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Abstract

Reconstructing 3D shapes from a single freehand sketch remains challenging due

to the ambiguity of hand-drawn strokes and the loss of fine-grained geometric

details during feature encoding. Existing approaches typically compress sketch

features into global latent representations through flattening or pooling opera-

tions, which effectively capture coarse shape semantics but inevitably discard

spatially localized stroke cues that are critical for recovering detailed geometry.

In this work, we propose Locality-Preserving Sketch Token Fusion, a novel

framework that maintains and exploits local sketch information for high-fidelity

single-view 3D reconstruction. Instead of collapsing spatial features into a single

vector, our method introduces a dual-path sketch representation that simultane-

ously learns a global latent representation for shape and viewpoint modeling and

a spatially structured token representation for preserving local geometric pat-

terns. Furthermore, we design a local-token cross-attention mesh sampler, where

the global shape representation adaptively queries local sketch tokens during

mesh decoding, enabling precise alignment between 2D stroke structures and 3D
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vertex deformation. To handle inherent viewpoint ambiguity, we incorporate a

view-disentanglement branch that improves robustness under varying observation

conditions.Extensive experiments on ShapeNet-Synthetic and ShapeNet-Sketch

demonstrate that our approach achieves superior reconstruction accuracy com-

pared with existing methods, producing geometrically faithful 3D shapes with

improved preservation of thin structures and local details.

Keywords: Sketch-based 3D reconstruction Single-view 3D modeling Local feature
learning Token fusion Cross-attention

1 Introduction

With the rapid advancement of augmented reality (AR), virtual reality (VR), game
development, product design, and digital manufacturing, the demand for high-quality
3D assets has grown exponentially [1–3]. However, traditional 3D assets creation
pipelines based on computer-aided design (CAD) remain highly labor-intensive and
require substantial expertise, limiting their accessibility to novice users [4, 5]. Existing
2D-to-3D modeling approaches have explored various paradigms, including retrieval-
based methods, deep neural network-based reconstruction techniques, and generative
models that synthesize 3D meshes or volumetric representations from images and text
[6–13].Nevertheless, making high-quality 3D assets creation accessible to non-expert
users remains challenging.Freehand sketching provides an intuitive and natural inter-
face for 3D modeling, allowing users to express shape concepts with only a few strokes.
Therefore, developing effective methods to transform hand-drawn sketches into com-
plete 3D models has great potential to democratize 3D assets creation and bridge the
gap between professional designers and novice users.

Despite recent advances, generating high-fidelity 3D models from freehand sketches
remains a challenging problem due to the inherent ambiguity and incompleteness
of sketch representations. Unlike photographs, sketches often lack accurate geomet-
ric boundaries, consistent perspective relationships, and reliable depth cues, making
it difficult to infer the underlying 3D structure from sparse 2D observations. Exist-
ing sketch-based 3D reconstruction approaches typically extract geometric cues from
one or multiple sketches and employ powerful deep learning architectures [14–22],
including convolutional neural networks (CNNs) [23, 24], ResNet-based networks
[25], Transformers [26], generative adversarial networks (GANs) [27], and diffusion
models [28, 29], to recover 3D geometry.Recent studies have attempted to improve
reconstruction performance by enhancing sketch feature representation from different
perspectives. For example, viewpoint-aware encoding strategies have been introduced
to alleviate the influence of viewpoint variations during feature extraction and recon-
struction [14, 30–32]. Other approaches incorporate textual guidance and sketch-text
multimodal fusion to enrich semantic understanding of sketches [33, 34]. Meanwhile,
improving backbone architectures or strengthening contour information has also been
explored to obtain more discriminative sketch representations [35, 36]. Although
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these methods significantly improve global shape understanding, accurately recovering
fine-grained geometric details from sparse sketch inputs remains difficult.

However, a fundamental limitation remains in the prevailing encoder-decoder
paradigm. Most existing methods compress the extracted 2D sketch features into com-
pact global latent representations through flattening or pooling operations to capture
global context, such as shape and viewpoint information. However, this compression
strategy inevitably weakens the spatial correspondence between image features and
local sketch structures, causing the loss of fine-grained geometric and topological cues
encoded by individual strokes, including detailed contours, local concavities, and thin
protrusions. During decoding, mesh generation is typically performed by regressing
vertex deformation from the global latent representation in a single feed-forward pro-
cess, without an explicit mechanism to adaptively access local sketch evidence when
reconstructing detailed geometry. Consequently, the reconstructed models often pre-
serve the overall shape semantics but suffer from over-smoothed local regions and fail
to fully capture the geometric intent conveyed by the original sketch.

To address this limitation, we propose Locality-Preserving Sketch Token Fusion
(LP-STF), a novel framework for high-fidelity single-view sketch-based 3D reconstruc-
tion. The key idea is to preserve local sketch information while maintaining global
shape understanding. Instead of collapsing the entire sketch representation into a sin-
gle latent vector, our framework introduces a dual-path sketch representation that
simultaneously learns a global latent representation for shape and viewpoint modeling
and a spatially structured local token representation for preserving fine-grained stroke
patterns.

Specifically, we design a Token Transformer Block that transforms the extracted
sketch features into complementary global and local representations. The global rep-
resentation captures overall shape semantics and viewpoint information, while the
local tokens retain spatially distributed geometric cues from different sketch regions.
Furthermore, we introduce a Local Token Cross-Attention Module that establishes
an adaptive interaction between 2D sketch tokens and 3D mesh deformation. Dur-
ing decoding, the global shape representation queries local sketch tokens through an
attention mechanism, enabling the reconstruction network to dynamically retrieve rel-
evant local evidence for accurate vertex deformation and better alignment between
sketch structures and reconstructed geometry. In addition, we incorporate a view-
disentanglement branch to improve robustness against viewpoint ambiguity and
enhance reconstruction consistency under varying observation conditions.

