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Abstract

Generating sketches with specific patterns as expected, i.e.,
manipulating sketches in a controllable way, is a popular task.
Recent studies control sketch features at stroke-level by edit-
ing values of stroke embeddings as conditions. However, in
order to provide generator a global view about what a sketch
is going to be drawn, all these edited conditions should be
collected and fed into generator simultaneously before gen-
eration starts, i.e., no further manipulation is allowed during
sketch generating process. In order to realize sketch drawing
manipulation more flexibly, we propose a hierarchical auto-
regressive sketch generating process. Instead of generating an
entire sketch at once, each stroke in a sketch is generated in
a three-staged hierarchy: 1) predicting a stroke embedding to
represent which stroke is going to be drawn, and 2) anchor-
ing the predicted stroke on the canvas, and 3) translating the
embedding to a sequence of drawing actions to form the full
sketch. Moreover, the stroke prediction, anchoring and trans-
lation are proceeded auto-regressively, i.e., both the recently
generated strokes and their positions are considered to pre-
dict the current one, guiding model to produce an appropriate
stroke at a suitable position to benefit the full sketch genera-
tion. It is flexible to manipulate stroke-level sketch drawing at
any time during generation by adjusting the exposed editable
stroke embeddings.

Code — https://github.com/SCZang/Sketch-HARP
Extended version — https://arxiv.org/abs/2511.07889

Introduction

Free-hand sketches are valuable tools to convey messages
and express emotions. Generative models are trained to pro-
duce sketches with specific patterns as expected, i.e., ma-
nipulating sketches in a controllable way. Several applica-
tions have been introduced to verify whether a model could
manipulate sketches accurately and robustly. Controllable
sketch synthesis (Zang, Tu, and Xu 2021) requires gener-
ate sketches to preserve both categorical and stylistic pat-
terns from the input sketches. Sketch healing (Su et al. 2020)
targets to restore missing details from corrupted sketches.
Sketch analogy (Ha and Eck 2018) aims to generate sketches
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Figure 1: Manipulating sketches at stroke-level by

SketchEdit (Li, Tu, and Xu 2024) and the proposed Sketch-
HARP. For SketchEdit, the editable stroke embeddings are
simultaneously collected and fed into the generator before
generation starts, i.e., no manipulation is allowed during
sketch generating process. Sketch-HARP generates sketches
in a hierarchical process, i.e., with a given sketch code, a
group of stroke embeddings are firstly generated, which are
secondly translated into drawing actions and positioned on
the canvas. The exposed stroke embeddings are editable and
could be flexibly adjusted during sketch drawing to enable
stroke-level sketch drawing manipulation.

with hybrid patterns collected from multiple sketches given.
These applications are instance-level sketch manipulations,
i.e., the adjustments are applied on the full sketch instead of
partial components. As a result, it is not flexible enough to
precisely control some specific local contents (e.g., adjusting
the shape of a single stroke) in a reliable manner.

Recently, SketchEdit (Li, Tu, and Xu 2024) is proposed to
manipulate sketches at stroke-level. Each sketch is separated
by a group of strokes with paired 2D coordinates to locate
them on the canvas, and it is able to control features and
locations of strokes by editing their captured embeddings’
values. However, as shown in Fig. 1(left), when manipulat-
ing sketches by SketchEdit, in order to provide its genera-
tor a global view about what a sketch is going to be drawn,
all the adjusted stroke embeddings should be simultaneously
collected and fed into its generator before generation starts.
As aresult, no further manipulation is allowed during sketch
generating process.

We propose a hierarchical auto-regressive sketch gener-
ating process for flexible sketch drawing manipulation at
stroke-level. On one hand, our generative process is in a hi-
erarchical manner. Instead of producing the entire sketch at



once, we generate stroke embeddings to bridge the starting
sketch code with the final generated sketch, shown in Fig.
1(right). More specifically, each stroke is generated in three
stages: firstly predicting a stroke embedding to represent
which stroke is going to be drawn, and secondly determin-
ing the stroke’s position on the canvas, and finally translating
stroke embedding to a sequence of drawing actions to form
the full sketch. Such a generating process imitates human
sketching procedure well: 1) realizing which sketch compo-
nent is going to be drawn, and 2) considering where to settle
the pen, and 3) moving the pen to draw a stroke. Moreover,
as stroke embeddings are exposed during sketch generating
process, we can edit them at any time during generation to
realize flexible stroke-level sketch drawing manipulation.

