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Figure 1. With user specified semantic guidance (e.g., “the wall” and “the yellow sofa & cat”), our approach allocates a fixed budget of
vector primitives (128 for the first row examples and 512 for the second row) to better reconstruct semantically salient regions, while still
providing a faithful but more compact representation of the remaining areas.

Abstract

We present a semantic-guided vectorization method that
transforms an initial set of fine, over-segmented masks into
a compact and coherent collection of vector regions. Our
key contribution is a recoloring-based clustering framework
that merges neighboring masks by optimizing a shared color
assignment in image space. Semantic saliency, either user-
specified or automatically estimated, modulates this opti-
mization: regions of high semantic importance are encour-
aged to preserve distinct colors, while less important ar-
eas are driven toward color similarity and thus merge. This
process progressively consolidates redundant masks, reduc-
ing clutter and concentrating vector primitives where they
matter most. Combined with a final differentiable render-
ing refinement, the method produces SVG representations
that balance visual fidelity with reduced complexity and im-
proved editability. Experiments show that our approach
yields more compact vectorizations and better allocation of
primitives compared to pixel-driven or segmentation-driven

baselines.

1. Introduction

Vector graphics offer a compact, resolution-independent,
and easily editable representation of images, making them
widely used across design and graphics workflows [15, 47].
Yet automatically converting complex images into vec-
tor form remains a challenging task. Existing approaches
typically fall into two categories. Pixel-driven cluster-
ing methods rely on low-level similarities such as color
and texture [17, 29], while segmentation-driven methods
convert the mask outputs of foundation models such as
SAM [23] into vector shapes [40, 51]. Both lines of work
tend to produce large collections of small regions that do
not reflect the semantic importance of different parts of
the scene, often oversampling highly textured areas while
under-representing content that is visually or conceptually
central.

This imbalance arises because neither pixel clustering
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nor segmentation masks provides guidance on which re-
gions of an image should receive more or fewer vector prim-
itives. SAM-based methods [40, 51], for example, gener-
ate highly detailed but unstructured mask sets, producing
a dense ‘mask soup’ that lacks any prioritization. Conse-
quently, vector primitives are distributed uniformly regard-
less of relevance, which limits the interpretability and ed-
itability of the resulting representation.

In this work, we propose a semantic-guided vectoriza-
tion method that incorporates high-level cues into the sim-
plification process by steering the allocation of vector prim-
itives with a text-conditioned semantic saliency map. In-
stead of relying solely on low-level appearance, the method
uses a relevance map derived from image–text alignment
to highlight regions mentioned in a short prompt (e.g., ‘the
yellow sofa & cat’) (see Figure 1), producing a spatial im-
portance signal that reflects semantic intent rather than just
visual contrast. This map guides the system to preserve de-
tail where the prompt indicates meaningful content, while
allowing redundant areas to merge more aggressively, lead-
ing to vectorizations that better respect semantic priorities.

Our key idea is to recast mask clustering as a recol-
oring optimization in image space. Instead of grouping
masks through hand-designed distance metrics, we assign
colors to them and optimize these assignments so that ad-
jacent regions with similar appearance and low semantic
weight naturally converge toward shared colors, while high-
salience regions are encouraged to maintain distinct ones.
The text-conditioned semantic saliency map plays a central
role here: it penalizes color changes in semantically impor-
tant areas and promotes aggressive smoothing in less rele-
vant ones. This unified, differentiable mechanism integrates
spatial coherence, visual similarity, and semantic guidance,
leading to a controlled consolidation of redundant masks
and a more deliberate allocation of vector primitives, ulti-
mately improving compactness and editability.

We demonstrate that this semantic-guided clustering,
combined with a standard differentiable-rendering refine-
ment stage, produces vectorizations that balance visual fi-
delity with reduced structural complexity. Compared to
pixel-based and segmentation-based baselines, our method
yields more compact representations and allocates vector
primitives more effectively according to semantic priorities.

