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Abstract

The value function of a POMDP exhibits the
piecewise-linear-convex (PWLC) property and can
be represented as a finite set of hyperplanes, known
as α-vectors. Most state-of-the-art POMDP solvers
(offline planners) follow the point-based value it-
eration scheme, which performs Bellman back-
ups on α-vectors at reachable belief points until
convergence. However, since each α-vector is |S|-
dimensional, these methods quickly become in-
tractable for large-scale problems due to the pro-
hibitive computational cost of Bellman backups. In
this work, we demonstrate that the PWLC represen-
tation of POMDP value functions can be general-
ized by replacing the alpha-vector sets with a finite
set of neural networks. This insight enables a novel
POMDP planning algorithm, called Neural Value
Iteration, which combines the generalization capa-
bility of neural networks with the classical value
iteration framework. Requiring only a black-box
simulator, our approach scales to extremely large
POMDPs that are intractable for previous offline
planning methods.

1 INTRODUCTION

The partially observable Markov decision process (POMDP)
framework models decision-making problems where the
true state is hidden and transitions are stochastic. In a
POMDP, the agent maintains a belief (a probability dis-
tribution over states) and seeks an optimal policy mapping
beliefs to actions to maximize expected return. However,
solving POMDPs optimally is computationally intractable:
PSPACE-complete in the finite-horizon case [Papadimitriou
and Tsitsiklis, 1987] and undecidable for infinite horizons
[Madani et al., 1999].

It has been proved that the POMDP’s optimal value func-

Figure 1: A finite-state controller (FSC) vs. a finite-network
controller (FNC). Each FNC node stores a neural network
that explicitly approximates an α-vector.

tion V ∗
t at each time step t is piecewise linear and convex

(PWLC) [Sondik, 1971]. As a result, V ∗
t can be efficiently

represented by a finite set of |S|-dimensional hyperplanes,
known as α-vectors, where S denotes the state space. By
leveraging this PWLC structure, value iteration methods for
POMDPs (e.g., dynamic programming updates) can be per-
formed by iteratively maintaining and updating a finite set
of α-vectors [Pineau et al., 2003, Smith and Simmons, 2004,
2005, Kurniawati et al., 2008, Bai et al., 2010]. However,
since each α-vector spans the entire state space, these meth-
ods are difficult to scale due to memory and computation
costs. Even efficient solvers like SARSOP struggle with do-
mains containing millions of states, where optimizing large
sets of α-vectors becomes intractable. To improve scalabil-
ity in continuous-state POMDPs, MCVI [Bai et al., 2010]
implicitly represents α-vectors using nodes in a policy graph
(i.e., a finite-state controller) and performs approximate Bell-
man backups via Monte Carlo (MC) simulations. Despite
its scalability advantages, MCVI suffers from performance
degradation in large problems with long horizons due to the
high cost of MC simulations, limiting its practicality unless
techniques like macro-actions [Lim et al., 2011] are used to
reduce planning depth and computational overhead.

In this paper, based on the classic value iteration (VI)
scheme, we aim to further extend its scalability to solve
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very large POMDPs. To do so, we address a fundamental
question: Is there a better way to represent a value function
that is more suitable for such large-state POMDPs? Mo-
tivated by the answer to this question, we propose a new
perspective: one can leverage the PWLC property and ef-
ficiently approximate a POMDP’s value function using a
finite set of neural networks. This insight leads to a new
policy representation, the finite-network controller (FNC),
where each node holds a neural network that explicitly mod-
els an α-vector (fig. 1), allowing compact policies even in
complex domains. We then introduce Neural Value Iteration
(NVI), a new offline solver that performs value iteration
directly over these networks. To our knowledge, NVI is the
first offline POMDP solver to scale to problems as large
as RockSample(20, 20), with over 400 million states—far
beyond the capability of existing general offline POMDP
solvers.

2 RELATED WORK

POMDP planning methods are broadly categorized as of-
fline or online. Offline solvers compute a complete policy
prior to execution, typically in a compact form for effi-
cient runtime deployment. Online planners instead inter-
leave planning and execution, selecting actions at each step
via lookahead search or sampling. Here, we focus on offline
approaches most relevant to our work and refer readers to
comprehensive surveys for broader coverage [Lauri et al.,
2022, Kurniawati, 2022].

