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Abstract—The rapid advancement of diffusion-based genera-
tive models has made face forgery detection a critical challenge in
digital forensics. Current detection methods face two fundamen-
tal limitations: poor cross-domain generalization when encounter-
ing unseen forgery types, and substantial computational overhead
that hinders deployment on resource-constrained devices. We
propose LRD-Net (Lightweight Real-centered Detection Net-
work), a novel framework that addresses both challenges simulta-
neously. Unlike existing dual-branch approaches that process spa-
tial and frequency information independently, LRD-Net adopts
a sequential frequency-guided architecture where a lightweight
Multi-Scale Wavelet Guidance Module generates attention signals
that condition a MobileNetV3-based spatial backbone. This
design enables effective exploitation of frequency-domain cues
while avoiding the redundancy of parallel feature extraction.
Furthermore, LRD-Net employs a real-centered learning strategy
with exponential moving average prototype updates and drift
regularization, anchoring representations around authentic facial
images rather than modeling diverse forgery patterns. Extensive
experiments on the DiFF benchmark demonstrate that LRD-
Net achieves state-of-the-art cross-domain detection accuracy,
consistently outperforming existing methods. Critically, LRD-Net
accomplishes this with only 2.63M parameters—approximately
9x fewer than conventional approaches—while achieving over
8x faster training and nearly 10x faster inference. These results
demonstrate that robust cross-domain face forgery detection
can be achieved without sacrificing computational efficiency,
making LRD-Net suitable for real-time deployment in mobile
authentication systems and resource-constrained environments.

Index Terms—Deepfake detection, media forensics, lightweight
neural network, frequency analysis, cross-domain generalization

I. INTRODUCTION

The rapid advancement of generative artificial intelligence,
particularly diffusion-based models, has made image forgery
detection a critical research area in computer vision and digital
forensics. With the emergence of powerful generation tools
such as Stable Diffusion [1], DALL-E [2], and Midjourney,
synthesizing highly realistic facial images has become re-
markably easy and accessible to the general public. While
these technologies offer creative benefits, they simultaneously
pose severe threats to digital security and public trust. Ma-
licious actors can exploit forged facial images for identity
theft, enabling unauthorized access to personal accounts and
financial systems. In social media and journalism, fabricated
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images of public figures can fuel disinformation campaigns
and political manipulation, undermining democratic processes.
Furthermore, synthetic faces can be weaponized for social
engineering attacks, where convincing fake identities deceive
individuals or organizations into revealing sensitive informa-
tion. These escalating risks underscore the urgent need for
robust and practical face forgery detection methods.

Current research in face forgery detection faces two fun-
damental challenges that limit real-world deployment. The
first challenge concerns cross-domain generalization. Mod-
ern diffusion-based face forgeries exhibit diverse manipula-
tion strategies, among which Face Editing (FE), Image-to-
Image translation (121), and Text-to-Image generation (T21) are
widely regarded as representative categories, corresponding
to attribute-level modification of real faces, transformation
of source facial images, and synthesis of entirely new faces
from textual descriptions, respectively. Although these forgery
types share a common goal of producing realistic faces,
they exhibit substantially different visual characteristics and
generation artifacts. Existing detection methods achieve near-
perfect accuracy when training and testing are conducted on
the same forgery type—referred to as in-domain evaluation.
However, performance degrades significantly when the detec-
tor is evaluated on unseen forgery types, a setting commonly
referred to as cross-domain evaluation [3]. This limitation is
particularly problematic given the rapid evolution of generative
models: new diffusion architectures and fine-tuned variants
emerge frequently, rendering detectors trained on older forgery
types ineffective against novel manipulations. A detector that
fails to generalize across forgery domains provides a false
sense of security and cannot serve as a reliable defense in
practice.

The second challenge concerns computational efficiency.
Several prior works improve cross-domain robustness by
adopting deeper backbones, multi-branch feature extraction, or
complex feature fusion strategies [4]-[6]. For example, RCDN
achieves strong cross-domain performance by anchoring repre-
sentations to authentic images and jointly modeling spatial and
frequency information via a dual-branch architecture. How-
ever, such designs typically rely on heavyweight backbones
(e.g., Xception) and parallel pipelines, leading to high pa-
rameter counts and substantial computational overhead. These



costs hinder practical deployment, especially in resource-
constrained scenarios such as mobile authentication systems,
where strict limits on computation, memory, and energy apply.
Consequently, there is a clear need for lightweight detectors
that maintain strong cross-domain robustness while signifi-
cantly reducing computational complexity, enabling real-world
and edge-device deployment.

