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Abstract

Informative path planning (IPP) is a crucial task in robotics, where an agent designs paths to gather
valuable information about a target environment while adhering to resource constraints. Reinforce-
ment learning (RL) has been shown to be effective for IPP; however, it typically requires online
interaction with the environment, which is risky and expensive in practice. To address this chal-
lenge, we propose an offline RL-based IPP framework that optimizes information gain without
requiring real-time interaction during training, offering safety and cost-efficiency by avoiding ad-
ditional interactions, while achieving superior performance and fast computation during execution.
Our framework leverages batch-constrained RL to mitigate extrapolation errors, enabling the agent
to learn from pre-collected datasets generated by arbitrary algorithms. We validate the framework
through evaluations on diverse offline datasets and real-world experiments. The numerical results
show that our framework outperforms baseline methods, demonstrating its effectiveness.
Keywords: Informative Path Planning; Offline Reinforcement Learning;

1. INTRODUCTION

Informative path planning (IPP) is a critical problem in robotics and autonomous systems, where
the goal is to design a path that enables an agent to acquire valuable information about a quantity
of interest within an environment while adhering to resource constraints, such as limited battery
capacity. IPP has numerous applications, including environmental monitoring (Hitz et al., 2017),
search and rescue (Meera et al., 2019), and precision agriculture (Popovié et al., 2020). The central
challenge is to plan trajectories that effectively approximate the latent spatial field or interest map.
Traditional IPP methods (Karaman and Frazzoli, 2011; Arora and Scherer, 2017) rely on sampling-

based techniques that, while effective, can be computationally expensive and difficult to scale to
large or complex environments. As a result, recent work has begun exploring reinforcement learn-
ing (RL) as a data-driven alternative for IPP (Cao et al., 2023; Vashisth et al., 2024), where an agent
learns decision policies through interactions with the underlying dynamical environment. How-
ever, standard RL methods typically require extensive real-time interactions, making training costly
and potentially unsafe for many physical systems. Moreover, in many settings, domain-relevant
historical datasets already exist. This motivates offline RL, which learns policies directly from
pre-collected trajectory data without additional online interactions (Kumar et al., 2020).
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In this paper, we propose OffRIPP, an
Offline RL-based IPP framework that plans
paths to maximize information gain without re-
quiring real-time interactions with the environ-
ment, relying solely on pre-collected datasets.
These datasets may include optimal and sub-
optimal trajectories, yet our goal is to learn a
policy that maximizes information gain regard- _ J o
less of dataset quality. Specifically, we train (s,a,s',r)
an RL agent to optimize information acquisi-
tion under a constrained budget using only of-
fline trajectory data. To achieve this, we adopt
batch-constrained reinforcement learning (Fuji-
moto et al., 2019) to mitigate extrapolation er-
rors caused by distribution mismatch between the dataset and the learned policy. That is, we ap-
proximate the dataset’s behavior policy and use it to constrain the learned policy during training.
Once training is complete, the learned policy can be directly deployed in the test environment. The
overall pipeline is illustrated in Fig. 1. Our framework provides an efficient and safe solution for
data-driven decision making over dynamical systems in the context of informative path planning,
combining the advantages of RL—fast online planning and strong performance—with the benefits
of traditional approaches that do not require additional environment interaction.

We validate our approach using extensive evaluations on diverse pre-collected datasets and real-
world experiments, demonstrating that our offline RL framework improves IPP performance without
requiring additional environment interactions. Specifically, we evaluate Of fRIPP on two existing
RL-based IPP algorithms in two environments: a 2D light-intensity task and a 3D fruit identifica-
tion task. For each environment, we consider three types of datasets: expert trajectories, medium-
quality trajectories collected by online RL, and a greedy planning dataset generated by a simple
non-learning heuristic. The numerical results show that Of fRIPP outperforms baseline methods
including traditional approaches, online RL-based algorithms trained offline, and behavior cloning
across all environments and dataset types, demonstrating its robustness and effectiveness. More-
over, Of fRIPP requires only approximately 10% of the execution time of a traditional non-learning
baseline, highlighting its computational practicality. Finally, we demonstrate that Of fRIPP, trained
solely in simulation, can be successfully deployed on a physical robot platform.

