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Figure 1: We propose Art4Math, a novel approach that leverages human sketches to enhance HMER. In contrast to prior
unimodal methods, Art4Math supports multimodal inputs and enables fine-grained modality alignment. By pre-training on
large-scale, easily accessible sketches, the model learns rich cross-modal correspondences, which in turn improve its ability to
resolve ambiguities and structural issues in HMER. IE and SE denote the image and stroke encoder, respectively.

Abstract
Handwritten Mathematical Expression Recognition (HMER) re-
mains a challenging task due to the structural complexity of math-
ematical notation and the ambiguity of handwritten symbols—e.g.,
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“𝜌” vs. “p” or “B” vs. “𝛽”. While stroke-based models offer disam-
biguation via temporal cues, most existing methods are constrained
by coarse modality fusion and a lack of fine-grained cross-modal
alignment, further hindered by limited annotated data. We intro-
duce Art for Math (Art4Math), a novel framework that lever-
ages the structural richness of human sketches to enhance HMER
through fine-grained, modality-aware learning. Art4Math follows
a two-stage training paradigm: Art Grounding (A-Grd) and Math
Decoding (M-Dec). In A-Grd, the model is trained to reconstruct
masked regions of sketches via joint modeling of visual and stroke-
level features, encouraging sensitivity to local structural cues and
inter-modality alignment. This Art Grounding cultivates a strong
inductive bias for parsing abstract, sparse visual forms. M-Dec then
adapts this representation to the HMER domain, enabling more pre-
cise symbol disambiguation and structural decoding with limited
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supervision. Extensive experiments across sketch and handwriting-
related tasks, including sketch recognition, retrieval, and HMER,
demonstrate that Art4Math significantly outperforms existing self-
supervised methods, revealing the overlooked synergy between
artistic abstraction and mathematical expression.
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1 Introduction
Handwritten Mathematical Expression Recognition (HMER) plays
a critical role in smart education, digital note-taking, and scien-
tific writing. Despite the rapid advancements in Optical Character
Recognition (OCR) technologies [47, 66], HMER remains an open
challenge due to the intricate visual syntax of mathematical nota-
tion and the high variability in human handwriting.

Most existing HMER approaches treat handwrittenmathematical
expressions (HMEs) as 2D images [3, 12, 29, 59, 65]. While effective
to an extent, this image-centric paradigm struggles with core ambi-
guities inherent in HME, such as visually similar symbols (e.g., “𝜌”
vs. “p”) and overlapping strokes, that often turn recognition into a
heuristic guessing game, as illustrated in Figure 1.

With the increasing ubiquity of touch-screen devices and sty-
lus input, handwritten data is now naturally recorded as stroke
sequences [14], which preserve the temporal dynamics of writing
in addition to its visual form. Stroke-based representations offer
a unique advantage: they encode the order in which symbols are
written, providing critical disambiguation signals. However, these
representations lack explicit spatial structure, which is essential
for decoding the hierarchical layout of mathematical expressions.
As a result, most stroke-based or multimodal HMER methods fuse
strokes with images in a coarse fashion, illustrated as TAP [48]
and MAN [60] in Figure 1, often treating strokes as auxiliary fea-
tures. Consequently, performance improvements largely stem from
image-based backbones, and the potential of multimodal learning
remains underexploited.

To move beyond this bottleneck, we ask: How can we learn fine-
grained, modality-aware correspondences between strokes and pixels
to improve HMER? Achieving this goal is nontrivial, especially in
light of the data scarcity in HMER. Existing datasets are insufficient
to support the learning of complex, local cross-modal relation-
ships [13, 35]. Interestingly, handwritten mathematical expressions
share key properties with human sketches, both are sparse, sym-
bolic abstractions rendered through strokes. Unlike HMEs, however,
sketches are abundant and broadly accessible: anyone can produce

a sketch in seconds [17, 56]. This insight motivates our central
question: What can human sketches do for HMER?

We present Art4Math (Art for Math), the first framework to
leverage large-scale human sketches to pre-train a fine-grained
multimodal model for HMER. Art4Math adopts a two-stage train-
ing paradigm. In the first stage, Art Grounding (A-Grd), the model
learns to reconstruct corrupted sketches via joint modeling of visual
and stroke modalities. To enable this, we introduce a global sketch-
matching module to establish loose cross-modal alignment, inspired
by vision-and-language pre-training methods [23, 40]. However,
unlike natural image-text pairs where cross-modal alignment is
ambiguous, sketch images and stroke sequences are two views
of the same semantic signal. This unique property allows us to
pursue precise, fine-grained alignment between pixels and coor-
dinate points. To exploit this, we propose a collaborative masking
(co-masking) mechanism that simultaneously masks both modal-
ities while preserving the sketch’s global semantics. We then de-
sign a self-supervised learning task, masked sketch joint modeling,
that encourages the two modalities to interact and reconstruct the
full sketch collaboratively. In the second stage, Math Decoding (M-
Dec), we adapt the Art Grounding model to HMER by attaching
a standard decoder. The model, now equipped with fine-grained
modality-aligned features, enables more robust recognition even
under data constraints.

In summary, our contributions are threefold:
(1) We propose Art4Math, the first framework to explore the

use of human sketches as a pretext modality to enhance
handwritten mathematical expression recognition.

