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Abstract: The rapid development of online learning and communication has gradually increased the application of hand-
written mathematical expressions in fields such as education and technology. The capability to accurately recognize hand-
written mathematical expressions and convert them into structured formats such as MathML or LaTeX has become a critical
issue. However, due to the inherent challenges introduced by the diverse handwriting styles and the complex two-
dimensional structure of mathematical expressions, this problem remains highly challenging. Current research on handwrit-
ten mathematical expression recognition (HMER) is primarily divided into two categories: traditional and deep learning-
based methods. Among these approaches, deep learning-based methods have attracted considerable attention due to their
capability to model the problem end-to-end using encoder-decoder architectures. These methods typically involve three key
steps: feature extraction, alignment, and regression, each of which presents its own set of difficulties. Feature extraction
refers to the process by which the encoder extracts high-level semantic information from the input image. One of the pri-
mary challenges in this step is learning semantic invariant features. Owing to differences in writing habits, the same symbol

can be written in vastly different styles by different individuals. This stylistic variability can lead to significant challenges in
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recognizing symbols accurately. For instance, symbols such as “x” and “X” or “C” and “c” can appear very similar in
handwritten form, which causes difficulty for the model to distinguish between them. In addition, the same symbol may
vary in size depending on its position within the expression. For example, a comma or a period in a superscript or subscript
position may be much smaller than the same symbol in the main body of the expression. Therefore, the vision encoder must
learn to extract features that are invariant to these stylistic, size, and shape differences. This capability is crucial for ensur-
ing that the model can accurately recognize symbols regardless of how they are written or where they appear in the expres-
sion. Alignment refers to the process by which the decoder gradually aligns the extracted visual features with the corre-
sponding text features using attention mechanisms. A key challenge in this step is the “lack of coverage” problem. Ideally,
the model should convert each text structure on the image into an appropriate text representation without repeating or omit-
ting any parts. However, in practice, models often suffer from over-parsing (repeating parts of the expression) or under-
parsing (omitting parts of the expression). This issue arises because the model lacks global alignment information, which
leads to difficulty in determining which parts of the image have already been processed. To address this concern, some
models introduce coverage vectors. These vectors keep track of the attention distribution over previous time steps, which
ensure that the model does not repeatedly attend to the same region of the image. This feature helps mitigate over-parsing
and under-parsing issues, which improves the overall accuracy of the model. Regression refers to the process by which the
decoder generates the output sequence in a self-regressive manner. This step involves two main challenges: the output
imbalance problem and the modeling of 2D structure relationships. The output imbalance problem arises because models
typically predict the output sequence from left to right (L2R), which can lead to more accurate predictions for the prefix of
the sequence compared with the suffix. The reason is that the capability of the model to capture dependencies between sym-
bols diminishes as the distance between them increases. To address this problem, some models employ bidirectional train-
ing strategies, where the model is trained to predict the sequence in L2R and right-to-left directions. This approach helps
2D

balance the accuracy of the prefix and suffix predictions. Moreover, mathematical expressions often have a nested
structure, which can be challenging to model using traditional sequence-based approaches. Some models attempt to
address this issue by incorporating tree-structured decoders, which explicitly model the hierarchical relationships between
symbols. However, these methods often require highly complex training procedures and may not always outperform
sequence-based approaches. This study builds on the introduction of the abovementioned “feature extraction” , “align-
ment”, and “regression” steps and the existing challenges and difficulties. It then reviews relevant improvements made in
previous works on these challenges. For example, in the feature extraction step, models such as DenseWAP and ABM have
introduced multi-scale feature extraction techniques to better capture fine-grained details in the input image. In the align-
ment step, models including WAP and CoMER have introduced coverage vectors and attention refinement modules to
address the lack of coverage problem. In the regression step, models such as BITR and ABM have employed bidirectional
training strategies to improve the modeling of long-range dependencies. After discussing these improvements, this study
supplements the experimental performance of some models on printed datasets. These experiments show that the main
bottleneck of existing models is the diversity of writing strokes in handwritten expressions. While models perform well on
printed datasets, where the style and size of symbols are consistent, their performance drops significantly on handwritten
datasets due to the variability in writing styles. This drop in performance highlights the need for further research into
improving the robustness of models to different writing styles. In addition to discussing traditional and deep learning-based
methods, this study also conducts tests on HMER datasets using large multimodal models (LMMs) such as GPT-4V and
Qwen-VL-Max. These models, which are trained on vast amounts of multimodal data, have shown impressive performance
in various vision and language tasks. However, their performance on HMER tasks is still suboptimal compared with those
of specialized models. This performance is likely due to the lack of handwritten mathematical expression data in their train-
ing sets and the difficulty of capturing the complex 2D structure of mathematical expressions. The results of these experi-
ments suggest that, while LMMs have potential in HMER, their performance can still be improved. Finally, this study
points out future directions for development in the field of HMER. One promising direction is the integration of tree-
structured prediction with sequence-based approaches. While tree-structured decoders offer a more interpretable way to

