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Developmental patterning comprises processes that range from purely instructed, where external signals spec-
ify cell fates, to fully self-organized, where spatial patterns emerge autonomously through cellular interactions.
We propose that both extremes—as well as the continuum of intermediate cases—can be conceptualized as
information-processing systems, whose operation can be described using “Marr’s three levels of analysis”: the
computational problem being solved, the algorithms employed, and their molecular implementation. At the
first level, we argue that normative theories, such as information-theoretic optimization principles, provide a
formalization of the computational problem. At the second level, we show how simplified information-processing
architectures provide a framework for developmental algorithms, which are formalized mathematically using
dynamical systems theory. At the third level, the implementation of developmental algorithms is described by
mechanistic biophysical and gene regulatory network models.
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I. INTRODUCTION

Development from early embryogenesis to organogene-
sis relies on the establishment of spatial patterns of distinct
cell fates. These fates are induced by extracellular signaling
factors, contact interactions, or mechanical cues that trigger
intracellular cascades controlling gene expression dynam-
ics [1,2]. During early development, patterns formed by such
extra- and intracellular processes are typically classified into
two broad categories [3]. In the first category, initial sym-
metry breaking is instructed by external input signals. This
paradigm is observed across diverse animal classes—from
worms and insects to amphibians—exemplified by the early
Drosophila embryo, where maternally produced morphogen
gradients break initial symmetry and drive reproducible de-
velopmental outcomes through precise signal establishment
and readout [4]. In the second category, symmetry breaking
and subsequent patterning occurs autonomously through self-
organization, proceeding in the complete absence of external
spatial inputs. For instance, early mammalian embryos exem-
plify this paradigm: cells appear indistinguishable until the
eight-cell stage, after which self-organized polarity establish-
ment spontaneously occurs [5], possibly by amplification of
small preexisting random inhomogeneities [6].
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While instructed versus self-organized paradigms provide
useful conceptual anchors, they are insufficient to capture
the full richness of developmental processes. Most combine
both paradigms. For example, the fly embryo initially patterns
through maternal inputs but later exhibits self-organization
guided by these initial inputs. Conversely, self-organized
processes may incorporate modules where autonomously gen-
erated patterns provide inputs to subsequent instructed layers.
Multiple layers of the developmental cascade may serve to
refine or complexify the previous layer’s pattern, or to make
the system increasingly robust or invariant under system-size
changes [7]. Whereas current approaches typically focus on a
single layer that implements one of the prototypical patterning
paradigms, we wish to conceptualize a richer, hierarchically
organized space of continuous patterning processes that com-
bine and layer to orchestrate development.

Yet how can we hope to navigate the space of such com-
plexity? The ultimate results of development are diverse and
adapted to specific external constraints, such as the devel-
opment of paws, claws, wings, or fins, depending on the
ecological niche occupied by an animal. In many animal sys-
tems, development generates patterns that are reproducible
across embryos, and this reproducibility is essential for a
functioning body plan. Yet not all multicellular systems re-
quire such strict reproducibility: organisms such as slime
molds adapt their form to the environmental factors like food
availability [8,9]; plants and algae adjust their architecture
to wind, currents, or illumination [10]. Even within animal
development, structures like vascular networks or the canon-
ical cortical circuits [11] may only need to be specified and
reproducible in a statistical sense, rather than at the level of
precise spatial registration of each and every component and
connection. Nonetheless, even in these cases, the developmen-
tal process must reliably produce such functional outcomes.
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This precision is surprising given the inevitable presence of
stochastic fluctuations at the cellular and subcellular scale,
at which cell fate decisions are ultimately made: individual
cells must “measure” extracellular input signals over time and
make fate decisions based on these inputs. Due to inevitable
biophysical constraints, such as the thermal or counting noise
in molecule numbers, the signals received by single cells are
subject to stochastic fluctuations, which limit the precision of
cell fate decisions [12,13]. Consequently, for spatially precise
cell fate patterns to emerge, input signals must carry sufficient
information, and individual cells must employ effective strate-
gies to extract and process this information.

Many theoretical approaches have investigated the prin-
ciples of cell-cell communication and cellular signal inter-
pretation in the context of developmental patterning. These
range from theories framed as optimization principles of in-
formation transmission through regulatory networks [14,15],
and information-theoretic measures of positional informa-
tion [16,17] or self-organization [18], to dynamical systems
models of fate decisions [19], as well as corresponding
mechanistic frameworks such as reaction-diffusion and gene
regulatory network models [20]. We propose that these ap-
proaches can be viewed as distinct yet complementary, by
appealing to a perspective with a venerable history in neu-
roscience. Originally proposed by David Marr and Tomaso
Poggio [21,22], any information-processing system can be
analyzed at three levels, now often referred to as ‘“Marr’s
three levels”: (1) the computational problem to be solved,
(2) the algorithm employed, and (3) its implementation in
the physical hardware available to the system. Here we argue
that optimization principles, which can be stated in terms
of information-theoretic objectives, formalize the first level
of description, i.e., the computational problem to be solved
during development. We then examine how known patterning
processes implement various algorithms for signal trans-
formations, and how these algorithms can be productively
analyzed by appealing to hierarchically stacked layers imple-
menting information processing. We conceptualize how these
transformations could underlie the spectrum of developmental
processes from instructed to self-organized patterning and
discuss how dynamical systems theory provides a unifying
framework that formalizes these algorithmic transformations.
Finally, we examine how the computational and algorithmic
levels can guide us in analyzing and interpreting mechanistic
models of developmental patterning.

