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Abstract

Vector images have attracted increasing attention in the
field of information hiding in recent years due to their scala-
bility and structural properties. However, existing stegano-
graphic methods for vector images often introduce notice-
able modifications to the files themselves, resulting in po-
tential security risks and limited embedding capacity. Mo-
tivated by recent advances in diffusion models and im-
age generative steganography, we propose GVIS, a novel
Generative Vector Image Steganography framework. GVIS
deterministically generates raster images using diffusion
models, which are subsequently vectorized into vector im-
ages. On the sender side, we design a lightweight overlap
detection algorithm to identify cubic Bézier curve control
points suitable for data embedding, which enables the se-
cret information to be encoded into the coordinate parame-
ters of these control points. Then, the receiver can use the
pre-shared settings to reconstruct the generation process
and accurate message extraction by difference. Extensive
theoretical analysis and experimental results demonstrate
that GVIS achieves high-capacity, high-accuracy, secure,
and training-free steganography. To the best of our knowl-
edge, this is the first attempt to apply generative models to
vector image steganography.

1. Introduction

Steganography, the practice of hiding information within
digital media, plays an important role in secure communi-
cation by concealing the existence of the message. With
growing surveillance and interception threats, the need for
covert, high-capacity, and robust steganographic techniques
has become increasingly important. Traditional stegano-
graphic methods based on hand-crafted features or simple
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transforms are increasingly vulnerable to detection and per-
formance degradation under common processing operations
[5]. Therefore, developing high-fidelity and robust stegano-
graphic methods is critical for modern data privacy and se-
curity.

Among various steganographic media, pixel-based im-
ages have been the most extensively explored. Classic Least
Significant Bit (LSB) techniques [28], although simple and
efficient, are highly susceptible to statistical analysis and
common image processing operations. To address these
limitations, frequency domain approaches distribute hidden
information across transformed coefficients, offering im-
proved resistance to compression and filtering [1, 21]. Re-
cently, deep learning-based image steganography methods
have emerged, jointly learning to embed and extract mes-
sages, thereby significantly enhancing secrecy and capacity
[18, 34]. However, these approaches still rely heavily on ex-
isting cover images, suffer from limited flexibility, and re-
main vulnerable to steganalysis. Generative steganography
addresses these limitations by embedding secret messages
during data synthesis. By leveraging the expressive power
of generative models, these methods synthesize realistic im-
ages that can directly serve as steganographic carriers. For
example, flow-based models exploit invertibility for loss-
less message embedding [31], GAN-based methods gen-
erate high-fidelity carriers without modifying existing me-
dia [16], and diffusion-based approaches embed messages
in latent space for improved robustness and capacity [39].
However, the majority of current approaches are restricted
to pixel-domain images, constraining both capacity and ro-
bustness against distortion.

In contrast, vector images offer a compelling alternative
as steganographic carriers, thanks to their resolution inde-
pendence, compact representation, and inherent lossless na-
ture. However, existing vector-based steganographic meth-
ods are typically limited by low embedding capacity and
poor practicality [20, 24]. In this work, we introduce GVIS,



to the best of our knowledge, the first generative vector im-
age steganography framework. GVIS utilizes a determin-
istic diffusion model and a lightweight vectorization algo-
rithm to progressively generate steganographic vector im-
ages. By integrating the flexibility and high capacity of gen-
erative steganography with the compactness and fidelity of
vector images, GVIS offers a training-free and robust solu-
tion. Specifically, the sender uses a textual prompt and ran-
dom seed to generate a pixel image, which is then converted
into a vector image via a lightweight vectorization process.
A dedicated encoding strategy embeds the secret message
into the vector image without degrading its visual quality or
causing noticeable statistical distortion. The stego-vector
image is made public, while the prompt and seed are shared
through a secure channel. The receiver regenerates the same
vector image from the shared information and decodes the
hidden message by computing the residual between the re-
generated image and the received stego image.
Our main contributions are summarized as follows:

We propose GVIS, the first generative steganography
framework for vector images, combining a determinis-
tic diffusion model with lightweight vectorization for
training-free and high-capacity stego generation.

