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Abstract

We present PING (Physics-Informed Neuro-Symbolic Gener-
ator), a novel, continuous planning framework that leverages
untrained neural networks as generative function approxima-
tors to synthesize high-fidelity trajectory candidates without
data or training. Departing from conventional hybrid plan-
ners that oscillate between discrete search and numerical op-
timization, PING operates natively in continuous function-
valued action spaces, embedding symbolic constraints di-
rectly into the generation process. We introduce a gener-
ative mechanism where neural networks produce function-
space candidates that are structurally guaranteed to satisfy
boundary conditions using symbolic rules, thereby circum-
venting discretization artifacts and the local minima traps in-
herent to gradient-based trajectory optimization. To ensure
feasibility, a rigorous verification engine exploits automatic
differentiation to validate candidates against domain-specific
differential equations and manifold constraints. This archi-
tecture enables a dual-mode strategy: a primary generation
phase for rapid solution synthesis, backed by an iterative re-
finement mechanism when validation fails. By decoupling
generation from optimization, PING provides a training-free
framework that can be instantiated for different domains via
domain-specific dynamics and constraints. Empirical eval-
uation across navigation, reservoir control, and HVAC do-
mains demonstrates highly efficient runtime performance and
broader coverage, with planning latencies reduced to seconds
through massive parallel verification of thousands of sym-
bolic candidates.

Code — https://github.com/mahyar-jahaninasab/PING

Introduction

Planning, a fundamental challenge in robotics and con-
trol theory, involves generating dynamically feasible and
safe trajectories under a wide range of operational con-
straints and environmental conditions (Testouri, Elghazaly,
and Frank 2023; Vu, Migimatsu, and Bohg 2024). The
evolution of planning algorithms has been marked by a
persistent trade-off between computational tractability and
solution quality. Early sampling-based methods, such as
Rapidly-exploring Random Trees (RRT), suffer from slow
convergence and the curse of dimensionality, making them
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difficult to scale to high-dimensional spaces (Chen and
Wang 2022; Nasir et al. 2013). Their iterative, node-by-node
exploration is computationally intensive and relies on spatial
and temporal discretization, introducing artifacts that pre-
vent the full exploitation of the system’s underlying differen-
tial constraints (Zhang and Li 2024; Elango et al. 2024). As
a result, these discrete approaches are fundamentally mis-
matched to continuous domains: they cannot directly encode
or leverage the smooth structure of the system dynamics,
failing to reason over the full continuum of states and ac-
tions that the system can realize.

In response to these limitations, continuous planning ap-
proaches emerged, leveraging optimal control theory to gen-
erate smooth, executable motions. Methods integrating Con-
trol Barrier Functions (CBFs) and Control Lyapunov Func-
tions (CLFs) provide formal guarantees on safety and sta-
bility by embedding these properties directly into the con-
trol law (Mori, Mori, and Kuroe 1997; Ames et al. 2019).
Similarly, Model Predictive Control (MPC) frameworks of-
fer a formulation for optimal trajectory generation (Mit-
tal et al. 2020). However, when applied to offline planning
to generate complete trajectories at once, solving the ex-
act, nonlinear optimal control problem over a full temporal
horizon becomes highly computationally demanding. Un-
like parallelizable sampling methods, relying on classical
optimization techniques to resolve the entire sequence of
states translates into a large-scale nonlinear programming
problem. This scales poorly with horizon length and system
dimensionality, creating a significant computational bottle-
neck for fast offline planning, even when utilizing state-of-
the-art solvers (Cimini et al. 2021; Mohanty et al. 2022).

Recent attempts to narrow this speed—accuracy gap have
turned to machine learning (Jiménez et al. 2012). New ap-
proaches, such as physics-informed neural networks, in-
crease solution quality by embedding differential equations
and stability conditions directly into the training loss (Koko-
lakis et al. 2025; Lai et al. 2025). These new approaches
reframe planning as prediction even though the inference
task is orders of magnitude faster than online optimiza-
tion (Zhou et al. 2024). However, despite their rapid in-
ference capabilities, these methods remain constrained by
their strict reliance on extensive offline training and prior
data generation. The network approximates a solution map,
but minimizing a loss provides no guarantee that the re-



sulting trajectories satisfy hard constraints reliably (Xu and
Pan 2024). To bridge the gap between fast prediction and
continuous planning, we introduce PING (Physics-Informed
Neuro-Symbolic Generator), a training-free framework that
uses untrained neural networks as generative bases to pro-
duce high-fidelity, dynamically feasible trajectories. Unlike
purely learning-based approaches that rely on soft constraint
approximations, PING embeds explicit symbolic verifica-
tion directly into generation. The network produces diverse
function-space candidates that inherently satisfy boundary
conditions, avoiding discretization artifacts and local min-
ima common in sampling and gradient-based optimization.
PING employs a dual-mode strategy: a rapid single-pass
generate-and-verify phase, followed by iterative refinement
that warm-starts from feasible candidates. By decoupling
candidate generation from sequential numerical optimiza-
tion and enabling parallel verification, PING reduces practi-
cal sensitivity to the number of constraints.