Our contributions are summarized as follows:

1. A Token Transformer Block for locality-preserving dual-path sketch

representation. We introduce a novel sketch encoding strategy that avoids exces-
sive global compression by jointly learning global shape semantics and spatially
structured local tokens. This design preserves fine-grained stroke information and
provides richer geometric cues for downstream 3D reconstruction.

2. A Local Token Cross-Attention Module for geometry-aware sketch-

to-3D alignment. We propose an adaptive cross-attention-based mesh feature
sampling mechanism that enables the decoder to selectively retrieve informative
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local sketch regions during mesh generation. By establishing a more precise corre-
spondence between 2D sketch structures and 3D vertex deformation, our approach
improves the recovery of local geometric details.

3. High-fidelity and robust sketch-based 3D reconstruction. Extensive exper-
iments on ShapeNet-Synthetic and ShapeNet-Sketch [11, 37] demonstrate that our
method achieves superior reconstruction performance under both view-conditioned
and fully automatic settings. In particular, it provides significant improvements for
objects with thin structures and complex local geometries.

2 Related Work

2.1 Sketch-based 3D reconstruction

Sketch-based 3D reconstruction aims to generate three-dimensional models from
intuitive hand-drawn sketches and has attracted increasing attention due to its poten-
tial to simplify and democratize 3D content creation. Compared with traditional
computer-aided design (CAD) systems, sketch-based modeling provides a more natural
interaction paradigm, allowing users to express their design concepts with only a few
strokes [33]. However, reconstructing accurate 3D geometry from free-hand sketches
remains challenging because sketches usually contain incomplete geometric informa-
tion, ambiguous depth cues, and significant variations caused by different drawing
styles.

Early sketch-based modeling approaches mainly relied on handcrafted geometric
constraints, contour analysis, and interactive user operations to infer 3D structures
from 2D strokes. For example, Sketch2Mesh [15] demonstrated the feasibility of
reconstructing and editing 3D shapes from sketches by exploiting geometric relation-
ships between drawn contours and 3D surfaces. Similarly, early studies on free-hand
sketch reconstruction explored the use of stroke-based constraints and user guid-
ance to recover plausible 3D structures [38, 39]. However, these approaches typically
require substantial manual interaction and are difficult to generalize to diverse object
categories.

With the development of deep learning, recent methods have shifted toward
automatic sketch-to-3D reconstruction using neural networks. These approaches gen-
erally employ encoder-decoder architectures to extract discriminative sketch features
and generate 3D representations, including voxels, point clouds, implicit fields, and
polygonal meshes [40].

Sketch2Model [14] introduced a view-aware framework for reconstructing 3D mod-
els from a single free-hand sketch. By explicitly modeling viewpoint information and
disentangling shape-related and view-related representations, the method effectively
reduced ambiguity caused by different observation conditions. Deep3DSketch [16–19],
further improved reconstruction quality by enhancing stroke-level feature representa-
tion and incorporating shape-aware constraints, enabling better recovery of geometric
structures from sparse sketch inputs. More recently, SS2M [35] explored stronger fea-
ture extraction backbones and additional geometric constraints to improve the fidelity
of reconstructed meshes.
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Although these methods have achieved significant progress, most existing
approaches still encode sketch information into compact global latent representations
before mesh generation. Such representations are effective for capturing overall object
semantics but may weaken the spatial correspondence between local sketch strokes
and reconstructed geometry. Consequently, recovering fine-grained geometric details,
such as thin structures, local concavities, and small-scale surface variations, remains
challenging.

2.2 View-aware and multimodal sketch reconstruction

A fundamental challenge in sketch-based 3D reconstruction is the inherent ambigu-
ity caused by missing depth information and uncertain viewpoints. Since a free-hand
sketch represents only a partial projection of a 3D object, different viewpoints may
result in significantly different interpretations of the same object [41, 42]. Therefore,
incorporating viewpoint information and additional prior knowledge has become an
important direction for improving reconstruction robustness.View-aware approaches
attempt to explicitly model viewpoint variations during the reconstruction process.
Sketch2Model [14] introduced a viewpoint-aware encoding strategy that separates
object shape information from observation-related variations, allowing the network to
better distinguish intrinsic geometry from camera effects. Similarly, SS2M [35] incor-
porated viewpoint prediction and geometric constraints to provide additional guidance
for reconstructing 3D shapes from ambiguous sketch inputs.

Beyond viewpoint modeling, recent studies have explored multimodal learning
strategies to compensate for the limited information contained in sketches. By intro-
ducing complementary semantic information, multimodal approaches can provide
additional priors for shape understanding and generation. Magic3DSketch [20] incor-
porated textual descriptions and language-image pretrained models into sketch-based
3D modeling, leveraging semantic knowledge from large-scale multimodal models to
improve the realism and completeness of generated 3D models.

Despite the effectiveness of viewpoint-aware and multimodal strategies, these
approaches mainly focus on improving global shape understanding by introducing
additional information sources. The problem of preserving the intrinsic spatial struc-
ture of sketch strokes and dynamically utilizing local geometric cues during mesh
reconstruction remains insufficiently explored.

