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What is Symbolic Regression

- Given data set {(x,y,z,....f), …}

- Find out a fitting expression,

with only allowed operations
- Arithmetic, sin, cos, pow, log, etc

- For better interpretability!

(than neural nets)



What is Symbolic Regression

- Used in scientific discoveries!
- Physics and engineering applications

- Biological applications of growth rate, 

survival curves 

- Explaining how AI works

- Recent works
- End-to-end GPU SR (EvoGP, 2024)

- LM + RAG (RAG-SR, ICLR 2025)



Tree-Based Genetic Programming 
- Generate random ‘organisms’ (expression) , and compute their fitness (MSE)

- Only the fit ones can pass on their ‘genes’ (subtree) to the next ‘generation’

- Each expression is represented as a tree of nodes (constant, variable, function) 

Source: https://arxiv.org/html/2501.17168v2 

https://arxiv.org/html/2501.17168v2


What are we solving
- Faster ‘evaluation’ in SR workload

- For each generation, strings of exprs are given

- Evaluate expressions on the data points

- Compute the fitness for each expression

- How?
- Reuse previous computation (less work)

- Better parsing (Just-in-Time compilation)

How to choose expressions is out of our scope

Source: https://arxiv.org/html/2501.17168v2 

https://arxiv.org/html/2501.17168v2


CPU Baseline

Simple parallel stack evaluation

- Parallelize on each expression

- Parse expression into ops & vals

- Iterate them with a computation stack

- Switch on op value, and load vals

- Do for all data points



GPU Baseline

Same stack evaluation, but more parallel

- Task: (data points, expressions)



What is bottleneck? Using 272 bytes of 
local memory (Stack) 
as stack is dynamic 
indexed (can’t be 
stored in registers)

Local stack 
reads and 
writes then 
compute are 
bottlenecks



Strategy 1: Cache Reuse

- There will be a lot of common ‘parts’ of expressions

- Most expressions are ‘mutated’ from few trees

- Cache the common parts, and skip computation!

- CPU scans the expressions, detect and mark common subtrees by hashing

- Pre-compute the common subtrees, and keep them in GPU memory

- When evaluating, fetch the computed data when we see it

- Saved work!



Strategy 2: JIT compilation C++ to PTX vs manual PTX

- Fixed set of available registers (like the local stack) 

- Runtime: write C++ kernel string for a custom kernel and dynamically compile 

using NVRTC 
- Avoids use of local stack memory and just keep in registers

- Avoid having to parse expression following prefix encoding based on token values

- Room for ILP and cross-subexpression reuse is promoted by reducing complex dependencies 

(to be further explored) 



Strategy 2: JIT compilation C++ to PTX vs manual PTX



Other Engineering Efforts

- Parallel tree hashing & aggregating

- Static stack, depth

- Double Buffering, cache pattern

- Memory pinning

- Parameter tuning (Tiling, detection threshold)

- (Lots of benchmark setups) 



Experiments

All experiments done in Engaging Cluster

● AMD EPYC 9654 96-Core CPU (2-way hyperthreading) (~4 TFLOPS)
● Nvidia L40S (VRAM 48GB, ~90 TFLOPS)

30 - 100 Generations (rounds)

50 - 2000 Population (expressions)

40k - 1M Data points (float)

Measured with 5 iterations, basic SR algorithm



AI-Feynman Dataset 

- 120 scientific equations from his ‘red book’

- Less than 10 variables, 64 ‘tokens’

- Random generated 1M data points

- Widely used for SR benchmark



Performance

Time per round (GPU)

Less work by reusing!



Increasing Population

Negligible detection time



Increasing Data Size

Tradeoff for detection



Compiling expression
… in runtime

Much faster kernel!

Runtime Compilation



● How much FLOPS? (GPU Baseline)
○ (1M dps * 2000 exprs * 20 ops / gen) / (150 ms / gen) ~= 300 GFLOPS

○ HW cap is ~90 TFLOPS. Why is this slow? – L1 cache bandwidth! 

● Plenty of room for generic GPU (and CPU) engineering
○ Parameter tuning, better parallelism split

○ Load/store latency hiding, cache/register efficiency, SIMD

○ How to create a better ‘assembly’ to reduce work & increase utilization

● Efficiency will vary on how we do mutations & expression complexity
■ Less common subtrees, less work saved

Analysis & Notes



Future works

- Integrate to popular libraries (PySR, SymPy, Pytorch, …)
- Or create a new one!

- Tighter integration with recent SR systems
- Utilizing semantic info for reusing / compiling

- Better lightweight GPU JIT compiler  (string -> GPU machine code)
- Support only simple expression, with much faster compilation and evaluation

- Can support subtree detect & reuse

- Application to actual challenges
- Astrophysics, particle accelerator data, etc