On the other hand, the separated stroke embedding predic-
tion, position determination and embedding translation are
all auto-regressively processed. When generating a stroke,
the recently produced strokes along with their positions
are both considered as references, which requires model to
have a global view about what the current unfinished sketch
would be like and further to generate an appropriate stroke
at a suitable location to benefit sketch generation.

To realize these above, we propose a method, namely
sketch generation in a Hierarchical Auto-Regressive Pro-
cess (Sketch-HARP) for flexible sketch drawing manipu-
lation at stroke-level. A stroke encoder and a position en-
coder are employed to capture embeddings for strokes and
their starting positions on the canvas, respectively, and a re-
lationship encoder is for incorporating strokes’ features be-
fore sent into a sketch encoder to obtain sketch codes. The
sketch code is fed into a hierarchical auto-regressive gener-
ator to recursively produce paired stroke embeddings, start-
ing positions, and drawing actions step-by-step in a queue.
To summarize, we make the following contributions:

1. We introduce Sketch-HARP to generate sketches in a hi-
erarchical process to enable flexible sketch drawing ma-
nipulation at stroke-level.

. We propose an auto-regressive generator to recursively
generate sketch strokes and their positions on the canvas
by turns, producing appropriate strokes at suitable loca-
tions to benefit sketch generation.

. Experimental results indicate that Sketch-HARP
achieves accurate and robust performance on many
sketch manipulating applications, such as stroke
replacement, stroke erasion, stroke expansion, etc.

Related Work
Sketch Generation

Learning accurate sketch representations is a common ap-
proach to improve sketch generation. Sketches are repre-
sented by sequences of drawing actions (Ha and Eck 2018;
Wang et al. 2024; Li, Tu, and Xu 2024), raster images (Chen
et al. 2017; Li et al. 2024; Li, Tu, and Xu 2025), or both (Su
et al. 2020; Zang and Fang 2025) for learning contextual in-
formation among strokes and visual patterns from canvas.
Besides, self-organizing sketch representations into specific
structures in the latent space could also regularize networks
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to benefit sketch learning. For example, constructing a Gaus-
sian mixture model (GMM) distributed latent space (Zang,
Tu, and Xu 2021, 2024) would encourage sketches with sim-
ilar patterns to be clustered together, further contributing to
accurate and robust sketch pattern representation.

Employing powerful network structures is another ef-
fective approach. The long short-term memory (LSTM)
(Graves and Graves 2012) based generator proposed by (Ha
and Eck 2018) is widely used to produce a sequence of draw-
ing actions to describe sketches (Zang, Tu, and Xu 2023; Li,
Tu, and Xu 2024; Su et al. 2020). Its generating process imi-
tates how humans draw a sketch stroke-by-stroke. Diffusion
model (Ho, Jain, and Abbeel 2020) based architectures are
also utilized to morph and locate strokes for constructing
recognizable sketches (Wang et al. 2023; Das et al. 2023).

In this paper, we propose a new sketch generating process
by predicting the drawn strokes step-by-step before generat-
ing a full sketch, which benefits stroke-level sketch drawing
manipulation in a flexible way.

Sketch Manipulation

Sketch manipulation aims to generate sketches with ex-
pected patterns in a controllable way. Controllable sketch
synthesis (Zang, Tu, and Xu 2021), sketch healing (Su et al.
2020), sketch reorganization (Wang et al. 2024), sketch anal-
ogy (Ha and Eck 2018; Zang, Tu, and Xu 2024) and sketch
edit (Li, Tu, and Xu 2024) are sketch manipulating applica-
tions. Recent studies manipulate sketches by adjusting val-
ues of sketch codes or stroke embeddings, and the edited
features are fed into generators to generate sketches as ex-
pected. Their manipulating operations (e.g., editing stroke
embeddings) cannot be applied during sketch drawing.

The proposed Sketch-HARP divides sketch generating
process into stroke embedding prediction, position deter-
mination and embedding translation. We are able to adjust
stroke embeddings via replacement, expansion, erasion, etc.
during sketch drawing, driving to flexible sketch drawing
manipulation at stroke-level.