Our main contributions are summarized as follows: (i) To the best of our knowledge, this is the
first work to leverage offline RL for informative path planning, training policies solely from pre-
collected datasets without additional environment interaction. (ii) Our approach is modular and can
be combined with any online RL-based IPP method; we demonstrate this using CAtNIPP (Cao et al.,
2023) and another RL-based IPP method (Vashisth et al., 2024). (iii) We demonstrate improvements
in solution quality and planning time, and additionally study the effect of dataset quality.
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Figure 1: Overview of the flow for the proposed
framework: training an RL policy using a dataset
generated by arbitrary algorithms, followed by
deployment in the test environment.

2. Background and Related works

2.1. Offline Reinforcement Learning

RL trains an agent through interactions with an environment. At each time step ¢, the agent’s
policy 7 selects an action a; based on the current state s;. The environment then provides a re-
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ward 7 and transitions to the next state s.y1. By repeating this process in an online learning
fashion, the policy aims to maximize the expected return E [Zfio ’ytrt]. To evaluate and im-
prove the policy, most RL algorithms estimate the value function under the current policy, such
as Q" (s,a) = E[> 72, ¥'r¢ | s, a], which denotes the expected return after taking action a in state
s and then following 7 thereafter. A common approach for approximating the value function is
temporal-difference (TD) learning (Tesauro et al., 1995), which can be written as

Q" (s,a) « Ey [r+ Q" (s',7(s"))] , (1

where s’ denotes the next state. Since the policy is improved to maximize the estimated value,
accurate value estimation is critical for effective policy learning.

Offline RL trains an agent on a fixed dataset collected from arbitrary policies, without any in-
teraction with the environment during training (Kim et al., 2024b; Kumar et al., 2020; Kim et al.,
2024a). A major challenge in offline RL is the extrapolation error that arises from distribution mis-
match between the dataset and the state-action distribution induced by the learned policy, leading
to inaccurate value estimates (Fujimoto et al., 2019). For example, in TD learning, if a state-action
pair (s',m(s’)) is not present in the dataset, the corresponding value estimate can be highly inac-
curate. In other words, the expectation in Eq. 1 suffers from a large approximation error, which
accumulates in the estimate of Q™ (s, a). Thus, the larger the mismatch between the dataset and the
learned policy’s distribution, the greater the risk of compounding approximation error. To mitigate
extrapolation error, offline RL algorithms encourage the learned policy to remain close to the be-
havior policy that generated the dataset (Fujimoto et al., 2019; Kostrikov et al., 2021; Kumar et al.,
2020). For example, Conservative Q-learning (CQL) penalizes Q-values associated with actions not
observed in the dataset (Kumar et al., 2020), discouraging the selection of out-of-distribution ac-
tions. Batch-Constrained Q-learning models the behavior policy directly and constrains the learned
policy to select only actions observed in the dataset (Fujimoto et al., 2019).

2.2. Informative Path Planning

The goal of IPP is to find a trajectory ¢* that maximizes the information gain within the given
budget (Riickin et al., 2023; Kailas et al., 2023), and the objective function is written as

Y* =argmaxI(y), s.t. C(v) < B, 2)
¥

where I : 1) — RT and C : ¢p — R™T denote the information gain and the cost along 1), and
B € R™ is the budget. The definition of information gain depends on the domain, e.g., fire intensity
in wildfire monitoring. Traditional IPP algorithms utilize sampling-based methods (Karaman and
Frazzoli, 2011; Jones et al., 2013; Yoo et al., 2016; Hitz et al., 2017), but they require significant
computational resources, which limits their practicality in real-world settings.