II. MARR’S FIRST LEVEL: NORMATIVE THEORIES
FOR DEVELOPMENT

The first level of Marr’s analysis comprises a computa-
tional theory of a system by identifying what the system
should compute and why. In the developmental context, this
goal-oriented approach was pioneered early on: Wolpert’s
original article on the French Flag did not propose a specific
“model,” but rather posed the problem of tissue patterning,
to which multiple potential solutions were presented [23,24].
At Marr’s first level, developmental problems are encapsu-
lated by mathematical objective functions, sometimes also
known as utility functions. Finding the best solutions to the
considered developmental problem then corresponds to the
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FIG. 1. Illustration of Marr’s three levels for developmental
biology. (a) The computational problem can be defined using opti-
mization principles such as maximizing information content, which
drives patterns to high patterning entropy and high reproducibility
states [18]. (b) The algorithmic level is formalized by dynamical
systems theory modeling single and collective cellular states as val-
leys in a landscape [19]. (c) The algorithms are implemented by
molecular mechanisms and gene regulatory networks.

optimization of these functions! [Fig. 1(a)]. In contrast to

statistical and mechanistic models derived from experimen-
tal data or known underlying mechanisms, the normative
approach starts by formulating a biologically motivated hy-
pothesis that the system of interest likely evolved to perform
a certain function. This description is subsequently made
mathematically precise by writing a corresponding objective
function to be optimized. The focus of normative approaches
thus remains firmly and constantly fixated on biological
function: this focus—as opposed to the symmetries and con-
servation laws governing our theories of inanimate matter—is
our guide to navigating biological complexity.

The normative approach does not assert that evolution
has, in fact, driven developmental systems to their peak

'Interestingly, this approach to biological systems shares many
similarities with an influential approach to traditional subfields of
physics, which also (re)state many of their fundamental laws as
extremization or “least-action” principles.
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TABLE I. Overview of theoretical approaches to developmental biology organized using Marr’s three levels of analysis.

Type of
Marr’s levels description Examples
Marr’s level I: normative maximizing information [18,25] optimal control of temporal
computational theories inputs [26]
problem
optimal Bayesian decisions [27] morphogenetic action
principle [28]
Marr’s level II: algorithmic thresholding [29] spatial averaging [32]
algorithm building blocks temporal integration, filtering, adaptation [30,31] lateral inhibition [33]
algorithmic French Flag Model [23] Clock-and-Wavefront
models Model [34]
Geometric Dynamical Systems Methodology [19]
Marr’s level III: mechanistic network motifs [35] transcription factor activation Delta-Notch signaling [36]
implementation building blocks
mechanistic reaction-diffusion mechano-chemical gene regulatory network
models models [20] models [37] models [38]

performance. Whether or not this occurred remains a sep-
arate empirical question, to be tackled on a case-by-case
basis through collaborative experimental and theoretical work.
A normative theory does, however, provide a mathemati-
cally precise hypothesis about how biological systems should
perform under fundamental physical and known biological
constraints [39]. These quantitative hypotheses can be tested
against experimental data directly, with significantly more
(much needed!) nuance? as well as with statistical rigor, if de-
sired [40,41]. The conceptual distinction—between asserting
a priori that evolution must have delivered a single optimal
solution vs deriving the optimal solution and treating the
derivation as a quantitative prediction to be tested—is abso-
lutely essential.

Normative theory predictions that are quantitatively con-
firmed suggest that natural selection may have indeed pushed
a biological system against fundamental physical limits. Sub-
stantial evidence for such optimization has accumulated in
early vision [42], organization of early sensory process-
ing [43], some biochemical signaling networks [14], and early
development [25]. Yet even when strict optimality for a sin-
gle objective function is not achieved—which is often the
case—or we are dealing with a hypothesized multiobjective
evolutionary optimization [44], the comparison between op-
timal and evolved solutions can reveal shared organizational
principles that can rationalize why particular biological so-
lutions emerged from the evolutionary process [45,46]. The
normative frameworks we present (Table I) should therefore
be viewed as providing precise, quantitative tools for under-
standing developmental design principles, rather than making
sweeping claims about evolutionary history and adaptation.

%For instance, the classic dichotomy of “Did evolution push the
system towards a theoretical optimum or not?” is too narrow, po-
larizing, and an often unproductive way to think about evolutionary
adaptation; being able to formulate the question as “Is there empirical
evidence that a particular function has been optimized by evolution?”
seems much more worthwhile.

