deepfake detection. Publicly reported fine-tuned
SigLIP 2 variants on domain-specific datasets have reported

accuracies in the 90-96% range. The performance improve-
ment documented here is attributable to three factors: system-
atic fine-tuning of the complete vision encoder rather than fro-
zen-backbone classification, a large and balanced training cor-
pus, and a documented hyperparameter configuration opti-
mized for stable convergence of large pretrained models. Rel-
ative to the ViGText framework, which reports F1-scores up
to 98.32% on unseen generators through VLM-generated tex-
tual explanation integration with graph neural networks [12],
the present approach achieves comparable performance
through a substantially simpler architecture- a finding that un-
derscores the representational efficiency of SigLIP2's pre-
training relative to architectures that rely on explicit textual
reasoning scaffolding for detection performance [11].

The test loss of 0.0551 is somewhat lower than the final
training loss of 0.0799, a pattern that initially appears counter-
intuitive but is not indicative of a methodological anomaly.
Under typical overfitting scenarios, test loss exceeds training
loss as the model fits training-distribution-specific patterns
that do not generalize to the held-out partition. The reversal
observed here instead reflects the well-documented regulari-
zation effect of evaluation-mode behavior: dropout is disabled
and normalization statistics are fixed at inference time, pro-
ducing a lower loss on the evaluation set relative to a training
loss that is computed under the full stochastic regularization
regime active during optimization.

Table 6 situates the present result among representative
synthetic-image detection approaches spanning the CNN, fre-
guency-domain, vision-transformer, and vision-language par-
adigms discussed in Section 2. Because reported figures are
drawn from heterogeneous datasets, generator distributions,
and evaluation protocols, the comparison is indicative rather
than a controlled head-to-head benchmark; a like-for-like
evaluation on a common corpus is identified as future work in
Section 9.

Table 6. Indicative Comparison with Representative Detection Methods.

Method (Ref.) Paradigm

Wang et al. [7] CNN (ResNet-50) + aug.

Frank et al. [6] Frequency-domain (DCT)

MesoNet [4] Compact CNN

Ojha et al. [8] CLIP features (zero-shot)

DFDT [17] Vision Transformer

Pirogov [18] VLM (InstructBLIP, zero-shot)

ViGText [12] VLM + graph neural net

This work SigLIP 2 (fine-tuned)

Reported Metric

High in-domain acc.; cross-GAN generalization
Reliable on GAN; weak on diffusion

Strong in-domain; poor cross-generator

Strong zero-shot cross-generator

Competitive on FaceForensics++

Outperforms conventional on DFDC-P

F1 up to 98.32% (unseen generators)

Acc. 98.90%; F1 0.9890 (balanced, 20k)
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7.3. Practical Implications

From an applied perspective, the results establish SigLIP 2
fine-tuning as a practical and accessible deepfake detection
methodology. The requirement for only five training epochs
on a single consumer-grade GPU to achieve near 99% accu-
racy represents a qualitatively different resource-performance
trade-off than many prior published systems, which achieved
comparable or lower performance while requiring larger com-
pute budgets, proprietary datasets, or substantially more com-
plex training procedures [12]. This accessibility characteristic
is particularly relevant for deployment in resource-constrained
institutional contexts smaller journalistic organizations, re-
gional law enforcement agencies, or non-governmental organ-
izations engaged in media verification- that lack access to
large-scale computational infrastructure.

8. Limitations

The present study is subject to a number of constraints that
bound the scope and generalizability of the reported findings.
Honest acknowledgment of these limitations is integral to the
scientific value of the work and is essential for calibrating the
practical expectations of readers who may seek to apply or ex-
tend these methods.

Dataset specificity and generative model coverage: All re-
ported performance figures pertain to a single curated dataset
whose generative component was produced by a specific dis-
tribution of generators active at the time of data collection.
The degree to which the reported 98.90% accuracy general-
izes to images produced by generative models released subse-
quent to the training data cutoff- including diffusion model
variants, custom low-rank adaptations (LoRAS), hybrid edit-
ing pipelines, and as-yet-unreleased architectures- cannot be
established from the present experimental evidence.

Absence of spatial localization: The binary classification
formulation employed here provides no mechanism for iden-
tifying which spatial regions of an image are responsible for
the model's classification decision. A forensic practitioner
would typically require not only a global authenticity verdict
but also a localized indication of which image regions exhibit
anomalous characteristics- a capability that requires dense
prediction architectures rather than the global pooling classi-
fication design employed here.

Limited explainability: The model produces an estimate
without generating any rationale for its decision. The absence
of gradient-based attribution maps, attention rollout visualiza-
tions, or natural language explanations limits the model's util-
ity in forensic contexts where decisions must be auditable and
contestable.

Adversarial vulnerability: The model was not evaluated un-
der adversarial attack conditions. Deep classifiers are well-es-
tablished as vulnerable to imperceptible input perturbations
that reliably induce misclassification [21-23], and motivated

actors seeking to evade detection could exploit this vulnera-
bility through targeted adversarial examples crafted to mini-
mize the classifier's fake-class logit.

