Proceedings of Machine Learning Research vol 283:1-13, 2025 7th Annual Conference on Learning for Dynamics and Control

Learning Biomolecular Models using Signal Temporal Logic

Hanna Krasowski KRASOWSKI@BERKELEY.EDU
University of California, Berkeley

Eric Palanques-Tost ERICPT @BU.EDU
Boston University, Boston

Calin Belta CALIN@UMD.EDU
University of Maryland, College Park

Murat Arcak ARCAK @BERKELEY.EDU
University of California, Berkeley

Editors: N. Ozay, L. Balzano, D. Panagou, A. Abate

Abstract

Modeling dynamical biological systems is key for understanding, predicting, and controlling
complex biological behaviors. Traditional methods for identifying governing equations, such as
ordinary differential equations (ODEs), typically require extensive quantitative data, which is of-
ten scarce in biological systems due to experimental limitations. To address this challenge, we
introduce an approach that determines biomolecular models from qualitative system behaviors ex-
pressed as Signal Temporal Logic (STL) statements, which are naturally suited to translate expert
knowledge into computationally tractable specifications. Our method represents the biological net-
work as a graph, where edges represent interactions between species, and uses a genetic algorithm
to identify the graph. To infer the parameters of the ODEs modeling the interactions, we pro-
pose a gradient-based algorithm. On a numerical example, we evaluate two loss functions using
STL robustness and analyze different initialization techniques to improve the convergence of the
approach.
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1. Introduction

Biological models are central to understanding and manipulating processes such as immune system
response, wound healing, and cancer. For example, a model of an organism with a chronic disease
can provide detailed insights into its malfunctioning (Moise and Friedman, 2019), or a model can be
used as instruction to build a synthetic biological system that could be used to regulate an immune
response (Nielsen et al., 2016). The two tasks, i.e., understanding and manipulating, are usually
addressed by inference and synthesis, respectively. Biological network inference aims to uncover
the underlying dynamics of an existing system by constructing models that align with usually quan-
titative data to replicate observed behaviors (Delgado and Gémez-Vela, 2019; St. John et al., 2019).
Synthesis aims to build systems that comply with a desired behavior (Nielsen et al., 2016). De-
spite differing goals, both approaches share a common challenge: modeling dynamical systems that
satisfy constraints derived from experimental data, qualitative observations, or desired outcomes.
Both inference and synthesis are challenging for the typically data-scarce problems in biology
due to expensive real-world measurements. Constraining the model candidates by leveraging do-
main knowledge is therefore often a necessity, e.g., assuming the model is described by a set of
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differential equations (Brunton et al., 2016) or adding prior knowledge about specific genes (Pen-
fold et al., 2012). Furthermore, the majority of available data of biological systems is qualitative
and implicitly embedded in natural language; for example: “If the concentration of IL-6 and TGFS
exceeds a threshold for a certain period, the concentration of Th17 cells should increase, while the
induction of Treg cells should decrease after a delay” (Martinez-Sanchez et al., 2018). While such
descriptions are rich in insight, they do not readily translate to computational procedures.

In this paper, we introduce a genetic algorithm that is combined with a gradient-based optimiza-
tion to learn biomolecular models from Signal Temporal Logic (STL) specifications. We propose
to formalize qualitative information with STL so that the information becomes computationally
tractable. We represent the biomolecular system as a graph, where nodes are biological entities
(i.e., cells, cytokines, or genes) and edges represent interactions (i.e., inhibition and activation) be-
tween them. The graph is transformed to an ordinary differential equation (ODE) model leveraging
biological domain knowledge. Our genetic algorithm searches for the optimal graph structure while
evaluating each population with respect to edge sparsity and satisfaction of STL specifications. We
optimize the unknown ODE parameters for each candidate of a population by employing a differ-
entiable measure of STL in the loss of a gradient-based algorithm.

Our contributions are: (1) We introduce an approach for learning interpretable and biologically-
grounded ODE models from STL statements, which is applicable when only qualitative data is
available. (2) The combination of a genetic algorithm with a gradient-based optimization allows for
simultaneously identifying the network structure and unknown parameters for biomolecular models
of intracellular or intercellular processes. (3) The approach is suitable for both inference and synthe-
sis, as the STL specifications can describe existing or intended system behavior. (4) We propose and
evaluate an adaptive loss function and a parameter initialization strategy to robustify convergence.

