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Abstract—Evolutionary algorithms (EAs) have shown trans-
formative potential in automating design processes that adapt to
complex, dynamic constraints. This report analyzes two state-of-
the-art applications of Genetic Algorithms (GAs): the design of
reconfigurable organisms using a computational pipeline [1] and
the evolution of X-band antennas for NASA’s Space Technology
5 mission [2]. Both papers leverage GAs to solve complex
engineering problems but differ in their domains (biological
vs. electromechanical) and design constraints. We summarize
their methodologies, highlight key advances, and contrast them
with foundational GA concepts from lectures, such as fitness
functions, representation, and robustness. The report concludes
with insights into the versatility of GAs across disciplines.

I. INTRODUCTION

Genetic Algorithms (GAs) are a cornerstone of evolution-
ary computation, enabling automated design optimization in
diverse fields. They are a class of stochastic optimization
techniques inspired by natural selection. Unlike traditional
local search methods, GAs combine multiple candidate so-
lutions (individuals) and use operations like crossover and
mutation to evolve new generations. Their flexibility makes
them suitable for solving problems where the design space
is vast, nonlinear, or poorly understood. This report examines
two cutting-edge applications: (1) Kriegman et al.’s pipeline
for designing reconfigurable organisms [1] and (2) Lohn
et al’s evolution of X-band antennas for NASA [2]. Both
studies use GAs to bridge simulation and physical realization
but address vastly different challenges—biological organism
design and aerospace engineering, respectively. We compare
their approaches to representation, fitness evaluation, and
robustness, contextualizing them within lecture topics like
selection pressure and multi-objective optimization.

II. PAPER SUMMARY - KRIEGMAN ET AL.:
RECONFIGURABLE ORGANISMS

A. Pipeline Overview

Kriegman et al. present a scalable pipeline to design func-
tional living machines from frog cells (Xenopus laevis) using
GAs. Key contributions include:

« Evolutionary Design: A GA optimizes 3D cell aggre-
gates (passive/contractile voxels) in simulation for behav-
iors like locomotion (Fig. 5), object manipulation (Fig. 3).
Fitness is based on performance (e.g., displacement) and
robustness to noise.

« Biological Realization: Top-performing designs are
physically realized via microsurgery (Fig. 1) to shape

tissues and Xenopus laevis stem cell aggregation, demon-
strating successful behavior transfer, cardiomyocytes
were used for actuation (Fig. 5).

« Filters: Robustness, buildability, and transferability filters
ensured viable and manufacturable designs.

o Adaptability: The pipeline iteratively refines designs
using constraints from physical experiments, improving
simulation-to-reality fidelity (Fig. 3).

A B

ARTIFICIAL RAY

¢
e mnin® [
3D elastomer '\ | /7
- -
S — - %5 forward
\aylzvz sequential .= ; - i~ V\Rr‘opulsmn
> s e Musecowon (PP UMERNN)
5 o R N N 4
£ layer 3: .~ undulatory gait ¥
B interstitial X =
@ elastomer maneuvering
> 0.\ ® weak
IR Y R Y Q
% muscle o h. L .
S LAN¢ ° @ @stong

Fig. 1: Al-designed blueprint (left) and biologically con-
structed Xenobot (right). Adapted from [9].

B. Fitness and Behaviors

The fitness function in the Xenobot pipeline was designed to
encourage task-specific behaviors such as locomotion (Fig. 5),
object manipulation, and coordinated movement. For locomo-
tion, fitness was primarily measured by the net displacement
of the organism over a fixed simulation period (Fig. 5). Or-
ganisms that achieved greater displacement while maintaining
morphological stability and resistance to perturbations were
ranked higher.

Beyond basic motility, additional behavior-based tasks were
introduced, such as pushing small pellets or aggregating with
other Xenobots. In each case, the simulation environment
introduced stochastic noise (e.g., randomized actuation delays)
to evaluate the robustness of the design. Designs that were
consistently successful under these conditions were considered
more transferable to real biological instantiations.

A remarkable emergent behavior observed in subsequent
experiments was kinematic self-replication. In this task,



evolved Xenobots were placed in a bath of dissociated
stem cells and, through coordinated movement, were able
to corral and compress these cells into new spherical clus-
ters. These clusters later developed into functional Xenobots
themselves—exhibiting the same locomotive and manipulative
behaviors as their ”parent” organisms. While self-replication
(Fig. 2) was not an explicitly optimized goal, it emerged as a
byproduct of designs evolved for locomotion and spatial inter-
action, highlighting the capability of evolutionary algorithms
to foster complex, unintended behaviors under broad selection
pressure.
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Fig. 2: Xenobots demonstrating self-replication by assembling
loose cells into new organisms. Adapted from [3].

C. Emergent Capabilities and Applications

Recent advancements show that Xenobots can also exhibit
self-replication through kinematic behavior, where they push
free cells into new configurations that themselves become
mobile units. This novel form of biological reproduction is
unprecedented in nature. Moreover, they demonstrate robust
self-healing capabilities—recovering from partial incisions and
continuing functional tasks. These traits suggest promising
applications in environmental cleanup (e.g., microplastic col-
lection), targeted drug delivery, and regenerative medicine.

