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Fig. 1. The input to our system is a set of base robot components, such as links, joints, and end structures, and at least one terrain, such as stepped terrain or
terrain with wall obstacles. RoboGrammar provides a recursive graph grammar to efficiently generate hundreds of thousands of robot structures built with the
given components. We then use Graph Heuristic Search coupled with model predictive control (MPC) to facilitate exploration of the large design space, and
identify high performing examples for a given terrain. Our approach enables co-optimization of both robot structures and controllers.

We present RoboGrammar, a fully automated approach for generating op-
timized robot structures to traverse given terrains. In this framework, we
represent each robot design as a graph, and use a graph grammar to express
possible arrangements of physical robot assemblies. Each robot design can
then be expressed as a sequence of grammar rules. Using only a small set
of rules our grammar can describe hundreds of thousands of possible robot
designs. The construction of the grammar limits the design space to designs
that can be fabricated. For a given input terrain, the design space is searched
to find the top performing robots and their corresponding controllers. We
introduce Graph Heuristic Search – a novel method for efficient search of
combinatorial design spaces. In Graph Heuristic Search, we explore the
design space while simultaneously learning a function that maps incomplete
designs (e.g., nodes in the combinatorial search tree) to the best performance
values that can be achieved by expanding these incomplete designs. Graph
Heuristic Search prioritizes exploration of the most promising branches of
the design space. To test our method we optimize robots for a number of
challenging and varied terrains. We demonstrate that RoboGrammar can
successfully generate nontrivial robots that are optimized for a single terrain
or a combination of terrains.
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1 INTRODUCTION
The automation and understanding of robot design, and the inter-
play between the structure and controller of a robot has long been a
key research question [Hiller and Lipson 2011]. This is a particularly
challenging research problem as the design space is vast and in-
tractable and there are limited tools for automatically and efficiently
exploring it. To enable large scale search and optimization of robots
we need new approaches for structuring this design space, tools for
searching it efficiently, and simulations for exploring and evaluating
many thousands of designs [Pugh and Martinoli 2007]. Importantly,
the tools developed must allow for the emergence of imaginative,
or even inventive solutions, which diverge from those that manifest
from more traditional design approaches [Pollack et al. 2003].
To address this challenge, we introduce a simulation-based sys-

tem for simultaneously optimizing the physical structures and con-
trollers of robots. The goal of the system is to take a set of user-
specified primitive components and generate an optimal robot struc-
ture and controller for traversing a given terrain. The primitive
components include different joint types, links, and wheels, each
with user prescribed attributes such as rotational angles and axes,
sizes, and weights. The user can specify the makeup of the primi-
tives to match what physical components they have available. In the
RoboGrammar framework each robot is represented by a graph. To
efficiently search the design space of robot graphs, we introduce a
recursive graph grammar that emphasizes mobility and fabricability.
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Our grammar is expressive and maps realistic components to fabrica-
ble con�gurations, and can adapt to changing component primitives.
Furthermore, we couple the grammar with physical simulation and
controller synthesis, allowing us to rapidly create, optimize, and test
robot designs. We use model predictive control (MPC) to provide
a stochastic approach to controller learning. In order to make the
search of a large design space e�cient, we introduce a novel Graph
Heuristic Search algorithm which generalizes the knowledge of
explored designs to predict performance of unexplored branches of
the search space. Speci�cally, our search algorithm takes a learning-
based approach inspired by reinforcement learning, iteratively ex-
ploring a large space of robot designs for a given task, and learning
a heuristic function to gradually steer that search toward optimal
designs. Our learning model takes a neural-based approach, exploit-
ing a graph neural network architecture to provide a fast method
for approximating the performance metrics of best designs.

In summary, this paper presents the following key contributions:

� A recursive graph grammar that enables the generation of a
wide range of inherently fabricable robot forms, which can
be built in their simulated con�gurations.

� A Graph Heuristic Search method for e�ciently searching
the design space described with the grammar. This is bench-
marked against alternatives including Monte Carlo tree search
and random search.

� A demonstration of terrain-driven optimization using MPC
based stochastic evaluation of each proposed design. We show
the variety of innovative robot designs that are obtained
across six di�erent terrains. In addition, our approach identi-
�es a number of high-performing robots for a single terrain
or combination of terrains.