2. Related Work

2.1. Image Vectorization

Image vectorization, the process of converting raster images
into geometric primitives, has been a long-standing prob-
lem [11, 39]. Traditional methodologies are primarily built
upon fitting primitives to low-level image features such as
edges, colors, and textures. A dominant early strategy was
contour tracing, exemplified by algorithms like Potrace [36]

and AutoTrace [41]. These methods first perform color
quantization on the input and then trace the boundaries of
these quantized regions, fitting Bézier curves to the result-
ing paths. A parallel class of region-based methods sought
to improve contour regularity and noise reduction by first
partitioning the image. This includes techniques such as
mean-shift clustering [8], SLIC superpixels [1], and graph-
based segmentation [14].

Other approaches have focused on partitioning the image
into non-overlapping 2D patches, such as triangles [3, 9], or
refining decompositions with curved boundaries and gradi-
ents [38, 42, 46]. More sophisticated fitting techniques, like
diffusion curves [30], represent images via color boundaries
that guide a diffusion process, enabling smooth-shaded re-
sults [43, 49]. While effective for specific domains like clip
art [10, 13] or line drawings [12, 45], these traditional meth-
ods remain fundamentally limited to pixel-level similarity.
This results in visually accurate yet semantically agnostic
representations that often overpopulate highly textured re-
gions while underrepresenting meaningful content, thereby
limiting interpretability and editability.

The advent of deep learning, particularly the develop-
ment of differentiable rasterizers like DiffVG [25], has en-
abled a new class of end-to-end vectorization methods.
These approaches can be broadly divided into optimization-
based and generative models. Optimization-based meth-
ods, such as LIVE [34], leverage differentiable rendering
to iteratively optimize the parameters of vector primitives
by backpropagating a raster-space loss. This optimization
approach has been extended by works like SGLIVE [50],
which incorporates gradient-aware segmentation to support
radial gradients, and Hirschorn et al. [17], who introduce
a top-down iterative process that adds primitives based on
pixel clustering and prunes them based on an importance
score to ensure compactness. In contrast, generative mod-
els frame the task as a translation problem. Early examples,
such as SVG-VAE [28], DeepSVG [4], and Im2Vec [35]
employ autoencoder or recurrent architectures to predict
a sequence of SVG commands. More recent generative
works have explored sophisticated architectures; Chen et
al. [7] leverage a transformer model to assemble vectoriza-
tions from a predefined pool of simple primitives, while
SuperSVG [19] trains a model to predict vectors from a
superpixel-based image decomposition in a coarse-to-fine
manner. Other novel frameworks include NeuralSVG [31],
which uses an implicit neural representation, akin to NeRFs,
to encode a layered SVG into a small MLP optimized via
score distillation, LayerTracer [37], which employs a dif-
fusion transformer to learn the sequential process of lay-
ered design, generating construction blueprints that are then
vectorized, and T2V-NPR [47], which introduces a neural
path representation learned via a dual-branch VAE and uses
text-conditioned score distillation to generate SVGs directly
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from prompts.
A separate, hybrid pipeline has also emerged that lever-

ages the powerful segmentation capabilities of large-scale
foundation models. Methods like SAMVG [51] and
LIVSS [40] �rst employ the Segment Anything Model
(SAM) [23] to decompose an image into a large collection
of masks. These masks are then traced and converted into
vector regions. While this approach successfully inherits
object-level boundaries from the segmentation model, the
resulting output is often a ”mask soup”—a �at collection
of vector paths that lacks structural hierarchy and seman-
tic coherence. In contrast, our method integrates semantic
saliency directly into the vectorization process, adaptively
allocating vector density according to semantic importance
to produce compact and meaningful SVG representations.

2.2. Clustering for Image Smpli�cation

Clustering-based simpli�cation merges visually similar pix-
els or regions to reduce structural complexity and achieve
compact representations. Classical methods such as k-
means, mean-shift [8], and SLIC superpixels [1] rely on
color and spatial proximity, while hierarchical segmenta-
tion approaches re�ne boundaries via contrast and contour
cues [2, 14]. Although effective for compact representa-
tions, these techniques remain appearance-driven and often
ignore semantic consistency. Palette-based recoloring and
abstraction methods [5, 22] similarly simplify color distri-
butions but lack structural or semantic control.

