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Abstract

Although electronic writing tools and environments
enhance writing efficiency and convenience, the absence
of the mechanical feedback between pen tip and medium
can easily lead to jitter, unintended joins, and struc-
tural deviations, thereby weakening character legibility
and personalized style. To address this, this paper pro-
poses a handwriting trajectory reconstruction method
that decouples and recombines content and style. To sys-
tematically learn the dynamic process of human writing
and achieve deep integration with device-side render-
ing while retaining editability, we represent handwritten
strokes as sequences of discrete coordinates. Inspired
by the human hierarchical writing and perception pro-
cess of “global first, local later,” we model handwrit-
ing trajectory reconstruction as a multiscale progres-
sive refinement task. We divide the reconstruction pro-
cess into two stages. In the content preservation stage,
original handwriting drawing parameters are used as
content guidance to maintain the consistency of char-
acter content. In the style aggregation stage, inspired
by representing style via amplitude components, we pro-
pose a phase-frozen amplitude-perturbation separation
scheme to achieve style control. Experiments show that
the proposed method not only improves character leg-
ibility and structural stability but also better preserves
individualized handwriting style, generating more nat-
ural stroke details compared to single-scale autoregres-
sive and image re-rendering approaches.
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1. Introduction

Since humans mastered writing, handwriting has always
been the foundation of information recording and transmis-
sion. In the digital era, although electronic writing tools
have greatly improved efficiency and convenience, the lack
of tactile feedback and pen resistance on screens causes
handwriting to wobble, disconnect, or become incomplete
during rapid writing, diminishing readability and individ-
ual writing style. Conversely, if one aims for neatness and
stylistic expression, speed must be reduced, sacrificing ef-
ficiency. Therefore, optimizing electronic handwriting tra-
jectories can enhance character readability while effectively
preserving the personalized features of users’ handwriting
during high-speed writing.

The current optimization for electronic handwritten char-
acters mainly involves recognizing the handwriting first
[2, 9, 43, 8] and then replacing it with character glyphs
from a font library for display. This process can improve
legibility, but users prefer their personalized handwriting
to be naturally preserved. A strategy that balances both is
to treat the conversion from original handwriting to opti-
mized handwriting as an image-to-image mapping of hand-
written Chinese character fonts [21, 22, 23]. The model
learns style embeddings from the user’s handwritten images
and uses them as conditional inputs to a generator, which
re-renders and reproduces the characters, resulting in hand-
written character images that are both more readable and re-
tain personal style. Although image generation models can
reconstruct handwritten character images, static image rep-
resentations are difficult to capture dynamic features such
as stroke order and speed, lack cross-resolution reuse capa-
bilities, and are challenging to integrate deeply with device-



side rendering [37, 11].

In order to learn the dynamic process of human writ-
ing more systematically and achieve deep integration with
device-side rendering while retaining editability, some stud-
ies propose a method based on sequence model to represent
handwriting character handwriting as a writing track coordi-
nate sequence, and use RNN, LSTM or Transformer pair se-
quences to predict the writing track coordinate sequence in
an autoregressive way. The autoregressive model captures
the dynamic process of human writing to a certain extent
by predicting the next coordinate [24] in the sequence in a
given context, but in the handwriting trajectory generation
task, the single-scale autoregressive method has the accu-
mulation of errors on the one hand, and on the other hand,
it cannot take into account the overall structure and stroke
details of Chinese characters in each step of prediction, re-
sulting in local smoothing of the generated results and the
imbalance of the overall structure [25, 38]. In order to alle-
viate this contradiction, one approach is to use the diffusion
model to approximate the trajectory distribution layer by
layer with multi-step denoising iteration. Another method
is to disassemble the reconstruction process into multiple
stages such as skeleton type, stroke refinement and dynamic
parameter optimization, so that the global structure and lo-
cal details can be optimized separately [34, 14]. Although
the aforementioned method alleviates the problem to some
extent, the real writing process is not a simple stack of im-
mediate reactions. Before the writer writes, he usually has
formed the overall outline of the target word in his mem-
ory. Then, under the constraints of this framework, the spe-
cific trajectory is gradually refined and generated according
to the stroke timing. Therefore, a top-down, multi-scale,
coarse-to-fine cognitive mechanism is closer to the actual
state of writing, and provides new enlightenment for hand-
writing trajectory modeling.

Handwriting naturally embodies randomness and hetero-
geneity driven jointly by the writer’s habits and kinematic
noise, making the reconstruction of handwritten characters
a significantly ill-posed problem [20]. Between the offline
image domain and the online trajectory (temporal coordi-
nate) representation, style (such as stroke slant, ligature, and
turns) and content (character structure) are highly coupled,
causing style injection in style transfer to easily introduce
systematic perturbations to content features [10, 25]. Stud-
ies have indicated that when analyzing image information
in the frequency domain, the magnitude component primar-
ily reflects rich textures and surface details, while the phase
component consistently plays a key role in preserving im-
age structure and semantic information across different im-
age domains [0, 3, 40]. Based on this observation, we an-
alyzed the magnitude and phase of handwriting trajectory
coordinate sequences in the frequency domain. As shown in
the Fig. 1, for the same writer, the magnitude spectra of dif-

ferent characters are similar, suggesting that the magnitude
primarily captures the stylistic motion statistics of writing.
Accordingly, we consider using the magnitude as the main
carrier for style injection, while employing the phase as the
core constraint to preserve content.
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Figure 1. Example of frequency-domain analysis of handwritten
trajectory coordinate sequences. Within the same writer, the am-
plitude spectra of different characters are similar, reflecting style
consistency; in cross-writer handwriting, the phase spectra of the
same characters are more consistent in abrupt change positions and
overall trends.