The remainder of this paper is structured as follows. In Section 2, we contextualize our contribu-
tions with respect to existing literature. In Section 3 and Section 4, we define relevant concepts and
formulate the main problem. We describe our algorithm to learn biomolecular models in Section 5,
and show its effectiveness on a numerical example of a gene network in Section 6. Discussions and
conclusions are in Section 7 and Section 8.

2. Related Work

ODE inference for biological systems. A common problem in systems biology is the inference of
the parameters of the ODEs modeling a system. Early methods, such as Varah (1982), estimate the
derivative of the observable times-series data and use optimization techniques such as least squares
to fit ODE parameters. However, these methods were not accurate for complex ODEs. Recently,
more nuanced methods have been proposed, such as Bayesian inference for parameter fitting (Huang
et al., 2020) or a combination of Particle Swarm Optimization (PSO) with reinforcement learning to
estimate the parameters ODEs (Sun et al., 2024). Since the structure of the ODEs is not necessarily
known, several methods were developed to infer the parameters and the structure of the governing
ODEs simultaneously. A key contribution is the SINDy approach by Brunton et al. (2016), which
creates a large matrix with candidate terms for the ODEs and then applies sparse regression to
select the most relevant ones. An alternative approach is using genetic algorithms, as by Rossi et al.
(2024), starting from an initial population of equations and selecting based on a fitness function
that is tailored to the desired features. While these approaches identify interpretable ODEs, pre-
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selecting a trackable amount of terms of the ODEs and achieving sparsity of biological systems
(Busiello et al., 2017) from a fully connected initialization can be challenging.

To avoid selecting ODE terms, black-box neural networks can be used to represent differential
equations (Chen et al., 2018; Raissi, 2018; Raissi et al., 2019). By inducing the underlying structure
of differential into the learning, fewer data samples and more robust predictions can be obtained than
using neural networks without enforcing any structure. More recent research aims to increase the
interpretability of the final system model by combining neural differential equations with known
components. For example, the work by Ahmadi Daryakenari et al. (2024) proposes a two-step
process: training neural networks for unknown components of the system model and performing
symbolic regression to identify explicit expressions for the trained neural networks.

Our approach jointly learns both the structure and parameters of interpretable and sparse ODEs
based on modeled interactions of biological species. In contrast to SINDy (Brunton et al., 2016),
which relies on a pre-defined set of basis functions, we derive the ODEs from a graph that represents
the interactions between species and is not a linear combination of the underlying interaction ODE:s.
Since the interactions between species are commonly sparse in nature, we use the fitness function
of the structure-searching genetic algorithm to identify sparse networks.

Biological network synthesis. Synthetic biology aims to design genetic circuits that satisfy a
particular behavior and that can be engineered in a cell. One of the most common tools, Cello,
by Nielsen et al. (2016), is a comprehensive framework for designing genetic circuits, translating
specified behaviors into DNA sequences for implementation in organisms like Escherichia coli.
However, in Cello the desired behavior is specified with aggregation of logic functions and does
not directly handle temporal dependencies that can be expressed with temporal logic. Several ap-
proaches for circuit synthesis have been proposed, such as those by Goldfeder and Kugler (2019);
Bernot and Comet (2010), which extend biological circuit synthesis for specifications in temporal
logic. Specifically, these methods aid network design by ensuring compliance with expected tem-
poral logic specifications. Bartocci et al. (2013) propose to use STL to identify parameters of a
pre-defined circuit and develop a closed-form parameter identification algorithm for specific circuit
modules. In contrast, our approach uses STL robustness for parameter optimization and network
design simultaneously.

3. Preliminaries

3.1. Notation

We use x : [0, 7] — R to denote the vector of species concentrations over the time interval [0, T;
x € RV is the concentration at a particular time and its ith entry ; is the concentration of species
i. We represent the interactions in a system with a directed graph G = (N, &, T), where N is the
set of nodes, i.e., species, £ is the set of edges, i.e., interactions among species, and 7 is the set of
edge types. An edge is specified with a tuple e = (u,v,j) € £ meaning that it goes from node u
to v and has type j. The numbers of nodes and edges are defined by |[A| and |£|, respectively. We
denote the set F = N x N x T to represent all edges and edge types that could exist in a graph.
We also define a mapping ¥ : G — D that converts the information in G into a dynamical system
represented by ODEs with parameters 6 € P and external inputs a. The mapping associates each
edge e with specific terms such as the ones presented in Section 3.3, depending on the type of edge.
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For instance, an edge e of type 7 = 1 could be modeled with Eq. (2) between two species with
concentrations z and y.