model the hierarchical relationships in mathematical expressions, they often require highly complex training procedures
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and may not always outperform sequence-based methods. Future research could explore ways to combine the strengths of

both approaches through pre-training the decoder on large-scale LaTeX datasets and fine-tuning it on handwritten expres-

sion data. Another direction is the development of more robust data augmentation techniques to improve the capability of

the model to handle diverse writing styles. Furthermore, the creation of larger and more diverse datasets, including multi-

line expressions and mixed handwritten and printed text, could help advance the field. While significant progress has been

made in the field of HMER, many challenges still need to be addressed. By overcoming these challenges and exploring new

directions, researchers can continue to improve the accuracy and robustness of HMER models. This enhancement

increases their implementation in real-world applications such as education, document digitization, and scientific research.

Key words: handwritten mathematical expression recognition (HMER) ; dense convolutional network; attention mecha-

nism; bidirectional training; tree structure
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Fig. 1 Handwritten mathematical expression recognition
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PrimCLR RNN 22200 SURRREAE 55 (X b > Tl 2R g A BILSTM | F SCZmin
CCLSL RNN  23J 0 SORRHHIE FH BT 55 5 DA B4R 2 = RS A B i 14 L~ ]
SAM RNN 2223000 SURNZERRE AT 55 RIURAT S L, IR A A5
DenseWAP-TD ~ RNN T} ik T AR S5 R R 5 A
TR} gt TDv2 RNN T ey 7] — LaTeX A7 /N [ (3 25 44 5 4 5 =X
SAN RNN ] e fih A 38— 2R 9 T 1 00 ) e RS 45 4 S0 i
ABM RNN ACEHE i AN A ) R XL T 1 B2 2
CAN RNN 22230 0R SURNERHIE TS5 9IS S THE R BT 55
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ing) 2 o 3K SEZH ) A AR E IR i — 4
J£ 5 € B934 R & (counting vector) , HiHp, C IR A
PSRRI . 7EUIZad B b, CAN A fift
PR AF 5 78 G v 52 B BB OBy S AR
23K AR U TR ) R RS A L ]
V2K, AT (G A S0 7455 it A TN RE ) o 3
T B AP T WS W AP 5 v (i ] 151, B

VR AL BEAT 5 F A2 R BRI O, T EL e oK e
AR BN 2 R (5 B A AL A, 2t — 2R T
XSRS HPERE

g
O
A
BE " EET
(%BU1 x 1 A ReLU #% (B 1 < 1 Al ReLU i

[ IR L) J [ TIE R L] J

[ BB 3ALEN [ BB3<3ALEN

® Channel-wise product E

E3 CAN Z R EsEgiig

Fig. 3  Architecture of CAN multi-scale counting module

GCN (general category network ) £ %Y (Zhang 4 ,
2023) W AKLER R T HBIE 55 (6 T B HCE 2~ 0R 5
B A R . GON & i il A 28 51 1R 51 4T 55 (general
category recognition task, GCRT) , #2 #f& £ 2% 17 > Hi
& A XA S0 23 DA RIS . GON LAY i
a2 o] Jg T AN R 2B A5 2Z 8] i 22 55, il LA
Sl X o3 TR 26 0] RE R R ALY A5 . GON W]
I FEE 1A 5 TR 55 A5 AR BT 55 X HMER 4T
55 BOAE T SR E T B 0 28 B ROIAT: 55 1Y A
Rtk

HT T 55 XU 1 2 5 BN AR A R bR
I 2 A AR TR B I A 22 5 e /M 33 T 5 7E L 5
REAE SR B A 22 50— AT SR B, LAt
B G i e o 1 B SE I 6 R A EBRAE. W
2 N (2020) #2 H 19 PALV2 (paired adversarial learn-
ing ) 5L 70 U3 Ao X 47027 T 1) 5 12 A A Al 4 i [ 2 52
BT — i U 4 TR o PALV2 BEBY A I R ad
AL BT 5 2 5CEMR i R I Ah BE5 2 YA AR
6] i B A SR BRI T — DA s L %A
il B 55 S M A s ) AT ROk A TS TR
b S BRI i s Ay X R Rl 2 2 > TR
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KEE, GRA, BXH, ZIh, AR, H7R
B&FEHFAIRFIER