Methodology

Fig. 2 offers the network structure of Sketch-HARP. A
sketch is separated into sequence-formed strokes with their
starting positions on the canvas, whose captured embeddings
are incorporated to obtain a sketch code. Sketch generation
is conditional on the learned code in a hierarchical auto-
regressive way. The code is sent into a stroke decoder to
generate a group of stroke embeddings recursively, which
are fed into a sequence decoder and a position decoder to
produce their corresponding positions and to translate them
into drawing actions to form a full sketch, respectively.

Translating Sketches into Paired Strokes and
Starting Positions

In QuickDraw (Ha and Eck 2018), a sequence-formed
sketch consists of a series of drawing actions (z, y, lo, l1, l2)
to record how it is drawn step-by-step. (z,y) is a two-
dimensional coordinate to store the position of pen on the
canvas, and (lg,l1,l2) is a one-hot vector to indicate three



(@)
—C2J

Original sketch

[

Drawing  Stroke Stroke
strokes {s;} encoder embeddings{e;}

Relationship Relationship
encoder

embeddings {r;}

?#D—g—ﬂ — =

enc

(1 y1) ]_D__j

(x22y2)
L .
Position Position

(e k)
encoder embeddings {p;}

Strokes’
positions
k-th stroke’s

Sketch

— )
~
Image Reconstructed
_________________ decoder  sketch image
S a
v [51
i §.2
i
'

— 1 L3
Stroke Predicted stroke Sequencei Predicted
decoder embeddings{€x} decoder 1 strokes {8}

—1 p PPN
@GP
(%22 92)
Hierarchical G A )
Xk’ Yk
auto-regressive K -
° Predicted
positions

Sketch

oder  codey

TS

—~

Position
generator el

]
]
T
]
i
]
]
]
]

’

N drawing actions

L% a AN
(b) position (Xk'ilk) to describe k-th stroke{ski}i=1
Hierarchic e T : ~
Sketch code ¥ Hierarchical auto legl:essn e generator || : y
: ! —
Stroke ! ! Sequence [Sequence decoder|
(k-1)-th st.roke . Fany decoder by : y : ey y y
embedding : : ) X )
i i ™ éx Sk, LSTM Skit1
P
iti L= Position o N n
(k-1)-th position , ! (xk' 9 Ly A ey [
. .
embedding Fk-T — > L_decoder 1% — )

<Level 1>
Stroke prediction

<Level 2>
Position determination

) : Position
L encoder
i J
!
i
i

<Level 3>
Stroke translation

Figure 2: Generating sketches in a hierarchical auto-regressive process by Sketch-HARP. (a) The network structure. We learn
relationships among strokes and incorporate them with features from strokes and starting positions to obtain a sketch code,
which is fed into a hierarchical auto-regressive generator to produce sketches. (b) Generating sketches in a hierarchical auto-
regressive process. Each stroke is generated by three stages: 1) predicting which stroke is going to be drawn, 2) determining
where to locate the predicted stroke, and 3) translating stroke embeddings into drawing actions to finally form a full sketch.

pen states (pen down, pen lifting and end-of-drawing). As
a stroke ends when [; = 1, we could split a sketch with
K strokes into K groups of drawing actions. The k-th
stroke si (k = 1,2,---,K) collects j drawing actions
{8k1,8K2,- -, Skj}, as it takes j steps to finish its drawing.
Besides, we mark the 2D coordinate of the first point of sy
as (x, yx), namely the starting position of stroke s;. With
the cooperation between s; and (zy,yx), we can organize
strokes on the canvas to construct a full sketch.

Learning Sketch Representations

For a single stroke s, we firstly capture its stroke and po-
sition embeddings to restore its trajectory of pen moving
and its location on the canvas, respectively. In practice, a
bidirectional LSTM-based stroke encoder gk is adopted to
capture stroke embedding e, € R'2%*! from s;. A fully
connected layer, working as a position encoder g, is em-
ployed to project 2D coordinates into position embeddings
pi € R128%1

€ = QSok(Sk)v Dr = qPos((mkayk))- (1

Such captured embeddings e, and py, only describe what
and where a stroke is, but could hardly tell which semantic
component it would be to construct a full sketch. For exam-
ple, a tiny round-shaped stroke might be a wheel or a win-
dow in a bus. Actually, the semantic meaning of a stroke for
constructing a sketch is determined by not only its shape,
but also the relationships among strokes. For example, we
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might realize a tiny circle to be a wheel when we figure out
that it locates beneath a large rectangle as the body of a bus.
Such relationships between strokes might cover: 1) spatial
relationships, indicating the relative positions of strokes on
the canvas (e.g., nose is always positioned above mouth in a
pig); 2) contextual relationships, reporting the temporal dis-
tances between strokes in the drawing order (e.g., two eyes
of a pig are drawn closely in the drawing order); and 3) se-
mantic relationships, revealing sketch-component-level de-
pendencies among strokes for constructing a recognizable
sketch (e.g., exact two ears are drawn to complete a pig).