(2) We introduce a self-supervised learning paradigm that lever-
ages masked sketch joint modeling to learn fine-grained
modalities alignment during Art Grounding, which is then
adapted to HMER in Math Decoding.

(3) We validate Art4Math through comprehensive experiments,
demonstrating state-of-the-art performance on HMER and
sketch-related tasks, and showcasing the untapped synergy
between artistic abstraction and mathematical structure.

2 Related Works
Handwritten Mathematical Expression Recognition. HMER
frameworks typically consist of an encoder that extracts image
or stroke features and a decoder that parses the corresponding
LaTeX sequence. Deng et al.[7] introduce a fine-grained attention
mechanism to guide LaTeX generation. WAP[62], inspired by image
captioning [53], employs coverage-based attention to dynamically
focus on image regions during decoding. ABM [3] extends this idea
by combining hidden states with image features and adopting a
bidirectional decoder to generate LaTeX sequences in both direc-
tions. To enhance symbol awareness, CAN [26] introduces explicit
symbol counting, while GCN [63] formulates a general category
recognition task to classify symbol types. PosFormer [16] further
improves positional understanding by integrating a position-forest
structure into a Transformer backbone. Beyond raster-based inputs,
stroke trajectories offer rich local and temporal cues. TAP [60] is a
stroke-only approach, yet its performance is limited by the lack of
spatial structure inherent in HME. To address this, MAN [48] fuses
image and stroke modalities at the decoder level.
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Figure 2: Illustration of Art4Math. It consists of an image encoder and a stroke encoder. (i) In A-Grd, we co-mask the sketch
while retaining all the signals. Then the sketch matching module aligns modalities at the global level for better cross-modal
representation. The sketch is reconstructed from the destructive signals by masked sketch joint modeling. (ii) In M-Dec, all
parameters are transferred to the HMER, except for the sketch matching and masked sketch joint modeling components.

Sketch Representation Learning. Sketches can be represented
either as sequences of stroke coordinates or as rasterized images.
Effective sketch representation is crucial for downstream tasks such
as recognition [38], retrieval [30, 33, 43–45], and generation [24, 39].
Typically, sketch images are processed using CNNs [57] or Vision
Transformers (ViTs) [30], while stroke data is modeled with RNNs
[28] or Transformer-based encoders [31, 38]. Unlike generic mul-
timodal learning, where modalities may convey loosely aligned
semantics, sketch data exhibits strong co-referentiality: both stroke
and image modalities represent the same underlying concept. While
sketch images capture spatial layout more effectively, stroke se-
quences preserve fine-grained temporal details and stylistic nu-
ances.

Self-supervised Learning. Self-supervised learning approaches
are generally divided into generative and contrastive paradigms.
Generative models learn to reconstruct masked or corrupted data
distributions, facilitating the discovery of latent structure. Inspired
by masked language modeling (MLM) in NLP [8, 41], the computer
vision community has developed masked image modeling (MIM),
which has shown strong performance across various tasks [1, 4, 18,
52]. In contrast, contrastive methods learn global representations
by pulling positive samples closer in the latent space [5, 15, 19].
Within the sketch domain, generative self-supervised approaches
are more common. SketchBERT [31] masks stroke coordinates and
predicts them using a Transformer encoder. Bhunia et al. [2] intro-
duce dual tasks—rasterization and vectorization—that encourage
cross-modal prediction between strokes and images.

3 Art4Math
Overview. In this section, we introduce Art4Math and its de-

tailed implementation. There are two steps in our framework: art
grounding (A-Grd) and math decoding (M-Dec). During A-Grd, the
model is trained on human sketch data through a masked sketch
joint modeling task. For M-Dec, the Art4Math model is first ini-
tialized with the pre-trained parameters, and all of the parameters
are fine-tuned using labeled data from the HMER task. The overall
Art4Math framework is illustrated in Figure 2.

Input Representations. Touchscreen devices can easily capture
handwritten data trajectories, which can be rasterized into images.

We use a 5-element vector 𝑣𝑡 = (𝑥𝑡 , 𝑦𝑡 , 𝑠1𝑡 , 𝑠2𝑡 , 𝑠3𝑡 ) to characterize the
trajectories. In particular, (𝑥𝑡 , 𝑦𝑡 ) denotes the absolute coordinates
of the trajectory in a normalized 𝐻 ×𝑊 canvas, while the last three
elements represent the binary one-hot vector of three pen states:
pen touching the screen, pen being lifted and end of drawing. Thus,
the size of the trajectory data is 𝑆 ∈ R𝑁×5, where 𝑁 is the sequence
length. The raster image is represented by a three-channel RGB
image 𝐼 ∈ R𝐻×𝑊 ×3.

Model Architecture. Art4Math implements a parallel dual en-
coder architecture that processes images and strokes, respectively.
The image encoder can be any convolutional neural network (CNN)
or vision transformer (ViT). For ViT-based encoders, we use a 12-
layer ViT-B/16 [10] as the image encoder F𝑖 , an input sketch image
𝐼 is embedded into 𝐿 + 1 patches sequence: {𝑝𝑐𝑙𝑠 , 𝑝1, ..., 𝑝𝐿}, where
𝑝𝑐𝑙𝑠 is the global representation, which is the [CLS] token in trans-
former. For CNN-based encoders, we adopt DenseNet [21] following
most previous works [26, 32, 63]. The feature sequence can be ob-
tained by flattening the feature map before the average pooling
operation. The global representation can be obtained by global av-
erage pooling. The stroke encoder F𝑠 transforms an input stroke
𝑆 into a sequence of embeddings {𝑤𝑐𝑙𝑠 ,𝑤1, ...,𝑤𝑁 } by 5 trainable
linear layers with hidden sizes 5− 128− 256− 512− 768. The image
features are fused with the sketch matching module.

