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Abstract

In modern Computer-Aided Design (CAD), parametric
sketches play a crucial role by capturing both the geomet-
ric structure and design intent through constraints. How-
ever, existing deep learning—based sketch methods remain
restricted to simple geometric primitives and limited con-
straint types, hindering their application to complex real-
world engineering tasks. To address this gap, we introduce
the UniSketch dataset, comprising 3,836,290 sketches. It of-
fers a comprehensive and diverse collection of 7 types of ge-
ometric primitives and 23 types of 2D constraints, all rep-
resented as unified vector sequences suitable for deep learn-
ing applications. Leveraging the UniSketch dataset, we pro-
pose a unified multi-task Transformer framework as a true
foundation model for parametric sketch modeling, support-
ing diverse core tasks like image-to-sketch generation, con-
straint prediction, and unconditional sketch synthesis. Fur-
thermore, the generated sketches can be efficiently converted
to CAD-compatible formats, enabling seamless integration
with industrial CAD system for re-editing and reusing. The
experimental results show that UniSketch outperforms exist-
ing methods in multiple tasks, demonstrating its versatility
and practical value in industrial CAD applications.

Code — https://github.com/fazhihe/UniSketch
Datasets — https://huggingface.co/unisketch

Introduction

Parametric CAD tools are essential in industries like me-
chanical engineering, aerospace, and architecture (Otey
et al. 2018; Zhang and Luo 2009). Parametric sketches serve
as the foundation of 3D modeling, where geometric primi-
tives and constraints define the initial shape and structure of
a part (Shah 1998; Camba, Company, and Naya 2022; Com-
pany et al. 2020).

Despite their importance, automated sketch modeling
faces challenges due to limited datasets and methods. Most
existing work handles only simple primitives and con-
straints, while real-world industrial designs involve complex
primitives such as ellipses and conic curves, and higher-
order constraints like symmetry and offset.
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To address these issues, we introduce the UniSketch
dataset, a large-scale, high-quality dataset with diverse prim-
itives and a full range of 2D constraints, represented as uni-
fied vector sequences compatible with deep learning.

However, high-quality data alone is insufficient. Existing
methods are typically single-task, limiting their adaptabil-
ity and performance. Moreover, most constraint prediction
methods rely solely on primitive parameters without lever-
aging sketch images.

To this end, we propose UniSketch, a unified multi-task
Transformer framework as a general-purpose foundation
model for CAD sketches. By handling both primitives and
constraints with a unified vector format, it simplifies the
model architecture. UniSketch consists of a Vision Trans-
former (ViT) encoder (Dosovitskiy et al. 2020), a gated
Transformer decoder (Vaswani et al. 2017), and dual out-
put heads. This simple yet effective architecture supports
several tasks, including image-to-sketch generation, con-
straint prediction, unconditional sketch synthesis, and oth-
ers. The gated mechanism enables the decoder to support
both image-driven and purely sequence-based modeling. For
example, image features can be used to improve constraint
prediction from primitive parameters.

The output of UniSketch is a structured parametric sketch
sequence that can be converted to CAD-compatible formats
for real-time editing (see Figure 1).

We evaluate UniSketch on four tasks: image-to-sketch
generation, constraint prediction, unconditional generation,
and sketch completion. Results demonstrate it outperforms
existing methods, highlighting its versatility and practical
applicability.

The main contributions of this paper are as follows:

* We introduce the UniSketch dataset, a large-scale para-
metric sketch dataset featuring diverse geometric primi-
tives and 2D constraints, tailored for deep learning appli-
cations.

* We propose UniSketch, a foundational unified Trans-
former framework that supports multimodal inputs and
enables flexible multi-task modeling.

Extensive experiments demonstrate superior perfor-
mance and practical applicability, with generated
sketches convertible to CAD-compatible formats for fur-
ther editing.



