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Resumo

Dynamic Path Planning (DPP) in urban road networks is
challenging due to rapidly changing traffic conditions. While
deep reinforcement learning (DRL) enables adaptive rou-
ting, its performance heavily depends on how dynamic
information is represented. Existing methods either use
global dynamics, which are computationally expensive, or
simplified local dynamics, which may miss critical infor-
mation. To address this, we propose a Dynamics Fe-
ature Representation (DFR) framework that compresses
high-dimensional global dynamics into compact, decision-
relevant features. DFR uses a policy attention mechanism
to select key regions and refines them into node-centric fe-
atures via n-hop neighborhoods. This hierarchical design
enables efficient and near-optimal policy learning, impro-
ving both performance and convergence speed.

1. Introduction

Backgrounds. Recent studies have shown that time-
varying traffic conditions in urban road networks invalidate
the pre-planned routes, making DPP a critical problem [5].
RL provides a promising paradigm by learning adaptive
routing policies without relying on explicit traffic prediction
[1, 2]. However, its effectiveness heavily depends on how
traffic dynamics are represented in the state [3].
Challenges. 1) Existing methods either encode global dy-
namics with high computational cost [4] or rely on local ob-
servations that miss critical information , failing to capture
decision-relevant features [6]. 2) Current approaches do
not identify which parts of the dynamic environment influ-
ence decisions, leading to redundancy, weakened Markov
property, and degraded learning efficiency [7].
Contributions. 1) We propose a DFR framework that cons-
tructs a task-related subgraph by filtering global dynamics
through a policy attention mechanism, enabling decision-
centric feature selection. 2) We further introduce an n-hop
neighborhood intersection strategy to localize the represen-
tation around the agent while preserving task-relevant glo-
bal context, resulting in a compact yet informative state.
3) We demonstrate that DFR improves performance and
accelerates convergence by providing a low-dimensional,
decision-sufficient state representation for RL-based DPP.

2. Methodology

2.1 Problem Definition

Figura 1: The diagram illustrating how the policy function
handle dynamics sequence in MDP-based DPP. The colors
of the edges in the graph represent different dynamics.

The DPP problem is mapped into the finite-horizon and sto-
chastic MDP model as a 6-tuple M = (S,A, T, R, γ,H):
• State space S denotes the set of all possible states, and
a state st ∈ S = {vt, vg, ft} consists of the current node
vt, the goal node vg = vj, and the dynamics features ft.

• Action space A ⊆ Rm is the set of possible actions taken
by the agent, and the action at = {0, 1, . . . , na} is desig-
ned to move to one of na neighbors of vta in the graph.

• Transition function T : S ×A× S → [0, 1] defines the pro-
bability of transitioning from current state st to next state
st+1 after taking action at, that is, T (st+1|st, at).

• Reward function R : S × A × S → R guides the agent to
achieve the goal by assigning a numerical reward to its
each transition (st, at, st+1).

R(st, at, st+1) = −c(vt, vt+1;Wt) + b · I(vt+1 == vg) (1)

where b ∈ R+ is a constant reward for reaching the goal
node, and c(·, ·) is the traffic cost of two nodes.

• Discounted factor γ ∈ [0, 1] is used to balance between
the future reward (γ → 1) and immediate reward (γ → 0).

• Time horizon H ∈ N+ is the maximum number of steps,
that is, t ≤ H. If the agent cannot reach the goal within
H steps, the task ends in failure.

2.2 Dynamic Feature Representation
Given a DPP task τ = (vs, vg;W:T ), and the state st =
{vt, vg; ft}. DFR is a three-level process, refining the glo-
bal information into a compact, decision-relevant state.

W:T
τ,Ψ7−→ W′

:T
vt,Φ7−→ W′′

:T (2)

• Global dynamics features W. At decision step t, the full
graph’s edge weights Wt serve as the dynamics feature
ft, i.e., st = (vt, vg;Wt), where vt is the current node. Wt
is high-dimensional and redundant.

