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Abstract

Space computing devices expand handwritten input from
two-dimensional screens into three-dimensional space, pro-
viding an unrestricted interactive experience. Due to the high
degree of freedom and lack of tactile feedback in in-air hand-
writing, handwritten characters not only become less legible
but also lose the writer’s personal style. This paper proposes
a method for reconstructing discrete in-air handwriting us-
ing continuous diffusion models, capturing the writing pro-
cess and style from a small number of user-provided hand-
written tracks and images, to restore the legibility of char-
acters and mimics the writer’s style. We represent handwrit-
ten track data in binary form and model it with continuous
diffusion models, recovering discrete handwritten track data
through threshold processing. Our approach reconstructs in-
air handwritten characters in two stages. During the content
preservation phase, we propose a partial noise injection strat-
egy based on reference sequence modeling, using the content
information of the original character as a guiding condition to
maintain content consistency in handwritten character. In the
style aggregation phase, we adaptively fuse the visual style
of the handwritten in the image modality with the dynamic
writing process in the sequence modality, overcoming issues
of insufficient style capture due to noise interference in the
backward process. Qualitative and quantitative experiments
demonstrate the superiority of our method.

Code —
https://github.com/ethanliuyu/GracefullyAirWritten

Introduction
Handwritten are a unique means of conveying informa-
tion and personal expression. With the growing prevalence
of virtual reality technologies, handwriting is no longer
limited to paper or screens and has expanded into three-
dimensional space. Unlike two-dimensional approaches, in-
air handwriting-with its high degree of freedom and lack of
tactile feedback-results in characters that are not only less
legible but also lack the writer’s personal style. Therefore,
optimizing in-air handwriting characters is essential for ad-
vanced human-computer interaction in the future.
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By integrating various somatosensory devices, re-
searchers have developed numerous in-air handwriting char-
acter recognition systems, focusing on algorithmic recogni-
tion of handwritten characters. Recent popular approaches
(Gan, Wang, and Lu 2019, 2020; Gan et al. 2023; Wang and
Du 2021) either use two-dimensional convolutional neural
networks (2D-CNNs) on handwritten stroke images or em-
ploy recurrent neural networks (RNNs) or one-dimensional
convolutional neural networks (1D-CNNs) on time-track
data. Although these methods perform well in recognizing
the content of in-air handwriting characters, they fail to re-
store the legibility of in-air handwriting characters or convey
the user’s handwriting style.

Figure 1: In-air handwritten characters have continuous
strokes and irregular jitter. Our method restores character
content and emulates the writer’s handwriting style.

The task of font generation enables the model to learn font
styles from a limited set of samples, achieving a high de-
gree of imitation and reproduction. Some approaches gen-
erate raster font images for 9,169 characters in an end-to-
end manner (Zeng and Pan 2022; Zeng et al. 2021; Liu et al.
2024b). Additionally, certain studies use unsupervised learn-
ing to generate raster font images for any combination of
style and content (Xie et al. 2021; Wang et al. 2023; Pan
et al. 2023; Liu et al. 2022; Zhu et al. 2020; Liu et al.
2026). However, these approaches treat fonts as static im-
ages, which differs from the dynamic process of human
handwriting. Humans draw characters sequentially, stroke
by stroke, rather than ”instantly generating a complete im-
age.” The raster representation of fonts not only overlooks
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personal style embedded in the writing process but also lacks
editability.

With advancements in sequence models like RNN,
LSTM, and Transformer, some methods have started mod-
eling handwritten characters, representing strokes as contin-
uous sequences of writing tracks (Zhang et al. 2017; Tang
et al. 2019; Dai et al. 2023; Liu et al. 2024a, 2025). How-
ever, due to the instability of hand movement and lack of
stroke pauses in in-air handwriting, characters tend to con-
nect with irregular jitter, posing challenges in modeling long
sequences for in-air handwriting strokes using autoregres-
sive approaches. Diffusion models, which gradually denoise
target data iteratively in a non-autoregressive (NAR) man-
ner, show unique advantages in natural language process-
ing (Li et al. 2022; Gong et al. 2023). Unlike the context-
dependent approach in natural language, however, handwrit-
ten characters require explicit guidance on content and style,
and the discrete nature of handwriting tracks presents limi-
tations for directly applying continuous space models.