Sketch Sequence

Hand-Drawn Sketch Sketch Image Parametric Sketch 3D Model
(a) CAD Workflow Integration
[ o9, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1 ] Control flag: <SOSK>
[ 2, o, 12, 22, -1, -1, -1, -1, 7, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1 ] Primitive 0: a circle
Primitive 1: a circle

[ 1, 1,12, 22, 33, 22, -1, -1, -1, -1, O, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1 ] Primitive 2: aline

[ 1, 0,45 34, 12, 34, -1, -1, -1, -1, 32, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1 ] Primitive 3: aline

[ 1, 0,45, 34, 45, 26, -1, -1, -1, -1, 48, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1 ] Primitive 4: a line

... more primitives ...

[ 10, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1 ] Control flag : <EOP>

[ 7, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, 1, 3, -1, -1, -1, -1, -1, -1 ] Select: the center of primitive 1
[ 7, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, O, 3, -1, -1, -1, -1, -1, -1 ] Select: the center of primitive 0
[ 8, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, O, -1, -1, -1, -1 ] Constraint:  coincident

r 7 -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, 3, O, -1, -1, -1, -1, -1, -1 ] Select: the whole primitive 3

[ 8, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, 10, -1, 32, -1, -1 ] Constraint:  length

r 7, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, 3, 0O, -1, -1, -1, -1, -1, -1 ] Select: the whole primitive 3

r 7, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, 1, O, -1, -1, -1, -1, -1, -1 ] Select: the whole primitive 1

[ 8, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, &, -1, -1, -1, -1 ] Constraint:  tangent

... more constraints ...
[, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1, -1 ] Control flag: <EOSK>

(b) Sketch Sequence Example

Figure 1: (a) CAD workflow integration. UniSketch integrates into the CAD workflow by predicting a constraint-based sketch
sequence from an image. The sequence can be adapted for reusing in CAD systems to support subsequent 3D modeling. (b)
Sketch sequence example. The left side shows the vector sequence of a sketch, while the right side illustrates the meaning of
each vector. The colors of the primitive vectors correspond to the visual appearance of the primitives in the sketch image.

Related Work

CAD Datasets

Parametric 3D Dataset Large-scale 3D datasets typically
represent geometry as meshes, point clouds, or B-Reps
(Chang et al. 2015; Wu et al. 2015; Sun et al. 2018; Koch
et al. 2019), but often lack records of human-driven mod-
eling operations. DeepCAD (Wu, Xiao, and Zheng 2021)
and Fusion 360 Gallery (Willis et al. 2021b) include mod-
eling semantics and operation histories, yet sketches are
treated as intermediate steps, lacking constraint annotations
and diverse primitive types, which limits their use in sketch-
specific modeling research.

Parametric Sketch Dataset Dedicated sketch datasets
have gained attention as sketches play a critical role in
CAD modeling. CADL (Ganin et al. 2021) uses Protocol
Buffers, which is not directly suitable for deep learning.
SketchGraphs (Seff et al. 2020) collects a large number of
real-world sketches from Onshape and converts them into
geometric constraint graphs. While the converted graphs
have limited primitive and constraint types, the raw JSON
data contains the full information and supports flexible pre-
processing and extension. Vitruvion (Seff et al. 2021) and
SketchGen (Para et al. 2021) introduce sequential represen-
tations based on SketchGraphs but do not expand primitive
coverage or support numerical and higher-order constraints.
HPSketch (Fan et al. 2025) provides a more diverse set of
primitives and constraints; however, its synthetic origin lim-
its its reflection of real user intent, and its loop-based rep-
resentation enforces sketch closure, reducing flexibility for
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incomplete or open designs.

Sketch Inference with Constraints

Some sketch generation methods (e.g., CurveGen and
TurtleGen (Willis et al. 2021a)) rely on automatic constraint
solvers, which establish geometric relationships based on
physical tolerances and predefined priorities, but lack flex-
ibility to adapt to user intent. Recent learning-based frame-
works infer both primitives and their associated constraints.

