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Abstract

Despite the rapid progress of deep learning in video ac-
tion recognition (VAR) in recent years, privacy leakage in
videos remains a critical concern. Current state-of-the-art
privacy-preserving methods often rely on anonymization.
These methods suffer from (1) low concealment, where pro-
ducing visually distorted videos that attract attackers’ atten-
tion during transmission, and (2) spatiotemporal disruption,
where degrading essential spatiotemporal features for accu-
rate VAR. To address these issues, we propose StegaVAR,
a novel framework that embeds action videos into ordinary
cover videos and directly performs VAR in the stegano-
graphic domain for the first time. Throughout both data trans-
mission and action analysis, the spatiotemporal information
of hidden secret video remains complete, while the natural
appearance of cover videos ensures the concealment of trans-
mission. Considering the difficulty of steganographic do-
main analysis, we propose Secret Spatio-Temporal Promotion
(STeP) and Cross-Band Difference Attention (CroDA) for
analysis within the steganographic domain. STeP uses the se-
cret video to guide spatiotemporal feature extraction in the
steganographic domain during training. CroDA suppresses
cover interference by capturing cross-band semantic differ-
ences. Experiments demonstrate that StegaVAR achieves su-
perior VAR and privacy-preserving performance on widely
used datasets. Moreover, our framework is effective for mul-
tiple steganographic models.

Introduction
Video action recognition (VAR) aims to automatically iden-
tify the body’s movement patterns and behaviors from
videos (Sun et al. 2023). This technology is increasingly ap-
plied in real-world scenarios like video surveillance, which
rely on extensive data transmission and cloud-based analy-
sis (Pittaluga and Koppal 2017; Fitwi and Chen 2020; Deng,
Gao, and Xu 2023; Xie et al. 2024). However, this pro-
cess introduces a significant privacy concern (Dave, Chen,
and Shah 2022; Chen et al. 2024; Lin et al. 2024a; Chen
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and Su 2025), as sensitive attributes such as gender, race,
appearance, and the actions themselves can be exposed
when videos are uploaded to remote servers. Consequently,
privacy-preserving VAR solutions are urgently needed.

Initial attempts at privacy preservation, such as extreme
downsampling (Dai et al. 2015; Liu and Zhang 2020;
Ryoo et al. 2017; Srivastav, Gangi, and Padoy 2019; Chou
et al. 2018) or naive region obfuscation (Ren, Lee, and
Ryoo 2018; Zhang et al. 2021), proved insufficient, as they
severely degrade VAR accuracy. Obfuscation-based tech-
niques also use pretrained detectors to find and modify pri-
vate regions, for instance by synthesizing fake faces (Ren,
Lee, and Ryoo 2018) or applying segmentation-guided blur-
ring (Zhang et al. 2021). However, these methods are fun-
damentally limited by poor generalization to unseen privacy
attributes, the impracticality of frame-level annotation, and
the negative impact of modifications on downstream task
performance. To better address the privacy-utility trade-off,
research shifted towards end-to-end, learning-based meth-
ods. Initial works leveraged supervised adversarial learning
to obfuscate features (Wu et al. 2020, 2022), which was
later improved by the MaSS framework for selective at-
tribute preservation (Chen et al. 2022). STPrivacy designed
a transformer-based model to remove action-irrelevant in-
formation at the video level (Li et al. 2023). More recently,
self-supervised learning has eliminated the need for privacy
labels, as demonstrated by methods that optimize privacy
without annotations (Dave, Chen, and Shah 2022), use con-
trastive learning to mitigate spatial privacy leakage (Fioresi,
Dave, and Shah 2023), or introduce penalty-based optimiza-
tion algorithms to further balance privacy and task perfor-
mance (Aslam and Nasrollahi 2025). Despite these advance-
ments, existing anonymization techniques are designed to
protect privacy, inadvertently introduce new risks, and per-
formance ceilings. How precisely does this dilemma arise?

