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Symbolic Regression for Scientific Discovery Il Vertical Path Scale up Al-driven scientific discovery

Learning an explicit symbolic expression (rather than black-box | C,XRXPXT
neural net) from data. - ) t
Given a dataset D = (X1,V¥1), ..., X, Vo) (X; € R™ and y; € R) | Qo {KRT [ Deep RL agent ]
and a loss function £. Symbolic regression searches for the | \ !
optimal symbolic expression ¢* Iin the space of all candidate | AXI*XT
expressions (noted as II) that minimizes the loss on the dataset CxPxT
D: QT 27y
(|) 1 - [,( ) | j [ Deep RL agent ]
"« argmin — z Xi, Vi |
ol Lo | U
| Q“{ C,xT
Current Challenges: | ~ ~oduced hvoothes ¢
- Current methods, are too slow to find expressions with - SOHEEE NYPOIESES Spate [ Deep RL agent ]
multiple variables. | —% Horizontal path @ Candidate expression f

——p Vertical path ) Correct expression A

- Most recent method (i.e., CVGP) that searches in vertical |
path are tightly integrated with genetic programming and |

integrate with other deep symbolic regressor, like deep | Horizontal path: current popular methods directly

symbolic - regression, will - cause (1) difficulty passing © geqrch for the expression in the full hypothesis space;
gradients to the parameters in the deep neural nets, (2)

| Vertical path: search for the expression from reduced

We propose an extended context-free grammar to represent I hypothesis space with more and more variables.

expressions solve It!

Method: Vertical S;mbglic Regression using Deep Policy Gradient (+VSR-DPG)

——

The expression is x; X C;—C, The expression is x; X C;—x, X C,

Start symbol A

Output: A—>(A-A) A>AxA A->const A—>X A - const A—>const A-AxXA A—=>X A const
A—>(A-A) l ! f ! ! [ Available ! f f ' Available
distribution A->A+A) A->A+A
A—>AXA l ! ! ! ! [ A->@-4 ! ! ! [ As@-4)
12454 || () —(Ru}—(an]—(ru) 4 4xd
AXA-A A->A+A A—>A+A
! ! ! ! [ A - const ! ! ! I A= const
A — x l Input: A A->@A-4) A->AXA A-const A-x A oy X} XA—A A-const A-AXA A-x, 4 _
2
< A— A (e) control variables x,, x5, X, (f) control variables x5, X,
BeSt /X M". | !I anm
A — const l Expression x X C—G, :> X X C3—=x, X Cy :> X X X3—=X X C :> Xy X X3 = Xy XXy
x X C—A LRI S I . T e Koot ey v v
L 1 Multiple [o|*1 1 X2 X3 X4, Y X XX Xy Y ol t2 A3 i ) X X2 X3 oxy  y
A — const l Trial Data |0/ 0.3:05 0.1 0.7:-0.32 0.6 0.1:0.8 0.4 0.44 ol 0.7 0.8 01102 -0.09 ol 02 04 02 07 -024
0/0.6:05 0.1 0.7}-0.29 04 0.9:0.8 0.4} 0.04 ol 05 04 06:02: 0.22 009 03 05 05 0.30
. . _ 0/ 0.2:05 0.1 0.7:-0.33 0.3 0.2:08 0.4: 0.16 ol 02 01 09:02: 0.16 d 05 0.4 0.8 0.1 0.36
Final expression | x; X C1—C, 0.9:05_0.1.Q7."-026 0.7 0.4:0.8_04.: 0.40 0.3 0.5 0.1;0.2.-0.07 0.1 08 07 0.6 -0.41

(c) control variables x, (d) no variable controlled

Experiment 2: Regression on Differential Equations

Experiment 1. Regression on Algebraic Equations

Our DSR-VPG finds symbolic expressions with the smallest Normalized-MSEs.
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Table 1:median (50%-quartile) of NMSE values of the best-predicted expressions | Lorenz MHD Glycolysis
found by all the algorithms. The set of mathematical operatoris {+, -, %, sin, cos, | Attractor Turbulence | Oscillations
const}. The 3-tuples at the top (-, -, -) indicate the number of free variables, | (3 variables) | (5 variables) | (7 variables)
singular terms, and cross terms in the ground-truth expressions generating the . SPL 100% 50% 14.2%
dataset. “T.0.” implies the algorithm is timed out for 48 hours. | SINDy 100% 0% 0%
| ProGED 0% 0% 0%
- ODEFormer 0% 0% NA
Methods | (2,1,1) (3,2,2) (4,4,6) (5,5,5) (5,5,8) (6,6,8) (6,6,10) (8,8,12) | VSR-DPG (ours) 10097 1007, R7
VSR-GP 0.005 0.028 0.086 0.014 0.066 0.066 0.104 T.O. :
GP| 7TE—-4  0.023 0044 0063 0102 0.127  0.159 0.872 |
Euge}c)]ﬁ 310%%6 <0101:;:3-36 8.223 8'}23 g.ggé 8?3? 8.2;(2) 8%83 | Table 4: On the differential equation dataset, (R2 > 0.9999)-based
E2ETransformer | 0.018 00015 0030 0121 0072 0.194 0142  0.112 | accuracy 1s reported over the best-predicted expression found by all
DSR | <1E-6 0.008 2815 2558 2535 0936  6.121 0.335 | the algorithms. Our VSR-DPG method can discover the governing
PQT | 0.020 0161 2381 2168 2482 098  5.750 0.232 expressions with a much higher accuracy rate than baselines.
VPG 0.030 0.277 2.990 1.903 2.440 0.900 3.857 0.451 :
VSR-DPG (ours) | < 1E-6 1IE-6 <1E-6 <1E-6 0.026 0.063 0.114 0.101 I Acknow| edg ement
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