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Abstract—Graph algorithms are a natural tool for reasoning
about movement, task ordering, and constraints on the Botball
game board. However, a Botball robot is a single physical
agent: it cannot execute multiple branches in parallel, and every
action has time, uncertainty, and resource cost. This shifts the
role of graph algorithms from abstract traversal to planning
and optimization. This paper presents MathGraph, a web-based
development environment with a domain-specific language (DSL)
and compiler backend designed to define graphs and algorithms
and to animate both the graph and the underlying data structures
during execution. We show how to model a Botball board as
a weighted graph of motion primitives, how to incorporate
physical costs and uncertainty, and how to use shortest-path
and state-graph methods to generate sequential action plans
for a single robot. We further describe how MathGraph fits
into a practical Botball engineering workflow and argue that
synchronized visualization of graph execution and data-structure
state is valuable for validating strategy logic before deployment
on hardware.

Index Terms—domain-specific language, graph algorithms,
planning, visualization, autonomous robot, Botball

I. INTRODUCTION

Graph algorithms are widely used to reason about con-
nectivity, reachability, and optimization in structured environ-
ments [1]. In educational robotics contexts such as Botball,
the game board naturally invites graph-based thinking: a
robot moves between meaningful locations, performs tasks at
specific interaction points, and must choose an order of actions
under time constraints. However, the relevant use of graphs in
Botball differs from the textbook picture of graph traversal.

Classical graph traversal algorithms such as Breadth-First
Search (BFS) and Depth-First Search (DFS) [1] are designed
for exploring graph structure and answering reachability ques-
tions. In Botball, the primary objective is not to explore the
graph, but to compute a cost-effective sequence of actions
under time and reliability constraints. This shifts the problem
from traversal to planning.

This paper presents MathGraph, a development environ-
ment originally designed for defining graphs and visualizing
algorithms, and argues that it is well suited to Botball plan-
ning tasks when graphs are interpreted as models of motion,

tasks, and control states rather than merely as abstract struc-
tures. MathGraph combines three ideas in one environment:
a domain-specific language (DSL) for graph and algorithm
definition, a compiler backend that turns source code into
executable graph models, and a visualization system that
animates both graph behavior and internal data structures such
as queues, stacks, and heaps.

The main contribution of this paper is a modeling method-
ology and supporting toolchain. Specifically, the paper con-
tributes:

• a DSL-based environment for defining graphs and graph
algorithms with visualizable execution,

• a structured methodology for modeling Botball strategy
using navigation, task, and state graphs,

• and an argument that synchronized graph visualization is
practically useful when developing and debugging robot
strategy logic.

The remainder of the paper is structured as follows. Sec-
tion II describes MathGraph as a software environment and
language. Section III explains why graph-based reasoning in
Botball should be viewed primarily as planning rather than
traversal. Section IV discusses graph algorithms that are par-
ticularly relevant to Botball. Section V discusses limitations,
and Section VI outlines future work.

II. WHAT MATHGRAPH IS

MathGraph is a development environment consisting of
three tightly connected parts: (i) a web-based user interface,
(ii) a compiler backend for a domain-specific language, and
(iii) a visualization layer for graphs and algorithm data struc-
tures. Users write MathGraph code, compile it into an internal
representation, and then execute or step through algorithms
while observing both the graph itself and the currently used
algorithmic data structure.

The purpose of MathGraph is not only to run graph algo-
rithms, but to make their behavior inspectable. In educational
use, that means seeing how an algorithm works. In a Botball
context, it means seeing why a strategy or path-planning



decision was made and whether the underlying graph model
matches engineering intuition.

A. Web IDE and Execution Workflow

The MathGraph interface is structured around a tight devel-
opment loop: write code, compile, inspect the rendered graph,
then run an algorithm and watch the execution step-by-step.
The visualization is synchronized, so that the graph view and
the internal algorithm data structure evolve together.

Fig. 1 shows the MathGraph interface and workflow. The
left side contains the source code editor, while the central and
right-side panels provide graph rendering, execution controls,
and data-structure visualization. This arrangement is especially
useful when stepping through an algorithm deterministically:
the currently active node, the explored edges, and the state of
a queue, stack, or priority structure can all be observed at the
same time.