Recent works incorporate high-level features into clus-
tering, such as semantic superpixels [27, 44] and CLIP-
based grouping [33], aligning regions with object semantics
yet remaining detached from vector representation. Build-
ing on these insights, we formulate vector simpli�cation as
a semantics-aware clustering problem solved via iterative
recoloring, merging adjacent shapes with shared seman-
tic attributes to achieve compact and semantically coherent
vector outputs.

2.3. Image Saliency Prediction

Saliency prediction aims to estimate the spatial distribu-
tion of visually or semantically important regions in an
image. Early models relied on low-level contrast features
such as intensity, color, and orientation [16, 20], while
deep approaches like DeepGaze and DSS exploit high-level
semantics from CNN or transformer backbones to model
human attention [18, 21, 24]. More recent works lever-
age vision–language embeddings and foundation models
to capture semantic relevance beyond human �xation, pro-
ducing maps that highlight conceptually meaningful ob-
jects [27, 33, 48]. In our framework, such saliency maps
provide semantic priors that guide adaptive vector alloca-
tion, ensuring that vector density concentrates on semanti-
cally salient regions while redundant areas are simpli�ed.

Figure 2. Segmentation results by SAM. The issue of over-
segmented masks results in unstructured challenges for vectoriza-
tion processes.

3. Preliminary

Optimize-based Vectorization. The overall vectorization
pipeline in this work builds upon the paradigm of optimize-
based image vectorization via differentiable rendering [26].
Let S = fs 1; s2; : : : ; sN g denote the initial set of vector
primitives (e.g., closed shapes of Bézier curves). The ren-
dering function R maps these primitives to a raster image
I vec = R(S). The optimization objective is to minimize a
loss L between the rendered vector image Ivec and the target
raster image Itarget:

S� = arg min
S

L (R(S); I target) (1)

where S� represents the optimized set of vector prim-
itives. The gradient-based optimization is enabled by the
differentiable nature of R, allowing backward propagation
of the loss to update the parameters of S.

Primitive Initialization. The vectorization process be-
gins by initializing shape primitives S = fs1; s2; : : : ; sN g
from the input image I. Existing approaches typically fol-
low one of two strategies: (1) visual clustering: methods
like LIVE [29], O&R [17], SuperSVG [19] cluster pixels on
low-level features using algorithms such as K-means, DB-
SCAN, SuperPixel, or (2) semantic segmentation: methods
leverage foundation models like SAM [23] to generate seg-
mentation masks [40, 51]. However, SAM produces a large
and unstructured set of masks. This over-segmentation of-
ten results in a fragmented collection of masks that are vi-
sually disjointed and semantically incoherent, which neces-
sitates aggressive post-processing. As shown in Figure 2,
coherent objects like ”ground” and ”bench” are divided into
multiple segments due to texture variations caused by shad-
ows, lighting changes, and other environmental factors. Our
method addresses this limitation through semantic-guided
clustering, which generates compact, structurally coherent
primitives.

Mask Clustering Problem. Given an initial set of N over-
segmented masks M = fm1; m2; : : : ; mN g, the problem is
de�ned as �nding a consolidated set of K coherent regions
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C = fc 1; c2; : : : ; cK g, where K � N, subject to three fun-
damental constraints:
• Spatial Coherence: Masks should be merged only if they

are spatially adjacent or overlapping.
• Semantic Consistency: Masks belonging to similar se-

mantic entities should be grouped together.
• Visual Similarity: Masks with similar appearance char-

acteristics should be clustered.

4. Semantic-guided Clustering

Unlike traditional clustering methods that rely on dis-
tance metrics to partition a discrete set of masks, our
semantic-guided clustering approach reformulates cluster-
ing as a continuous optimization problem of coloring in im-
age space. While conventional cluster methods (e.g., DB-
SCAN, K-means) operate on pre-computed mask features
using pairwise distance calculations, our method achieves
mask grouping through color assignment, where adjacent
regions with semantic af�nity are merged by sharing col-
ors. This recoloring strategy naturally integrates spatial ad-
jacency, visual similarity, and semantic coherence in a uni-
�ed optimization framework, producing regions that corre-
spond to meaningful visual groups rather than just statisti-
cally similar clusters.