2.3 Local feature representation and attention mechanisms

The quality of sketch-based 3D reconstruction largely depends on how effectively 2D
sketch information is represented and transferred into 3D geometry. Conventional
convolutional neural networks typically extract hierarchical features and aggregate
them into compact global representations through pooling or flattening operations
[22, 43–45]. Although these strategies are effective for capturing high-level seman-
tic information, they may discard spatially localized patterns that are critical for
recovering detailed geometry.

Recent advances in transformer-based architectures have demonstrated the effec-
tiveness of token-based representations for preserving structured visual information.
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Unlike traditional feature aggregation methods, transformer models represent images
as collections of spatially distributed tokens and enable flexible feature interaction
through attention mechanisms. Vision Transformer (ViT) [46] introduced patch-level
token representations and demonstrated the capability of transformers to model long-
range dependencies while maintaining structured visual information. Furthermore,
Perceiver [47] explored latent query-based attention mechanisms, enabling efficient
interaction between latent representations and input tokens.

Attention mechanisms have also been widely explored in 3D reconstruction tasks.
For example, Pixel2Mesh [48] established a direct connection between image features
and mesh deformation by progressively refining mesh vertices according to image
guidance. Transformer-based architectures such as DETR [49] further demonstrated
the effectiveness of cross-attention mechanisms for learning adaptive correspondence
between different feature spaces.

However, existing sketch-based 3D reconstruction methods generally compress
sketch features into a single global latent representation before decoding. Once local
spatial information is aggregated, the decoder lacks an explicit mechanism to revisit
informative sketch regions during mesh generation. Motivated by token-based rep-
resentation learning and attention-driven feature interaction, our work introduces a
locality-preserving sketch token representation and an adaptive mesh feature sampling
strategy to dynamically exploit local sketch cues for high-fidelity 3D reconstruction.

3 Method

3.1 Overview

Given a single free-hand sketch, our goal is to reconstruct a high-quality 3D mesh that
preserves both global shape structures and fine-grained local geometries. However,
existing sketch-based reconstruction methods often compress the input sketch into
a compact global representation, which may weaken or discard spatially localized
stroke information. Such information loss makes it difficult to recover fine geometric
structures, particularly for objects with thin components and complex local details.

To address this limitation, we propose a Locality-Preserving Sketch Token Fusion
framework, which maintains spatially structured sketch tokens and allows the recon-
struction network to selectively exploit local geometric cues. As illustrated in Fig. 1,
the framework consists of five main components: a Feature Extractor, a Token Trans-
former Block, an Encoder-Decoder Module, a Local Token Cross-Attention (LTCA)
Module, and a Mesh Generator. Among them, the Token Transformer Block preserves
and enhances spatially localized sketch information, the Encoder-Decoder Module
learns disentangled shape- and viewpoint-related representations, and the LTCA
Module dynamically retrieves local sketch features to complement the global shape
representation. The resulting geometry-aware representation is then decoded by the
Mesh Generator to produce the reconstructed 3D mesh.
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Fig. 1 Overview of the proposed locality-preserving sketch-to-3D reconstruction
framework. Given an input sketch, the sketch encoder with a Token Transformer pro-
duces a dual-path representation consisting of a global shape feature and a spatially
structured local token representation [B, 512, 7, 7]. The dual-branch latent encoder
factorizes the representation into shape- and viewpoint-related codes and produces
a global shape latent Zglobal. A Local Token Cross-Attention (LTCA) module uses
Zglobal as the query to dynamically retrieve informative local sketch tokens, which
serve as the key and value features. The retrieved local cues are fused with the global
shape representation to form a geometry-aware representation, which is subsequently
decoded and refined to generate the final 3D mesh.
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3.1.1 Feature Extractor

The input sketch I is first processed by a lightweight convolutional encoder to obtain
an intermediate feature map. To preserve spatial structures, instead of performing
global feature aggregation, we maintain the spatial feature layout and generate local
sketch tokens.

Specifically, the extracted feature map is transformed into a fixed spatial resolution:

Xt = P(Xs), Xt ∈ R
B×512×7×7. (1)

where P(·) denotes adaptive pooling. Each spatial location corresponds to a
local sketch region, providing explicit stroke-level geometric cues for subsequent
reconstruction.
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3.1.2 Token Transformer Block

Although local tokens preserve spatial information, convolutional features alone can-
not sufficiently capture long-range structural relationships. Therefore, we introduce
a Token Transformer Block to enhance global reasoning. The feature map is first
flattened into a token sequence:

T = {ti}49i=1, ti ∈ R
512. (2)

Multi-head self-attention is applied to model interactions among different sketch
regions:

Ta = MSA(T ), (3)

followed by an MLP refinement:

Tr = MLP(Ta). (4)

To adaptively balance original sketch information and transformed features, we
introduce a learnable gated residual fusion:

Ftoken = Xt + tan(α) ·Xr, Ftoken ∈ R
B×512×7×7. (5)

where Xr represents the refined token feature and α is a learnable parameter. The
proposed gated fusion preserves original stroke structures while enhancing discrimina-
tive geometric patterns, producing the final locality-preserving token representation
Ftoken.

3.2 Encoder-Decoder Module

The locality-preserving tokens are further transformed into a compact latent repre-
sentation. Rather than collapsing the sketch into a single embedding, we factorize the
representation into two complementary codes, Fs and Fv, corresponding to intrinsic
shape and viewpoint information, respectively. In particular, Fv is explicitly guided to
encode the viewing configuration of the input sketch, while Fs is expected to preserve
geometric characteristics that are less sensitive to viewpoint variations. The resulting
factorized representation provides a suitable basis for subsequent 3D reconstruction
and disentanglement learning.