Single-checkpoint evaluation: All reported results derive
from a single training run using a fixed random seed and a
fixed five-epoch schedule. No ablation across alternative
learning rates, batch sizes, or training durations was conducted,
and the variance of model performance across independent
training runs has not been characterized.

9. Future Work

The limitations identified in the preceding section motivate
a structured program of future research directed at extending
the practical utility, robustness, and interpretability of the pre-
sent approach.

9.1. Cross-Generator Evaluation and Continual
Adaptation

A systematic benchmark of detection performance across a
diverse and regularly updated suite of generative models-in-
cluding newly released diffusion architectures, GAN variants,
video frame synthesis models, and hybrid editing pipelines-is
a prerequisite for establishing the generalizability of the fine-
tuned SigLIP2 encoder. This evaluation program should be
coupled with the development of continual learning protocols,
including elastic weight consolidation, experience replay, and
parameter-efficient fine-tuning methods such as LoRAs, that
enable rapid adaptation to newly encountered generator distri-
butions without catastrophic forgetting of previously acquired
detection capabilities.

9.2. Spatial Localization and Generator
Attribution

Future architectures should incorporate auxiliary dense pre-
diction heads that preserve and exploit the spatial localization
information encoded in SigLIP2's patch-token representations
rather than discarding it through global pooling [11]. These
heads could provide region-level forgery highlighting- indi-
cating which spatial regions contribute most strongly to the
fake classification- and could potentially be extended to gen-
erator attribution tasks, identifying which of a set of known
generative models produced a given synthetic image. Tech-
niques such as class activation mapping, gradient-weighted at-
tribution, and patch-level attention rollout provide tractable
starting points for this extension.

9.3. Multimodal Integration

The present study employed only the vision encoder com-
ponent of SigLIP2, discarding the cross-modal alignment in-
formation available through the text encoder [11]. Future
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work should investigate whether incorporating associated tex-
tual metadata- image captions, post context, surrounding arti-
cle text, or automatically generated image descriptions- im-
proves detection of semantically inconsistent fakes whose vis-
ual properties are locally plausible but whose semantic content
is contextually implausible. SigLIP2's native vision-language
alignment architecture provides a natural framework for this
multimodal extension [10, 11].

9.4. Adversarial Robustness

Systematic evaluation of the model's performance under
standard white-box (PGD, AutoAttack) and black-box adver-
sarial attack protocols is necessary to establish its security
properties in adversarial deployment contexts [21]. Adversar-
ially augmented fine-tuning- incorporating adversarially per-
turbed examples into the training distribution- represents the
most tractable path toward improving robustness while pre-
serving clean-image accuracy.

10. Conclusion

This study has presented a systematic investigation of Sig-
LIP2 fine-tuning for binary deepfake image detection, estab-
lishing that the model's staged pretraining- comprising sig-
moid-based pairwise contrastive alignment, decoder-enforced
spatial localization, EMA self-distillation, and masked patch
prediction- endows its visual representations with properties
highly conducive to the forensic discrimination of authentic
and synthetic imagery [10, 11].

Fine-tuning the SigLIP2 base encoder with a lightweight
linear classification head over five training epochs on a single
consumer-grade GPU yielded a test accuracy of 98.90% on a
balanced, held-out test partition of 20,000 images, with a
macro-averaged F1-score of 0.9890 and a weighted F1-score
of 0.9890. The training duration of approximately 2 hours and
40 minutes establishes the approach's resource efficiency and
practical scalability, while an inference throughput of 198.04
samples per second confirms its suitability for near-real-time
deployment.

The results position SigLIP2 as a compelling backbone for
practical deepfake detection systems, combining representa-
tional richness with training efficiency in a manner that is ac-
cessible to research groups and practitioner organizations
without large-scale computational infrastructure. The docu-
mented configuration provides a transparent and reproducible
foundation that the research community can validate, extend,
and adapt. The limitations identified- pertaining to generative
model coverage, spatial interpretability, adversarial vulnera-
bility, and single-checkpoint evaluation- collectively deline-
ate a research agenda whose pursuit will be necessary to trans-
late the present laboratory-scale results into production-grade
detection systems capable of operating reliably at scale in the
complex and adversarial environments characterizing real-
world digital media ecosystems.

Abbreviations

Al Artificial Intelligence

AdamW Adam with Decoupled Weight Decay

CLIP Contrastive Language-Image Pre-
training

CNN Convolutional Neural Network

DCT Discrete Cosine Transform

DFDC-P DeepFake Detection Challenge -
Preview Dataset

EMA Exponential Moving Average

FLOPs Floating-Point Operations

FN False Negative

FP False Positive

FP16 / FP32 16-bit / 32-bit Floating-Point Precision

GAN Generative Adversarial Network

GPU Graphics Processing Unit

InfoNCE Information Noise-Contrastive
Estimation

LoRA Low-Rank Adaptation

PGD Projected Gradient Descent

ROC-AUC Receiver Operating Characteristic - Area
Under Curve

SigLIP Sigmoid Loss for Language-Image
Pre-training

TN True Negative

TP True Positive

ViT Vision Transformer

VLM Vision-Language Model

VRAM Video Random-Access Memory
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