As shown in Figure 3, our pipeline consists of three
stages: (1) Semantic-aware Coloring: We start by ran-
domly initializing a color palette and a color assignment
matrix. Guided by a semantic saliency image (either user-
speci�ed or automatically extracted from CLIP [32]), we
optimize both the palette and the assignment matrix so that
regions with high semantic importance are vibrantly col-
ored to closely match their original appearance in the in-
put image, while low-importance regions are assigned col-
ors that are intentionally kept very similar to one another,
reducing unnecessary variation across neighboring masks.
(2) Local Color Smoothing: In this stage, we freeze the
color palette learned in the �rst stage and adjust the color
assignments to enforce spatial coherence among adjacent
masks, from which adjacent masks with shared colors are
detected and merged. Through iterative Nr rounds of se-
mantic coloring and local smoothing, the method progres-
sively merges regions with similar colors while preserving
semantically critical boundaries. In each round, a certain
number of masks is reduced, resulting in a hierarchical, pro-
gressively coarser segmentation. (3) Visual Optimization:
This �nal stage aggregates merged masks and adds addi-
tional detailed primitives, optimizing them to minimize the
MSE loss between the rasterized vector image and input im-
age via differentiable rendering.

4.1. Semantic Saliency Image Generation

Semantic guidance is introduced through a semantic im-
portance map, which can be obtained in increasingly auto-

mated levels of user interaction. At the most explicit level,
users may directly draw on the image to indicate which re-
gions should receive higher semantic weight, giving them
full, �ne-grained control over the guidance signal. A lighter
form of interaction is to provide a short text prompt, such as
“butter�y's wings”, from which we derive a semantic rel-
evance map using CLIP-based image–text alignment [32].
To convert CLIP predictions into spatial relevance A, we
adopt the gradient-weighted attention rollout method of [6],
where relevance is propagated through the transformer lay-
ers via A  A+Cam�A, with Cam given by the element-
wise product of attention probabilities and their gradients.
We extract the relevance from the [CLS] token to the patch
embeddings to produce a pixel-level saliency map indicat-
ing which regions contribute most to the text–image match-
ing score. When no prompt is provided, our method takes
a random Gaussian distribution without speci�c semantic
emphasis.

4.2. Stage I: Semantic­aware Coloring

The objective of this �rst stage is to perform a global sim-
pli�cation of the scene's appearance by learning an optimal,
compact color palette and an initial assignment of colors to
masks, while preserving semantic �delity. Let an input im-
age be decomposed into a set of N �ne-grained segmenta-
tion masks M = fmask1; mask2; : : : ; maskN g. We de�ne
a color palette P of K colors, where P = fc1; c2; : : : ; cK g
and each cj is a vector in RGB space. Our goal is to �nd
the optimal palette P� and a set of soft assignment weights
W = fw ij g that minimize a composite loss function. The
loss function Ls for this stage is a weighted sum of three
components:

Weighted MSE Loss This ensures the recoloring process
respects semantic importance. Given a semantic saliency
image A that highlights semantically salient regions, this
loss penalizes large color differences in areas of high im-
portance.

L wmse =
1

j
j

X

p2


A(p) �



 I rec(p) � I orig(p)




 2

; (2)

where Iorig is the original image, Irec is the recolored im-
age, A(p) is the semantic importance weight at pixel p, and

 denotes the image spatial domain with j
j = H � W
representing the total number of pixels.

Weighted Total Variation Loss This enforces spatially
adaptive smoothness in the recolored image Irec using a
smoothness weight map W, where W(p) = 1 � A(p) and
A(p) 2 [0; 1] is the semantic importance at pixel p. The
loss penalizes color variations between adjacent pixels, with
stronger smoothing applied to low-importance regions:
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Figure 3. Semantic-guided clustering via mask coloring. Guided by a semantic importance map, our method begins with Stage I, where
mask colors are optimized to produce a semantically meaningful global palette. The resulting palette is then frozen, and Stage II re�nes
the local color assignments of individual masks to suppress noise and enforce spatial consistency. As neighboring masks converge toward
similar colors, they naturally merge into coherent structural primitives. Stages I and II are alternated for several rounds, progressively
stabilizing these structural groupings. Finally, Stage III introduces �ner-grained primitives on top of the established structure and optimizes
them to complete the hierarchical vectorization process.