The goal is to optimize in-air handwriting characters with
continuous lines and irregular jitter, restoring character con-
tent and mimicking the original style. We separate character
content and style from the handwritten track, combining any
style with content and reconstructing the in-air handwriting
track in a NAR manner. Due to the continuity of in-air hand-
writing strokes and the lack of gaps between characters, ef-
fective segmentation is challenging. We employ an overlap-
ping sliding window to obtain variable-length handwritten
strokes. We represent the in-air handwriting track as a dis-
crete sequence of SVG drawing parameters, converting these
parameters into binary sequences mapped to real number
space, and reconstruct it using continuous diffusion mod-
els. The reconstruction process is divided into two phases:
in the content preservation phase, we use a partial noise in-
jection strategy with reference sequence modeling to fully
leverage the content information of the original stroke, main-
taining consistency of handwritten stroke content. Since the
early-stage content features contain substantial noise, mak-
ing style extraction difficult, but the reference sequence in-
cludes the necessary strokes forming the target character, we
apply an adaptive fusion parameter during the style aggre-
gation phase to adaptively merge the bimodal style features
extracted from both content and reference sequences. The
contributions of this paper are summarized as follows:

• A diffusion model-based method was proposed to op-
timize in-air handwriting characters. With only a few
character samples, the model could optimize handwritten
traces by imitating the user’s writing process and style.

• We represented discrete handwritten trace sequences as
binary sequences, using continuous-state diffusion mod-
els for modeling. Discrete handwritten traces were gen-
erated through threshold quantization, avoiding the non-
smooth nature of directly generating discrete sequences.

• A partial noise injection strategy with reference sequence
modeling was proposed, utilizing the content information
of the original character as a conditional guide to main-
tain consistency of handwritten character content.

• The limitation of noise interference during the backward

process that restricts effective style extraction from con-
tent features was overcame. Through adaptive fusion,
we merged the visual style in the image modality with
the dynamic writing process in the sequence modality of
handwritten traces at different stages of sampling.

• To address the scarcity of paired ”perfect/imperfect hand-
writing” data, we designed a zero-annotation simulation
method that generates low-quality handwriting samples
for model training, thereby pioneering exploration in this
domain under data-constrained conditions.

Related Work
In-Air Handwriting Systems

In-air handwriting represents an innovative form of charac-
ter input that transcends traditional paper and screen limita-
tions by expanding into three-dimensional space. In recent
years, numerous in-air handwriting systems have been de-
veloped. For example, Amma et al. (2012) introduced a 3D
in-air handwriting system using glove sensors mounted on
the back of the hand, enabling users to write in mid-air. Xu
et al. (2015) designed an in-air handwriting Chinese charac-
ter recognition system based on Leap Motion. Additionally,
Gan et al. (2019) developed an in-air handwriting system
employing an LSTM-based sequence-to-sequence model.
These systems primarily focus on character or word recog-
nition. Moreover, with handwritten characters, lines tend to
connect, and the lack of spacing between characters makes
irregularities in the characters sequence more pronounced.
To address these issues, we treat in-air handwriting traces
as a series of variable-length segments and apply an over-
lapping sliding window approach, eliminating the need for
pre-alignment or character segmentation.