4055 95 5 s B 7 S0 A0 T URFIE . AR
111, F T PALv2 BT o (8 0 1 524 P T ) i i
DG A A o R 00 e iR A g 1% [l i ) i, 3 T R
SRR R TR AL B AR rh A RLRE A, TS 2 DAL
Fesm AL A AR A A BRSO R E ERYRE S . X
WRE BRGNS/ — E R B4/ N TH S EIRIA
AR LR AE b A0 22 5, (EU0T i ) 1 ) 4 32 ) ]
RERC AR

g(b)-g(a)=b-a

ZIZEAWL

GRHHILE

PRSI TR )
L

2 g (@

DenseNet 2wl &%

KIEZ VN
K4 PALv2BIAIAEHY
Fig. 4  Architecture of PALv2 model

CCLSL (combination of contrastive learning and
supervised learning) (Lin %5 , 2022 ) A5 71 38 45 78 0 58
Zhi B g S5 AT — A T B £ 52 )R (projection
head ) ¢ B W B G ih 25 o ~J 1 SORBRRAIE . XA
BRI — D A ROEUR 1 2 R I AIHL (multi-
layer perception, MLP) , ‘& % T i J& 5 P 5 4t ) #2547
ARB T 8 R E R 23 XA L o A A P B 31— A
8] 5 R /N B A A48 1) k23 ) o CCLSLL AR il FH 47
L EE 28 B 52 LI A R R BOR e/ IME T 5 2 SURIED
il 2 OO B RFAE 8 23 B 28 57 o 3K R 5 ¥ A S
TN R G B g o > Al B SO SRR Y RE T B9
B E HESSECEE RSB ARG ) Rk T
ARSI AT RE R o IAh , CCLSLAR AL IR e fift
T e s 7 | AT 450 % R BOK e/ IME T 5 5 BRI 235X
P BER AT B 22 57, X R R IS 4 B B2
i T B ARSI Sty e 1 15 2 2

X H 2% 2 (contrastive learning) J7iE4ES8N T A W
B PN G R TH AL SE S 2 . F

B IR T5 ¥ T Ll 2 2] KRR I R R 2
ZACPERE . 207 2 S IR AR IC A s X L 4
T &% EAT PO 5, S8 e 2ok A s B I 207 0 R AT L
P, TR B T WA 55 b o X R I 2507 125 g
T DR B = > B G BT SO R

PrimCLR 2% (Guo 4% , 2022) 38 22 Xt 2% > Jy
NG T —AHETF ResNet 14 L5 F7 11 2 55 25 A1
HET BiLSTM 19 1 F S0 , I 4% B Ee 24 0N
BIE S5 ok, a5 Bros o A R TN R B, R
FH T JRy BB 1 SUASAS (80 3 5 B R (local semantic-
invariant data augmentation ) U145 52 A8 4 | = BT AROR 45
P xh b ) rp B IR RS o X SE T VA RERS TE AN
N AN TE S R 1 00T P B8 TR 1 Jm 3 i SCAR
B 31X 5L 58 i BUE 1S 55 07 15 I BT (cropping) Fl
B (lipping) AN ], 5 # Al BE 2 U 24 A9 SR AR 45
oy o ok SRl i A PR 5 D P AR Rl Ak — it
W (KRN B) , e ad A5 hE 2 A5 e AL SC 0 5
fe o, PO B — A2 4R R R A o Rl —A>
LU LA EIG EA EA5) n H At v A 5 S
PrimCLR fie /MU 1E A9 A FR7AIE (&1 73 A1 22 6] 1) 22 5, 344
R 07091 2 18] 14 22 S SRR AL S R A G ) b 0 E T SC
gt s SEAT IO SR, Sy TR B A AL EAR B
J5 RRFIE TR 88 B ORAF T BS54 . Prim-
CLR #F — 25 3 26 = 2 RpAE B 2 ) 2 4> B
(patch) , FFAE4E— B LA A IR R B 22X
2 PREL (InfoNCE loss ) 1541 2% .

’—> S SRS <«

} |

i |

b T

[ ResNet101 4fil#s ] ResNet101 Zifi#% ]