Problem Definition

We begin by formally defining the continuous planning
problem. Our problem formulation adapts the definition of
a deterministic metric hybrid planning problem proposed by
(Say and Sanner 2019). While their work focuses on hybrid
discrete-continuous systems, we extend this formulation
specifically for continuous function-valued action spaces to
address the novelty of our approach.
A continuous planning problem is defined as a tuple II =
(S,A,F,C,I,G, M), where:
¢ S is the vector of continuous state variables.
¢ A is the vector of continuous function-valued action vari-
ables.
* F' denotes the transition dynamics governed by Ordinary
Differential Equations (ODEs).
e ('represents the hard constraints on state and action vari-
ables.
¢ [ and G denote initial and goal state constraints, respec-
tively.
e M is the cost function to be optimized.

State and Action Spaces The system state is defined by a
vector of continuously differentiable state variables S(t) =
(51(t),...,8,(t))" defined over ¢ € [0, T]. The actions are
functions A(t) (ai(t),...,am(t))" that directly influ-
ence the derivatives of the state variables.

Transition Dynamics The system evolution follows a set
of ODEs acting as the continuous analogue to discrete tran-
sitions. We formulate the transition dynamics such that for
each state variable s;(¢) € S, the dynamics of its highest-
order derivative p; € P are determined by:

dPi S (t)
dtr: M

where D? S(t) collects all lower-order derivatives. This spe-
cific formulation is chosen to capture complex physical de-
pendencies inherent in continuous domains, such as thermo-
dynamic couplings, which simpler dynamical models often
overlook.

= fi(S(®), DT S(t), A(t)).,
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Hard Constraints and Goals
following conditions:

Valid plans must satisfy the

* Initial State (I): Specifies starting values for state vari-
ables: s;(0) = VL.
» State and Action Constraints (C'): Hard algebraic or
logical restrictions on the state and action variables,

C(S(t), A(t)) < 0, which must be satisfied V¢ € [0, T].
» Goal State (G): Defines goal constraints s;(7}) = V.

Objective and Solution A solution to II is a tuple
(A(t), Ty) representing a feasible state evolution from the
initial state I to the goal state G, updated by the transition
dynamics F' that satisfy constraints C over time ¢ € [0, T].
The optimal solution is a solution that minimizes the cost
function:

Ty
M(A(t), Ty) = /0 R(S5(t), A(t) dt + AT (2)

where R is a state and action cost function over time and
ATy penalizes the makespan for some weight \.

Methodology

We now introduce Physics-Informed Neuro-Symbolic Gen-
erator (PING) in order to solve II effectively. Unlike previ-
ous paradigms that rely on solving the sequential optimiza-
tion problem, we reformulate planning as a parallel infer-
ence task over a solution space. Our approach operates as a
high-throughput pipeline consisting of three stages:

1. Batched Generative Synthesis. A batch of untrained
neural networks generates candidate solutions fixed to
initial I and goal G states;

2. Parallel Verification. A dual-stage filter to eliminate
candidate solutions violating hard constraints C,

3. Physics-Informed Refinement. A fallback mechanism
that fine-tunes solutions when the initial generate-and-
verify pass is insufficient.

This architecture decouples the sampling, the verification
and the refinement processes, enabling massive parallelism
while maintaining strict adherence to modelled constraints.
An overview is provided in Figure 1 (i.e., at the top of Figure

D).