We argue this failure stems from two critical, unaddressed
problems inherent to the anonymization process: (1) Low
Concealment. Anonymization techniques can easily pro-
duce visually distorted videos. These alterations create vi-
sual artifacts that distinguish them from the torrent of natu-
ral video data. This conspicuousness is a security flaw rather
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Figure 1: Different client-server VAR framework: (a) vanilla, (b) anonymization-based, (c) our proposed StegaVAR framework.
StegaVAR can achieve accurate VAR without attracting the attention of attackers.

than a benign side effect. It acts as a red flag to network
adversaries, signaling that the content is sensitive enough
to warrant protection. This signal leads to a cat-and-mouse
game of anonymization and de-anonymization, which may
cause more aggressive server/client attack (Rosberg et al.
2023; Gadotti et al. 2024). (2) Spatiotemporal Disrup-
tion. The process of anonymization is inherently destructive,
which irrevocably corrupts the video’s pixel data to obscure
private information. This corruption often disrupts the fine-
grained spatiotemporal relationships and high-frequency de-
tails, which are necessary for accurate VAR (Wang et al.
2019; Feichtenhofer et al. 2019; Ye et al. 2025).

The field of steganography, which provides this inspira-
tion, has evolved significantly. Traditional steganographic
methods offered limited payload capacity by modifying spa-
tial or transform domains (Wu et al. 2005; Pan, Li, and
Yang 2011; Imaizumi and Ozawa 2014). The advent of deep
learning revolutionized this field: HiDDeN (Zhu et al. 2018)
and SteganoGAN (Zhang et al. 2019) pioneered encoder-
decoder structures for image hiding, while Deep Steganog-
raphy (Baluja 2020) enabled full-size image embedding via
convolutional networks. Discrete wavelet transform (DWT)
(He et al. 2012) was subsequently introduced to further
enhance the reversibility (Liu et al. 2021). A significant
progression came with Invertible Neural Networks (INNs)
(Dinh, Krueger, and Bengio 2015; Dinh, Sohl-Dickstein, and
Bengio 2017), where HiNet (Jing et al. 2021) established
parameter-shared bidirectional mapping for reversible trans-
formations. Building upon image hiding, research has in-
creasingly focused on video hiding, which requires greater
embedding capacity (Weng et al. 2019). While separate
encoder-decoder mechanisms (Islam et al. 2019) remain ef-
fective, they result in high model complexity. LF-VSN (Mou
et al. 2023) achieved large-capacity multi-video hiding via a
unified INN while reducing model complexity.

Drawing inspiration from these advancements in video
steganography (Guan et al. 2022; Lu et al. 2021; Jing et al.

2021; Li et al. 2024; Mou et al. 2023; Deng, Gao, and Xu
2023), we propose a novel framework for privacy-preserving
video action recognition via steganographic domain analy-
sis (StegaVAR), reframing the problem from one of “edit-
ing” a video to one of “hiding” it. StegaVAR protects pri-
vacy information in videos without attracting attackers’ at-
tention. As shown in Fig. 1, our approach conceals the
secret video within a natural cover video to generate the
stego video for server upload, then directly performs VAR
in the steganographic domain without video extraction or
decryption. Since secret information is primarily embedded
in high-frequency components of the stego video (Jing et al.
2021), these features remain subtle, while cover information
introduces substantial interference that impedes discrimina-
tive feature extraction for action recognition. The subtlety of
these features and interference from the cover video make it
challenging to apply existing action models to the stegano-
graphic domain directly. We propose a Steganographic Do-
main Analysis network (SDANet) to solve the problem.

Within SDANet, we design two modules: Secret Spatio-
Temporal Promotion (STeP) and Cross-Band Difference
Attention (CroDA). Considering video steganography em-
beds secret videos into high-frequency components of cover
videos, we decompose videos using Discrete Wavelet Trans-
form (He et al. 2012) and analyze different frequency bands
separately. During training, STeP utilizes the secret video’s
high-frequency components to guide feature extraction in
the stego video’s spatial (Zhang et al. 2023) and temporal di-
mensions. CroDA computes differences between frequency
bands to suppress interference from the cover video (Cai
et al. 2025; Lin et al. 2025), further enhancing performance
with a shared position embedding to maintain temporal con-
sistency across sub-bands.