T
’P(X§=,Z__ag"&
?(x):%aa 4 HAmHan

ER ANERL
Fl5  PrimCLR Ul 2R A 4L
Fig.5 Pretrain architecture of PrimCLR model
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SAM AL (Liu 55 ,2023) & 14T Xf AT BEAL/E R
SIAH T B 75 I L AR VS )R, 51 AT — Rk
M50 B ER IR th B A5 i LA
VA 55 B . o B S AR B oA 2 2] X 3
SERFS o i, SAM AL BT 1 — >l 4l A i
SRR B (semantic aware module, SAM) |, % 45 B
RS SRR Y 2330 XA 93 3048 AR B
[ FR0 4 A < AU R 70 SRS i 2 B 2 2 B 4L
"o HEAE VAR i A GRS T 0 TR 5 0 AR 23 S )
Ab PR g AR A 3 e i, XA SRR
PUEFN 53 S05 B A G v 2 > ey X 23 S WUAR BL Y
£545 o AEBITIYI ZRad e i SAM B HGE o T 4% 55
J B AL AR ] 2t R 53 288 o) i 22 ) Y A SR AL
FERE AR LS 5 455 9 LUK HEA T X LG, (] L2
[ 4853 2 R KD A X — AHARLRE 153, B DR 2
RO A ARG B o X Fh 5 A m B
AT B TR B RE ), iR 1G5 1 R HUAE 5 e B2
AT b )RR PERE L ek DU A R A )
R T SO R IR B R
2.1.3 Bt AN ) R

BT IRE 2 2 (0 PR ) B (0] AR R A A R B fef
FHMZE 2047 (L2R) 1Y T[] 38 — TN 455, XA 7
125 AT BB 3 A AN P 1 T A e 5 )
A H LG N . 3% 2 2 ABM AR (Bian 2%,
2022) 7 47 F 1 Yl 2R f 7 CROHME 2014 1 3504
TR 24N B 5 AN RIS 2 A5 AN R
WIMERAR . AT LUE 2, L2R AR EE 48 K Ab FOT Sk Y
545 1M R2L(right to left) A NIFELS AT 5 U
T B AR S XA ) 32 B R M B A B i
MR, A AR Py, |y, ) EAT @A, fili 15

%2 ABMZZE7E CROHME 2014 Uik ##E 4 FiR 5]
B2 S FHARE2NH SN FHNAERE
Table 2 Recognition accuracy of prefixes-(2, 5) (the first
two or five symbols) and suffixes-(2, 5) (the last two or
five symbols) on CROHME 2014 test dataset with
ABM model

1%
ko R Ok 4R

Y 24 24 54 5
S o K o (A S ki

MY —MZEEA (L2R)
B Z— A 2 42 (R2L)

8529 80.02 7221 67.14

81.22 84.47 67.01 71.17

RS B i AL A8 AR T T S 0 4 R
B FHEIPAI5 10 ErfE R .

N T G fik i R AN S ) TR R, 3 M R R ) 1
= {Z B, BTTR ¥ &l (bidirectionally trained trans-
former) (Zhao 45 , 2021 ) 7 % T Transformer [ i i 4%
SR T A ISR, an &l 6 Tk . BTTR BEAYTE
{#i il Vanilla Transformer (Vaswani 2¢,2017) /£ 4 fi#
B2 A O T SEBE T BUE i A . BTTRAEEY
HAR LaTeX J¥ 81 v A= O A4S J5 1] 19 H A5 7731 (L2R
1 R2L) , S8 J5 4 AT [R) — 4 U (bateh) it
NGRS IFIEATRR L R 1) A5 7% . TEHERRRI B, Al
F BTTR BEAYHA 18 75 %) dE A RE 1 iy A3, 4 1)
A4 1148 2 (approximate joint search) 5.y — 25
PRTHERE. FEATARAE LIE 402D R

1) X5 ZE B0 47 (L2R) R A7 3 76 (R2L) B4~ J7
o] PEAT A 3R, LA AS B KON A | g fee e 4, L)
L AR 73 %0S ()

2)K L2R ik 3 51 Bl i o R2L J7 1), fF R2L
FEURRE: N L2R 716038 Ky = 0

3) fd I BTTR BB 50 B0 5L I 19 e 51, TEASE
BIPRS00 o

4) 4 A0 [R) e 50 B 72 A4S 7 1) b A5 21 B 23 BOr

softmax )

[
SR )

(

( 1

| RBEBREN
[ 22 ]
(

17
PRAEHREN
A LR I
)
[ RBEHREN
Vel o B ( P
B R L
\_ >
[ DenseNet Zihit # ] HE

.r por)
R e

[SEESTIVN

SCRHRN
6 BTTREAIAEHY
Fig. 6  Architecture of BTTR model
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B&FEHFAIRFIER

L 3 B 2 80S (y) + S(y,., ), IE LA A HCHE K
B L B R P AR R i 1 P 4

ABM 78 (Bian %5 ,2022) [F)RE(H FH T 3] 1| 24
(SRS, QN8 7 B o AR T A B A W] 45
F AR5 7 1a] A0 B %) GRU fif s a8 dE 47 i tid o Ze Il
Srad fE N B R LaTeX 3781 42 5B A 5 ] 1 H b
J¥ 51 (L2R F1 R2L) , Ff-fd X P9 A H 45 5 51 5 X6 1
i A 8 O o AR LA R B AR TR
ABM #i R 5] A KL (Kullback-Leibler) #{ & 1 2% i />
PR i T0000 43 A 1 22 5, DA(H L BB A% B A 2% )
TIPS

gb)-g@=b-a a-b=)a(g-)b(e

Z 2L

Z)ZHIL

EEIRS

[ DenseNet Zifihas ]