Thus, it is beneficial to equip a stroke embedding with
information passing from the other strokes. When realizing
what other strokes are by {e;} and where they are located
by {px }, Sketch-HARP would have a global view about how
strokes are organized in a full sketch, further learning com-
prehensive stroke representations.

We employ a gMLP block (Liu et al. 2021) as relationship
encoder g to learn relationship embedding 7, € R128%1,
T}, is further incorporated to ey, to yield the final stroke rep-
resentation €y,.

ér=er+rr, 7 =qa({er +Pr}iey). 2)

Finally, we employ an LSTM-based sketch encoder g,
to obtain the final sketch code y € R128%1,

y = guc({€n + pr}iza)- 3)
The sequential information about stroke drawing order
would be restored in code y.



Generating Sketches via a Hierarchical
Auto-Regressive Process

When generating sketches, a sketch code is fed into a se-
ries of decoders to produce the predicted stroke embeddings,
their starting positions, and further drawing actions recur-
sively in a hierarchical process, shown in Fig. 2(b).
(I) Predicting stroke embeddings

In the first stage of generation, we utilize an LSTM-based
stroke decoder py to predict stroke embeddings {é k}le.

€, Mk = Psok (Y, €k—1 + Di—1)- “4)

We feed psox with a given sketch code y and the (k — 1)-
th enriched stroke embedding ej_; along with its position
embedding pj_1 to predict é;. The stroke decoder receives
information about which sketch is being drawn (from y),
which stroke has been drawn previously (from éj_1) and
where it locates (from py_1), and further predicts é; as an
appropriate stroke to be drawn currently. Note that a pair of
tokens ey and pg, regarded as starting markers with their
values by ey = pg = —1, are introduced to predict the first
stroke embedding €.

Furthermore, in Eq. (4), a two-dimensional vector 1, =
[k0, k1] (Mko + fik1 = 1) is also produced simultaneously
with the prediction of é;. 7y is a marker to reveal whether
the currently predicted stroke would be the last one, i.e.,
guiding Sketch-HARP to realize when to stop stroke pro-
duction. [fjko, 7jk1] is set as parameters of a categorical dis-
tribution to model the ground truth ng. nx = [1,0], if the
k-th stroke exists, and ¥ = min {i|n; = [0,1]} indicates
that the k-th stroke is the last one. Thus, we could use 7} to
determine the number of strokes in sketch generation.

(I Anchoring strokes on the canvas

A group of ordered stroke embeddings {€;, }_, has been
predicted, but where to position them on the canvas has
not been determined yet. Inspired by (Ha and Eck 2018),
we model a probability distribution function (P.D.F.) to pre-
dict 2D coordinates as starting positions for each €. More
specifically, the PD.F. is a bi-variate Gaussian distribution
N(x,y|Mp$’upy7pr,O.py’pp)’ where /’pr’ ,upya prv bV
and pP denote the means, the standard deviations and the
correlation parameter, respectively. When anchoring a stroke
on the canvas, we sample a 2D coordinate from the distribu-
tion as the predicted position. In practice, we use an LSTM-
based position decoder pyos to predict the distribution pa-
rameters.

Mzwa H£U7 J£I7 O-Zy7 PZ = ppos(ya ék*l + Pk—1, ék) (5)

When modeling the P.D.F. of the k-th stroke’s position,
the position decoder is always fed with three inputs. The first
one is a sketch code y, which reminds pp,s what a sketch
is currently being drawn. The second one is €x_1 + Pr—1,
which offers the information about which stroke has already
been drawn recently and where it has been located. The final
input is éj, whose position is being determined currently.
Besides, when anchoring the first stroke, we also introduce
a token éy = —1 as a starting marker.