For online handwriting scenarios, we conduct adaptive
optimization of trajectories affected by stroke jitter, dis-
placement, and random stroke connections, enhancing char-
acter legibility while faithfully preserving the writer’s style.
Given that the coordinate sequences of online handwriting
trajectories more accurately reveal writing motion patterns
and inherently offer resolution independence and easy end-
side rendering integration, we decouple character content
and writing style from the trajectories. Under any content-
style combination, we reconstruct handwriting trajectory
sequences using an autoregressive approach. We propose
a multi-scale autoregressive reconstruction framework for
discrete stroke sequences, first reconstructing the overall
trajectory structure at the lowest scale, and then progres-
sively completing stroke details at higher scales, achieving
a coarse-to-fine trajectory reconstruction. We divide the re-
construction process into two stages: during the content-
preserving stage, original handwriting drawing parameters
serve as content guidance, maintaining handwriting con-
tent information in multi-scale autoregressive prediction. In
the style-aggregation stage, amplitude carries style features
while phase reveals temporal order and structural informa-
tion; by fixing the phase components and learning the user’s
writing style while perturbing the amplitude components,
trajectory style control is achieved. The contributions of
this paper are summarized as follows:

* Propose a method for optimizing handwritten scripts
based on a multi-scale autoregressive model. The
model optimizes handwriting by learning writing



styles and processes from a small number of charac-
ter samples provided by the user. The code is pub-
lic at: https://github.com/ethanliuyu/
WriteFreely

Inspired by the human mechanism of writing and per-
ception, which follows a “global before local” ap-
proach, we model the optimization of handwritten tra-
jectories as a multi-scale, coarse-to-fine progressive re-
finement process.

* Propose content guidance based on “imperfect” hand-
writing, and through the display of injected geometric
and temporal inductive biases, ensure that the gener-
ation process from coarse to fine continuously aligns
the character skeleton with the writing sequence.

Inspired by the representation of style through ampli-
tude components, a scheme for separating frozen phase
and perturbed amplitude is proposed to achieve style
control.

2. Related Work

2.1. Font Generation

In recent years, Chinese character font stylization has
become one of the research hotspots [37]. This task is
typically viewed as an image-to-image translation problem,
aiming to achieve the automatic generation and transfer of
font styles. Some methods use an end-to-end approach to
directly generate raster font images containing 9,169 char-
acters [46, 45, 35, 21]; other studies employ unsupervised
learning to separately encode the style and content of Chi-
nese characters as independent representations, generating
raster font images with specific style and content combi-
nations [36, 27, 51, 47]. Additionally, some studies use
sequence generation models [33, 20], representing vector
glyphs as a series of drawing instruction sequences, and en-
coding and decoding these sequences using RNN , LSTM
, or Transformer models to achieve stylized generation of
Chinese fonts. Although existing research primarily fo-
cuses on the generation of printed brush fonts, the technical
frameworks they rely on are fundamentally aligned with the
handwritten stroke optimization task, providing theoretical
support for this paper’s exploration of Chinese handwritten
style optimization.

2.2. Style Integration Strategy

Image-to-image (I2I) translation aims to learn the condi-
tional mapping between the source and target domains, so
that the output presents the appearance and style of the tar-
get domain while maintaining the content structure of the
source image [48, 15]. In this framework, font generation
can be considered a typical 121 task, using the glyph struc-
ture of the source font as a content constraint and mapping

it to the target style space, resulting in results that match the
target domain in terms of style attributes [21, 35]. Among
them, the few-shot font generation (FFG) method has at-
tracted widespread attention because it decouples font im-
age content and style, and generates new fonts by combin-
ing arbitrary content and style features [22, 23]. Accord-
ing to the fusion mode of style feature characterization, the
FFG method can be divided into two categories: global
style coding injection and local structured style injection.
Global style encoding injection encodes the overall style of
the reference font into a global vector or multiscale feature
map, and modulates the content features in the generator
by stitching, AdaIN/FiLM, or across attention, achieving
a style that gives the target domain while maintaining the
source character skeleton [39, 36, 26]. Local structured
style injection refines the style representation to the level
of components or strokes, and selectively injects it into the
corresponding content area in the way of component align-
ment and cross-attention, so as to solve the problem of con-
sistency and local diversity of combined text across words
[25, 41, 28]. However, this type of method will couple with
the content representation and easily cause disturbances to
the content structure regardless of whether it is style injec-
tion in the time domain or the image domain. In the lat-
est research, frequency domain analysis is increasingly be-
ing incorporated into deep learning models. Some studies
have pointed out that when analyzing image information in
the frequency domain, the amplitude component mainly re-
flects rich texture and surface details, while the phase com-
ponent always plays a key role in image structure and se-
mantic information in different image domains [6, 3, 40].
Accordingly, this paper proposes a style fusion strategy in
the Fourier domain, which realizes trajectory style regula-
tion by disturbing the amplitude component under the con-
dition of fixed phase component, and ensures that the struc-
ture and semantic information of the trajectory remain un-
changed.

2.3. Handwriting Font Generation

Compared with standardized typesetting fonts, handwrit-
ing is affected by human hand movements and habits, and
occasional ups and downs and individual differences are in-
evitable in the writing process, making its reconstruction a
difficult task [20, 18]. Based on capture technology, there
are two main methods of obtaining handwriting informa-
tion: offline and online. For offline methods, static 2D im-
ages captured by image scanning devices. The stylized re-
construction task of handwritten characters is represented
as an image style transfer task, and the style of the tar-
get domain is integrated while maintaining the content of
the source image by learning the mapping function between
the source domain and the target domain, so as to realize
the stylized modeling of the handwritten font [13, 29, 44].
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However, unlike the static image paradigm of overall ren-
dering, human writing is a step-by-step formative process
constrained by stroke order, accompanied by the temporal
evolution of speed and trajectory. Therefore, on the one
hand, it is difficult to characterize the timing dynamics and
stroke dependencies of pure static image representation, and
on the other hand, it is difficult to integrate with on-device
rendering due to the lack of cross-resolution multiplexing
capabilities. For online methods, additional dynamic infor-
mation of the handwriting can be captured through special
input devices such as stylus, stylus, etc., including writing
speed, pressure, tilt angle, etc., and the coordinate infor-
mation of the nib trajectory can also be utilized. In order to
characterize the timing characteristics of “write-out”, a gen-
erative model based on vector representation with topologi-
cal information is proposed [7, 1]. This method encodes the
process signals such as the drawing direction and stroke or-
der of the handwriting into a drawing instruction sequence,
and learns its conditional probability distribution to repro-
duce dynamic writing. Given the variable length of vec-
tor sequences, most models adopt an autoregressive struc-
ture [31, 1] to naturally handle vector drawing parameters
of variable length under a unified framework [25, 30, 16].
Based on the advantages of online handwriting being able
to explicitly characterize dynamic features such as stroke
order and speed, and vector instructions naturally support
cross-resolution multiplexing and device-side rendering in-
tegration, this paper uniformly represents handwriting as a
discrete coordinate sequence for modeling.

