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Abstract

Informative path planning (IPP) aims to find a path that maximizes information gain while adher-
ing to planning constraints so that robots can learn an accurate belief of the quantity of interest,
applicable to various real-world robotic applications such as environment monitoring. Traditional
IPP methods typically require high computation time during execution, giving rise to reinforcement
learning (RL) based IPP methods. However, existing RL-based approaches largely focus on static
spatial environments and do not consider spatio-temporal environments where the underlying dy-
namics evolve over time. In this paper, we propose DyPNIPP, a robust RL-based IPP framework,
designed to operate effectively across spatio-temporal environments with varying dynamics. To
achieve this, DyPNIPP incorporates domain randomization to train the agent across diverse en-
vironments and introduces a dynamics prediction model to capture and adapt the agent actions to
specific environment dynamics. Our extensive experiments in a wildfire environment demonstrate
that DyPNIPP outperforms existing RL-based IPP algorithms by significantly improving robust-
ness and performing across diverse environment conditions.

Keywords: Robustness, Reinforcement learning, Informative path planning, and Spatiotemporal
dynamics

1. Introduction

Informative path planning (IPP) has been actively studied for robotics deployments involving in-
formation acquisition, such as the autonomous exploration of unknown areas (Liang et al., 2023),
environment monitoring (Hitz et al., 2017), and target tracking (Wang et al., 2023). IPP aims to find
a path for autonomous robots that maximizes the acquisition of interests, e.g., the intensity of fire in
fire monitoring, while adhering to resource constraints. Conventional IPP methods typically involve
sampling-based path planning using a graph for spatial environments (Hitz et al., 2017; Karaman
and Frazzoli, 2011; Arora and Scherer, 2017). Recently, IPP solvers for spatio-temporal environ-
ments, where the interest changes over time, have also been proposed (Jakkala and Akella, 2023;
Kailas et al., 2023). Despite their effectiveness, these methods require heavy computation time to
determine the path, limiting their applicability for real-world deployment.
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With the recent success of RL in various do-
mains, RL-based IPP has been studied, demon-
strating both superior performance and reduced ctower Rate . -
computation time (Cao et al., 2023; Riickin et al., | E.=1
2022; Vashisth et al., 2024). However, exist-
ing works do not consider spatio-temporal envi-
ronments, where learning faces an inherent RL
challenge: a lack of robustness against variations
in environment dynamics (Popovic et al., 2024).
That is, the agent performs optimally only in the al
environment it was trained on, but not when the  © : 0 : 1e 00 = w0
dynamics differ. Even when trained over multi-
ple dynamics, policies tend to be over-regularized
and still exhibit suboptimal performance across
variations (Tiboni et al., 2023). To illustrate [ .. - Eu;l coefﬁc}i:nt_ -
this robustness issue, consider a wildfire domain CAINIPP (ained on Fo=D) 3 T8 =053
where the interest is the fire that spreads over | CA(NIPP (trained on F.=10) | 16.2+3.6 | 20.9 4 3.0
time and the spread rate is determined by several | CAINIPP+DR 149+24 | 24056

.. . . . . DyPNIPP (Ours) 10.3 £ 1.6 14.7 £ 2.9
characteristics, including fuel and wind velocity.
Fig. 1 shows two environments with different Figure 2: RMSE results in the wildfire environ-
fuel distributions, denoted by Fi.: F.=1 (top, slow ment shown in Fig 1.
spread) and F,.=10 (bottom, fast spread). Here,
the agent trained on the F,=1 environment has suboptimal performance in the =10 environment,
and vice versa. Table 2 shows the corresponding cumulative RMSE between predicted and ground-
truth environments after each step. Notably, CAtNIPP' (Cao et al., 2023) trained on F,.=10 performs
worse than that trained on F.=1 in the F,.=1 environment, implying that the existing RL-based al-
gorithm lacks robustness against variations in environment dynamics.
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Figure 1: Wildfire environments with different
dynamics: F. = 1 (top) and F. = 10 (bottom).