To explicitly inject viewpoint supervision into the latent space, we impose a con-
trastive alignment objective between the predicted view representation Fv and the
ground-truth view embedding V . Specifically, the ground-truth view is encoded into
the same embedding space as Fv, providing a positive target, while the view embed-
dings of other samples serve as negative candidates. We formulate the contrastive
objective as

Lcon = − log
exp (sim(Fv, V )/τ)

∑

j exp (sim(Fv, Vj)/τ)
, (6)

where sim(·, ·) denotes the cosine similarity, V is the embedding of the ground-truth
viewpoint associated with the input sketch, Vj denotes the viewpoint embedding
of the j-th candidate, and τ is a temperature parameter. This objective explicitly
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encourages Fv to capture viewpoint-related information. Together with the subsequent
disentanglement constraints, it further promotes the separation of view-dependent
cues from intrinsic shape information. The decoder then aggregates the two com-
plementary representations Zglobal, which provides a global geometric prior for mesh
reconstruction.

3.3 Local Token Cross-Attention Module

Although the global shape latent Zglobal captures high-level semantic and geometric
information, its spatially collapsed representation does not preserve explicit corre-
spondence with local sketch structures. This limitation is particularly pronounced
for fine-grained geometric elements, such as object contours, narrow parts, and
small structural details. To recover such information during mesh reconstruction,
we introduce a Local Token Cross-Attention Module that performs global-to-local
cross-attention between the shape latent and the locality-preserving sketch tokens.

Specifically, we first project the global shape latent into a query token:

Q = WqZglobal, Q ∈ R
B×1×512. (7)

Meanwhile, the locality-preserving sketch tokens are flattened along their spatial
dimensions and projected into key and value representations:

K = Wk Flatten(Ftoken), V = Wv Flatten(Ftoken), (8)

where
K,V ∈ R

B×49×512. (9)

The global shape query then attends to the local sketch tokens through scaled
dot-product attention:

A = Softmax

(

QKT

√
d

)

, (10)

where d denotes the feature dimension of the attention space. The corresponding local
geometric cues are retrieved by

Zlocal = AV. (11)

Unlike uniform aggregation of local features, the proposed query-driven sampling
allows the global shape representation to adaptively identify sketch regions that are rel-
evant to the current geometric reconstruction. This mechanism facilitates the retrieval
of fine-grained local cues, including object boundaries, thin structures, and other
structurally informative regions.

Finally, the retrieved local information is integrated with the global shape
representation through residual fusion:

Zf = Zglobal + Zlocal, (12)

yielding a geometry-aware representation that combines global semantic structure with
fine-grained local sketch evidence.
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3.4 Mesh Generator

The fused representation Zf is fed into the mesh generator:

M0 = G(Zf ), (13)

where M0 denotes the initial mesh prediction.
To further improve geometric continuity and surface quality, a mesh refinement

module is applied:

M = R(M0). (14)

The refinement stage optimizes local surface details and produces the final 3D
mesh corresponding to the input sketch.

3.5 Training Objectives

The proposed framework is trained with complementary objectives that constrain the
reconstructed geometry, regularize the generated mesh, and provide explicit supervi-
sion for the viewpoint representation. The complete training objective is formulated
as

Ltotal = λsLs + λrLr + λconLcon, (15)

where λs, λr, and λcon are weighting coefficients that control the contributions of the
individual objectives. The three components provide complementary supervision: Ls

constrains the reconstructed geometry in the image space, Lr promotes geometrically
plausible mesh surfaces, and Lcon explicitly calibrates the viewpoint-related latent rep-
resentation. Their joint optimization enables the proposed framework to reconstruct
3D geometry that is consistent with the observed sketch while maintaining an explicit
representation of viewpoint information.

3.5.1 Silhouette Reconstruction.

Since explicit 3D annotations are not required, we constrain the predicted mesh
through its rendered silhouette. Given the reconstructed mesh and its corresponding
viewpoint, a differentiable renderer is used to obtain the silhouette S. We then mea-
sure its consistency with the target silhouette Ŝ extracted from the input sketch using
a differentiable Intersection-over-Union (IoU) objective:

Ls = 1 − |S ∩ Ŝ|
|S ∪ Ŝ|

. (16)

Here, S denotes the silhouette rendered from the predicted mesh under the correspond-
ing viewpoint, while Ŝ represents the target silhouette. Minimizing Ls encourages the
reconstructed geometry to preserve the visible shape evidence contained in the input
sketch.
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3.5.2 Mesh Regularization.

Silhouette supervision alone does not fully constrain the underlying surface geome-
try and may produce locally irregular or distorted mesh structures. To improve the
geometric quality of the reconstructed mesh, we introduce surface regularization:

Lr = Llap + Ledge, (17)

where Llap promotes local surface smoothness by penalizing undesirable variations in
neighboring vertex configurations, and Ledge encourages a regular distribution of edge
lengths. These complementary constraints suppress geometric artifacts and promote
coherent and plausible mesh surfaces during reconstruction.