2.4. Autoregressive modeling

Autoregressive (AR) modeling [4] has been widely used
in the generative field, typically discretizing successive sig-
nals into token sequences and then predicting the next to-
ken [12, 42] under the condition of a given prefix. This
route has been a remarkable success in text. However,
the image [34] and handwritten character trajectories [25]
present two-dimensional spatial dependence and time di-
mension coupling at the same time, and the traditional AR
assumption of “one-dimensional causal order” is difficult to
take into account the multi-dimensional structure and tem-
poral constraints in a single inference, which can easily lead
to the local destruction of the structure, insufficient long-
distance dependent characterization, and error accumula-
tion [17]. In order to break through this bottleneck, the
recently proposed Visual Autoregressive Modeling (VAR)
redefines the AR learning of images from “next token pre-
diction” to “next scale (resolution) prediction”, and gener-
ates multi-scale discrete token graphs from top to bottom,
from coarse to fine. Tokens within the same scale can be
generated in parallel, so as to preserve spatial neighborhood
relationships without flattening the two-dimensional struc-
ture, and significantly improve the generation quality and

efficiency. In handwritten trajectory modeling, the single-
scale autoregressive method is difficult to take into account
both global glyphs and local stroke details [25, 38]. Existing
work may be done using diffusion models to approximate
the trajectory distribution through multi-step denoising, or
to disassemble the reconstruction into multiple stages such
as skeleton type, stroke refinement, and dynamic parameter
optimization [34, 14]. Inspired by VAR’s “coarse-to-thin,
cross-scale prediction”, we rewrite the handwritten trajec-
tory reconstruction as a multi-scale, step-by-step refinement
task. The global structure is first restored on the low-scale
coordinate sequence, and then the stroke details are grad-
ually completed at the higher scale, so as to suppress the
accumulation of errors while maintaining the overall con-
sistency.

3. Method Description
3.1. Method Overview

This paper targets online handwriting scenarios: by
adaptively optimizing trajectories corrupted by stroke jitter,
displacement, and random unintended ligatures, it improves
character legibility while emulating the user’s writing style.
Noting that time-indexed coordinate sequences more faith-
fully encode motor patterns and are inherently resolution-
independent and amenable to on-device rendering, we rep-
resent handwriting trajectories as temporal coordinate se-
quences (cf. Sec. 3.2.2). In the absence of paired per-
fect-imperfect data, we simulate imperfections by inject-
ing jitter, offsets, and connections into pen traces and apply
data augmentation to increase diversity (cf. Sec. 3.2.3; Sec.
3.2.4). We propose a multi-scale autoregressive reconstruc-
tion framework for discrete trajectory sequences, formulat-
ing reconstruction as coarse-to-fine progressive refinement
(cf. Sec. 3.3). The framework comprises two stages: in
the content-preservation stage, the original defective trace
guides generation, and explicit geometric and temporal in-
ductive biases keep the process aligned with glyph skeletons
and writing order (cf. Sec. 3.4); in the style-aggregation
stage, the model learns style features from multiple refer-
ence coordinate-sequence modalities and perturbs ampli-
tude components to control trajectory style (cf. Sec. 3.5).
Finally, three loss functions minimize the discrepancy be-
tween generated and ground-truth trajectory coordinates to
optimize the model (cf. Sec. 3.6).

3.2. Datasets and Data Preprocessing

3.2.1 Datasets

This study focuses on reconstructing online handwriting
trajectories, whereas the existing literature has predomi-
nantly emphasized handwritten character recognition and
generally lacks high-quality online handwriting datasets
suitable for training and evaluation. Consequently, we em-
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Figure 2. Overview of the proposed method. Targeting online handwriting, the model learns a user’s writing style from a small set of
character trajectory coordinate sequences and refines trajectories affected by stroke jitter, displacement, and random ligatures. We formulate
trajectory reconstruction as a multi-scale, coarse-to-fine progressive refinement: a content-preservation stage guided by character content,
followed by a style-aggregation stage that controls style by perturbing amplitude components while keeping phase components fixed.
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for the simulated connections.

ploy the CASIA-OLHWDB (1.0-1.2) online handwritten
Chinese character datasets [19]. As shown in Fig. 3(a),
these datasets were collected using an Anoto digital pen
and specialized dot-pattern paper, and they contain stroke
start/end indicators as well as full trajectory coordinate in-

formation. The training set contains approximately 3.7 mil-
lion online handwritten Chinese character samples from
1,020 writers, whereas the test set comprises 60 writers,
with each writer providing 3,755 characters. In addition,
we utilize the GIAHCC-UCAS2024 dataset [50], which in-



cludes 3,811 characters and a total of 368,688 samples.

3.2.2 Data Representation

We devise a structured coordinate representation for online
handwriting trajectories to achieve a unified data represen-
tation across both datasets. Figure 3(b) illustrates a hand-
written character as a temporally ordered sequence of N
coordinate points p; = (z;, y;). The onset of each stroke is
marked by inserting the sentinel token (0, 0) to indicate the
stroke boundary, and sequences shorter than N are padded
with (—1, —1) to ensure length alignment.

3.2.3 Handwritten Defect Dimulation

We address the scarcity of both “perfect” and “imperfect”
online handwriting data by perturbing trajectory coordi-
nates to emulate stroke jitter, stroke-level layout offsets, and
stroke concatenation observed in human writing. Stroke
jitter. We displace each coordinate in the trajectory by
Agy € [—5,5] to mimic fine-grained tremor during writ-
ing (Fig. 3(c)). Stroke offset. The interval between adja-
cent (0,0) tokens in the coordinate sequence corresponds
to one stroke. We apply a random displacement A, , €
[—5, 5] to each entire stroke to simulate layout perturbations
(Fig. 3(d)). Stroke concatenation. We randomly connect a
subset of strokes using quadratic Bézier curves to form con-
tinuous trajectories, reflecting speed-induced cursive effects
(Fig. 3(e)).