Our StegaVAR framework circumvents the issues of
anonymization entirely by losslessly embedding a secret
video into a natural-looking cover video and performing
analysis directly in the steganographic domain. Through-
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Figure 2: Comparative optical flow visualization: (a) stego
video, (b) raw video, and (c) anonymized video. Raw video
is embedded losslessly, maintaining coherent motion pat-
terns, while anonymization disrupts temporal coherence.

out both data transmission and action analysis, the hid-
den secret video remains unexposed. As shown in Fig. 2,
anonymization clearly disrupts the temporal information of
video, while the process of steganography is lossless. Ste-
gaVAR ensures the data remains inconspicuous while pre-
serving original spatiotemporal features, thereby maintain-
ing high performance on the downstream task. Overall, our
proposed StegaVAR conceals privacy attributes in action
videos without raising suspicion and minimally disrupts spa-
tiotemporal features in secret videos, thereby achieving ac-
curate privacy-preserving VAR. Our contributions are sum-
marized as follows:

• We propose the StegaVAR framework, a new paradigm
for privacy-preserving VAR, which integrates video
steganography with VAR for the first time, realizing ac-
curate VAR without attracting attackers’ attention.

• We design the STeP and CroDA modules to perform
VAR directly in the steganographic domain, which fully
leverages secret features in high-frequency components,
protecting privacy while maintaining VAR performance.

• Our method achieves strong generalizability across mul-
tiple steganographic models in terms of VAR acc and
concealment capability on six publicly available datasets.

Methodology
Our StegaVAR framework uses a client-side steganography
network S(·) and a server-side steganographic domain anal-
ysis network A(·) for end-to-end privacy-preserving action
recognition. As shown in Fig. 3, the entire pipeline can
be conceptualized as a covert channel communication sys-
tem. For an action video xsecret containing private informa-
tion, the client embeds it into a visually natural cover video
xcover through the steganography network S(·), generat-
ing a stego video containing secret information: xstego =
S(xcover,xsecret). The stego video xstego is visually in-
distinguishable from the original cover video xcover, avoid-
ing attackers’ attention. The server’s analysis network, A(·),
then performs steganographic domain analysis on the stego
video to yield the prediction ŷ = A(xstego). Throughout

this process, the private video xsecret always exists in con-
cealed frequency-domain component form and is never ex-
posed in transmission links or server memory. Compared
to anonymization-dependent methods, StegaVAR attracts no
adversarial attention, eliminating security risks induced by
anonymization. Moreover, the server never reconstructs the
original video, fundamentally preventing privacy leakage
while avoiding disruption of original temporal information.

Steganographic Domain Analysis Network
Since the secret information is primarily embedded in
high-frequency components, existing vanilla VAR networks
struggle to analyze in the steganographic domain effectively
(as demonstrated by experiments in Table. 2). This pri-
marily occurs because the visual representation of xstego

mainly originates from xcover, while VAR-related features
are concealed within the steganographic domain and diffi-
cult to extract. Therefore, we decompose xstego using Dis-
crete Wavelet Transform (DWT) to obtain four sub-bands:
xLL
stego,x

LH
stego,x

HL
stego,x

HH
stego ∈ RT×H

2 ×W
2 ×3, representing

low-frequency and high-frequency features. Subsequently,
we employ ResNet3D-18 (Tran et al. 2018) as the backbone
to separately analyze these four sub-bands.

To resolve the misalignment between steganographic fea-
tures and original action semantics, we design the Secret
Spatio-Temporal Promotion (STeP) module, which explic-
itly guides feature learning of each sub-band in xstego dur-
ing training using spatiotemporal features from xsecret,
enforcing spatial layout and temporal evolution alignment
between steganographic representations and secret actions
(note that xsecret is excluded during inference). Since the
cover video’s semantics reside mainly in the low-frequency
sub-band xLL

stego (Jing et al. 2021; Lin et al. 2024b), the
Cross-Band Difference Attention (CroDA) module sup-
presses interference by computing differences between it
and the high-frequency sub-bands (LH/HL/HH). CroDA
also uses a shared learnable position embedding to ensure
temporal consistency across all frequency components. Fi-
nally, features from each sub-band are processed by Adap-
tive Average Pooling, and a two-layer MLP with a sigmoid
activation generates weights for each sub-band. Weighted
feature aggregation is then performed via a two-layer con-
volutional network.