SketchGraphs (Seff et al. 2020) represents sketches as
graphs with primitives and constraints as nodes and edges,
predicting constraints from a given primitive set using a
GNN (Scarselli et al. 2008), but cannot infer geometric pa-
rameters, limiting performance when initial layouts are im-
precise. SketchGen (Para et al. 2021), CADL (Ganin et al.
2021), and Vitruvion (Seff et al. 2021) model sketches
as token sequences using Transformer-based architectures
with pointer networks (Vinyals, Fortunato, and Jaitly 2015).
While generating structured sketches with explicit param-
eters and constraint references, they support only a limited
range of primitives and constraints, and constraint references
rely on indices, reducing readability.

Image-Based Sketch Inference

Generative networks such as DeepSVG (Carlier et al. 2020),
Im2Vec (Reddy et al. 2021), and other related approaches
(Egiazarian et al. 2020; Ellis et al. 2018) have advanced vec-
tor graphic synthesis but often rely on domain-specific archi-
tectures, limiting their applicability to CAD sketches.



Recent CAD-focused works include Vitruvion (Seff et al.
2021), which separates modeling into two tasks: predicting
primitives from raster images and inferring constraints; PI-
CASSO (Karadeniz et al. 2025), which predicts sequences
of parameterized primitives from sketches without con-
straints; and DAVINCI (Karadeniz et al. 2024), which
jointly predicts primitives and constraints from images but
does not generalize to tasks like predicting constraints from
a given primitive sequence. Overall, these methods are
largely single-task and lack a unified multi-modal frame-
work.

UniSketch Dataset
Data Source and Construction

The UniSketch dataset builds upon SketchGraphs (Seff et al.
2020), which extracts a large collection of parametric CAD
sketches created by users from the public Onshape platform.

As noted by (Ganin et al. 2021), sketch construction
is similar to natural language modeling, where selecting
the next primitive or constraint is akin to generating the
next word in a sentence. Furthermore, (Seff et al. 2021)
demonstrated that shuffling the order of primitives signif-
icantly degrades network performance, indicating that the
true sequence order contains meaningful structural informa-
tion. Therefore, we reprocessed the original JSON files and
transformed them into a sequence format more suitable for
Transformer-based networks, with richer primitive and con-
straint types. This makes the UniSketch dataset the most
comprehensive parametric sketch dataset.

The dataset construction process includes the following
steps:

Filtering and Reconstruction Unsupported primitives
(splines, text, and images) and constraints involving external
references (e.g., projected, pierce) are both removed. To con-
trol sketch complexity, only samples with 4 to 16 primitives
and total sequence lengths not exceeding 200 are retained.
Each sketch is converted into a structured vector sequence.
We define the minimal parameter set required for each oper-
ation. Redundant parameters are removed by setting default
values. The sequence of operations for each sketch is then
represented as fixed-length vectors and stored in HDF'5 for-
mat (Folk et al. 2011) (with a .h5 file extension) for effi-
cient loading and training.

Normalization and Quantization To ensure geometric
consistency and numerical stability, sketches are globally
translated and scaled so that their coordinates and numer-
ical parameters fall within a fixed range. These values are
then quantized into 64 equally spaced integer bins, mapped
to the [0, 64) range. Additional details are provided in the
supplementary material.

Deduplication and Visualization Hashing is applied to
the quantized sequences to remove duplicates, ensuring
the uniqueness of each sketch. The primitive parts of the
sketches are rendered, with construction primitives repre-
sented as dashed lines and regular primitives as solid lines.
The sketches are saved as 128x128 pixel images.
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The final processed UniSketch dataset contains 3,836,290
sketches. The distributions of primitive and constraint types
and other information can be found in the supplementary
material. If the filtering thresholds are relaxed, a larger
dataset can be obtained, offering even more complex sketch
data.

Sequence Representation

In our dataset, each sketch is represented as a unified vec-
tor sequence, integrating both geometric primitives and con-
straint information. The sequence contains three types of
vectors: primitive vectors (representing parameterized ge-
ometric primitives), constraint vectors (defining the selec-
tion and application of geometric/numerical constraints),
and control flags (indicating structural boundaries such as
sketch start, primitive end, and sketch end). As shown in Ta-
ble 1, the vector consists of 22 fields, with the first bit indi-
cating the vector type, and the remaining bits used to record
various parameters.