(ITT) Generating sequenced-formed strokes

We have produced a group of stroke embeddings as rep-

resentations of strokes, along with their 2D coordinates
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on the canvas. To finish sketch drawing, the final step is
translating these predicted stroke embeddings {éx} into
sequence-formed strokes by drawing actions. We adopt the
LSTM-based sequence decoder pyq from (Ha and Eck
2018) to generate a sequence of drawing actions Sy
{[Az s, Ag)ki,iki}}fvz’“l for each stroke, where IN;, denotes
the length of the k-th stroke. More specifically, when gener-
ating the i-th drawing action for 8y, ps.q produces: 1) a mix-

ture of M Dbi-variate Gaussian distributions Z%zl QLim *
N (Awki’ Ayki'”iim’ luZim7 o—;gim’ UZinL7 pkim) with mix-
ing weights {aim }2_; to model the P.D.F. of offset dis-
tance (Axg;, Ayg;) between the i-th and the (i — 1)-th draw-
ing actions in the k-th stroke, and 2) a categorical distribu-
tion with parameter Iy to predict its pen state for alerting
model to stop drawing.

{m: 1 1> s Tl Phm i1+ b = Preq(9:€4). (6)

In addition, as the relationships among strokes have been
modeled into the predicted stroke embeddings {é;} via their
auto-regressive generating processes, we could decode one
stroke embedding without the attendance of other strokes.
Hence, it is possible to translate multiple € simultaneously
into drawing actions.

Note that error accumulation via the auto-regressive pro-
cess by Sketch-HARP is slight, since each decoder hardly
generates long sequences. We generate a sketch as: 1) pro-
ducing a sequence of stroke embeddings with positions by
stroke and position decoders (stroke level), and 2) translating
each embedding into a sequence of drawing actions individ-
ually (drawing action level). The lengths of sequence gener-
ated by stroke/position decoders are the number of strokes
per sketch, which is around 7 for sketches in Quickdraw (Ha
and Eck 2018). The length for sequence decoder is the num-
ber of drawing actions per stroke, which is around 10.

Training a Sketch-HARP

Our training objective is computed via sketch reconstruc-
tion, and it carries five terms as follows:

We adopt the sketch reconstruction loss from (Ha and Eck
2018), which measures the drawing-action-level differences
between the generated sketch and the input, shown as Lq.

K Ng M K N )
Eseq = - Z Z log Z Qikm - /Blkm - Z Z Ly log lki7
k=11=1 m=1 k=11=1

ﬂik‘m =N (Axkia Ayk%':“‘imz’ /LZim? ‘szw UZim’ pkim) ) (7)
where Ny, denotes the number of drawing actions in the k-

th stroke. (Axy;, Ayy;) is the ground truth offset distance on
the canvas between the (¢—1)-th and the i-th drawing actions

in the k-th stroke. ng:l ik Bikm 1s @a PD.F. modeled by
sequence decoder in Eq.(6).

The first term in Ly is a negative log-likelihood, describ-
ing a probability that the ground truth pen positions would
be sampled from our modelled mixture distribution. A small
value of the first term indicates that the predicted pen posi-
tions are close to the ones in ground truth. The second term is
a cross entropy, measuring whether the predicted pen states

l is consistent with its corresponding ground truth I.



Furthermore, we introduce Ly, to anchor the generated
strokes at their corresponding 2D coordinates on the canvas.

K
‘CPOS = _ZIOgN(xlmyk|M£I»Nzya0£$>UzyaP2) . (8)
k=1

Here we also adopt the measurement in Ly, to describe
whether the modeled P.D.F. could predict starting positions
{(z, yr) H<_, accurately.

As stroke decoder generates a sketch stroke-by-stroke, it
is necessary to produce a marker to report when the last
stroke has been drawn. For an input sketch, we utilize a se-
quence of vectors {nk}ff:l as markers. Each 7 is a two-
dimensional one-hot vector. 1, = [1,0] or [0, 1] indicate
that the k-th stroke exists or not, respectively. We calculate
the cross entropy between ground truth {n;} and their cor-
responding predictions {7j; }, ensuring no redundant strokes
would be drawn on the canvas.

K

['stp = Z Mk IOg ﬁk'-
k=1

©))

Lyeq drives the generated strokes to be consistent with the
original input in drawing action level. We also introduce Lok
to assist stroke reconstruction in feature level.