Fig. 1. MathGraph workflow: code editor, graph view, algorithm selection
and controls, and synchronized data-structure visualization.

B. Why a DSL Instead of “Just C++”

A central design decision in MathGraph was to implement
a dedicated domain-specific language rather than embed graph
definitions into a general-purpose programming language. Two
practical reasons motivated this decision.

First, the DSL makes it possible to define directed and
undirected graphs, as well as weighted and unweighted graphs,
in a compact and uniform notation. Edge weights can also
depend on variables, which makes the language expressive
enough for many teaching and prototyping scenarios.

Second, the environment is meant to visualize algorithm
execution and internal state directly. In a general-purpose
language, common data structures such as stack, queue, or
priority_queue are typically opaque unless one uses an
external debugger or instrumentation code. MathGraph instead
provides built-in data structures with explicitly visualizable
semantics, which allows the system to animate them during
execution.

This matters in the Botball use case because planning bugs
often arise from the misuse of data structures just as much

as from incorrect graph models. For example, an incorrect
priority update or a mistaken visited-set policy may lead to a
wrong plan even when the graph itself is correct.

C. Language Capabilities

The MathGraph DSL supports several categories of con-
structs:

• variable definitions, which can be used for edge weights
and algorithm parameters,

• graph definitions, including directed/undirected and
weighted/unweighted graphs,

• execution statements of the form run <algorithm>
on <graph> from <node> to <node>,

• and algorithm definitions in a Python-like syntax
with built-in visualizable structures such as Queue(),
Stack(), Set(), and heap-like containers.

Fig. 2 shows example MathGraph source code, including
variable initialization and graph definitions. In the context of
this paper, the figure serves two purposes: it demonstrates the
surface syntax of the DSL and shows the kind of graph model
that can later be interpreted as a navigation or planning graph.
Unlike a plain screenshot without explanation, the code here
should be read as the formal representation that underlies later
graph execution.

Fig. 2. DSL examples: variable initialization and directed/undirected graph
definitions.

D. Technical Architecture

MathGraph is implemented as a TypeScript-based frontend
and backend connected through a REST-style API. The back-
end uses ANTLR [2], [3] to parse the DSL grammar and
then constructs graph objects using a builder/factory approach.
Different builders are responsible for creating directed versus
undirected graphs and weighted versus unweighted graphs,
which keeps the internal representation modular.

The frontend is implemented as a Next.js application that
integrates the editor, execution controls, graph renderer, and
data-structure panels. The backend returns parse and compi-
lation results in a JSON representation that the frontend can
visualize and execute.

Fig. 3 summarizes this architecture. The figure is relevant
because the contribution of MathGraph is not only theoretical
modeling but also a concrete implementation pipeline from
language syntax to executable visualization.



Fig. 3. Frontend–backend architecture: ANTLR parsing, builder-based graph
construction, REST API, and visualization pipeline.

III. GRAPHS IN BOTBALL WHEN THERE IS ONLY ONE
ROBOT

A. The Key Shift: From Traversal to Planning

When there is only one robot, graphs are most useful not
as a device for “visiting everything,” but as a way to compute
an effective action sequence. This distinction is important.

Traversal algorithms such as BFS and DFS [1] answer
questions such as “which nodes are reachable?” or “in what
order are nodes discovered?” These are meaningful questions
in abstract graph exploration. In Botball, however, reachability
is often not the central unknown. Instead, the relevant question
is typically which route or sequence of actions is best under
time, uncertainty, and reliability constraints.

A more accurate way to state the difference is therefore
not that BFS/DFS somehow become “wrong,” but that they
solve a different class of problems. They do not optimize
over weighted edge costs, and they do not directly model
physical execution trade-offs. In Botball, motion primitives
have measurable cost, and planning quality depends strongly
on how those costs are modeled. For this reason, shortest-path
and state-graph methods are usually more appropriate than
plain traversal algorithms for the use cases discussed in this
paper.

The corresponding abstraction is:

Nodes represent meaningful robot states or positions,
and edges represent motion primitives or actions
with measurable cost. Graph algorithms then com-
pute cost-minimizing or otherwise strategy-aware
plans.

