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ABSTRACT

Robot motion planning under uncertainty highlights the need for
decision making in continuous domains. Continuous Monte-Carlo
Graph Search (CMCGS) meets this need by combining sampling
with graph-based reasoning in a unified framework. Existing formu-
lations, however, rely on a layered structure that restricts generality
and prevents MCGS from fully realizing its advantages over MCTS.
We introduce a non-layered formulation of CMCGS that removes
this restriction, enabling a more flexible and scalable search frame-
work applicable to arbitrary directed graphs. To ensure efficiency,
we integrate Approximate Nearest Neighbor (ANN) search via Hier-
archical Navigable Small-World graphs (HNSW), which allows rapid
graph maintenance and querying in high-dimensional continuous
spaces. Unlike prior methods that rebuild the graph at every itera-
tion, our approach incrementally updates the graph, bootstrapping
the search over time. We demonstrate the benefits in robot motion
planning, where non-layered CMCGS with ANN achieves higher
success rate compared to layered CMCGS. These results highlight a
practical foundation towards real-time, online continuous planning
under uncertainty.
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1 INTRODUCTION

Online decision-making in continuous domains is a fundamental
challenge in robotics, relevant for both closed-loop control and
motion planning. In such settings, agents must select actions that
achieve long-term objectives under dynamic constraints, often in
high-dimensional, uncertain environments.

Robot motion planning traditionally relies on two broad paradigms.
Sampling-based motion planners such as PRM [10] or RRT [14, 16]
explore the state space via stochastic sampling, enabling global
reasoning and asymptotic optimality. While they can be adapted
for online planning, they are generally less generic in handling un-
certainty and dynamic contexts, and often require problem-specific
tuning. Search-based planners, such as A* 7] or CBS [20], systemati-
cally explore the state space using heuristic guidance to find feasible,
often optimal paths, making them effective for structured envi-
ronments, but computationally challenging in high-dimensional
continuous domains.

Online model-based controllers such as Model Predictive Control
(MPC) [6] and Model Predictive Path Integral control (MPPI) [22]
generate trajectories over short horizons at each timestep, offering
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fast reactivity and robustness to disturbances. However, their lim-
ited horizon, reliance on dense reward signals, and susceptibility
to local minima constrain their applicability in sparse-reward or
multi-modal environments. This gap motivates hybrid approaches
that combine global reasoning with online adaptability.

Monte Carlo Tree Search (MCTS) [4, 12] offers such a hybrid
framework by balancing exploration and exploitation through sto-
chastic sampling. MCTS has been successfully applied to discrete
domains and extended to continuous spaces through strategies like
progressive widening or state and action abstractions. However,
standard MCTS fundamentally assumes a tree structure, which
cannot efficiently capture the graph-like connectivity inherent in
many continuous planning problems. This leads to redundant ex-
ploration and missed opportunities for reusing previously gathered
information.

Monte Carlo Graph Search (MCGS) [5, 19] addresses this limita-
tion by incorporating transposition detection, merging equivalent
states into directed acyclic graphs. Continuous MCGS (CMCGS)
applies this concept to continuous domains but enforces a lay-
ered structure, where nodes may only connect to transpositions
within the same layer. While simplifying implementation, this re-
striction limits connectivity and restricts general applicability to
high-dimensional motion planning problems where states can be
reached via diverse trajectories.

We propose Continuous Monte Carlo Graph Search with Approx-
imate Nearest Neighbors (ANN-CMCGS), a novel formulation for
online motion planning that lifts the layered constraint, enabling
the construction of arbitrary directed graphs with variable edge
lengths and cycles. Our method leverages Approximate Nearest
Neighbor (ANN) search via Hierarchical Navigable Small-World
(HNSW) graphs [15] for efficient graph construction and trans-
position detection. Reachability-based checks ensure that trans-
positions respect the system’s dynamics, combining state-space
heuristics with controller verification. ANN-CMCGS also incor-
porates a bootstrapped planning mechanism that incrementally
updates the search graph, enabling long-horizon reasoning under
sparse rewards.

Our contributions are as follows.

(1) ANN-CMCGS Algorithm: A non-layered Monte Carlo Graph
Search formulation that detects approximate transpositions
in continuous domains via ANN search, allowing arbitrary
directed graphs with cycles and incremental reuse of the
search graph. Our results show that

(2) Empirical Evaluation: Demonstrations in robot motion plan-
ning showing ANN-CMCGS matches CMCGS in control-
oriented settings and substantially outperforms it in higher-
dimensional and non-holonomic motion planning problems.