In this paper, we propose a robust RL-based IPP framework named DyPNIPP, capable of op-
erating effectively across environments with varying dynamics. First, DyPNIPP adopts domain
randomization (DR), which randomizes environment characteristics, e.g., fuel distribution in the
wildfire domain, to train an agent across a diverse set of environments. However, DR alone is
insufficient, as shown in Table 1, since the agent tends to learn an averaged policy and cannot in-
fer environment-specific dynamics (Tiboni et al., 2023). We thus introduce a dynamics prediction
model that captures environment dynamics implicitly, allowing the RL policy to recognize the cur-
rent dynamics and adapt decisions accordingly. We evaluate DyPNIPP in wildfire simulations with
multiple sources of variation, including fuel coefficient and number of fires, as well as in an air
temperature prediction environment. We show that DyPNIPP outperforms both learning-based and
non-learning IPP algorithms across varying dynamics, demonstrating robustness.

Our main contributions are: (i) To the best of our knowledge, this is the first work addressing
robustness in RL-based informative path planning under spatio-temporal environments. (ii) We
consider key robustness factors in wildfire scenarios, including fuel coefficients and the number of
fires. (iii) We demonstrate the effectiveness of DyPNIPP across diverse conditions and provide
analyses, along with a real-robot experiment validating practical deployment.

1. This is a prior work on RL-based IPP. This will be discussed later.
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2. Background and Related Works

2.1. Reinforcement Learning

Reinforcement learning (RL) trains an agent through interaction with an environment, typically
formulated as a Markov decision process (MDP). At each time step ¢, the agent selects an action a,
from a policy 7 based on the given state s;. The environment then yields a reward r; = r(s¢, a;)
and the next state based on the transition probability s;11 ~ p(S¢+1|S¢, a:). The goal is to learn a
policy that maximizes the expected discounted return [Zfio Vtrt] . One representative algorithm
is proximal policy optimization (PPO) (Schulman et al., 2017). PPO consists of an actor and a
value function (critic), which estimates expected returns. The actor collects experience, and the
value function estimates advantages, indicating how much better or worse an action is compared to
the current policy expectation. The actor is then updated to maximize these advantages. PPO uses
a clipping method to limit how much the new policy can deviate from the previous one, ensuring
stable and efficient learning.

2.2. Robustness

Robustness is a key requirement for deploying machine learning models in real-world settings.
Robustness can take different meanings depending on context, such as resistance to adversarial at-
tacks (Pattanaik et al., 2017; Zhang et al., 2020) or robustness to distribution shifts (Chae et al.,
2022; Lee et al., 2020). In this paper, we focus on robustness to variations in environment dynam-
ics within the context of RL. One line of work introduces robust MDPs, which add an uncertainty
transition set and optimize worst-case expected return (Derman et al., 2018; Mankowitz et al., 2018,
2019). Another line is domain randomization (Tan et al., 2018; Peng et al., 2018; Slaoui et al., 2019;
Zhao et al., 2020), which randomizes environment dynamics to improve policy generalization. For
instance, Peng et al. (2018) leverages domain randomization to develop an RL policy that is robust
to variations in environment dynamics, thereby achieving robust sim-to-real transfer. The other di-
rection is modeling dynamics explicitly via meta-learning or supervised learning (Nagabandi et al.,
2018; Lee et al., 2020), where context-aware dynamics prediction enables adaptation to dynamic
changes. These approaches have been applied to various robotics domains, but none have been
considered for informative path planning.

2.3. Informative Path Planning

The objective of informative path planning is to find an optimal trajectory 1)* over the set of feasible
trajectories ¥ that maximizes an information-theoretic objective:

Y* =argmax I(¢),s.t. C(y) < B, (1)
Ppew

where I : 9 — R represents the information gain from measurements obtained along the trajectory
¥, C 11 — RT maps a trajectory 1) to its execution cost, and B denotes the robot’s budget limit,
e.g., path length, time, or energy. In this work, we consider path-length constraints and define the
information gain as I(¢)) = Tr(P~) — Tr(P™), where Tr(-) denotes the trace of a matrix, and P~
and P represent the prior and posterior covariances, respectively, obtained before and after taking
measurements of the underlying environmental phenomenon along the trajectory 1, following prior
works (Popovi¢ et al., 2020; Cao et al., 2023). The information gain is computed from sensor
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measurements taken at fixed intervals along the trajectory v. Measurements are collected each time
the robot travels a fixed distance, and as a result, the total number is determined by the path-length
budget B.