Secret Spatio-Temporal Promotion. Steganographic
models often embed different parts of the secret video
into distinct frequency bands of the cover video using
varied methods (Lin et al. 2024b), making directly learning
secret features within these bands challenging. Beyond
steganography, the Discrete Wavelet Transform (DWT) is
also employed to extract high-frequency detail information
from images, frequently used in tasks requiring attention to
fine-grained texture information such as industrial defect
detection (Zhang et al. 2023). Inspired by such methods, we
introduce an additional STeP branch during training. Unlike
traditional applications of DWT in vision tasks, we leverage
it not only to decompose spatial features in horizontal and
vertical directions but also to further decompose features
along the temporal dimension. This temporal decomposition
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Figure 3: Illustration of StegaVAR’s full pipeline. (a) At the client side, the steganography network S embeds xsecret into xcover

to generate xstego. (b) On the server side, SDANet decomposes xstego into four sub-bands via DWT and extracts features from
each sub-band separately. (c) The CroDA module computes cross-band feature differences to suppress interference from the
cover video. (d) During training, the STeP module leverages the original secret video to guide feature learning separately along
spatial and temporal dimensions. (e) Final classification is produced through feature aggregation and fully-connected layers.

allows the module to guide feature learning across temporal
scales, which is critical for capturing fine-grained actions
defined by subtle motion dynamics. With this spatiotempo-
ral supervision, the network can better capture information
in the steganographic domain (as shown in Fig. 3).

The STeP branch uses high-frequency spatiotemporal fea-
tures from xsecret to supervise SDANet’s learning of high-
frequency features in xstego. First, we apply a transform to
xsecret and obtain its LL band to ensure dimensional align-
ment with subsequent feature maps:

HLL
0 , HLH

0 , HHL
0 , HHH

0 = DWTs(xsecret), (1)
where DWTs(·) denotes the discrete wavelet transform in
spatial dimension. Then we perform four levels of DWT
on HLL

0 (each subsequent transform is applied to the low-
frequency component from the previous level). For n ∈
{1, 2, 3, 4}:

HLL
n , HLH

n , HHL
n , HHH

n = DWTs(H
LL
n−1), (2)

where HLH
n , HHL

n , HHH
n ∈ RT× H

2n+1 × W

2n+1 ×3 denote the
high-frequency components at the n-th level. Subsequently,
apply DWT along the temporal dimension to these compo-
nents. Since the temporal dimension T is compressed dur-
ing feature extraction, we use max pooling on the high-
frequency components to create the spatial (Gs) and tem-
poral (Gt) ground truth signals for promotion. This process
can be represented as:

Gs,b
n = Pn(H

b
n), b ∈ B,

Gt,b
n = Pn(DWTt(H

b
n)high),

(3)

where DWTt(·)high denotes the wavelet decomposi-
tion along the temporal dimension retaining only high-
frequency components, and B denotes the set of three high-
frequency sub-bands {LH,HL,HH}. Pn represents the

level-dependent max pooling operation. It only selects sig-
nificant features along the time dimension without changing
height and width. Next, the sub-band features of the stego
video are processed by a simple Deep Wavelet Compression
(DWC) module (comprising 1×1×1 convolution, batch nor-
malization, and ReLU) to align channel dimensions with the
high-frequency components of the secret video:

Ms,b
n = DWCn

(
zbn

)
, b ∈ B,

M t,b
n = DWTt(M

s,b
n )high,

(4)

where zn represents the the sub-band feature at the n-th
layer. Then, calculate the spatial guidance loss Lspatial and
the time guidance loss Ltemporal respectively:

Lb
spatial =

N∑
n=1

Lmse(G
s,b
n ,Ms,b

n ),

Lb
temporal =

N∑
n=1

Lmse(G
t,b
n ,M t,b

n ),

(5)

where N represents the four DWT performed and Lmse de-
notes mean squared error loss. Finally, calculate LSTeP :

LSTeP = α ·
∑
b∈B

Lb
spatial + β ·

∑
b∈B

Lb
temporal, (6)

where α and β respectively represent the strength of spatial
and temporal promotion.