The following section of this paper reviews related work present-
ing current state-of-the-art research. In Section 3 we provide an
overview of the di�erent systems and algorithms used to enable the
grammar-driven exploration and optimization of robots. Section 4
focuses on the graph grammar which is developed to express a wide
range of di�erent robots. We detail the components of the grammar,
and the rules enabling the creation of innovative robot structures.
In order to evaluate the performance of robots and �nd controllers
we use model predictive control (MPC) with integral control and
low-pass �ltering (Section 5). In Section 6 we present the optimiza-
tion process, providing details of the Graph Heuristic Search and
the Monte Carlo tree search implemented for sake of comparison.
The results are presented in Section 9, showing best-performing
designs generated usingRoboGrammarfor six di�erent terrains, as
well as combinations of terrains. We conclude with a discussion
of the limitations of our approach and identify avenues for future
work.

2 RELATED WORK
In this section we review techniques for generative design of robots,
and existing state of the art work relating to generative design,
graph grammars, and controller optimization.

2.1 Generative design for robotics
The development of e�ective generative design tools for robotics, in-
cluding search and evolutionary design algorithms, is a key research
challenge [McCormack et al. 2004]. We review several approaches,
detailing the various advantages they o�er and the applications for
which they are best suited.

Many recent approaches usedeep learningwhich provides power-
ful tools for generative design. [Pathak et al.2019] develop a modular
co-evolution strategy in which a collection of primitive agents learn
to dynamically self-assemble into a composite body while also learn-
ing to coordinate their behavior to control the body. However, their
method results in only simple robots with a few components, and
assumes physically implausible recon�gurability. Reinforcement
learning has also been applied in order to continually improve agent
design [Ha 2018]. In their design framework, both the environment
and robot are altered to enable the agent to learn more e�ectively.
Deep learning methods are particularly suited to co-optimization
of the robot body and controller [Scha� et al. 2019], and have the
potential to o�er improved performance. Within the domain of soft
robots, there has also been an example of end-to-end controller and
structure design using deep latent representations [Spielberg et al.
2019].

Formal Design Methodsare an alternative approach which use a
model based approach to design robots and their controllers. Jing
et al. [2018] demonstrate the formal approach using a large de-
sign library and bespoke tools to con�gure modular robots. The
arrangements of modular robots are particularly suited for these
methods [Bi and Zhang 2001; Chen and Burdick 1995]. Such methods
can require signi�cant hand crafting and do not scale or generalize
well.

To search a parameterized design space, in our case a graph gram-
mar, e�cient search algorithms are required.Genetic algorithms
(GAs) iteratively improve designs through a process inspired by nat-
ural evolution [Bongard 2013]. Applied to real-world systems [Brod-
beck et al. 2015], GAs transfer positive `phenotypes' between gen-
erations of robots, and allow the development of large populations
of robot designs [Watson et al. 2002]. Sims [1994] evolves creatures
optimized for movement in a three-dimensional environment using
a GA. Creatures are represented as directed graphs, which may
include multi-edges. Each creature's kinematic tree is determined
by tracing unique paths through its directed graph. This representa-
tion encodes symmetry and repetition in the graph itself, leading to
more biologically plausible forms. It is not clear how the creatures
translate into robotic components, however. The e�ect of terrain
on optimal morphology is also not addressed, as all creatures are
simulated on a �at surface or in �uid. GAs have been widely used
within the robotics community with demonstrable success [Koza
1995], however, in some cases they do not scale well and can have a
high sensitivity to input parameters [Sivanandam and Deepa 2008].
They can also be sensitive to parameters such as population size
and rate of mutations or crossovers, and there is little evidence
demonstrating convergence to global or even local minima.

There are also a number ofhybrid approacheswhich combine
multiple methods. Wang et al. [2019b] propose Neural Graph Evo-
lution, an evolutionary search in graph space, which iteratively
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evolves graph structures using simple mutation primitives. Wang
et al. [2019a] pairs the generation of environments with the opti-
mization of agents. Their method simultaneously explores many
di�erent paths through the space of possible problems and solutions,
utilizing neural networks and optimization techniques. However,
without a judicious grammar to help constrain the search, their
approach has only been shown to scale to robot designs with a
few joint and link components. Further, their reliance on a genetic
algorithm to search over the design space has the same pitfalls as
discussed previously.