EIETIVAN

K7 ABMABRIZHY
Fig. 7 Architecture of ABM model

2.1.4 P Eh= A5 )R

PN ARBTG5, U5 K i 2 Az A 25 1 15k
B, BT LA Ay EE ALY R A AN HE A2 HL AN 35t s bt 14
B A SORZER A R A S W SCAR . SR
(R B o 2] 7 AR AR AN [ R B L 7 31 ik = 7 55 7]
(IS o 3 ) A T SR TR =X, ao 2 46 R e
e, WFHEIRE T5 A NER B R ol i
Hb A 22K TR B A D) 3R 7R it 6358 70 A Bk e 46
|, 8 ARG B E B N T 5 1 Bk

Yo Ml ds 1 B TS o s = B ]
R R PR R AR e = 4 Ry 1 0 51 SR A W A
A DX B

PRI, 1 22 fifk ok = 1 i 1) ) AL, WAP A5 284

(Zhang % , 2017 ) fifi F 78 25 17 52t 5 | 5 65 45 78 1R
I A AR 1 DX P B o 1 3 R . X )
R ABS IC SR Z AT T B R T R I E R
T 515 24 iy EsF I 25 1] i oA 4 T 7 38 1 PRI X 3
HEFTVCTC , ikt G i i 25 76 — A R X I 8 E L fic 2
UK, A B U2 AR DR A PR I BT 8 J 7R T WAP
R A {7 5 1) Sk iy B R T Ay 25 51, T LR
B, filt B 5 1) A S Ak 48 AN R R 46 1 ) BLAT T
Z o

JEREE 0] i A gl

ieei\theta ie” {1i\theta }

ieei\theta ie” {i\theta }

ieei\theta

P8 A i 1) A R AT A

Fig. 8 Visualization of attention with and without the

ie” {i\theta}

coverage vector

AN 2 ¢ P 20 i 1) A A T A
ECRID AR i Re s

TR BE 2 A5 5 64 i 1 LB A D X, e RE < H
WL = hy X wy, d, AT R RG2S H . o I 20T Y
CERE AU a, A TINANC 0 i ) B e, o T i 1]
¢ AT RN ARG A3 BB RS F o TR
WM

c,= »a,eR* (1)

F, = cov(c,) e R** (2)

o, covn( ) RRET BRI/ 11 1B
ML E G, d, 2T RS2

TEAG BN 3 S5 A6 B F IS 5 X0 o i 20 i

FCE AT R . X TR— P& e[0,L) K

YERFAE 38 A S L AR EE e, 1T 15 2]

AR e, e TEL 1t softmax JZ )5, BIVAT A5 3] ¢ 1 2] )

B INE a,o BAEITE N
e, =tanh(HW, + X W, + F,)v, (3)
a, = sofimax(e,) € R* (4)
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Kb, W, W R AT I SR R v, 2 AT I 2%
(S H i, H, R RNN 7= A2 1 B2 IR
TEAH H Transformer VE A #5245 32 P26 19 5 2
TAEBTTR B A (Zhao 5, 2021) t, i T Transformer
BT AR DO AR TR A o ) . (Rt
BTTR H A T BpL 3] 57 & Gt ) A — 4k ) —fb i) 14
G A B Gt , K Transformer ff 5 25 4248 B =0 A9 17 &
5L S DT 22 i fofe = 753 i [ A
CoMER #% % (Zhao 1 Gao, 2022) 7€ BTTR #4517
B LA T RT3 Transformer 47 A5 B 424 A4 7]
B, 585 | A 3515 B 2L T Transformer A i 2%
o Hop JEAC R B S , 6 Transformer fifft i 1)
23k 1 E L (multi-head attention) H1 Y T 2 1AL
IR E . 0 Zhao fl Gao(2022) 5 1, fin
Fe IR () —20(4) A0 B A — I 2 o AL
Biel0,L) MR IACE AT GBI 547
RS AE P F e R ZSRIE REERE o Zhao
I Gao (2022) 75 R 2 20 (3) #Y tanh #2525~ id
FERDRUS , 75 40 H A5 AL e, B9 THSR U0 20 S P A
oy HARH
e, =tanh(HW, + XW v, + Fo, =
tanh (HW, + X, W )v, + R (5)
b, S S5 1 00 H 5 REUZIRAS H, A S
fEE X A 5, S S A 5 2 T 5 8 s 0 R P A
K HBIEI R KR o XA, AR RE BT — BT B ]
PRI X ME IE TR, SRR R AH AL (1 25 a1 &2
A PEREAREN O(TLR) . TERARSL I, CoMER BEAY 5 |
AT — R B IERE (attention refinement mod-
ule) SEBUE IET R BB, A0 & 9 iR