Since all developmental systems start from a single fertil-
ized cell, a central computational problem to be solved during
development is to transform an aggregate of initially identical
cells into a patterned array of distinct cell types in a manner
that is minimally variable across an ensemble of embryos,
despite stochastic fluctuations at all layers and across spatial
scales. In early development, such reproducibility of nontriv-
ial cell fate patterns at the cellular scale determines the emer-
gence of a defined “body plan” at the collective level—the
evolutionarily selected for biological function of any mul-
ticellular developmental system. Therefore, to navigate the
complex space of developmental processes, reproducibility in
the presence of noise and environmental fluctuations needs to
take center stage. The required language for that is statistical
from the outset: we must think in terms of full probability dis-
tributions describing outcomes of a patterning process at the
level of an ensemble of embryos, rather than a single individ-
ual or a simple mean over the ensemble. A normative theory
applicable across diverse developmental systems would there-
fore score such reproducibility of the resulting “body plans”
highly. Information-theoretic language is perfectly suited for
the purpose: for instance, the spatial precision of a cell fate
pattern is identified by its positional information: the mutual
information, in bits, between gene expression (or other cell
fate markers) and cell position [16]. This function can be used
to estimate the information content of morphogen gradients,
revealing constraints under which cells make decisions [17].
In the context of normative theories, it can be used as an ob-
jective function for optimization of algorithmic or biophysical
models [25,47-49], which we will discuss below.

Positional information captures reproducibility of an en-
semble of patterns registered to the same coordinate frame, in
which the cells must reliably acquire fates according to their
spatial location. However, there exists an important family of
developmental systems where reproducibility is not required
on an absolute positional level, but rather in a statistical
sense. Every generated pattern could be different, yet they
all share the same spatial correlation structure. In such sys-
tems, biological function is tied to achieving correct statistical
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properties, which we term correlational information [18].
Prominent examples include branching and transport net-
works such as vasculature or tracheal systems: while major
vessels are reproducible across individuals and bear dedicated
anatomical names, the fine branching structure is specified
only statistically, following the characteristic branching ratios
and coverage densities rather than precise spatial coordinates
of each minor vessel [50]. Similarly, neural connectivity in
the vertebrate cortex exhibits well-defined laminar organiza-
tion and reproducible large-scale connectivity, yet detailed
wiring at the level of individual synapses follows statisti-
cal rules rather than a deterministic map. This distinction
parallels the difference between “visual images” and “vi-
sual textures” in neuroscience: for images, precise spatial
structure matters, while for textures, only statistical proper-
ties are relevant [51]. The dichotomy between positional and
correlational patterning furthermore allows the description
of systems which undergo spontaneous symmetry breaking
and self-organization, which can be optimized by maximiz-
ing the total self-organized information—defined as the sum
of positional and correlational information [18] [Fig. 1(a)].
Thus, information-theoretic frameworks naturally accommo-
date both types of order and optimizing for correct statistics
rather than precise patterns remains a well-posed normative
problem at Marr’s first level.

While these information-theoretic quantities determine
how much information is accessible to cells in principle, op-
timal Bayesian decision making has been used to optimize
cellular strategies in inference problems, for instance in po-
sitional decoding [27,52], axon growth [53], and intracellular
decision making more generally [54-56]. In addition to pre-
cision and reproducibility, the speed and metabolic costs of
patterning have been formulated as objectives in an optimal
control theory approach for the temporal dynamics of input
signals driving cell fate decisions [26]. Another approach
used specific pattern features as an objective in evolutionary
simulations, such as the number of segment boundaries [57] or
the shape of a target pattern [58]. Beyond cell fate patterning,
normative approaches have also been proposed for morpho-
genesis, for instance, in the formation of flow networks using
flux optimization [59] or in three-dimensional tissue growth
using action-like principles [28]. An exciting perspective for
future work is to bridge the gap between pattern formation and
morphogenesis, by merging them into a common normative
framework.

III. MARR’S SECOND LEVEL: DEVELOPMENTAL
ALGORITHMS FORM AN INFORMATION-
PROCESSING HIERARCHY

Once the “goal” of the developmental system is formulated
as an optimization problem on Marr’s first level, one can look
for algorithms that realize this goal or, more precisely, ap-
proach optimal solutions of the normative theory. This brings
us to Marr’s second level [Fig. 1(b)].

Here we find it useful to distinguish between two cate-
gories of algorithms (Table I). On the one hand, we can con-
sider basic operations or “algorithmic building blocks” that re-
cur in various developmental settings (or, even more broadly,
across cellular systems). Examples include thresholding

operations via sharp nonlinearities [29]; gain amplifica-
tion (ultrasensitivity) [60]; linear or nonlinear summation of
signals; positive and negative feedback loops [38]; tempo-
ral integration [30], filtering, and adaptation [31]; as well
as operations relying on spatial coupling including spatial
averaging [32], lateral inhibition [33], and coupled oscil-
lations [61]. On the other hand, we can consider fully
fledged algorithmic models that solve a defined developmen-
tal problem and often utilize multiple algorithmic building
blocks, while still describing the system without any direct
reference to a particular mechanistic implementation. This
category includes classic examples such as the French Flag
Model [23], Waddington’s Landscape [62], the Clock-and-
Wavefront Model [34], as well as more recent Geometric
Dynamical Systems Methodology [19].

The algorithmic level can be analyzed by decomposing
each developmental process into an information-processing
architecture that represents the tissue [Fig. 2(a)]. Specifi-
cally, we consider a set of discrete elements representing
cells which may interact with one another, may be subject
to externally provided (and potentially time-varying) inputs,
and generate downstream outputs [Fig. 2(b)] [49].3 These
information-processing architectures can be represented as a
layered graph, in which the N columns represent single cells,
and rows represent successive layers of processing. The first
layer represents external inputs c;(¢) received by each cell
i=1,...,N asafunction of time ¢. The inputs are processed
to generate outputs g;(¢) in the second layer. This description
readily generalizes to multidimensional signals, represented
as input and output vectors {cga)(t)} and {giﬁ )(t)}, with greek
letters indexing over vector components. At the algorithmic
level, these components might—but need not—correspond
to individual chemical species at the mechanistic level. For
example, the first input layer could be (one or multiple) ex-
tracellular diffusible ligands, which regulate the expression of
(one or multiple) downstream output genes.