3.1 Art Grounding
Art4Math first learns the alignment of images and strokes in large-
scale human sketch data, described in this section. This step is
presented in the left part of Figure 2.

Collaborative Mask. Previous cross-modal alignment models,
such as the Vision-and-Language Pre-training (VLP) [22, 23, 27, 40],
typically bring cross-modal representations closer to or push them
farther away in latent space by optimizing contrastive loss or triplet
loss. However, these methods only model global cross-modal cor-
relations. To model the pixel and coordinate level correspondence
of the sketch, inspired by MLM [9, 41], we randomly mask the
stroke data, retaining 80% of the points. The masking strategy on
the image side is equally essential. MAE [18] utilizes random mask
sampling. However, this method may destroy the original sketch
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signal, as the masks of the strokes and the image may overlap. To
address this, our co-mask also uses a 20% mask rate, but samples
from the remaining unmasked points and rasterizes them into the
sketch image. Just this change, we can destroy the sketch signal
while retaining all of it.

Sketch Matching Module. The two modalities of the sketch
are first passed through a unimodal encoder to obtain the image
feature 𝑓𝑖 ∈ R𝐿×𝑐 and the stroke feature 𝑓𝑠 ∈ R𝑁×𝑑 , and their
corresponding global representations 𝑝𝑐𝑙𝑠 and 𝑤𝑐𝑙𝑠 , respectively.
Then the modality representations are projected to a shared feature
space of dimension 512 by two separate MLPs. To fuse the sketch
modality features, as shown in Figure 2, we devise a sketchmatching
module for cross-modality alignment and interaction. We adopt
𝑚-layer image-to-stroke and stroke-to-image cross-attention layers
to explore cross-modal interaction (𝑚 = 3). This can be achieved by
swapping the image query𝑄𝑖 and stroke query𝑄𝑠 , obtaining a new
Query, Key and Value tuples, i.e., (𝑄𝑠 , 𝐾𝑖 ,𝑉𝑖 ) and (𝑄𝑖 , 𝐾𝑠 ,𝑉𝑖 ). The
Query, Key, and Value can be obtained by three different projection
layers [𝑊𝑞,𝑊𝑘 ,𝑊𝑣]. The cross-modal attention is obtained by

CA(𝑄𝑖 , 𝐾𝑠 ,𝑉𝑠 ) = softmax(𝑄𝑖𝐾
𝑇
𝑠√︁

𝑑𝐾𝑖

)𝑉𝑠 . (1)

In this way, stroke embeddings are updated by the information
from image tokens, and the image embeddings do the same. Thus
the destructive information can be complemented from different
modalities.

We next optimize the image-to-stroke contrastive loss by com-
puting softmax-normalized image-to-stroke and stroke-to-image
similarities with batch size B:

𝑝𝑖2𝑠 =
exp(𝑠 (𝑝𝑐𝑙𝑠 ,𝑤𝑐𝑙𝑠 )/𝜏)∑B
𝑏=1 𝑒𝑥𝑝 (𝑠 (𝑝𝑐𝑙𝑠 ,𝑤𝑐𝑙𝑠 )/𝜏)

, 𝑝𝑠2𝑖 =
exp(𝑠 (𝑤𝑐𝑙𝑠 , 𝑝𝑐𝑙𝑠 )/𝜏)∑B
𝑏=1 exp(𝑠 (𝑤𝑐𝑙𝑠 , 𝑝𝑐𝑙𝑠 )/𝜏)

(2)
where 𝑠 is cosine similarity function, 𝜏 is a learnable temperature
parameter, and 𝑏 is the sample index within a mini-batch. Let 𝑦𝑖2𝑠
and 𝑦𝑠2𝑖 denote the ground-truth one-hot similarity, where the
positive pair has a probability of 1 and the negative pair has a
probability of 0. The image-stroke contrastive loss L𝑖𝑡𝑠 is defined
as the cross-entropy 𝐻 between 𝑝 and 𝑦:

L𝑖𝑡𝑠 =
1
2
E(𝑝𝑐𝑙𝑠 ,𝑤𝑐𝑙𝑠∼𝐷 ) [𝐻 (𝑦𝑖2𝑠 , 𝑝𝑖2𝑠 )] + [𝐻 (𝑦𝑠2𝑖 , 𝑝𝑠2𝑖 )] (3)

Masked Sketch Joint Modeling. While the sketch matching
module achieves global-level alignment, we further explore fine-
grained modal correspondences. Therefore, we devise a masked
sketch joint modeling task as our training objectives to reconstruct
the original sketch images and strokes via an image decoder and a
stroke decoder. These two objectives are analogous to MLM [8] and
MIM [18]. However, the main difference is that Art4Math induces
modality feature-level interactions through masked modeling. Co-
mask, in turn, better achieves this through complementary sketch
destruction. This implies that Art4Math leverages cross-modal rela-
tionships to guide the generated results rather than treating them
as separate tasks. Thus, the results generated have higher fidelity,
which matches downstream tasks like HMER.