Primitive Encoding The dataset supports seven types of
primitives: point, line, circle, arc, ellipse, elliptical arc, and
conic curve. All primitives are encoded in a unified format,
with different types occupying predefined parameter bits.
For example, the vector representing an e11ipse includes
the coordinates of its center, the lengths of the major and mi-
nor axes, and the rotation angle, which are placed in the 3rd,
4th, 9th, 10th, and 11th positions, respectively. To maintain
structural consistency, unused fields are filled with —1. De-
tailed field definitions for each primitive type are provided
in the supplementary material.

Constraint Encoding The dataset supports many 2D con-
straint types, totaling 23 types, including coincident, paral-
lel, tangent, equal, angle, radius, rho, and others. The con-
straint vector contains selection operations (using multi-
level indexing to locate reference) and constraint operations
(specifying the type and required parameters). Specifically,
in the selection operation, the 15th bit is the primitive index,
the 16th bit indicates the subcomponent type (whole, start,
end, center and internal). When the subcomponent type is in-
ternal, the 17th bit indicates the subcomponent index such as
the control points of a conic curve. If no third-level index is
needed, the field is set to —1. In the constraint operation, the
18th bit specifies the constraint type, and bits 19 to 22 might
store values of angle, length, direction, or rho, depending
on the constraint type. Full definitions can be found in the
supplementary material.

Control Flag Encoding Control flag vectors mark struc-
tural boundaries within the sequence to ensure correct pars-
ing of the sketch hierarchy. There are three types: the start
of sketch (<SOSK>), end of primitive (<KEOP>), and end of
sketch (<EOSK>). The first bit indicates the control type and
the remaining bits are set to —1.

An example is shown in Figure 1, where part (a) displays
the rendered sketch image and part (b) shows the corre-
sponding vector sequence. This representation offers several
advantages. It adopts a unified format, where all operations
are encoded as fixed-length vectors with parameter padding
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Figure 2: Overall architecture of UniSketch. The network consists of a ViT encoder and a gated Transformer decoder. The
encoder extracts visual features from the input sketch image, while the decoder generates the primitive and constraint tokens in
sequence. The cross-attention modules in the decoder are conditionally activated depending on the presence of the image input,

enabling both image-sequence and sequence-only input.

handled via a masking mechanism. This ensures structural
consistency and facilitates network training. It is also exten-
sible: new primitive or constraint types can be supported by
reusing or extending existing fields without modifying the
overall structure. In addition, the representation is human-
readable and interpretable, which supports manual construc-
tion. Finally, it can be converted back to JSON format and
integrated into CAD platforms such as Onshape via APT,
enabling downstream design and editing workflows (see Fig-
ure 1).

UniSketch Framework

We present UniSketch, a foundational unified Transformer
framework for parametric CAD sketch modeling. UniSketch
integrates a ViT encoder, a Transformer decoder with dual
output heads, and a static gating mechanism. This design
supports several core tasks, including generating sketch se-
quences from images, predicting constraints from primi-
tive sequences with or without image guidance, uncondi-
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tional sketch synthesis and sketh completion. The architec-
ture overcomes the task-specific limitations of conventional
CAD networks and significantly improves generality.

Network Architecture

As illustrated in Figure 2, UniSketch consists of four main
components: a ViT encoder, a Transformer decoder, a static
gating controller, and dual output heads.

ViT Encoder The encoder follows the standard ViT
(Dosovitskiy et al. 2020) design. The input is a grayscale
sketch image I € RP*WX1 which is divided into non-
overlapping P x P patches. Each patch is linearly projected
into a d-dimensional embedding, and position embeddings
are added before feeding the tokens into multiple Trans-
former self-attention layers. The resulting visual token se-
quence is denoted as Z = ViT(I) € REX4, where L is the
number of patches. To match the decoder input dimension,
a lightweight linear bridge layer is applied:

7' = Linear(Z), (1)



Image input  Sequence input

Task

v Sin = [<SOSK>]
v Sin = [<SOSK>, s"™ ..., MM <EOP>]
X Sin = [<SOSK>]
X Sin = [<SOSK>, "™ ..., MM <EOP>]
X Sin = [<SOSK>, sP™ . M) k<

Image-to-sketch generation
Image-guided constraint prediction
Unconditional sketch synthesis
Constraint prediction from primitives
Sketch completion

Table 2: Overview of supported tasks and input configurations

which serves as the cross-attention context for the decoder.