To address these challenges, we propose LRD-Net
(Lightweight Real-centered Detection Network), a novel
framework that simultaneously improves cross-domain gen-
eralization and computational efficiency. Unlike existing dual-
branch approaches that process spatial and frequency informa-
tion independently, LRD-Net adopts a sequential frequency-
guided design in which lightweight frequency analysis gener-
ates guidance signals that steer spatial feature extraction. This
design enables the model to exploit frequency-domain cues
for localization and emphasis, while avoiding the redundancy
and overhead of parallel feature fusion. Furthermore, LRD-Net
employs a real-centered learning strategy that anchors the
representation space around authentic facial images rather than
attempting to model the diverse and rapidly evolving patterns
of forged content. By emphasizing the intrinsic consistency of
real faces and enforcing stability in the learned representation,
LRD-Net achieves robust generalization to unseen forgery
types. Importantly, the overall architecture is deliberately de-
signed to be lightweight, making it suitable for deployment
in resource-constrained environments such as mobile and
embedded systems.

In summary, the contributions of this work are threefold:

o We propose LRD-Net, a lightweight and real-centered
face forgery detection framework that adopts a sequential
frequency-guided architecture to improve cross-domain
generalization across diffusion-based manipulations.

o We design LRD-Net to be computationally efficient, re-
ducing model parameters by approximately 9 x compared
to existing parallel dual-branch methods while maintain-
ing competitive detection performance.

e We conduct extensive experiments on the DiFF bench-
mark [7]. Experimental results demonstrate that LRD-
Net achieves state-of-the-art cross-domain robustness
with significantly lower computational cost.

II. RELATED WORK

Face forgery detection has received increasing attention with
the rapid advancement of generative models. Early approaches
relied on handcrafted features and traditional signal processing
techniques to identify inconsistencies in noise statistics, com-
pression artifacts, or local image patterns [8]. While effective
for conventional image manipulations, these methods struggle
against modern generative models that produce highly realistic
and visually coherent facial images [9]. With the rise of deep
learning, convolutional neural networks (CNNs) have become
the dominant paradigm for face forgery detection. Large-scale
benchmarks such as DiFF [7] have facilitated the development
of CNN-based detectors using standard backbones includ-
ing Xception [10], ResNet variants, and EfficientNet [11].

These models typically achieve near-perfect accuracy under
in-domain evaluation, where training and testing samples
originate from the same forgery distribution. However, two
fundamental challenges continue to limit their practical de-
ployment.

The first challenge is cross-domain generalization. CNN-
based detectors often overfit to forgery-specific artifacts in the
training data, leading to significant performance degradation
on unseen forgery types [3]. This problem is exacerbated
in diffusion-based generation, where diverse pipelines and
rapidly evolving models introduce heterogeneous artifacts,
causing detectors trained on fixed manipulations to generalize
poorly in real-world settings. To address this issue, prior work
has explored frequency-domain analysis, leveraging system-
atic spectral artifacts introduced by generative models [12].
Frequency-aware and multi-branch methods that jointly model
spatial and spectral cues have shown improved robustness [4],
[5]. More recent approaches incorporate diffusion-specific
characteristics, such as reconstruction-based detection [13]
and contrastive learning for universal diffusion detection [14],
further enhancing generalization to unseen generation models.

Despite these advances, existing approaches introduce a
second major challenge: model complexity and computational
overhead. Many frequency-aware and diffusion-specific meth-
ods—including RCDN—tely on deep backbone networks, re-
construction pipelines, or parallel feature extraction strategies,
resulting in tens of millions of parameters and substantial
computational cost [5], [13]. While effective for improving
cross-domain robustness, such designs are difficult to deploy
in resource-constrained environments such as mobile devices
and embedded systems, where memory footprint, latency, and
energy consumption are critical concerns.

In summary, prior work in face forgery detection reveals a
clear trade-off between cross-domain robustness and compu-
tational efficiency. While frequency-aware and real-centered
frameworks demonstrate that leveraging stable properties of
authentic images is a promising direction for generalization,
their reliance on heavyweight architectures limits practical
applicability. These limitations motivate the development of a
lightweight yet robust detection framework, which we address
with the proposed LRD-Net.