K
Lo =Y llex —sg(éx)ll3, (10)
k=1

where sg(+) denotes stop gradient operation, and || - ||3 repre-
sents L2 norm function. L is a regularization term to push
the generated stroke embedding €, towards its target €.
Moreover, we adopt a convolutional neural network
(CNN) decoder pimg(I|y) to reconstruct the image-formed
sketch I € R128%128x1 by jtg code y. The reconstructed
sketch image I is sent into a regularization loss Liy, to en-
courage y to carry more features from the input sketch.

Limg = |I —I|3. (11)
Finally, our objective is to minimize
L= Loq+ Lpos + Lsp +5- Lok + 0.5 Limg.  (12)

We give Lok a large weight to predict accurate stroke em-
beddings é;, to further improve sketch generation.

Experiments and Analysis
Preparations

Datasets. Two datasets from QuickDraw (Ha and Eck 2018)
are selected. Dataset 1 (DS1), adopted from (Li, Tu, and Xu
2024; Su et al. 2020), contains 17 categories (airplane, angel,
alarm clock, apple, butterfly, belt, bus, cake, cat, clock, eye,
fish, pig, sheep, spider, umbrella, the Great Wall of China).
The sketches in DS1 are easily to be recognized in category.
Dataset 2 (DS2), adopted from (Zang, Tu, and Xu 2021; Li,
Tu, and Xu 2024), collects 5 categories (bee, bus, flower, gi-
raffe and pig). DS2 could evaluate whether a method is pow-
erful on learning sketch representation, as some categories
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contain multiple non-categorical features (e.g., giraffes ori-
enting left or right). Each category contains 70K training,
2.5K valid and 2.5K test sketches (1K = 1000).
Baselines. We compare Sketch-HARP with 7 baseline
models: RPCL-pix2seq (Zang, Tu, and Xu 2021), RPCL-
pix2seqH (Zang, Tu, and Xu 2024), SketchHealer (Su et al.
2020), Lmser-pix2seq (Li et al. 2024), SP-gra2seq (Zang,
Tu, and Xu 2023), DC-gra2seq (Zang and Fang 2025) and
SketchEdit (Li, Tu, and Xu 2024). Note that SketchEdit (Li,
Tu, and Xu 2024), which is designed for sketch edit, is se-
lected to make a direct comparison with Sketch-HARP on
sketch manipulation.

Implementation details. The LSTM-based g0k and gg. are
with hidden state size as 512, and pyok, Ppos and pgeq are set at
1024. gy is a stack of two gMLP blocks with d04e1 = 128
and dis, = 512. And piyg consists of a fully connected
layer (with output dimension at 2048, which are reshaped
to 128 x 4 x 4 before fed into CNN layers) and five convo-
lutional layers (with channel numbers as 128, 128, 128, 128
and 1, kernel size 4 x 4, stride 2 and padding 1) followed by
batch normalization and ReLLU activation function (the last
activation function is Tanh). When training a Sketch-HARP,
the mixture number M in GMM distribution, the max num-
ber of strokes N™™, the max length of a stroke /" and the

max ? max

mini-batch size are fixed at 20, 25, 32, 128, respectively.

Stroke-Level Sketch Manipulation

Stroke replacement. This application aims to replace a tar-
get stroke from a sketch with a source stroke, which could be
selected from another sketch given. For example, in Fig. 3,
the red stroke in “target stroke” column is replaced by the red
one in “source stroke” column, and the generated sketches
should preserve details from the composed sketches.

Fig. 3 shows some stroke replacement results. Sketch-

HARP is powerful to maintain the features from source
stroke in generated sketches, though no visual patterns
are utilized in sketch code learning, compared with some
baselines (e.g., Lmser-pix2seq and DC-gra2seq) whose
model inputs are sketch images. Furthermore, our generated
sketches are harmonious in appearance, even if the intro-
duced source stroke and the target sketch are collected from
different categories. For example, in the 2-nd row, the pair
of wings of the generated angel are different in shape, but
are about the same size. These experimental results demon-
strate that Sketch-HARP could restore stroke embeddings
into drawn strokes well, and is able to customize strokes to
produce reasonable sketches.
Stroke erasion. This application erases stroke(s) from a
sketch, and the adjusted sketch is fed into models as a con-
dition for sketch generation. Models are required to preserve
the details from the adjusted sketches.