I cumsum reshape
—_— —_— —_— — Conv

T><?><h TxL xh T><h0><wo><h l

p—

1

|

1

1

[

ReLU !
[as Linear 1
1

|

I

I

[

Txh xw xd

p
reshape ¢

—
\Txh, X Wo %k pyifup _ _ ‘ ______ Function ¢ |

E
TxLxh

K19 CoMER H i & 1 8 AR
Fig. 9 Attention refinement module in CoMER
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LaTeX fE ARG T  FEMHE AT S S92 T
BT — D RRRER IR PR R 2 U4
B AEAE 0 " YR SS A AT A, D AR f) 0 5 7
AT R, A RIS AR5 ol A 4 ) Al
— R R

Zhang 55 A (2020) 2 1} DenseWAP-TD £ 7, ¢
B LaTeX J3 51 19 GRU fif i 2 2 4 Ay B T —
AERPREEH B S & o NI 10 fi 7R, 78 GRU fif i
o BRI I ) 2 b 3 e T R AT I
T R AT LR S AT R A G R A AR
/AN 21y R ) SN NTTR i AT E S U
F 7 SEME AT o EJE TD AL/ AR 25 A 1
A 75 T T4 £ B " HEROIR G B e 5 A 2 Al
AIRE, MR RE T — R ROIR 5 14 Y gt 2, BR ) 1
B F3Z AL fiE

Y

Child Attention c
q 4
Pred Child GRUl
“ Relation
Prediction

_______________

10 TD R ZE ) f SR (Zhang 55 ,2020)
Fig. 10 Architecture of TD tree decoder(Zhang et al. ,2020)

2.2 ETHBHENTGE

TDv2 A5 R (Wu 55, 2022) 76 I i it vp 5[] —
LaTeX 747 #f i FHAS [R] 0 e 07 2, W58 7 B R 3¢
WAOC 2 A5 i 2 AT S SRz A o TRl
TDv2 A5 R A 45 K A1 ] 19719 507 2R R (node
classifification module) Fl143 37 F | £ B (branch pre-
diction module ) 73 51 I >4 Hif 755 55 09 4555 28 51 Fl 43
SCRFR ATy LJ7 RS Ak T RS AR

SAN(syntax—aware network ) A ( Yuan 25 ,2022)
1 LaTeX 791 5% A A, OF 503t 17— RV Tk
TN B LaTeX J 371 1% 50 [ 2 5 488 by B 3k 1y 1 3t
o BAKIN S BT Z I U6 £575 (start symbol)
PR3 AR, M oS, E, e Foon, R N —4
N 24 72 A 25 £ (terminal symbol ) - 3 £ e AT
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kg, BRA, BXHE, S, #AMT, HE
B&FEHFAIRFIER

SIS SRR LFTS (velation symbol) , @1 R 7
ALz AR RIS . Hob 2 S — ERYREREL
i IR ) P G 28 T 3 S D O R AT S O HE
A S — oS MR I WU R Xk R A R A
MM RIS, Sk 1 B G R FH B S, SAN AR 7Y
GIA T —A80 8 L B 2 B3 (syntax-aware
attention module ) , ZEHIF A G AE TAR S
A T 1) i ) AR TS e v L 2
T A AP AR AR TS B S /T R R TP R TR
VIR NIY: Uaw S i Al
2.3 ZESXER

ChatGPT 7F ¥ & 54 b F)ll 2k Transformer, 3f
ik N2 AR AT 15 A6 2% 2 (reinforcement learn-
ing from human feedback , RLHF) 1t — 25 {1 £k 1 ] 5
RO A F B, L7 A ) [0 28 T4 & NS 09 AF
w4t o Ja 22 1Y 2 B 38 KA &Y (large multimodal
models) GPT-4V JUPKE DA 75 450 285 41 58 2 AL e A 2
HAEZ AN IEAT 55 EHUS T B o8 ml . (IR A
I}, 18 5 2% > (in-context learning)ﬁ%ﬁg%ﬁ%%%
HCImT 0 1 o VR BO ARSI 2 AT 55 . Rt , ]
DI 3 15 TR iR B9 £ 78 (prompt) , 16 H 5 EM% —
Il N\ 25 Z SRR RAAY 5 i OCRAE 55«