• Task-related key features W′. To reduce redundancy
while retaining essential information, we define a key
subset W ′

t(τ ) = Ψ(τ,Wt), where Ψ is a function that ex-
tracts partial dynamics from Wt, that is, W ′

t ⊆ Wt. For-
mally, for task τ , W ′

t is sufficient if the optimal policy con-
ditioned on it approximates the policy conditioned on Wt:

π∗(vt, vg;W ′
t) ≈ π∗(vt, vg;Wt) (3)

• Node-related local features W′′. We further define
node-related local features W ′′

t (v
t) = Φ(W ′

t , v
t), where Φ

is a function that maps W ′
t to a lower-dimensional subset

W ′′
t associated with the current node vt.

π∗(vt, vg;W ′′
t ) ≈ π∗(vt, vg;W ′

t) (4)

• Theoretical basis. Predictive State Representations
(PSR) provide a theoretical foundation [8]. PSR posits
that the state of a system can be defined by predicti-
ons of future observable outcomes given possible action
sequences, without resorting to latent variables. In this
sense, W ′′

t serves as a predictive representation of the
state: it encodes sufficient information to forecast the ef-
fects of future actions, thereby ensuring that the optimal
policy based on W ′′

t approximates the policy based on
the full dynamics sequence W:T :

π∗(vt, vg;W ′′
t ) ≈ π∗(vt, vg;W:T ) (5)

2.3 Dynamics Feature Extraction

Figura 2: The diagram of dynamics feature using policy at-
tention and n-hop neighborhood method. The colors of the
edges in the graph represent different dynamics.

Policy attention for Ψ. The policy attention mechanism le-
verages a distance-based optimal policy π∗d to compute the
shortest paths from vt to vg. The paths derived from π∗d are
ranked by length, and the top-k shortest paths are selected
to form a subgraph G′ = (V ′, E′), where the parameter k
controls the trade-off between completeness and compact-
ness: a smaller k may omit critical paths, whereas a larger
k may introduce redundant information.
n-hop neighborhood for Φ. Let N i(vt) denote the i-th or-
der neighbors of vt, and V ′ and E′ are the node set and
egde set of G′, respectively. The local node set of vt is then
defined as

Vl(v
t) = N 0(vt) ∪N 1(vt) ∪ · · · ∪ N n(vt) ∩ V ′

and the corresponding edges form the node-related sub-
graph. The weights of these edges define the local dyna-
mics feature

ft = W ′′
t (v

t) = {w(vi, vj; t) ∈ E′ | vi, vj ∈ Vl(v
t)}

n determines the spatial scale of W ′′
t : smaller n captures

highly localized dynamics but may overlook broader con-
text, while larger n expands coverage but increases dimen-
sionality and computational cost.

3. Results and Discussions

Figura 3: Urban road network of three cities or districts.
For each region, a center node and radius are specified,
and this range is extracted to form a subgraph (magenta).

Three baseline RL algorithms: DQN [9], PPO [10], and
GCN+DQN [1], which are evaluated both with and without
DFR. Four metrics: Mean GAP, Success Rate (SR) , Com-
pactness Rate (CR), and Planning Time (PT).

Figura 4: Performance comparison of different algorithms
across three regions. ”DFR”stands for our framework, while
”AD”refers to the use of All Dynamics features.

Main results. As shown in Figure 4, our DFR framework
achieves the fastest planning among RL baselines while
maintaining high performance, by reducing feature dimensi-
onality and the computational overhead for collecting dyna-
mics features. The average path planning time is 8.18± 1.74
ms for DQN/PPO and 27.26 ± 6.8 ms for GCN+DQN, which
are reduced by 85.59%, 46.08%, 79.32%, respectively.

Figura 5: Top: Performance headmaps of the models under
various combinations of k and n. Bottom: Training curves
under k = 0.6 with varying n.

Ablation study. Compared with n, k has a more complex
and less predictable impact on model performance, which
poses greater challenges for parameter tuning. Therefore,
based on these systematic conclusions from small-scale
experiments, it is recommend that in large-scale graph de-
ployment, configurations with moderate k and smaller n
should be preferred. n increases until the aggregation
boundary of n is found, and k can be further explored.
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