RL-based IPP: RL has been used to learn an IPP solver to alleviate the computational bur-
den of sampling-based IPP and further improve performance (Wei and Zheng, 2020; Cao et al.,
2023; Vashisth et al., 2024). RL-based IPP pipelines typically consist of three components: (a)
constructing a representation of the search space, (b) modeling environmental phenomena, and (c)
training an RL agent to select paths that maximize information gain. For example, CAtNIPP (Cao
et al., 2023) generates a probabilistic roadmap (PRM) (Geraerts and Overmars, 2004) to represent
a continuous 2D search domain, reducing the complexity of the search space. (a) At the start of
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each episode, the PRM generates a graph G = (V, E) with nodes V and edges F, where each
node is connected to k£ neighbors, and the agent is initialized at a random node. At each step, the
agent moves to a neighboring node and observes the environmental phenomenon at its new loca-
tion. (b) To model this phenomenon, Gaussian Process (GP) regression (Seeger, 2004; Wang, 2023)
is used. Given observed locations X, the mean and covariance of a test location X* are inferred
as: p = K(X*, X)[K(X,X) + o217 H Y — u(X)),P = K(X*, X*) — K(X*, X)[K(X,X) +
o2I7'K(X,X)T, where K (-,-) is the kernel function, o2 is the noise variance hyperparameter.
The agent predicts the phenomenon via the GP and uses this prediction as input to the RL pol-
icy, while the GP is updated after each observation. The GP output is incorporated into the graph,
forming a GP-augmented graph, which, together with the agent’s current location, budget, and tra-
jectory history, serves as input to the policy. (c) The RL agent then selects the next node. To
train the agent to reduce GP uncertainty, the reward is defined as the normalized information gain,
re = (Tr(P*1) — Tr(PY))/ Tr(Pt~1), with an additional penalty 74 = —a - Tr(P?) at the end
of each episode. CANIPP uses PPO (Schulman et al., 2017) for training. As another example,
Vashisth et al. (2024) proposes an RL-based IPP algorithm for 3D environments with unknown ob-
stacles. To avoid collisions, they introduce a dynamically constructed graph representing the robot’s
local region, which is used as input to the RL agent. Additionally, they propose a new reward func-
tion to balance exploration and exploitation. Apart from these components, this 3D RL-based IPP
algorithm follows the CAtNIPP framework.

These RL-based IPP methods achieve strong performance and fast planning at test time, but they
require online interaction to collect data, which can be costly, risky, and time-consuming in physical
systems. We instead formulate IPP as an offline RL problem, learning a policy from pre-collected
trajectories to optimize long-horizon information gain rather than simply imitate logged actions. To
the best of our knowledge, this is the first offline RL-based IPP solver.

3. Our approach

We propose Of fRIPP, an offline RL-based informative path planning algorithm that trains an IPP
solver using existing datasets without requiring interaction with the environment. By avoiding costly
and risky real-time rollouts, Of fRIPP is applicable to real-world scenarios. Moreover, Of fRIPP
can be integrated with any RL-based IPP algorithm, including CAtNIPP (Cao et al., 2023) and the
3D RL-based IPP method (Vashisth et al., 2024).

3.1. Problem Formulation

Dataset. We assume access to a dataset D generated by arbitrary algorithms, consisting of D
episodes, where each episode contains sequences of states, actions, and rewards. Each state in-
cludes a graph representation in which each node contains a physical location and the agent’s pre-
dicted environmental phenomenon, as well as the planning state, e.g., the current agent position and
the remaining budget. Actions correspond to selecting the next node, and rewards correspond to
reductions in GP uncertainty.

Using this dataset, our goal is to train an RL agent that plans a trajectory maximizing information
gain under a budget constraint. Importantly, because the dataset already contains PRMs and GP-
based environmental predictions, Of fRIPP does not need to generate these components during
training; instead, it directly leverages the given dataset. Once training is complete, the learned
policy is deployed in the test environment for evaluation.
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Figure 2: The architecture of Of fRIPP: A graph augmented by environment modeling (the output
of GP) and the remaining budget are used as input. The approximated behavior policy and Q-
function are used to determine an action.

3.2. Offline RL-based Informative path planning

Naively training standard online RL algorithms such as PPO (Schulman et al., 2017) on offline
datasets often leads to inaccurate value estimation and unstable learning, as discussed in Sec. 2.1.
As we will discuss in Sec. 4.3, CAtNIPP, which relies on PPO, fails to learn from the offline dataset.
To address this instability, we adopt the key idea of batch-constrained Q-learning (BCQ) (Fujimoto
etal., 2019), which restricts the policy during training to select actions that remain close to those ob-
served in the dataset. Concretely, a separate model is introduced to generate actions similar to those
in the batch, and these actions are then used to construct the policy together with the Q-function. To
this end, Of fRIPP consists of two components: an RL agent and a behavior policy approximator.
To improve sample efficiency, both components share the same neural network backbone except for
the final layer. We now describe the details of each component in the following subsections.