Most offline solvers [Smith and Simmons, 2004, 2005, Kur-
niawati et al., 2008] iteratively update the value function
using Bellman backups over a finite set of α-vectors. These
methods and their variants [Bai et al., 2010, Lim et al., 2011]
follow a bottom-up strategy, constructing the optimal value
function backward in time from horizon h to 1. Modern
algorithms such as HSVI and SARSOP improve efficiency
by restricting backups to representative beliefs selected via
reachability heuristics, substantially accelerating conver-
gence. Nevertheless, for very large POMDPs, even these
approaches remain computationally intractable. An excep-
tion among recent offline methods is POMCGS [You et al.,
2025], which doesn’t follow a value iteration and instead
uses a top-down strategy inspired by online MCTS-based
planners [Silver and Veness, 2010, Somani et al., 2013, Sun-
berg and Kochenderfer, 2017, Wu et al., 2021, Kocsis and
Szepesvári, 2006]. It treats the POMDP as a belief-MDP
and performs tree search directly in belief space, merging
similar nodes to compact the policy structure and reduce
redundant computation.

Several techniques have been explored to scale POMDP
planning to large-scale or continuous domains. For example,
Algebraic Decision Diagrams (ADDs) have been used to
represent value functions in factored POMDPs with known
models Shani et al. [2008], Sim et al. [2008]. These ap-

proaches exploit the logical structure of discrete factored
state variables to reduce memory requirements, but still
rely on exact model-based Bellman backups. For general
POMDPs, another common approach is to approximate be-
liefs or value functions using parametric representations,
such as Gaussian mixtures [Porta et al., 2006]. However,
these representations often oversmooth discontinuities (e.g.,
walls or obstacles) and may require many components for ac-
curate approximation, limiting scalability. Moreover, [Porta
et al., 2006] relies on explicit parametric assumptions such
as linear-Gaussian transitions and Gaussian-mixture obser-
vations, restricting applicability to general POMDPs. In
reinforcement learning, POMDPs are typically addressed by
learning belief surrogates through recurrent neural networks
[Hausknecht and Stone, 2015, Schulman et al., 2017, Karkus
et al., 2017], with value functions defined over latent states.
Recent approaches such as BetaZero [Moss et al., 2024]
approximate value functions using simplified belief statis-
tics (e.g., mean and variance) as heuristics within MCTS
planning. However, none of these methods explicitly exploit
the PWLC structure of POMDP value functions, limiting
their alignment with value iteration theory.

In this work, we offer a new perspective: the PWLC struc-
ture of the optimal value function can be preserved by rep-
resenting each α-vector with a neural network. This insight
leads to the proposed finite-network controller (FNC) and
the corresponding offline algorithm, Neural Value Itera-
tion (NVI), which enables scalable planning for general
POMDPs with large state spaces, without requiring specific
structural assumptions or access to explicit transition and
observation models.

3 BACKGROUND

3.1 POMDPS

A POMDP defines a single-agent decision-making problem
in an environment with uncertain dynamics where the un-
derlying states cannot be directly observed. A POMDP is
defined by a tuple ⟨S,A,Ω, T,O, r, b0, γ⟩ where (i) S is
the set of states; (ii) A is the set of actions; (iii) Ω is the
set of observations; (iv) T (s′, s, a) = Pr(s′|s, a) is the tran-
sition function, which encodes the probability of reaching
the next state s′ given the current state s and an executed
action a); (v) O(o, s′, a) = Pr(o|s′, a) is the observation
function; it indicates the probability of receiving an obser-
vation o given the next state s′ reached while performing
action a; (vi) r(s, a) is the reward function, which gives the
instant reward when performing action a at state s; (vii) b0
is an initial probability distribution over states; (viii) γ is
the discount factor.

In a POMDP, the agent maintains a belief b at each time step
which represents the probability distribution of possible
current states. When the agent executes an action a and
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receives a new observation o, the agent updates its belief as
ba,o = τ(b, a, o), where

ba,o(s′) =
O(o, s′, a)

∑
s∈S T (s

′, s, a)b(s)∑
s′′∈S

[
O(o, s′′, a)

∑
s∈S T (s

′, s, a)b(s)
]
(1)

To simplify the expression, we use τ(b, a, o) to refer to the
belief update process for ba,o in following sections. The
goal of a POMDP is to compute a policy π that maps beliefs
to agent actions that maximize the expected discounted
accumulated reward.