In this paper we explore two candidates for grammar-based gen-
erative robot co-optimization. First,Monte Carlo tree search(MCTS)
is a stochastic search algorithm widely used across a variety of
problem domains [Browne et al. 2012]. It has been applied to game
based decision making, notably for playing Go [Gelly et al. 2012], as
well as robot optimization and planning [Munos et al. 2014; Nguyen
et al. 2017]. The algorithm identi�es the most promising moves,
expanding the search tree based on random sampling of the search
space. Schadd et al. [2008] have shown the ability to extend MCTS
to a single-player scenario, which is the case when searching over
a grammar. Despite its wide applicability, MCTS su�ers from low
searching e�ciency on complex robot design problems. We there-
fore use it as a baseline. Our core algorithmic contribution is an
novel search optimization strategy, referred to asGraph Heuristic
Search(GHS). GHS generalizes the knowledge from explored designs
to untested designs to improve searching e�ciency. By learning an
estimator of performance, a heuristic can guide the search, helping
to �nd optimal solutions faster. We apply deep learning, speci�cally
graph neural networks (GNNs), to learn this heuristic. GNNs are
particularly suited for learning on topological or structured inputs,
such as robot designs [Lederman et al. 2018]. A variety of GNN
models exist, but the di�erentiable-pooling model [Ying et al. 2018]
is of particular interest for grammar based exploration.

2.2 Graph grammars
In this work, we examinerecursive graph grammarsas a method for
generating expressive search spaces that are restricted to feasible
designs with user-de�ned components. Formal grammars, sets of
production rules for creating valid strings from a language's alpha-
bet, are widely used for linguistics and natural language process-
ing [Chomsky 1956]. This concept can be extended to graph gram-
mars, which de�ne sets of valid graphs rather than linear sequences.
For the purposes of generative design, the graphs usually describe
spatial con�gurations of mechanical components. Early examples
include graph grammars for epicyclic gear train systems [Schmidt
et al. 1999] and Meccano®-based machines [Schmidt and Cagan
1997]. In robotics, graph grammars have been applied to modeling
self-assembly of robotic systems [Klavins et al. 2004] as well as the
structure of robot interactions and control laws [Smith et al. 2009].
More recently, a graph grammar has been developed to describe
the physical structure and also the fabrication process for furni-
ture [Lau et al. 2011]. This grammar allows complex 3D furniture
models to be expressed as manufacturable parts and connectors.
Scalability and applicability to physical systems are key advantages
of graph grammars [Hornby and Pollack 2001]. They provide a way

of parameterizing the search space to prevent intractability, while
allowing many di�erent structures to emerge.

Most analogous to our work is Stöckli and Shea [2015], which
describes passive dynamic brachiating robots with a graph grammar
and evaluates them using dynamic simulation. Their work showed
the power of graph grammars in automated robot design, with a
wide range of robots emerging from a relatively limited grammar.
Their work did not examine the expensive control synthesis aspect
(as well as the resulting co-optimization problem) and focused solely
on 2D systems with swinging locomotion. In our scenario, simula-
tion and robot evaluation is far more complex, and requires a more
scalable search algorithm.

2.3 Grammar-based procedural modeling
Shape grammars use graphical primitives to generate complex geo-
metric shapes. Initially introduced by Stiny and Gips [1971], shape
grammars have been used in architectural design [Downing and
Flemming 1981; Duarte 2005; Stiny and Mitchell 1978]. A simpli-
�ed version of shape grammars which is more popular in computer
graphics applications is the set grammar [Stiny 1982]. Grammars for
modeling streets and buildings have been proposed in [Jesus et al.
2016; Krecklau et al. 2010; Müller et al. 2006; Parish and Müller 2001;
Wonka et al. 2003]. Van Diepen and Shea [2019] apply shape gram-
mars to soft robot design, using predetermined actuation patterns
instead of full control synthesis.