2 RELATED WORK

Online Planning and Control. Sampling-based planners such as
PRM and RRT [10, 14, 16] efficiently explore high-dimensional
spaces and reason about feasibility without explicit discretization.
However, they have limited generality for dynamic or uncertain
environments. Online replanning variants such as Online RRT* and
Anytime RRT* [3, 8] improve adaptability but remain constrained
by local rewirings and uninformed sampling.

Online model-based controllers such as Model Predictive Control
(MPC) [6] and Model Predictive Path Integral control (MPPI) [22]
adapt rapidly to disturbances by re-optimizing trajectories at each
timestep, but their short horizons and reliance on dense reward
signals limit effectiveness in sparse-reward or discontinuous-cost
domains. Reinforcement learning approaches offer an alternative
that can address some of these limitations, but they often require
reward shaping and lack theoretical guarantees and explainability.

Monte Carlo Tree Search in Continuous Domains. Monte Carlo
Tree Search (MCTS) is a sampling-based decision-making algorithm
that balances exploration and exploitation via stochastic simula-
tions [4, 12]. It has achieved state-of-the-art performance in discrete
domains such as board games (e.g., AlphaZero [21]) and combina-
torial optimization, thanks to its domain independence, asymptotic
optimality, and ability to handle sparse rewards. However, stan-
dard MCTS relies on discrete tree structures, which scale poorly
in high-dimensional continuous domains and cannot efficiently
reuse previously explored states. To address this, extensions such
as bandit-based selection strategies like Hierarchical Optimistic Op-
timization (HOO) [17] or Voronoi Optimistic Optimization (VOO)
[11], and state abstraction methods [1] have been proposed to im-
prove efficiency. Other approaches, such as Spectral Expansion
Tree Search (SETS) [18], adapt MCTS for real-time robotic planning.
Despite these advances, all of these methods still depend on tree
structures, which inherently duplicate states and limit the ability
to fully exploit the structure of continuous state spaces.

From Trees to Graphs. Extensions of MCTS such as Monte-Carlo
Graph Search (MCGS) [5, 19] address the inefficiency of tree struc-
tures by merging equivalent states into graphs, enabling transpo-
sition detection and avoiding redundant exploration. While exact
transpositions are possible in discrete domains such as chess, con-
tinuous domains require approximate transpositions based on state
similarity. Continuous MCGS (CMCGS) [13] applies this idea using
state clustering and Gaussian action bandits within a layered di-
rected acyclic graph, demonstrating feasibility for different control
focused robotics tasks including a one dimensional case for mo-
tion planning. However, its layered structure restricts connectivity
and limits applicability to more general planning tasks. Further-
more, modeling states and actions as Gaussians poses challenges
for multi-modal dynamics and introduces implicit assumptions
about controllability of the robot. Cyclic graphs for the multi-robot
patrolling problem have been explored by Kartal et al. [9], where cy-
cles encode deliberate revisiting behaviors, our use of cycles serves
a different purpose. In ANN-CMCGS, cycles arise naturally from
possible transitions between states in the search graph, enabling
efficient state reuse and long-horizon online planning.

Approximate Nearest Neighbors and HNSW. Nearest neighbor
search is fundamental in robotics for identifying similar states dur-
ing motion planning or collision checking [10, 14]. Exact search,
however, becomes intractable in high-dimensional continuous spaces.
Approximate Nearest Neighbor (ANN) methods address this by
sacrificing minimal accuracy for significant speed and scalability.
Among them, Hierarchical Navigable Small-World (HNSW) graphs
[15] are particularly effective, organizing data into multi-layer struc-
tures that enable fast, incremental queries without rebuilding the
index. HNSW has proven efficient in robotic applications such as
collision detection [23], and its ability to support dynamic insertion
makes it especially well-suited for online graph construction and
transposition detection in continuous planning domains.

3 PRELIMINARIES

Markov Decision Process (MDP). We formulate the decision-making
problem for motion planning as a Markov Decision Process (MDP)
defined by the tuple M = (S, A,P,R y), where S is the set of
states, A is the set of actions, P(s’|s, a) represents the transition
probability from state s to s’ given action a, R(s, a) is the reward
function, and y € [0, 1] is the discount factor. A policy 7 (als) maps
states to probability distributions over actions, and the objective is
to find an optimal policy 7* that maximizes the expected cumulative
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The value function V7 (s) and the action-value function Q” (s, a)
quantify the expected return under policy 7 from state s or state-
action pair (s, a), respectively.

Monte Carlo Tree Search (MCTS). MCTS is a simulation-based
planning algorithm that incrementally builds a search tree by bal-
ancing exploration and exploitation. It is particularly suited for
problems where explicit models of the state space are unavailable
or expensive to enumerate. MCTS iteratively executes four phases:

(1) Selection: Starting from the root, recursively select child
nodes according to a selection policy such as Upper Con-
fidence bounds applied to Trees (UCT) until a leaf node is
reached.