3.2. Signal Temporal Logic

We use temporal specifications defined by STL formulas; see Maler and Nickovic (2004) for the
formal syntax and semantics. STL formulas have three components: (1) predicates p := g(x) > 0,
with ¢ : RN — R; (2) Boolean operators, such as — (negation), N\ (conjunction), and —
(implication); and (3) temporal operators, such as { (eventually) and O (always). Given as STL
formula p, O, 4,19 is true if ¢ is satisfied for at least one time point ¢ € [t1,t2], while Uy 010 18
true if ¢ is satisfied for all time points ¢ € [t1, to].

The semantics of STL is defined over functions of time, or signals, such as trajectories pro-
duced by a system of ODEs. STL has both qualitative (Boolean) and quantitative semantics. In the
Boolean semantics, a trajectory x either satisfies a formula ¢ (written as x = ¢) or violates it. The
quantitative semantics (Donzé and Maler, 2010) is defined using a function p(x, ¢), called robust-
ness, which measures how strongly formula ¢ is satisfied by x. In particular, p(x, ) > 0 if and
only if x = ¢. The time horizon of an STL formula ¢, denoted as hrz (), is the minimum amount
of time required to decide the satisfaction of ¢ (Sadraddini and Belta, 2015). For simplicity, we
assume that ' = hrz(y). For example, the quantitative semantics for the conjunction of formulas
(1 and 9 is defined as (Leung et al., 2023):

p(x, 1 A p2) = min(p(x, p1), p(X, p2)). (1)

3.3. Mathematical Modeling of Biological Systems

Typical models in systems biology employ ODEs with equations that describe the dynamics of
molecular and cellular interactions; Murray (2001); Keener and Sneyd (2004); Edelstein-Keshet
(2005); Alon (2006). Among them, Hill equations are widely used to describe the non-linear binding
and regulation of biological molecules. As an example, Eq. (2) below indicates positive regulation
of amolecule, whose concentration is denoted by ¥, by another molecule with concentration z, while
Eq. (3) describes negative regulation. In both cases, v represents the maximum activation/inhibition
rate, K represents the affinity between the two molecules, and the Hill coefficient n determines the
steepness of the curve, with larger parameters tending towards a step-like behavior. The term —v - y
in each equation models degradation at a rate proportional to the concentration:

K-z"

y=—vytv o ——— ) y=-—vy + v

3
1+ K -zn 3)

1+ K-z

Note that a differential equation model can also include a combination of positive and nega-
tive regulation terms. There are other modeling paradigms in systems biology, including those that
account for stochasticity, such as Chemical Master Equation models and their diffusion approxi-
mations leading to the Chemical Langevin Equation; see, e.g., van Kampen (2007). As a starting
point, we focus on ODE models with standard activation and inhibition terms listed above due to
their computational tractability.
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Figure 1: Model learning approach: Given a set of species and a formalized specification, a ge-
netic algorithm searches for the optimal topology while the parameters for each candidate
graph are optimized based on the robustness of the formalized specification. The result is
a specification-compliant biomolecular model with optimized parameters that is modeled
by ODEs.

4. Problem Statement and Approach

Given species of a system that are represented as nodes N of a graph G, an observable or intended
behavior for that system in the form of an STL formula ¢, and a mapping W that converts graphs
G to dynamical systems D with parameters 6, we want to find the edges of the graph £* € F and
the parameters of its respective dynamical system 6* € P such that the robustness of the traces x
generated by D is maximized. Mathematically:

0%, & = argmax p(x(0,E), ¢). (4)
0P, EcF

Our approach to the above problem is illustrated in Figure 1. A major challenge is that the
parameters ¢ can only be optimized and evaluated for a given edge set £. Thus, we develop a
genetic algorithm where the fitness function is calculated based on the topology of the graph and
the robustness of the optimized system. Additionally, we propose two extensions: a pre-optimized
parameter initialization to decrease the sensitivity to the initialization of the parameters 6, and an
adaptive loss for conjunction STL specifications that switches to an additive robustness when the

STL specification is satisfied.