Handwriting Font Generation
Unlike printed fonts, however, handwritten fonts are charac-
terized by curved lines and varying character sizes, adding
complexity to the generation of handwritten fonts. Some
methods treat handwriting as images, capturing the visual
features of handwritten text to emulate individual handwrit-
ing styles to some degree (Gan and Wang 2021; Pippi, Cas-
cianelli, and Cucchiara 2023). However, these methods do
not consider the dynamic information of the writing pro-
cess. To address this limitation, several studies employ se-
quence models to process handwritten characters (Zhao et al.
2020; Tang and Lian 2021; Aksan, Pece, and Hilliges 2018;
Dai et al. 2023; Wang, Wang, and Liu 2025), incorporat-
ing both the visual characteristics of characters and the dy-
namic information of the writing process. While these meth-
ods can generate stylistically consistent font images, they
lack the capability to optimize handwritten traces. Addi-
tionally, these methods predict each subsequent mark in se-
quence, which can be inefficient when processing longer se-
quences of handwritten characters. In our approach, we treat
in-air handwriting characters as continuous writing track se-
quences, learning writing styles from these sequences and
employing an iterative NAR parallel optimization for in-air
handwriting characters.
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Diffusion Model
Diffusion models (Sohl-Dickstein et al. 2015; Ho, Jain, and
Abbeel 2020) generate high-quality outputs by iteratively
removing noise. Recent studies (Hoogeboom et al. 2021;
Austin et al. 2021) have adapted diffusion models for text
in discrete space, based on unconditional language model-
ing. Compared to autoregressive models, which predict each
token sequentially via causal attention masking, diffusion
models iteratively refine samples in a highly parallel man-
ner, requiring far fewer sampling steps than the data dimen-
sionality (Chen, Zhang, and Hinton 2023). Diffusion-LM
(Li et al. 2022) for constrained text generation and DiffuSeq
(Gong et al. 2023) for sequence-to-sequence text generation
were among the first to apply diffusion models to sequence
modeling, and this was followed by applications in machine
translation (Yuan et al. 2022; Gao et al. 2022) and summa-
rization (Zhou et al. 2023; Zhang, Liu, and Zhang 2023).
In contrast to natural language generation, generating dis-
crete drawing parameters remains a challenge due to the in-
herent discreteness of SVG drawing parameters. We convert
the coordinates of handwritten tracks into binary sequences
and model them using continuous diffusion models. This ap-
proach simplifies the generation of discrete data without the
need to introduce discrete state spaces or modify the diffu-
sion process.

Method Description
Method Overview
For in-air handwriting characters, we represent the dynamic
handwritten track through SVG vector drawing parameters
(cf. Sec. In-Air Handwriting Data Structure). An overlap-
ping sliding window approach is used to capture variable-
length handwritten tracks (cf. Sec. Sliding Window). We
convert the drawing commands and coordinates to bi-
nary sequences, which are then mapped to a real-number
space through a linear transformation (cf. Sec. Binarized
Encoding). Leveraging the advantages of continuous diffu-
sion models, we apply simple thresholding to the model’s
predictions to reconstruct the SVG drawing parameters (cf.
Sec. Forward Process and Reverse Process).We divide the
reconstruction process of in-air handwriting characters into
two stages: Content Preservation Stage (cf. Sec. Content
Preservation) and Style Aggregation Stage (cf. Sec. Style
Aggregation).

In-Air Handwriting Data Structure
As shown in Figure 2(a) and (b), to capture detailed writ-
ing features and maintain the editability of in-air handwrit-
ing strokes, we represent them as vector images drawn with
straight lines using SVG drawing parameters. Handwritten
strokes are composed of the drawing command parameters L
and M along with coordinates. Figure 2(c) provides a struc-
tured example of drawing parameters for handwritten char-
acters.

Simulates In-Air Handwritten
Since there is not yet any paired in-air handwriting data
of “stroke discontinuity” and “stroke continuity”, we add
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Figure 2: (a) Example of handwritten character. (b) SVG
drawing parameters for handwritten character. (c) Visual-
ization of in-air handwriting character data structure. The
drawing command begins with SOS, command M denotes
the starting point, and L denotes the drawn track sequence,
ending with EOS. Zeroes indicate padding. (d) Binary fea-
ture encoding, with drawing coordinates converted to binary
and mapped to a continuous real-number space using linear
transformation.(e) Using quadratic Bézier curves (red line)
to connect the end and start points of lines, simulating the
continuity of in-air handwritten strokes. Add coordinate off-
sets to simulate jitter in in-air handwriting.

stroke connections and jitter to the CASIA-OLHWDB
dataset to simulate in-air writing. Stroke Connection: As
shown in Figure 2(e), the end point of one line is denoted as
the start point p0 of a quadratic Bézier curve, and the start
point of the next line as the end point p2. The control point
p1 is positioned at the midpoint of the line connecting p0
and p2, at a distance h from this line. After obtaining the
quadratic Bézier curve, it is fitted with a linear Bézier curve.
Stroke Jitter: To simulate the jitter caused by lack of hand
stability, an offset ∆x,y ∈ [−5, 5] is added to each coordi-
nate.