B. Discretizing the Board into Navigation Nodes

The Botball field is continuous, but planning is easier when
the environment is discretized into a finite set of reliable way-
points. In practice, a navigation graph is therefore constructed
from locations such as:

• alignment points against walls or field features,
• tape-line intersections or line-follow anchors,
• safe turning points with high repeatability,
• task interaction points such as pickup or drop zones,
• and corridor junctions or decision points.

The key idea is that discretization should be robotics-driven
rather than purely geometric. A good waypoint is not simply
an arbitrary coordinate; it is a position that the robot can
reach and recognize reliably using calibrated behavior. This
distinction is important because the usefulness of the resulting
graph depends on the repeatability of transitions between
nodes.

C. Edges as Motion Primitives

In this modeling approach, edges are not merely abstract
connections. Each edge corresponds to a commandable be-
havior or motion primitive, for example:

• drive straight a measured distance,
• turn to a known heading and drive,
• line-follow between two anchors,
• wall-follow until a sensor condition triggers.

An edge therefore encapsulates not only geometry but
also execution characteristics. Two locations may be close
in Euclidean space, yet the motion between them may be
unreliable or difficult to calibrate. Conversely, a slightly longer
route might be much more robust if it uses anchoring behaviors
such as wall alignment or tape following. The graph model
should capture these differences.

D. Weighted Cost Model

To plan effectively, each edge e ∈ E receives a weight w(e).
A practical Botball cost model combines multiple factors into
one scalar value:

w(e) = α · t(e) + β · r(e) + γ · ε(e) (1)

where t(e) is estimated execution time, r(e) is a penalty
term representing risk or unreliability (for example slip, drift,
or fragile sensing), and ε(e) represents expected localization
error growth along that primitive. The coefficients α, β, and
γ express strategic priorities.

This weighted cost model is not claimed as a novel theorem;
rather, it is an engineering heuristic in the spirit of robotics
planning, where several practical factors are combined into a
single optimization criterion. The value of the model lies in
making the trade-offs explicit and therefore tunable inside the
graph representation.



E. A Board-to-Graph Example

Fig. 4 illustrates a simplified navigation graph. The start
node S and intermediate nodes A, B, and C represent reliable
waypoints. The nodes T1, T2, and T3 represent task anchors,
that is, locations at which the robot can interact with game
objects or scoring elements.

In this figure, the edge labels indicate example motion costs.
The graph is shown as directed to emphasize that motion
primitives may, in general, be asymmetric; for instance, the
forward approach to a task may be reliable while the reverse
motion is not. In a concrete implementation, some edges may
of course be modeled as bidirectional if the same primitive is
reliably executable in both directions.

S A B

T1 T2

C T3

t = 2.0 t = 1.4

t = 1.0 t = 0.9

t = 1.2 t = 1.1

t = 1.6

Fig. 4. Example navigation graph: nodes are reliable waypoints; tasks (T1–
T3) are interaction anchors; edges represent motion primitives with cost.

IV. WHICH GRAPH ALGORITHMS ACTUALLY HELP IN
BOTBALL

A. Single-Goal Navigation: Dijkstra and A*

Once the field is modeled as a weighted graph of motion
primitives, one of the central problems becomes:

Given a start node s and goal node g, find a
minimum-cost path in a weighted graph.

Dijkstra’s algorithm [1] solves this exactly when all edge
weights are non-negative. A* can accelerate the search by
using a lower-bound heuristic such as Euclidean distance or
another admissible estimate. For Botball, the key interpretation
is that the output is not an abstract path for inspection only,
but a fully ordered command sequence that can be translated
into robot behavior.

MathGraph already includes Dijkstra as a standard algo-
rithm and can animate the evolution of its priority structure
and node relaxations. This is useful in practice because it helps
validate the cost model: when the chosen path looks implausi-
ble to an experienced team member, the likely problem is not
Dijkstra itself but the assigned weights or the graph structure.

Fig. 5 shows a simplified example of how an actual Botball
field can be mapped to such a navigation graph.

B. Multi-Goal Runs: Task Ordering as an Optimization Graph

A typical Botball run involves multiple objectives rather
than a single start-to-goal navigation task. Once the team

Fig. 5. A graph modelled on a Botball game table: nodes represent coordinates
on the table or task interaction points.

identifies a set of relevant task anchors, the problem becomes
one of task ordering.

