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Fig. 1. Local zero-shot vector sketch generation by SketchFlow. SketchFlow leverages drawing priors from the CLIP latent space to synthesize prompts
beyond its 345-class QuickDraw training vocabulary. Left: Text-prompted generation of letters, numbers, and landmarks in Malaysia. Right: Diverse zero-shot
generation including pop-culture characters, creatures, abstract emotions, and dynamic poses. SketchFlow produces visually appealing sketches with

human-like drawing behaviors without category-specific training examples for these prompts.

Vector sketches remain one of the most concise and immediate mediums
for abstract human expression. However, generating high-quality vector
strokes that exhibit human-like drawing styles remains an open challenge
due to the severe scarcity of fine-grained, high-quality text-to-sketch paired
data. Existing text-conditioned generation methods often rely on unstable,
time-consuming optimization or struggle to generalize to unseen categories
in a zero-shot manner. To address these limitations, we present SketchFlow,
a novel generative framework rooted in Optimal Transport (OT) theory
and flow matching. By leveraging pre-trained CLIP models to bypass labor-
intensive image-level text annotations, we formulate cross-modal alignment
as a continuous mapping problem directly within the CLIP latent space. To
bridge the inevitable modality gap between discrete text concepts and contin-
uous sketch features, we first inject noise into discrete category embeddings
to construct a continuous Gaussian Mixture Model (GMM) prior. We then
utilize an Optimal Transport Conditional Flow Matching (OT-CFM) model
to learn a deterministic vector field mapping from this continuous GMM
prior to the target sketch feature distribution. Finally, a Hybrid Diffusion De-
coder, fusing 1D U-Net and Transformer architectures, is designed to decode
these features into fast and high-fidelity stroke trajectories. Extensive ex-
periments demonstrate that SketchFlow substantially outperforms existing
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baselines in visual quality and adherence to natural human drawing styles.
Furthermore, our geometry-preserving framework demonstrates promis-
ing local zero-shot synthesis for prompts beyond the QuickDraw training
vocabulary, including unseen concept labels and semantic modifiers, while
enabling smooth, continuous semantic interpolation between distinct con-
cepts. Source code is available at: https://github.com/doudin404/SketchFlow.
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1 Introduction

Vector sketches are a concise, direct medium for abstract human
expression; text-conditioned vector sketch synthesis therefore has
significant potential for digital avatar creation, conceptual design,
and interactive art. Yet generating high-quality vector strokes with
human-like drawing styles remains an open challenge. Optimization-
based approaches [Arar et al. 2025; Polaczek et al. 2025; Xing et al.
2023] are slow, unstable, and prone to noise. Raster-based meth-
ods [Hu et al. 2024] lack stroke-topology constraints and introduce
artifacts such as inconsistent thickness, semi-transparency, and un-
intended branching that impede vector tracing. Direct sequence
generation with Large Language Models (LLMs) [Vinker et al. 2025]
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bypasses raster-image generation but produces trajectories that de-

viate significantly from authentic human drawing habits in style

and abstract logic.

The most intuitive approach to this task is end-to-end training
using large-scale, paired text-vector sketch data. However, high-
quality annotated data of this nature is exceedingly scarce. Although
QuickDraw [Ha and Eck 2018], currently the largest vector sketch
dataset, contains a massive collection of human-drawn trajectories,
it provides only 345 discrete category labels and lacks fine-grained
textual descriptions.

Consequently, we confront a fundamental research gap: How can
we achieve zero-shot text-to-sketch synthesis for visual concepts
absent from a fixed training vocabulary using only sketches with
discrete category labels? To address this, we present SketchFlow, a
novel generative framework rooted in Optimal Transport theory and
flow matching, which constructs continuous, deterministic trajecto-
ries between distributions. By formulating cross-modal alignment
as a continuous mapping problem, SketchFlow enables zero-shot
vector sketch generation via a GMM prior flow embedded directly
in the CLIP latent space. Here, zero-shot denotes generation from
prompts whose target concept labels are absent from the 345-class
QuickDraw training vocabulary, leveraging the semantic structure
encoded by the pre-trained CLIP model.