3.5.3 View-Aware Contrastive Alignment.

The view branch is explicitly supervised to recover the viewpoint associated with the
input sketch. Rather than relying solely on the reconstruction objective, we align the
predicted view representation Fv with its corresponding ground-truth view embedding
V . Specifically, the ground-truth view is mapped into the same representation space
as Fv and serves as the positive target, whereas viewpoint embeddings associated with
other samples provide negative candidates. We adopt cosine similarity to measure the
correspondence between the predicted and target representations:

Lcon = − log
exp (sim(Fv, V )/τ)

∑

j exp (sim(Fv, Vj)/τ)
, (18)

where sim(·, ·) denotes cosine similarity, V is the ground-truth viewpoint embed-
ding associated with the input sketch, Vj denotes the viewpoint embedding of the
j-th candidate, and τ is a temperature parameter. This objective explicitly guides
Fv toward discriminative viewpoint representations by increasing its similarity to
the correct viewpoint while distinguishing it from competing view configurations.
Together with the subsequent disentanglement constraints, it contributes to separating
viewpoint-dependent cues from intrinsic shape information.

4 Experiments

We first conduct a case study to demonstrate the effectiveness of our Locality-
Preserving Sketch Token Fusion framework and analyze how the proposed local-token
cross-attention mesh sampler facilitates fine-grained sketch-to-geometry alignment. By
enabling the global shape representation to adaptively query informative local sketch
tokens during mesh decoding, our approach establishes a more precise correspondence
between 2D stroke structures and 3D vertex deformations. Extensive quantitative and
qualitative evaluations on both synthetic and hand-drawn sketches demonstrate that,
compared with existing baselines, our method produces reconstructed shapes with
higher geometric fidelity and stronger consistency with the input sketches.
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4.1 Datasets

We evaluate on the two standard benchmarks introduced with Sketch2Model [14],
covering 13 ShapeNet [37] categories: airplane, bench, cabinet, car, chair, display,
lamp, loudspeaker, rifle, sofa, table, telephone and watercraft.

ShapeNet-Synthetic.We train our model on the ShapeNet-Synthetic [11]
dataset, a synthetic benchmark constructed from ShapeNet containing 13 object cat-
egories, including airplanes, benches, cars, and other representative classes. Each 3D
model is rendered from 20 different viewpoints with an image resolution of 224 × 224
pixels. Following Sketch2Model, we adopt the same training/testing split to enable
a fair and consistent evaluation against existing sketch-based 3D reconstruction
approaches.

ShapeNet-Sketch.To evaluate the generalization capability of our model on
real hand-drawn sketches, we conduct cross-domain testing on the ShapeNet-Sketch
dataset. This dataset is constructed by randomly selecting 100 rendered images from
each of the 13 ShapeNet categories, with each rendered image paired with a corre-
sponding hand-drawn sketch created by human participants with different levels of
drawing proficiency. In total, the dataset contains 1,300 sketch-model pairs covering
diverse object categories. Since ShapeNet-Sketch is designed exclusively for evaluation,
none of its samples are used during the training process.

4.2 Implementation details

The backbone is EfficientNet-B0 [50] truncated at the seventh stage and projected to
512 channels. The Token Transformer and Local Token Cross-Attention Module each
use 8 attention heads with a hidden width of 512. The mesh decoder deforms a fixed-
topology template. silhouette supervision is obtained with a differentiable renderer
[21, 22]. Input sketches are resized to 224×224.Our network is implemented in PyTorch
and optimized using the Adam optimizer with a learning rate of 1× 10−4 and a batch
size of 64. All experiments are performed on an NVIDIA GeForce RTX A6000 GPU.
The loss weights are set as λs = λr = λmse = 1 and λcon = 0.05. The model is
trained for 2,000 epochs, with validation conducted every 500 epochs to select the
best-performing checkpoint.

4.3 Comparisons and Evaluations

Quantitative Comparison. We compare our method with several state-of-the-art
approaches, including retrieval-based methods, conventional encoder-decoder archi-
tectures equipped with the Soft Rasterizer (SoftRas) [22] differentiable renderer, and
recent deep learning-based sketch reconstruction methods, including Sketch2Model
[14], Deep3DSketch+ [17], Magic3DSketch [20], and SS2M [35].

The retrieval-based method extracts sketch features using a pretrained sketch clas-
sification network, which has demonstrated stronger representation capability than
handcrafted descriptors in sketch-related tasks. Deep3DSketch+ improves reconstruc-
tion quality by enhancing sketch contour information, while SS2M introduces a more
powerful feature extraction backbone and additional geometric constraints to improve
reconstruction performance. These methods provide strong baselines for evaluating
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Table 1 Quantitative comparison with state-of-the-art methods on the ShapeNet-Synthetic
dataset. IoU scores are reported for each object category.

Dataset Method Airplane Bench Cabinet Car Chair Display Lamp

Sketch-Synthetic

Retrieval 0.513 0.380 0.518 0.667 0.346 0.385 0.325
SoftRas 0.576 0.467 0.663 0.769 0.496 0.541 0.431

Sketch2Model (Pred) 0.618 0.477 0.667 0.746 0.515 0.550 0.463
Sketch2Model (GT) 0.624 0.481 0.701 0.751 0.522 0.604 0.472

Deep3DSketch+ 0.632 0.510 0.699 0.782 0.525 0.588 0.466
Magic3DSketch 0.637 0.477 0.701 0.772 0.530 0.593 0.459

SS2M 0.637 0.519 0.715 0.789 0.541 0.617 0.469
Ours (GT) 0.660 0.507 0.708 0.770 0.560 0.617 0.505

Ours (Pred) 0.653 0.495 0.689 0.767 0.555 0.584 0.491

Dataset Method Loudspeaker Rifle Sofa Table Telephone Watercraft Sum Avg

Sketch-Synthetic

Retrieval 0.468 0.475 0.483 0.311 0.622 0.422 5.915 0.455
SoftRas 0.629 0.605 0.613 0.512 0.706 0.556 7.564 0.582