(2) Expansion: If the leaf node is not terminal, expand the tree
by adding one or more child nodes corresponding to possible
actions.

(3) Simulation: From the newly added node, perform a rollout
(simulation) to estimate the expected return, usually using a
default policy.

(4) Backpropagation: Propagate the obtained return back through
the visited nodes to update their value estimates.

The UCT selection rule is given by:

lnN(s)}

a* =arg max [Q(s, a)+c NG.a)

where Q(s, a) is the mean action value, N(s) is the visitation count
of state s, N (s, a) is the visitation count for (s, a), and c is a constant
controlling exploration [12]. For finite-horizon problems, UCT in
particular has been shown to converge to an optimal solution at a
polynomial rate [12].



Monte Carlo Graph Search (MCGS). To extend the tree search to
graph search, Saffidine et al. [19] and Czech et al. [5] introduced
mechanisms for extending the tree to a directed acyclic graph (DAG)
and improving the efficiency of MCGS. One approach is to per-
form transposition checks during node expansion, where generated
states are hashed and compared against previously encountered
states. If a transposition has been found, instead of inserting the
candidate state to a new node, the node chosen for expansion is
connected to the existing transposition node in the graph by an
edge representing the chosen action. Although value updates along
all possible ancestor nodes and trajectories have been discussed in
the literature, the standard formulation performs backpropagation
only along the trajectory traversed during the selection phase [5].
Another contribution is the introduction of e-greedy selection [5],
which introduces stochasticity into the action-selection process to
balance exploration and exploitation.

State-Space Metric Heuristic. A key requirement for both cluster-
ing methods and approximate transposition detection using nearest-
neighbor search is the definition of a suitable state-space distance
metric. In our formulation, this metric serves as a heuristic for
the ANN search and does not need to perfectly capture system
dynamics, since all candidate transpositions are subsequently veri-
fied through the controller-based reachability check. Allowing mild
overestimation of similarity is acceptable, as it merely increases
the number of candidates passed to the controller for verification.
Because ANN methods such as HNSW inherently provide only
approximate recall, the metric and search radius combined deter-
mine the trade-off between computational cost and the likelihood of
detecting all relevant transpositions. The metric therefore is model-
specific but can remain simple, chosen to reflect the dominant
geometric or kinematic relations within the state representation.

4 CONTINUOUS MONTE CARLO GRAPH
SEARCH WITH APPROXIMATE NEAREST
NEIGHBORS

Our proposed method, Continuous Monte Carlo Graph Search
with Approximate Nearest Neighbors (ANN-CMCGS), extends
Monte Carlo Graph Search (MCGS) to support online planning
in continuous domains. The key idea is to replace exact transpo-
sition checks with approximate nearest neighbor (ANN) search,
enabling scalable graph maintenance and real-time updates. Unlike
previous layered formulations of MCGS, our approach constructs
non-layered graphs with arbitrary connectivity and edge lengths,
allowing cycles and richer topologies that better represent motion
planning problems.

ANN-CMCGS follows the standard Monte Carlo search paradigm
but generalizes it from a tree to an arbitrary directed graph. Each
iteration consists of node selection, expansion, simulation, and
backpropagation, adapted to handle continuous state—action spaces
and approximate transpositions. This formulation supports online
operation in a closed-loop fashion: after each environment step, the
current state is either mapped to an existing node or inserted as a
new root node into the existing search graph via the ANN index,
allowing the planner to reuse past computations and maintain long-
horizon consistency across planning episodes.

For approximate transposition detection we leverage the con-
cept of reachability for a rigorous and intuitive way of implicitly
clustering states, so for any given node, all children belong to its
reachable set. For that we explicitly assume to have access to a
controller that we can query to check for reachability between any
two given states. Combined with a heuristic state space metric that
approximates the proximity of nodes by reachability required by
the nearest-neighbor search, we can find approximate transposi-
tions that are similar to the candidate state and ensure that it is
reachable using the controller. This two-stage process is necessary,
as finding a suitable state space metric in high-dimensional spaces
is difficult, so that classical clustering methods become infeasible.
This assumption is not strict, as the problem is inherent and other
approaches like [13] that use clustering are susceptible to it. In prac-
tice, provided a sufficiently accurate state space metric exists that
allow for radius search in the ANN query, querying the controller to
check for reachability becomes unnecessary. For simple dynamics
such as single integrator dynamics such a metric is trivial, while
suitable metrics for more complex dynamics could be derived.