III. PROPOSED METHOD

A. Overview

The overall architecture of LRD-Net is illustrated in Fig. 1.
Unlike conventional dual-branch methods that process spatial
and frequency information in parallel, LRD-Net adopts a
sequential frequency-guided paradigm.

Given an input face image x € RZXWx3 TLRD-Net
processes it through four stages: (1) a lightweight Multi-Scale
Wavelet Guidance Module generates frequency-derived guid-
ance signals; (2) these signals condition a MobileNetV3-based
spatial backbone to emphasize forgery-relevant regions and
channels; (3) extracted features are projected into a compact
embedding space anchored around a real-center prototype; and
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Fig. 1. Overall pipeline of the proposed method.

(4) a linear classifier produces the final prediction. The train-
ing objective combines classification loss with real-centered
constraints and prototype drift regularization.

B. Model Architecture

1) Multi-Scale Wavelet Guidance Module: A fundamen-
tal observation in face forgery detection is that different
generation methods introduce artifacts at different frequency
scales [15], [16]. Consequently, a fixed single-scale frequency
analysis lacks the flexibility to capture such diverse arti-
facts. To address this limitation, we propose the Multi-Scale
Wavelet Guidance Module (MSWGM), which decomposes
the input image into multiple frequency bands and learns to
emphasize the most discriminative scales for forgery detection.

Given an input image x, MSWGM performs a wavelet-
like multi-scale decomposition at L scales (default L = 3).
Rather than applying a full discrete wavelet transform, we
adopt an efficient approximation using Gaussian filtering
with scale-dependent kernel sizes. Specifically, at each scale
l € {0,1,...,L — 1}, the low-frequency component x}°% is
obtained via Gaussian smoothing, and the corresponding high-
frequency detail is computed as:

high

Xl —x — low.
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D

The low- and high-frequency components are concatenated
and passed through a lightweight encoder ¢;(-) to extract
scale-specific representations:

f; = g (x| ")), £ € RY. )

To adaptively determine the importance of each frequency
scale, we introduce a scale attention mechanism that assigns
a normalized weight to each scale based on its discriminative
contribution:

.yar—1] = Softmax (g([fo || f1]] - .- | fr=1])),
3)
where ¢(-) denotes a lightweight attention network. This
mechanism allows the model to dynamically focus on fre-
quency bands that are most informative for a given input.

[0[0,041, ..

Based on the attended multi-scale representations, MSWGM
outputs two types of guidance signals:

o Channel Guidance g. € R%, which indicates which
feature channels should be emphasized during spatial
feature extraction;

« Spatial Guidance G, € R >W’  which highlights
spatial regions that are likely to contain forgery artifacts.

2) Frequency-Conditioned Spatial Backbone: The spatial
backbone is responsible for extracting semantic facial fea-
tures from the input image. Instead of employing a heavy
architecture such as Xception [10] (approximately 22M pa-
rameters), we adopt MobileNetV3-Small [17] (approximately
2.5M parameters) as the base network. MobileNetV3-Small is
specifically designed for mobile and edge deployment, making
it well suited for practical forgery detection scenarios with
limited computational resources.

The key innovation lies in conditioning the spatial backbone
with frequency guidance signals, establishing a sequential
information flow from frequency analysis to spatial fea-
ture extraction. Rather than treating frequency and spatial
information as independent modalities, the proposed design
uses frequency-derived cues to dynamically modulate spatial
feature learning. Conditioning is applied at intermediate layers
of the backbone, where mid-level semantic representations
emerge and are most informative for forgery detection.

Let F() ¢ RE*HixW: denote the feature map produced
by the i-th group of inverted residual blocks in MobileNetV3-
Small. Frequency conditioning is performed by jointly apply-
ing channel-wise and spatial guidance:

FO =F0 o o’(Wg)gC) ® Resize(Gy), 4)
where W € RC:*ds i3 a learnable projection matrix that
adapts the channel guidance vector g. to match the feature
dimension at stage i, o(-) denotes the sigmoid activation,
Resize(-) spatially interpolates the guidance map Gy to the
resolution (H;, W;), and ® represents element-wise multipli-
cation.



We apply this conditioning at two intermediate groups of
inverted residual blocks in MobileNetV3-Small, corresponding
to feature resolutions of 28 x 28 and 14 x 14 with channel
dimensions of 24 and 48, respectively. These stages capture
mid-level semantic features that balance spatial detail and
semantic abstraction, making them particularly suitable for
frequency-guided modulation. The final feature map is then
processed by global average pooling to produce a compact
spatial representation f, € R>76.