Our core insight is to use pre-trained CLIP to bypass image-level
text annotation and align text with sketches in a shared concep-
tual space. We formulate this task as a cross-modal latent space
mapping problem. Raw text embeddings remain mismatched with
rendered-sketch embeddings, so directly conditioning the decoder
on them often fails (Figure 7). We therefore expand discrete cate-
gory embeddings into a continuous GMM prior, providing a smooth
source distribution for flow matching, and learn an OT-CFM vector
field that transports this prior to the sketch-feature distribution. A
hybrid diffusion decoder combining a 1D sequence-adapted U-Net
and Transformer then maps the transported features to high-fidelity
stroke trajectories.

Extensive experimental results demonstrate the superiority of
our approach. This work provides a practical framework for vector
sketch generation and highlights the potential of flow matching
techniques in cross-modal zero-shot generation. Our core contribu-
tions are summarized as follows:

o CLIP-mediated local zero-shot synthesis: Our model gener-
ates recognizable sketches for unseen concept labels and semantic
modifiers beyond the QuickDraw training vocabulary. The results
demonstrate promising local generalization through the semantic
structure encoded in the pre-trained CLIP latent space.

e Novel cross-modal mapping framework: We introduce an
Optimal Transport Conditional Flow Matching model combined
with a continuous GMM prior to effectively bridge the modality
gap between discrete text concepts and continuous sketch features
in the CLIP latent space.

e High-fidelity stroke reconstruction: We design a hybrid dif-
fusion decoder fusing 1D U-Net and Transformer architectures,
which outperforms existing baselines in visual quality and adher-
ence to human drawing styles.
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2 Related Work
2.1 Vector Sketch Generation

Vector sketches possess an inherent temporal structure; thus, early
research naturally formulated the generation process as trajectory
prediction over ordered strokes. SketchRNN [Ha and Eck 2018] pio-
neered this approach by introducing the QuickDraw dataset along-
side an LSTM-VAE architecture for sketch encoding and decoding.
Subsequent works [Aksan et al. 2020; Ashcroft et al. 2023; Bandy-
opadhyay et al. 2024; Das et al. 2021, 2023; Wang et al. 2023; Xu et al.
2026] have refined stroke modeling by utilizing RNNs, Ordinary
Differential Equations (ODEs), and sequence diffusion. While these
models effectively capture temporal dynamics, they typically sup-
port only unconditional or few-shot conditional generation, which
severely limits their scalability and text controllability. Although
Scale-Adaptive Diffusion [Hu et al. 2024] demonstrated large-scale
training capabilities on the QuickDraw dataset, it generates raster
images rather than scalable vector sketches. More recently, Stroke-
Fusion [Zhou et al. 2026] proposed training a diffusion model to
denoise and generate stroke sets; however, it requires a manually
specified upper bound for the number of strokes and struggles to
generalize to unseen categories in a zero-shot manner.

2.2 Text-Conditioned Visual Synthesis

Controllable visual synthesis accepts intuitive inputs such as text,
sketches, and strokes [Bao et al. 2025; Ma et al. 2024; Xue et al.
2022]. CLIPDraw, CLIPasso, and CLIPascene optimize Bézier curves
through differentiable rendering to maximize text-image similar-
ity [Frans et al. 2022; Li et al. 2020; Vinker et al. 2023, 2022]. Without
ground-truth sketch references, these methods do not reproduce au-
thentic hand-drawn style, and direct CLIP optimization is unstable.

Diffusion-prior approaches include DiffSketcher (latent diffusion
and SDS), SVGDreamer and SVGDreamer++ (vector-particle opti-
mization), SwiftSketch (stroke-order constraints), style customiza-
tion, and NeuralSVG (implicit curves) [Arar et al. 2025; Polaczek
et al. 2025; Poole et al. 2022; Xing et al. 2023, 2025b, 2024; Zhang
et al. 2025]. Diffusion priors also support sketch extraction [Yun
et al. 2026]. These methods optimize predefined vector primitives,
an initialization ill-suited to sparse hand-drawn sketches with few
smooth, long strokes; SketchFlow instead learns stroke structure
from human trajectories.

