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Abstract—Conventional machine learning approaches that 
model a serializer-deserializer (SerDes) are black-box and of- 
fer no insight into what the model actually learns. This pa- 
per presents an alternative approach using a symbolic regres- 
sion (SR)–based framework for fast, interpretable modeling of 
Electronic Design Automation (EDA) systems, achieving highly 
accurate performance using minimal high-fidelity simulations. 
Further, the proposed approach discovers closed-form symbolic 
expressions that explicitly capture the relationships between 
design parameters and system-level performance metrics. The 
paper evaluates SR on an open-ended SerDes modeling task 
in which continuous-time linear equalizer (CTLE) and decision 
feedback equalizer (DFE) settings map to eye performance 
metrics extracted from circuit-level simulations. The results show 

that SR fits the data with R2 > 0.99 relative to reference 

simulations, while requiring a fraction of the time. The paper 
then explores trade-offs between predictive accuracy and model 
complexity. 

Index Terms—symbolic regression, machine learning, SerDes 
modeling, high-speed links, equalizer 

 

I. INTRODUCTION AND MOTIVATION 

The increasing complexity and performance requirements 

of modern electronic systems, coupled with aggressive power 

and reliability constraints, have placed unprecedented demands 

on advancements in Electronic Design Automation (EDA) 

tools. Workflows must contend with highly nonlinear, high- 

dimensional design spaces and increasingly expensive simu- 

lation and verification loops. Consequently, the availability of 

fast, accurate, and generalizable modeling techniques is pivotal 

to the overall success of integrated circuit and system design 

[1]. 

Many critical EDA tasks require repeated evaluation of 

complex physical models, including signal integrity (SI) and 

channel modeling for high-speed links, SerDes equalization 

design (e.g., continuous-time linear equalizer (CTLE) and 

decision feedback equalizer (DFE) tuning), timing and power 

analysis, and parasitic extraction and routing optimization [2]. 

These problems tend to involve limited data, high simulation 

costs, and the need to extrapolate reliably across a wide range 

of operating conditions. While data-driven machine learning 

(ML) models, particularly deep neural networks (DNNs), have 

shown promise in accelerating specific tasks, their deployment 

is frequently hindered by large data requirements, poor ex- 

trapolation behavior, limited physical interpretability, and the 

need for costly retraining when design parameters or operating 

conditions change [3]. 

Symbolic regression (SR) offers a compelling alternative 

to purely black-box ML approaches by directly discovering 

closed-form mathematical expressions that describe system 

behavior from data. Unlike DNNs, expressions derived via 

SR are inherently interpretable, computationally lightweight 

at inference time, and amenable to physical inspection and 

validation by domain experts [4]. SR has been successfully 

applied in materials science and physics-driven modeling to 

derive interpretable expressions that accurately capture com- 

plex system behavior while maintaining physical consistency 

[5], with hybrid approaches combining sparse optimization or 

inductive biases from machine learning to further improved 

robustness and scalability in high-dimensional scientific prob- 

lems [6]. These properties are desirable in the EDA context, 

where understanding the underlying physical relationships 

and ensuring robustness across design corners are often as 

important as raw predictive accuracy. 

In this work, we demonstrate the suitability of SR for SI 

analysis in complex systems by deriving human-interpretable 

equations for a 50 Gb/s high-speed SerDes link, achieving 

over 99% fidelity with respect to reference simulations. We 

show that such accuracy can be attained using relatively 

modest data requirements compared to conventional ML tech- 

niques, while simultaneously producing compact symbolic 

models that generalize well across the device’s operating con- 

ditions. Based on these results, SR constitutes a practical and 

powerful modeling paradigm for accelerating EDA workflows 

and enabling accurate and interpretable system-level analysis. 
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Fig. 1: The proposed framework for simulating EDA problems 

with Symbolic Regression 

 

To our knowledge, this work represents the first application of 

SR to derive open- and constrained-form, human-interpretable 

models for SerDes performance modeling within an EDA 

workflow. Our contributions are as follows: 

1) We present an end-to-end modeling framework aug- 

mented by SR, laying the path for developing faster, 

application-specific models for EDA workflows as 

shown in Fig.1. 

2) We quantitatively evaluate tradeoffs with SR accuracy, 

data efficiency, and equation complexity in open-form 

EDA modeling. 

3) We demonstrate the efficacy of transformer-based SR 

methods for discovering equation structure in closed- 

form problems. 

II. BACKGROUND 

traditional regression or curve-fitting techniques) and seek to 

recover structural relationships, thereby augmenting the final 

derived model. 