We design a novel message encoding scheme based on
Bézier curve properties, preserving visual quality and im-
proving message secrecy and statistical undetectability.
Extensive experiments show that GVIS achieves superior
vector quality, embedding capacity, and robustness, out-
performing pixel-based generative methods.

2. Related Work
2.1. Pixel-Based Steganography

Pixel-based steganography has long been the dominant
paradigm in digital information hiding. Traditional meth-
ods like Least Significant Bit (LSB) embedding [28] are
simple and offer high embedding capacity, but are easily de-
tected and fragile against image processing [5]. Frequency-
domain techniques [1, 21] improve robustness by spread-
ing information across transformed coefficients. Adaptive
approaches further reduce distortion using handcrafted or
learned embedding strategies [18, 34]. More recently, deep
learning has enabled end-to-end message embedding and
extraction, as demonstrated by methods like HiDDeN [44].
Generative steganography represents a new paradigm by
embedding messages during image generation. Flow-based
methods exploit model invertibility to enable lossless data
embedding and recovery [31, 42]. GAN-based methods
generate high-fidelity images that carry hidden data with-
out modifying visible covers [16, 35, 43]. Diffusion-based
methods embed information during the denoising process,
offering strong robustness, imperceptibility, and controlla-
bility [9, 23, 39]. Despite these advances, pixel-based meth-
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ods often suffer from relatively large file sizes and limited
embedding capacity due to the inherent constraints of raster
representations, which restricts their applicability in com-
pact or high-volume steganographic scenarios.

2.2. Vector Image Steganography

Vector image steganography leverages the resolution-
independent and compact representation of vector images
for hidden data transmission. Compared with raster im-
ages, vector images offer lossless scalability and structural
regularity, making them a promising yet underexplored
steganographic medium. Early methods embed secrets by
modifying the least significant digits of SVG path coordi-
nates [2] or inserting control points into curves to encode
bits while preserving visual appearance [20]. Other tech-
niques segment Bézier curves and apply geometric pertur-
bations to balance capacity and imperceptibility [15]. Re-
cent advances include machine learning-based methods that
modify low-level primitives (points, lines, curves) through
learned encodings, enabling flexible, high-fidelity embed-
ding while preserving renderability [24]. Despite progress,
most existing techniques remain constrained by limited em-
bedding capacity.

2.3. Vector Image Generation

Vector image generation has progressed through three main
directions: differentiable rendering, text-to-SVG synthe-
sis, and image-to-vector translation. Differentiable render-
ing [17] enables pixel-level supervision over vector primi-
tives via gradient-based optimization. Text-to-SVG meth-
ods [7, 10, 32] leverage CLIP or diffusion models to syn-
thesize SVG content from text prompts by optimizing or
distilling primitives guided by text. Image-to-vector trans-
lation aims to convert raster images into SVGs, sometimes
incorporating text for multimodal control. [19] introduces
a layer-wise Bézier optimization framework for semantic
vectorization, while [27] combines textual and visual inputs
for stylized SVGs. [25] proposes a multimodal LLM that
generates SVG code directly from image-text pairs. While
these models offer high-quality and flexible outputs, they
typically rely on large pretrained models and require sub-
stantial computation. In contrast, VTracer [29] is a utility to
convert raster images into vector graphics, which provides
a lightweight and deterministic solution.