Fig. 4 shows some stroke erasion results. Sketch-HARP
could prevent drawing redundant strokes when the currently
generated sketch contains enough details about the input
sketch. For example, only a single leg is drawn in the sheep,
though it may not be common to represent a sheep. Further-
more, Sketch-HARP could always anchor strokes at their
right positions, e.g., the bus wheels are closely connected
with its body, and only the leftmost candle remains on the
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Figure 3: Comparisons on stroke replacement. For each
sketch in “target stroke” column, its stroke in red is replaced
by the highlighted one in “source stroke” column, with the
composed sketches listed in “composed sketch” column.
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Figure 4: Comparisons on stroke erasion.
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Figure 5: Exemplary stroke expansion results by Sketch-
HARP. Sketch-HARP is required to continue drawing from
an incomplete sketch, and the generated sketch should con-
tain features from another source sketch.
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cake. These results demonstrate that Sketch-HARP could
precisely manipulate stroke drawing in determining strokes’
positions and controlling an appropriate number of strokes.

Stroke expansion. Stroke expansion aims to insert some in-
troduced strokes during sketch drawing. A special case of
stroke expansion is that the introduced strokes are inserted
at the start of drawing. For example, in Fig. 5, Sketch-HARP
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Figure 6: Manipulating sketch drawing at stroke-level by
Sketch-HARP. Before applying stroke erasion, the last-
drawn-stroke for each sketch is highlighted in red.

Model Replacement Erasion

RPCL-pix2seq 0.21+0.59  0.384+0.76
RPCL-pix2seqH  0.29+£0.71 0.46+0.76
SketchHealer 0.36+0.73  0.53+0.94
Lmser-pix2seq 0.6440.93 0.65+1.02
SP-gra2seq 0.524+0.79 0.4040.78
DC-gra2seq 0.444+090  0.2440.65
SketchEdit 1.45+1.27 1.04+1.14
Sketch-HARP 2.09+1.06  2.30+0.96

Table 1: Human scoring results (mean=+std.) on stroke re-
placement and stroke erasion.

is required to continue drawing from the unfinished sketches
in 2-nd row, and patterns of the generated sketches are con-
ditional on another references (sketches in 3-rd row).

Fig. 5 reports some stroke expansion results by Sketch-

HARP. Without visual features extracted, Sketch-HARP
could still generate reasonable sketches to not only fit the
categorical patterns from source sketches but also preserve
detailed patterns from incomplete sketches. For example, in
the 7-th column, Sketch-HARP could draw hands of a clock
on a face contour borrowed from a pig, to create a pig-head-
shaped clock. The features extracted from the drawn strokes
could be referenced by Sketch-HARP to guide sketch draw-
ing for creating unique hybrid sketches.
Manipulating sketch drawing at stroke-level. As Sketch-
HARP generates sketches in a hierarchical process with ex-
posed stroke embeddings, it is possible to edit stroke embed-
dings during sketch drawing to manipulate sketch drawing at
stroke-level. More specifically, during sketch drawing, two
basic operations: 1) erasing the stroke which was drawn re-
cently, and 2) inserting a given stroke into generation before
the current stroke drawing, could be applied to manipulate
sketch drawing. And it is able to realize stroke replacement
by applying stroke erasion and expansion in a queue.

Fig. 6 reports some results by Sketch-HARP. When a
sketch is being drawn at a middle stage, it is free to erase the
last-drawn-stroke (highlighted in red in the 2-nd column).
Moreover, we could select a source stroke from another
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Dataset Model FID| LPIPS] CLIP-ST Rec? o1 @10 @50
RPCL-pix2seq (Zang, Tu, and Xu 2021) 22.74 0.37 88.57 81.80 28.80 59.05 77.52
RPCL-pix2seqH (Zang, Tu, and Xu 2024)  17.30 0.38 88.66 87.82 81.22 92.15 9490
SketchHealer (Su et al. 2020) 27.72 0.39 88.17 87.03 6852 8237 86.57