Data Augmentation
Data augmentation uses two methods: Scaling: The lines
of the handwritten track are represented using a quadratic
Bézier curve formula B(t) = (1− t)p0 + tp1, where p0 and
p1 are the Bézier curve control points. To vary the endpoint
of the lines, we keep the starting control point p0 fixed and
calculate B(t) instead of p1 by randomly selecting tt from
t ∈ {0.8, 0.9, 1.0, 1.1, 1.2}. This method produces a slightly
altered writing track while retaining the main characteris-
tics of the track. Translation: We add a random offset ∆x

to all x-coordinates, with ∆x ∈ [−5, 5], and similarly add
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Figure 3: In-air handwritten character data augmentation.

an offset ∆y to the y-coordinates. This method horizontally
and vertically shifts the handwritten characters, thereby aug-
menting the data. In-air handwritten character data augmen-
tation is illustrated in Figure 3.

Binarized Encoding
Since the drawing parameters are discrete, a straightfor-
ward approach would be to re-encode the drawing param-
eters using a discrete data space and state space(Liu et al.
2024c; Ren et al. 2023; Kong, Liu, and Yao 2025). How-
ever, this would require defining an independent state or
category for each discrete value, increasing complexity dur-
ing model generation and inference. We convert the coordi-
nates of the drawing parameters to binary, then apply a linear
transformation to map the binary {0, 1} to the continuous
real number space {−1.0, 1.0} ∈ R. This avoids a com-
plex discrete state space, allowing direct use of continuous
diffusion models. Specifically, for the i-th drawing parame-
ter vi = (hi, pi), the drawing command hi has four states,
represented with log2 4 bits. The coordinate range is set to
[0, 255], with each coordinate represented using log2 256
bits. A linear transformation then maps it to {−1.0, 1.0},
providing a reversible transformation without any training
parameters. The feature encoding of the i-th drawing param-
eter is shown in Figure 2(d).

As shown in Figure 4, the data generated by the contin-
uous diffusion model can directly partition the noise space
into two regions, each corresponding to a possible output
of a Bernoulli distribution, ensuring that the generated re-
sults strictly follow the target distribution. This method al-
lows the model to remain differentiable during training and
ultimately achieve a discrete effect through simple thresh-
olding or region partitioning.

Sliding Window
The size of the sliding window is defined as p/2 + p. Each
window overlaps with the previous one by p/2 at each shift.
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Figure 4: Invertible binary encoding of discrete coordinate
parameters. Bernoulli-partition-based discretization of the
noise space in a continuous diffusion model.

This overlap retains part of the stroke information at the win-
dow boundaries to provide contextual information. We in-
clude the coordinates from the drawing parameters that fall
within the current window into the selected sequence, while
truncating those outside.

Forward Process
To maintain the consistency of handwritten stroke content
during reconstruction, we propose a partial noise injection
strategy that references the source sequence for modeling.
First, we concatenate the content handwritten strokes x ∈
R(L/2+L)×18 and target handwritten strokes y ∈ RL×18 as
z = x0 ⊕ y0. The input is mapped via a linear layer to
z0 ∈ R(N+L)×d, where N = L/2 + L. Sine-cosine posi-
tion encoding is then added to z0. This transformation al-
lows us to convert discrete drawing parameters into a stan-
dard Markov forward process.

During the forward process, z0 is perturbed. With each
step q (zt | zt−1), noise is injected only into yt−1, preserv-
ing the overall integrity of zt. This modification enables dif-
fusion models to use x as a content reference in modeling.
After T steps of forward random perturbations, z0 is ulti-
mately converted to partial Gaussian noise yT ∼ N (0, I).

q (zt | zt−1) = N
(
zt;

√
1− βtzt−1, βtI

)
, (1)

where t = 1, 2, . . . , T and {βt ∈ (0, 1)}Tt=1 represent the
variance schedule. We define αt = 1− βt and αt = 1− βt

and ᾱt =
∏t

i=1 αi. At any time step zt,

zt =
√
ᾱtz0 +

√
1− ᾱtϵ, (2)

where ϵ stands for Gaussian noises. Thus sampling zt at ar-
bitrary timestep has a closed form:

q (zt | z0) = N
(
zt;

√
ᾱtz0, (1− ᾱt) I

)
, (3)
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where ᾱt = 1 −
√
t/T + s represents the sqrt noise sched-

ule, with s being a very small constant.