A majority of high-performing grammars are still manually de-
signed by experts. Several works propose automating grammar
creation based on a set of example designs [Bokeloh et al. 2010;
’t'ava et al. 2010; Wu et al. 2014]. Lipp et al. [2008] develop a frame-
work for interactive grammar editing. Dang et al. [2015] expand
shape grammars with probability density functions de�ned through
an interactive design exploration tool to obtain designs with higher
preference score. A probabilistic grammar is also used in [Liu et al.
2014] to parse unseen scenes and assign segmentation, labels, and
object hierarchies.

2.4 Control methods and approaches
In addition to generating the structure of the robot, some method
of generating appropriate controls is necessary. To allow exploring
many di�erent robot structures across di�erent terrains the control
approach must be highly e�cient and robust.

Model predictive control(MPC) is a family of control algorithms
used widely for robotics and process control [Garcia et al. 1989].
A model of the system is used to make predictions about future
behaviour, with online optimization used to �nd optimal controls
to meet a desired output. Within robotics it is widely used to de-
velop trajectory tracking controllers [Klan£ar and ’krjanc 2007;
Kuhne et al. 2004]. There are many variants of MPC suitable for
di�erent settings. When no derivatives of the dynamics are avail-
able, for example in a non-di�erentiable simulator, sampling based
MPC methods such as model predictive path integral control (MPPI)
[Williams et al. 2016] are typically used. Low-pass �ltering has
been shown to be helpful in other simulation-based applications of
MPC [Lowrey et al. 2018].
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Another increasingly popular control approach is the use of rein-
forcement learning. Stochastic policy gradient reinforcement learn-
ing can enable a 3D biped to walk over rugged terrain [Tedrake
et al. 2004]. Peng et al. [2017] demonstrate how hierarchical deep
reinforcement learning can learn dynamic locomotion skills on
challenging terrains with a limited amount of prior knowledge. Re-
inforcement learning is characterized by the need for large amounts
of data, which can hamper e�orts to wrap control synthesis in an
outer design search loop.

3 SYSTEM OVERVIEW
RoboGrammarconsists of three main components listed below. Fig-
ure 1 provides a graphical overview.

First, a recursive graph grammar forms the core of our approach
to optimizing the structure of robots (Section 4). We use a graph rep-
resentation for robot structure and de�ne the set of components and
grammar rules which can be used to assemble robots. Our grammar
encodes simple and intuitive rules in order to e�ciently generate
interesting, feasible robot designs during the search process.

Secondly, each design generated by the grammar is evaluated
using the model predictive control (MPC) algorithm described in
Section 5. MPC aims to rapidly �nd a stable, periodic gait. The
objective function optimized by MPC rewards high forward speed
and maintaining the initial orientation.

The third component of our system is the novel Graph Heuristic
Search (GHS) algorithm described in Section 6. GHS searches over
the design space de�ned by the grammar to e�ciently identify opti-
mal robots and controllers. The algorithm exploits a graph neural
network-based heuristic function, whose architecture is analogous
to the graph-like structure of rigid robots. The heuristic function is
learned as the search progresses using ground-truth data from the
MPC-based evaluations.

We describe how users specify problems in our framework in
Section 7, and provide implementation details in Section 8. Di�er-
ent terrains are used to embody objective functions for which the
robots are optimized. We demonstrate our system on single and
multi-objective optimization problems, and showcase our results in
Section 9.

4 ROBOT GRAMMAR
Starting with a given set of robot components, our goal is to e�-
ciently explore over the space of robots that can be formed from
these components. However, this space can be combinatorially large
and primarily composed of nonsensical designs. In order to make
the search more tractable, we constrain it with a bio-inspired graph
grammar. The structural rules are inspired by arthropods, which
make up a majority of known animal species. Note that we only
use bio-inspiration as a starting point. We choose to include wheels,
which enable even more forms of locomotion at the cost of only one
additional rule. Our grammar includes many familiar forms, while
allowing novel designs to emerge.

4.1 Robot representation
In order to enable robot design with graph grammars, we represent
robots in the form of directed acyclic graphs. Each node of the graph

Fig. 2. An example of a kinematic tree (top) with the corresponding robot
graph (bo�om). To enforce symmetry in leg pairs, a�er adding nodes for
connectors on both sides of the body, both legs of one pair are defined in
one branch of the graph.

represents a physically realizable component. We consider robot
structures to consist of body segments and limbs, with optional
head and tail. The structures are composed of rigid links and rigid
or articulated joints. Each body segment can have at most one pair
of legs attached to it.