SR, GPT-4V #£ OCR AL 55 LAAR I 215 5
FIE Fe 375 50T PR RS2 B 4 H A 5T (0 AL 40 4%
Z A PRI (Shi 45, 2023) , 7EPERE EIETE 5% H OCR
BARUAIIR G . 5 W AR 2250 5 7 55t
iy AR I 53 B FEAT AHOC B 0 A o TextMon-
key (Liu %5, 2024) fii FH Qwen-VL i) LLM (large lan-
guage model ) A HAE A A 2% , 8 F ViT-BigG #4771
e G i, 38 oF B A B R L (shifted window
attention) 5% T P8 FRAE o 5 7 10 2 (8] (1 SR Bk,
Pk T AR A 2 BRI BE A% B 4 b 3k S
RYPRARAT 55 o TR & F OCR BEAY a8 5 2k 1) 4 Bl
A1 LR, TextMonkey 7E 21~ OCRAE 45 I (41 L3
SOCAR D ALASCRY 3Gy ) ERYPEREIGRS T
FHETE, HAE OCRbench I8 T a4 19 I I 22 4
AR A LI

UReader (Ye 55,2023 ) [f] £ 8 H] € $0)I 2k 47 (1
ZAGLS KRBT, 38 3 76 0 A 25 o 58 00 8 /Y 1 5
Tt A AR e X 22 RS R B AT 48 B .
UReader 4} t — MR 3 35 07 8859 818 4 5 70 E
MR UIEN A Ja i AR, DT AT AR 242

ALY AR 73 3 G ) i Ak B g 0 B R IR g
IR i B F T TS S5 A SR 1 G L R A

JUE RS T TUA B B A BT 55 87 3 5
WML S5 (0 T, (8 T80 2 B AR 1 )11 2
BARIFARATE T H L T T 5 Err A0
BIE S5 BT FEARAR A9 B SR R 122 U Y
R P, A SCHE 4. 2755 TR SN 1 5 T R
(14 2 25 R RAE 5 50 8 sUR T 55 B ik
e, BTEAARRIPT RIS H

3 HIEE
3.1 HIBEENSE

BT RCF N AR T 55 R P A B A 4
CROHME FIHME 100K 554 , an& 11 ffiow .

J—-"L%:_'._
- EE 4

(b) HME100K

(a) CROHME

11 CROHME Hl HME 100K %4 4 i35 43
FHEEER RN XESR
Fig. 11 Partial handwritten mathematical expression images
from CROHME and HME100K datasets
((a) CROHME; (b) HME100K)

CROHME %48 L 45 % A Z4E 2 I E LT
GRer AN R HEE (CROHME ) f9 8 |, & H Al &
Iz RS ReE A L8R SE . CROHME £
LI EH 8 836 I FEAS, i CROHME 2014,
20162019 MK HE 45 F 45 9861 147 .1 199 NFEAS .
7t CROHME 4l %, 54> T 5 B Kk K L
InkML#% X A766 10 5% T F5 2 W 0T s br . 16
it R B 2 S BB, 75 220 InkML SCH R I F5
SEmIE B o UG AR A T U 2R A

HME100K %% % 45 (Yuan %5 ,2022) t B 523 &
)5 B A AR, YN A AN 43 A
74 502 WE A1 24 607 @ EIG . e Hh, T & R TE
B 551N B ARBLAA AL 1, R B B (AR
Ak R L RN 445 SRR, PRI HME 100K %
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P B T BAT PR F1R) RS0 8 5 7 TR 07 ] PR D B RN R TS ) PR  3

3.2 WHEFE

75 AR 3R (ExpRate ) (Zanibbi %5 , 2013 ) #14%
P TR E A % (StruRate ) J& T~ 5 £022 20 20T il ik
Wi FH PG F8 08 o ExpRate 2t 72 X b 47455 A0
iR sE 2 PUN R A XS S A E .
T MR BRI VERE A PEA Ll IS ST AR R
T I HERG R BI< 1 error f1< 2 error, 7 W FTe /R AE
I 22 45 2 — A B A5 5 4 s Y 2 2R e
T

TEH5 ExpRate (193 F2 rh 280 4 000 20 20
PR A U ek o th HEAR BT AT ) bR
Pl (label graph) . B 5 , 2 A7 1) P 45 4% 46 o S8 40
W, SIS Wt — 2D e A gt hy T A5 ) 7 20T, AT
153 e 2 5 2