When connecting a node to an approximate transposition, the
action that was used to propagate the candidate state becomes
inaccurate. One way to approach this issue is to approximate the
action distribution using Gaussians as proposed in [13]. However,
for depending on system dynamics the transitions may not be
described by a single Gaussian distribution within a node well. In
this case the action representations can lead to problems during
execution as well, arising the need for a controller anyway. In our
approach, each edge created is ensured to be executable without
restriction on the dynamics.

In summary, the main algorithmic extensions over standard
MCGS are:

(1) Non-layered graph representation that supports cycles
and variable edge lengths.

(2) Acyclic node selection in arbitrary directed graphs.

(3) Online planning with incremental graph updates across
environment steps.

(4) Heuristic diversity-based expansion to maximize infor-
mation gain and minimize redundant transpositions.

(5) Approximate transposition detection via ANN search
and local controller verification.

(6) Backpropagation from parallel expansions.

Graph Representation and State Management. The search struc-
ture in ANN-CMCGS is a directed graph G = (V, E), where each
node v = (s,N,Q,U,F,T,5) € V corresponds to a tuple that in-
cludes state s € S, node visit count N, Q-values Q, utility values
from the rollout U, flags for successful termination F or truncation
T as well as an encoding of a the state § that is used for the ANN
lookup and action sampling. Each edge e = (v;,v;,a, N) € E repre-
sents a feasible transition between states, generated by simulating
an action a € A from v; € V. The edge stores the corresponding
action sequence a, and edge visit count N used for value estima-
tion and selection. Storing the Q-values in the nodes and not in
the edges allows for value updates to spread faster. Storing in the
edges would update the statistics only along the direct edge in the
playout path, imposing a strong imbalance between edge Q-values.



Figure 1: Illustration of graph expansion in ANN-CMCGS
through four sequential steps. Black arrows indicate existing
edges, while orange and blue arrows mark node selection
and backpropagation. (1) Starting from the root node 0, node
2 is selected for expansion. (2) From 2, a candidate node C
is sampled; red denotes truncation due to collision with an
obstacle. (3) The ANN insertion finds node 5 as a reachable
and non-truncated transposition within the radius around C
and adds both 5 and C and the corresponding actions as new
children (dashed). (4) During backpropagation, C, 5, its edges
and all nodes and edges along the playout path are updated
toward the root (blue).

Additionally, the index of each node and its encoded state are stored
in the HNSW index.

In contrast to tree-based MCTS or layered CMCGS, our for-
mulation allows arbitrary connections between nodes, enabling
cycles and heterogeneous edge lengths. This flexibility is essen-
tial in motion planning, where positions are typically reachable
by a multitude of trajectories. Finally, by allowing variable-length
edges, ANN-CMCGS naturally supports integration with motion
primitives or learned local controllers. Each edge can represent a
short-horizon action sequence, enabling a unified treatment of dis-
crete and continuous dynamics within the same graph framework
which is required for motion planning, as many robot dynamics
do not allow for exact tracking of a state within a single action.
Adding every intermediate step as a node would cause combinato-
rial growth, so each node instead summarizes the relevant portion
of its reachable set.

Online Planning Loop. During the episode the algorithm per-
forms four basic steps. The graph is expanded as long as computa-
tional budget remains. After the budget has been depleted, the best
action is retrieved. After each decision step, the newly observed
state is treated the same as the candidate node that is inserted using
the ANN insertion function with k = 1 described in the following
paragraphs to find the maximum of one transposition. The returned
node becomes the new root node for planning in the next step. If

the new root node is not a node already in the graph, the plan-
ning algorithm will reconnect the graph during the next iteration
provided the agent is in a state where further expansion is still
possible. If there is no valid action available, a random action is
executed instead. This mechanism allows the planner to bootstrap
from previous computations, preserving long-horizon knowledge
while adapting to real-world deviations in execution.

The overall online planning loop combining these components
is summarized in Algorithm 1.

Algorithm 1 ANN-CMCGS — Online Planning Loop

1: procedure ANN-CMCGS(s, B, k, €)

2 Initialize graph G with root node vy < s
3 Initialize ANN index with vg

4 while task not complete do

5 fori=1toBdo
6

7

8

9

v, path < SELECTNODE(vy, €) > See "Node selection”
ExPANDGRAPH(v, path)

end for
a* < SELECTBESTACTION(1p)
10: (s’,v’) « ENVIRONMENTSTEP(a")
11: vy < INSERTWITHANN(2’, k) > See "Insertion using
ANN"
12: COLLECTGARBAGE
13: end while

14: end procedure

Node Selection. Starting from the root, the algorithm recursively
selects successor nodes according to the UCT criterion. To control
the effective width of the search tree in continuous action spaces,
we introduce a stochastic stopping criterion for tree descent. At
each iteration during node selection, the descent terminates with
probability €, in which case the currently selected node is expanded;
otherwise, with probability 1 — e, UCT-based selection continues to
a successor node. During UCT selection, only non-truncated suc-
cessors are considered, and nodes already contained in the current
playout path are excluded to prevent cyclic traversals. This ensures
that even though the underlying graph may contain cycles, each
playout remains acyclic.