5. Biomolecular Model Learning

In our approach, we consider two possible edge types: inhibition and activation. Our mapping V¥ re-
lates inhibition and activation edges to Eq. (3) and (2), respectively. The mapping also incorporates
the degradation term of each species, which, intuitively, in the graph would be a self-loop around
each node. In particular, we define the mapping between G and the dynamical system D with the
ODEs Dy ¢(x, a):

Tg+ 1, Z{e\sink(u,e)/\type(a,e)} Kexy
1+ Z{e|sink(u,e)} Ke Ty

Ty = — Yuly + Vy + Qy, ©)
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Where a € RY is the external input and a,, is the external input of node u, 1 € {0,1} denotes a
binary variable, 1; = 1 if there are solely inhibition edges incoming to u, and 1, = 1 if there is
at least one activation edge incoming to edge u. The function sink(u, ) evaluates to true if u is a
sink node for the edge e, and the function type(j, ) that evaluates to true if the edge e is of type j.
Based on this formulation, our approach aims to find the set of edges £ € F and parameters 6 € P,
i.e., decay rates -y, maximum activation/inhibition rate v, and affinity factor K, that maximize the
robustness p of the STL specification (.

5.1. Network Learning

We learn the biological network structure with a genetic algorithm. We start from an initial popula-
tion popg where we randomly create edges with random edge types. Since sparse connections are
common in biological problems, we bias the initial population towards sparse connections by sam-
pling between |[A/| — 1 and % edges. In case not all species are connected after sampling, we add
the minimum number of edges necessary to connect subgraphs to one graph and randomly sample
an edge type. For each candidate graph, we optimize the parameters 6 with respect to the STL spec-
ifications as detailed in Section 5.2. The selection function identifies the top k performers based
on the fitness function which considers the robustness and edge sparsity. Specifically, the fitness

function consist of a robustness measure Lg(p*, prest) and an edge sparsity measure Lz (|€]):

, p* & — [N] + 1
Laa(p™, |E|, ppest) = +1—- —— (6)
(07 1€, poest) = 2~ NE— V]
~——
=Ls =LEg

where p* is the optimized robustness of the candidate and pj.; is the best-observed robustness up to
the current generation. The edge sparsity measure is 1 if the minimum amount of edges to connect
all nodes is used and converges to 0 with an increasing amount of edges. Thus, the fitness evaluation
is biasing towards sparse graphs. For the next population, we mutate the top population with three
mutation types with probability a each: removing one edge, adding one edge, and resampling the
edge types. Note that we post-process the edge removal mutation to ensure the graph is still fully
connected.

5.2. Parameter Optimization

The quantitative semantics of the STL specification enables the use of the robustness of a trace as
the loss function in our optimization, summarized in Algorithm 1: First, a trace for the system with
the current parameters is computed. The loss L, is the negative robustness of the trace. Then, the
parameters are updated with a gradient descent method, such as Adam. Note that we approximate
the continuous-time differential equation with a discrete-time Euler step update, as this allows us to
efficiently backpropagate the gradient. The optimization is terminated when the robustness change
between two optimization steps is smaller than € or the maximum iterations are reached. We pro-
pose two extensions to our algorithm to improve efficiency and effectiveness: a robust parameter
initialization strategy and an adaptive loss function.

Parameter initialization. Initialization of the ODE parameters plays a critical role in the conver-
gence of the algorithm, especially when more complex STL specifications are provided. We suggest
performing a parameter search to initialize the parameters with the lowest loss function possible.
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Algorithm 1 Gradient-based parameter optimization with STL specifications
1: Initialize: ODEs Dy ¢(x, a), parameters § = K;Vi € {1,...,|E|},v5,75,7 € {1, ..., [N}, STL
specification ¢, initial state xg, parameter set P, maximum iterations nmax,
hyperparameters A, €

2: Initialize iteration n <— 0

3: while —converged A n < npax do

4:  Compute trace x with Dy ¢(z, a) and xq

s: Compute loss £, = —p"(x, ¢)

6:  Update parameters 6 < 6 — AVyL,

7:  Project parameters on parameter set 6 < clip(6, P)
8:  converged < trueif [p" — p" 1| <eAn#0

9. n<+<n+1

10: end while

That is, given a bounded set of possible parameters P, we initialize the parameters that lead to the
minimum loss for a specific candidate graph G:

0 = argmin —p(x(6;), ) 7
0;€0¢ \—E_/
add

The set ©y C P can be created using a grid or from random samples. Here, we use Sobol sequences
to sample from the parameter space P.