Cross-Band Difference Attention. We frame the task of
VAR in the steganographic domain as a signal denois-
ing problem. The high-frequency sub-band of stego video
contains a superposition of the desired action signal from
xsecret and a small amount of unwanted noise from xcover.
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Considering that the low-frequency sub-band xLL
stego con-

tains the majority of the cover video’s semantic informa-
tion (Jing et al. 2021; Guan et al. 2022), while the se-
cret information is primarily embedded within the three
high-frequency sub-bands (xLH

stego,x
HL
stego,x

HH
stego), we com-

pute element-wise difference attention between each high-
frequency sub-band and the low-frequency sub-band xLL

stego.
This process aims to remove residual cover information lin-
gering within the high-frequency sub-bands, effectively per-
forming a content-adaptive filtering operation that can sup-
press the cover-related interference and enhance the under-
lying action signal.

Simultaneously, although the high-frequency sub-bands
contain distinct features spatially, their subtle temporal vari-
ations are similar. Therefore, we employ two sets of po-
sition embeddings to separately encode the low-frequency
sub-band and the high-frequency sub-bands.To enhance per-
ception of subtle motion variations, we propose Dynamic
Temporal Perception (DyTemP). In order to adaptively per-
ceive and unify temporal information in different sub-bands,
we introduce a learnable position-specific offset based on
RoPE (Su et al. 2024). This hybrid approach preserves rela-
tive position awareness while adaptively adjusting the abso-
lute temporal landmarks essential for VAR. Specifically, for
an input vector x ∈ RT×d partitioned into x = [u, v] where
u, v ∈ RT× d

2 , the DyTemP E(x) is defined as below:

E(x) =

[
u⊙ (cosΘ+ εcos)− v ⊙ (sinΘ+ εsin)
u⊙ (sinΘ+ εsin) + v ⊙ (cosΘ+ εcos)

]
, (7)

where Θ denotes the matrix of rotation angles pre-computed
based on token position and feature dimension. εcos and εsin
are learnable biases. The implementation of CroDA can be
formulated as follows:

CA(xLL, xb) = σ(
ELL(Q(xLL))Eb(K(xb))⊤√

d
)V (xb), (8)

SA(xb) = σ(
Eb(Q(xb))Eb(K(xb))⊤√

d
)V (xb), (9)

xb
out = xb

in + SA(xb
in)− θ · CA(xLL, xb

in), b ∈ B, (10)

where CA(·) and SA(·) denote the standard implementa-
tion of cross-attention and self-attention. σ represents the
Softmax function and θ is the subtraction strength for the
difference component. ELL and Eb correspond to posi-
tion embedding operations applied to the low-frequency and
high-frequency sub-bands, respectively, with parameters in
Eb shared across LH,HL and HH . Q, K, V represent lin-
early projected values for query, key, and value, respectively.

Experiments
Datasets & Metrics
Datasets. For VAR evaluation, we select the two most
widely adopted datasets: UCF101 (Soomro, Zamir, and
Shah 2012) and HMDB51 (Kuehne et al. 2011). To quan-
titatively compare privacy preservation performance with
other methods, we utilize two subsets of VISPR (Orekondy,
Schiele, and Fritz 2017) and the privacy-annotated versions
of UCF101 and HMDB51, namely VPUCF101 and VPH-
MDB51 (Li et al. 2023) (Further details are provided in

Supp.). All datasets employ their official split protocols.
We randomly sample 1000 video clips from YouTube-VIS
(Yang, Fan, and Xu 2019) as cover videos, ensuring no over-
lap between the training and testing cover videos. For cover
samples with fewer than 16 frames, we employ reverse-order
padding to extend the sequence length.

Metrics. Following previous works (Dave, Chen, and
Shah 2022; Aslam and Nasrollahi 2025), we employ Top-1
accuracy to evaluate VAR performance. For privacy preser-
vation performance, we use classwise-mAP (mean Average
Precision) and classwise-F1 score.