Optimizing Eq. 1, i.e., solving IPP, is known to be NP-hard. Consequently, computationally
tractable approximate methods, such as sampling techniques that explore a complex space by gen-
erating random samples of possible solutions, have been proposed (Hitz et al., 2017; Karaman and
Frazzoli, 2011; Arora and Scherer, 2017; Jones et al., 2013; Yoo et al., 2016). However, these
sampling-based methods still require heavy computation at test time, which restricts their use in
real-world applications.

RL-based IPP: To address the aforementioned problem, RL has been utilized to learn an
IPP (Cao et al., 2024, 2023; Riickin et al., 2022; Vashisth et al., 2024; Gadipudi et al., 2024).
Most RL-based IPP algorithms are composed of three modules: (a) creating a representation of the
entire search map, (b) modeling environmental phenomena, and (c) training an RL agent. One rep-
resentative example is CAtNIPP (Cao et al., 2023). CAtNIPP trains an RL policy for IPP in static,
time-invariant 2D environments. Before the training starts, CAtNIPP uses a probabilistic roadmap
(PRM) (Kavraki et al., 1996) that covers the continuous search domain to decrease the complexity
of the search space. PRM generates a route graph, G = (V, E'), where V and F are sets of nodes and
edges, respectively, and each node has k neighbor nodes. Here, the agent is initialized on a randomly
chosen node. Next, CAtNIPP leverages GP regression (Seeger, 2004) to model the spatial phenom-
ena of the search space, and the output of the GP regression is referred to as the belief of the phenom-
ena. At each time step, the agent observes a measurement at the current node and then uses it to up-
date the belief GP(u, P). Given a set of n’ locations X* C £ at which interest needs to be inferred,
a set of n observed locations X C £ and the corresponding measurements set ), the mean and co-
variance of the GP is inferred as follows: p = pu(X* + K (X*, X)[K(X,X) + 0217 Y (Y — u(X)),
P=K(X* X*)— K(X*, X)[K(X,X)+02I]7! x K(X*,X)T, where K(-) is a pre-defined ker-
nel function, o2 is a parameter representing the measurement noise, and /I is a n x n identity matrix.
In this paper, we consider Matérn 3/2 kernel, following the prior works (Cao et al., 2023; Popovi¢
et al., 2020). Lastly, for training the RL policy, the graph augmented by the updated belief—where
each node v} = (v;, u(v;), P(v;)) € V—along with the planning state, which includes the current
location, the budget, and the executed trajectory so far, is used as input for the RL policy. Based on
such information, the agent chooses one of the neighboring nodes to move to (action). The reward
function is based on the previously described information gain, which represents the reduction in
uncertainty of GP regression, and is written as r(t) = (Tr(P'~!) — Tr(P"))/Tr(P'~!). Summa-
rized above, CAtNIPP trains an RL policy that chooses the neighboring node to move to based on
the updated belief-augmented graph to maximize the expected sum of the reduction in uncertainty
of GP regression. Additionally, CAtNIPP constructs the RL policy with an attention-based encoder
and an LSTM-based decoder module.

In addition to CAtNIPP, several RL-based IPP algorithms, including Vashisth et al. (2024) where
a dynamic graph is proposed to ensure collision-free navigation in 3D environments, have been in-
troduced. The prior works have been shown to be effective in static, time-invariant environments
however, none have considered spatio-temporal environments or variations in environmental dy-
namics, where the testing environments differ from those on which the agent was trained. To the
best of our knowledge, our work is the first to propose an RL-based IPP policy for spatio-temporal
environments and rigorously address its robustness.
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3. Methodology
3.1. Motivation

As described in Sec. 2.1, the standard RL framework assumes a fixed, stationary transition prob-
ability p(s’ | s,a) that captures the environment dynamics. However, the optimal policy learned
under a specific transition probability may perform suboptimally when the dynamics differ. To for-
malize this, we consider a distribution over MDPs in which the transition probability p(s" | s, a, ¢)
is conditioned on environment characteristics c. These characteristics depend on the domain; for
example, in the wildfire domain, c includes factors that affect fire dynamics, such as fuel distribution
and wind velocity, which are unknown to the agent.