Masked Sketch Image Modeling. We use a standard convolu-
tional decoder D𝑖 (·) to reconstruct the original image from the

image feature 𝑓𝑖 . D𝑖 consists of a series of deconvolutional layers
that upsample the spatial size of the image feature to 𝐻 ×𝑊 . Previ-
ous methods calculate the mean square error (MSE) loss between
the generated image and the original image [2]. However, since
sketch pixels are either 0 or 1, we treat this as a pixel prediction task
to generate more precise sketch images and calculate the prediction
probability for the 𝑖-th generated pixel 𝑓𝑖 with 𝑓𝑖 being the ground
truth as:

L𝑚𝑖𝑚 = − 1
𝐿

𝐿∑︁
𝑛=1

2∑︁
𝑖=1

𝑓𝑖 log(
exp(𝑓𝑖 )∑2
𝑗=1 exp(𝑓𝑗 )

) (4)

Masked sketch image modeling not only utilizes information
from the image side but also incorporates the stroke side to obtain
a complete reconstruction result. In this way, we enable the model
to understand the correlation between the stroke coordinates and
the image pixels to guide the reconstruction process.

Masked Sketch Stroke Modeling. Instead of adopting the strat-
egy of predicting mask information like BERT [8, 31], we choose to
reconstruct the whole stroke information to ensure that Art4Math
can focus on the relationship between different stroke structures.
We use a separate stroke decoder to reconstruct the stroke signal.
The stroke decoder D𝑠 (·) is only used during A-Grd. We intend to
focus Art4Math’s cross-modal learning capabilities on the encoder
side. Therefore, we adopt a lightweight independent decoder, which
is an MLP with hidden sizes 512− 256− 128− 64− 5. The output of
D𝑠 predicts 5-element stroke data. We use mean-square error and
categorical cross-entropy loss to optimize the absolute coordinate
and pen state, respectively. Thus, (𝑥𝑡 , 𝑦𝑡 , 𝑠1𝑡 , 𝑠2𝑡 , 𝑠3𝑡 ) being the ground
truth coordinate at 𝑡-th step, the training loss is:

L𝑚𝑠𝑚 = L𝑐𝑜𝑜𝑟𝑑 + L𝑠𝑡𝑎𝑡𝑒 , (5)
where L𝑐𝑜𝑜𝑟𝑑 indicates the loss between the predicted coordinate
value and groundtruth coordinate value, and L𝑠𝑡𝑎𝑡𝑒 indicates the
loss between the predicted drawing state and groundtruth state.
The calculate method is:

L𝑠𝑡𝑎𝑡𝑒 = − 1
𝑁

𝑁∑︁
𝑛=1

3∑︁
𝑖=1

𝑠𝑖𝑡 log(
exp(𝑠𝑖𝑡 )∑2
𝑗=1 exp(𝑠

𝑗
𝑡 )

),

L𝑐𝑜𝑜𝑟𝑑 =
1
𝑁

𝑁∑︁
𝑡=1

| |𝑥𝑡 − 𝑥𝑡 | |2 + | |𝑦𝑡 − 𝑦𝑡 | |2 .

(6)

The full pre-training objective of Art4Math is:

L = L𝑖𝑡𝑠 + L𝑚𝑖𝑚 + L𝑚𝑠𝑚 (7)

3.2 Math Decoding
At the math decoding stage, we fine-tune the arbitrary HMER
dataset described in the experiment and replace the sketchmatching
module with the HME matching module, which is straightforward
to realize by just eliminating the L𝑖𝑡𝑠 . We then plug an HMER
decoder Dℎ𝑚𝑒𝑟 (·) after the HME matching module, and its design
is flexible. Instead of devising a decoder from the ground up, we
use an RNN as the decoder Dℎ𝑚𝑒𝑟 like previous HMER models
[26] as shown in Figure 2. We calculate one stroke-to-image cross-
attention to aggregate cross-modal representation, and then reshape
the output to the requiredmultimodal feature 𝑓𝑐 ∈ Rℎ×𝑤×𝑐𝑚 , where
𝐻
ℎ

= 𝑊
𝑤 = 16 in our implementation. A convolutional operation

with the 1×1 kernel is applied to obtain the transformedmultimodal
feature ∗ 𝑓𝑐 . At time step 𝑡 , the probability 𝑝𝑡 of predicting the
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symbol depends on context C, word embedding 𝐸 (𝑦𝑡 −1) from time
step 𝑡 − 1 and current hidden state ℎ𝑡 :

𝑝𝑡 = softmax(𝜔 (𝑊𝑐C +𝑊𝑡ℎ𝑡 +𝑊𝑒𝐸 (𝑦𝑡 − 1))) + 𝑏𝑜 (8)

where 𝜔,𝑊𝑐 ,𝑊𝑡 ,𝑊𝑒 , 𝑏𝑜 are trainable weights. Context C is com-
puted as a weighted sum of multimodal feature ∗ 𝑓 𝑖, 𝑗𝑐 :

C =
∑︁
𝑖, 𝑗

𝛼
𝑖, 𝑗
𝑡

∗ 𝑓 𝑖, 𝑗𝑐 , (𝑖 = 1, 2, ..., ℎ; 𝑗 = 1, 2, ...,𝑤) (9)

where 𝛼𝑖, 𝑗𝑡 is the attention weight of multimodal feature ∗ 𝑓 𝑖, 𝑗𝑐 at
time step 𝑡 following the implementation of Bian et al. [3]. The
decoder predicts the sequence iteratively until the special mark
“end of sequence” is predicted. The HMER loss function Lℎ𝑚𝑒𝑟 is a
commonly used cross-entropy loss of the predicted probability to
its ground truth.