Implementation Details
Input Details. In all experiments, we first cropped each
frame to 0.8× the original dimensions before resizing to an
input resolution of 224×224. Each video clip consisted of
16 frames, sampled from random starting points at a frame
skip rate of 4. During training, we applied standard augmen-
tations to xsecret, including random erasing, random crop-
ping, horizontal flipping, and random color jittering.

Initialization and Training Details. The steganography
model S used frozen DIV2K-pretrained weights (Agustsson
and Timofte 2017); all VAR models trained from scratch. In
StegaVAR, θ in Eq. 10 was set to 0.2. For raw data or other
privacy methods, θ = 0 retained only self-attention. This hy-
perparameter setting is based on CroDA’s function of remov-
ing low-frequency information from high-frequency com-
ponents, a difference computation strategy that is uniquely
effective in the steganographic domain and would other-
wise degrade performance. VAR models trained 150 epochs
with Adam (lr=1e-4, batch=32), loss coefficients α=0.2 and
β=0.3 in Eq. 6. Privacy evaluation used ResNet-50 (He et al.
2016) with ImageNet weights (Deng et al. 2009) trained 100
epochs under identical optimization. All experiments were
implemented in PyTorch on four NVIDIA RTX 4090 GPUs.

Main Results
VAR Performance. As shown in Table. 1, our StegaVAR
framework significantly outperforms existing privacy-
preserving methods, achieving accuracy comparable to non-
private baselines. Specifically, StegaVAR with LF-VSN
(Mou et al. 2023) achieves 71.66% Top-1 accuracy on
UCF101 and 43.66% on HMDB51, surpassing the state-of-
the-art BPAP (Aslam and Nasrollahi 2025) by over 9% on
both datasets while incurring only a minimal 0.32%/0.59%
drop compared to the raw data baseline. The superiority
of LF-VSN over other steganographic models like Weng
(Weng et al. 2019) and HiNet (Jing et al. 2021) is attributed
to its use of inter-frame information, which better preserves
temporal features. Furthermore, the poor performance of
vanilla VAR networks on stego videos (shown in Table. 2)
confirms the necessity of a specialized network for effective
analysis within the steganographic domain.

Notably, in Table. 2, SDANet substantially outperforms
the vanilla ResNet3D on raw data (71.98% v.s. 62.33% on
UCF101). This advantage stems from the wavelet decompo-
sition in STeP, where high-frequency components provide

2934



Method
VAR Performance Privacy-Preserving Performance

UCF101 UCF101→HMDB51 VISPR1 VPHMDB
Top-1 ↑ Top-1 ↑ cMAP ↓ F1 ↓ cMAP ↓ F1 ↓

Raw data 71.98 44.25 64.41 0.555 76.62 0.684
Downsample-2× 54.11 24.10 57.23 0.483 71.35 0.601
Downsample-4× 39.65 16.80 50.07 0.379 69.79 0.594
Obf-Blackening 53.13 26.20 56.39 0.457 74.06 0.649
Obf-StrongBlur 55.59 26.40 55.94 0.456 74.33 0.655
Obf-WeakBlur 61.52 33.70 63.52 0.523 75.11 0.663
Noise-Features 61.90 31.20 62.40 0.531 - -

VITA 62.10 33.20 55.32 0.461 73.89 0.638
SPAct 62.03 34.10 57.43 0.473 - -
BPAP 62.11 34.52 57.10 0.450 69.95 0.519

StegaVAR (Weng) 70.32 42.88 51.66 0.459 59.78 0.549
StegaVAR (HiNet) 70.08 42.75 47.10 0.399 58.93 0.530

StegaVAR (LF-VSN) 71.66 43.66 47.87 0.507 56.65 0.531

Table 1: Comparison with existing privacy-preserving VAR frameworks across datasets, while VAR reports Top-1 (%) and
Privacy reports cMAP (%) and F1. ↑ denotes higher is better, ↓ denotes lower is better.