Sketch2Model (Pred) 0.624 0.606 0.620 0.470 0.673 0.569 7.598 0.584
Sketch2Model (GT) 0.641 0.612 0.622 0.478 0.719 0.586 7.813 0.601

Deep3DSketch+ 0.630 0.632 0.640 0.510 0.757 0.583 7.954 0.612
Magic3DSketch 0.620 0.632 0.639 0.503 0.697 0.572 7.832 0.602

SS2M 0.694 0.584 0.642 0.452 0.754 0.598 8.011 0.616
Ours (GT) 0.672 0.662 0.639 0.515 0.739 0.614 8.167 0.628

Ours (Pred) 0.630 0.649 0.638 0.486 0.707 0.592 7.935 0.610

the effectiveness of our proposed Locality-Preserving Sketch Token Fusion frame-
work.Following prevIoU work [21, 22], we adopt the voxel Intersection-over-Union
(IoU) as the evaluation metric to measure reconstruction accuracy. Higher IoU values
indicate better geometric consistency between the reconstructed 3D shape and the
ground-truth model.

Evaluation on ShapeNet-Synthetic Dataset. We first evaluate our method on
the ShapeNet-Synthetic dataset, where all sketches are generated from rendered views
with controlled viewpoints. The quantitative results are reported in Table 1. Com-
pared with existing approaches, our method achieves the highest average IoU under
both ground-truth viewpoint and predicted viewpoint settings, reaching 0.628 and
0.610, respectively. In particular, our method obtains superior performance on several
categories with complex geometric structures, including Airplane, Chair, Lamp, Rifle,
and Watercraft. These improvements indicate that the proposed locality-preserving
representation effectively captures fine-grained stroke patterns and improves the cor-
respondence between sketch structures and reconstructed 3D geometry. Compared
with the previous state-of-the-art method SS2M [35], our approach improves the aver-
age IoU from 0.616 to 0.628 under the ground-truth viewpoint setting. The consistent
improvements across different object categories demonstrate the effectiveness of pre-
serving local sketch information rather than relying solely on globally compressed
shape representations.

Evaluation on ShapeNet-Sketch Dataset. To further evaluate the generaliza-
tion capability of our model, we conduct experiments on the ShapeNet-Sketch dataset,
which contains human-created sketches with larger variations in drawing styles and
stronger structural ambiguity. The quantitative results are summarized in Table 2.
Our method achieves the highest average IoU among all compared approaches, obtain-
ing 0.498 and 0.487 under ground-truth viewpoint and predicted viewpoint settings,
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Table 2 Quantitative comparison with state-of-the-art methods on the ShapeNet-Sketch dataset.
IoU scores are reported for each object category.

Dataset Method Airplane Bench Cabinet Car Chair Display Lamp

Sketches

Retrieval 0.411 0.219 0.409 0.626 0.238 0.338 0.223
SoftRas 0.469 0.347 0.545 0.648 0.361 0.472 0.328

Sketch2Model (Pred) 0.479 0.357 0.547 0.649 0.383 0.435 0.336
Sketch2Model (GT) 0.487 0.366 0.568 0.659 0.393 0.479 0.338

Deep3DSketch+ 0.490 0.368 0.553 0.675 0.382 0.463 0.347
Magic3DSketch 0.497 0.382 0.555 0.688 0.413 0.497 0.328

Ours (GT) 0.508 0.382 0.572 0.674 0.406 0.498 0.358

Ours (Pred) 0.506 0.383 0.549 0.660 0.392 0.462 0.353

Dataset Method Loudspeaker Rifle Sofa Table Telephone Watercraft Sum Avg

Sketches

Retrieval 0.365 0.413 0.431 0.232 0.536 0.369 4.810 0.370
SoftRas 0.533 0.541 0.534 0.359 0.537 0.456 6.130 0.472

Sketch2Model (Pred) 0.526 0.510 0.528 0.361 0.551 0.450 6.112 0.470
Sketch2Model (GT) 0.544 0.534 0.534 0.357 0.554 0.466 6.279 0.483

Deep3DSketch+ 0.514 0.543 0.534 0.370 0.576 0.467 6.282 0.483
Magic3DSketch 0.523 0.550 0.531 0.372 0.517 0.459 6.312 0.486

Ours (GT) 0.556 0.565 0.559 0.366 0.562 0.474 6.480 0.498

Ours (Pred) 0.534 0.557 0.535 0.360 0.568 0.471 6.329 0.487

respectively. Although Magic3DSketch [20] achieves slightly better performance on
several individual categories, including Car, Chair, and Table, our method provides
better overall reconstruction accuracy across the entire dataset. This indicates that
the proposed locality-preserving sketch representation is more robust when transfer-
ring from synthetic training sketches to real hand-drawn sketches with diverse drawing
styles. The stable performance under predicted-view settings further demonstrates the
capability of our framework to handle viewpoint uncertainty without requiring explicit
viewpoint annotations.