Batched Synthesis with Analytical Pinning

The aim of the first stage is to effectively sample candidate
solutions in parallel that satisfy initial and goal states. We
employ a batch of untrained neural networks, parameterized
by 6, which maps a time coordinate to a batch b € B of
candidate state trajectories such that:

3)

Rather than hoping the network learns the initial and goal
state constraints via a loss function, we enforce them via a
deterministic Analytical Pinning Layer. This layer acts as a
differentiable bridge, transforming the raw network output
into a valid trajectory. We define a linear bridge LB(t) that
interpolates from the initial state I to the goal state G, and

S [0,Ty] — R™.
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Figure 1: (Top) Our full end-to-end PING pipeline, where a latent batch is processed through the generator. (Bottom) Visual-
ization of the three stages of PING after the analytical pinning layer for the Navigation 2D domain: (a) Output of the Batched
Generative Synthesis stage, producing a diverse set of candidate solutions; (b) Results after Parallel Verification stage; (c) Final

solution after Physics-Informed Refinement stage.

a gating function H (¢) that vanishes at the boundaries of [
and G:

LB(t) =V (Ty —t)+ VY ¢
H(t)=t-(Ty —1t)

“
&)

The final trajectory S(®)(¢) is synthesized by modulating
the raw output with the gate and superimposing it onto the
bridge:

SOV(t) = LB(t) + H(t) ® S(¢) 6)

where © denotes element-wise multiplication. By construc-
tion, H (t) forces the raw signal to satisfy the initial and the
goal state constraints at t = 0 and ¢t = T, regardless of
the network weights 6. In our training-free setting, this pro-
vides a simple, deterministic way to encode I and G into the
representation without introducing additional optimization
terms. If one were to train the network in future extensions,
boundary feasibility would not need to be enforced through a
loss; instead, optimization could focus on the unconstrained
topology of the state trajectory between the initial and goal
states.

Parallel Symbolic and Physical Verification

Once a batch of candidate trajectories g(t) is synthesized,
we assess their validity. That is, we first apply the cheap
symbolic logic to filter violations of C, and then apply the
expensive differential operations to check feasibility of F'.
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Symbolic Constraint Verification We verify constraints
C (e.g., obstacle avoidance, safe zones) by applying struc-
tured Boolean logic over the batch S(t) Rather than rely-
ing on a coarse predefined time grid, constraints are im-
plemented as differentiable predicates applied to the con-
tinuous state trajectory representation and evaluated via
dense numerical quadrature. For a candidate state trajectory

S éb) (t) € S(t) to be retained, we require that all constraints
hold for all evaluation points along its execution over the
interval [0, Tf] If any point along the state trajectory vio-
lates constraint C' beyond a small numerical tolerance ¢, the
entire state trajectory is discarded. This deterministic filter-
ing (with respect to the chosen quadrature scheme and toler-
ance) yields a subset of candidates S¢ () C S(t).

Trajectories in Sc(t) therefore satisfy the constraints C'
on the state variables within the resolution of our contin-
uous time representation, and subsequent cost evaluation
M is restricted to this subset. Following this, we com-
pute the reward for each candidate in S¢(t) by integrat-
ing R(S(t), A(t)), ensuring that cost evaluation occurs ex-
clusively over candidates that pass the constraint violation
check.

Continuous Feasibility Verification via Automatic Differ-
entiation Fundamentally, the neural network operates as a
continuous function approximator, mapping the time inter-
val t € [0, 7] directly to the state space S(t). Unlike clas-



sical state representations that suffer from discretization er-
rors, the neural network employs smooth, differentiable acti-
vation functions (e.g., tanh, o). This guarantees that the gen-

erated state trajectories S (t) are continuous, ensuring that

the time derivatives gc(t) exist analytically and are well-
defined at every point in the continuous time domain. Con-
sequently, we do not need to solve the Initial Value Problem
via numerical integration to generate a state trajectory. In-
stead, we invert the problem, that is, we treat the generated
state trajectory Sc(t) as the ground truth and measure its

local deviation from the ODE. We compile S¢ () as a fully
differentiable computation graph as visualized in Figure 1,
dSc(t)

and calculate the exact time derivative via automatic
differentiation with respect to the input time. We then verify
adherence to the system dynamics F' by comparing this ana-
Iytical derivative against each f;. We quantify the infeasibil-
ity of each state trajectory in the batch via the ODE residuals
as Fopp

Ty || &
Fur(Sc(t), A(t)) = I}f /0 dsift)
- F(Sc(t)7 DPSc(1), A(t)) i dt.
i @)

which measures the magnitude of the violation between

the network’s output slope and the ODE-based slope. Here,

%i(t) is computed via automatic differentiation with re-

spect to time, and Aq r(t) is obtained, when required, by
solving an inverse optimization problem. For a batch of state
variables, we aggregate the state variable wise residuals into
a batched quantity. Only trajectories exhibiting a vanishing
residual (up to a small numerical tolerance) are retained for
the final selection stage.

Solution Selection and Physics-Informed
Refinement

Our architecture executes the synthesis and verification steps
in a single forward pass. The final decision logic operates on
the resulting set of verified candidates.