3.2.1. BEHAVIOR POLICY APPROXIMATION

We build an approximation of the behavior policy, 7, to ensure that the learning policy avoids
selecting actions that are not supported by the dataset. Since we only have access to the dataset
generated by the behavior policy, and not the behavior policy itself, we utilize imitation learning,
which minimizes the negative log-likelihood function. The loss function for the behavior policy
approximator, parameterized by 03, is written as:

L(03) = —E(s o) [log g, (als)] , 3)

where (s,a) is the state-action pair in the dataset. We pretrain the behavior policy approximator
before policy learning.

3.2.2. PoLICY LEARNING

We build a policy based on the Q-function Qg,, (s, a) and train it using the TD update. Instead of
using a greedy policy as in Q-learning, following BCQ, we construct the policy using the behavior
policy approximator as:
m(s) = argmax Qp(s,a), 4)
ad7g(als)>T
where 7 is the threshold that defines how much the learning policy deviates from the behavior policy.
In other words, we restrict the policy to generate actions that the behavior policy is likely to generate



DEOLASEE KAILAS LUO SYCARA KIM

with a probability above the threshold 7. Note that 7 = 0 corresponds to fully imitating the behavior
policy, while 7 = 1 corresponds to following the greedy policy. The rationale behind this is to avoid
using unseen state-action pairs, which can lead to extrapolation errors. Based on this policy, we
train the Q-function using TD update and the corresponding loss function is written as

L(0g) = Es.q,r,5)~D [(r +~v  max .. QgQ (s',a) — Qoo (s, a))2]7

as#g(als)

where é@ represents the parameters of the target Q-function, which is a delayed update of the Q-
function, providing stable targets to reduce instability during training (Mnih et al., 2015).

3.2.3. NETWORK ARCHITECTURE.

The RL policy and the behavior policy approximator share the entire network except for the final
layer. The shared network architecture follows the design of either CAtNIPP (Cao et al., 2023)
or the RL-based IPP method (Vashisth et al., 2024), and any existing RL-based IPP architecture
can be integrated. Here, we describe an example based on CAtNIPP. The shared network takes an
augmented graph as input, where each node contains its position and the GP mean and variance, and
generates a representation that captures spatial relationships between nodes. This augmented graph
is processed with positional encoding. The planning state, which includes the remaining budget
and executed trajectory, is then combined with the augmented graph to form context-aware node
embeddings. These embeddings are passed through an LSTM block, and the resulting features are
processed by a network employing cross-attention between the current node and its neighboring
nodes, producing a spatially aware representation of the current state.

On top of the shared network, two separate heads are used for the behavior policy and the Q-
function. For the behavior policy, a final attention layer uses the neighboring features to extract the
policy distribution. A binary mask M is applied to eliminate nodes that violate the budget constraint.
For the Q-function, a simple MLP is used. The final action is obtained using Eq. 4, which combines
both the approximated behavior policy and the Q-function. Our architecture is illustrated in Fig. 2.

4. EXPERIMENTS

In this section, we validate the effectiveness of our proposed approach, Of fRIPP, in two different
simulated environments: a 2D light-intensity IPP task and a 3D fruit identification task, as well as in
a real-world robotic environment. Since our work is the first to apply offline RL to IPP, we generate
diverse datasets with varying performance levels, comprising both optimal and sub-optimal data,
using existing RL-based IPP algorithms and a traditional IPP solver for evaluation. We believe the
generated dataset will also make a valuable contribution to the research community.

4.1. Experiment Setup
4.1.1. LIGHT-INTENSITY ENVIRONMENT

Adopted from Cao et al. (2023), the goal in this environment is to estimate the light-intensity field
across a 2D map. The light intensity is generated by sampling 8 to 12 random 2-dimensional Gaus-
sian distributions within the unit square [0, 1]2. The resulting field is illustrated in Fig. 3 (a). At the
start of each episode, the agent’s initial belief is set to a wuniform distribution.
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During dataset collection, both the agent’s
start and destination positions are ran-
domly generated within the same unit
square. The environment is discretized us-
ing a PRM with a fixed number of nodes, ‘ ~ .
400, and the number of neighboring nodes  (a) Light-intensity * (b) 3D Fruit Identifica- (¢) Real-world Experi-
is set to 20. The agent collects measure- tion ment

ments every 0.2 units of distance traveled, Figure 3: Three experiment settings: (a) Heatmap rep-
with additive sensor noise incorporated resenting light intensity. (b) Green stars and blue struc-
during measurement collection to evaluate tyres represent the target fruits and tree. (c) Real-world

robustness. While the budget is random-  experiment featuring a robot (dotted circle) with the in-
ized between 6 and 8 durlng dataset col- tensity map projected onto the arena.

lection, it is evaluated at fixed budgets of
6, 8, and 10 during testing. The maximum episode length is fixed at 256 time steps. In this environ-
ment, Of fRIPP is instantiated on top of CAtNIPP.

