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Abstract
This study proposes an end-to-end Transformer-based deep symbolic regression (TFSR) model to
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solve symbolic regression problems by automatically generating mathematical expressions. Sym-
bolic regression is a regression method that does not require a priori model form. It aims to derive
reasonable mathematical expressions from given data and has high interpretability. With the ad-
vancement of deep learning, deep symbolic regression (DSR) uses the powerful data processing ca-
pabilities of neural networks to extract potential mathematical laws from high-dimensional data.
The TFSR model proposed in this paper combines evolutionary algorithms and Transformer archi-
tectures, effectively handles long-distance dependencies in data through self-attention mechanisms,
simplifies the symbolic regression process, and improves efficiency and accuracy. In addition, this
study also introduces prefix symbol representation and binary tree structure to efficiently repre-
sent and process mathematical expressions, and uses partition sampling methods to generate uni-
formly distributed sampling data. Experimental results show that the TFSR model has good learning
and generalization capabilities on datasets of different sizes, especially when processing complex
mathematical expressions. Through benchmark tests and comparisons with other symbolic regres-
sion methods, the model of this study shows stronger performance in complex formula modeling
tasks, especially when solving difficult group problems, the TFSR model shows significant advantages.
This study provides a new end-to-end deep learning method for symbolic regression tasks, which is
particularly suitable for the automatic construction of complex scientific models and has broad ap-
plication potential.
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Figure 1. Binary tree representation of an expression
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Figure 2. Schematic diagram of partition sampling method. (a) One-dimensional partition sampling; (b) Two-dimensional
partition sampling
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Figure 3. Prefix expression length and operator distribution
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Figure 4. End-to-end deep symbolic regression model
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Figure 7. Decoder structure for coefficient prediction
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Figure 8. Model training and prediction process
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Figure 9. Training results of different training sets

9. FRIK/MNINGERNNGLER

AR SCHE IR FE A5 [ YA AR B E A (R B0 RASE () B A P S A I b 0 F R R P ki . AR 9
HHERE Bk R B YIRS IR R H IR R RS ARFEIESE0 K, 50K, 100 K)F, B
FHINGRRE RGN, B R EEIZHT AT, (HEX T K EE (a0 100 K i £R), 1512k R B bE U 2R 5
MR Bz A8, B BE ORI AR AP TE — 2 A A

BEE NIRRT, HERRRBE ISR B 3 KM i, DR AR HE B R i T RS im0
R I 3 2 B 008 2 U S I R R 5 1) ST gz Ak, WBERAIE T R FE AT 5 (R A 70 L 4% R B 1 e 2
SIFATIGE 77, FEH AT DAZEAS [RIUARECH 4R 2 [ AR 4 b 2 ST iz Ak

FEROE BRI OL T, BRI ok 2. 5 10 K AT 50 K $dE &M b, 76 100 K AR &1
LT, BERUIZR TR BRI RS AT U s AR 20K, R HERA FE AN R b )4 vyt gt e 1
I ZREEANIGIE SR 401 2K bR B3 M 2 0 S L 1 SR AUA I T Py, sl RO SR SR AN A0 UE B (R HERf 22 ) LUR
H AR LR I s P2 o oA B iz AL R

5.4. FERDESAYMEREST LA

ABIFIR M T —FOF RS AL, L TR XA S MRS AT 1 A0 RS 25 T LUSE 4 M f 42
ENBE PR AR AR, PR TN AR S A R AR R . 5% 4800 Transformer A% 45
b, BT RIS &5 T AR = R B TR I . Dy 1IR3 00 ALk, FRATAIAT 100 K Hods 4
BEAT T PRARAI SIS IR, X EE T AW U R A ARG A% 5 22 ML) Transformer f#AS A3 AR I . LAUN 2 BAKK

DOI: 10.12677/csa.2025.156158

78 TFEARY 5N H


https://doi.org/10.12677/csa.2025.156158

REM, HIR

SIS AE R, WK 10 F1EE 1 .

1055 R B AN E R R R
ARG M RAD R IR BREMARIENL [T ransformer MRALH 1555 & EHA RV HL

— gk — il
-== R -== PR

1.5

0.0 — v y y v T 0.0 — y y ; y T
1 20 40 60 80 100 1 20 40 60 80 100

R R
o AWGREOREE RWEMRANENL | RTransfornor BB -RIMEBLRNE

B iy

;gﬂo 5 EO. 5

. — g _FER T = — g _FER TN
— _RHTEW — NG _RET
——— R _RIARTEN —-— AR
——— AR —-— MR

0.0— T y T y T 0.0+— v y " y T
1 20 40 60 80 100 1 20 40 60 80 100
BR BR

Figure 10. Training results of different decoders under 100 K dataset
10. 100 K #iEET, FEIMEGEREIIZER

Table 1. Performance comparison between this study’s decoder and the transformer decoder
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