Direct Solution Selection We first identify the set of fea-
sible state trajectories S¢ r(t) C Sc(t), and the respec-

tive feasible actions Ac} r(t) where the ODE residuals on
F' fall below a numerical tolerance ¢;. If this set is non-
empty, the optimization problem is effectively solved in a
single generate-and-verify pass. We simply select the best
trajectory x* that minimizes the objective function M:

X = arg min M(A(CZ?F(t), T}b))

f;-b) GTf 7A(C,?,)F (t)eAc7F (t)

®)

This mechanism allows the solver to bypass iterative opti-
mization entirely when the generative model successfully
samples a valid solution.
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Physics-Informed Guided Refinement In complex sce-
narios where the random seed does not yield a feasible state
trajectory, we initiate the refinement stage. Rather than opti-
mizing from scratch, we construct a composite loss function
that uses the candidate solutions Sc(t) as warm starts. We
formulate a guided optimization objective that jointly mini-
mizes the ODE residual on F' and the cost M, and regularize

it by S¢(¢) such that:
min Fr (Sc (1), A(t)) + aM(A(t), Ty)

. 2 9
+8[Sct) - 5
where the output of generation phase serves as a fixed refer-
ence, representing the initial candidate trajectory with the
lowest Fe,,.. During optimization, the first term actively
minimizes the F,,.,. of the updated trajectory Sc(t), while
the term ||S¢(t) — S*(t)||2 acts as a regularizer to ensure
the refined state trajectories do not deviate from the almost
feasible initial guess S*(¢). Note that o and ( are set to 1.0
across all experiments without any domain-specific hyper-
parameter tuning.

Experimental Results

We now present the results of our computational exper-
iments, evaluating the effectiveness of PING in approxi-
mately solving II.

Evaluation Domains

To assess the capabilities of our planner, we selected three
continuous control domains: Navigation, Reservoir Control,
and HVAC (Wu, Say, and Sanner 2017). These domains span
a diverse spectrum of complexities, from high-dimensional
geometric non-convexity to safety-critical state invariance.
Table 1 provides the formal specification for each domain
below.

Domain Brief Description
Navigation 2D Continuous control of an agent in a 2D
space with obstacles. Movement is based
2
on: ds;tm = a;(t).
Navigation 3D Similar to Navigation 2D in 3D space.

Continuous control of n connected reser-

voirs preventing overflow. Water levels sat-
ds; (t) __
di ) = > ey @i (t)—ai(t), where

J(z) are reservoirs flowing into i. Levels
maintained within safety limits.
Continuous HVAC management of a build-
ing with n rooms. Room temperatures sat-
isfy: S50 — ¢ Y (s (0) s () +
c2a;(t), where J (i) are adjacent rooms and
¢; are constants, and y € {1, 3}. Tempera-
tures maintained within desired limits.

Reservoir Control

isfy:

HVAC

Table 1: Summary of the domain descriptions for Naviga-
tion, Reservoir, and HVAC. n is the number of state vari-
ables.
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Figure 2: Results for Navigation 2D (left), Reservoir (center), and HVAC (right). Top: system behaviour, including the Nav-
igation trajectory from initial point to goal and state evolution in Reservoir and HVAC. Bottom: training dynamics, showing
duration loss (solid) and ODE loss (dashed) for Navigation, and ODE loss for Reservoir and HVAC.

Single-Pass Generate-and-Verify Performance
Across Domains

A defining characteristic of the PING architecture is its abil-
ity to synthesize promising state trajectories without itera-
tive optimization or domain-specific training. As previously
discussed, this is achieved through the Analytical Pinning
Layer, which analytically enforces initial and goal state con-
straints (I, G) for any network initialization under the as-
sumed model. By shifting the burden of feasibility on I and
G from learnable weights to a deterministic bridge func-
tion, PING transforms the planning problem into a high-
throughput parallel search over a function space.

Table 2 quantifies this single-pass generate-and-verify ca-
pability across three domains over 45 instances in Naviga-
tion 2D, Navigation 3D, Reservoir Control and HVAC. The
Coverage metric highlights the robustness of the generative
mechanism: PING successfully identifies at least one feasi-
ble solution in 90% of Navigation 2D and HVAC instances,
and 100% of Navigation 3D instances. The Reservoir do-
main proved most challenging (70% coverage), reflecting
the difficulty of randomly sampling trajectories that satisfy
the coupled differential constraints of the hydrological net-
work. The computational efficiency of the Parallel Verifica-
tion engine is evidenced by the discrepancy between total
synthesis time (f;oa1) and per-plan generation time (¢per-plan)-
For Navigation 2D, the system generates valid plans at an
amortized cost of 8 milliseconds. Even in the computation-
ally heavier Navigation 3D domain, where the search space
expands significantly, the system maintains a practical ex-
ecution window (21.47s total). Crucially, the Number of
plans column reveals the density of the feasible manifold. In
Navigation 2D, the generator is capable of frequently sam-
pling from rich feasible space of state trajectories, return-
ing up to 4000 feasible state trajectories in a single pass.
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Domain  Coverage Plans tper-plan (S) Liotar (8)

