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Goal: We want Al to achieve human level
performance at research in the natural sciences.
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Figure 1: Tycho Brahe's observations of the planet Mars (period 1582 - 1600).
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Theory: Heliocentric Model c.The Astronomical Revolution: Copernicus- Kepler-Borelli
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Symbolic Regression
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YSR’s impact

Use 2 deep neural network to map
input jet features to the truth
momentum.
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sample output of neural network
across full range of input phase

Fit jet features to neural network
momentum prediction with
space. symbolic regression.
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applied to jet background subtraction in
heavy-ion collisions
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Sketch of PySR’s Exploration Space
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Goal: How can we increase exploration in
relevant parts of the search space!?
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What is a Concept?
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What is a Concept?
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import random

def crossover(
exprl: SymTree,
expr2: SymTree) —> SymTree:

# Randomly choose a node in exprl to
remove

# Randomly choose a node 1in expr2
which will be added to eql

Symbolic
Crossover

# Return new tree
new_expr = ...
return new_expr




(System)
Header

(User)
Crossover
Prompt

(User)
JSON
Formatting
Instructions

You are a helpful assistant that recombines two mathematical expressions by following a few

provided suggestions. You will be given three suggestions and two expressions to recombine.

An expression must consist of the following variables: {{variables}}. All constants will be
represented with the symbol C. Each expression will only use these operators:
{{operators}}.

Suggestion 1: {{assump1}}
Suggestion 2: {{assump2}}
Suggestion 3: {{assump3}}
Expression 1: {{expr1}}
Expression 2: {{expr2}}

Propose {{N}} expressions that would be appropriate given the suggestions and
expressions. Provide short commentary for each of your decisions. End with a JSON list that
enumerates the proposed expressions following this format:

T 7json
["expr1",
"expr2",

"expr{{N}}"

LLM Crossover




LaSR

Hypothesis Evolution

Concept Evolution
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Concept Abstraction
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LaSR

LLM Concept
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all concepts.

Hypothesis Evolution
Hypothesis Concept Hypofhesstis per
Populations Dataset Library Population
*
II 1 1
— —
H —_— Symbolic or LLM —_— 7-‘-*
P Evolution Evolution P
' ‘ *
11 3 For 10 operations i 3
— —
Concept Evolution ~ ——— ——  Concept Abstraction
“exponential
growth/decay” Hypothesis

B

“Depends on
temperature”

¥

[ LLM Concept Crossover }

}

“Boltzmann
Distribution”

Evo/utlon

Concept Library

Concept
Evolution

Concept
Abstract/on

qV
(73) 1 = Io( _T)—IO
!

[ LLM Abstraction
“exponential
growth/decay”
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Sketch of Search Space
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Concepts for each “Island”
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Sketch of Search Space

After Phase 2:

Concepts expose unknown
islands
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LaSR Results | - Performance

¢ Concept GUidance GPlearn AFP AFP-FE DSR  uDSR AlFeynman PySR LaSR
accelerates SClentiflc 20/100  24/100 26/100  23/100 40/100 38/100 59/100 59 +7/100

Table 1: Results on 100 Feynman equations from [41]. We report exact match solve rate for all

d ISCOve rY’ models. LASR achieves the best exact match solve rate using the same hyperparameters as PySR [8].
LASR (Llama3-8B) LASR (GPT-3.5)
® LaSR Outperfor.ms P),SR Typeof Solve PySR p=1% p=5% p=10% p=1%
) ExactSolve  59/100 63/100  65/100  65/100 66/100
even with local lan guage Almost Solve ~ 7/100  6/100  9/100  12/100 13/100
S Close 16/100 13/100 14/100  11/100 9/100
models (llama-3-7b, | /,) NotClose  18/100 18/100 12/100  13/100 13/100

Table 2: Evaluation results on Feynman dataset by cascading LASR’s LLLM backbone (1lama3-8b,
gpt-3.5-turbo) and changing the probability of calling the model (p = [0.01, 0.05, 0.10]) in the order
of increasing concept guidance. LASR outperforms PySR even with minimal concept guidance using

an open-source LLM.
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LaSR Results Il - Hints
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Results Il - Case Study

F —— 1 4192 . (((((((w) - (n;:((é’f)))) /0-712> -q1> -0.087> /e) -0.191)

dme 1? T
Eq 10: Coulomb's Law PySR’s Solution
* Inverse Square Law * Reduces to ground truth after |0 steps
* Directly proportional to of simplification.
charges * Unwieldly
* Force symmetric w.r.t * Fitting more constants => more

charges optimization errors



Results Il - Case Study

1 q1q2
dme 12

F =

Eq 10: Coulomb’s Law
* Inverse Square Law

* Directly proportional to
charges

* Force symmetric w.r.t
charges

qi1

F = - 0.07957782
(L) (7, I 1.9181636><10—5> c
q2 q2
1
= . 31181636 p— I (Substitute constant)
T . xX10— T
(5) (o=t
1
- B - (Simplify denominator)
r (r + S ) e =T
1 _
~ NP2 L (Negligible, 1:9181636x10 ° 0)
r(r)e 4w %

LaSR’s Solution

* Reduces to ground truth after 4 steps of
simplification

* Smaller models synthesize simpler equations!



Results Il - Case Study

1 q1q2

=
de 712

Eq 10: Coulomb’s Law
* Inverse Square Law

* Directly proportional to
charges

* Force symmetric w.r.t
charges

Iteration Discovered Concept

2 The good mathematical expressions exhibit [...] with a focus on
power functions and trigonometric functions |[...]

6 The good mathematical expressions exhibit [...] symmetry or
regularity [...]

24 The good mathematical expressions have [...] with a specific
pattern of division and multiplication

LaSR’s Concepts (Limitations)
* Cannot guarantee factuality or correctness.

* Good concepts depend on LLM training.
Concepts can mislead scientists.
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Recap: Symbolic Regression
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Figure 1: Tycho Brahe's observations of the planet Mars (period 1582 - 1600).
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https.//www.inaturalist.org/observations/1970016

Visual Reasoning
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finatic suggested-an-1D @ |D Withdrawn v
7 Florida-Serub-Lizard
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e/
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Euba
: Santo
Northern Curly-tailed Lizard - Domingo
e : S50 T py
=7+ Leiocephalus carinatus

The tail looks too strongly keeled to be Sceloporus.

Observation: Geolocated Picture Theory: Crowdsourced identification Data: Geotagged sightings



Visual Programming

“Is there a
helmet in this
picture that is

not blue?”

“Is there a
helmet in this
picture that is

not blue?”

Large monolithic model
GPT4v

‘(no”

“no”




Compositional Question
Answering

Is there a helmet in the photo that
is not blue?

IMAGE

BOX@=Loc(image=IMAGE, object=‘helmet’)

IMAGE@=Crop (bbox=B0OX®)

blue ANSWER@=Vqa(image=IMAGE@, question=‘What color is the helmet?’)

Prediction: no

ANSWER1=Eval(expr=""yes' if {ANSWER@} != 'blue' else 'no'")

no =Eval(expr=""yes' if 'blue' != 'blue' else 'no'"

c.VisProg. Gupta et. al
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