Reverse Process
The reverse process generates data from isotropic Gaussian
noise zT , and gradually recovers z0 via the reverse distribu-
tion pθ (zt−1 | zt) .

pθ (z0:T ) := p (zT )
T∏

t=1

pθ (zt−1 | zt, z0) . (4)

We can sample zt−1 using this formula, implementing the
reverse generation process.

x̂0(zt, ϵt) =
zt −

√
1− αt ϵt√
αt

, (5)

zt−1 =
√

αt−1 x̂0 +
√
1− αt−1 − σ2 ϵt + σ2ϵ. (6)

We compute the variational lower bound following the
original diffusion process.

LVLB = min
θ

[
T∑

t=1

∥∥∥y0 − f̃θ (zt, t)
∥∥∥2 +R

(
∥z0∥2

)]
,

(7)
where the regularization term R

(
∥z0∥2

)
maintains the sta-

bility of embedded features. Here, f̃θ (zt, t) denotes the
reconstructed features of the model, represented as ŷ0 ∈
R(L×18). During model optimization, strict constraints en-
forcing exact binary outputs are unnecessary, allowing op-
timization in a continuous space, which avoids the non-
smoothness associated with generating exact binary values.
A simple thresholding of the model’s reconstruction restores
the original discrete plotting parameters, with each model
output corresponding to a unique and meaningful plotting
parameter.

Content Preservation
Unlike natural language processing (NLP), which models
target sentences based on contextual information, the con-
text of handwritten characters is only weakly associated with
the noise yt (i.e., previous and subsequent handwritten char-
acters are independent). We propose reconstructing only the
noise yt while using unperturbed xt as a conditional guide
for handwritten characters content. The model iteratively ap-
proximates the target data distribution over T steps without
relying on a separate content encoder or classifier.

As show in Figure 5(d), we split the feature zt to obtain
xt and yt. Treating yt as query Q and key Ky , we com-

pute self-attention Ay = softmax

(
QK⊤

y√
d

)
∈ RL×L. Then,

considering xt as key Kx and value V , we calculate cross-
attention Ax = softmax

(
QK⊤

x√
d

)
∈ RL×N . The aggregated

handwritten stroke content features Vy = AxV ∈ RL×d are
then assigned to each query token. Subsequently, using Vy

as the value, we broadcast the global information to yt, re-
sulting in the final output zc = AyVy ∈ RL×d, equivalent
to:

zc = σ
(
QKT

y

)
σ
(
QKT

x

)
V, (8)

where σ(·) represents the softmax function.Finally,by
combiningzt and zc through residual connections, we obtain
the updated feature representation z′c = [xt; yt + zc]. This
approach avoids self-attention calculations for zt, reducing
computational complexity while facilitating information ex-
change between xt and yt.

During iterations, the model optimizes for the current dif-
fusion step. We use Adaptive Layer Normalization (AdaLN)
(Peebles and Xie 2023) to incorporate the diffusion timestep
t into the model, where an MLP learns modulation param-
eters γc and βc to adjust normalized features with timestep
information.

AdaLN(z′c, t) = γc(t)⊙
(
z′c − µc

σc

)
+ βc(t), (9)

where µc and σc represent the mean and standard deviation.

Style Encoder
Sequential Style Encoder. In each iteration, for content
handwritten strokes, K handwritten character sequences are
randomly selected as style references. These are then passed
through a style encoder, which consists of a six-layer multi-
head self-attention transformer, to extract style features fs ∈
R(K×L)×d.
Image Style Encoder. For K in-air handwriting character
sequences, binary rasterized images are created. The fea-
tures fc ∈ RK×1024 are then extracted using a six-layer
Conv-BN-ReLU network. We employ contrastive learning
to pre-train the image style encoder. After pre-training, the
gradients of the image style encoder are frozen.