By conditioning the spatial backbone in this manner, LRD-
Net effectively integrates frequency-domain cues into semantic
feature extraction while maintaining a lightweight architecture,
enabling robust and efficient face forgery detection.

3) Projection Head and Real-Center Embedding: The spa-
tial features are projected into a compact embedding space via
a projection head:

z=y(f), zeR”, (5)

where d. = 64 denotes the embedding dimension. The
resulting embedding is then ¢5-normalized.

We maintain a prototype vector c representing the center of
authentic face embeddings. Unlike prior approaches such as
RCDN, which treat the center as a fully learnable parameter
updated via gradient descent, LRD-Net updates the real center
using an exponential moving average (EMA) of real sample
embeddings:
=(t)

Zyeald

c® =y et 4 (1—p) -z (6)

where z( ) | denotes the mean of the £3-normalized embeddings
of real samples in the current mini-batch, and p = 0.99 is the
momentum coefficient. After each update, ¢ is ¢5-normalized
to remain in the same embedding space.

This momentum-based update yields a more stable estimate
of the real embedding center. In contrast to a fully learnable
center, which may drift arbitrarily under gradient updates and
overfit to training-domain forgery patterns, the EMA-based
center evolves smoothly and captures the intrinsic structure of
real face embeddings. As a result, the learned representation
exhibits improved robustness and generalization to unseen
forgery domains.

C. Loss Function Design

The training objective of LRD-Net consists of three com-
plementary loss terms:

L= ['Cls + /\cﬁcenter + Adﬁdrifta (7)

where A\, and Ay control the relative contributions of the real-
centered constraint and prototype regularization.

1) Classification Loss: To ensure discriminative learning
within the training distribution, we employ the standard binary
cross-entropy loss:

N
Los=— Z%logpl (1 —yi)log(L —pi)], (8

where N is the batch size, y; € {0,1} denotes the ground-
truth label (real or fake), and p; is the predicted probability of
being fake.

2) Real-Centered Loss: To enforce a structured embedding
space, we introduce a real-centered loss that pulls authentic
samples toward the center while pushing forged samples away:

centel = |R| Z z;,C |F| Z max 0 m — d(Z], ))2

Z;€R z;€F
)

where R and F' denote the sets of real and fake embeddings
in the mini-batch, d(-,-) is the Euclidean distance, and m is
a margin hyperparameter. This formulation encourages real
embeddings to form a compact cluster around the prototype,
while enforcing a minimum separation between fake samples
and the real center without constraining their internal distri-
bution.

3) Prototype Drift Regularization: Unlike prior real-
centered approaches such as RCDN, which introduce an
explicit separation loss based on relative sample distances,
LRD-Net directly regularizes the stability of the real prototype.
Specifically, we introduce a prototype drift regularization
that penalizes excessive changes in the center position:

Dz —6),

where c¢(®) and c¢(*~1) denote the prototype at consecutive
update steps, and § is a drift threshold.

This loss explicitly encourages a stable real prototype during
training. Large prototype drift indicates that the model is
adapting to spurious or forgery-specific patterns, whereas a
stable center reflects the learning of invariant characteristics of
authentic faces. When combined with the margin-based real-
centered loss, this regularization implicitly enforces separation
between real and fake samples, rendering explicit separation
losses unnecessary. As a result, LRD-Net achieves more stable
training dynamics and improved cross-domain generalization
with fewer hyperparameters.

Larify = max (07 Hc(t) et a0)

D. Lightweight Analysis

To demonstrate the lightweight design of LRD-Net, we
compare it with RCDN, which achieves state-of-the-art per-
formance on the DiFF benchmark.

As shown in Table I, RCDN contains 24.48M parame-
ters due to its Xception backbone and parallel frequency
feature extraction branch, whereas LRD-Net contains only
2.63M parameters, achieving a 9.3x reduction. This reduction
results from three design choices: replacing Xception with
MobileNetV3-Small, using a guidance-only frequency module
instead of full feature extraction, and adopting a compact
projection head. Together, these choices significantly reduce
model size without compromising detection performance.