Nav 2D 9/10 (4000,0) 0.008 £0.015 3.39 +1.80
Nav 3D 10/10 (2085,1) 10.40 £ 10.17 21.47 £+ 3.03
Reservoir 7/10 (48,0) 1.18 £1.46 4.54 £ 1.77
HVAC 9/10 (54,0) 1.07 £1.36 5.09 + 2.02

Table 2: Coverage counts the number of instances with
at least one feasible trajectory. “Plans” reports (maximum,
minimum) feasible set size per batch. Zperplan and o are
mean =+ standard deviation over instances. Reservoir and
HVAC feasibility additionally require mean squared ODE
residual < 1073,

In contrast, the Reservoir and HVAC domains, which im-
pose strict ODE residual thresholds (< 10~?), yield signif-
icantly fewer survivors (max. 48 and 54, respectively). This
disparity aligns with the methodological constraint that fea-
sible state trajectories must satisfy both symbolic constraint
verification and continuous feasibility verification; the lat-
ter is a much stricter filter for random function approxima-
tors. While single-pass generate-and-verify coverage varies
by domain, the final physics-informed refinement recovers
feasibility across all instances, achieving 10/10 coverage for
all domains.

Comparative Analysis: PING vs. SCIPPlan

To benchmark against traditional optimization, we com-
pare PING (4-layer, 128-neuron MLP with tanh activations)
with SCIPPlan, a sequential convex programming planner
(Say and Sanner 2018, 2019; Say 2023; Hojny et al. 2025).
Table 3 presents the results for Navigation 2D/3D. The
transition from Navigation 2D to Navigation 3D reveals a
clear scalability gap. SCIPPlan achieves full coverage in



Navigation 2D Navigation 3D

Metric SCIPPLAN  PING  SCIPPLAN PING
Coverage 10/10 10/10 5/10 10/10
Total runtime 30.35 16.87 903.24 21.47
+53.00 +£14.41 +£945.20 +3.02
Cumul. Cost 8.96 24.78 8.46 46.41
+3.80 +7.77 +2.73 +15.29

Table 3: Summary of coverage, total runtime (mean, std),
and cumulative cost (mean, std) for Navigation 2D/3D. Note
that for Navigation 3D, reward metrics are reported only for
the five instances where both PING and SCIPPlan generated
feasible solutions.

2D (10/10 coverage) but degrades substantially in 3D, solv-
ing only 50% of instances with a sharp runtime increase
(903.24s). This slowdown is characteristic of optimization-
based planners that struggle with the non-convexity intro-
duced by higher-dimensional obstacles. Conversely, PING
demonstrates superior scalability. In Navigation 3D, PING
achieves perfect coverage (10/10) with a mean runtime of
only 21.47s—orders of magnitude faster than the baseline.
This performance resilience is a direct consequence of the
Batched Synthesis strategy described in the methodology.
Because PING samples functions rather than optimizing
waypoints sequentially, the added dimensionality does not
exponentially increase the complexity of the filtering step;
it merely requires verifying an additional state coordinate in
the parallel tensor operations. The Reward metric highlights
the trade-off. SCIPPlan consistently achieves lower costs
due to iterative convergence toward local optima, whereas
PING selects the best candidate from a sampled distribu-
tion. PING prioritizes rapid feasible solution discovery over
single-pass cost optimality. For fair comparison, physics-
informed refinement is applied to the best candidate in each
batch across all instances in Table 3. This improves feasibil-
ity: in Navigation 2D, coverage increases from 9/10 (single-
pass) to 10/10 (post-refinement). In Navigation 3D, reward
is reported only for the five instances where both methods
produced feasible solutions, ensuring comparable coverage.