3.2.4 Data Augmentation

Data augmentation uses two methods: scaling and transla-
tion.

Scaling: The lines of the handwritten track are represented
using a quadratic Bézier curve formula B(t) = (1 —t)po +
tp1, where pg and p; are the Bézier curve control points. To
vary the endpoint of the lines, we keep the starting control
point pg fixed and calculate B(t) instead of p; by randomly
selecting tt from ¢ € {0.8,0.9,1.0,1.1,1.2}. This method
produces a slightly altered writing track while retaining the
main characteristics of the track.

Translation: We add a random offset A, to all z-
coordinates, with A, € [—5, 5], and similarly add an offset
A, to the y-coordinates. This method horizontally and ver-
tically shifts the handwritten characters, thereby augment-
ing the data.

3.3. Next-Scale Prediction

To better align with the human perceptual principle of
progressing from global structures to local details, we have
transformed the autoregressive modeling of handwritten tra-
jectory coordinates from the conventional “next-token pre-
diction” to a “next-scale prediction” paradigm. This ap-

proach operates through a “intra-block parallel, inter-block
autoregressive” mechanism, unifying global shape and fine-
grained details within a unified generative framework. The
coarse scale constrains the overall stroke trajectory and
character layout, while the fine scale refines stroke transi-
tions and intricate details, thereby achieving closer align-
ment with human perceptual patterns.

To formalize this, let the coordinate parameters of the
handwritten trajectory be represented as a vector X € RY.
The index set 1,..., N is partitioned into a sequence of
handwritten trajectory coordinates of progressively increas-
ing lengths:

INc1®c...c1® 10 =n, = LEkJ (1)
) k .
K

The sequence at the k-th scale is denoted as S*) =
Xx. The joint distribution of the complete trajectory is
factorized into autoregressive components across scales as
follows:

K
SUN =T p(s®sM, ..., s¢). ()

k=1

p(S(1)7"'7

Unlike the first-order autoregression that operates token-
by-token, our method generates the conditional distribution
for the entire coordinate sequence of length ny, at each scale
in a single step. Let the newly introduced incremental block
at step k be defined as:

o) — k) \[(k—l)’ oM = () 3)

where I(*) denotes the complete set of positions to be de-
termined up to scale k.

During inference, the process proceeds sequentially
across scales for k = 1,..., K. Atstep k, thf/:\model con-
ditions on the coordinate parameter sequence S*~1) deter-
mined at the previous scale, computes the conditional distri-
bution over all positions in set (%) through a single forward
pass, and generates candidate samples:

Sk o pg(S(k) | §(k*1))_ )

The procedure then executes two operations: first, it
locks the positions determined at the previous scale by
keeping the coordinate parameters on I(*~1) unchanged;
second, it writes the candidate values for the newly intro-
duced incremental indices C*) = T() \ 1(*=1) This is
formally expressed as:

§(k)| -1y S=1), §(k)| o S(k)| o 9

Equation (5) indicates that by step k&, the coordinate pa-
rameters on J(*~1) have already been determined and are
not resampled; only the new positions in C'*) are populated
with values obtained from Equation (4).



To supervise all K scales during training without violat-
ing causality, we introduce a block-wise causal mask in the
self-attention mechanism. Let the block index of position ¢
be denoted as:

b(i)) =min{k:ieI®}e{1,... K}. (6)

The attention mask matrix is defined as:

4 = {o, b@ < b@, o
—o0, b(j) > b(d),

where, position ¢ can only attend to contexts at its current or
coarser scales. Since the mask is applied in a single opera-
tion, all scales can be supervised in parallel during training
through a single forward pass, while during inference, the
process unfolds sequentially in the orderof k = 1,..., K.

3.4. Content Preservation

When modeling handwriting trajectories at different
scales, the over-smoothed coarse-scale trajectories tend to
compromise character content features. To mitigate this
issue, we introduce the drawing parameters V, € RN*?2
of the original (“imperfectly written character”) as con-
tent guidance. This denotes the original, imperfect, and
complete handwriting trajectory coordinate sequence input
by the user, consisting of N two-dimensional coordinate
points. Unlike the attention modeling paradigm in natu-
ral language processing, which primarily relies on content
similarity, coordinate sequences of handwriting trajectories
incorporate coupled dependencies in both two-dimensional
geometry and the temporal dimension. Based on this,
we explicitly inject geometric and temporal inductive bi-
ases into the multi-scale autoregressive prediction, ensur-
ing that the coarse-to-fine generation process consistently
aligns with the character skeleton and writing order, thereby
suppressing information loss at lower scales and enhancing
cross-scale consistency.

Specifically, V, is first transformed through feature em-
bedding and processed by a content encoder composed of
three self-attention layers, yielding content features F,. €
RN*4_ " For the input sequence S*) at the k-th scale,
V. € REX2 denotes the handwritten trajectory coordinate
sequence at the current scale. The drawing parameters V, at
the k-th scale are embedded to obtain scale-specific content

features Fc(k) € REL*4) For intra-scale self-attention, we
define:

Q.=FPWq, K.=F"Wg, V.=F"Wy,
®)

The corresponding attention weights and output are
given by:

A, = softmaxj(Q”K: + M<@>) € RIXL,

vd 9)
Fc/ = Acvvm

where softmax; denotes normalization along the key di-
mension j, and M (®) represents the intra-scale block-wise
causal mask.

To aggregate content information across different scales,
we apply cross-attention between F and F. Let:

Q. = FWg,

Ké:FcWI/(a ]:(Fc) :FCW‘//7 (10)

and explicitly incorporate geometric and temporal relative
distances into the scaled dot-product logits. Let the tem-
poral indices of query position % and key position j be t;
and t;, and their spatial coordinates be x; = (z;,y;) and
x; = (x;,y;), respectively. We define:

Atij =t;, — tj,

rij = A%z,

Axij = (zi — x5, yi — Yj),

Tij = Tij/ K,

(1)

where x > 0 is a normalization factor for coordinate scal-
ing. For each attention head h, an additive bias is applied to
the “logits”, incorporating a weighted combination of geo-
metric and temporal relative distances:

/ 1T

% —my, |Atig| + gn(Fiy),  (12)

where my, > 0 denotes the linear temporal slope of the h-
th attention head, and the spatial bias is given by a scalar
mapping function:

gn(Fi;) = MLPy([Azis, Ayij, 7ij]). (13)

Based on the aforementioned attention logits, we con-
struct the following cross-attention representation to estab-
lish a connection between the global content features and
the current scale:

Al = softmax;(Z + M) ¢ REXN,
F.=ALF(F.),

Zi; =

(14)

where M) denotes the cross-scale block-wise causal
mask.