Language-model-based vector generation includes off-the-shelf
models and models trained or fine-tuned on paired data. SketchA-
gent [Vinker et al. 2025] uses an off-the-shelf multimodal LLM: it
provides broad semantics and logical drawing order but does not
learn human drawing conventions, often producing rigid SVG graph-
ics. IconShop, StarVector, OmniSVG, and LLM4SVG [Rodriguez et al.
2025; Wu et al. 2023; Xing et al. 2025a; Yang et al. 2025] are trained
or fine-tuned on paired condition-SVG data, making generalization
depend on training-condition coverage. SketchFlow instead learns
human drawing behavior from category-labeled sketches and uses
CLIP-space transport to generalize beyond the training vocabulary
without diverse text descriptions.
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Fig. 2. Overview of the SketchFlow generative framework. (a) Initial Discrete Embeddings: The framework extracts discrete text embeddings z&_, and
sketch embeddings for known categories in the latent space. (b) Vector Field Construction: A noise injection mechanism is introduced to transform sparse
concept anchors into a continuous probability density field, establishing a Gaussian Mixture Model (GMM) prior (Sec. 3.2 & 3.4). (c) Learned Vector Field
vg: Optimal Transport Conditional Flow Matching establishes a deterministic mapping between the GMM prior po(z) and the target sketch distribution,
naturally yielding straight-path trajectories (Sec. 3.3). (d) Generalizing to an Unseen Query: During inference, the CLIP embedding of an unseen query (e.g.,
"kirby") follows the learned transport field, informed by known training concepts, toward the rendered-sketch CLIP feature distribution. (¢) Decode Sketch:
Conditioned on the acquired target sketch embedding, a Hybrid Diffusion Decoder utilizes a reverse diffusion process to decode pure noise Xt into a final

high-fidelity vector stroke sequence Xj (Sec. 3.1).

2.3 Flow Matching and Optimal Transport

Flow Matching [Lipman et al. 2022] has recently emerged as a pow-
erful alternative to diffusion models. By introducing the Conditional
Flow Matching (CFM) framework, it has demonstrated superior
performance and stability in deterministic generation tasks. Recent
advancements have deeply explored its Optimal Transport (OT)
properties; methods such as Rectified Flow [Liu et al. 2022] and
Optimal Transport Conditional Flow Matching (OT-CFM) [Tong
et al. 2023] significantly enhance sampling efficiency by linearizing
probability paths.

Recent advancements have addressed the limitations of standard
Gaussian priors by employing Gaussian Mixture Models (GMMs)
as Conditional Prior Distributions (CPD) [Issachar et al. 2025]. By
minimizing the optimal transport cost, GMM priors substantially
improve the modeling of complex data distributions. Building upon
these insights, we pioneer the application of GMM-based flow match-
ing to zero-shot vector sketch generation. Specifically, we embed a
continuous GMM prior within the CLIP latent space. This approach
effectively translates isolated, discrete textual categories into a con-
tinuous semantic distribution, thereby bridging the cross-modal gap
between textual concepts and continuous visual trajectories.

3 Method
3.1 Sketch Representation and Hybrid Diffusion Decoder

To better understand the required inputs for sketch synthesis, we
first introduce the final generation module: the Hybrid Diffusion
Decoder. As illustrated in the overall framework (Figure 2), to decode
target CLIP embeddings into vector stroke sequences, we design a
conditional feature decoder. We represent the sketch trajectory as an
equidistant sequence S = {(x;, y;, pi) }-, of L points. Here, (x;, y;)
represents the 2D spatial coordinates. To facilitate a continuous
diffusion process and avoid early over-commitment to discrete states
at high-noise stages, we treat the pen-state indicator as a continuous

variable p; € R, scaled to a small variance range (e.g., {—0.1,0.1})
rather than strictly binary. This ensures that p; specifies connectivity
to the preceding point without interfering with the synthesis of the
global geometric trajectory during the early generation steps.

For the generative backbone, we employ a Hybrid Diffusion De-
coder (Figure 3) featuring an interleaved design of 1D U-Net con-
volutional blocks [Ronneberger et al. 2015] and Transformer layers
[Vaswani et al. 2017]. Within this architecture, the U-Net-style opera-
tions handle local geometric feature extraction and multi-resolution
downsampling and upsampling, while the interleaved Transformer
blocks process long-range global dependencies at their respective
resolution scales.