Beyond parameter count, memory footprint is critical for
practical deployment. Table II compares the storage require-
ments of RCDN and LRD-Net under different numerical
precisions. Under FP32 precision, RCDN requires 97.9 MB
of storage, whereas LRD-Net requires only 10.5 MB. This

)



TABLE I
PARAMETER COUNT COMPARISON BETWEEN RCDN AND LRD-NET.

Component RCDN LRD-Net
Spatial Backbone 22,855,952 2,539,376
Frequency Branch 378,944 7,780
Projection Head 1,245,824 (2304—128) 82,112 (576—64)
Classifier 258 130

Total 24,481,106 2,629,398
Reduction baseline 9.3x

TABLE 11

MEMORY FOOTPRINT COMPARISON BETWEEN RCDN AND LRD-NET
UNDER DIFFERENT NUMERICAL PRECISIONS.

Metric RCDN LRD-Net Calculation
Parameters 24,481,106 2,629,398 -

FP32 Size 97.9 MB 10.5 MB  Params X 4 bytes
FP16 Size 49.0 MB 5.3 MB Params x 2 bytes
INT8 Size 24.5 MB 2.6 MB Params X 1 byte

advantage remains under reduced precision: LRD-Net oc-
cupies 5.3 MB with FP16 and 2.6 MB with INTS8, com-
pared to 49.0 MB and 24.5 MB for RCDN. The consistent
9.3x reduction indicates that LRD-Net’s efficiency primarily
stems from architectural design rather than quantization. With
INT8 quantization, LRD-Net meets the memory constraints
of mobile and embedded systems, whereas RCDN remains
impractical for such deployments.

IV. EXPERIMENTS
A. Dataset

We conduct experiments on the DiFF dataset [7], a large-
scale benchmark for diffusion-generated facial forgery detec-
tion that covers diverse generation methods and manipulation
categories. Following RCDN [18], we adopt their carefully
curated subset of DiFF, which focuses on three representative
forgery categories: Face Edit (FE), Image-to-Image (I2I), and
Text-to-Image (T2I). This subset excludes low-quality samples
such as images that fail face detection, exhibit obvious visual
artifacts (e.g., distorted eyes, asymmetric facial features), or
contain severely blurred facial regions. Each category contains
10,000 images for training and 2,000 images for testing, with
a balanced distribution of real and forged samples. For cross-
domain evaluation, models are trained on one category and
tested on all categories to assess generalization capability.

B. In-domain Performance

Table. III presents the in-domain detection accuracy where
models are trained and tested on the same subset. LRD-Net
achieves competitive performance across all three generation
categories, with accuracies of 0.9940 on FE, 0.9945 on 121,
and 0.9980 on T2I. These results are comparable to RCDN
and substantially outperforms earlier approaches such as Xcep-
tion, EfficientNet, and ResNet-34, and significantly surpass
XcepKNN. The marginal difference between LRD-Net and
RCDN in the in-domain setting (less than 0.6% on average)

demonstrates that our lightweight architecture retains strong
discriminative capability when domain shift is absent.

TABLE III
IN-DOMAIN DETECTION ACCURACY ON THE DIFF DATASET. TRAINING
AND TESTING ARE CONDUCTED ON THE SAME SUBSET.

Method Train FE | Train I2I | Train T2I
Xception [10] 0.9895 0.9860 0.9905
EfficientNet [19] 0.9980 0.9880 0.9930
ResNet-34 [20] 0.9890 0.9835 0.9900
XcepKNN [21] 0.8132 0.7773 0.7803
DIRE [13] 0.9820 0.9655 0.9850
RCDN [18] 0.9995 0.9975 0.9990
LRD-Net 0.9940 0.9945 0.9980

C. Cross-domain Performance

Table. IV reports cross-domain detection accuracy on the
DIFF dataset, where each model is trained on one manipula-
tion subset and evaluated on the remaining subsets. Overall,
all methods exhibit a noticeable performance drop when
transferred across domains, highlighting the intrinsic domain
gap among different forgery generation processes. Our LRD-
Net consistently outperforms all competing methods in cross-
domain detection accuracy, demonstrating strong robustness
to domain shifts across different forgery generation processes.
When trained on 121, LRD-Net achieves the highest cross-
domain average accuracy of 0.9363, surpassing the strongest
baseline RCDN by a clear margin. Notably, LRD-Net main-
tains high performance regardless of the training domain,
achieving cross-domain averages of 0.9012 (FE) and 0.9052
(T2I), whereas other methods exhibit larger performance fluc-
tuations across training settings. These results confirm that
LRD-Net is particularly well suited for cross-domain forgery
detection, where robustness to distribution shifts is critical for
real-world deployment.