3.5. Frequency Domain Style Aggregation

Under the discrete Fourier representation, let the spec-
trum of the handwritten trajectory signal be denoted as
F(X) = A(X) ® e ®X), We posit that style information
is primarily reflected in the spectral energy distribution of
the magnitude A(X), while temporal and structural charac-
teristics are governed by the phase ®(X). Based on this,
a style aggregation operator is designed to perturb A(X)
while preserving ®(X) unchanged, thereby enabling style
manipulation without altering the semantic structure of the
trajectory.

To rigorously analyze the separability of style-related
factors and character semantic structural factors in the fre-
quency domain, we apply the discrete Fourier transform



along the temporal dimension to the style aggregation in-
put tensor S € REX4 yielding:

F(Sy) = A(S,) @ el®t52), (15)

We denote the family of operators that perturb only the
magnitude spectrum as:

G ={ 9] F(9(5,) = (A(S,) + AA(S,)) © ),

lAAS)l <7},
(16)
Due to the bounded linearity of F —1, we obtain:
19(Ss) = Ss|| = [|FH((AA(Ss)) @ e ®ED) | -

<IFIAAS)] < e

where (F~! denotes the inverse discrete Fourier transform,
|I-1| is the Euclidean norm for vectors and the corresponding
induced operator norm for linear maps, AA(S5) is the per-
turbation applied to the magnitude spectrum, 7 > 0 is a pre-
scribed upper bound on the perturbation , and ¢ := || F |
is a constant depending only on the normalization of the
transform .

Let & be the encoder within the style aggregation mod-
ule, which outputs the feature:

Z = &(Ss) eR™,  Z=[Zs, Za], (18)

where Zg and Z 4 represent the phase-related and
magnitude-related sub-representations, respectively.

Let u € R be the parameters of the style prediction
head, s the style label, and L(:,s) the style discrimina-
tion loss. Consider the empirical risk under the magnitude-
perturbation-only operator family G:

M

= 1

Raty = 37 2 Eong| L(TE0(a(S(™), 5) |
m=1

19)
Denote Z' = £y (g(Ss)). Performing a first-order Taylor
expansion at Z yields:

L(u'Z's)~L(u'Z,s)+VzL(u'Z, s)T(Z’ - 7)
=L(u"Z,8) + V2, LT (Z — Zs)
+ VZA[,T(Z:A —Z2).
(20)
Since ¢ only modifies A(Ss) while keeping ®(S;) un-
changed, the phase-related pathway of the encoder re-
mains approximately invariant, whereas the magnitude-

related pathway undergoes significant changes: there exist
0 < § < € such that:

1Ze = Zoll < 0, 24— Zall 2 & 2D

Substituting the above into the Taylor expansion and tak-
ing expectations, we find that the dominant term originates
from the magnitude direction:

Egog (V2L (Z' = Z)| = Egug [V2 LT (Z4 — Z4)].
(22)

Under this theoretical framework, we propose a Fourier
domain-based style fusion module. This module employs a
cross-attention mechanism to aggregate amplitude features
from multi-source style references. By applying controlled
perturbations to the amplitude spectrum of the content char-
acter while preserving the phase component unchanged, it
achieves style manipulation while ensuring the stability of
character semantic representation. Specifically, In each iter-
ation, for content handwritten strokes, K handwritten char-
acter sequences are randomly selected as style references.
These are then passed through a style encoder, which con-
sists of a six-layer multi-head self-attention transformer, to
extract style features F, € RUKxL)xd,

To perform style aggregation and constraint in the fre-
quency domain, we first transform the content and style
features into the frequency domain and explicitly separate
their magnitude (amplitude) and phase components. Let
F and F~! denote the discrete Fourier transform (DFT)
and its inverse applied along the sequence dimension (of
length L). Suppose the features obtained from the content
branch are F,, € RY*? and the output of the style encoder
is Fy € RUSxL)xd Thep:

F(F,) e Ckxd  F(F,) e CExE)xd, (23)

From this, the magnitude spectra and phase spectra of
the content and style can be derived as:

A(Fc) = |-7:(Fc)‘7 (I)(Fc) = A‘F(Fc)v -A(Fs) = |]:(F9)|7

(24)
where || denotes the complex modulus and Z(-) represents
the phase. We then use the content magnitude A(F,) as
the query, and the set of style magnitudes A(Fy) as keys
and values, to aggregate amplitude information from the K

references through cross-attention:

A(Fy) = Attn(A(F.) W, A(F)Wk, A(F)Wy),
(25)
where Wq, Wi, Wy, are learnable projection matrices. To
achieve controlled perturbation, we employ residual-style
magnitude modulation:

A(F.) = A(F.) + No(A(Fs) — A(F.)),  (26)

where A € [0, 1] is the style intensity coefficient and o (+)
denotes the element-wise tanh gating function. The modu-
lated magnitude is then combined with the original phase to
reconstruct the frequency-domain features, which are sub-
sequently transformed back to the time domain via the in-
verse transform:

F(F.) =AF.) el F =F Y F(F.)). @7



The above process ensures that only the amplitude spec-
trum of the content character undergoes constrained pertur-
bation to incorporate stylistic features, while the phase com-
ponent ®(F,) is entirely preserved, thus maintaining the se-
mantic integrity of the handwriting trajectory.