Dataset: We generate the following datasets using both CAtNIPP and a non-learning adaptive
sampling method, with each dataset consisting of 18,500 trajectories.

e Expert Dataset: This dataset is collected by deploying the CAtNIPP greedy variant’s best-
performing model, which has been trained for over 50,000 episodes.

e Medium Dataset: This dataset is collected by deploying partially trained CAtNIPP greedy
variant models, specifically those chosen between 256 and 512 episodes of training. This dataset
consists of suboptimal trajectories.

o Greedy Planning Dataset: This dataset is collected using a simple heuristic adaptive sampling
approach, where the agent selects its next node from among its neighbors based on the highest
entropy of the GP. We refer to this method as greedy planning. Note that this method is non-
learning-based and does not require training.

.

Next Location | |{°°

Robot

(-2

4.1.2. 3D FRUIT IDENTIFICATION

We use the 3D fruit identification environment introduced in Vashisth et al. (2024). The goal is to
estimate the fruit distribution, illustrated in Fig. 3 (b). The environment is represented by a 50 x
50 x 50 voxel occupancy grid, which is initially unknown and updated based on sensor observations.
Trees are randomly placed, and fruits are attached to the trees at random positions. The agent
observes part of the field of view, including free space, observed fruits, and trees. The action
space consists of four discretized yaw angles. The reward function is based on the reduction in
utility uncertainty of the GP and the number of observed targets. In this environment, Of fRIPP is
instantiated on top of the RL-based IPP method proposed in Vashisth et al. (2024).

Dataset: We generate the following datasets using an RL-based IPP solver and a traditional
approach, with each dataset consisting of 18,500 trajectories.

o Expert Dataset: This dataset is collected by deploying a policy trained for approximately
10,000 interactions with the environment. The policy achieves high performance.

e Medium Dataset: This dataset is gathered using a partially trained policy, specifically models
trained between 256 and 512 episodes. These policies are suboptimal.

e Greedy Planning Dataset: This dataset is collected using a simple heuristic adaptive sampling
approach, similar to the 2D environment. The agent selects its next node based on the highest
entropy in the GP model, without requiring any learning or training.
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Table 1: Performance comparison in terms of

the trace of the covariance matrix in the light-  Table 2: Performance comparison in terms of

intensity environment. A lower value indicates  the fruit detection rate in the 3D fruit identifica-

reduced uncertainty, indicating better perfor-  tion environment. A higher value indicates bet-

mance. The behavior policy is not a baseline. ter performance. Note that the behavior policy
is not a baseline.

Model Budget 6 Budget 8 Budget 10
Expert Dataset
Behavior Policy 962268 7311 Model Budget 6 Budget 8 Budget 10
(Dataset) .70 £ 2 I E L ) ) Expert Dataset
CANNIPP ~ ™"~ 1T TTTTooTTooommmoommmeoes Behavior Policy
O 1751672 125822037 110352451 (Dataset) 4617694  5461+641  59.12+7.82
BC 3084+1402 993503 7.02+3.06 SDRLbased IPP 0 051086 325541075 36.53 % 12.40
OffRIPP 23.28+5.80 7.83+2.87 396+ 141 (Offline Trained)
= BC 4598+7.86  5387+7.12  59.69+751
S Medium Dataset OffRIPP 46.60+887  5557+634  61.48+6.388
ehavior PoliC’
(D;laset) Y 3841708 1820 + 5.69 9.78:£2.25 Medinm Dataset
CANIPP ~ ™7 " 7T oTTTTooTTmoooomsooooooos Behavior Policy
(Offfine Trained) 48081992 557422075 6286+ 1827 (Dataset) 21.32£1331  3292£1573  3855£18.09
BC 48.08+33.02 23591907 1136947 SDRL-Dased PP 00 51 41006 30454880 36211223
OffRIPP 3447+2741 1791+ 10.54 8.10:£4.42 (Offline Trained)
—— BC 16.00 + 6.41 19.86+679  20.31+7.82
S Greedy P Dataset OfFRIPP 292741108 32331020  36.37+11.25
ehavior FoliC’
(Dataset) Y 732149980  65.00+£102.84  60.46 + 104.41 Greedy Planning Dataset
-------------------------------------------- Behavior Polic
CANIPP y
(Offine Trained) 433121691 51781957 602.9 +176.5 (Daasey '729 fl’3’-(?97 o 17“ f"“’- '707 3 3102 i] 3.82
BC 422542791 1639+ 1027 10.04 +5.86 3DRL-based PP\ 0 cr 004301102 2041+ 1026
OffRIPP 30.16+2242 1656+ 12.82 7.61£5.75 (Offline Trained)
BC 764£744  1139+1048 872834
Non-learning-based IPP solvers OffRIPP 252821131 29714920  36.26+10.82