4 Experiments
4.1 Datasets and Settings

Dataset. We use two popular datasets for evaluation on sketch-
related tasks and two datasets for evaluation on the HMER task.
(i) QuickDraw [17] contains 50 million sketches from 345 classes.
These sketches are drawn by human players in the Quick, Draw!
game and cover a wide range of common objects, animals, vehicles,
everyday items, and abstract concepts. Each image sample is saved
in the form of serialized handwritten stroke data. We use a split
where each class has 70K training samples, 2.5K validation, and
2.5K test samples to pre-train Art4Math and evaluate sketch-related
downstream tasks. (ii) TU-Berlin [11] is also used for the testing
of sketch-related downstream tasks. It includes 250 categories, each
containing 80 sketches. TU-Berlin sketches are drawn more finely
(completed within 30 minutes) and stored in vector format. (iii)
CROHME [35] is the most widely-used public dataset in the field
of HMER, which is from the competition on recognition of on-
line handwritten mathematical expressions. We use it to evaluate
HMER. It contains 8836 HMEs, and three testing sets are provided:
CROHME 2014, 2016, and 2019 with 986, 1147, and 1199 handwrit-
ten mathematical expressions, respectively. The number of symbol
classes C is 111. (iv) HME100K [58] is a dataset of handwritten
mathematical expressions written on paper, consisting of 74,502
images for training and 24,607 images for testing. Due to the lack of
stroke sequences, we use it for testing Art4Math’s image encoder.

Metrics. We report ExpRate (%) and ≤ 1 error to evaluate expres-
sion recognition accuracy [3, 26, 32, 64]. For sketch downstream
tasks, Top-1 and Top-5 accuracy is used for recognition. We employ
Acc@top1 and mAP@top10 as the evaluation metric for sketch
retrieval.

Implementation Details. We pre-train Art4Math for 30 epochs
with a batch size of 20 on 4 NVIDIA RTX4090 GPUs. For A-Grd,
an AdamW optimizer with a weight decay of 0.005 is used. The
image encoder is a ViT-B/16 [10] or DenseNet [21]. The stroke
encoder is an 8-layer transformer with a hidden size of 768. The
number of self-attention heads is 8. The learning rate is 1𝑒 − 4 in
the first epoch and decays to 1𝑒 − 7 following a cosine schedule.
The spatial size of sketch images is fixed at 224× 224. In the M-Dec
stage, for CROHME, an Adadelta optimizer with a weight decay

Table 1: Comparison of Art4Math and state-of-the-art on
CROHME. “†” indicates Art4Math with A-Grd, “*” indicates
our reproduction.

Methods CROHME 2014 CROHME 2016 CROHME 2019
ExpRate ≤ 1 ExpRate ≤ 1 ExpRate ≤ 1

Im
ag
e

UPV [35] 37.22 44.22 - - - -
TOKYO [36] - - 43.94 50.91 - -
PAL [50] 39.66 56.80 - - - -
WAP [62] 46.55 61.16 44.55 57.10 - -
PAL-v2 [51] 48.88 64.50 49.61 64.08 - -
DLA [25] 49.85 - 47.34 - - -
DWAP [59] 50.10 - 47.50 - - -

DWAP-TD [61] 49.10 64.20 48.50 62.30 51.40 66.10
DWAP-MSA [59] 52.80 68.10 50.10 63.80 47.70 59.50
WS-WAP [46] 53.65 - 51.96 64.34 - -
BTTR [65] 53.96 66.02 52.31 63.90 52.96 65.97
ABM [3] 56.85 73.73 52.92 69.66 53.96 71.06
CAN [26] 57.26 74.52 56.15 72.71 55.96 72.73
TD-V2 [49] 53.62 - 55.18 - 58.72 -
CoMER [64] 58.57 - 57.89 - 59.71 -

SAM-CAN [34] 58.01 - 56.67 - 57.96 -
TAMER* [67] 59.72 74.77 58.64 73.22 60.72 74.80
GCN [63] 60.00 - 58.94 - 61.63 -

NAMER [32] 60.51 75.03 60.24 73.50 61.72 75.31
PosFormer [16] 60.45 77.28 60.94 76.72 62.22 79.40

w
/S

tr
ok

e

TAP [60] 48.47 63.28 44.81 59.72 - -
MAN [48] 54.05 68.76 50.56 64.78 - -

Art4Math (ViT-B/16) 51.47 68.01 51.95 68.66 52.52 69.27
Art4Math† (ViT-B/16) 58.11 75.40 57.92 74.79 59.15 78.24
Art4Math (DenseNet) 56.62 74.31 55.38 73.86 55.97 74.54

Art4Math†(DenseNet) 63.18 79.34 62.21 78.52 63.87 80.40

of 0.0005 is used to fine-tune Art4Math for 240 epochs with batch
size 12. The learning rate starts from 0 and monotonously increases
to 0.01 at the end of the first epoch and decays to 0 following the
cosine schedules. The HME image fixes the maximum spatial size
of images to 768 × 192. For a transformer-like image encoder, we
interpolate the positional embeddings for fine-tuning. The channel
of transformed multimodal feature 𝑐𝑚 is 512. For HME100k, the
training epoch is set to 30.