Efficient Node Sampling. To maximize exploration efficiency dur-
ing node expansion, a fixed number D of candidate actions a; ~ A
are sampled from the continuous action space of the selected node.
Each action is simulated to yield a corresponding successor state
slf = f(s,a;). From these, the candidate that maximizes its mini-
mum distance to all existing children of the node is chosen, thereby
promoting dispersion in the reachable set:

(a*,s*) = arg max min
(ai,s}) vj€Children(ov)

d(s;,s;),

where d(-, -) is the heuristic state-space metric also used in the ANN
index. This diversity-based sampling favors actions leading to pre-
viously unexplored regions of the state space, reducing redundant
transposition checks and improving coverage efficiency. The initial
node utility is evaluated using the reward function from a random

rollout. The rollout performs a sequence of random actions of fixed
length and returns the reached state.



Insertion using ANN. For the sampled candidate state, an ANN
query is performed to detect approximate transpositions within a
defined similarity radius, using the heuristic state-space metric. A
consequence of the radius-based search is the possibility of finding
more than one transposition at a time. This promotes the high con-
nectivity in the graph further and allows for faster convergence of
Q-values. Since our implementation relies on HNSWIib', which does
support online insertion of new elements important for the iterative
graph expansion, it does not allow for a radius search natively. As
a consequence we perform the radius check after querying for a
large number of k neighbors which the implementation supports.
On the nodes returned by the query, the controller-based check is
performed to further filter out already connected transpositions
and to ensure actual reachability as well as create the edges that can
connect the given transposition. The edges found are inserted in the
graph. The candidate node itself is only inserted in the graph under
the condition that either no transposition was found, or no new
edge that has been created lead to a node with the same termination
or truncation flag: A critical node like one that truncated because
of an obstacle collision should be included if it carries new infor-
mation that is not yet available by the transpositions detected. This
is visualized in Figure 1. The HNSW index is updated accordingly
if a new node is inserted in the graph. This expansion mechanism
balances computational efficiency with robust graph coverage.

Backpropagation. As with every iteration more than one new
edge can be created at a time, both the edge and the associated
target node are updated according to the update rules outlined
in Algorithm 2. After that, the remaining backpropagation is per-
formed along the playout path in reverse order until the root node
has been reached. A related concern to the possible cycles in the
node selection arises during backpropagation, where Q-values are
mutually dependent. However, because playout paths are cycle-free,
each backpropagation step remains finite. This problem also has
major implications for the convergence of Q-values discussed in
the limitations section.

Garbage Collection. In some domains, such as space—time plan-
ning, the search graph may have an inherent temporal structure
where actions can only progress forward in time. As a result, nodes
may eventually become impossible to reconnect, for example, when
their associated timestamps are in the past. During ANN lookup,
these outdated or unreachable nodes can accumulate and degrade
computational efficiency. To address this, a periodic garbage-collection
strategy can remove nodes based on their lifetime or reachability,
keeping the graph compact and focused on the relevant regions
of the state space. Although this process may temporarily discon-
nect certain nodes or subgraphs, they can be naturally reconnected
during subsequent graph expansions.

5 EXPERIMENTS

The Continuous Monte Carlo Graph Search (CMCGS) algorithm
was originally proposed for closed-loop control in continuous do-
mains, where online decision-making proceeds incrementally through

!https://github.com/nmslib/hnswlib

Algorithm 2 Graph expansion

1: procedure EXPANDGRAPH(v, path)
2: v, a < SAMPLENODE(v) > See "Efficient Node Sampling"
3: Vyew < INSERTWITHANN(0, v, a, k) > See "Insertion using
ANN"
foro,, €V, do
UPDATENODE(v},,.,,)
UPDATEEDGE(0, 0},,.,,)
end for
BACKPROPAGATE(v, path)
. end procedure
10: procedure UpDATENODE(v)
11: (Ey, V) « outgoing edges and child nodes from v
12: N(v) 1+ Y cg, N(e)
13 Q) « xg (U@ + Ziew)er,y) Ne) - Q")
14: end procedure
15: procedure UPDATEEDGE(v, ")
16: e « edge connecting v to v’
17: N(e) < 1+ N(e)
18: end procedure
19: procedure BACKPROPAGATE(v, path)
20: if path # 0 then

D I A L

21: Uparent < path.pop()

22: UPDATEEDGE(Uparent, 0)

23: BACKPROPAGATE(Upgrent, path)
24: end if

25: end procedure

repeated replanning. In this work, we show that while CMCGS per-
forms well in control domains, it struggles in more exploration
heavy online planning tasks like robotic motion planning.