DS1 Lmser-pix2seq (Li et al. 2024) 18.94 0.36 89.74 90.50 80.56 86.68 89.88
SP-gra2seq (Zang, Tu, and Xu 2023) 10.80 0.38 88.72 89.83 94.05 98.72 99.57
DC-gra2seq (Zang and Fang 2025) 12.83 0.30 93.84 90.41 9627 9947 99.81
Sketch-HARP 9.96 0.28 91.60 89.90 9796 9942 99.77
RPCL-pix2seq (Zang, Tu, and Xu 2021) 36.56 0.28 85.47 7494  26.72 48.80 63.13
RPCL-pix2seqH (Zang, Tu, and Xu 2024)  26.90 0.34 88.13 8440 74.63 90.09 94.65
SketchHealer (Su et al. 2020) 31.02 0.29 91.46 7493 32.09 57.35 73.63

DS2 Lmser-pix2seq (Li et al. 2024) 10.10 0.32 91.10 85.02 90.23 93.05 94.67
SP-gra2seq (Zang, Tu, and Xu 2023) 34.06 0.45 85.17 76.89 56.27 80.26 90.56
DC-gra2seq (Zang and Fang 2025) 11.01 0.30 94.46 85.67 9527 99.09 99.65
Sketch-HARP 6.97 0.22 93.31 87.71 96.00 99.78 99.93

Table 2: Sketch reconstruction performance (%). “@#k” indicates the top-k accuracy.

sketch and inject its stroke embedding into Sketch-HARP’s
generator to draw the source stroke as a stroke expansion.
After that, Sketch-HARP is released to finish sketch draw-
ing freely. As shown in Fig. 6, our model could preserve both
features from the target sketch and from the selected stroke
to yield recognizable sketches after manipulation.

Human perception quality. In order to investigate human
subjective rating of the quality of sketch manipulation, we
administer a questionnaire with 10 sketch replacement and
10 sketch erasion questions. For each question, a human sub-
ject was required to rank the manipulated sketches gener-
ated by Sketch-HARP and 7 baselines, and we only value
the best three models with scores at 3, 2 and 1, respectively,
leaving the rest models with O score. 51 volunteers partic-
ipated in the evaluation, and the scoring results in Table
1 reports that Sketch-HARP outperforms all baselines. We
also raise t-tests in which the p-values against our Sketch-
HARP with SketchEdit are 6.04 x 1073 and 1.23 x 106
for sketch replacement and erasion, respectively, revealing
that the improvement contributed by Sketch-HARP com-
pared with SketchEdit is significant.

Sketch Representation and Reconstruction

We also make comparisons on sketch representation and re-
construction. If the generated sketches preserve more details
from the inputs, that model is powerful in both sketch rep-
resentation learning and conditional sketch generation. We
utilize the Fréchet Inception Distance (FID) score (Heusel
et al. 2017), the learned perceptual image patch similar-
ity (LPIPS) computed by ControlNet (Zhang, Rao, and
Agrawala 2023) and the contrastive language-image pre-
training score (CLIP-S) (Hessel et al. 2021) to evaluate the
generative performance on sketches. We also use Rec and
Ret (Zang, Tu, and Xu 2021) to measure whether the gener-
ated sketch could preserve more categorical or stylistic fea-
tures from the input, and we trained two sketch-a-nets (Yu
et al. 2015) on DS1 and DS2, respectively, for computing
Rec. Since SketchEdit represents a sketch by a group of
stroke embeddings instead of a single sketch code, its gen-
erator receives about 10 times of information from the input
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Figure 7: Qualitative comparisons on sketch reconstruction.

sketch than all the other models. To make the comparison
fair, we do not include it in this quantitative comparison.
Table 2 reports quantitative results on two datasets.
Sketch-HARP achieves comparable sketch reconstruction
performance with state-of-the-art baselines. DC-gra2seq
learns sketch codes from sketch images cooperated with
contextual information from drawing orders. The visual pat-
terns of sketches, which are never utilized by Sketch-HARP,
improves DC-gra2seq’s reconstruction performance. Fig. 7
reports qualitative comparisons on sketch reconstruction.

Conclusions

We have presented Sketch-HARP to generate sketch se-
quences in a three-staged hierarchical auto-regressive gener-
ating process. By separating a stroke drawing into stroke em-
bedding prediction, stroke position determination and draw-
ing actions translation, the stroke embeddings, introduced
as editable accesses in generating process, are exposed for
manipulation. Thus, we can control strokes’ features, their
locations on the canvas, and the number of strokes, i.e., ma-
nipulating sketch drawing in a controllable way.
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