4.2 Comparison with SOTAs On HMER
HMER. First, we compare Art4Math against state-of-the-arts

for HMER. We report their results directly from original papers,
as shown in Table 1. Some of the works also report results with
data augmentation, and due to the lack of specific implementation
details, for a fair comparison, we focus only on results without data
augmentation. We first test the performance of Art4Math without
A-Grd, which still outperforms existing models using stroke se-
quences, thus providing a basis for better cross-modal alignment.
While image-based models offer higher performance thanks to their
respective strategies of symbol counting (CAN ), non-autoregressive
modeling (NAMER) or position forest (PosFormer), coarse-grained
recognition (GCN ), and other setups, these more complex architec-
tural designs are not the focus of this paper given the generaliza-
tion, Art4Math uses the most basic Encoder-Decoder architecture
without adding “fancy” modules to better adapt to other designs
in the future. However, Art4Math with A-Grd exploits the gen-
eralization potential of human sketches and surpasses SOTAs in
all three testing sets. Specifically, it outperforms SOTAs by 2.67%,
1.27%, and 1.65% on the CROHME 2014, 2016, and 2019 datasets.
We also evaluate a ViT-based image encoder that is not considered
in previous works, and although it yields no top performance, the
model after A-Grd obtains 6.64%, 5.97%, and 6.63% improvements

1553



MM ’25, October 27–31, 2025, Dublin, Ireland Yang Zhou et al.

Table 2: Comparison of Art4Math and existing self-supervised learning methods on HMER datasets. 𝑙 , ℎ, 𝐹𝐹 , and 𝑁ℎ indicate
the number of layers, hidden dimension, feed-forward size, and number of attention heads in a transformer. Art4Math-I and
Art4Math-S are pre-trained Art4Math image encoder and stroke encoder, respectively.

Method Modality Arch. Datasets
Stroke Space Image Space CROHME 2014 CROHME 2016 CROHME 2019 HME-100K

Vector [2] ✓ ViT-B/16 51.03% 49.71% 50.22% 62.21%
MAE [18] ✓ ViT-B/16 49.73% 48.88% 50.10% 58.66%

DINOV2 [37] ✓ ViT-B/14 51.41% 51.10% 51.32% 61.73%
MoCoV3 [6] ✓ ViT-B/16 47.83% 47.18% 48.02% 59.65%
Art4Math-I ✓ ViT-B/16 53.56% 53.37% 54.00% 66.72%

SketchBERT [31] ✓ 𝑙 = 8, ℎ = 768, 𝐹 𝐹 = 3072, 𝑁ℎ = 12 35.22% 35.14% 36.31% -
Raster [2] ✓ 𝑙 = 8, ℎ = 768, 𝐹 𝐹 = 2048, 𝑁ℎ = 12 31.14% 29.82% 31.74% -

Art4Math-S ✓ 𝑙 = 8, ℎ = 768, 𝐹 𝐹 = 1024, 𝑁ℎ = 8 42.83% 42.01% 43.44% -

Art4Math ✓ ✓ Art4Math-full 58.11% 57.92% 59.15% -

Table 3: HMER fine-tuning using 50% labelled training data
on CROHME. All image encoders are DenseNet.

Methods CROHME 2014 CROHME 2016 CROHME 2019
50% Training 50% Training 50% Training

SketchBERT [31] 13.42% 10.13% 12.91%
Vector [2] 39.12% 38.94% 39.64%
Raster [2] 8.37% 7.72% 9.11%
Art4Math 47.38% 47.26% 46.11%

on the three datasets, respectively. We attribute ViT’s lower per-
formance compared to DenseNet to the fact that CNNs are more
suited for structure-sensitive HME images, whereas ViT relies on
positional embedding to differentiate spatial information, making
it more sensitive to resolution changes during fine-tuning. The
results demonstrate that pre-training on human sketches can bene-
fit HMER and thus motivate us to focus on other pre-training or
self-supervised learning frameworks.

Self-supervised Learning for HMER. We compare our pre-
text task with existing self-supervised learning methods including
MoCoV3 [6],MAE [18], DINOV2 [37], and Vector [2] for image input,
while SketchBERT [31] and Raster [2] for stroke input. We fine-tune
all the parameters of the networks. Most of these self-supervised
learning methods are oriented toward RGB photos rather than
sketches or handwritten data. SketchBERT and Raster are specialized
methods for handling sketch sequences, while Vector is for handling
sketch images. We use the same encoder for image input, except
that DINOV2 has no framework to provide ViT-B/16. For the stroke
encoder, we follow the implementations in the original papers. In
particular, we also provide two baselines for Art4Math. Art4Math-I
and Art4Math-S directly utilize the unimodal feature outputs of
the pre-trained image encoder and stroke encoder as inputs to the
HMER decoder without using multimodal features.

The results in Table 2 demonstrate that Art4Math, even with
a uni-modal encoder, surpasses existing self-supervised learning
methods (53.56% vs. 51.41% on CROHME 2014). While Vector and
SketchBERT also provide reasonable performance, there remains
scope for improvement in cross-modal understanding, as they still
lack effective temporal and spatial structural cues. By incorporating
information from different modalities during the self-supervised

learning stage, each single-modal encoder in Art4Math acquires
a feature distribution that closely aligns with the other modality.
Therefore, Art4Math-S easily surpasses them by a maximum of
6.52% ExpRate on CROHOME 2014. Finally, the full version of
Art4Math, which supports multi-modal inputs, achieves the highest
accuracy, further validating the benefit of multi-modal information
for handwritten data.