How does the information-processing architecture, repre-
sented as a layered graph, relate to algorithms? Much like
“block diagrams” that are essential to systems design in hard-
ware, software, control, and process engineering, our layered
graph partitions the developmental system by constraining
which signals can interact and which cannot, with arrows
corresponding to various algorithmic operations, as enumer-
ated above, that act on the signals. We emphasize that our
architectures differ from past uses of network diagrams in
systems and developmental biology, which typically repre-
sented intracellular gene regulatory networks, with blocks
and arrows representing individual genes and their inter-
actions [35,38,63]. In contrast, the architectures explicitly
reference space (columns), and assume a timescale separation
that allows the decomposition of the developmental trajectory
into subprocesses with inputs and outputs, i.e., they directly
reference time—albeit in a coarse-grained fashion (rows).
Within each layer, multiple species may locally interact

3For simplicity, we assume here a fixed number and spatial arrange-
ment of cells. A major step forward in terms of normative theories
and algorithms are extensions that simultaneously consider pattern-
ing along with cell proliferation, death, and spatial rearrangements.
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FIG. 2. Developmental information-processing architectures. (a) Schematic of developmental stages over time, from single fertilized cell
to a fully develped organism. (b) A particular developmental process with fixed number of cells N is represented as a two-layer system with
inputs ¢{(¢) and outputs g’? (1), with cell index i, various signals are denoted by indices «, 8, and time by 7. (c)—(e) Schematics of two-layer
systems exhibiting three types of control. Special cases of such systems are feedback from outputs to inputs (f), skip-layer interactions (g), and

boundary-driven systems (h).

[e.g., within a node of the graph, Fig. 2(b)], as realized mech-
anistically by chemical reaction or gene regulatory networks.
Importantly, the classification of any signal as either input
(c) or output (g) is inherently contextual rather than absolute.
For example, during the early patterning of the fly embryo,
we could identify the input signal ¢ with maternal gradients
spanning the anterior-posterior axis, which drive the output
g, the expression of central gap genes. However, in the sub-
sequent layer of patterning, these same gap genes could be
considered as inputs (¢) controlling the expression of output
pair-rule genes (g).

It is instructive to start by considering simple architectures.
Among two-layer systems with local instruction we distin-
guish three types of control over output signals. The first
is local instruction in which each input c¢;(¢) is processed
solely within cell i, meaning that the corresponding output
gi(t) is a function of only c;(¢) [Fig. 2(c)] [64]. Such scalar-
to-scalar signal transformations can already realize powerful

algorithmic operations: g;(¢) can temporally process c;(¢) by
taking its average, compute its temporal derivative, perform
frequency filtering more generally [65], or even detect or
discriminate between temporal features in the input. Alter-
natively, g; could be a discrete marker gene that needs to be
turned ON or OFF at a “readout time” T, depending on the
entire temporal history of ¢;(t) for¢t < T [14].

The second type of control occurs via multidimensional yet
still local operations within each cell: intracellular responses
to external signals can be the result of complex local com-
putations due to gene regulatory networks whose interactions
can give rise to new phenomenology [Fig. 2(d)] [66,67]. In
contrast to scalar-to-scalar transformations characteristic for
the first type of control, here the inputs drive multidimensional
dynamical systems that can implement, for instance, attractor
landscapes, multistability [19], or limit cycle oscillations. This
opens up a much wider and, importantly, controllable rich-
ness of possible output behaviors, with the inputs plausibly
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regulating the bifurcations and operating regimes of dynami-
cal systems running within individual cells [68].

The third type of control permits nonlocal (spatial) inter-
actions between the cells which are now allowed to exchange
information [Fig. 2(e)] [69]. We focus on interactions at the
level of outputs gffs )(t), since these interactions can exist even
when there are no inputs, such as in self-organized develop-
ment.* This architecture corresponds to a processing system
with “lateral” interactions: these can still be strictly feed-
forward (depending on the interaction topology) or recurrent,
but they do not feed back onto the inputs. Such interac-
tions can be either short-ranged (e.g., direct nearest-neighbor
interactions) or long-ranged (e.g., paracrine or via secre-
tion of diffusible ligands). These interactions couple what
would otherwise be independent dynamical systems running
in individual cells into a collective dynamical system, whose
attractors—now defined at a tissue, not cellular, level—may
lead to the establishment of spatial structure and reproducibil-
ity beyond the information that has been encoded in the input
alone [18,70].