L WTV =
1

jEj

X

(p;q)2E

W(p) + W(q)
2

�



 I rec(p) � I rec(q)




 2

(3)
Here E is the set of adjacent pixel pairs in the 4-

connected grid, and W(p) 2 [0; 1] indicates the smooth-
ing strength (higher values for low semantic importance re-
gions).

Assignment Entropy Loss This loss encourages con�-
dent color assignments by minimizing the entropy of the
assignment probability distribution across the image.

L ent = �
1

j
j

X

p2


KX

j=1

Pj (p) log Pj (p) (4)

where Pj (p) is the probability of pixel p being assigned
to palette color cj , and 
 denotes the image spatial domain.

The total loss for Stage 1 is formulated as follows:

L s = � wmseL wmse+ � WTVL WTV + � entL ent (5)

where �wmse, � WTV and �ent stand for the weight for each
loss component. Both the palette P and the assignment
weights W are optimized at this stage.

4.3. Stage II: Local Color Smoothing

In the second stage, we �x the optimized color palette P�

from Stage I and optimize only the assignment weights W
to enforce local spatial smoothness. The loss function Ln

for this stage is a weighted sum of two components:

Adjacency-based Merging Loss In Stage I, the seman-
tic saliency is optimized and visually encoded by colors.
The goal of this stage is to enforce color consistency be-
tween adjacent masks while preserving diversity among
non-adjacent regions. Therefore, a loss is proposed to pe-
nalize the color variation among masks and their adjacent
masks, de�ned as follows:

L adj = kC 0 � C � k2
2| {z }

color matching

+ � c
1
N

NX

i=1

X

j2A(i)




 ci � c j




 2

2

� � d
1
N

NX

i=1

X

k =2A(i)




 ci � c k




 2

2

Here, ci 2 R3 denotes the predicted RGB color assigned
to region i, and C0 = [c 1; : : : ; cN ]> collects the predicted
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colors for all N regions, while C� = [c �
1; : : : ; c�

N ]> con-
tains their corresponding target colors. The set A(i) rep-
resents the indices of regions that are spatially adjacent to
region i, whereas k =2 A(i) enumerates non-adjacent re-
gions excluding i itself. The hyperparameters �c and �d

balance the contribution of the adjacency-consistency and
non-adjacency-diversity terms, respectively. The �rst term
enforces color �delity with respect to the target colors, the
second encourages adjacent regions to adopt similar col-
ors and thus merge into coherent groups, and the �nal term
pushes non-adjacent regions to remain distinct, preventing
degenerate over-merging.

Assignment Entropy Loss The same assignment-
entropy loss from Stage 1 is retained to maintain a simple
color representation.

The total loss for Stage 2 is:

L n = � adjL adj + � entL ent (6)

Only the assignment weights W are optimized in this stage.

4.4. Stage III: Visual Optimization

The merged masks from Stages I and II form structural vec-
tor primitives that serve as semantic and structural contain-
ers. These are then augmented together with randomly ini-
tialized primitives to enhance visual details, such as textures
and shading (i.e., detailed primitives). Using the semantic
importance image as input, detailed primitives are assigned
with higher probability in high-saliency regions and lower
probability in low-saliency areas. The ratio of structural
primitives and detailed primitives structural-to-detailed ra-
tio is set to 40% structural primitives and 60% detailed by
default. After detailed primitives are initialized as small
circular areas with a 5-pixel radius, they are optimized via
differentiable rendering, minimizing the image-space MSE
loss between the rasterized vector graphic and the original
image.

5. Experiments

In this section, we �rst introduce the details on our ex-
perimental implementation in Section 5.1, then we provide
comparision results with previous methods in Section 5.2.
Finally, we conduct ablation studies in Section 5.3.

5.1. Implementation Details

We implemented this method using PyTorch with the Adam
optimizer. The learning rates are set to 0:01 for both color
palette and assignment logits. For all examples in this
work, 20 iterative rounds of Stage I and Stage II are per-
formed, with an average of 4.83 masks reduced per iter-
ation. Within each round, 1000 iterations and 125 itera-
tions are performed within Stage I and Stage II, respec-
tively. The color palette is assigned to the original number

of segmented masks. Masks are segmented using the SAM
model at checkpoint samvit h 4b8939.pth. We used
NVIDIA GeForce RTX 4090 with 24 GB of memory.