The existing RL-based IPP algorithms (Cao et al., 2023; Vashisth et al., 2024) are designed
for static, time-invariant environments and do not explicitly account for variations in environment
dynamics. As a result, an RL policy trained on specific environment characteristics tends to per-
form well only in the environment it was trained on, but degrades when deployed under different
dynamics (Sec. 4.3.1). Since the agent can encounter a wide range of environments with different
characteristics, it must be capable of handling such variations.

3.2. Proposed Method: DyPNIPP

We aim to train an RL policy for IPP that performs well across environments with varying dynamics,
i.e., a policy that is robust to such variations. To this end, we present DyPNIPP: an environment
Dynamics Prediction Network for IPP. The proposed framework comprises two components: (1)
domain randomization (DR), and (2) a dynamics prediction model that predicts the belief of the
next observation and enables the RL policy to capture environment dynamics. Note that DyPNIPP
can be integrated with any RL-based IPP algorithm.

3.2.1. DOMAIN RANDOMIZATION

In order for the RL agent to encounter a diverse range of environment characteristics, we adopt
domain randomization, which randomizes environment dynamics by sampling characteristics from
a specified range. This can be viewed as marginalizing the environment dynamics over the charac-
teristic distribution: p(s’|s,a) = E.[p(s|s,a,c)]. Concretely, at the beginning of each episode,
we sample a characteristic ¢ from a prior distribution (e.g., Uniform[1, 10] for fuel coefficient
in the wildfire domain) and train the RL policy in that environment. However, as we show in
Sec. 4.3.1, domain randomization alone is insufficient: the learned policy becomes optimal only for
the marginalized dynamics, E.[p(s'|s, a, ¢)], and not for each individual environment with a specific
characteristic.

3.2.2. DYNAMICS PREDICTION MODEL

To address the aforementioned limitation, we introduce a dynamics prediction model (DPM) capa-
ble of extracting features that represent environment dynamics. The DPM consists of an encoder
composed of convolutional layers followed by an LSTM, and a decoder composed of dense layers
and transposed convolutional layers, parameterized by ¢,y and ¢q4... The encoder computes a latent
vector z; = f(b(0t), he; Penc) from the belief of the current observation b(o;) and the LSTM hidden
state h;, while the decoder predicts the belief of the next observation y; = b(01+1) as g(z¢; Pdec)-
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Figure 3: Overview of our approach: (Left) Environment modeling to build the input for the policy
and domain randomization for the simulator. (Middle) The overall operation of the proposed IPP
algorithm. (Right) Generating the next waypoint (action) using the RL policy and the proposed
DPM (blue). DPM predicts the next environment state, and the environment dynamics feature is
extracted from the hidden layer to serve as input to the RL policy.

The DPM is trained to minimize:

£DPM(¢enc> (bdec) =E [”yt - 9(215 ¢dec)||2] (2)

By learning to predict the next belief, the latent representation z; implicitly captures the underlying
environment dynamics from observations. We use z; as an environment-context feature to condition
the RL policy. Combined with DR, the DPM enables the agent to become aware of environment-
dependent dynamics, which in turn improves robustness across varying environments.