This decomposition into layers can provide a good approx-
imation to a given developmental system for multiple reasons.
One could empirically verify the timescale separation between
different layers in the system of interest, or confirm that
developmental processes follow a strict temporal sequence;
or establish that the information flow is predominantly feed-
forward across developmental layers. Within this framework,
multiple special cases may arise. First, inputs provided by the
upstream developmental subprocesses may trigger feedback
interactions from the downstream outputs back onto the inputs
[Fig. 2(f)]. For example, in activator-inhibitor systems such as
Nodal-Lefty in zebrafish, Nodal is first produced, then acti-
vates Lefty, which in turn inhibits Nodal [71]. Second, when
hierarchically stacking layers, the outputs of each layer may
drive inputs to subsequent layers so as to allow “skip-layer”
interactions [Fig. 2(g)]. For example, in the fly embryo, en-
hancers for the pair-rule even-skipped gene also harbor bicoid
binding sites, implying that some information might feed into
the pair-rule pattern directly from maternal morphogens, skip-
ping the gap gene layer [72]. Importantly, while both of these
cases have much in common with the second type of control
through local computations [Fig. 2(d)], they may differ in
phenomenology depending on the context; for instance, if the
different interactions operate on different timescales. Finally,
a special case of nonlocal interactions are boundary-driven
systems: here input is provided only at the system bound-
aries, thereby guiding internal interactions to self-organize the
cells into a reproducible pattern. For example, 2D gastruloids
follow this boundary-instructed route implemented by BMP
signaling [73]. Taken together, information-processing archi-
tectures, the simplest of which we highlighted here, provide
an organizing scheme for signal-processing operations imple-
mented by various algorithmic building blocks (Fig. 1) and
may also provide a broader framework for the analysis of
algorithmic models.

“Inputs that interact before being processed by the cells clearly
shape what individual cells in the tissue would perceive, but this can
be captured by the statistical structure (correlations) in the input.

One of the most promising research directions at the level
of algorithmic models is the recent work on the Gene-Free
or Geometric Methodology for cell fate decisions [19,74]
[Fig. 1(b)]. This methodology offers a broadly applicable
mathematical framework that can implement various ar-
chitectures discussed above, by representing developmental
processes as flows through landscapes of attractors reshaped
by bifurcations. It offers an elegant connection to an estab-
lished and wide body of biology literature, by mathematically
formalizing Waddington’s original metaphor. The resulting
dynamics describe developmental decisions by Morse-Smale
systems which admit potential functions decreasing along
trajectories, with critical points corresponding to cellular de-
cision states [19]. Crucially, such systems can be represented,
without loss of generality, by minimal parametrizations that
focus on the essential geometric features—saddle points, un-
stable manifolds, and bifurcation structures—rather than by
tracking individual molecular species. The combination of
mathematical rigor and theoretical guarantees [19] with the
simplicity that can be related to population [33] or single-
cell data [75-79], makes this a very powerful and promising
avenue of research.

How should we think about these approaches in the light
of Marr’s levels of analysis? One suggestion would be to
view the information-theoretic formulation at Marr’s first
level as defining an optimization over dynamical systems
landscapes of the Geometric Methodology so as to achieve re-
producible body plans in face of internal and external sources
of stochasticity. The Geometric Methodology at Marr’s sec-
ond level further suggests that while the molecular details may
vary dramatically across species and contexts (Marr’s third
level), the fundamental algorithms underlying developmental
information processing could exhibit convergent dynamical
structures characterized by particular arrangements of attrac-
tors, saddles, and their connecting manifolds [80,81]. It also
informs us about the relevant collective dynamical variables
and control parameters shaping the geometric landscape, thus
providing a clear guide to the molecular and mechanistic
complexity that we discuss next.

IV. MARR’S THIRD LEVEL: MECHANISTIC
IMPLEMENTATION OF DEVELOPMENTAL
ALGORITHMS

The developmental algorithms described in the previous
section are implemented at the molecular and cellular scale
through biochemical and biophysical mechanisms [Fig. 1(c)].

We again propose to partition these mechanisms into two
categories (Table I). On the one hand, we can study individ-
ual mechanistic building blocks that have been evolutionarily
reused across systems, such as network motifs, transcription
factor activation and translocation mechanisms, controlled
degradation, and chemoreception mechanisms along with re-
ceptor internalization and adaptation, as well as cell-cell
communication systems, such as the Delta-Notch pathway.
On the other hand, we can construct full-scale mecha-
nistic models that combine multiple such building blocks,
such as reaction-diffusion [20], mechanical [82], mechano-
chemical [37,83], and gene regulatory network models [38].
These are mathematically specified with sets of ordinary
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differential equations for chemical reaction systems or par-
tial differential equations for spatial (diffusion) processes;
stochastic differential equations, stochastic simulations of
chemical reactions systems, or agent-based simulations can
be used where intrinsic stochasticity is important. Mechanis-
tic models are typically instantiated and fitted to particular
biological processes, for example, for the early biochemical
patterning in the fruit fly [25,84], zebrafish gastrula [71,85],
or vertebrate systems [86—88]; for mechanical morphogene-
sis [89,90]; as well as in self-organization of various organoid
systems [91-93]. This modeling approach has the bene-
fit of connecting most directly to experiments, especially
if the model is able to predict the outcomes of novel in-
terventions (genetic perturbations, acute or pharmacological
perturbations, changed external conditions, etc.). As such, its
value—more so than its pitfalls vis-a-vis top-down models—
has been recognized by the biological community and widely
reviewed; we therefore restrict our comments here only on
how such models interact within our broader perspective.