Transformer Decoder The decoder follows a stan-
dard Transformer (Vaswani et al. 2017) architecture and
autoregressively generates the target sequence S
[s1,$2,...,s7]. Each token s; is embedded as: e(s;) =
€emd (St) + €param (5t) + €pos (St ), where the embeddings cap-
ture command type, parameter values, and positional infor-
mation, respectively. The decoder stacks multiple layers of
self-attention and feed-forward networks. Depending on the
gating state, it optionally incorporates visual context from
the encoder through cross-attention layers. The conditional
generation probability is:

T
P(S|x) =[] Plst | s<i,2), ©)

t=1
where x = Z' (if the encoder is active) or z = ) (if dis-

abled).

Static Gating Mechanism A static gate controls whether
the decoder attends to the visual context. When the gate is
enabled, the decoder uses cross-attention to incorporate im-
age features. When disabled, it relies solely on the input se-
quence and self-attention, functioning as a decoder-only ar-
chitecture (Radford et al. 2018). This mechanism requires no
additional parameters but provides flexible support for both
image-guided and sequence-only tasks, improving network
generalization and adaptability.

Dual Output Heads Sketch sequences include both of ge-
ometric primitives and constraints, which exhibit different
structures and parameter distributions. To address this, we
introduce two separate linear output heads: one for primitive
tokens and one for constraint tokens. During generation, the
decoder dynamically selects the appropriate head based on
the current position ¢ and the index of the primitive end flag
t<zop>. Let h; be the hidden state at step ¢:

PrimitiveHead(h;), t < t<gop>
5t = .

! ConstraintHead(ht), t > t<zops
This task-aware output separation allows the decoder to han-
dle the semantic and statistical differences between prim-
itives and constraints, while maintaining a shared latent

space. This design enhances both network compactness and
overall performance.

3)

Task Formulation

Network Inputs The network accepts two types of inputs:
(1) Image input I: A grayscale sketch image. When pro-
vided, the encoder is enabled and its output serves as visual
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context. (2) Sequence input Sj,: A partial or complete prim-
itive sequence.

Network Output A complete sketch sequence: Sy =

[<SOSK>, SP L s <EOP>, s501 L sSO0 <EOSK>
prim cons

where s, are primitive tokens, s;°"® are constraint tokens,
and <SOSK>, <EOP>, <EOSK> are control tokens indicat-
ing the start of the sketch, end of primitives, and end of the
sketch, respectively.

UniSketch reformulates sketch modeling as a sequence
generation task. This unified formulation allows UniSketch
to flexibly handle diverse modalities and tasks. Different in-
put configurations correspond to different tasks, as summa-
rized in Table 2.

5

Training Strategy

During training, it is crucial to accommodate both image-
sequence and sequence-only input scenarios. However, this
multi-modal design introduces challenges in training sta-
bility. Specifically, strategies such as staged or periodically
alternating training often lead to catastrophic forgetting,
where the model overfits to the currently dominant task
and degrades in performance on the other. This causes os-
cillations and hinders convergence. To address this issue,
we adopt a mixed-batch training strategy: for each training
batch, we randomly include the image input with a proba-
bility of p = 0.5. This encourages the model to adapt to
both input modes within a unified parameter space, improv-
ing both stability and generalization.

We adopt a teacher forcing strategy during training. At
each decoding step ¢, the network is fed the ground-truth
token s.; alonog with the visual context x (if applicable),
and predicts the next token s;. The objective is to maximize
the conditional generation probability P(S | x), as defined
in Section .

Since constraint tokens typically dominate the sequence,
the network may bias toward constraint prediction, impair-
ing primitive modeling performance. To address this, we
employ a weighted loss strategy to balance primitive and
constraint learning. Consequently, we not only assign dif-
ferent weights to the cross-entropy losses of command types
and parameter values for each output vector but also apply
distinct weights to primitive and constraint vectors.