Style Aggregation
In the early sampling stages, the content feature zy consists
of substantial noise and lacks effective content information.
This prevents the cross-attention mechanism, when using zy
as the query to aggregate style features, from focusing on
relevant style features. On the other hand, zx contains the
content features of the input character; despite the contin-
uous lines and irregular jitter present in zx, it still encom-
passes the essential lines forming the target character. There-
fore, we propose an adaptive style aggregation module.

Specifically, we divide the features from the previous
layer into two parts: z′c = [zx; zy], where zx represents con-
tent features with distortions and continuous lines, and zy
represents content features containing noise. Then, we apply
a linear projection to zx of shape

(
1
2L+L

)
× d, mapping it

to a tensor of shape L× d. We then use zy as query Qy and
zx as query Qx, performing dot product operations with the
Key Ks of the style features, resulting in Uy = QyK

⊤
s and

Ux = QxK
⊤
s .

In each fusion module, after embedding the feature at time
t, it is fed into a linear layer to predict an adaptive fusion pa-
rameter α, which is used to integrate Uy and Ux to generate
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a fused attention matrix at different sampling stages:

As = σ

(
αUx + (1− α)Uy√

d

)
, (10)

where σ(·) represents the Softmax function.
For the style feature fc extracted by the image style en-

coder, an MLP layer learns a γ ∈ R1×d and a β ∈ R1×d.
Applying AdaIN to the style features fs extracted by the se-
quence encoder, we obtain the Value Vs.

AdaIN(fs, fc) = γ

(
fs − µ(fs)

σ(fs)

)
+ β, (11)

where µ(fs) and σ(fs) are the normalization operations for
feature fs.

The fused style features of the sequence and image modal-
ities Vs are aggregated with the queried style features using

the attention matrix zs = AsVs. Finally, a residual connec-
tion is applied to obtain the fused style feature representation
z′s = [zx; zy + zs].

Experiments
Handwriting Dataset. The CASIA-OLHWDB (1.0-1.2)
dataset (Liu et al. 2011) includes approximately 3.7 mil-
lion online handwritten Chinese characters from 1,020 writ-
ers as the training set. For testing, 60 writers each provide
3,755 characters. Additionally, we tested on the IAHCT-
UCAS 2018 (Gan, Wang, and Lu 2020) real in-air handwrit-
ten dataset .
Evaluation Metrics. We use Dynamic Time Warping
(DTW) (Chen et al. 2022) elastic matching technology to
calculate the distance between generated and real handwrit-
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Figure 6: Qualitative comparison with state-of-the-art online Chinese stroke generation methods.

Method
Simulate In-Air Handwritten Characters

(CASIA-OLHWDB)
In-Air Handwritten Characters

(IAHCT-UCAS 2018)

Style ↑ Content ↑ DTW ↓ User ↑ Style ↑ Content↑ DTW ↓ User ↑
Drawing (Zhang et al. 2017) 25.57 52.42 2.1331 3.6 20.46 43.42 2.4331 3.5
FontRNN (Tang et al. 2019) 33.04 58.71 2.0881 6.7 25.21 48.28 2.1125 6.2
Diff-Writer (Ren et al. 2023) 39.31 62.03 1.9122 8.1 29.32 54.33 2.0932 6.9
DeepImitator (Zhao et al. 2020) 45.31 68.03 1.7322 9.6 39.32 62.21 2.0675 7.6
WriteLikeYou (Tang and Lian 2021) 70.35 80.48 1.4232 40.6 64.32 72.23 1.8941 32.5
SDT (Dai et al. 2023) 80.46 86.21 1.2021 56.7 72.34 81.67 1.5365 46.4
ElegantlyWritten(Liu et al. 2024c) 83.50 90.54 1.1114 64.2 80.50 87.94 1.3387 51.1
Ours 88.41 93.87 0.9214 69.5 87.85 92.16 1.0989 68.3

Table 1: Comparisons with state-of-the-art methods on CASIA-OLHWDB and IAHCT-UCAS 2018.

ing trajectory sequences , allowing for nonlinear alignment.
The content-and-style scores and the user-preference study
were conducted exactly as in ElegantlyWritten (Liu et al.
2024c).