Scalability and Hardware Constraints

All experiments were run on an NVIDIA RTX 1000 Ada
(6 GB VRAM) Generation laptop GPU. The methodology
employs domain-adaptive sampling. Namely, for Naviga-
tion where checking C' is the primary bottleneck, volume
is prioritized (10,000 candidate trajectories) via batched in-
ference. For Reservoir and HVAC, where F,,. constrains
the solution space, the search is restricted to a single batch
of 1,000 models. The results indicate that PING’s primary
bottleneck is GPU memory (VRAM) rather than computa-
tional complexity. As the batch size increases, the parallel
verification of symbolic constraints scales linearly in mem-
ory usage. However, unlike SCIPPlan, where runtime scales
superlinearly with the number of constraints |C/|, PING ver-
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ifies all constraints simultaneously across the batch tensor.
This architectural advantage suggests that PING is particu-
larly well-suited for highly constrained environments where
traditional sequential solvers face combinatorial explosion.

Refinement Design Trade-offs

The cumulative cost gap to SCIPPlan reflects two design
choices in PING’s refinement formulation:

1. Local Optimization with Conservative Geometric
Regularization: The term |Sc(t) — S*(¢)|3 constrains
refinement to remain within the initially feasible mani-
fold. For the navigation domains, this ensures collision
avoidance is preserved but prevents discovery of sub-
stantially different geometric configurations that might
achieve better time horizons. It should also be noted that
in some instances, the non-convex loss landscape pre-
vents gradient descent from finding better solutions, un-
like SCIPPlan’s global optimal control solver.

2. Fixed Multi-Objective Loss Weighting: Coefficients o
and (§ are hyperparameters set globally across all in-
stances, balancing ODE residual minimization, reward
optimization, and geometric feasibility. This uniform
weighting prioritizes constraint satisfaction over cost
minimization, which is appropriate for ensuring con-
straint satisfaction but sacrifices optimality on the objec-
five.

These limitations are architectural constraints of the neural
network-based refinement approach, not fundamental to par-
allel trajectory generation. Future work could address this
through learned parametrizations of time horizon or using
other solvers.

Scalability in High-Dimensional HVAC Systems

To evaluate scalability, we test PING on six additional
HVAC instances ranging from 10 to 60 rooms. These in-
stances are more challenging than the previous ones, as the
initial single-pass generate-and-verify stage fails when the
problem size exceeds the available sampling budget. The
difficulty is fundamentally combinatorial: a reward is ob-
tained only if all rooms simultaneously remain within their
comfort temperature ranges. Although the number of con-
straints grows linearly with the number of rooms, jointly
satisfying all of them becomes increasingly difficult as the
system scales. Despite the significantly harder task, PING
preserves robust performance, with normalized rewards of
0.090 at 10 rooms and 0.076 at 60 rooms, corresponding to
just a 15.6% reduction across a 6 times increase in dimen-
sionality. This stability results from two mechanisms: first,

the generative model produces AC, r(t), the set of feasible
state trajectories, providing a warm start that already sat-
isfies structural constraints; second, the refinement process
leverages direct derivative computation to optimize state tra-
jectories in the continuous function space, enabling efficient
local improvement without resampling or sequential explo-
ration. Lastly, runtime scales approximately linearly with the
problem size in PING, directly resulting in speed-ups. This
linear scaling contrasts sharply with exponential growth ex-
pected from sequential constraint satisfaction methods. The



[—0— Normalized Reward

—& Total Runtime

o

o

O

o
T T
N B o
o o o

Refinement (s)

Normalized Reward
©c o @
o o o
~ [} 2]
w o w

0.070

o

10 20 30 40 50 60
Problem Dimension (Number of Rooms)
Figure 3: The scalability of PING is demonstrated in the
HVAC Domain; as dimension scales from 10 to 60 rooms,
normalized reward (blue) remains stable while runtime (red)

scales linearly.

linear behavior reflects PING’s architectural design: batched
neural network generation synthesizes promising state tra-
jectories across high-dimensional action spaces in parallel,
while GPU-accelerated verification checks all constraints si-
multaneously. This parallelism avoids the sequential bottle-
necks that plague traditional optimal control solvers when
facing high-dimensional multi-objective optimization prob-
lems.

Related Work and Discussion

Continuous planning has traditionally relied on two com-
plementary approaches: classical optimization-based meth-
ods and, more recently, learning-based neural approaches.
PING bridges these paradigms by reformulating planning
from sequential constraint satisfaction to parallel manifold
inference over continuous function spaces, enabling orders-
of-magnitude speedups while empirically maintaining strict
constraint satisfaction up to numerical tolerances.