B. Equation Structure Discovery 

The central task in SR systems is discovering the structural 

form of an equation via combinatorial search of candidate 

solutions, which are represented as expression trees with in- 

ternal nodes corresponding to mathematical operators linking 

external leaf nodes that represent input variables and constants. 

Over successive generations of search, this method gradually 

selects increasingly accurate symbolic structures. Classical 

approaches rely on genetic programming, where mutation and 

crossover operators explore the expression space guided by a 

fitness function that balances accuracy and model complexity. 

Recent SR Frameworks such as PySR augment the search 

with gradient-based optimization, improving convergence and 

computational efficiencies [8]. For further details we refer the 

reader to [8] and [9]. 

III. METHODOLOGY 

A. Problem Definition 

We define the modeling task in this work as discovering a 

symbolic function from the observed system’s data to capture 

the underlying behavior of a given electronics system. The 

derived function, f (·), maps a d-dimensional input vector 

x ∈ Rd (drawn from a dataset of n observations) to a target 

variable y = f (x) ∈ R [9]. Further, we categorize open-form 
problems in EDA as cases where we do not know or expect 

to converge to a predetermined equation form [10]. In this 

methodology, we derive symbolic expressions that show the 

mathematical relationships between design parameters for sys- 

tems without previously known equations. We can either leave 

the overall structure and terms of the expression completely 

unrestrained to obtain a purely numerical model, or constrain 

them to specific terms and complexity to streamline expression 

generation in a desired direction, modeling a closed-form 

problem. 

In this work, we model a SerDes link, where system perfor- 

mance is governed by interactions among multiple equalization 

parameters. Specifically, the input vector x consists of CTLE 

settings and a set of DFE tap coefficients, while the target 

variables y correspond to performance metrics, namely Eye 

Height (EW) and Eye Width (EH). We then formulate the 

problem as follows - 

A. Symbolic Regression Definition 

Symbolic Regression is a data-driven method for obtaining 

explicit mathematical expressions that map a given set of 

y = f (CTLE, DFE1, DFE2, DFE3), 

y ∈ {EyeHeight, EyeWidth} 

B. SerDes Simulation and Dataset Generation 

(1)  

inputs to outputs by searching over a space of symbolic expres- 

sions and operators. In the most general sense, the goal is to 

simultaneously optimize accurate fitting to the data, minimize 

expression complexity to the minimum required, and maintain 

a degree of human interpretability in the final expression [7]. 

Further, SR methods go beyond recovering coefficients (as in 

To generate data for SR, we simulated a 50 Gb/s SerDes 

link in Ansys Electronics Desktop (AEDT), with automation 

provided by the PyAEDT library [11]. The receiver contains a 

CTLE where the gain is tunable and a three-tap DFE. We per- 

formed a sweep over CTLE gain and corresponding DFE tap 

ranges to capture varying sets of equalization configurations. 



For each input combination, we ran the simulation and 

extracted Eye Height and Eye Width metrics from the sim- 

ulated eye diagrams. The final dataset thus consists of input– 

output pairs of the form (x, y), where the input vector 

x = [CTLE, DFE1, DFE2, DFE3] represents the equalization 

settings, and the output variables y correspond to Eye Height 

or Eye Width. Here, 80% of the simulated configurations were 

used to derive the symbolic expressions, with the remaining 

20% reserved for independent accuracy assessment. 

C. Framework for Modeling SI Problems with SR 

We obtained the SR models using the open-source PySR 

framework [8] for open-form problems, as well as an adapted 

transformer-based method (as laid out in TPSR [9]) to eval- 

uate the suitability of SR for closed-form SI analysis. Three 

experimental configurations were considered to systematically 

assess the impact of model flexibility and input structure on 

accuracy and computational efficiency. 

 

 

Fig. 2: Results of SerDes modeling with full data regime of 

300 samples; the model exhibits high accuracy in modeling 

unseen data. 

 

 

 
EyeHeight = 

We provide a framework for integrating SR into SI analysis, 

as shown in Fig 1. We begin with generating or gathering 

simulation data, and organizing it as a set of input variables 

that map to the output. Next, we propose a choice of SR 

engines, with off-the-shelf engines such as PySR and TPSR 

providing speedy implementation over bespoke SR engines. 