Fine-tuning HMER with Reduced Data. Compared to hu-
man sketches, HME data is significantly scarcer. We next evaluate
the methods trained on reduced data, including Vector, Raster, and
SketchBERT, where we randomly sample 50% of the training set
to create subsets for fine-tuning the whole network, ensuring that
all symbols in the test set are covered. The results are shown in
Table 3. Benefiting from multimodal data and a well-initialized rep-
resentation, our approach effectively expands each sample into two
modalities (image and stroke representation), achieving a signifi-
cant performance gain over other self-supervised methods (8.26%,
8.32%, and 6.47% on CROHME 2014, 2016, and 2019, respectively).
This shows the potential of using human sketches to boost hand-
writing recognition with reasonable results on small datasets.

4.3 Results on Sketch-Based Downstream Tasks
Art4Math is pre-trained on human sketches, and in addition to
being generalizable in the HMER task, we are naturally tempted
to evaluate its performance in downstream sketch-related tasks,
including sketch recognition and sketch retrieval. Since the sketch-
based downstream tasks do not involve variations in image size like
HMER, for a fair comparison, we follow the traditional protocol of
evaluation for self-supervised learning [2, 18, 37] and evaluate the
linear probing performance of our method. The Art4Math image
encoder uses ViT-B/16.

Sketch Recognition. For sketch recognition, we first apply av-
erage pooling to the multimodal feature to obtain a multimodal
sketch representation and fine-tune the linear classifier. The linear
probing result of Art4Math is significantly higher than existing self-
supervised learning frameworks (76.92% vs.71.90% on QuickDraw)
and remains competitive against the SOTA supervised method as
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Table 4: Comparison of Art4Math and existing sketch recog-
nition networks. “*” indicates our reproduction.

Methods Modality Recognition Acc.
Image Stroke QuickDraw TU-Berlin

Su
pe
rv
is
ed

ResNet-50* [20] ✓ 78.53% 73.40%
Sketch-a-Net [57] ✓ 68.71% 74.9%
SketchMate [54] ✓ ✓ 80.51% -
SketchFormer [42] ✓ 78.34% -
SketchAA [55] ✓ 81.51% -

Sketch-R2CNN* [28] ✓ 83.41% 74.71%
SketchXAI [38] ✓ 87.21% -

Li
ne
ar
-p
ro
bi
ng MoCoV3* [6] ✓ 65.70% 68.12%

MAE* [18] ✓ 66.34% 68.52%
SketchBERT* [31] ✓ 66.1% 53.3%

Raster [2] ✓ 67.2% 55.6%
Vector [2] ✓ 71.9% 70.6%
Art4Math ✓ ✓ 76.92% 73.21%

Table 5: Sketch retrieval results on QuickDraw

Sketch Retrieval Image to Stroke Retrieval

Method AP@1 mAP@10 Method AP@1 mAP@10
Vector [2] 62.49% 93.50% Vecot-Raster [2] 10.85% 32.00%Raster [2] 58.72% 93.00%

SketchBERT [31] 55.90% 92.43% Art4Math 37.84% 82.13%Art4Math 67.00% 94.07%

shown in Table 4, proving the superiority of Art4Math in the sketch-
based task. We also provide end-to-end fine-tuning results in the
Appendix.

Sketch Retrieval. We follow the implementation of Lin et al.
[31], using 100 categories with 5K train samples, 2.5K validation
samples, and 2.5K test samples to create a subset. We use the aver-
age pooled multimodal feature as the latent feature and fine-tune
all the parameters. However, since Art4Math is designed for fine-
grained cross-modal alignment, we design an image-to-stroke re-
trieval task to assess its capabilities. Specifically, we replace the
global [CLS] token with a [RET] token, where an image embedding
query is used to retrieve stroke embeddings. Due to the inherent
modalities heterogeneity, this task is significantly more challeng-
ing than conventional unimodal sketch retrieval. The performance
in Table 5 shows that Art4Math outperforms existing sketch self-
supervised learning frameworks with 4.51% improvement on AP@1
at the general sketch retrieval task. Notably, Art4Math significantly
surpasses the multimodal method Vector-Raster in cross-modal re-
trieval (37.84%𝑣𝑠.10.85%). We argue that Vector and Raster use two
separate tasks to construct sketch relationships, which makes both
positive and negative stroke embeddings far away from the anchor
image embedding in latent space, resulting in hard optimization
on the triplet. Art4Math learns sketch modality alignment jointly
via sketch matching and masked sketch joint modeling, which is
more advantageous in the cross-modal retrieval task. The retrieval
results and visualization are provided in the Appendix.

4.4 Quantitative Analysis
Data Volume. We fine-tune the whole network to evaluate our

method on HMER and sketch recognition with different training
data volumes, shown in Figure 3. We reproduce two SOTA methods
for fair comparison, Vector [2] for image modality and SketchBERT

Figure 3: Fine-tuning at different training data sizes for
HMER (left) and sketch recognition (right). ViT-B/16 is used
for image modality, and the Transformer is for stroke modal-
ity inputs.