Method UCF101 UCF101→
HMDB51

Privacy-preserving VAR Network Top-1 ↑ Top-1 ↑
Raw data ResNet3D 62.33 35.60

SDANet 71.98 44.25

BPAP ResNet3D 62.11 34.52
SDANet 61.22 37.81

Weng ResNet3D 59.08 33.13
HiNet ResNet3D 58.69 33.28

LF-VSN ResNet3D 58.88 32.67
StegaVAR (Weng) SDANet 70.32 42.88
StegaVAR (HiNet) SDANet 70.08 42.75

StegaVAR (LF-VSN) SDANet 71.66 43.66

Table 2: Comparison of different privacy preserving meth-
ods and VAR network (our SDANet/ResNet3D) combina-
tions, evaluated using Top-1 (%).

fine-grained supervisory signals that enhance focus on sub-
tle temporal variations. Its effectiveness outside the stegano-
graphic domain confirms the cross-domain universality of
this guidance mechanism. Conversely, SDANet’s perfor-
mance drops to 61.22% on UCF101 when applied to the
anonymizing BPAP framework, falling below ResNet3D.
This failure demonstrates the inability of DWT to ex-
tract meaningful signals, which validates that anonymiza-
tion techniques inherently cause irreversible spatiotemporal
disruption, whereas our steganography-based approach pre-
serves video integrity through embedding.

Privacy-preserving. Although our primary objective is
covert transmission and steganographic domain analy-
sis, we quantitatively evaluate StegaVAR’s privacy pro-
tection by extracting features from xstego using ResNet-
50 (He et al. 2016). As shown in Table. 1, ResNet-
50 achieves significantly lower privacy recognition on
StegaVAR-processed videos, attaining 47.10% cMAP and
0.399 F1 on VISPR1. This outperforms the strongest com-
petitor (55.32% cMAP / 0.461 F1) by 8.22% (cMAP↓)
and 0.062 (F1↓). StegaVAR also leads in transfer tasks:
StegaVAR (Weng) achieves 45.93% cMAP/0.347 F1
on VISPR1→VISPR2, while StegaVAR (HiNet) attains
61.74% cMAP on VPHMDB→VPUCF (Table. 3). This
demonstrates effective resistance against automated privacy
inference attacks beyond human perception deception.

Method VISPR1→2 VPHMDB→VPUCF
cMAP ↓ F1 ↓ cMAP ↓ F1 ↓

Raw data 57.63 0.434 76.62 0.699
VITA 49.60 0.399 76.02 0.669
SPAct 47.10 0.386 75.98 0.661
BPAP 49.50 0.352 70.91 0.612

StegaVAR (Weng) 45.93 0.347 62.54 0.532
StegaVAR (HiNet) 46.84 0.391 61.74 0.531

StegaVAR (LF-VSN) 47.04 0.389 61.83 0.526

Table 3: Comparison of privacy-preserving performance
across datasets, evaluated using cMAP (%) and F1 score.

Ablation Studies
Effectiveness of STeP. Starting from a baseline accuracy
of 63.15% on UCF101 without STeP or CroDA (Table. 4),
the spatial promotion component alone improves perfor-
mance to 66.29%, while the temporal promotion compo-
nent achieves 66.16%. Integrating both spatial and temporal
promotion yields 68.54% accuracy. When these components
are individually combined with CroDA, performance is fur-
ther improved to 68.86% (spatial promotion + CroDA) and
68.31% (temporal promotion + CroDA), respectively. These
results confirm that explicit guidance from the secret video’s
high-frequency components is crucial. Furthermore, atten-
tion map visualizations in Fig. 4 reveal STeP’s critical role
in action region localization, which is absent without it.

Effectiveness of CroDA. CroDA substantially suppresses
cover-induced interference. As shown in Table. 4, stan-
dalone CroDA improves the baseline by 2.66% (65.81% vs.
63.15%). Further analysis reveals that position embedding
(PE) is essential for modeling temporal relationships. Mod-
els without PE achieve only 70.39% accuracy (Table. 5). Ab-
solute PE (Devlin et al. 2019) marginally improves perfor-
mance to 70.64% (+0.25%), while RoPE (Su et al. 2024)
significantly enhances accuracy to 71.03% by capturing rel-
ative temporal dependencies. DyTemP further increases ac-
curacy to 71.66% via the learnable offset ε. The visual ev-
idence in Fig. 4 underscores CroDA’s essential function in
suppressing cover interference. Ultimately, integrating all
components achieves the highest accuracy, confirming that
optimal performance relies on the synergy between STeP’s
spatio-temporal guidance and CroDA’s cross-band attention.
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Spatial
Promotion