For the conditioning mechanism, the diffusion timestep t and
the target rendered-sketch CLIP embedding (denoted as ztarget) are
independently processed via sinusoidal positional encodings and
linear projections. These representations are then summed to form
a unified condition vector, which is injected into the hidden features
of each U-Net and Transformer block using Adaptive Layer Normal-
ization (AdaLN). The decoder is trained using a standard denoising
score matching objective [Ho et al. 2020; Song et al. 2020]:

Loift = Exp et [”6 —ea(xs,t, Ztarget)nz]

We observe that, by using continuous CLIP embeddings rather
than category labels as its semantic conditioning signal, the decoder
can translate the visual semantics encoded in a rendered-sketch
embedding into coherent strokes, including for unseen concepts.
Therefore, the primary objective of our framework becomes acquir-
ing the target sketch CLIP embedding directly from a textual prompt.
We address this modality gap by constructing a continuous prior in
the CLIP latent space, as detailed in the following section.
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Fig. 3. Architecture of the Hybrid Diffusion Decoder. The model em-
ploys an interleaved generative backbone combining U-Net-style bottlenecks
for local geometric extraction with Transformer blocks for global depen-
dency modeling. Condition embeddings (diffusion timestep ¢ and target
CLIP embedding) are injected via AdaLN to predict the added noise.

3.2 GMM Prior Construction in CLIP Latent Space

To address the scarcity of fine-grained text-sketch pairs, we formu-
late the cross-modal alignment as a distribution transport problem
in the CLIP latent space. Given that available datasets predominantly
provide categorical labels rather than rich textual descriptions, we
leverage the pre-trained CLIP text encoder [Radford et al. 2021] to
extract discrete text embeddings zfext for each category k.

However, treating these isolated text embeddings as direct initial
states does not provide continuous neighborhoods in which prompts
outside the training vocabulary can be transported. To bridge this
modality gap, we introduce a noise injection mechanism to construct
a continuous Gaussian Mixture Model (GMM) prior. At initial state
t = 0, we define the prior distribution py(z) as:

K
1
po(z) = X kz_; N(z; zfext, o’l)

This formulation transforms sparse concept anchors into a con-
tinuous probability density field, establishing a smooth semantic
manifold from which our transport mapping originates. Here, o
represents the standard deviation of the injected noise. We treat
o as an adaptive parameter to dynamically modulate the prior, as
elaborated in Sec. 3.4.
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3.3 Cross-Modal Alignment via OT-Flow Matching

Given the constructed GMM prior py(z) and the target sketch em-
pirical distribution p;(z), our goal is to establish a deterministic
mapping between these two modalities.

Conditional paradigms like unCLIP [Ramesh et al. 2022] assume a
standard normal prior po(z) = N(0,I) and treat the text embedding
as a condition. However, when trained on data limited to discrete
categorical clusters, such formulations struggle to generalize. Am-
biguous queries often cause the model to output a probabilistic
mixture of isolated distributions, meaning it stochastically snaps to
known modes rather than achieving true semantic interpolation.

To address this limitation, we directly formulate the continuous
GMM as the base prior py(z) and utilize Optimal Transport (OT)
Conditional Flow Matching [Lipman et al. 2022; Tong et al. 2023].
The generative process follows the ODE dz; = v;(z;)dt. Crucially,
rather than learning an arbitrary flow, we leverage an OT coupling
between py and p; to construct the target vector field. In practice,
to maintain semantic consistency during training, we construct the
coupling conditionally based on semantic categories. Specifically,
given a category k, we independently sample the initial state zo ~
N (zfext, a?I) (o is the adaptive prior variance detailed in Sec. 3.4)
and the target state z; ~ p;(z|k). The flow matching model is then
trained to regress the optimal transport vector field, which trivially
forms a straight path zy — z;, using the Conditional Flow Matching
objective [Lipman et al. 2022]:

Lt =Bepy (zol) 1 (21 16) 00 (22,1, ¢, 0) = (21 = 20) II]

where the intermediate state is parameterized as z; = (1 —1)zg + tz;.
This OT formulation minimizes transport cost and yields straight-
path, constant-velocity trajectories with two useful properties. (1)
Semantic Direction Preservation: Straight paths preserve seman-
tic feature directions in the CLIP latent space. (2) Non-Crossing
Sampling Paths: The learned ODE flow produces non-intersecting
paths that preserve the relative organization of semantic regions,
allowing unseen queries to follow the surrounding transport toward
semantically related regions of the rendered-sketch CLIP space.