Figure 4: Some cases of CAN and our Art4Math.

Figure 5: Accuracy statistics for confusing symbol examples.
[31] for stroke modality. It can be seen that the image-based models
are generally better than the stroke-based models, but Vector’s gain
on HMER is limited. As the training data increases, the benefits
of our method become more significant in both HMER and sketch
recognition tasks.

HMER on Hard Cases. A strong motivation for Art4Math is to
better cope with hard cases by multimodal signals, such as sym-
bol confusion. Therefore, we customize a testing set of hard cases
for comparing Art4Math with CAN [26], a popular image-based
method. HMER decoders are standardized as ABM decoders [3]
for fair comparison. The testing set contains 667 samples, more
details are provided in the Appendix. The results are shown in
Table 6. We also sample several combinations of typically confusing
symbols and let them appear in an HME example, the statistical
results are shown in Figure 5. It can be observed that Art4Math
significantly improves recognition accuracy on challenging cases
(9.79% ExpRate), particularly for easily confused symbols such as
𝑏 vs. 6 and 𝛼 vs. 𝑑 shown in Figure 4. However, when both the
stroke order and image representation introduce ambiguity, such
as an unfinished 8 vs. 𝛿 — Art4Math isn’t immune to errors ei-
ther. A promising direction to tackle such cases lies in leveraging
contextual information, which could help resolve these ambiguities.

Justifying design components. We evaluate our models (ViT-
B/16 as the image encoder), dropping one component at a time
(Table 7) for both sketch recognition and HMER. While not using
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Figure 6: Masked reconstruction results of Art4Math from human sketches to handwritten mathematical expressions.

Table 6: Comparison of Art4Math and CAN network on the
hard HMER dataset.

Method Arch. ExpRate

CAN [26] DenseNet-ABM 66.12%
Art4Math DenseNet-ABM 75.91%

Table 7: Ablation study of end-to-end fine-tuning on Quick-
Draw and CROHME 2014 datasets.

Sketch Rec. HMERMethods Top-1 Acc. ExpRate

w/o Image encoder (F𝑖 ) 70.41% 42.83%
w/o Stroke encoder (F𝑠 ) 79.93% 53.56%
w/o Global alignment (L𝑖𝑡𝑠 ) 84.26% 54.99%
w/o Masked image modeling (L𝑚𝑖𝑚) 82.09% 53.17%
w/o Masked Stroke modeling (L𝑚𝑠𝑚) 84.55% 54.21%
Ours (ViT-B/16 image encoder) 87.70% 58.11%
Ours (DenseNet image encoder) 85.63% 63.18%

fine-grained alignment slightly degrades the performance of the
sketch recognition paradigm, it can severely affect HMER as it loses
the ability to discriminate symbol ambiguity. As global alignment
favors fine-grained alignment, removing L𝑖𝑡𝑠 reduces the accuracy
of sketch recognition and HMER by 6.66% and 3.12%, respectively,
due to the difference in the model’s sensitivity to the alignment of
global semantic relations caused by the abstractness of sketches and
the rigor of HME, where sketches are more semantically oriented
as a whole, while HME relies more on local details. Furthermore,
using DenseNet instead of ViT in HMER improves the ExpRate by
5.07%, thus being optimal, as it is more stable during fine-tuning. For
fixed-size sketches, ViT improves by 2.29% compared to DenseNet.

Did the alignment really happen? Art4Math is trained on the
QuickDraw dataset. Figure 6 shows some visualized examples of
masked sketch joint reconstruction, and we also use two different
handwriting style domains to demonstrate its adaptability, includ-
ing TU-Berlin style sketches and handwritten math expressions.
TU-Berlin sketches are more detailed and realistic due to the wider
drawing time, while HMEs are more structurally regular. It can be
seen that the inductive bias of A-Grd for abstract human sketches
can adapt to new handwriting types, providing a promising basis
for diverse downstream tasks. To gain more insight into whether

Figure 7: Visual correspondence across twomodalities. Given
a query HME with a selected key point, we show the images
with the corresponding matched tokens (color-coded in red).

our model learns fine-grained alignment in human sketches, we use
Art4Math (ViT-B/16) for visualization. We take the stroke data of
HME in the CROHME dataset, randomly select a coordinate token
as a query, and further find the highest-responsive token in the
image modality by calculating the cosine similarity. As shown in
Figure 7, such local matches do exist, which suggests that modality
alignment knowledge learned from human sketches can be trans-
ferred to HME data.

5 Conclusion and Future Work
We present Art4Math, a framework that leverages human sketches
to improve handwrittenmathematical expression recognition (HMER)
through fine-grained cross-modal alignment. In the Art Ground-
ing stage, a co-masking strategy enables structured interaction
between stroke and image modalities. The learned representations
are transferred to the HMER task via Math Decoding, achieving
state-of-the-art performance on both HMER and sketch-related
tasks. Art4Math not only achieves SOTA performance on HMER
and sketch-related benchmarks but also establishes a novel con-
nection between human sketches and the structured semantics of
mathematical notation for the first time.

A potential limitation of our approach lies in the fixed image res-
olution during Art Grounding. When transferred to HME data, this
constraint may limit dense layout reconstruction. As future work,
we plan to explore adaptive resolution strategies to further improve
modality alignment and extend Art4Math to more handwriting
and sketch-related tasks, such as text recognition and sketch-based
image retrieval.
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