Adaptive loss function. Often, the STL specification will be based on multiple qualitative state-
ments that have to hold simultaneously. This translates to a conjunction of multiple subspecifica-
tions reflecting each of the statements. The robustness of a conjunction is the minimal robustness
of the subspecifications (see Eq. (1)). Thus, the parameters are optimized with respect to the least
robust specification. While this objective is meaningful as long as the specification is not fulfilled
with the current parameters, it is not clear if this is the best choice once all subspecifications are
fulfilled, especially since it is difficult in practice to scale all predicates to one range. Addition-
ally, the least robust subspecification might not be optimizable beyond a specific threshold, while
for the other subspecifications improvement might be possible without decreasing the robustness of
the least robust subspecification. To address these concerns, we propose to use a loss function that
changes the objective once the specification is fulfilled, i.e., an adaptive loss function:

L <0
La= g J J P= 3
=2 i=1pi — B2 =1 log(p;), p>0

where L, is the original loss as formulated in Algorithm 1, 3 is a weighting factor, p; denotes the
robustness of subspecification ¢;, and the STL specification consists of J subspecifications. The
first sum aims to maximize the robustness gain while the second term penalizes stepping toward the
satisfaction boundary, i.e., p = 0.

6. Numerical Example

Our biomolecular model learning can be applied to multiple biological networks such as cell-cell
and cell-cytokine networks, or gene regulatory networks. For our evaluation, we investigate signal
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Figure 2: Gene network with highest robustness. Left: Graph including optimized affinity fac-
tors while the decay rates are v = [0.77,0.81,0.20,0.63,0.22,0.93] and the activa-
tion/inhibition rates are v = [0.51,0.93,1,0.73,0.22,0.91]. Right: Trajectory for gene
network showing satisfaction of the specification ¢.

propagation which is an important phenomenon in gene networks (Matsuda et al., 2012). An infor-
mal specification of a propagation system could be: “Given protein X, produce protein Y within a
short time interval”. For our numerical evaluation, we investigate such a specification for a system
with six species, i.e., |[N| = 6, where if species 1 or 2 is above a threshold, two other species 3
and 4 increase in concentration, while never exceeding a maximum concentration. In particular, we
consider the STL specification:

¢ . (CL’l Z 0.2A T2 Z 0.3 = (0[0’10] I3 Z 05) A (0[0710“:' Ty Z 09)) A
(.I‘4 > 0.6 — O[O,QO}D r3 < 03)
A (Ozy < 1.5) A (Ozg < 1.5) A (Ozs < 1.5) A (Ozy < 1.5). 9)

The initial state is specified as xo = [0, 0, 0, 0, 1, 1], the propagation signal is a = [0.5, 0.5, 0, 0, 0, 0].

We restrict all, i.e., p, parameters in the interval P = [0.001, 1]” and set the Hill factor to n = 2. The
parameters for the evolutionary algorithm are top population k£ = 5, mutation rate o = 0.7, the ini-
tial population is popg = 15, and we search for 10 generations. For the gradient-based optimization,
we use Adam for gradient descent and set the learning rate to A = 0.04, the convergence threshold
€ = 0.00001, the maximum iterations nmy.x = 80, the weight in the adaptive loss to 3 = 1. For the
parameter initialization, we sample 20 times using Sobol sequences from the parameters space P to
identify the best initial parameters.

6.1. Results

We observe that in 9 of the 10 generations, our genetic algorithm finds at least one system with ro-
bustness above 0.15. Figure 2 shows the gene network with the highest robustness, 0.251, obtained
by the genetic algorithm. The species 5, which starts from a high concentration, activates species 3,
which inhibits species 4. This relates to the second subspecification. To fulfill the first subspecifi-
cation, species 5 regulates species 3 and 4. Thus, the implication does not necessarily lead to a path
between the species for the given initial state and propagation signal.