3.4 Adaptive Prior Variance Injection

Empirical results suggest that a single fixed noise scale ¢ is sub-
optimal for constructing the initial GMM prior across all semantic
categories. Different semantic concepts intrinsically require varying
degrees of spatial dispersion to achieve optimal generation fidelity.

To address this, we introduce a tunable prior variance mechanism.
We condition the flow-matching vector field on the prior variance as
vg(z, 1, ¢, o). Specifically, to construct this conditioning mechanism,
the flow timestep t, the text embedding c, and the logarithm of the
prior variance log(o) are independently processed via sinusoidal
positional encodings and linear projections. These representations
are then summed to form a unified condition vector, which is in-
jected into the hidden features of the flow matching network using
Feature-wise Linear Modulation (FILM) [Perez et al. 2018].

This allows the generated marginal distribution at the endpoint
to be dynamically modulated, denoted as p;(z | zest, o). During
training, we randomly sample standard deviations ¢ to modulate
the initial GMM prior, directly shaping the generative trajectory.
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During inference, this formulation allows users to adaptively adjust
o based on specific prompts. Specifically, we introduce a scaling
parameter y to control the sampling standard deviation of the query
point relative to the standard deviation of the input condition.

4 Experiments
4.1 Experimental Setup

Datasets. We use all 345 categories in the QuickDraw release
distributed for Sketch-RNN. Each category contains 70,000 train-
ing, 2,500 validation, and 2,500 test sketches, yielding 24.15 million,
862,500, and 862,500 samples in the respective splits. We extract
stroke trajectories for sequence-level modeling. Furthermore, we
conducted experiments on cross-domain transfer datasets to evalu-
ate the model’s generalizability; these extensive results are provided
in the supplementary material.

Implementation Details. For data preprocessing, we resample sketch
sequences to L = 256 and scale binary pen-state indicators to
{-0.1,0.1} to prevent premature commitment to discrete states
during high-noise diffusion stages. During training, sketches are
rendered in black and white for CLIP feature extraction via the
pre-trained ViT-B-32. For visual presentation in this paper, gen-
erated stroke trajectories are explicitly color-coded from light to
dark to illustrate the sequential drawing order. The OT-Flow Match-
ing model is parameterized by a residual MLP with FiLM layers,
while the Hybrid Decoder utilizes a 1D U-Net interleaved with
Transformer blocks. The transport model and decoder are jointly
optimized for 1,221,444 steps (518 epochs, using 20% of the shuffled
training loader per epoch) with AdamW and a total batch size of 256.
Training takes approximately three days on eight NVIDIA RTX 3090
GPUs. At inference, we use 60 steps for both components: Heun’s
method integrates the transport ODE, followed by 60 DDPM denois-
ing steps in the decoder. Comprehensive architectural and training
hyperparameters are provided in the supplementary material.

Evaluation Metrics. Visual fidelity is evaluated using FID on 256 X
256 rasterized renderings. Cross-modal semantic alignment is mea-
sured by CLIP Score using the prompt “a sketch of [category]”. To
assess trajectory abstraction, we evaluate the RDP Point Count by
computing the absolute number of remaining anchor points after
applying the Ramer-Douglas-Peucker algorithm [Ramer 1972]. Be-
fore simplification, each trajectory is isotropically normalized so
that the longest side of its bounding box is 1,000; we then use a toler-
ance of € = 2.0. Fewer remaining points indicate higher abstraction,
avoiding biases from the original sketch resolution.

Baselines. We compare representative generative paradigms: (1)
SketchRNN [Ha and Eck 2018], an LSTM-VAE trajectory model; (2)
StrokeFusion [Zhou et al. 2026], a latent trajectory diffusion model;
(3) NeuralSVG [Polaczek et al. 2025], an SDS-based optimization
approach; and (4) SketchAgent [Vinker et al. 2025], an LLM-driven
planning agent. To ensure fair comparison, we omit FID scores
for optimization-based and LLM-driven methods, as they are not
explicitly trained on our data distribution. For complementary open-
prompt comparison, we additionally evaluate a two-stage pipeline
combining T2I and CLIPasso [Vinker et al. 2022] on matched unseen
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Fig. 4. Qualitative comparison on QuickDraw. Generated samples for
four categories (Bus, Cat, Chair, and Train) from baseline methods and ours.
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Fig. 5. Zero-shot generation beyond the training vocabulary. All
prompts shown here lie outside the QuickDraw taxonomy, yet the model
produces coherent and style-consistent vector sketches.

prompts; the complete qualitative comparison is provided in the
supplementary material.