Classical Optimization and Control-Theoretic
Methods

Control theory methods such as Model Predictive Control
(MPC) and Control Barrier Functions (CBFs) are highly ef-
fective for online, closed-loop control. MPC with Lyapunov
constraints unifies planning and tracking by iteratively solv-
ing optimal control problems during execution (Csomay-
Shanklin et al. 2022), while CBFs combined with Con-
trol Lyapunov Functions (CLFs) reactively enforce safety
and stability constraints at each timestep (Reis and Aguiar
2024; Ames et al. 2016). In contrast to these online con-
trol methods that evaluate actions iteratively in the loop,
our work focuses specifically on continuos planning, gen-
erating complete, dynamically feasible trajectories proac-
tively without real-world interaction. Sampling-based plan-
ners such as RRT and PRM achieve probabilistic complete-
ness but exhibit poor scaling due to extensive node-by-node
exploration, introducing discretization artifacts that prevent
full exploitation of differential constraints (Kleinbort et al.
2018; Luo et al. 2023).

Unlike these sequential methods, PING eliminates iter-
ative optimization through parallel generation: rather than
solving a single Boundary Value Problem per problem in-
stance, it generates thousands of candidate trajectories si-

119

multaneously, filtering them via symbolic constraint verifi-
cation and continuous feasibility verification. This amortiza-
tion enables planning in seconds rather than minutes, while
maintaining the same hard constraints as the underlying con-
tinuous model, up to numerical tolerances.

Discretization Strategies in Hybrid Planning

Recent works on PDDL-based planners have explored mul-
tiple discretization strategies to bridge continuous and dis-
crete planning. Scala et al. (Scala and Vallati 2021) use lifted
reasoning to avoid combinatorial explosion in grounded
models, while Percassi et al. (Percassi, Scala, and Vallati
2023b) discretize the continuous-time planning problem into
the numeric planning problem, sacrificing fine-grained tem-
poral semantics for access to mature planning engines. Ex-
tensions such as multiple discretizations support variable
time steps across agents (Cardellini et al. 2024), and al-
low for plan repair methods when repairs become necessary
at discrete intervention points (Percassi, Scala, and Vallati
2023a). These approaches accept discretization error as a
trade-off for computational tractability. PING avoids explicit
time discretization: all trajectory generation and verification
processes operate on continuous-time differentiable func-
tion representations. The analytical pinning layer and auto-
matic differentiation-based verification compute ODE resid-
uals over the continuous representation without introducing
additional time-step quantization error, greatly reducing ac-
cumulated discretization artifacts inherent to PDDL-based
methods.

Physics-Informed and Learning-Based Planning

Physics-informed neural networks (PINNs) embed differ-
ential equations and boundary conditions as soft loss con-
straints to accelerate trajectory computation (Krishnapriyan
et al. 2021). However, minimizing loss functions does
not guarantee hard constraint satisfaction across all prob-
lem instances. Recent deterministic variants (hPINN, KKT-
hPINN) address this through strengthened constraint en-
coding (Xu and Pan 2024; Cheng and Na 2024; Zhou
et al. 2024; Kokolakis et al. 2025), demonstrating that sep-
arating constraint satisfaction from optimization can en-
able more reliable solutions. PING extends this insight by
making boundary-condition satisfaction structural and han-
dling other constraints through explicit verification. The
analytical pinning layer deterministically enforces bound-
ary conditions without penalty losses—not through learn-
ing but through analytical design. This is fundamentally
different from hPINN-style learned hard constraints, as
PING’s boundary-satisfaction property holds for any ran-
dom network weights 6. Gradient-based continuous plan-
ning methods such as TensorFlow Planning (Wu, Say, and
Sanner 2017) and related deep model-based planners opti-
mize open-loop action sequences (or policies) via automatic
differentiation in high-dimensional action spaces. These ap-
proaches demonstrate impressive scalability (hundreds of
thousands of continuous action parameters) but treat dynam-
ics and constraints through differentiable objectives, with-
out providing general hard constraint guarantees across all
states and times. Deep Reactive Policies (Bueno et al. 2019)



similarly parametrize policies with deep networks and train
them by gradient-based policy search in stochastic nonlin-
ear domains, leveraging differentiable models and reparam-
eterization. DRP-style methods can enforce simple action-
space bounds (e.g., via squashing or clipping), but they
do not provide formal satisfaction of richer state or trajec-
tory constraints; constraint handling remains embedded in
the loss and training process rather than being structurally
guaranteed. PING achieves comparable scalability through
batched parallel generation while requiring zero training:
constraint satisfaction is enforced analytically at the repre-
sentation level and verified symbolically, rather than being
optimized statistically over data.