Since the parameter optimization of Algorithm 1 is repeatedly used for determining the fitness
of a candidate graph, it needs to converge robustly. Thus, we investigate the effectiveness of the
parameter initialization and the differences between loss functions in Table 1. We observe that our
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L, Ls
uniform Sobol uniform Sobol
p(x,0) 0.167 £ 0.087 0.194 £0.093 0.116 & 0.067 0.162 £+ 0.067
Zi pi(X, ¢i) 0.558 £ 0.217 0.643 £0.238 0.628 £0.137 0.719+£0.179

steps to convergence 76.3+5.5 65.4 +19.2 73.4+14.5 73.8 +12.2
steps to satisfaction 16.6 £ 15.4 8.6 £12.6 17.2+£21.6 9.1+15.6

Table 1: Comparison of parameter optimization with different initialization strategies (uniform
sampling from P and pre-optimization with Sobol sequences), and loss functions for the
three best candidate systems. For each system, the optimization is run ten times.

Sobol initialization leads to robustly learning parameters that achieve high satisfaction with the STL
specification and reach STL-satisfying parameters set with fewer gradient steps. While the adaptive
loss does lead to a lower mean robustness, it leads to higher additive robustness of subspecifications.
The steps necessary for reaching the convergence criteria are similar when considering the standard
deviation intervals. Additionally, we observe that with the loss £, it happens that a gradient step
leads to leaving the satisfaction parameter space again, especially for larger learning rates.

7. Discussion

While the numerical example above validates the approach, further studies are needed to test broader
applicability. In particular, the single initial state and noise-free input are a simplification of reality.
The extension to state and input sets could be implemented by sampling a trajectory batch from
input and state sets and applying gradient descent to optimize the ODE parameters on the batch.
Another potential improvement is using advanced ODE solvers suited for stiff ODEs, e.g., Kverno5
(Kverng, 2004), instead of the Euler method. The best network identified in our example does not
have a path between the species on the left side of the implications to the species on the right side
of the implications. If such behavior was intended, it could be forced by constraining the possible
edge set F.

We restricted the used ODEs to Hill equations for activation and inhibition, and degradation
terms. Beyond these three reactions, biological systems commonly include reactions such as se-
questration or logarithmic growth, which could be included as additional edge types in our graph
representation. Still, this would result in an exponential increase of possible graphs, which could
be challenging for the convergence of the genetic algorithm. Gradient-based methods for graph
neural networks (Franceschi et al., 2019; Zheng et al., 2020) could potentially improve scalability,
but they usually require many examples to learn. Additionally, larger networks and more complex
specifications will significantly increase the difficulty of identifying even a single viable model can-
didate. This complexity could be addressed by decomposing the specifications, learning models
for the components, and then learning the connections between components. Similar to the con-
cept in (Ahmadi Daryakenari et al., 2024), the connections between components could be initially
approximated by neural ODEs.

Our approach assumes that an expert translates qualitative information from experiments and
publications into STL specification. While this is possible for many biological systems, a more
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automated translation, e.g., based on large language models, will be necessary to investigate broad
applicability. Additionally, for systems with limited qualitative information, a large set of candidate
networks can comply with the given specifications due to underspecification (as in our example).
When more information becomes available through experiments or expert feedback, the candidates
could be refined so that eventually the real system model is inferred or the model that can be used
for synthesizing a biological system in the lab is identified. Our approach is a flexible framework
that can account for new information by refining the STL specification or by biasing the population
generation with the new knowledge or with previously found candidates. When quantitative data
becomes available, it can be directly incorporated by adding a loss term or using STL inference
methods, such as those presented by Li et al. (2023) or Bombara and Belta (2021) to convert the
quantitative data into refined STL statements.

8. Conclusion

We proposed a learning approach for biomolecular models from STL specifications of system be-
havior, which is suitable for inference and synthesis. We introduced a graph representation that is
mapped to biologically-grounded ODEs so that our genetic algorithm can simultaneously optimize
the topology of the graph and the parameters of the ODEs. We addressed the challenge of robust
parameter initialization and choice of appropriate loss functions. On a numerical example, we ob-
served that our approach identifies multiple system candidates that satisfy the specification. Thus,
validating that our approach achieves learning of biomolecular models from STL specifications,
which describe qualitative observations.
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