We argue that especially for mechanistically detailed mod-
els, typically very complex as they are constructed bottom up
from a long list of known necessary biological components
and mechanisms, the algorithmic and normative perspectives
provide a powerful guide and an interpretative framework.
For example, they allow us to reason about how the three
algorithmic levels of control [Figs. 2(c)-2(e)] can be realized
in molecular hardware. The first type of control can be imple-
mented through transduction of an extracellular input signal ¢
via chemoreception into a cell-intrinsic representation, such as
phosphorylation of a transducer molecule that drives gene ex-
pression g. The second type of control can be implemented by
multiple such transducers engaging in intracellular crosstalk
to preprocess the signals, or through the interactions of mul-
tiple cross-regulating genes downstream of the single signal
transduction pathway. For example, receptor-ligand promis-
cuity in the BMP pathway allows cells to perform complex
computations on combinations of different BMP ligands [94].
At the gene level, the interpretation of Sonic Hedgehog
dynamics by the downstream transcriptional network of mu-
tually cross-repressing transcription factors Olig2, Pax6, and
Nkx2.2 in neural tube patterning exemplifies this type of con-
trol [95]. Spatial couplings in the third type of control could
be implemented, for instance, through para- and juxtacrine
signaling, or mechanical interactions between cells. Classical
examples are juxtacrine signaling through the Delta-Notch
pathway which can establish long-range order through local
interactions [36], diffusive morphogens and their inhibitors
which implement Turing patterning of hair follicles [86,96],
as well as mechanical interactions that link to cell fate through
mechanotransduction [2].

Taken together, we argue that to build an overarching
theory of embryonic development, we must merge these
mechanistic approaches with the second and first of Marr’s
levels. By defining the computational problem, we can iden-
tify optimal algorithms, and subsequently determine how
known mechanisms may implement these optimal algorithms
in specific systems. In the next section, we explore how
two limiting cases of these architectures at Marr’s second
level provide conceptual foundations for instructed versus
self-organized development, and how these two architectures

solve their corresponding normative problems at Marr’s first
level.

V. INSTRUCTED AND SELF-ORGANIZED
DEVELOPMENT

To illustrate how our framework applies to biological
pattern formation, we focus on the two limiting cases of in-
structed and self-organized patterning, viewed across Marr’s
three levels of analysis (Fig. 3).

Instructed development. Algorithmic architectures where
cells receive external input signals c(x, ¢) that depend on posi-
tion x and time ¢ can be understood as formalizing the extreme
limit of purely instructed patterning. Here the processing of
the input signals occurs locally and independently in each cell,
without any lateral coupling or cell-cell coordination, thus
corresponding to the first two types of control at the algorith-
mic level [Fig. 3(b)]. At Marr’s first level, the computational
problem corresponding to pure instructed development is to
maximize information transmission from input signals to out-
put states, construed as expression levels or, ultimately, cell
fates [Fig. 3(a)] [64,66,67]. In principle, this implies that the
spatial precision of the output states g(x, t = T') (at some final
“readout time” T'), quantified as the positional information
I(g, x), is constrained by the positional information of the spa-
tially structured input (e.g., a set of morphogenetic gradients),
I(c, x), or the information transmission from inputs to outputs
via the chemical reaction network operating within each cell,
i.e., the mutual information I(c, g), via one of the funda-
mental theorems of information theory, the Data-Processing
Inequality [97]. Care needs to be taken in the interpretation
of this inequality: since g can typically temporally pro-
cess the inputs c—via averaging, nonlinear transformations,
thresholding etc., as implemented on Marr’s third level by
signaling cascades, posttranslational modification, molecule
translocation and so on—the mutual information terms 7
need to be defined over full signal time trajectories, i.e., ¢ =
{c(0),...,c(),...,c(T)}. Data-processing inequality (DPI)
then asserts that 7(g;x) < I(c;x) and I(g;x) < I1(g; ¢), where
g and ¢ are understood as full temporal trajectories of input
and output signals, respectively (not instantaneous values!).
The corresponding normative theory at Marr’s first level then
optimizes either the information transmission 7(g; ¢) if c(x, t)
is given and held fixed by experimental measurements, or
the full “positional information” I(g;x) directly, if the the
morphogen gradient itself can also be considered to be an
optimization target, with constraints on its noise and/or repro-
ducibility. In either case, this approach quantitatively captures
the essence of the classical positional information concept:
cells can only infer their spatial positions from local mor-
phogen measurements.

Self-organized development. In pure self-organization,
there are no meaningful, spatially structured external inputs
c(x, t). Instead, patterns emerge through spatial coupling be-
tween cells, thus corresponding to the third type of control
at the algorithmic level [Fig. 3(b)]. At Marr’s first level, the
computational problem can therefore no longer be defined as
maximizing the mutual information between the input and
output signals, as in instructed development. Instead, a pos-
sible objective of the system is to turn unstructured noisy

017001-7



DAVID B. BRUCKNER AND GASPER TKACIK

PRX LIFE 4, 017001 (2026)

Instructed development

maximize information transmission
1(c,8)

| input signal c(x, 1) Mchannel'-" output pattern g(x, 1) |

(a) Marr’s level I:
computational
problem

()
(b) Marr’s level II: t t I I ? l l
algorithm
[ |

(c) Marr’s level III:
implementation

purely local readout
mechanisms

R A
AR

combined instruction
and communication mechanisms

Mixed scenarios Self-organized development

maximize self-organized information

? U(g)