3.2.3. RL POLICY FOR DYNAMICS-AWARE IPP

Based on the two proposed components, we train an RL policy that selects the next waypoint.
DyPNIPP can be combined with any RL-based IPP method; in this work, we adopt CAtNIPP (Cao
et al., 2023). The key difference is that we augment the policy with the environment-context feature
z; from DPM, resulting in a policy represented as m(a¢ | ¢, 2¢)-

The policy network consists of an attention-based encoder and an attention and LSTM-based
decoder. The encoder takes the belief-augmented graph and produces spatial embeddings for all
nodes. In addition, a planning-state embedding is generated from the remaining budget, the exe-
cuted trajectory, and the augmented graph. The environment-context feature 2; is fused with these
embeddings and passed into the LSTM. The decoder then selects the most informative neighbor
of the robot via a cross-attention mechanism. The attention weights reflect the relevance of each
neighbor under the current planning state and effectively determine the action.

This architecture uses the budget, executed trajectory, spatial information, and environment-
context feature, enabling the agent to generate actions that are both feasible under the robot’s op-
erational constraints and informative given the environment dynamics. Note that the LSTM in the
RL policy focuses on capturing past information related to planning, while the LSTM in the DPM
is explicitly trained to capture environment dynamics. Following prior work (Cao et al., 2023), we
train the policy using PPO.

Summarizing the overall operation: (1) we initialize the environment via domain randomization,
(2) the robot observes the underlying phenomenon and updates the GP, (3) the GP-augmented graph
and remaining budget are provided to the network composed of the RL policy and DPM, (4) the
DPM infers the environment-dynamics feature, and (5) the RL policy generates an action selecting
the next waypoint. This process is repeated throughout training for both the RL policy and the DPM.
The overall framework is illustrated in Fig. 3.
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4. Experiments
4.1. Environment Setup

We evaluate DyPNIPP on two domains: a wildfire domain based on the Fire Area Simulator (FAR-
SITE) (Finney, 1998) model, and an air temperature prediction domain.

For the wildfire domain, we use the FireCommander (Seraj et al., 2020) simulator to generate
spatio-temporal fire propagation environments. The fire spread dynamics depend on environment
characteristics including the fuel coefficient ., wind speed U, and wind azimuth .. For robustness
evaluation, we vary F, to create environments with different fire propagation dynamics, while ran-
domizing 6, at the start of each episode. We also evaluate robustness under variation in the number
of initial fire origins. Detailed equations governing fire propagation are provided in the Appendix
A.

For the air temperature prediction domain, we use real-world historical data (Kalnay et al.,
2018) (monthly records from 1948-2022), discretized at 2.5° latitude x 2.5° longitude. We sample
aregion for both training and testing. Unlike wildfire, where dynamics shift across episodes through
known parameters, temperature evolves over time naturally with unknown and evolving dynamics.
Through both domains, we evaluate whether DyPNIPP can handle dynamic variation arising from
both known structured parameters and naturally varying phenomena.

4.2. Training Details

In the FireCommander simulator, both the fuel coefficient F;. and wind speed U, positively influence
the fire spread rate (F,, U, > 0). Since F is the dominant factor affecting fire propagation, we fix U,
to 5 and vary F, to evaluate robustness. The wind azimuth 6. is randomly sampled at the beginning
of each episode.

We apply domain randomization by sampling F. € [1,10] for every episode. Given these
sampled parameters, FireCommander generates the spatio-temporal wildfire environment. The field
is normalized to the unit square [0, 1]?, and the robot’s initial belief is initialized as a uniform
GP prior GP(0, P%) with onz = 1. The start and destination locations are randomly sampled
from [0, 1]2. We train the policy using a graph with 200 nodes, k¥ = 20 neighbors, and a budget
randomized in [7,9]. A measurement is obtained each time the robot moves 0.2 units. We set the
episode length to 256 time steps and use a batch size of 32. Adam is used with learning rate 10~*
decayed every 32 steps by a factor of 0.96. DyPNIPP trains the RL agent on top of CAtNIPP (Cao
et al., 2023) using PPO (Schulman et al., 2017). Each episode performs 8 PPO iterations. Training
is executed on a workstation with an AMD EPYC 7713 CPU and a single NVIDIA RTX 6000 Ada
GPU, and convergence is achieved in approximately 2 hours.

4.3. Experimental Results

In this subsection, we examine (1) whether DyPNIPP enhances the robustness against environment
variations such as the fuel coefficient F,. and number of fires, (2) the effectiveness of our DPM
design, and (3) how the environment-context latent feature varies with respect to the dynamics.