3.6. Loss Function

During training, we optimize the model by minimizing
the discrepancy between the model-generated handwritten
trajectory coordinates and the ground-truth target trajectory
coordinates. Using the mean squared error (MSE) as the
loss function, the loss for the generated coordinate sequence
Y € R? and the target coordinate sequence ¥ € R2 is
defined as:

L
1 .
Lvse = I E lyi — il (28)
i1

In addition, we simultaneously impose a style-
consistency constraint in the frequency domain. Let F, =
Es(S,), F; = Es(Y), and F; = Eg(Y) denote the style
features extracted by the style encoder. We design the fol-

lowing two loss terms:

(29)

4. Experiments
4.1. Implementation Details

We train the model using the AdamW optimizer, set-
ting 81 = 0.9 and B2 = 0.999. The learning rate is set
to 2 x 107, The model is trained for 500 epochs on 8
RTX 4090 GPUs. Each training iteration randomly samples
one character from CASIA-OLHWDB [19] or GIAHCC-
UCAS2024 [50] as the input character, and four charac-
ters from CASIA-OLHWDB [19] as the target and style-
reference characters.

4.2. Evaluation Metrics

DTW: Dynamic Time Warping (DTW) [5] is used to
compute the distance between two sequences of different
lengths. Therefore, we use DTW to evaluate the similar-
ity between real and generated handwriting, where a lower
DTW value indicates higher similarity.

Content Score: We render handwritten characters from the
CASIA-OLHWDB dataset as 256 x 256 images; then train
the pre-trained ResNet-50 using the Adam optimizer with
a learning rate of 0.001. The ground-truth character class
probability is used as the content consistency score, aver-
aged over 1000 characters.

Style Score: For the style score, we train a ResNet-50 net-
work on the test set to recognize which writer produced
each character. The writer-identification probability serves

as the style consistency score, averaged over 1000 charac-
ters.

User Preference: We invited 40 volunteers to evaluate 200
characters generated by each method. Characters deemed
indistinguishable from the target font are counted as “cor-
rect”, and the average number of correct characters is used
as the quantitative metric.

4.3. Comparison with Other Methods

Our proposed method is compared with handwriting font
generation approaches, including Drawing WriteLikeYou
[32], Dift-Writer [30], ElegantlyWritten [25], and EHW-
Font[38] which model handwriting traces as sequential
data. Deeplmitator [49] and SDT [10] transform handwrit-
ing traces into images to generate stylized handwriting trace
sequences.

4.3.1 Quantitative Comparison

Table 1. Quantitative comparison of different methods under the
USSC and USUC settings on the Chinese dataset.
Setting  Method Stylet ContentT DTW | User(%) T

Diff-Writer [30] 41.02 72.23 1.4852 12.2
DeeplImitator[49] 52.88 87.18 1.3011 16.6
USSC WriteLike You[32] 76.21 94.25 1.1101 47.5
SDT[10] 85.31 95.71 0.9554 55.2
ElegantlyWritten [25]  89.10 96.04 0.8135 59.1
EHW-Font[38] 91.85 96.43 0.8012 61.2
Ours 95.65 96.86 0.7822 64.6
Diff-Writer [30] 3342 64.33 2.1037 8.1
Deeplmitator[49] 40.24 71.79 1.8123 10.4
UsuC WriteLike You[32] 64.21 90.24 1.3923 37.5
SDT[10] 80.31 93.51 1.1954 50.2
ElegantlyWritten [25]  85.10 94.12 0.8978 56.3
EHW-Font[38] 86.33 94.23 0.8643 57.1
Ours 91.37 95.76 0.8023 61.3

To comprehensively evaluate each method, we consider
two testing scenarios: Unseen Writing Style with Seen
Characters (USSC) and Unseen Writing Style with Unseen
Characters (USUC). USSC covers the 2,000 characters that
appear during training, whereas USUC consists solely of
characters absent from the training set.

Tab. 1 presents a quantitative comparison between our
method and six representative baselines. Overall, our
method achieves state-of-the-art performance across multi-
ple evaluation metrics. Notably, Deeplmitator [49], Write-
LikeYou [32], and SDT [10] jointly model style features
from multiple reference images, and EHW-Font [38] further
extends multi-character style learning to both image and se-
quence modalities. Nevertheless, whether one can explicitly
model and leverage multi-granularity style cues across mul-
tiple references remains a key factor affecting performance.
Our method controls style by applying controlled pertur-
bations to the amplitude spectrum of the content charac-
ters while keeping the phase component unchanged, thereby



preserving stable semantic representations of the charac-
ters. Another general observation is that content-related
scores are typically higher than style-related scores, indi-
cating that, compared with legibility restoration, achieving
realistic style imitation is more challenging.

Under the more stringent USUC setting , all methods
except ours exhibit a pronounced drop in performance,
highlighting the superior generalization of our approach to
unseen characters. Unlike typical autoregressive or non-
autoregressive paradigms, we frame handwritten trajectory
reconstruction as a multi-scale, coarse-to-fine hierarchical
refinement process: we first recover the global character
structure and stroke layout at a coarse level, and then pro-
gressively inject stroke trajectories and local details. This
design significantly surpasses prior state-of-the-art methods
on style imitation metrics while maintaining high fidelity in
both global structure and fine-grained stroke rendering.

4.3.2 Qualitative Comparison

As shown in Fig. 4, we compare several approaches to hand-
written trajectory reconstruction. Deeplmitator [49] com-
bines a Gaussian mixture model with conditional GRUs
and aggregates complementary style cues from multiple ref-
erence images, yielding stronger reproduction of complex
styles. Building on this trend, SDT [10] and Elegantly-
Written [25] adopt Transformer-based architectures with
multiple style references, where self-attention helps cap-
ture long-range dependencies across strokes and time. Fur-
ther, EHW-Font [38] extends ElegantlyWritten with dual-
modality learning, leading to more stable style representa-
tions. Distinct from the aforementioned autoregressive or
non-autoregressive paradigms, our approach adopts a pro-
gressive resolution evolution strategy. By prioritizing the
global layout at coarser scales before refining local details,
we effectively mitigate the structural distortion and over-
smoothing often observed in baseline methods. This hier-
archical dependency ensures that local stroke nuances are
generated within a stable global context, yielding recon-
structions that are structurally complete while remaining
stylistically consistent.

4.4. Ablation Study
4.4.1 Effectiveness of the Content Guidance Module

To further validate the design of the content guidance mod-
ule, we conduct ablation experiments under multiple con-
figurations, as shown in Tab. 2. The baseline model re-
moves the entire content guidance module and relies solely
on the decoder’s self-attention for modeling trajectory se-
quences. This setting results in notably lower Style and
Content scores, indicating insufficient alignment between
the generated trajectory and the underlying character struc-
ture.