4.2 Comparison with Existing Methods

To evaluate our approach against existing state-of-the-art meth-
ods, we select four representative categories: Bus, Cat, Chair, and
Train. These categories exhibit relatively complex structural charac-
teristics and are included in the known classes of the QuickDraw
dataset, facilitating a fair and direct in-domain generation-quality
comparison with other QuickDraw-based methods.

For each category, we generate 10,000 samples and compute the
three evaluation metrics introduced in Sec. 4. To generate a spe-
cific category, the category name is used as the conditioning text
input. Additional stochasticity is introduced by adding Gaussian
noise scaled by the factor y, as defined in Sec. 3.4. We report our
results under varying noise scales y € {0.6,0.8, 1.0}, while the base
prior variance o is fixed at 0.025. The corresponding quantitative
evaluations and qualitative visualizations are presented in Table 1
and Figure 4, respectively.

As shown in Table 1, our method achieves significant improve-
ments in the FID metric compared to all learning-based baselines
across all categories. This substantial margin demonstrates that
our model possesses superior representation and feature learning
capabilities. Although some baseline methods achieve lower RDP
scores, this is primarily because they tend to learn and generate
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d

a running cat a jumping cat astretchmg cat
Fig. 6. Zero-Shot Generation with Semantic Modifiers. Generation
results for specific action prompts. Three distinct results are shown for each

prompt.

overly simplistic or rudimentary sketches, which is demonstrated
by the qualitative results in Figure 4.

Furthermore, our generated results achieve CLIP scores compara-
ble to those of NeuralSVG and SketchAgent. However, the higher
RDP scores of these baseline methods suggest a larger number of
points after simplification, which often corresponds to cluttered
and unstructured strokes. While such visual complexity may inad-
vertently inflate CLIP recognition scores, it deviates from actual
human drawing behaviors. In contrast, qualitative comparisons in
Figure 4 illustrate that SketchFlow better captures the abstract
characteristics of hand-drawn sketches, producing trajectories that
are concise, coherent, and effective at conveying target concepts.

4.3 Zero-Shot Generation Beyond the Training Vocabulary

Beyond generating known classes from the training dataset, our
model demonstrates zero-shot generalization to labels outside the
345-class QuickDraw training vocabulary through OT-Flow Match-
ing in the CLIP latent space. Figure 5 presents results for several
unseen prompts, with additional results provided in the supplemen-
tary material. These include concepts such as Pikachu, Tetromino,
and Goblin, as well as recognizable outputs for the composite and
plural prompts Sun & cloud and Two eyes. These results demonstrate
that SketchFlow leverages visual semantics encoded by CLIP to
generate vector sketches for unseen concepts.

To quantify generalization beyond selected examples, we evaluate
all 44 prompts whose complete labels are absent from the 345-class
training vocabulary. For each prompt, we generate 32 samples and
report their mean CLIP Score as a label-alignment measure, without
sample selection. The Interp CLIP baseline fits affine weights over
the top-8 nearest QuickDraw text anchors, allowing extrapolation,
and applies the weights to the corresponding sketch-latent anchors.
As shown in Table 2, SketchFlow achieves 0.2480, compared with
0.2024 for the Gaussian-Prior baseline and 0.2034 for Interp CLIP,
outperforming Interp CLIP on all 44 prompts. Complete per-prompt
results are provided in the supplementary material.

Figure 6 further shows that the model responds to semantic mod-
ifiers and actions even though it was trained exclusively on discrete
category names. For prompts such as a running cat, a jumping cat,
and a stretching cat, the generated trajectories reflect distinct dy-
namic poses while maintaining the abstract hand-drawn style. This
provides qualitative evidence that the learned CLIP-space transport
retains modifier semantics beyond the discrete category names used
for training.