4.3.1. PERFORMANCE COMPARISON OF VARIATION IN FUEL COEFFICIENT

We include three main baselines: First, we include three CAtNIPP policies trained on a fixed
F. € 1,5,10. Second, we include CAtNIPP combined with domain randomization, where F. is ran-
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Environment Parameter (Fuel and Vegetation coefficient)
Model used budget =7 budget = 11 budget = 15
Fe=1 Fe=5 F.=10 Fe=1 Fe=5 F.=10 Fe=1 Fo=5 F.=10
Sampling-based IPP (non-RL) 523.1 + 551.9 + 550.2 + 949.4 + 932.0 £ 997.4 + 1305.2+ 1372.7+ 1367.1+
592.7 505.5 469.7 1161.2 870.2 916.6 1643.1 1289.7 1142.4
CAtNIPP (trained on F.=1) 460.5 + 470.8 + 485.6 + 4504 + 465.2 + 4837 + 442.0 + 464.1 £ 4793 +
37.1 383 38.6 40.9 38.6 41.1 379 427 455
CAINIPP (trained on F.=5) 4282 + 427.0 £ 4292 + 367.2 + 3729 + 380.2 + 352.8 &+ 367.9 + 375.6 +
28.5 31.8 344 27.7 322 374 26.7 30.4 36.4
CAItNIPP (trained on F.=10) 496.4 + 498.8 £ 498.6 + 464.8 + 4713 £ 481.7 + 4578 + 469.6 + 4735 +
514 522 50.0 519 555 53.8 532 54.9 50.9
CAtNIPP + DR 4193 + 4228 £ 4275 + 378.7 + 387.1 + 392.7 + 376.4 + 389.3 + 393.1 +
303 293 32.6 259 359 37.0 28.7 353 37.0
DyPNIPP (Ours) 401.3 + 403.5 + 403.2 + 349.1 + 349.7 + 348.9 + 3409 + 342.8 + 3473 +
255 26.4 273 253 249 26.5 23.0 27.1 28.7

Table 1: Covariance Trace comparison across 200 instances for three budgets; lower values indicate
better performance.

Environment Parameter (Fuel and Vegetation coefficient)
Model used budget =7 budget = 11 budget = 15
Fe=1 Fe=5 Fe=10 Fe=1 Fe=5 Fe=10 Fe=1 Fe=5 Fe=10

Sampling-based IPP (non-RL) 724+6.8 9.5+6.5 109+ 7.9| 12.5+14.114.24+10.9 16.0 +12.8| 14.1 +14.816.8 +£13.6 17.9 + 14.2
CATtNIPP (trained on F.=1) 6.2+1.3 13.4+3.195+22 95+20 13.24+24 16.1+4.1 13.7+2.6 21.84+4.8 25.0+5.3
CAtNIPP (trained on F.=5) 63+1.3 82+1.6 9.0+2.1 9.4+1.5 12.14+2.1 13.6+2.7 15.0+ 2.7 18.7+2.8 18.7+2.8
CAtNIPP (trained on F.=10) 6.2+1.5 84+21 9.7+26 10.2+2.7 13.3+3.4 154 +4.1 16.2 £ 3.6 21.7+4.7 20.9+3.0
CAtNIPP + DR 6.1+1.3 82+1.6 9.9+ 2.0 9.1 +1.7 12.9+ 2.7 15.3+3.5 149+ 2.4 21.44+4.6 24.0+5.6
DyPNIPP (Ours) 52+£1.0 69+14 7.8 £ 1.5 77 £ 13 109 £+ 1.9 11.5 £ 2.3 10.3 £ 1.6 14.0 £ 2.6 14.7 £ 2.9

Table 2: Cumulative RMSE comparison across 200 instances for three budgets; lower values indi-
cate better performance.

domly sampled between [0, 10] for every episode (referred to as CAtNIPP+DR in Table 2). Since
CAtNIPP was originally designed for static, time-invariant environments, we extend it to spatio-
temporal settings by including time as a regressor for the GP. Lastly, we evaluate a sampling-based
informative planner, where the next target location is chosen by maximizing predictive entropy mi-
nus a travel-distance penalty. To initialize the spatio-temporal GP for this method, we provide 100
randomly sampled initial observations.