Introducing a standard cross-attention mechanism sig-
nificantly improves performance, suggesting that modeling
global content-to-sequence alignment is beneficial. How-
ever, without structural inductive biases, spatial and tempo-
ral misalignment still occurs. To address this, we separately
incorporate temporal and geometric biases into the attention
logits. Experimental results show that the geometric bias
contributes more significantly than the temporal counter-
part, highlighting the importance of spatial configuration in
preserving the overall character shape. The complete con-
tent guidance module, which integrates both temporal and
geometric biases, achieves the best performance across all
metrics. It consistently improves style consistency, content
accuracy, and trajectory alignment (as measured by DTW),
confirming the effectiveness and complementarity of the
proposed biases.

Model Variant Stylet ContentT DTW |
w/o CG 83.33 89.46 1.0821
CA (no Bias) 90.11 93.58 0.8465
CA + Temp 91.35 94.02 0.8234
CA + Geo 93.18 95.17 0.7971
CA + Full (Qurs) 95.65 96.86 0.7822

13

Table 2. Ablation study on the content guidance module. “w/o
CG”: without content guidance; “CA”: cross-attention; “Temp”:
temporal bias; “Geo”: geometric bias. The full bias configuration
achieves the best performance in style preservation, content recon-
struction, and spatiotemporal alignment.

4.4.2 Effectiveness of Style Aggregation

To evaluate the effectiveness of the individual components
in our frequency-domain style aggregation module, we con-
ducted a series of ablation experiments. The results are pre-
sented in Tab. 3. We first replaced the frequency-domain
design with a time-domain baseline, where standard cross-
attention is directly applied to the original representations
F. andFj; in the spatial domain. This configuration neglects
spectral structure and performs poorly in both style consis-
tency (Style) and content preservation (Content), demon-
strating the importance of frequency-domain modeling for
style representation. Next, we performed cross-attention in
the frequency domain but perturbed both magnitude and
phase components simultaneously. Although this setting
enhances stylistic variation, it disrupts the semantic struc-
ture of handwritten characters, leading to a significant in-
crease in DTW, thereby highlighting the necessity of pre-
serving phase stability. We then separately perturbed the
magnitude and phase components to examine their respec-
tive roles. Results show that perturbing only the magni-
tude yields the best performance, suggesting that amplitude
primarily governs stylistic expression, while phase governs
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Figure 4. A qualitative comparison with the state-of-the-art online Chinese trace generation methods is presented.
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Model Variant Stylet Content? DTW |
Time-domain Cross-Attn 88.42 91.07 0.9448
Freq Cross-Attn (Mag + Phase) 91.36 93.15 0.8725
Freq Attn + Phase Perturb. 89.91 92.33 0.9024
Freq Attn + Mag Perturb. (Ours)  95.65 96.86 0.7822

Table 3. Ablation study on frequency-domain style aggregation.
Only perturbing amplitude while keeping phase intact (Ours)
yields the best trade-off between stylistic richness and structural
fidelity.

structural integrity. In contrast, perturbing only the phase
not only degrades Style and Content scores but also in-
troduces visible distortions to trajectory structure. Finally,
our full method (Ours), which perturbs only the magnitude
spectrum while keeping the phase unchanged, achieves the
best balance between stylistic enhancement and semantic
fidelity.

4.4.3 Effectiveness of Multi-Scale Modeling

To assess the effect of the multi-scale autoregressive strat-
egy on handwriting reconstruction, we evaluate six scale
partitions on the USUC dataset under the same model ar-
chitecture and training hyperparameters. When the scale
is set to 1, the model degenerates into a single-step, non-
autoregressive prediction that outputs all parameters at
once. As shown in Fig. 5, the style and content scores are

the lowest and the DTW is the highest at scale 1; increas-
ing the scale from 1 to 4 yields a “leap” in performance
and constitutes the main gain region. Further increasing the
scale to 7 brings small additional improvements in Style and
Content, while DTW decreases further, reaching a global
optimum around 8; when expanded to 14, the quality gain
saturates and slightly regresses. Meanwhile, the inference
latency grows approximately linearly with the number of
scales.

Multi-scale autoregression first captures global geome-
try and layout and then refines local details at finer scales;
therefore it markedly reduces early reconstruction error
compared with single-step prediction. However, when
the granularity becomes overly fine, the marginal benefit
quickly diminishes due to limited model capacity and data
diversity, and the longer prediction chain introduces error
accumulation and higher inference cost. Balancing quality
and efficiency, we adopt scale 8 as the default in subsequent
experiments. With larger models or richer data, the optimal
scale may shift to the right.

4.5. Analysis
4.5.1 Real Handwritten Character Optimization

To assess the effectiveness of the proposed strategy in real-
world use, we established an evaluation setup that mirrors
the acquisition conditions of the source dataset, employing
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Figure 5. Quantitative evaluation of character reconstruction under
different numbers of scales.

an Anoto digital pen and custom dot-pattern paper. We re-
cruited 10 writers, each of whom produced two sets of data:
(i) 200 deliberately perturbed, jitter-prone non-ideal char-
acters and (ii) 200 carefully crafted ideal characters. These
data constitute our real-handwriting test set. In parallel, we
randomly sampled 200 characters from CASIA-OLHWDB
and generated corresponding degraded versions following
the proposed simulation pipeline, yielding a simulated eval-
uation set for comparison against the real data.

Quantitative results are reported in Tab. 4. Reconstruc-
tion metrics on the real-captured data are slightly superior to
those on the simulated data. This observation indicates that
the writing styles and degradation patterns learned from the
zero-label simulated samples transfer robustly to genuine
handwriting trajectories, enabling high-fidelity recovery of
both content and style in real scenarios. Qualitative analy-
ses are presented in Fig. 6. The reconstructed trajectories
align closely with their ideal references in terms of stroke
onsets and offsets, stroke order and direction, and the ge-
ometry of key inflection points. These visual results further
substantiate that the label-free simulation scheme not only
accurately reproduces degraded writing in the synthetic set-
ting, but also transfers seamlessly to real capture condi-
tions, delivering stylistically consistent and content-faithful
reconstructions of real-world handwriting.