3. Threat Model

We consider a privacy-oriented SVG-based hidden commu-
nication scenario. The sender publishes an SVG file through
public channels, such as websites, social media platforms,
or open file repositories. Its visible content, for example
ordinary illustrations, icons, or decorative vector graphics,
is designed to appear indistinguishable from benign pub-
lic SVG files so as not to attract suspicion. Meanwhile, a
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Figure 1. The overall framework of GVIS. The sender and receiver synchronize conditional information to generate images via a diffusion
model, followed by vectorization using VTracer. The sender then employs a overlap detection algorithm to filter suitable curves and control
points for steganography, and embeds information by perturbing these control points.

confidential message is embedded in the SVG and can only
be recovered by authorized recipients. We primarily con-
sider passive adversaries who can observe and analyze the
published SVG but do not possess the secret seed required
for reconstruction. Compared with raster images, SVG files
are less likely to undergo lossy compression during trans-
mission, although they may still experience transformations
such as scaling, rendering variation, or format-preserving
editing. The adversary aims to recover the hidden message
by brute-forcing possible pseudo-random seeds, reverse-
engineering the vector structure to identify hidden patterns,
or analyzing metadata and geometric parameter anomalies,
such as subtle path offsets or coordinate perturbations. We
assume a black-box setting in which the adversary has no
prior knowledge of the predefined pseudo-random number
generator, seed length, or exact embedding strategy. Au-
thorized recipients share the secret seed with the sender
through a secure channel. Using this seed, they initialize
the agreed pseudo-random number generator, regenerate the
original source data of the SVG, and reconstruct the corre-
sponding vector structure. The hidden message is then ex-
tracted by comparing the regenerated vector data with the
received stego SVG.

4. Method

In this paper, we propose a framework for generative vec-
tor image steganography called GVIS, as illustrated in Fig-
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ure |. We first demonstrate the feasibility of GVIS through
theoretical analysis. Next, we propose a lightweight overlap
detection algorithm to mitigate potential steganalysis risks.
Finally, we describe the complete embedding and extraction
process.

4.1. Perturbation of Cubic Bézier Curves

Any SVG format vector image can be described as contain-
ing a large number of cubic Bézier curves. In many ap-
plications, such as animation, font design, and computer-
aided design (CAD), precise manipulation of these control
points is crucial. However, small perturbations to the con-
trol points do not significantly alter the curve shape, which
makes them suitable for imperceptible information embed-
ding.

4.1.1. Mathematical Definition of the Cubic Bézier Curve

A cubic Bézier curve is a parametric curve defined over the
interval ¢ € [0, 1], expressed as a weighted combination of
four control points. Let Py, Py, Py, P3 € R? denote the
control points, where Py and P3 are the fixed endpoints,
and P, and P5 are the adjustable control points. The curve
B(t) is given by the following polynomial equation:

B(t) = (1-t)°Po+3(1—1)*tP1 +3(1 — t)t° Py + t°Py.

&)
Here, B(0) = Py and B(1) = P are endpoints, while P4
and P, determine the curve shape.



4.1.2. Perturbation for Control Points

To study the impact of control point adjustments, we intro-
duce a perturbation model where the endpoints Py and P53
remain stationary, and the control points P; and P, are sub-
ject to random displacements. Specifically, the perturbed
control points are defined as:

P’1:P1+A1, P/2:P2+A2; (2)

where A, and A, are independent random vectors, each
uniformly distributed within a disk of radius r centered at
the origin (i.e., ||A1]] < r and ||Az|| < r). The perturbed
cubic Bézier curve B'(t) then becomes:

B/(t) = (1-t)*Po+3(1—t)*tP] +3(1 - t)t* Py + °Ps.

3)

4.1.3. Quantifying Curve Deviation via Mean Squared
Error (MSE)

To quantify the deviation between B(t) and B'(¢), we use
the mean squared error (MSE):

1
MSE:/ IB(t) — B'(t)||? dt. 4)
0

Since A; and A, are random, we consider the expected
value:

E[MSE] = / BB - B'0)*d. ()

This expectation accounts for all possible perturbations
within the specified disks, offering a robust estimate of the
curve’s sensitivity to control point variations.