Our experimental evaluation therefore focuses on motion plan-
ning problems, not to benchmark motion planning itself, but as one
way to test the generality and robustness of CMCGS and our pro-
posed ANN-CMCGS extension, which requires more exploration
on longer planning horizons. These environments expose structural
limitations of layered graph search such as its inability to leverage
cyclic reachability, providing a controlled setting for comparing
both methods under identical computational budgets. For this, we
focus on planning in space (rather than space-time) for all new
benchmarks proposed, with one additional benchmark from the
CMCGS baseline that has inherent temporal structure and therefore
does not allow cycles.

We focus our comparison on CMCGS as it has already been
shown to outperform alternative Monte Carlo and sampling-based
planning approaches (e.g., MCTS, VOOT, CEM) by a wide margin in
continuous control and therefore serves as the strongest available
baseline. Our goal is to demonstrate that ANN-CMCGS preserves
the efficiency of CMCGS in its original regime while extending its
applicability to richer online planning domains where the baseline
fails. Our goal is to demonstrate that ANN-CMCGS retains the
efficiency and scalability of CMCGS in its intended regime, while
additionally handling the richer dynamics of motion planning tasks
that render the baseline inapplicable.
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5.1 2D Navigation Environment

We adopt the 2D Navigation environment from the CMCGS paper
by Kujanpaa et al. [13]. In its original form, the dynamics represent
those of a 1D double integrator, since the robot advances along
the x-axis with fixed velocity and only needs to regulate its lateral
position. As this poses more a continuous control problem, where
the controls have to be very precise to solve the problem, it requires
fine control and exploration in the action space in its only dimen-
sion, making it easy to solve for both CMCGS and MCTS variants
that do not leverage transpositions. This is substantially different
to the higher dimension problems that can actually leverage high
connectivity from transpositions like apparent in motion-planning
problems. In addition, the fixed velocity along the x-axis imposes
the temporal structure, making cycles impossible as there is an
explicit relation of the robot-environment interactions with the
current environment step. We extend this environment with pro-
gressively more complex robot dynamics: 2D single integrator, 2D
double integrator and single integrator unicycle. All benchmarks
use a similar sparse reward structure to isolate search efficiency
from task-specific design: Rewards give a positive signal only when
the environment returns success for a given state. However, for
the original benchmark, we did not change the reward structure
to ensure consistency comparing to the baseline method. For this,
a small reward was given for any environment step that does not
truncate. Since we use the same hyperparameters that were pro-
posed in the published work, tweaking the reward structure too
much could impact the performance of the baseline method, re-
quiring adjustments to the hyperparameters. However, the original
benchmark is ensured to terminate after nine steps or truncate after
ten steps. In the scenarios we propose, the agents could traverse
the environment in infinite steps or until the episode is terminated.
Giving a reward for every step not truncating would therefore pro-
mote behavior like going in circles, artificially increasing rewards
without making actual progress. Additionally, the baseline rewards
function gave a slight penalty for stronger control inputs. While
this makes sense for controller design where a controller is often
supposed to minimize control input either for stability, time saving,
or for energy efficiency purposes, here we focus on the general
ability to find feasible solutions within as little steps as possible,
which would dominate the effect of conserving time and energy.
The reward function for any given step therefore is given by

R(s) =0.01 - =truncip(s) + 0.97 - term(s) — 1 - trunc(s) (1)

where term(s), denotes the environment’s return of a success-
ful termination flag and trunc(s) a truncation flag respectively.
truncp(s) denotes truncation if the current environment uses 1D
double integrator dynamics, mirroring the reward of the original
benchmark as closely as possible. Each of these functions returns
r € {0, 1} depending on if the flag returned is True or False.

5.2 Robot Dynamics

The dynamics for the single integrator, double integrator, and uni-
cycle models follow standard formulations. The dimensionality of
their respective state and action spaces is shown in Table 1. The
increasing nonlinearity and coupling in these dynamics lead to
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Figure 2: Visualization of the navigation graph in configura-
tion space built during execution using 2D single integrator
dynamics starting from the left towards the goal denoted by
the large green cross. The green circle with the black outline
indicate the current position of the agent and its planned tra-
jectory for the next steps. The color of the remaining nodes
indicate their current Q-value. Nodes denoted by a black cross
indicate a truncation, whereas the green node close to the
goal denoted by "+" indicate a termination.