Modal Stylet ContentT DTW |
S 95.65 96.86 0.7822
R 96.87 97.32 0.7697

Table 4. Quantitative evaluation of real handwritten character re-
construction. R denote real handwritten, and S denote simulated
handwriting.
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Figure 6. Qualitative evaluation of real handwritten character re-
construction.

4.5.2 Pseudo-Character Experiments.
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Figure 7. Pseudo-character generation experiment. Red indicates
added strokes; green indicates removed strokes.
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To evaluate the model’s robustness to stroke-level pertur-
bations, we construct “pseudo-characters” from test glyphs.
While preserving the writer’s style, we perform controlled
edits by randomly or manually adding or removing one to
two strokes or stroke segments, thereby creating composi-
tions unseen in the training set. The edited samples serve as
inputs and are paired with the corresponding target glyphs
; the model then reconstructs the characters to produce out-
puts. In Fig. 7, added strokes are marked in red and removed
strokes in green. As shown in Fig. 7, the model effectively
suppresses extraneous strokes and completes missing com-
ponents, yielding outputs that are broadly consistent with
the targets in overall structure and stroke style.

4.5.3 Reconstruction Visualization at Multiple Scales.

We conducted a systematic evaluation of the model’s re-
construction performance on Chinese characters written by
four individuals across scales 1-8 and provided visualized
results. As shown in Fig. 8, the experiments verify that
the multi-scale prediction mechanism progressively accu-
mulates and refines fine-grained details as the levels ad-
vance. Because each level only needs to process the details
newly introduced at that scale, the model achieves improved
reconstruction quality with greater stability and efficiency.
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of reconstructed handwritten characters at

=]
(2]

Methods  Input
1D-CNN O 68.76 R 90.12

Acc. T Input

DCNN @ 71.67 R 94.37
1D-TCRN @ 75.45 R 95.22
PyGT @) 80.37 R 97.76

Table 5. Handwritten character recognition results. O represents
distorted characters, while R indicates characters reconstructed
using the proposed method.

4.5.4 Character Recognition Evaluation

To quantify the downstream benefit of our stroke recon-
struction, we compare character recognition accuracy under
two input conditions: distorted characters (O) and charac-
ters reconstructed by our method (R). We evaluate four
competitive recognizers 1D-CNN, DCNN, 1D-TCRN, and
PyGT using their standard configurations; only the input
source varies between @ and R. As summarized in Tab. 5,
averaged over all models, accuracy increases from 74.06%
(0)t094.37% (R). These consistent gains indicate that our
reconstructed strokes better preserve discriminative hand-
writing patterns and reduce distortions that hinder down-
stream recognizers, thereby providing an indirect but infor-
mative measure of reconstruction quality.

4.5.5 Inference Efficiency Analysis

To evaluate the practical deployability of the proposed
method, we compared the inference latency of our approach
against representative baseline methods. All tests were con-
ducted on a single NVIDIA RTX 4090 GPU with a batch
size of 1. The average inference time per character (in mil-
liseconds) was calculated over 1,000 runs.

Tab. 6 summarizes the experimental results. The
sequence-based diffusion model, Diff-Writer [30], incurs
the highest computational overhead due to its slow iter-
ative denoising process. Among sequence-based autore-
gressive methods, WriteLikeYou [32], Deeplmitator [49],
and SDT [10] employ the standard ‘next-token” prediction
paradigm. Their inference time grows linearly with the se-
quence length, creating a bottleneck in the generation pro-

cess. In contrast, we reformulate the generation process as a
‘next-scale” prediction task. By generating trajectory coor-
dinates in a coarse-to-fine manner across only 8 scales, we
achieve block-wise parallel generation within each scale;
this mechanism reduces the number of autoregressive steps
from to 8. Furthermore, by caching the style reference char-
acter features and bypassing the style encoder, the inference
time is further reduced to 386 ms, fully demonstrating its
superiority for real-time applications.

Table 6. Comparison of inference speed on an RTX 4090 GPU.
The proposed method significantly outperforms baselines due to
its multi-scale parallel generation mechanism.

Method Modality ~ Architecture Time (ms) |
Diff-Writer [30] Sequence  Diffusion 820.50
Deeplmitator [49] Sequence  GRU&CNN 495.20
SDT [10] Sequence  Transformer&CNN 488.15
WriteLikeYou [32] Sequence  RNN 442.30
ElegantlyWritten [25] Sequence  Transformer 358.60
EHW-Font [38] Seq +Img  Transformer&CNN 665.12
Ours Sequence  Transformer 488.42
Ours (Style Cache) Sequence  Transformer 386.21

4.5.6 Applications to Other Languages

To investigate the generalization capability of our model on
unseen scripts, we conducted handwritten character recon-
struction experiments on Japanese, Korean, and English. It
is important to emphasize that these experiments were im-
plemented in a zero-shot manner, meaning the model was
not trained on these specific languages. As shown in Fig. 9,
the proposed method effectively reconstructs these char-
acters. Notably, compared to Chinese characters, Korean
and Japanese generally feature fewer strokes and simpler
topological structures, making them relatively easier for the
model to process.

T Al B e 8 Englsh
o IC B SENI 2 English
w05 SN QENnglish

Figure 9. Applicability to Korean, Japanese and English handwrit-
ing

5. Conclusion

This paper proposes a method that enhances the legibility
of handwritten characters while preserving the user’s writ-
ing style. The model learns stylistic and dynamic handwrit-
ing patterns in the discrete coordinate-sequence modality
and reformulates trajectory reconstruction as a multi-scale,
coarse-to-fine refinement task. In the content preservation



stage, we inject geometric and temporal inductive biases to
ensure alignment with the underlying character skeleton and
stroke order throughout the generation process. In the style
aggregation stage, we achieve controllable style modulation
by adopting a magnitude-perturbation and phase-freezing
separation strategy. Encouraging experimental results val-
idate the effectiveness of our proposed approach. Limita-
tion: The model is trained solely on a simulated dataset and
does not address real-time deployment challenges. Nega-
tive Impact: This technique could potentially be misused
for forging or mimicking individuals’ handwriting or signa-
tures.
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