Greedy Planning 73.21 £99.80 65.00 + 102.84 60.46 + 104.41
RAOr 49.47 +20.29 19.87 +7.71 12.54 +5.13

4.2. Training Details

To train Of fRIPP, we use the Adam optimizer (Kingma, 2014), a batch size of 256, and an update
frequency of 100 for the target network. For the threshold 7 in Eq. 4, we tune 7 in the range
(0,1). OffRIPP is trained for one epoch over the dataset, requiring on average 3 hours in the
light-intensity environment and 18 hours in the 3D fruit identification environment on a workstation
equipped with an Intel Xeon Gold 5218 CPU and three NVIDIA RTX 6000 GPUs.

4.3. Experimental Results
4.3.1. LIGHT-INTENSITY ENVIRONMENT

For the evaluation of Of fRIPP, we consider four baselines: (i) Greedy Planning, where the agent
selects its next node based on the highest GP entropy among neighbors; (ii) Randomized Anytime
Orienteering (RAOTr) (Arora and Scherer, 2017), a sampling-based heuristic. Note that Greedy Plan-
ning and RAOr do not require training, so we report their performances regardless of the dataset;
(iii) Behavior Cloning (BC), which imitates the behavioral policy. We use the CAtNIPP architecture
for BC and train it via negative log-likelihood; and (iv) CAtNIPP (Cao et al., 2023) trained offline,
where the agent is trained with PPO on the dataset. In addition, we report the dataset performance
itself to assess whether the learned model can surpass the model that generated the data. Note that
the behavior policy is trained online, making direct comparisons with Of fRIPP unfair.

We evaluate all methods using the three dataset types from Sec. 4.1 with budget values of 6,
8, and 10. The metric is the average trace of the covariance matrix over 50 environment instances,
which is the optimization objective in RL and also used by Cao et al. (2023). Results are shown
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in Table 1. Of fRIPP consistently achieves the lowest covariance trace across all budget settings.
Notably, CAtNIPP performs poorly when trained offline, illustrating that naive online RL algorithms
are unstable in the offline setting. Of fRIPP, however, performs well and often exceeds the dataset
performance. Furthermore, despite sensor noise during data collection, Of fRIPP remains robust,
maintaining accurate predictions and effective path planning, highlighting its applicability to real-
world deployment. Finally, Of fRIPP trained on any dataset outperforms both non-learning-based
baselines Greedy Planning and RAOr.

4.3.2. 3D FRUIT IDENTIFICATION ENVIRONMENT

For evaluation, we consider two baselines: (i) BC and (ii) the 3D RL-based IPP solver proposed in
Vashisth et al. (2024), as detailed in Sec. 2.2. These models are assessed across the three dataset
types under budget constraints of 6, 8, and 10, as described in Sec. 4.1. The evaluation metric is
the average fruit detection rate across 50 environment instances, following the same comparative
analysis procedure used in Vashisth et al. (2024). This metric captures the accuracy and efficiency
of the models in detecting fruits within a limited budget, offering a reliable means of comparison.
As shown in Table 2, Of fRIPP consistently achieves higher fruit detection rates across all budget
levels, outperforming both BC and the 3D RL-based IPP solver. The 3D RL-based IPP solver, de-
signed for online RL, performs suboptimally in the offline training setting, illustrating its instability
under distribution shift. In contrast, Of fRIPP not only outperforms these baselines but also ex-
ceeds the dataset’s performance in many cases. Notably, on the Greedy Planning dataset generated
by a non-learning method, we observe substantial improvement.