Analysis of Improvement. The performance improvements mainly benefit from
the complementary designs of the Token Transformer Block (TTB) and the Local
Token Cross-Attention Module (LTCA). Unlike conventional approaches that com-
press sketch features into a single global latent representation, TTB preserves spatially
structured local tokens while maintaining global shape semantics. This design enables
the network to retain fine-grained stroke information, which is critical for recovering
detailed geometric structures. Furthermore, LTCA introduces adaptive interactions
between mesh queries and local sketch tokens during mesh decoding. By selectively
retrieving informative local regions, LTCA establishes more accurate correspondence
between 2D stroke structures and 3D vertex deformations, leading to improved recon-
struction of local details while preserving global shape consistency. The consistent
improvements observed on both synthetic and hand-drawn sketch datasets demon-
strate that the proposed framework effectively alleviates the information loss caused
by global feature compression and provides a more reliable solution for high-fidelity
sketch-based 3D reconstruction.

Qualitative Results. Fig. 2 presents representative qualitative reconstruction
results across multiple object categories, including airplanes, tables, chairs, cabinets,
rifles, and sofas. The first row shows the input free-hand sketches, the second row
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presents the corresponding ground-truth 3D models, and the third row illustrates
the 3D shapes reconstructed by our method.Overall, our method produces recon-
structed shapes that exhibit strong consistency with the input sketches in terms of
both global structure and local geometric details. Despite the sparse and inherently
ambiguous nature of free-hand sketches, the reconstructed models successfully recover
the major structural components and overall shape configurations indicated by the
input strokes. In particular, the results demonstrate that our method can preserve thin
structures, elongated components, and distinctive local geometric patterns, which are
often difficult to infer from limited 2D sketch information.

The reconstruction results can be attributed to the complementary roles of the pro-
posed TTB and LTCA modules. TTB preserves spatially localized stroke information
through the locality-preserving dual-path sketch representation, allowing fine-grained
sketch cues to be retained alongside global shape semantics. Meanwhile, LTCA enables
the mesh decoder to adaptively retrieve informative local sketch features during mesh
generation, facilitating more precise correspondence between 2D stroke structures and
3D vertex deformations. These two components jointly provide richer geometric cues
for recovering detailed 3D structures while maintaining global shape consistency.

Although minor discrepancies remain in some fine-scale regions, which can be
attributed to the inherent ambiguity and incompleteness of free-hand sketches, the
reconstructed shapes generally follow the structural and geometric cues conveyed
by the input sketches. These qualitative results demonstrate the capability of our
framework to transform sparse hand-drawn sketches into geometrically plausible and
detailed 3D shapes.

Fig. 2 Some representative results on our test dataset. The ground truth is provided
at the bottom of each example for comparison. Our method is capable of generating
promising shapes from hand-drawn sketches. Note that the results shown here are
generated using predicted viewpoints.

Sketch

GT

Ours

Sketch

GT

Ours
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We visualize selected failure-case samples from the ShapeNet-Sketch test set in
Fig. 3. Although the overall global geometry of objects is largely reconstructed by all
methods, fine-grained local details are prone to be lost in the baseline sketch2model.
For the airplane sample, sketch2model suffers from distorted tail geometry, while our
method faithfully preserves the fine tail details consistent with the ground-truth (GT).
For the chair, the baseline produces a deformed backrest, whereas our approach recov-
ers the original chair back structure accurately. For the bench, sketch2model yields
an elongated rectangular bench, deviating from the square-shaped ground-truth; our
model generates the correct square bench topology. For the car, although the base-
line captures the coarse car silhouette, it fails to reconstruct the rear-wing detail. In
contrast, our method reconstructs the car’s rear-wing with clear fine-level geometry
matching GT.

These examples highlight the necessity of hierarchical information for fine-detail
reconstruction. Even for these challenging sketch inputs, our model maintains reason-
able generalization capability and reconstructs objects from unseen training sketches,
demonstrating that the learned shape priors can transfer to novel data. Nevertheless,
these observed limitations reveal that improving fine-detail preservation and general-
ization is still a vital future research direction, which may be achieved via enhanced
hierarchical feature extraction and more powerful representation learning.

Fig. 3 Qualitative comparison on challenging samples from ShapeNet-Sketch test set.
Compared with sketch2model, our method better preserves fine-grained local details
including airplane tail, chair backrest, square bench topology, and car rear-wing, while
maintaining plausible global object shapes.

Ours

Sketch

GT

sketch2model

5 Ablation Experiments

We conduct ablation studies to investigate the individual and complementary con-
tributions of the proposed Token Transformer Block (TTB) and Local Token
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Table 3 Ablation study of each component on the ShapeNet-Synthetic test set. Values in
parentheses indicate the results under predicted viewpoints. The best results are highlighted in bold.

Method Airplane Chair Lamp
baseline 0.624 (0.618) 0.522 (0.515) 0.472 (0.463)
+ TTB 0.636 (0.630) 0.540 (0.521) 0.481 (0.473)
+ LTCA 0.650 (0.645) 0.551 (0.545) 0.490 (0.481)
Ours 0.660 (0.653) 0.560 (0.555) 0.505 (0.491)

Method Rifle Table Watercraft
baseline 0.612 (0.606) 0.478 (0.470) 0.586 (0.569)
+ TTB 0.623 (0.612) 0.491 (0.473) 0.595 (0.578)
+ LTCA 0.645 (0.640) 0.512 (0.481) 0.612 (0.590)
Ours 0.662 (0.649) 0.515 (0.486) 0.614 (0.592)

Table 4 Ablation study of TTB and LTCA modules on the ShapeNet-Sketch test set in terms of
IoU. The best results are highlighted in bold.