4.4 User Studies

Following [Bhunia et al. 2022; Wang et al. 2025], we conduct a
user study of perceptual quality and human-likeness, comparing
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Fig. 7. Ablation of Flow Mapping. Results of linear interpolating the
condition from raw text embeddings (A = 0.0) to Flow-mapped embeddings
(A = 1.0) at intervals of 0.2. The raw text embedding alone is insufficient to
guide structured sketch synthesis.
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Fig. 8. Ablation of Gaussian-Prior baseline Latent interpolation results
produced by the baseline. Unlike our approach, this baseline struggles
to maintain structural coherence during the transition. The intermediate
sketches exhibit abrupt topological shifts and a loss of visual semantics,
highlighting the necessity of our GMM-based OT-Flow Matching design
for establishing a continuous generative space.

C

SketchFlow with NeuralSVG [Polaczek et al. 2025] and SketchA-
gent [Vinker et al. 2025]. To account for the variance in generation
quality among these methods and ensure a fair evaluation, we se-
lected the single best result (highest CLIP score) from 10 generated
samples per prompt. A total of 42 participants were recruited for this
study. They assessed the sketches across five metrics: abstraction
fidelity, semantic alignment, human-likeness, stroke rationality, and
aesthetic quality. As shown in Table 3, SketchFlow consistently
outperforms the comparison methods across all criteria. This strong
preference demonstrates that our approach successfully captures
the abstract semantic essence of concepts and naturally simulates
authentic human drawing nuances (e.g., slight stroke variations).

4.5 Continuous Interpolation

To demonstrate that our framework learns a continuous semantic
manifold rather than merely overfitting to discrete training cate-
gories, we perform linear interpolation between distinct text em-
beddings. As illustrated in Figure 10, the model generates smooth
and topologically coherent structural transitions between different
concepts, validating the continuity of the established generative
space.

4.6 Ablation Studies

CLIP text and sketch embeddings follow misaligned distributions;
our OT-Flow Matching module bridges this cross-modal gap. Fig-
ure 7 ablates flow mapping by linearly interpolating the condition
from the raw CLIP text embedding (A = 0.0) to its flow-mapped
target (1 = 1.0). Raw text conditioning misses the valid sketch
manifold and produces unstructured, unrecognizable strokes. As
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Table 1. Quantitative results on QuickDraw Bus, Cat, Chair, and Train. Bold and underlined values indicate the best and second-best performances, respectively.

Bus Cat Chair Train
Method FID| CLIPT RDP| FID| CLIPT RDP| FID| CLIPT RDP| FID| CLIPT RDP]|
SketchRNN 66.103 0.266 79.571 70.704 0.210 68.591 88.294 0.227 25.351 83.578 0.236 78.830
StrokeFusion 59.329 0.278 86.690 52.940 0.260 85.730 33.463 0.277 36.460 59.418 0.247 102.910
SketchAgent - 0.258 124.429 - 0.214 93.684 - 0.267 40.200 - 0.234 98.400
NeuralSVG - 0.224 278.446 - 0.261  267.091 - 0.304 225.663 - 0.225 256.168
Gaussian-Prior  9.556 0.265 98.53 24.568 0.148 97.15 17.572 0.165 38.45 15.180 0.183 99.06
Ours (y =0.60) 19.381 0.287 8547  27.977 0.262  79.77 41.123 0294 2430 15347 0260  92.29
Ours (y =0.80) 9.004 0.284 9212 17.899 0.261 8633  21.545 0287 2975 8217 0256  96.21
Ours (y =1.00) 5.810 0.276 100.35 14.423 0.254 95.75 11.718 0.280 36.65 7.181 0.248 103.79
Dataset 0 0.284 91.88 0 0.259 77.83 0 0.283 29.29 0 0.266 101.89

Table 2. Mean CLIP Score across 44 prompts absent from the QuickDraw
training vocabulary. Each value averages 32 samples per prompt without
best-of-N selection (y = 1.0).

Method Mean CLIP Score T
Gaussian Prior 0.2024
Interp CLIP 0.2034
SketchFlow (Ours) 0.2480

Table 3. User study results comparing SketchFlow with NeuralSVG and
SketchAgent across five metrics. The scores indicate the average percentage
of user preference for each method.