Temporal
Promotion CroDA Top-1 (%) ↑

× × × 63.15
✓ × × 66.29
× ✓ × 66.16
× × ✓ 65.81
✓ ✓ × 68.54
✓ × ✓ 68.86
× ✓ ✓ 68.31
✓ ✓ ✓ 71.66

Table 4: Ablation results of STeP and CroDA on UCF101,
fixing α=0.2, β=0.3, θ=0.2.

Position Embedding Top-1 (%) ↑
w/o PE 70.39

Absolute PE 70.64
RoPE 71.03

DyTemP 71.66

Table 5: Ablation results of position embedding strategies
on UCF101.

Group of sub-bands. To validate the necessity of anal-
ysis for the four distinct frequency sub-bands using four
separate ResNet3D, we conducted experiments with dif-
ferent sub-band grouping strategies (Table. 6). Concatenat-
ing all sub-bands for single-branch processing (retaining
only CroDA’s self-attention) yields the lowest VAR perfor-
mance (58.03%). Significant improvement occurs when iso-
lating the LL sub-band from others (62.73% v.s. 58.03%).
While three-group configurations achieve comparable re-
sults across approaches, independent processing of all four
sub-bands peaks at 71.66% accuracy. This demonstrates
substantial spectral divergence of secret information across
frequency bands and confirms that separate analysis opti-
mally captures band-specific discriminative features.
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Figure 4: Visual attention of module ablation.

Group of sub-bands Top-1 (%) ↑
{LL, LH, HL, HH} 58.03
{LL}, {LH, HL, HH} 62.73
{LL}, {LH}, {HL, HH} 66.68
{LL}, {LH, HL}, {HH} 66.74
{LL}, {HL}, {LH, HH} 66.27
{LL}, {LH}, {HL}, {HH} 71.66

Table 6: Ablation results of sub-band grouping strategies on
UCF101.

Figure 5: Effect of the three hyperparameters on UCF101.
α and β respectively represent the strength of spatial and
temporal guidance. θ is the subtraction strength for the dif-
ference component of CroDA.

Hyperparameter Analysis
Model sensitivity to α, β (in Eq. 6), and θ (in Eq. 10)
necessitates strict calibration at optimal values (0.2, 0.3,
0.2). Fixing β=0.3 and θ=0.2, α=0.2 yields peak accuracy
(71.66%), while α=0.1 (69.14%) or α=0.5 (67.86%) cause
significant degradation. Similarly, with α=0.2 and θ=0.2,
β=0.3 achieves maximum performance (71.66%), though
β=0.2 remains competitive (71.32%); values beyond β=0.3
or below 0.2 reduce accuracy by 2-3.5%. Notably, θ exhibits
an extremely narrow optimum: θ=0 degrades performance
to 69.46% versus θ=0.2 (71.66%), proving cross-band dif-
ference computation’s essential role. Minor deviations to
θ=0.1 (70.28%) or 0.3 (68.76%) substantially harm accu-
racy, indicating precise calibration is required for limited
low-frequency interference in high-frequency components.

Conclusion
We propose StegaVAR, a pioneering framework that re-
thinks privacy-preserving VAR by integrating stegano-
graphic principles. By embedding secret videos into cover
videos and performing analysis directly in the stegano-
graphic domain, our strategy ensures content concealment
while avoiding the spatiotemporal disruption of other meth-
ods. Experimental results testified that our STeP and CroDA
modules effectively guide feature learning and suppress in-
terference, enabling StegaVAR to achieve recognition per-
formance rivaling non-private baselines with robust privacy
protection against both human and automated attacks.

While StegaVAR demonstrates significant advantages
over anonymization methods, it incurs minor information
loss compared to raw video analysis. Future work should ex-
plore advanced reversible transformations or adaptive fusion
mechanisms to bridge this fidelity gap.
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