5.2. Comparison Results

We evaluate our method on 100 complex scene images
spanning natural landscapes, indoor scenes, and static com-
positions. Comparisons are made against �ve image vec-
torization methods: DiffVG [26], LIVE [29], O&R [17],
SGLIVE [50], and LIVSS [40]. All methods use �xed prim-
itive counts of 64, 128, and 256 for fair comparison. Our
method maintains a 40%=60% ratio of structural to detailed
primitives, consistent with LIVSS. Semantic guidance is
disabled by using white noise input for the vanilla version
of our approach.

Visual Quality Figure 4 demonstrates that our method
constructs more delicate visual details in vector representa-
tion compared to �ve baseline methods. For instance, in the
second example, our method reconstructs the details of the
`�owers' and `gentleman', whereas these details are notably
less de�ned in other methods. Figure 5 compares MSE,
LPIPS, and PSNR metrics across the testing dataset. Our
method achieves lower MSE and LPIPS scores than all �ve
baseline methods. DiffVG achieves superior MSE by di-
rectly optimizing this pixel-level objective; however, it pro-
duces visually fragmented results with heavily overlapping
primitives, as shown in Figure 4.

Table 1. Comparison of the average VeC and standard deviation of
the 100 testing images. Best result marked in bold.

VeC (%) DiffVG LIVE O&R SGLIVE LIVSS Ours
Avg. " 26.3 45.0 36.1 41.6 47.3 51.0
Std. # 27.9 22.1 30.8 24.8 28.3 26.7

Structural Quality To evaluate the spatial alignment be-
tween vector primitives and semantic object regions, we
follow previous work [40] and use the metric Vector Com-
pactness (VeC), which quanti�es the proportion of vectors
that are well-contained (over 85% area overlap) within a
given semantic mask relative to all vectors overlapping that
region. Table 1 reports that our method achieves superior
vector compactness than the �ve baselines.

5.3. Ablation Studies

We conduct ablation experiments to evaluate the effective-
ness of key components in our pipeline. We �rst compare
our design of the recoloring-as-clustering mechanism with
the standard clustering methods (i.e., K-means and DB-
SCAN), and then we ablate the effect of semantic guidance.
Finally, we analyze the impact of the structure-to-detailed
ratio on the �nal output.
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Figure 4. Qualitative comparison of visual �delity: compared to the �ve baseline methods, our approach better captures intricate
image details (e.g., the texture of `vase' in the second row example), meanwhile maintains a good overall structure (e.g., the integrity of
`gentleman' in the third row example). All examples are vectorized with 128 primitives.

Figure 5. Quantitative visual quality comparison: our method
outperforms the �ve baseline methods in all three metrics, MSE,
PSNR, and LPIPS. DiffVG achieves strong MSE performance
through dedicated optimization of this pixel-level objective, but
it fails to maintain balanced perceptual quality in LPIPS.

Ablation on Clustering We ablate the choice of cluster-
ing method during the iterative mask merging process. Fig-

ure 6 shows the comparison of our method with the standard
clustering methods, K-means and DBSCAN. Although re-
sults from K-Means are visually more similar to the input
image, they exhibit severe artifacts on shapes, limiting in-
terpretability and editability. Yet, DBSCAN fails to pro-
duce coherent structural shapes. In contrast, our results are
not only visually delicate but also structurally coherent and
highly editable.

Ablation on Semantic Guidance We examine the impact
of semantic image on guiding the distribution of structural
vector primitives, compared to an ablated version that takes
a random Gaussian distribution image without certain se-
mantic speci�cation (i.e., without semantic guidance). As
shown in Figure 7, semantic guidance like `truck' in the
�rst example merges background primitives (e.g., `house'),
focusing attention on relevant regions. Similarly, `�owers'
guidance in the second example redirects primitives toward
�oral areas while merging irrelevant masks like `fruit' and
`bottles'.
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