Experiments
Experimental Setup

Dataset For comparative experiments, we train and evalu-
ate the UniSketch framework on the Vitruvion dataset (Seff



Teacher forcing Autoregressive
Method AcC.prim T Precision T  Recall T F1 score 1 AcC.prim T AccC.param T
Vitruvionyim  43.97/41.73 24.52/17.27 25.44/17.99 24.77/17.46 26.18/18.53  62.92/56.51
UniSketch 51.95/52.54 26.74/32.39  28.89/33.25 27.50/32.57 31.09/35.71 73.81/74.98

Table 3: Performance comparison on image-to-sequence generation

Teacher forcing

Autoregressive

Method AcC.cons T AcC.param T Precision 1 Recall T  F1 score 1
Vitruviongons 74.69 88.94 - - -
SketchGraphs - - 52.34 51.99 52.16
UniSketch 79.02 91.42 78.34 62.03 66.00

Table 4: Performance comparison on constraint prediction

et al. 2021), derived from Sketchgraphs, as baseline net-
works do not support complex primitives and constraints.
The Vitruvion dataset, providing both precise images and
noisy hand-drawn simulated images for sketches, is con-
verted to our format with a 64-bin quantization strategy.
For ablation studies, we use the UniSketch dataset, which
supports diverse primitives and constraints. To reduce train-
ing costs, we randomly sample 1,000,000 sketches from the
UniSketch dataset, creating a benchmark set split into train-
ing (900k), validation (50k), and test (50k) sets.

Baselines We conduct comparative studies against the Vit-
ruvion (Seff et al. 2021) and SketchGraphs (Seff et al. 2020)
networks to validate the effectiveness of our approach.

Vitruvion employs two separate networks corresponding
to our tasks: one for primitive generation from images and
another for constraint prediction from primitive sequences.
We evaluate the primitive generation network under both
teacher forcing (TF) and autoregressive (AR) settings, while
the constraint prediction network is evaluated only under TF.
In TF, the model receives ground-truth tokens at each de-
coding step, whereas in AR, the model generates the full
sequence based solely on its previous predictions.

The SketchGraphs baseline is built on a graph neural net-
work and inherently operates autoregressively, as it does not
have access to ground-truth outputs during inference. Its pre-
dictions at each step depend solely on previously predicted
elements. For consistency, we therefore evaluate UniSketch
in the AR setting on the constraint prediction task when
comparing to SketchGraphs.

Evaluation Metrics For primitive modeling, we report
primitive-level accuracy under the TF setting, which re-
quires an exact match of the entire primitive, including both
its type and parameters. Under TF, the model can iteratively
refine each prediction by using ground-truth inputs at sub-
sequent steps. Moreover, the decoding granularities of the
compared methods differ fundamentally, making parameter-
level metrics inherently biased toward models that decode
at a finer resolution. For this reason, parameter-level met-
rics are not directly compared in the TF setting. In the AR
setting, we first perform Hungarian matching between pre-
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dicted and ground-truth primitives to align corresponding
elements. Based on the matched pairs, we then compute
parameter-level accuracy together with primitive-level accu-
racy, precision, recall, and F1 score.

For constraint prediction, we use constraint-level accu-
racy and parameter-level accuracy under the TF strategy
since they share the same granularity; under the AR strat-
egy, we report precision, recall, and F1 score. All numerical
results in tables are reported as percentages (%) unless oth-
erwise specified.

Image-to-Sequence Generation

We conducted a comparison of UniSketch and the primi-
tive network of Vitruvion (Seff et al. 2021) on both original
and noisy sketch images, where results for original/noisy in-
puts are reported in the x/y format. As shown in Table 3,
UniSketch outperforms Vitruvion across all metrics, reflect-
ing its stronger ability to generate complete and coherent
primitives. The slightly higher performance of UniSketch on
noisy sketches might result from mild noise acting as a reg-
ularizer, encouraging the model to rely more on stable geo-
metric structures rather than low-level appearance features.
The reported results are based on strict exact matching of
primitive parameters. In practice, small deviations within a
reasonable threshold would still yield correct or acceptable
primitives, meaning the effective performance is higher than
these strict scores suggest. Several examples of generated
sketches are shown in Figure 3.

