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Background

Both the design and control of a robot play equally important
roles in determining its task performance. This challenge can
be framed as a two-level optimization problem (co-optimizing
design and control), where the outer loop evolves the robot’s
physical structure, and the inner loop optimizes a controller
(e.g., a reinforcement learning algorithm) for each proposed
design.

In the rapidly evolving field of unmanned aerial vehicles
(UAVs), co-optimizing design and control is a critical fron-
tier for enabling more efficient, robust, and intelligent quad-
copters. While benchmarks such as Evolution Gym [1] have
significantly advanced co-design research in soft robotics,
no comprehensive, publicly available platform exists for rigid-
body aerial systems like quadcopters. This master’s thesis
aims to address this gap by creating an open-source bench-
mark using NVIDIA’s Isaac Gym, enabling the simulation and
evolution of quadcopter morphologies alongside their control
policies.

The current approach in Evolution Gym [1] presents sev-
eral limitations: it focuses exclusively on soft robotics, uses a
discretized shape parameter with only five values, and relies
on a non-parallelizable, inefficient simulation backend. The
limitations of Evolution Gym and the improvements proposed
in this benchmark are summarized in Table 1.

aggressive maneuvers—this often leads to inefficiency and in-
stability. Co-evolving design parameters and controllers al-
lows for exploring a joint optimization space, leading to more
globally optimal and better-performing solutions.

Project Goals

In this thesis, your task will be to learn state-of-the-art co-
optimization techniques in Evolution Gym, as well as how to
adapt them for aerial robotics using NVIDIA’s Isaac Gym. You
will develop a benchmark for co-optimizing quadcopter design
and control, inspired by Evolution Gym.

 You will first learn the basics of co-optimization frameworks
in Evolution Gym, reproduce key results, and understand its
architecture (e.g., design and control loops).

* You will then design environments in NVIDIA Isaac Gym,
starting with a sample quadcopter model, and implement
RL control loops using algorithms like PPO or SAC from the
literature.

* Next, you will explore programmatic shape design for Aerial
manipulators to enable later optimization of parameters
(e.g., frame topology, propellers).

 Finally, you will integrate these into a full co-optimization

Table 1: Evolution Gym vs. Proposed Quadcopter Benchmark benchmark structure.

Aspect Evolution Gym (Existing) Proposed Benchmark (This Thesis)

+ Rigid aerial systems; quadcopters
with optional arms for
flight/manipulation.

X Soft robotics; voxel-based

Focus Area " N .
locomotion/manipulation.

+ Continuous: Arm lengths

Design % Discrete: 5_v(.>xgl types.(s_cft, rigid, (0.1-0.5m), prop diameters (5-12in),
Parameters actuators); limited variations. .
motor torques, arm joints (2-6 DoF).
Simulation % Custom 2D simulator; low < DY Isagc Gym/LabE
. L " GPU-accelerated, highly parallelizable
Environment efficiency, no parallelism. P B
rigid-body sims.
Parallelization & X Sequential/CPU-based; slow for « Full GPU parallelism; cuts training
Efficiency large spaces. time drastically.
Limitations % Weak on rigid/aerial dynamics; no + Integrates aero models, 3D envs
Addressed aero/3D flight support. for wind/payload challenges.
Impact & X Great for soft robots; no UAV « Fills UAV co-design gap; emergent

Novelty benchmarks. designs, open-source impact.

Why Co-Optimization Matters Over Just Using a
Controller on a Fixed Design?

Fixing the design can constrain performance due to hardware
limitations. While controllers can compensate—e.g., through

« If highly interested, future extensions could include 3D-
printing optimized designs for real-world testing.

Requirements

» Background in Reinforcement Learning (RL) and/or
Evolutionary Algorithms (EA).

» Background in deep learning algorithms.

« Python programming skill (experience with PyTorch pre-
ferred).
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