As our grammar is based on arthropods, it only describes sym-
metrical robots. Legs are always added in pairs and each pair has
identical leg structure on both sides. Exceptions to this rule are the
optional head and tail limbs, which are individually formed and are
not necessarily symmetrical. We encode symmetry and repetition
by representing each pair of legs with a single branch in the robot
graph (see Figure 2). This scheme helps simplify rule de�nitions in
the grammar.

After deriving a full robot graph, we convert it to a kinematic tree
for e�cient simulation. Note that all robots in our grammar, as well
as the vast majority of animals and existing robots have kinematics
that can be described by a tree. A new robot component is added per
graph node, for each unique path connecting the tree root and that
node. Finding the root node involves selecting an arbitrary node and
following edges backwards until a node with no incoming edges is
reached. Each graph node may produce multiple components in the
kinematic tree due to our symmetry-enforcing scheme.

4.2 Grammar definitions
We de�ne a recursive graph grammarG as a tuple

G = ¹N; T; A; R;Sº
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Fig. 3. A list of structural rules of our robot grammar. Here
S; H ; Y; B; T ; U ; E; J; L 2 N are non-terminal symbols. Ruler1
initializes the body structure, whiler2 can be used to extend the body. Note
that each body segmentU can have at most one pair of limbs a�ached to
it. Ruler3 enforces symmetry of the limb pairs, and ruler4 allows body
segments without limbs. Ruler5 serves for extending the limbs, andr6 and
r7 for adding back and front limbs.

whereN andT are sets of non-terminal and terminal symbols re-
spectively,A is a set of attributes for certain terminal symbols,R
are production rules andS 2 N is a starting symbol. Non-terminal
symbols are temporary graph nodes that help us construct di�erent
body and leg parts. Terminal symbols are �nal graph nodes which
represent physical robot components (e.g., links, joints, wheels, etc.).
We refer to graphs with only terminal symbols as �complete� robot
designs, and all other graphs as �partial� robot designs. In addition,
we assign attributes to several terminal symbols. The attributes
de�ne the initial state of the robot by determining initial lengths
and angles between robot parts. Each production rule fromR has
the form:

Q W

whereQ 2 N is a non-terminal symbol, andW is a graph that has at
least one node, no matter if it is a non-terminal or a terminal symbol
(see Subsection 4.3 for more details). A production rule is applied to
a current robot graph by detecting an occurrence ofQ to replace
with W. Since our grammar is recursive, a non-terminal symbolQ
can appear again on the right hand-side of the rule as part ofW. A
recursive grammar allows us to concisely represent a wide variety
of structures, including complex body shapes with numerous limbs
such as a centipede.

Fig. 4. Component-based rules of the robot grammar. Initial-pose angle� i
and rotational range angle� r are a�ributes of joints. Adding, removing, or
editing any link or joint component is straightforward. Note that we do
not use a physical representation for the head, tail, hands, feet, and other
types of end components for simplicity. However, the grammar can easily
incorporate any new component representing an end structure.

4.3 Production rules and robot components
Here we present the production rules used to create robot struc-
tures. We divide our robot grammar rules into two main categories:
structural rulesandcomponent-based rules. Structural rules serve to
construct a physically realistic topology for the robot and de�ne
the number of body and limb segments. Every structural rule has at
least one non-terminal symbol on the right-hand side. The list of
these rules is given in Figure 3.

Component-based rules replace non-terminal symbols with ter-
minal symbols representing robot components. Graph nodes with
terminal symbols cannot be replaced. Several terminal symbols have
assigned attributes. Attribute� r 2 A limits the rotational range of a
joint. Attribute � i 2 A determines the initial position of the links
connected with the corresponding joint and it can be chosen from
a given set of possible values. All the angle values� i are de�ned
relative to the position of the previous robot component. A list of the
component-based rules in our framework is presented in Figure 4.
Note that thanks to our grammar-based approach and the set of
rules we propose, the list of components used for robot construction
can be easily adapted. There is no requirement that structural rules
be applied before component-based rules or vice versa.

Our recursive grammar is designed in a way that allows for a
potentially in�nite number of legs and body segments. In order to
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