25K HE B 2% (StruRate ) W) % 7 5 11 4 X
SR IE AR U D0, R T BB TE AR BT T 1R
W5 BN AR SIRe . Bk
7 > StruRate i 5 14 52 A B T30 23 200 45 44 B 55 A
TR USSR B ARAUEE | AN 6 KO AT B DR
B, 2 +27 Ml “a=b" , BARFS AR Hl TE
TR &5 ¥ A0 8], PR StruRate B9 31380 2 800 A
BAT MR 454
3.3 BIEEGSREAE

AT FEH AR, FE AR 21—
HELEHE , P IR R K TG LA E R DL 2
G — AL BIAR TR B D, 2 R BOR 455 A
IR AR/ NI/ T HANST 5 | X LEAF 5 BT 3%
ik = 0E B A7 T AR (superseript) 5 T 45 (subseript) o
Li % A (2020) 2 i Scale Augmentation B J5 7% , 745
BRI GRS, X5 Y1 ZR B b i) B A T8 BEALAE A
[F] By F 5] PR A7 4 /N R R Ol TR I S i
PG R KN EAE 256 X 1 024153 % . Mk, 78
PRAF A MR T8 LE Ry R, ik 2 1 B0k 1 o 1y
ROR .

Chen 25 A (2022) 1] FH 2% 2 B9 45 449 15 6L 54
FHE (bounding box) 17 B X A X EGESF S F4A
X EHR3ADR R BT T8 98 . EF7 5 2K
(B iR L, B FH AR5 iR e A B, o0 301 2 i
BRES XAs Z AT 5455 0 8] B A [8) 4 [ &5 7
T BRI EAE 8 b A A 55 B i
ot — 20 F w2 R I Z A s R R JZ IR

PARIIES 1% 5 /N vl s o P S St TE A 8 T
B0 T B )

4 £ I

4.1 "TEARE

7& CROHME 2014/2016/2019 ] izt 4 |- 4% #5 &4
(IR A PERE R B AN 36 3 s o MR IE At g, BT
AR R B R R B R, HOUN 2R B 2 ok
CROHME ##a4E 1 8 836 MM ZRAEAS

XFFAR G T 1, AR SCHR AL TR i 75 9 3 A
165 F 5 80 LU J7 ¥ E CROHME 2014 1
45 AR Ry FEAE , FRAC N 1. VI AT VI (Mouchere %5
2014). XfF CROHME 2016(Mouchere %5 ,2016) , 4
SC R R e 4 1Y TOKYO J7 B4 3k . X T
CROHME 2019, A< SC4& ft Univ. Linz J7 % (Mahdavi
2019 FE Al . X FRTFIRIE S 5k AR
SCERAE T DA A2 3 1) i A R AR R Y

WNER 3 PR, A8 T 45 1) e 65 1) O YA AE
BN AR BME 55 BT — 8 (] fg e, LS B
REAB R ARTE o T3 T I RS i ik . HER R AT
TET W SGEA 0 55 0 KA 5 4 R RAT 5 08 & Tl
MK A FAESS 8 T— 2 R4 @, M
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Table 3 Recognition performance on the CROHME 2014/2016/2019 and HME100K test sets

1%

CROHME 2014 CROHME 2016 CROHME 2019 HME100K
fifetit =X A
ERate* <1* <2* FERate* <1* <2% ERate* <1%* <2% ERate* <% <2%
I 3722 4422 4726 - - - - - - - - -
VI 25.66 33.16 3590 - - - - - - - - -
([ WIRPS VIl 26.06 33.87 3854 - - - - - - - - -
TOKYO - - - 4394 5091 5370 - - - - - -
Univ. Linz - - - - - - 4149 5413 5888 - - -
WAP# 46.55 61.16 6521 44.55 57.10 61.55 - - - - - -
¥ 5 it DenseWAP* 50.10 - - 4750 - - - - - 61.85 70.63 77.14
DenseWAP-MSA*  52.80 68.10 72.00 50.10 63.80 67.40 47.70 59.50 6330 - - -
WS WAP 53.65 - - 5196 6434 70.10 - - - - - -
V79 figg it PALv2 48.88 64.50 69.78 49.61 64.08 7027 - - - - - -
PrimCLR 5190 - - 5480 - - 5490 - - - - -
DenseWAP-TD 49.10 64.20 67.80 4850 62.30 6530 51.40 66.10 69.10 62.60 79.05 85.67
T gt Aty TDv2 53.62 - - 5518 - - 5872 - - - - -
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T3 ffe i
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GCN 60.00 - - 5894 - - 6163 - - - - -
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Table 4 Recognition performance of large multimodal models on the CROHME 2014/2016/2019 test
sets and the HME100K test set
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- CROHME 2014 CROHME 2016 CROHME 2019 HME100K
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Table 5 Recognition performance on the CROHME

2014 test set with printed mathematical expression
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