D. Evolutionary Components in Reconfigurable Organisms

1) Fitness Function: The primary fitness metric evaluates
locomotion performance, typically quantified by the net dis-
placement of the organism over a fixed simulation period.
Designs that move farther, maintain stability, and tolerate
perturbations (e.g., noise or variation in actuation) are assigned
higher fitness values. Where:

o Dyt Straight-line distance from start to end position

o F.u: Variance in energy expenditure across contractile
tissues

o Eux: Maximum allowed energy budget

2) Selection Mechanism: The algorithm uses:

« Rank-based selection with exponential scaling: where r;
is the rank of individual ¢z and o = 0.5 controls selection
pressure.

o Ecological competition:

— Niche competition within morphological clusters
— Inter-lineage competition between genetic families
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Fig. 3: Kriegman et al.’s pipeline: (A) Evolutionary design in
simulation, (B) Biological construction. Adapted from [1].

3) Variation Operators: Crossover

« 3D voxel swapping: Exchanges random cubical regions
between parents
« Phase inheritance:

Mutation Five mutation types were applied:

TABLE I: Mutation Operators and Rates

Type Operation Rate
Tissue flip Switch voxel type 15%
Phase shift Ap ~ N(0,0.27) | 25%
Growth/Atrophy | Add/remove voxels | 10%
Topology Modify cavities 5%
Symmetry Adjust symmetry 5%

4) Robustness Evaluation: Designs were stress-tested under
various simulated perturbations, including noise in actuation
timing, partial damage, and variations in environment con-
ditions. These tests ensured that only robust and transferable
organisms—capable of performing consistently despite disrup-
tions—were selected for physical realization.

« Actuation noise: € ~ N(0,0.47)
o Morphological noise: Random voxel deletions
« Environmental variation: Fluid dynamics changes

III. PAPER SUMMARY- LOHN ET AL.: EVOLVED
ANTENNAS

A. Background and Motivation

NASA’s Space Technology 5 (ST5) mission required com-
pact, lightweight X-band antennas with very specific radiation
patterns. Due to a change in the spacecraft’s orbit, these re-
quirements shifted mid-design. Traditional engineering would
involve costly redesign, but EAs enabled a rapid, automated
adaptation.

B. Algorithmic Design Approaches

o Representation: Two GA variants: (1) a parameterized
EA for non-branching wire designs.(Fig. 4(a))It used a
vector of real-valued 3D coordinates to evolve a non-
branching wire antenna. The fitness function minimized
pattern deviation from a target gain at specific frequencies



(7.2 and 8.47 GHz). (2) a generative EA using tree-
structured genotype with operators such as rotate-x,
forward, and rotate-z, assembling antennas as con-
structive sequences. (Fig. 4)(Fig. 4(b)).

o Fitness Function: Combines Voltage Standing Wave
Ratio (VSWR), gain patterns, and smoothness.(Fig.4).
The GA rapidly converged on compliant designs within
weeks.

« Real-World Validation: Designs were simulated using
NEC4 and WIPL-D tools, then fabricated and tested on
the ST5 spacecraft. The evolved antennas outperformed
traditional QHA antennas and were selected for launch
in 2006 [2]. These antennas displayed better circular
polarization and gain, proving the practicality of EA-
based design. Fabricated antennas met mission specs
(Fig. 6), becoming the first evolved hardware in space.

The evolution produced antennas capable of meeting the
new design constraints within weeks. The systems used gain
smoothness, VSWR control, and penalty scoring to evolve
high-performance designs.

(b)

Fig. 4: Evolved antenna designs: (a) ST5-104.33 (parameter-
ized), (b) ST5-33.142.7 (generative). Adapted from [2].

IV. ADVANCES AND CONTRASTS WITH LECTURE
CONCEPTS

A. Representation and Search Space

o Lecture: GAs typically use binary or real-valued vectors.
Selection, crossover, and mutation drive exploration.
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Fig. 5: Transfer of locomotion behavior from simulation to
physical organism. Adapted from [1].

o Kriegman et al.: Voxel-based 3D structures with cellular
properties. Emphasizes emergent robustness via noise
filters.

o Lohn et al.: Hybrid representations (vectors + trees). The
generative EA’s tree structure enables complex geome-
tries.

B. Fitness Evaluation

o Lecture: Single-objective or Pareto-based fitness.

« Kriegman et al.: Multi-objective (performance + robust-
ness). Physical realizability constraints (e.g., concavity
size) act as filters.

e Lohn et al.: Combines VSWR, gain, and smoothness.
Weighted penalties for mission-critical angles.

C. Robustness and Transferability

o Lecture: Robustness often via noise injection or multi-
fidelity evaluation.

« Kriegman et al.: Explicit robustness filters (phase noise,
manufacturability) bridge simulation-to-reality gaps.

o Lohn et al.: Validated designs across simulation tools
(NEC4, WIPL-D) and physical tests.

These studies highlight the adaptability of GAs across do-
mains—mechanical, electromagnetic, and biological—offering
robust solutions under diverse constraints.

V. CONCLUSION

These studies exemplify how EAs can go beyond theoretical
optimization, becoming powerful tools for real-world physical
and biological design. The evolved antennas demonstrated
quick adaptation to mission requirements, while the reconfig-
urable organisms embodied programmable bio-machines. As
simulation fidelity and bioengineering improve, we can expect
such techniques to revolutionize fields ranging from space
systems to personalized medicine. Key takeaways:
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Fig. 6: Measured antenna performance on NASA mock-up.
Adapted from [2].

GAs excel in high-dimensional, non-linear design spaces
(e.g., 3D morphologies, antenna geometries).
Domain-specific representations and fitness functions are
critical for success.

Robustness mechanisms (filters, multi-tool validation)
mitigate simulation-to-reality gaps.

Future work could integrate Kriegman’s biological pipeline
with Lohn’s rapid aerospace prototyping, expanding GA ap-
plications further.
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