Constraint Prediction

We also compared UniSketch with the constraint networks
of Vitruvion (Seff et al. 2021) and SketchGraphs (Seff et al.
2020). As shown in Table 4, UniSketch consistently out-
performs both baselines across all metrics, demonstrating
its strength in unified geometric and parametric reasoning.
As expected, autoregressive decoding performs worse than
teacher forcing because of error accumulation.



Image-to-sequence generation

Constaint prediction

Method AcC.prim T AcC.param T AcC.consT  AcC.param T
UniSketchpmixed-batch 36.61 71.37 64.84 82.68
UniSketchimg-seq 29.71 64.63 64.94 82.73
UniSketchgeg-onty 29.97 64.57 64.80 82.62
UniSketchgeg.ony —D  29.58 64.37 64.72 82.60

Table 5: Ablation study of UniSketch components

Original Prefix Prediction

(c) Sketch Completion

Figure 3: Several examples of the three tasks: (a) image-to-sketch generation, (b) unconditional sketch synthesis, and (c) sketch

completion.

Unconditional Sketch Synthesis and Sketch
Completion

We further evaluate our model on two generative tasks: un-
conditional sketch synthesis and sketch completion. For both
tasks, we adopt top-k sampling strategies to generate sketch
sequences, either from the <SOSK> token or from partially
completed sketches. Figure 3 shows representative examples
of generated sketches. Detailed results and additional exam-
ples are provided in the supplementary material.

Ablation Studies

We performed ablation experiments on the UniSketch
dataset to assess the importance of various design compo-
nents by progressively removing key architectural elements
as shown in Table 5. Here, D denotes the dual-head architec-
ture. The overall performance is lower than that in Table 3
and Table 4, due to the greater diversity and complexity of
the UniSketch dataset, which makes the prediction task more
difficult.

Input Modality Gating Mixed-batch training improves
the adaptability of UniSketch to different input modalities
and facilitates parameter sharing across tasks. Interestingly,
training primitives using only the image-sequence setting
performs worse than alternating training, and even slightly
worse than sequence-only training in primitive modeling.
This may seem counterintuitive, since images theoretically
offer richer information to support generation. This set-
ting achieves the best performance in constraint prediction,
showing that visual cues help capture geometric relation-
ships. One possible explanation is that image features are
relatively complex. The current network capacity may be in-
sufficient to fully capture these features, resulting in subop-
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timal convergence. In contrast, mixed-batch training enables
the model to first learn a reasonably effective solution from
the simpler sequence-only supervision, which is then fur-
ther refined through image-based guidance. This also under-
scores the potential advantage of multi-task learning.

Dual Output Heads Unifying primitive and constraint
predictions into a single decoding head resulted in a de-
cline in prediction performance for both primitives and con-
straints, indicating that task separation is beneficial for mod-
eling their distinct features.

Conclusion and Future Work

In this paper, we present UniSketch, a foundation unified
framework for parametric sketch generation and constraint
prediction. To support a wide range of sketch tasks, we con-
struct the UniSketch dataset, which covers common con-
straint types in mainstream CAD system. UniSketch flex-
ibly handles different input modalities, including images
and primitive sequences, and produces complete structured
sketches. Extensive experiments demonstrate its effective-
ness and generality across various tasks.

Limitations and Future Work A current limitation of
our work is the lack of support for spline-based primitives,
which are typically defined by multiple control points. As
future work, we plan to extend the primitive vocabulary by
modeling splines and their control points as separate primi-
tive types. In addition, we aim to expand our dataset by in-
corporating additional sources, including real-world indus-
trial part sketches, to further enhance the diversity and rep-
resentativeness of the data. Finally, we plan to refine con-
straint evaluation by incorporating solvers to assess global
satisfaction states.
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