4.1.4. Analytical Derivation of the Expected MSE

We begin by calculating the difference dB(t) = B/(t) —
B(t). Noting that Py and P3 are unchanged, we obtain:

(1 —1)2t(P} —Py) + 3(1 — t)t*(P), — Py)

oB(t) =3
=3(1—t)%tA; +3(1 — t)t* As. (6)

Next, we compute the squared norm of the difference:

1SB(1)]1 = [|3(1 — )%t A, +3(1 — )2 A,
= 9(1 = )" AL[* +9(1 — 1)t | As?

+18(1 — )3 (A, - Ay). (7)

Here, the cross term arises from the dot product of the per-
turbation vectors.

Taking the expectation over the random perturbations,
we leverage the independence and uniform distribution of
A and As. Due to symmetry in the disk, the expected dot
product vanishes:

E[A;- Ay =0. ®)
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For a uniform distribution over a disk of radius r in two
dimensions, the second moment of each coordinate can be
explicitly calculated. The mean squared magnitude is given
by

r

I 2
E[|A?] = — [ 27p-p*dp= — 9
Al = =5 [ 2wt tp= 5. )
where the normalization constant is the area of the disk.
Thus, the expected squared deviation at a given parameter

value t can be written as:

E [[6B(1)[I*] = 9(1
_ 9r2
T2

—H)MHE|AL)* +9(1 — t)* E||Ay?

[(1—0)% + (1 —t)%"], (10)
making use of the fact that both control points are per-
turbed with identical, independent distributions. To obtain
the overall mean squared error (MSE) for the entire curve,
we integrate the expected squared deviation over the full
parameter domain, yielding

E[MSE] :/0 E [||6B(t)]?] dt

9 2 1 9 2 1
= - redt + L/ (1—t)*t*at
2 0 2 0
=3 (11)

35

This result shows that the expected deviation is proportional
to 72 and independent of the absolute control point positions
or the specific curve shape.

4.2. Overlap Detection

According to Theorem 5.9.1 in [22], if two C'*° curve seg-
ments r1(t) and ro(c) overlap over a finite interval, then
they must coincide everywhere on that interval. If they do
not coincide completely, the overlap can only terminate at
a boundary point. Based on this observation, we further
consider the following cases. In general, except for straight
lines, when two curves share the same start and end points
but differ in their control points, they do not mathemati-
cally overlap, even if they appear visually very close. Apart
from the trivial case where the two curves are identical, Fig-
ure 2 illustrates two possible types of segment overlap. In
essence, both cases correspond to curve segments obtained
by subdividing the original curve. These subdivided Bézier
segments are mutually independent: modifying one subdi-
vided segment does not affect the others. The distinction
between the two cases in Figure 2 is as follows: in Fig-
ure 2a, the overlapping portion, denoted by curve H, corre-
sponds to only one subdivided segment of the original curve
G, whereas in Figure 2b, curves J and K correspond to two
different subdivided segments of the original curve.



Algorithm 1 Overlap detection

1: Input: Curve setC = {C1,...,Cp}

2: Compute bounding boxes B = { By, ...

3: 014 0,0, 0

4: for each ordered pair (i, 5), ¢ # j do

S: if B; ﬂBj = () then

6 continue

7:  end if

8 D<+C; A+—C;

9:  Case 1: complete overlap

10:  if D and A have matching endpoints and consistent
control points then

11: 01« 01 U{(i,7)}

12:  else if sampled points on D all lie on A then

13: 01+ 01U {(Z,j)}

14:  endif

15:  Case 2: partial overlap

16:  for each endpoint combination of D and A do

17: if the two chosen endpoints lie on the opposite
curves then

18: if the sampled sub-curve of D lies on A then

19: (@ (—OQU{(Z,])}

20: break

21: end if

22: end if

23:  end for

24: end for

25: Remove duplicate pairs from O; and O,
26: return 01, O,

.G
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Figure 2. Two cases in which two cubic Bézier curves may over-
lap.