Table 1: Benchmark environments and robot properties.

Environment State Dim. Action Dim.
1D Double Integrator 2 1
2D Single Integrator 2 2
2D Double Integrator 4 2
Unicycle 3 2

more challenging exploration and highlight the scalability limits of
methods relying on strictly layered graph representations.

5.3 Computational Budgets and Online
Execution

All methods compared operate under identical computational bud-
gets for each environment step. After every planning cycle, the
best action returned by the planner is executed, and the resulting
new state is inserted into the existing search graph using the ANN
index. This procedure allows to reuse previous computations across
time steps, supporting a closed-loop online planning setting under
realistic computational constraints.

5.4 Optimal Control with CasADi

To verify transpositions and ensure local dynamic feasibility, we use
a simple finite-horizon optimal control formulation implemented in
CasADi [2]. Given an initial state sy and a target s*, the controller
optimizes a sequence of control inputs ao.7—; over a fixed horizon
H, matching the rollout length used during graph expansion. The
cost function penalizes deviation from the target state while re-
specting system dynamics. CasADi’s symbolic differentiation and
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Figure 3: Performance of ANN-CMCGS (ours) and CMCGS
with unicycle dynamics across increasing node expansion
budgets. Results averaged over 20 episodes; error bars show
standard error of mean.

IPOPT solver are used to compute the control sequence. While this
is not necessarily the most efficient approach for any given dynamic
system and therefore renders experiments on wall clock time less
meaningful, this consistent setup ensures fair and comparable reach-
ability checks across all dynamics models covered here. In practice,
computationally efficient specialized controllers would be used to
overcome the bottleneck of solving optimal control problems.

5.5 Hyperparameter Tuning

Hyperparameters such as exploration coefficients, rollout length,
and controller weights strongly influence planner performance
and are sensitive to both the system dynamics and the reward
structure. To ensure a fair comparison between methods, we ap-
plied Bayesian optimization to tune the hyperparameters of the
CMCGS baseline on each benchmark except the one originally cov-
ered. The optimization maximized the final episode return over a
fixed evaluation budget using Gaussian process regression with
an expected-improvement acquisition function. For ANN-CMCGS,
we adopted the same hyperparameters across all benchmarks with
only minimal manual adjustment, emphasizing robustness over
problem-specific tuning. This setup deliberately favors the base-
line by allowing automated optimization while keeping our method
mostly hand-tuned. The resulting configuration provided a balanced
trade-off between stability and exploration efficiency, demonstrat-
ing that ANN-CMCGS performs competitively without extensive
hyperparameter search.

5.6 Results

2D Navigation Environment . The results across all benchmark
environments are summarized in Table 2. As expected, both CM-
CGS and ANN-CMCGS solve the original 1D single-integrator task
with identical performance, confirming that the proposed modifi-
cation preserves the strong efficiency and convergence properties
of the baseline in control-oriented settings. However, even MCTS
(using the same parameters as ANN-CMCGS with disabling trans-
position detection by setting the radius for nearest-neighbor search
to zero) solves the benchmark with a high success rate, confirming
that the benchmark is not suitable to fully show the advantage of
transposition usage.

However, performance differences become pronounced as the
dimensionality and dynamic coupling of the environment increase.

In the 2D single-integrator and double-integrator benchmarks, CM-
CGS exhibits a sharp degradation in both success rate and average
return, frequently failing to reach the goal within the allocated
planning budget. In contrast, ANN-CMCGS maintains substantially
higher success rates and positive average returns, highlighting its
improved ability to explore and reuse previously discovered states.

The trend continues in the unicycle environment, where non-
linear dynamics and cyclic reachability pose significant challenges
to strictly layered search. Here, ANN-CMCGS achieves nearly three
times the success rate of CMCGS under identical computational
constraints.

Budget Analysis. As shown in Figure 3, ANN-CMCGS achieves
high rewards on average with aslittle as 50 node expansions per step
with increasing computational budget having little effect, although
a budget of 200 node expansions per step led to a success rate of
100% achieving the maximum reward of 0.97 . In contrast, CMCGS
shows no improvement even when the budget is increased fourfold,
indicating that additional computation does not translate into better
planning or higher success rates in this setting. This highlights a
fundamental difference in how the two methods scale with budget
and their ability to leverage extra resources for reliable performance.