To augment the selection of the most optimal engine, we 

propose a benchmark for evaluating the symbolic equations 

derived from each engine - this allows for flexibility in han- 

dling tradeoffs between accuracy and interpretability for our 

intended application. Finally, we build a repository of optimal 

symbolic expressions that completely model the system, which 

1.811 tanh(1.115CTLE 

− 0.0239(1.186DFE3 − DFE1 + DFE2)) 

EyeWidth = 

0.9194       

(1.008(1.339DFE2+CTLE+sin DFE1))(0.8747CTLE) 

B. Low Data Regime Modeling with PySR 

TABLE I 

LOW DATA REGIME 

(2) 

 

 

 

(3) 

can be used to both generate unknown insights and speedily 

perform SI analysis during development cycles. 
Configuration Operators / 

Inputs 
Compute 

Time 
R2 MSE 

IV. EXPERIMENTAL RESULTS 

A. Open-Form SerDes Modeling with PySR 

Unconstrained All unary and 
binary 
operators 

1 hour 0.9957  1.7 × 10−5 

First, we used an unconstrained set of mathematical op- 

erators and expression structures, with minimal restrictions 

on expression complexity; this configuration was applied to 

a large dataset of 300 samples to validate the ability of SR to 

recover expressive models; we provide the full set of equaliza- 

tion parameters (CTLE, DFE1, DFE2, and DFE3) as inputs. In 

Limited 
operators 

 
Limited 
inputs 

No 
trigonometric 
operators 

No DFE tap 
values; all 
operators 

40 
minutes 

 
25 

minutes 

0.9906 3.8 × 10−5 

 

0.8803 4.7 × 10−4 

this configuration, SR achieves excellent results, yielding R2 

values exceeding 0.99 and low MSE across validation samples, 

as shown in Fig. 2. The figure demonstrates the predicted- 

versus-actual comparisons for Eye Height and Eye Width, with 

the symbolic expressions yielding close alignment with the 

ideal input-output relationship. 

The derived expressions for Eye Height and Eye Width 

are given in (2) and (3) respectively. The derived symbolic 

expressions are consistent with known SerDes behavior - 

saturating nonlinearities in the Eye Height model reflect the 

effects of gain saturation and noise. At the same time, the 

sinusoidal CTLE–DFE interaction captures coupled multi-tap 

ISI cancellation effects. The Eye Width expression exhibits 

exponential sensitivity, consistent with timing margin and jitter 

behavior in the equalization of high-speed links. 

Open-form SR results and corresponding fits for three low-data SerDes 
modeling configurations. Minimal performance degradation is observed 
under operator constraints. All experiments were run on an Intel 
i9-13900HX and an NVIDIA RTX 4090 Laptop GPU. 

 

 

Second, we examined a constrained SR configuration by 

restricting the data to 30 samples to create a low data 

regime, as is often seen during development cycles. Simul- 

taneously, we performed an ablation study, limiting the set of 

allowable operators and expression complexity. This setup en- 

abled us to study the trade-off between model interpretability, 

computational overhead, and predictive accuracy when prior 

structural and operator constraints are imposed. Imposing these 

constraints slightly increases approximation error, the resulting 

models retain high predictive accuracy and exhibit reduced 



computational overhead of 20% during training, demonstrating 

a practical method for further reducing model complexity 

without significant performance tradeoffs. 

These results showcase SR’s ability to maintain high ac- 

curacy in derived models when available data is scarce. 

Furthermore, we clearly illustrate that operational overheads 

can be significantly reduced by limiting equation complexity 

through operator selection, thereby laying the groundwork for 

the development of lightweight, accurate, and bespoke models 

for numerous applications. 

C. Closed-Form Symbolic Regression with TPSR 

Third, we investigated the closed-form case, where we pro- 

vide the known functional structure of the output expression; 

this setup demonstrated SR’s ability to recover equation coef- 

ficients within a given structure. We model CTLE responses, 

and provide TPSR with an expected structure to converge 

to, with the goal of correctly recovering the same form of 

symbolic expression, and fitting the coefficients accurately. We 

use a combination of TPSR for structure discovery followed 

by Least Squares Coefficient Recovery to recover the symbolic 

expression, demonstrating the efficacy of SR for modeling 

known relationships from a structural and numerical stand- 

point. The canonical second-order CTLE transfer function is 

given in (4). The discovered symbolic model obtained via SR 

is shown in (5). 

modeling; as shown in (5), we achieve exact symbolic structure 

recovery and numerically accurate adherence to the canonical 

CTLE transfer function given in (4) 

Future work will focus on extending this framework to 

additional problem domains, incorporating physics-guided 

constraints and priors, and scaling the approach to higher- 

dimensional design spaces and more complex equalization ar- 

chitectures. These directions suggest that symbolic regression 

has the potential to serve as a lightweight, interpretable surro- 

gate modeling tool for accelerating design-space exploration 

and analysis in next-generation EDA flows. 
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