Based on the above theory, we believe that when two
curves overlap, if the two cubic Bézier curves coincide al-
most everywhere, but the disturbance of the control points
makes them slightly different, they may be vulnerable to
steganalysis. Therefore, we need to exclude the following
two cases of curve overlap: Case 1. The two endpoints
(Hy, H3) of a cubic Bézier curve H are on another cubic
Bézier curve G and completely overlap with the curve G;
Case 2. One endpoint (J3) of a cubic Bézier curve J is on

Detection

VTracer

Original

Figure 3. Visual examples of overlap detection results. In the third
figure, red and blue are used to represent the first and second cases
respectively.

another cubic Bézier curve K and partly overlaps with the
curve K. For case 1, first check whether the two endpoints
of curve G coincide with those of curve H. If so, directly
determine whether the control points coincide. Otherwise,
uniformly sample points on curve H and determine whether
all of them lie on curve G. For case 2, if endpoint J3 of
curve J lies on curve K and endpoint K of curve K lies
on curve J, then uniformly sample points on the segment of
curve K between K and J3 and determine whether these
points are on curve J. The practical effect of the overlap de-
tection is shown in Figure 3. To further accelerate this pro-
cess, we exploit the convex hull property of Bézier curves
to accelerate the above process by using the bounding box
(BBox) defined by the minimum and maximum x- and y-
coordinates of the four control points of the curve as shown
in Figure 4. The specific process is shown in Algorithm |.

™71 BBox 1
771 BBox2
1771 BBox3

Figure 4. Visual example of bounding box acceleration detection
process.

4.3. Message Hiding and Extraction

In this section, we will describe how to steganographically
represent cubic Bézier curves. First, our method requires
that cubic Bézier curves be reproducible. We found that,
compared to most existing vector generation methods, such
as [19, 32], which utilize DiffVG [17] and thus introduce
randomness, diffusion-based image generation with fixed
seeds and raster-to-vector conversion based on determinis-
tic algorithms are well suited to steganography. Further-



Table 1. Quantitative comparison of our method with existing pixel-based and vector image steganography methods.

Dataset Method Type SSIM PSNR Accuracy Capacity (bits)
DwtDctSvd [21] 0.9861 40.22 0.9991 32
RivaGAN [40] Pixel 0.9804 40.54 1.0000 32
RoSteALS [4] 0.9087 31.01 0.9935 100
CelebA-HQ StegoSVG [3] 0.9995 57.75 1.0000 48000
StegoBIT [13] Vector 0.9999 63.87 1.0000 6590
svgsteg [11] 0.9999 61.63 1.0000 46441
GVIS (Ours) 0.9999 67.87 1.0000 88878
DwtDctSvd [21] 0.9850 40.05 1.0000 32
RivaGAN [40] Pixel 0.9776 40.50 0.9994 32
RoSteALS [4] 0.9188 30.91 0.9937 100
LSUN-Bedrooms StegoSVG [3] 0.9997 58.09 1.0000 41923
StegoBIT [13] Vector 0.9999 63.10 1.0000 6752
svgsteg [11] 0.9999 62.96 1.0000 38484
GVIS (Ours) 1.0000 69.50 1.0000 66830
6 /’* ] Py val [0, Lyax] into subintervals of uniform length, each cor-
s . . (50 Control Paint P, (Original) responding to a unique message. Ly« denotes the max-
4 P,// N imum perturbation distance that can be applied to a con-
1 e trol point while keeping the resulting MSE negligibly small
o o) — and preserving the visual appearance and structure of the
. 4 =) Gty Cubie Bézier Curve curve. Second, in the perturbation direction dimension, we
partition the angular range [0°, 360°) into uniform subinter-

0 5 10 15 20

Figure 5. Visual example of encoding information into control
points via perturbation.

more, since SVG is stored as plain text, modifications can
be made precisely, laying the foundation for our method.
As shown in Figure 5, we perform steganographic embed-
ding by defining a mapping function S(-,m) between the
secret information and the perturbation of the control points
of the cubic Bézier curve. This process can be expressed as
follows:

SVGStego =S (-Fvec (g(e)) P m) P (12)

where G(0) denotes the image generated by an image gen-
eration model conditioned on the settings 6 (e.g., seed and
prompt), Fyec(-) represents the deterministic vectorization
function that converts the generated image into a vector im-
age, m is the secret message to be embedded, and SVGgiego
denotes the final SVG file containing the hidden informa-
tion.