° .
noise

| interacting network |—P| output pattern g(x, 1)

o o, ol

spatial communication
mechanisms

|
QIR R

FIG. 3. Analyzing instructed and self-organized development across Marr’s three levels. (a) While instructed development can be
formalized as an information transmission problem, the problem of self-organized development can be represented as transforming noise
into an output pattern that maximizes self-organized information. Mixed scenarios have not yet been formalized at an information-theoretic
level. (b) The algorithmic architectures can be arranged along the axis from instructed to self-organized cases along decreasing importance of
the input and increasing importance of spatial communication. (c) These architectures are implemented by mechanisms that are purely local in
instructed scenarios, but allow spatial communication in self-organized scenarios.

inputs into spatially patterned outputs that are as reproducible
as possible [Fig. 3(a)]. Mathematically, this can be formulated
as a utility function U (g) that maximizes the total information
content of the final output pattern g(x,t = T') at some final
time 7, without any reference to the inputs [18]. Such final
state information can be compared to the amount of infor-
mation exchanged laterally between cells, and recent work
demonstrates that these two quantities are not necessarily
maximized simultaneously [98]. This suggests that optimal
strategies at a collective level, determined by optimizing mul-
ticellular objectives, do not necessarily correspond to optimal
behavior of individual cells when considered in isolation. At
Marr’s second level, collective objective functions enable a
broader search through algorithmic rules that spatially couple
cells, such as cellular automata [99], or collective dynam-
ical systems which are defined without direct reference to
underlying mechanisms [19,33]. To enable self-organization,
these algorithms must contain spatial couplings [Fig. 2(e)]
which must ultimately be realized through specific biological
mechanisms at Marr’s third level, for example, as reaction-
diffusion systems [1,20], lateral inhibition signaling [33], or
mechano-chemical circuits [37].

Mixed scenarios. Most systems are probably neither purely
instructed nor self-organized; they likely correspond to mixed
scenarios combining elements of both extreme limits [100].
In this case, all three types of algorithmic control combine
[Fig. 3(b)]. Evolved systems likely make use of external inputs
to break the symmetry while strongly relying on downstream
spatial cell-to-cell couplings. Such hybrid systems can be
conceptualized in two ways. First, spatially coupled instructed
systems receive ambiguous input signals which they spatial
filter and refine so as to increase the information content of
the final pattern. For example, noisy external gradients may
undergo additional algorithmic operations, such as smoothing
through spatial averaging [32], divisive normalization [18],
or sharpening through lateral inhibition [101]. Such nonlocal
coupling mechanisms can enhance pattern precision beyond
what pure information transmission could achieve in a strictly

local setting. Second, instructed self-organizing systems re-
ceive very rough, low-information-content external inputs that
simply bias or “kick” the multistable system towards a partic-
ular attractor, thereby choosing among multiple possible (and
possibly spatially complicated) collective output states. In this
scenario, external signals do not directly specify the final pat-
tern but rather guide the selection of self-organized outcomes.
A key theoretical challenge for the future lies in unifying these
two perspectives: by interpolating how systems transition be-
tween instruction-dominated and self-organization-dominated
regimes, and developing the required mathematics to connect
these limiting cases within a single theoretical framework.

VI. OPEN QUESTIONS

While the theoretical frameworks we have outlined provide
a foundation for the understanding of developmental pattern-
ing, several fundamental questions remain open. They will be
crucial for advancing this field toward a comprehensive theory
of development.

Multilayered systems. While we focused our discussion
on simplified two-layer input-output information-processing
systems, real developmental networks are inherently mul-
tilayered, often featuring complex feedback or skip-layer
connections (Fig. 2). However, many models in develop-
mental biology employ reduced descriptions that focus on
a particular two-layer step of the entire cascade. At Marr’s
first level, this raises the question of how optima of single
steps of the developmental hierarchy are distinct from “end-
to-end” optimization of the whole hierarchy. Such end-to-end
optimization raises the possibility of successive layers being
“matched” to one another’ to optimize the final outcome
in a way that is distinct from level-by-level optimization.
At Marr’s second level, this involves understanding how

3This is perhaps reminiscent of, e.g., impedance matching in elec-
trical engineering, or Kirchoff’s laws in flow networks.
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information flows and transforms across multiple processing
stages, while at the third level, it requires characterizing how
molecular networks can be organized to achieve optimal mul-
tilayer information transmission or processing.

Robustness against natural fluctuations. A crucial chal-
lenge for normative theory at Marr’s first level lies in
identifying the natural space of intrinsic fluctuations, environ-
mental variations, and embryo-to-embryo variability, to which
developmental systems must be robust. For instance, natural
temperature fluctuations may have driven the evolution of
specific regulatory motifs that would not be predicted if we
only considered laboratory-controlled conditions [102,103].
The concept of robustness against fluctuations in particular
external variables is naturally described by the framework of
reproducibility: robustness means reproducibility under the
constraint that the considered external variable is fluctuating
within its natural range. Just as neuroscience has benefited
from distinguishing between laboratory-controlled perturba-
tions and natural sensory statistics [104], normative theories
of development—to be truly predictive—will require a careful
characterization of the ecological and environmental fluctu-
ation patterns that have shaped the evolved developmental
systems.