D. Time Efficiency

Total Training Time Total Testing Time

8m 45.325 140

2m 15.685

500
120

8.3x faster 9.9x faster

Time (seconds)
Time (seconds)

RCDN LRD-Net RCDN LRD-Net

Avg Training Time per Image Avg Testing Time per Image

2.6266 ms. 12 1.1307 ms

8.3x reduction 9.9x reduction

Time (ms)
Time (ms)

1.0

0.5

0.0
RCDN LRD-Net

RCDN LRD-Net

Fig. 2. Time efficiency comparison: LRD-Net vs RCDN. All the experiments
are conducted on RTX 4090.



TABLE IV
CROSS-DOMAIN DETECTION ACCURACY ON THE DIFF DATASET. ROWS
CORRESPOND TO TRAINING SUBSETS, AND COLUMNS TO TESTING
SUBSETS. IN-DOMAIN DIAGONALS ARE OMITTED; THE RIGHTMOST
COLUMN REPORTS THE CROSS-DOMAIN AVERAGE.

Method (Train) Test FE | Test 121 | Test T2I | Cross Avg
Xception (FE) — 0.8675 0.8850 0.8763
Xception (I21) 0.8024 — 0.9470 0.8747
Xception (T2I) 0.7825 0.9395 — 0.8610
EfficientNet (FE) — 0.8660 0.9125 0.8892
EfficientNet (I121) 0.8405 — 0.9675 0.9040
EfficientNet (T2I) 0.7395 0.9225 — 0.8310
ResNet-34 (FE) — 0.8195 0.8460 0.8327
ResNet-34 (12I) 0.8325 — 0.9625 0.8975
ResNet-34 (T2I) 0.7430 0.9345 — 0.8387
XcepKNN (FE) — 0.6480 0.6164 0.6322
XcepKNN (I21) 0.6224 — 0.7410 0.6817
XcepKNN (T2I) 0.5625 0.7638 — 0.6632
DIRE (FE) — 0.8695 0.8700 0.8698
DIRE (12) 0.8560 — 0.9280 0.8920
DIRE (T2I) 0.7985 0.9205 — 0.8595
RCDN (FE) — 0.8705 0.9125 0.8915
RCDN (12I) 0.8660 — 0.9810 0.9235
RCDN (T2I) 0.8385 0.9560 — 0.8972
LRD-Net (FE) — 0.8805 0.9220 0.9012
LRD-Net (I2I) 0.8755 — 0.9970 0.9363
LRD-Net (T2I) 0.8355 0.9750 — 0.9052

Figure. 2 presents a comprehensive comparison of com-
putational efficiency between LRD-Net and RCDN. For to-
tal training time, LRD-Net completes training in 1 minute
3.17 seconds compared to RCDN’s 8 minutes 45.32 seconds,
achieving an 8.3x speedup. The testing efficiency improvement
is even more pronounced, with LRD-Net requiring only 13.68
seconds versus RCDN’s 2 minutes 15.68 seconds, represent-
ing a 9.9x acceleration. At the per-image level, LRD-Net
processes each training image in 0.3164 ms compared to
RCDN’s 2.6266 ms, and each testing image in 0.1140 ms
versus 1.1307 ms. The significant reduction in computational
overhead makes LRD-Net particularly suitable for real-time
deployment scenarios and resource-constrained environments,
while maintaining competitive detection accuracy.

V. CONCLUSION

This paper presented LRD-Net, a lightweight real-centered
detection network designed to address the dual challenges of
cross-domain generalization and computational efficiency in
face forgery detection. The proposed framework introduces
three key innovations: a sequential frequency-guided archi-
tecture that replaces heavyweight dual-branch designs with
lightweight guidance signals, a Multi-Scale Wavelet Guidance
Module that adaptively emphasizes discriminative frequency
bands, and an EMA-based real-centered learning strategy
with prototype drift regularization that stabilizes training and
improves generalization. Experimental results on the DiFF
benchmark demonstrate that LRD-Net achieves superior cross-
domain detection accuracy compared to existing methods.
These accuracy gains are achieved while reducing model
parameters by 9.3x, training time by 8.3x, and inference
time by 9.9x. Our findings demonstrate that the trade-off

between detection robustness and computational efficiency can
be effectively mitigated through careful architectural design.
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