4.3.3. PERFORMANCE WITH RESPECT TO THE DATASET

The performance of Of fRIPP is influenced by
both the quality and quantity.of the dataset,.since 1 g mEE OffRIPP
Of fRIPP depends on the given dataset without -

generating new data from the current policy. From

Table 1 and Table 2, we observe that performance

improves as the behavior policy quality increases.

Fig. 4 shows the performance of Of fRIPP and

RAOr as the dataset size varies. Performance

improves as the number of training episodes in- 100 Sg‘éasg’g"si;eoof,\ljﬁg"b orof é;ﬂ?s"oég:;‘; 20000
creases, with convergence beginning around 18k

episodes, suggesting that roughly 18k episodes Figure 4: Performance of OffRIPP across
are needed for near-optimal performance. Fur- sizes of the expert dataset in the light-intensity
thermore, Of fRIPP requires only 500 episodes environment (budget = 10). Lower values indi-
to outperform RAOr, a non-learning-based IPP cate better performance. RAOr does not require
solver. a dataset because it is non-learning-based.

—— RAOTr

-
o

-
)

®

IS

Trace of Covairance Matrix

4.4. Analysis
4.4.1. TOTAL PLANNING TIME

One of the advantages of Of fRIPP is fast planning during execution. We report the total planning
time for executing one trajectory for Of fRIPP, BC, and RAOr in the light-intensity environment.
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Of fRIPP requires 0.64 seconds, slightly more time compared to BC, which requires 0.62 seconds,
due to the additional Q-value estimation module. However, it is significantly faster than RAOr,
which requires 6.11 seconds, a strong non-learning-based IPP baseline. Therefore, Of fRIPP out-
performs the non-learning method in both performance and planning time.

4.4.2. OFFLINE RL ALGORITHMS

As described in Sec. 3.2, we leverage a key idea from BCQ, which constrains the policy by approx-
imating the behavior policy. This approach, known as behavior-constrained offline RL, has been
effective for IPP so far. To further investigate offline RL for IPP, we also employ another offline
RL algorithm, CQL (Kumar et al., 2020), described in Sec. 2.1. Unlike BCQ, CQL uses a conser-
vative value estimation approach by constraining the critic to assign lower values to unseen data
rather than directly constraining the policy. Although BCQ demonstrates strong performance in our
method, we found that CQL underperforms for IPP due to the necessity of action constraints for
stable learning in this problem. The performance of CQL in the light-intensity environment with
the expert dataset is 474.7 £ 113.6, which is considerably worse than our approach. This suggests
that explicit action support constraints are more crucial than conservative critics for stable offline
learning in IPP. Further exploration of other offline RL algorithms is left as future work.

4.5. Experimental Validation on Real Robot

We validate Of fRIPP on a real-robot system in a light-intensity environment. Specifically, we
project the light-intensity environment onto a physical 1.5 x 1.5 m? arena, as shown in Fig. 3
(c), maintaining consistency in configuration between simulation and physical deployment. The
Khepera-1V robot, equipped with a Raspberry Pi 3 and a camera module, is then deployed. In this
experiment, we train Of fRIPP offline using the expert dataset and deploy the resulting policy on
the robot. During deployment, the robot collects real-time image observations and executes actions
based on those observations. Despite real-world challenges such as sensor noise and environmental
uncertainties, Of fRIPP demonstrates robust performance, successfully navigating the environment
and making reliable decisions. These results further validate the adaptability of Of fRIPP, as it gen-
eralizes from simulation to reality without requiring retraining or extensive modifications. Notably,
we achieve a covariance trace of 4.83 in the real-world deployment, highlighting its effectiveness
in maintaining informative exploration under real-world conditions. The full video can be accessed
here.

S. CONCLUSION

In this paper, we presented an offline RL-based IPP framework that trains an RL agent to find paths
that maximize information gain without environment interactions during training. Building on an
IPP architecture with graph representations, GP-based environment modeling, and attention mecha-
nisms, we approximate the behavior policy used to generate the dataset and train a Q-function. Us-
ing this approximation, we derive a policy that selects high-value actions supported by the dataset.
We show that Of fRIPP outperforms baseline methods, including traditional IPP solvers, in both
performance and planning time across two different environments. Furthermore, we validate the ef-
fectiveness of Of fRIPP on a real-robot system. Future directions include extending this framework
toward multi-agent IPP policies learned from offline datasets.
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