Generative and Diffusion-Based Approaches

Diffusion models leverage parallel sampling to generate di-
verse trajectory candidates, avoiding sequential optimiza-
tion bottlenecks. Methods such as Motion Planning Diffu-
sion (Carvalho et al. 2023) and PRESTO (Seo et al. 2025)
can generate thousands of candidates in parallel. However,
generated trajectories do not inherently satisfy constraints;
subsequent verification or refinement steps often reveal vi-
olations. These recent works reintroduce optimization into
the denoising process to enforce constraints, sacrificing the
parallel efficiency advantage. PING preserves parallelism
while ensuring feasibility: the analytical pinning layer en-
forces boundary satisfaction by construction before verifi-
cation, and symbolic constraint checking operates over the
continuous domain without coarse discretization. Unlike dif-
fusion methods that generate trajectories post-hoc and then
refine, PING embeds constraints directly into the generation
architecture, reducing a posteriori violations from the outset.

Temporal Logic and Dense-Time Planning

Theoretical work on dense-time semantics (Gigante et al.
2022) establishes that continuous-time planning over R
ranges from PSPACE-complete (with temporal separation
constraints) to undecidable (with zero-duration actions). In-
terval temporal logic approaches (Bozzelli, Montanari, and
Peron 2019) avoid discretization by explicitly modeling
concurrency relations, but scalability remains challenging.
PING sidesteps complexity-theoretic barriers by reformulat-
ing the problem: instead of searching a dense-time space,
it generates feasible manifold regions analytically and ver-
ifies adherence symbolically. This transforms the problem
from one of symbolic search over continuous time to one of
gradient-based constraint satisfaction in function space.

Stochastic and Risk-Aware Planning

Risk-bounded motion planning approaches employ prob-
abilistic safety guarantees (Huang et al. 2019), chance-
constrained MPC (Schwarm and Nikolaou 1999), and
scenario-based robustness (Comes et al. 2010). These meth-
ods sacrifice deterministic guarantees for handling stochas-
ticity. Prioritized multi-agent planning (Kasaura, Nishimura,
and Yonetani 2022) extends continuous-time semantics to
dozens or hundreds of agents using collision-free primi-
tives. PING is deterministic: it enforces constraint satisfac-
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tion at the representation and verification stages for nomi-
nal dynamics without probabilistic approximations. Future
extensions could integrate stochastic verification through
risk propagation within the verification stage, leveraging the
modular architecture.

Positioning PING: Core Contribution

1. Deterministic Structural Constraints: Unlike PINNs
and gradient-based planning or policy search methods
that rely on loss-driven learning (e.g., TensorFlow Plan-
ning (Wu, Say, and Sanner 2017) and Deep Reactive
Policies (Bueno et al. 2019)), PING’s analytical pin-
ning layer mathematically enforces boundary satisfaction
regardless of network initialization, encoding boundary
conditions structurally rather than as an additional opti-
mization objective.

2. Continuous Verification Without Coarse Discretiza-
tion: Unlike PDDL and sampling-based methods, PING
leverages automatic differentiation to compute ODE
residuals over continuous spatiotemporal domains. Ver-
ification time does not grow significantly with time-step
resolution, and residuals are computed analytically over
the continuous representation rather than being tied to a
fixed grid.

3. Parallel Generation and Verification: Unlike sequen-
tial methods (MPC, CBF/CLF) and even recent diffusion
planners that require post-hoc refinement, PING gen-
erates and verifies thousands of candidates in a single
forward pass. This amortization enables planning laten-
cies of seconds on GPU, with feasible set sizes enabling
downstream multi-objective selection without resolving.

Conclusion

PING is a generative neuro-symbolic continuous-time plan-
ner that reformulates planning from sequential constraint
satisfaction to parallel manifold inference over continuous
function spaces. It decouples candidate generation from nu-
merical optimization through three components: batched
generative synthesis with analytical boundary pinning,
parallel symbolic and physical verification, and physics-
informed refinement. The framework achieves rapid trajec-
tory synthesis in seconds without domain-specific training
or offline data collection. Empirical evaluation across Navi-
gation, Reservoir control and HVAC domains demonstrates
robust feasibility across continuous state and action spaces.
PING shows superior scalability compared to optimization-
based baselines, with perfect coverage in the challenging
Navigation 3D domain and only linear runtime growth in
HVAC with up to 60 rooms. Limitation of PING include po-
tential suboptimality and dependence on warm-starting for
refinement trade-offs between rapid solution discovery and
global optimality. Nevertheless, our experiments show that
decoupling trajectory generation from verification enables
a training-free planner with favourable scaling behaviour
as constraint dimensionality increases, providing a practical
alternative to conventional optimization and soft-constraint
learning approaches.
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