TTB LTCA Airplane Chair Lamp
0.487 (0.479) 0.393 (0.383) 0.338 (0.336)

✓ 0.492 (0.485) 0.398 (0.385) 0.346 (0.341)
✓ 0.505 (0.497) 0.402 (0.390) 0.354 (0.353)

✓ ✓ 0.508 (0.506) 0.406 (0.392) 0.358 (0.353)

TTB LTCA Rifle Table Watercraft
0.534 (0.510) 0.357 (0.361) 0.466 (0.450)

✓ 0.547 (0.521) 0.359 (0.357) 0.472 (0.454)
✓ 0.550 (0.545) 0.364 (0.358) 0.474 (0.468)

✓ ✓ 0.565 (0.557) 0.366 (0.360) 0.474 (0.471)

Cross-Attention (LTCA). Quantitative results on ShapeNet-Synthetic and ShapeNet-
Sketch are reported in Table 3 and Table 4, respectively. For each reported IoU value,
the number outside parentheses represents the ground-truth viewpoint (GT) setting,
while the number inside parentheses represents the predicted viewpoint (Pred) setting.

Effect of TTB. Without TTB, the reconstruction performance consistently
decreases across all evaluated categories. On the ShapeNet-Synthetic dataset, the IoU
drops from 0.660 to 0.624 for airplanes and from 0.560 to 0.522 for chairs. This perfor-
mance degradation demonstrates the importance of the proposed token-based sketch
representation for capturing discriminative and spatially structured features from
free-hand sketches. By preserving localized stroke patterns while maintaining global
shape semantics, TTB enables the network to establish more reliable correspondences
between 2D sketch structures and 3D geometric representations.

Effect of LTCA. Introducing LTCA further improves the performance compared
with the model equipped only with TTB. For example, on ShapeNet-Synthetic, the
IoU increases from 0.636 to 0.650 for airplanes and from 0.540 to 0.551 for chairs. These
improvements verify the effectiveness of explicitly leveraging local sketch tokens during
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mesh reconstruction. Instead of relying solely on a globally compressed shape repre-
sentation, LTCA enables mesh queries to adaptively attend to informative local sketch
regions, providing additional geometric cues for recovering fine-grained structures and
improving sketch-to-geometry alignment.

Complementary contributions. Combining TTB and LTCA achieves the
best reconstruction performance on both ShapeNet-Synthetic and ShapeNet-Sketch
datasets. Compared with the baseline model, the complete framework improves the
IoU from 0.624 to 0.660 for airplanes and from 0.522 to 0.560 for chairs on ShapeNet-
Synthetic. Similar improvements are consistently observed on ShapeNet-Sketch, where
the full model surpasses variants containing only one of the proposed modules. These
results demonstrate that TTB and LTCA provide complementary benefits: TTB
enhances the quality of sketch token representations by preserving local spatial infor-
mation, while LTCA enables the decoder to dynamically retrieve relevant local cues
during mesh generation. Together, they contribute to more accurate reconstruction of
detailed geometry from ambiguous sketch inputs.

Fig. 4 Qualitative ablation results on ShapeNet-Sketch. Removing TTB or LTCA
causes the loss or distortion of fine-grained structures, such as the tail of the airplane
and the backrest of the bench, and produces less accurate local geometry. In contrast,
the full model better preserves distinctive local structures and yields sharper, more
faithful reconstructions.

w/o TTB 

sketch

w TTB 

w LTCA 

w/o LTCA

Qualitative analysis. To further examine the effect of the two modules, Fig. 4
presents qualitative comparisons on challenging sketches from ShapeNet-Sketch.
Removing TTB or LTCA leads to noticeable degradation in structurally distinctive
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regions that require fine-grained local cues. For example, the airplane reconstruc-
tion without the proposed modules tends to lose its tail structure, while the bench
reconstruction exhibits a distorted backrest and missing local components. These
failures are less pronounced in the full model, which produces sharper contours
and better preserves small but geometrically important structures. The qualita-
tive results are consistent with the quantitative ablation results, demonstrating that
explicitly maintaining and exploiting local sketch tokens is critical for faithful detail
reconstruction.

6 Conclusion

In this paper, we presented a Locality-Preserving Sketch Token Fusion framework for
high-quality 3D mesh reconstruction from a single free-hand sketch. The proposed
framework is designed to preserve both global shape structures and fine-grained local
geometries that can be easily lost when sketch features are compressed into a com-
pact global representation. Specifically, the Token Transformer Block (TTB) preserves
and enhances spatially structured sketch tokens, while the Encoder-Decoder Mod-
ule learns disentangled shape- and viewpoint-related representations. Building upon
these representations, the Local Token Cross-Attention (LTCA) Module dynamically
retrieves relevant local sketch features and complements the global shape representa-
tion during geometry reconstruction. The resulting geometry-aware representation is
then decoded by the Mesh Generator to produce the final 3D mesh.

Extensive experiments on ShapeNet-Synthetic and ShapeNet-Sketch demonstrate
the effectiveness of the proposed framework. The quantitative results show consistent
improvements when TTB and LTCA are introduced, while qualitative comparisons
further demonstrate their ability to preserve structurally distinctive local components
and fine-grained geometric details. In particular, the proposed design helps allevi-
ate the loss or distortion of localized structures, such as thin components and small
geometric parts, that are difficult to recover from globally aggregated sketch repre-
sentations. These results confirm that explicitly preserving and exploiting spatially
localized sketch information is beneficial for faithful sketch-based 3D reconstruction.

In future work, we will explore more effective hierarchical token representations
and adaptive local feature selection for highly ambiguous sketches and geometrically
complex objects. We also plan to investigate additional complementary cues, such as
depth or semantic information, to further constrain the reconstruction of geometric
details that are difficult to infer from a single free-hand sketch.
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