Metric SketchFlow NeuralSVG SketchAgent
Abstraction Fidelity 72.85% 12.52% 14.63%
Semantic Alignment 56.75% 32.52% 10.73%
Human-likeness 70.73% 16.59% 12.68%
Stroke Rationality 61.79% 26.18% 12.03%
Aesthetic Quality 51.71% 37.24% 11.05%

the condition approaches the flow-mapped output, the trajecto-
ries smoothly self-organize into structurally coherent, recognizable
sketches. To empirically validate the necessity of our GMM prior
formulation over the conventional conditional paradigm (Sec. 3.3),
we train a variant denoted as the “Gaussian-Prior Baseline.” This
model follows the unCLIP approach by assuming a standard normal
prior po(z) = N(0,I) and treating the text embedding strictly as a
condition.

The quantitative evaluation of this baseline is recorded in Table 1,
where it exhibits a clear performance degradation compared to our
method. This decline stems from the unCLIP paradigm’s inability
to explicitly align or organize the cross-modal distributions. Conse-
quently, a perturbed conditional embedding from one category can
easily drift into the latent representation of another, resulting in a
noticeable probability of generating sketches that deviate from the
input class.

More importantly, as discussed in Section 3.3, this purely condi-
tional model generalizes poorly to the unseen prompts considered

1 s [
5 /
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(a) Incomplete structures

Fig. 9. Representative failure cases. (a) The outputs remain recogniz-
able as the prompted concepts but contain incomplete structures. (b) The
generated trajectories form text-like strokes resembling the prompt words
instead of the intended objects.

in our experiments. To illustrate this, we replicate the latent inter-
polation experiment using the unCLIP baseline, with results shown
in Figure 8 and Figure 10. The generated sketches exhibit abrupt
structural shifts and rapidly lose visual readability. Rather than
traversing a continuous semantic manifold, the model simply snaps
between isolated training modes, failing to synthesize structurally
coherent intermediate concepts.

4.7 Image-Conditioned Generation

Because CLIP aligns vision and language in latent space, replacing
the text prompt with a reference-image embedding extends Sketch-
Flow to zero-shot semantic abstraction and style transfer without
architectural changes or paired image-sketch fine-tuning. As shown
in Figure 11, SketchFlow captures the input’s core semantics, ge-
ometry, and pose in abstraction style.

5 Conclusion & Limitations

Conclusion. We present SketchFlow, a zero-shot text-to-vector
sketch framework that bridges discrete text concepts and continuous
sketch features through OT-CFM and a continuous GMM prior in
CLIP space. Its fast forward-pass generator achieves high visual
quality, follows human drawing styles, and shows promising local
zero-shot generalization beyond the QuickDraw vocabulary.

The results demonstrate that Optimal Transport geometry en-
ables CLIP-mediated zero-shot transport under label-only textual
supervision, reducing reliance on exhaustive fine-grained textual
annotations for individual training sketches.

SA Conference Papers 26, December 01-04, 2026, Kuala Lumpur, Malaysia.
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Limitations. The text-to-sketch mapping remains imperfect. As
shown in Figure 9, some outputs for prompts beyond the training vo-
cabulary retain recognizable concept-level structure but omit parts
of the intended shape, while others drift toward text-like strokes
resembling the prompt word rather than depicting the intended
object. Moreover, some unseen categories require increased search
variance (y) and still yield inconsistent results. We hypothesize that
this limitation reflects the locally uniform Gaussian assumption
around text anchors, whereas semantic manifolds can be complex
and non-Gaussian. Future work will develop more precise latent
mappings to better capture these non-Gaussian semantic structures.
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Fig. 10. Semantic Interpolation in CLIP Space. Each row visualizes a linear interpolation path between the discrete text embeddings of two distinct
concepts (e.g., smoothly morphing from an “Apple” to a “Leaf”, or from a “Palm” to a “Pine”). The intermediate generations maintain exceptionally uniform
structural transitions and logical stroke topologies without disjointed visual jumps. This progressive morphing provides compelling evidence that our model
successfully establishes a continuous generative manifold, rather than stochastically snapping to isolated known modes.
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Fig. 11. Zero-shot Image-Conditioned Vector Sketch Synthesis. As an intriguing extension, our model can seamlessly accept CLIP visual embeddings in
place of textual prompts. This substitution enables a zero-shot stylized redrawing effect, where the generated vector sketches effectively capture the core
semantic features and structural characteristics of the reference images.
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