Comparison with Other Methods
Qualitative Comparison. The visual results of simulated
and real in-air handwritten characters are shown in Figure 6.
In contrast, our method progressively iterates on the origi-
nal stroke as a conditioning guide, reconstructing the hand-
written character step-by-step, consistently extracting stable
style features across image and sequence modalities, which
enhances stability and style coherence.
Quantitative Comparison. Table 1 presents the quantita-
tive analysis results of simulated and real in-air handwritten
data. In contrast, our method exhibits a smaller decline in
performance on in-air handwriting characters, maintaining a
substantial advantage across various metrics. However, hu-

man perception is sensitive to subtle differences, and testers
can still detect minor discrepancies between synthetic and
real strokes.

Ablation Study
Analysis of Feature Encoding Effectiveness. We com-
pared the L2 loss, Logistic loss and Cross-Entropy loss with
two feature encoding methods, with experimental results
shown in Table 2. Our method bypasses the complex dis-
crete state space of traditional models and leverages the ad-
vantages of diffusion models by using the L2 loss function
to achieve smooth, continuous gradients.
Effectiveness of Partial Noise Injection Strategies. As
shown in Table 3, when the partial noise injection strategy
is removed, the lack of conditional guidance on handwrit-
ten character content leads to a significant drop in genera-
tion quality, with the content score being most noticeably
affected.
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Feature
Encoding

Loss
Function Style ↑ Content ↑ DTW ↓

One-Hot Cross-Entropy 78.28 88.64 1.4357
One-Hot L2 56.43 68.55 1.9786
Binarized Logistic 82.28 89.73 1.2836
Binarized L2 87.85 92.16 1.0989

Table 2: Comparison of different feature encoding methods
and loss functions.

Partial Noise
Injection Strategy Style ↑ Content ↑ DTW ↓

w/o 73.55 76.61 1.5142
w/ 87.85 92.16 1.0989

Table 3: Ablation study of the partial noise injection strategy.

Input
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Figure 7: Optimized results of capturing incomplete in-air
handwritten characters using overlapping sliding windows.
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Figure 8: Simplicity analysis of drawing commands. Black
numbers indicate the order in which each stroke is written.
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Figure 9: Optimization results for characters with different
degrees of distortion.
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mization.

Analysis
Optimization of Incomplete Characters. As shown in Fig-
ure 7, we use overlapping sliding windows, allowing a char-
acter that is incomplete in one window to be fully captured
in the next. Overlapping windows provide the model mul-
tiple observations of the same data position, enhancing its
ability to capture incomplete characters.
Simplicity Analysis of Drawing Commands. The number
of vector plotting parameters for each line indicates the sim-
plicity of its representation. As show in Figure 8, our method
optimizes handwritten strokes to achieve simplicity in stroke
representation.
Handwriting Correction. We introduced three levels of dis-
tortion to handwritten characters to test our method’s ability
to restore character readability. As shown in Figure 9, char-
acter readability improves as our method eliminates irregu-
lar distortions in the original handwritten characters while
preserving the user’s unique handwriting style.
Effect of Incorrect Stroke Order. Despite the strict stroke
order required for Chinese characters, variations in individ-
ual writing habits can result in deviations from the standard
sequence. We input characters with a randomized stroke or-
der into the model. As shown in Figure 10, our method ef-
fectively adjusts the strokes, restoring high readability in the
characters. This finding demonstrates that our approach can
accommodate variations in writing errors.

Conclusion
This paper proposes a method to improve the readability of
in-air handwritten characters while reproducing the user’s
writing style. By modeling the discrete trajectory parame-
ters of in-air handwriting with continuous diffusion models
and reconstructing them through a two-stage process. The
promising experimental results verify the effectiveness of
our proposed method. Limitation: The model was trained
on simulated in-air handwriting datasets. Real-time is not
considered. Negative Impact: This technology could poten-
tially be misused to mimic a user’s signatures.
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