Morphogenesis, growth, and scaling. The fixed-lattice, one-
dimensional information-processing architectures (Fig. 2)
provide a first approximation for a static tissue, which will
likely break in systems where patterning occurs simultane-
ously with growth, morphogenetic flows, three-dimensional
shape changes, and active cellular motion [37,83,105]. While
models of tissue mechanics have traditionally been formu-
lated with direct reference to molecular mechanisms [83],
recent papers have employed the geometrical approach to
tissue mechanics, providing algorithmic descriptions of me-
chanical couplings and pattern formation at Marr’s second
level. Example work identified negative and positive me-
chanical feedback as “algorithms” responsible for mechanical
stability [106] and self-organized convergent extension [107].
Furthermore, “Dynamic Morphoskeletons” have been pro-
posed as a dynamical systems formulation of morphogenetic
modules, in analogy to the Geometrical Methodology for
cell fate decisions [108,109]. Beyond purely mechanical
models, integrating the cell fate pattern with tissue deforma-
tions introduces additional layers of complexity: information
must be preserved or appropriately transformed as the
physical arrangement of cells changes. For instance, mor-
phogen gradients in growing tissues often exhibit scaling
properties that maintain biological function across differ-
ent developmental stages and organism sizes [110-112]. At
Marr’s first level, this is an example of robustness that
can be thought of reproducibility under the constraint of
natural fluctuations—or indeed directed growth—in embryo
length. An open question is whether optimization under
such constraints would identify new principles of system
size scaling and reproduce known implementations such as
the expander models [110,113]. More broadly, understand-
ing how optimization principles at Marr’s first level extend
to dynamic, growing, mechano-chemical systems and how
this predicts and constrains algorithms and mechanisms at
the second and third level represents a major theoretical
challenge.

Mechanism-function relationships and physical learning.
In some systems, the function directly constrains and shapes
the mechanisms. For instance, in the morphogenesis of flow
distribution networks, such as plant or animal vasculature,
global optima of fluid transport can be achieved by local pos-
itive feedback rules coupled with tissue growth [59]. Similar
global optimization through local feedback has been shown to
regulate multicellular morphogenesis in slime mold network
formation [9,114]. In biophysics, physical local learning has
been theoretically shown to provide a route to control the
rigidity of tissues [115] and cytoskeletal adaptation [116].
These perspectives connect to the broader concept of physical
local learning, in which local and mechanistically realizable
feedback rules (Marr’s third level) directly achieve global
functional optima (Marr’s first level) [117,118]. Mapping
out the connections between local learning, the dynamical
systems theory, and information-theoretic frameworks is an
exciting and timely frontier.

Statistically specified structures and correlational infor-
mation. Many developmental systems generate structures
that are specified statistically rather than by precise spatial
registration, that is, by correlational rather than positional
information [18]. Examples we mentioned so far include
transport networks such as vasculature and tracheal sys-
tems and neural connectivity patterns. Furthermore, physical
tissue architectures, such as epithelial sheets that must
form continuous barriers without holes or bulk materials
that realize desired mechanical properties [119]. For such
systems, it remains an open question whether information-
theoretic frameworks provide the most natural normative
description at Marr’s first level, or whether alternative ob-
jective functions—such as flux optimization for transport
networks [59], mechanical stability for tissue integrity, or
constraint satisfaction for coverage problems—may be more
appropriate. There also exists a tantalizing possibility that
both can be combined via rate-distortion theory, where one
tries to achieve the desired target property with minimal
number of bits of correlational information that need to be
specified [14]. In any case, even when information is not
the sole relevant abstraction, analyzing these systems through
Marr’s three levels remains productive: one can still ask what
the system is optimizing (Level I), what algorithms achieve
this objective through local rules and feedback (Level II),
and how these algorithms are implemented molecularly and
mechanically (Level III). Developing normative theories for
statistically specified developmental structures and their rela-
tionship to information-theoretic quantities thus represents an
important frontier for extending the approach outlined in this
article.

Algorithmic origins of pattern information. While the
bounds on information transmission in instructed develop-
ment are increasingly well understood, we lack predictive
theories for how much information can be generated by
dynamical rules during self-organization. In principle, any
self-organizing patterning system is fully specified by three
components: the initial conditions, the boundary conditions,
and the underlying dynamical rules, i.e., the algorithms de-
termining the nonlocal interactions at Marr’s second level.
Since pure self-organization operates under the rigorous con-
straint that initial conditions are spatially unpatterned and thus
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contain no information, the final information is established
through amplification and organization of random fluctua-
tions into coherent spatial structures, effectively converting
microscopic randomness into macroscopic patterns. The fi-
nal information content therefore arises from the algorithmic
information encoded in the underlying dynamical rules and
the geometric constraints imposed by boundary conditions. At
the molecular level, these rules and parameters are realized
by the sequence and structure of the molecular components,
and ultimately encoded in the DNA sequence [120]. For in-
stance, the diffusion coefficient and biochemical interactions
of a protein are context-dependent functions of molecular pa-
rameters such as the protein’s physical size, its sequence, and
molecular structure. The emergent algorithmic rules are there-
fore encoded in such “molecular information.” This highlights
how understanding a given system across Marr’s levels may
require considering diverse spatial and temporal scales [121].
Resolving how genetic and molecular information determine
algorithmic information across scales, and how algorithmic
information combines with information encoded in initial and
boundary conditions to set the information content of the final

output pattern, would therefore tie together concepts across all
three of Marr’s levels. This represents a crucial challenge for
future research.
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