Specifically, S(-,m) represents a control point perturba-
tion strategy based on information mapping. This opera-
tion enables efficient information embedding by quantizing
and encoding two key parameters: the perturbation length
and perturbation direction of the curve control points. First,
in the perturbation length dimension, we divide the inter-

vals. In this way, the secret message is mapped to a specific
combination of perturbation length and perturbation angle,
thereby enabling information hiding.

We introduce the notion of the invertible point. Specif-
ically, assuming that the SVG coordinates are represented
with at most & decimal places, we restrict our processing to
control points whose coordinates are specified with exactly
k decimal places. Next, we search within the quantized
coordinate space for candidate points that satisfy the grid
constraint at a precision of k decimal places. The result-
ing perturbed point is then inversely decoded to determine
whether it can still be mapped back to the secret message.
Only those candidate points whose decoding results remain
identical to the secret message are designated as invertible
points. In this way, invertible points ensure consistent and
reliable embedding and extraction.

For the receiver, the original image can be regenerated
using the pre-shared settings. After vectorization, the re-
generated vector image is compared with the received stego
vector image to extract the hidden information by comput-
ing the differences between their control points.

S. Security Analysis

Given the scarcity of dedicated steganalysis methods for
vector images, we present a theoretical security analysis
of GVIS in comparison with representative existing meth-
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Figure 6. Visual examples of stego vector images generated by GVIS. The first and third rows show original raster images generated
by the diffusion model on the CelebA-HQ and LSUN-Bedrooms datasets, respectively, while the second and fourth rows display the
corresponding stego vector images.

ods. Existing methods often introduce explicit modifica-
tions to file content, which may increase their detectability.
For example, [14] essentially segments curves, which sig-
nificantly increases file size. An attacker may also deter-
mine whether a vector image is steganographic by examin-
ing whether the curves in the image have been unnaturally
segmented. However, our method first generates an image
and then performs vectorized steganography. Without the
image-generation seed, an attacker cannot accurately recon-
struct the original image, making it impossible to extract
information through differential analysis. Furthermore, be-
cause we use uniformly distributed binary messages to per-
turb the control points of cubic Bézier curves, the magni-
tudes and directions of these control-point perturbations are
random and remain within a very small range, making them
difficult to detect through statistical analysis. In addition,
we explicitly account for possible overlap-related risks and
avoid such locations during embedding.

6. Experiments

6.1. Experimental Setup

All experiments are conducted in a cloud server environ-
ment equipped with an NVIDIA RTX 3090 GPU. All deep
learning tasks in the experiments are implemented using the
PyTorch framework. The image generation module uses
a latent diffusion model [26], while the vectorization pro-
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cess utilizes VTracer [29] for raster-to-vector conversion.
In our experiments, the core configuration of VTracer is set
to color mode, stacked hierarchy and spline output.

6.2. Performance of GVIS

We compare our method with existing pixel-based and
vector-based steganography techniques and evaluate perfor-
mance using SSIM [30], PSNR [8], bit accuracy, and bit
capacity, as summarized in Table 1. Since vector images
are inherently different from raster images, we assess im-
age quality by first rasterizing both the original vector im-
ages and the stego vector images, and then comparing the
two converted raster images. In our comparative experi-
ments, all images are generated unconditionally by latent
diffusion models with weights pre-trained on the CelebA-
HQ [12] and LSUN-Bedrooms [38] datasets. All methods
employ images with a resolution of 256 x 256 for the exper-
iments. Compared with pixel-based methods, vector-based
methods generally achieve higher steganographic capacity
and extremely high accuracy at the same image size, owing
to the intrinsic properties of vector images. However, our
method achieves high embedding capacity without chang-
ing the file size or altering the statistical characteristics of
the image. Because our method first generates and then
vectorizes raster images, it offers a high degree of control-
lability; as long as the sender and receiver share the same
conditions (such as prompts, seeds, and generative models),
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control points between stego and original vector images based on
the CelebA-HQ dataset.

reliable information transmission is ensured. Several visual
examples are shown in Figure 6.