We compare DyPNIPP with these baselines across three environments with F,. € {1,5,10} and
three different budgets (B € {7,11,15}). We use two metrics: covariance trace 77 (P) and cumu-
lative RMSE. The covariance trace measures the remaining uncertainty of the GP model, aligning
with the IPP objective in Sec. 2.3. However, remaining uncertainty does not necessarily imply the
accuracy of predicted environmental phenomena, so we additionally measure cumulative RMSE
between predicted environment evolution and ground truth over the trajectory. Results are shown in
Table 1 and Table 2. We observe the following:

o The prior RL-based IPP algorithm lacks robustness: CAtNIPP trained on a specific F
exhibits suboptimal performance in environments with a different F.. For example, in the case of a
budget of 15, CAtNIPP trained on F. = 1 outperforms CAtNIPP trained on F, = 5 and F. = 10 in
an environment with F. = 1, whereas it performs poorly in environments with /. = 5 and F, = 10.

e Domain randomization alone is insufficient: CAtNIPP+DR performs intermediate to the
CAtNIPP policies trained on F. = 1,5,10. This implies that DyPNIPP without environment
dynamic prediction converges to the optimal policy for averaged environment dynamics, which is
suboptimal for each individual environment dynamic.

e DyPNIPP is robust under dynamic process variation: DyPNIPP outperforms the baselines
on both metrics. In addition, DyPNIPP shows similar covariance trace performance regardless of
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the underlying fuel distribution. These are strong pieces of evidence supporting the robustness of
our approach against variations in environment dynamics.

4.3.2. PERFORMANCE COMPARISON OF VARIATION IN NUMBER OF FIRES

We addltlonally Study hOW the Environment Parameter (Fuel coefficient)
. Model used n(fires) = 1 n(fires) =3 n(fires) =5
policy behaves when the number Foml  Fo=5  Fo=10| Fe=l Fo=5 Fo.=10| Fo=1 Fo.=5 F.=10
1 1 CAtNIPP 10.3+ 14.5+ 16.54+| 13.94+ 16.5+ 19.74+| 14.0+ 18.3+ 20.5+
Of SlmultaneOUSIy propagatlng ﬁres +DR 2.3 3.0 3.4 2.6 3.6 2.9 2.6 3.1 3.7
varies. Each fire originates at a ran- DyPNIPP | 93+ 119+ 13.04 | 1224+ 144+ 1504 | 134+ 154+ 155+
(Ours) 2.0 3.1 3.3 2.6 3.6 3.8 2.7 34 3.2

domly sampled timestamp within
an episode. We evaluate DyPNIPP Figure 4: Cumulative RMSE comparison across environments
and CAtNIPP+DR (both trained with different numbers of fire origins. All policies are trained
with up to 3 fires) on environments in environments with up to 3 fires.

with 1, 3, and 5 fires, and report cu-

mulative RMSE. Note that the 5-fire case is out-of-distribution for both policies. As shown in
Table 4, DyPNIPP consistently outperforms CAtNIPP+DR across all settings, demonstrating ro-
bustness not only to variation in fuel coefficient but also to variation in the number of fires.

4.3.3. PERFORMANCE COMPARISON IN AIR TEMPERATURE PREDICTION

We additionally evaluate DyPNIPP on a real- T Covariance Trace
world air temperature dataset in which envi- budget~ budget= budget~10

. . . CANIPP 238.7+42.9 133.3+£32.9 109.8+28.8
ronment dynamlcs naturally evolve within an DyPNIPP (Ours) | 215.7 + 44.1 12635 £ 21.8 | 1027 & 15.4

episode. This setting tests robustness under
unstructured, real-world variations rather than
parameterized shifts. As shown in Table 3,
DyPNIPP achieves lower covariance trace than
CAtNIPP, showing improved performance under naturally varying environmental phenomena.