Overall, our experiments suggest that while CMCGS performs
well in settings aligned with its original design for closed-loop
control, its performance degrades in exploration-heavy online plan-
ning tasks with possible cycles. ANN-CMCGS consistently outper-
forms the CMCGS baseline under these conditions, demonstrating
that the additional flexibility from handling cycles and iterative
graph expansion enables more effective reuse of previously explored
states. However, even with increased computational budgets, the
performance gap remains bounded particularly in the most complex
benchmarks. This indicates that the proposed tasks are sufficiently
challenging to reveal nuanced differences between methods that
simpler benchmarks, such as the original 1D double integrator
dynamics, fail to expose.

In summary, these results suggest that ANN-CMCGS preserves
the efficiency of the baseline in control-oriented tasks while extend-
ing its applicability to richer, more exploration-driven planning
problems. This highlights its potential as a more general tool for
continuous decision-making without sacrificing computational effi-
ciency.

6 LIMITATIONS

Although ANN-CMCGS shows strong performance and scalabil-
ity, several limitations remain. Performance wise, the most critical
bottleneck is the controller query, which can dominate runtime
during transposition verification. Future work could should learn-
ing based methods for reachability checks, reducing the number of
expensive controller calls. Alternatively, more efficient controller al-
gorithms could be derived for specific dynamics models to improve
computational efficiency.

Another open challenge is node selection. Ideally, the graph
should expand preferentially at the boundaries of the explored re-
gion rather than inside already well-covered areas. The current
selection criteria only ensure that all nodes are selected infinitely



Table 2: Comparison across all benchmarks. Each benchmark lists results using the same configuration parameters (computa-
tional budget per step indicated, where the budget is the number of nodes expanded during each step). Each benchmark was

performed over 15 episodes.

Benchmark Method Avg. Reward () Std. Reward Avg. Steps (]) Success % ()

1D Single Integrator (50) ANN-CMCGS 1.060 0.000 2.0 100.0
CMCGS 1.060 0.000 9.0 100.0
MCTS 0.929 0.491 9.1 93.3

2D Single Integrator (50) ANN-CMCGS 0.776 0.388 26.7 80.0
CMCGS -0.475 0.871 12.7 26.7

2D Double Integrator (100) ANN-CMCGS -0.145 0.943 21.3 40.0
CMCGS -1.000 0.000 2.8 0.0

Unicycle (50) ANN-CMCGS 0.841 0.330 26.7 86.7
CMCGS 0.059 0.669 41.1 26.7

often and can lead to redundant local refinements. Adaptive ex-
ploration strategies that explicitly bias expansion toward frontier
nodes may further improve sample efficiency.

Finally, the theoretical properties of ANN-CMCGS require fur-
ther study. While tree/DAG-based methods ensure that statistics
propagate monotonically toward the root, different playout paths in
cyclic graphs may induce updates in opposing directions. This com-
plicates the theoretical analysis of convergence and completeness,
which we do not address in this work. Empirically, however, we did
not observe behaviors such as oscillatory expansion or repeated
switching between nodes. We partly attribute this to the stochastic
progressive widening approach used.

Additionally, the interaction between ANN recall errors, con-
troller quality, and the stochastic exploration process remains an
open area for rigorous analysis.

7 FUTURE WORK

Future work will broaden the evaluation of the theoretical proper-
ties of ANN-CMCGS and extend its algorithmic capabilities. This
includes testing on diverse continuous-control benchmarks to as-
sess generalization across system dynamics and reward structures,
clarifying the boundary between control-oriented and exploration-
heavy domains.

The ANN framework could be further leveraged beyond transpo-
sition detection, such as accelerating collision checking via ANN-
based obstacle maps, unifying search, reachability verification, and
safety within a scalable structure. Extending ANN-CMCGS to multi-
agent domains is another promising direction, enabling efficient
coordination through approximate transposition and reachability
checks in joint or factored state spaces.

Finally, integrating learning-based approaches could enhance
transposition detection and enable end-to-end optimization of ex-
ploration and evaluation within the ANN-CMCGS framework.

8 CONCLUSION

We introduced ANN-CMCGS, a generalization of Continuous Monte
Carlo Graph Search that uses approximate nearest-neighbor search
and a reachability-based transposition paradigm. The method sup-

ports sparse rewards and continuous dynamics, efficiently reuses
computational resources across planning steps, and extends to ar-

bitrary graph structures without being restricted to a specific task

domain, provided a local controller exists. By leveraging reachabil-
ity for transposition detection, it avoids strong assumptions about
the system model while remaining practical for high-dimensional
problems.

Across all introduced benchmarks, ANN-CMCGS achieves sig-
nificantly higher success rates and computational efficiency than
the original CMCGS baseline, solving instances where the baseline
fails. These results suggest that approximate graph-based search,
combined with controller-informed reachability, provides a power-
ful foundation for online planning in continuous domains, bridging
the gap between control and motion planning.
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