A useful abstraction is to build a task graph:
• each task location is represented as a node,
• the cost between two tasks is the shortest-path cost on

the navigation graph.
This produces a complete weighted graph over tasks, where

one can ask strategy-level questions such as:
• which order should tasks be visited in,
• which tasks should be skipped under a time budget,
• and whether a locally appealing choice creates a globally

worse plan.
Depending on problem size, different optimization ap-

proaches become reasonable. Nearest-neighbor heuristics may
be sufficient for simple runs. For smaller task sets, dynamic
programming formulations can also be feasible. The main
point for this paper is that once the task-to-task cost matrix is
available, the strategy problem becomes explicit and analyz-
able.

C. Conditional Behavior: State Graphs Instead of Geometry
Graphs

Not all important Botball decisions are spatial. Many fail-
ures result from incorrect control flow: an object is not
detected, a sensor triggers unexpectedly, or the robot enters
a retry loop that never makes progress. For these situations, a
navigation graph is insufficient.

A better abstraction is a directed state graph in which nodes
represent control states or behavior modes, for example:

• NavigateToPickup,
• AcquireObject,
• NavigateToDrop,
• RecoverFromFailure.
Edges in this graph represent transitions caused by events,

sensor conditions, or timeouts. Graph reasoning then focuses
on questions such as:

• can a success state always be reached,
• are there dead ends,
• are there unintended cycles with no progress,



• and do recovery transitions lead back into a meaningful
continuation of the run.

Fig. 6 shows a simplified state graph with a recovery
transition. The figure is intentionally abstract: it is not meant
to be a complete Botball routine, but to illustrate the kind
of control-flow structure that complements the navigation
graph. In a real debugging session, such a graph would be
helpful for identifying retry loops, missing failure handling,
or unreachable success paths.

Navigate Task

Recover

Fig. 6. Simplified state graph.

V. LIMITATIONS AND PRACTICAL NOTES

Graph models do not replace low-level control. Their use-
fulness depends on the quality of the underlying motion cal-
ibration and sensing assumptions. If the robot cannot reliably
execute the motion primitives that define the graph edges, then
the plan computed on top of that graph will also be unreliable.

For this reason, edge weights should be conservative and
should incorporate not only expected time but also risk and
uncertainty. Likewise, waypoints should preferably be physi-
cally anchorable by contact with walls, by line sensing, or by
other robust localization cues.

MathGraph itself is a modeling and visualization environ-
ment, not a robot runtime. Its intended role is to support
development-time reasoning, validation, and debugging. The
final motion primitives still need to be implemented in the
robot’s actual control code.

A further limitation is that the present paper considers only a
single robot. Multi-robot coordination would require additional
modeling concepts such as synchronization, shared resource
handling, and possibly temporal planning constraints. These
are outside the scope of the current work.

VI. FUTURE WORK

Several extensions are natural in a Botball context:
• Code generation: exporting a planned node path directly

into a robot-side routine skeleton.
• Dynamic re-planning: updating edge costs online based

on sensor-detected conditions and recomputing the best
route.

• Probabilistic costs: modeling edge risk more explicitly
and optimizing expected score under uncertainty.

• Richer state-graph tooling: adding checks for dead
ends, strongly connected retry loops, and unreachable
success states directly inside MathGraph.

The language features that allow users to define custom
graph algorithms are also still evolving. As these mature, the

environment may become more useful not only for standard
algorithms but also for competition-specific planning heuris-
tics.

VII. CONCLUSION

For a single Botball robot, graph algorithms are most useful
when interpreted as tools for planning and optimization on
models of motion, tasks, and control states. Traversal-oriented
thinking remains useful for some structural questions, but it
is generally not the right primary mental model for Botball
strategy. Weighted shortest paths, task-level optimization, and
explicit state-graph reasoning are more aligned with the real-
ities of physical execution.

MathGraph contributes a practical environment for this
approach: a domain-specific language to define graphs and
algorithms, a compiler backend that turns code into executable
models, and a visualization system that animates both graph
execution and algorithm data structures in real time. This
combination makes graph-based planning more tangible, in-
spectable, and easier to debug, which is especially valuable in
a robotics setting where testing time is limited and mistakes
are costly.
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