Table 3: Covariance Trace comparison in air
temperature domain; lower values indicate bet-
ter performance.

4.4. Analysis: Dynamics Prediction Model

We design the DPM to predict Environment Parameter
the belief of the next observa- | Prediction budget=7 budget=11
) i Fe=1 Fe=5 Fo=10 Fe=1 Fo=5 Fo=10
tion so that it can capture the un- b(ot) 72+12 89+15 99+15| 108+1.6 13.7+£1.9 14.4+ 2.1
derlvi . td . b(oy41)-b(ot) 53411 6.8+1.4 7.9+15| 80+1.4 10.74+1.9 11.7+2.3
cr ylng environmen ynamlcs' b(ot+1) (Ours) 52+1.0 7.0+1.4 7.8+1.5| 7.8+1.3 10.9+1.9 11.5+2.3

To verify this design choice, we

conduct an ablation study com- Table 4: Ablation on dynamics prediction model design.
paring two modified versions of

DyPNIPP that instead predict: (1) the belief of the current observation, and (2) the belief difference
between the current and next observations. As shown in Table 4, predicting the current observa-
tion yields significantly worse performance, since it does not encode information about how the
environment evolves. Predicting the belief difference performs better, but remains slightly below
the full DyPNIPP, confirming that forecasting the next observation is more effective for learning
a dynamics-aware representation. We additionally provide visualization results of the DPM latent
embeddings across environments with different fuel coefficients, showing that the learned represen-
tations vary with the underlying environment dynamics, provided in the Appendix B.
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4.5. Analysis: Planning Time

A key advantage of using RL for IPP is reduced planning time, which is critical for real-time de-
ployment. Using a graph size of 200 with a budget of 15 units, DyPNIPP, CAtNIPP, and the
sampling-based non-RL IPP method require 2.60 + 0.26, 1.92 &+ 0.29, and 18.05 £ 12.90 seconds
respectively to compute the full path. While DyPNIPP incurs a slightly higher cost than CAtNIPP
due to the additional network components, it remains faster than the sampling-based method.

4.6. Experimental Validation on Real Robot

Predicted Mean Ground Truth

18]

Predicted Mean Ground Tl

We provide experimental validation on a real
robot to verify that our IPP policy, trained en-
tirely in simulation, can be deployed in the
real world under physical sensing and execu-
tion noise. We project the spatio-temporal wild-
fire environment onto a physical 1.5 m x 1.5 m
arena, maintaining consistency in configuration
between simulation and deployment. We use

a Khepera-IV robot equipped with a Raspberry J E

Pi 3 and camera module. The robot observes
Predicted Mean Ground Truth

the fire intensity only at its current location, up- | oy

dates its belief via GP regression, and the up-

dated belief is then used as input to the pol- i
icy at each step. A budget of 12 m (equiva-

lent to 8 units in the unit grid) is used. As
shown in Fig. 5, the learned policy success-
fully finds an informative path in the real en- Figure 5: Experimental validation of DyPNIPP
vironment, with a decision-making time less on the Khepera-IV robot. Left: the robot exe-
than 0.25 s on an Intel Xeon CPU. This result cuting informative path planning in the physical
empirically demonstrates robustness under un- arena (red indicates higher intensity). Right: pre-
modeled real-world dynamics and validates that dicted environment vs. ground truth over time
DyPNIPP can be deployed for real-time plan- (top to bottom), where prediction quality im-
ning in spatio-temporal environments. The full proves as more observations are collected.

video can be accessed here.

5. Conclusion

In this paper, we proposed DyPNIPP, an RL-based framework for informative path planning that
is robust to variations in spatio-temporal environment dynamics. DyPNIPP incorporates domain
randomization to expose the agent to diverse dynamics during training, and introduces a dynamics
prediction model that infers the current environment dynamics by predicting the belief of the next
observation. We demonstrate that DyPNIPP achieves superior performance compared to existing
IPP methods across diverse dynamic settings, and additionally validate real-time deployment on a
physical robot, highlighting its potential for real-world applications. The Appendix is available at:
here.
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