6.3. Security of GVIS

Since dedicated steganalysis methods for vector images are
currently unavailable, we first rasterize the stego vector im-
ages and then perform steganalysis. Specifically, we eval-
uate our method using five representative steganalysis net-
works, namely SiaStegNet [37], StegNet [6], ZhuNet [41],
YeNet [36], and XuNet [33]. The results show that the de-
tection accuracy of each method remains around 50%, in-
dicating that the distribution of the stego images is nearly
indistinguishable from that of benign images. To further
assess the security of GVIS, we analyze the distribution of
the least significant digits of its control-point coordinates,
with the results presented in Figure 7. These findings in-
dicate that, in contrast to methods that directly manipulate
the least significant decimal digit, our method operates at
the semantic level and thus preserves the underlying statis-
tical distribution. We also analyze the average file size, as
reported in Table 3, where “~” denotes the original SVG
files. Our method maintains a file size comparable to that of
the original SVG, as it only modifies control points whose
coordinates use exactly k decimal places. Since the coordi-
nate precision remains unchanged, the overall file size stays
essentially the same.

6.4. Flexibility of Steganographic Capacity

Although the steganographic capacity of GVIS is inher-
ently influenced by generation conditions such as the size
of the generated raster image and the vectorization method
adopted, once the generation process is fixed, the more im-
portant issue is the trade-off among control point perturba-
tion, embedding capacity, and extraction accuracy. In par-
ticular, when the angular and distance-based partitions be-
come finer, higher numerical precision is required. How-
ever, the decimal precision supported by SVG files limits
such fine-grained modifications, which affects the selection
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of invertible points and may consequently reduce the accu-
racy of message extraction. To evaluate this effect, we con-
duct experiments on the CelebA-HQ dataset and consider
different partition granularities of the perturbation space ac-
cording to the bit depth, where n bits correspond to 2™ par-
titions, and report the resulting average capacity and aver-
age accuracy in Table 2. Since our earlier analysis shows
that the perturbation radius of control points affects the vi-
sual appearance of the curve, we map only 4 bits to the
perturbation-length dimension over the range from 0.00001
to 0.01024, corresponding to at most 16 partitions. The ex-
perimental results show that, under an SVG precision of
eight decimal places, a single control point can embed at
least 24 bits while still achieving 100% extraction accuracy.
Moreover, even when the embedding capacity is further in-
creased, the extraction accuracy remains high, indicating
that the additional capacity can be used to incorporate error-
correction codes and thereby further improve extraction re-
liability.

Table 2. A comparative analysis of capacity and extraction accu-
racy under varying numbers of interval partitions for control point
perturbation length and angle.

Angle Length  Capacity

Partition Partition  (bits)  * Uy
2 91 18516  1.0000
98 92 37033 1.0000
912 93 55549 1.0000
916 94 74065 1.0000
920 94 88878  1.0000
921 94 103691  0.9999
928 94 118504  0.9750

Table 3. A comparative analysis of SVG file sizes.

Dataset Method Size
- 520.79 KB
StegoSVG [3] 1485.24 KB
CelebA-HQ StegoBIT [13] 799.21 KB
svgsteg [11] 521.77 KB
GVIS (Ours) 519.99 KB

7. Conclusion

We propose GVIS, a generative vector image steganogra-
phy framework. By combining deterministic image regen-
eration with the precision of vector representations, GVIS
offers strong security, controllability, and high embedding
capacity. To the best of our knowledge, this study is among
the first to explore generative methods for vector image
steganography. In the future, we will consider applying this
framework to dynamic vector images.
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