3.2 ALPHA VECTORS AND FINITE-STATE
CONTROLLERS

A POMDP value function V can be represented by a finite
set of α-vectors, Γ = {α1, . . . , αn}, where each α is associ-
ated with an action. Given a belief b, the value is computed
as:

V (b) = max
α∈Γ

∑
s∈S

b(s)α(s), (2)

and the optimal action is the one associated with the maxi-
mizing α-vector.

It is well known that such a value function can be equiva-
lently encoded as a finite-state controller (FSC), or policy
graph, where each node corresponds to an α-vector and
is labeled with an action and a transition rule based on
observations [Hansen, 1997]. This transformation yields
compact policy representations and efficient execution via
table lookups.

Definition 1 A (deterministic) Finite-State Controller for
a POMDP is a tuple fsc = ⟨N,n0, ψ, η⟩, where: 1. N is a
finite set of controller nodes (machine states), 2. n0 ∈ N is
the initial node, 3. ψ : N → A maps each node to an action
in A, 4. η : N × Ω → N maps a node and observation
o ∈ Ω to the next node. At each step, the FSC selects an
action viaψ and updates its node using η, defining a reactive
policy over partial observations.

3.3 BELLMAN BACKUPS IN POMDPS

In this section, we describe the core Bellman backup opera-
tion that underpins our contribution. For a broader overview
of point-based methods, we refer the reader to [Shani et al.,
2013]. A POMDP’s optimal value function can be computed
through value iterations, and each iteration is commonly re-
ferred to as a Bellman Backup. This backup process updates
a new value function V ′ from the current value function V

Algorithm 1: Bellman Backup

1 Function Backup(Γ, b):
2 foreach a ∈ A and o ∈ Ω do
3 αa,o ← argmaxα∈Γ (α · τ(b, a, o))
4 foreach a ∈ A and s ∈ S do
5 αa(s)← R(s, a) +

γ
∑

o∈Ω

∑
s′∈S T (s, a, s

′)O(s′, a, o)αa,o(s
′)

6 α′ ← argmaxa∈A (αa · b);
7 return Γ ∪ {α′}

as:

V ′(b) = max
a∈A

[
R(b, a) + γ

∑
o∈Ω

Pr(o|b, a)V (ba,o)

]
(3)

= max
a∈A

[
R(b, a) + γ

∑
o∈Ω

Pr(o|b, a)max
α∈Γ

∑
s′∈S

ba,o(s′)α(s′)

]
.

(4)

The complexity of a raw backup computation in Equation (3)
is O(|V | × |A| × |Ω| × |S|2 + |A| × |S| × |V |Ω), which
means this kind of naive value iteration can only be done in
very small problems with very few horizons.

One of the key breakthroughs in offline POMDP planning is
the development of point-based value iteration (PBVI) meth-
ods, which demonstrate that full Bellman backups over the
entire belief space, as required by the raw value iteration in
Equation (3), are unnecessary. Instead, PBVI methods main-
tain a finite set of representative beliefs B and reuse cached
α-vectors for efficient computation as shown in Alg. 1. This
compact backup operation generates a new α-vector α′ for a
given belief b, and add it to the α-vector set Γ← Γ ∪ {α′},
which represents the updated value function V ′.

Nonetheless, when the state space is large or continuous,
even this backup process becomes intractable due to the
need to sum over all possible states. To address this chal-
lenge, Monte Carlo Value Iteration (MCVI) [Bai et al., 2010]
was proposed. MCVI avoids explicit loops over the entire
state space by sampling states and implicitly representing
α-vectors using policy graph nodes. It approximates the
Bellman backup using Monte Carlo simulations, a proce-
dure referred to as MC-Backup. However, the lack of explicit
α-vector representations in MC-Backup prevents caching
and reusing computation across belief points. As a result,
MCVI often requires a large amount of simulation to achieve
competitive performance, which limits its solution quality
in large-scale problems under constrained computational
budgets.
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4 NEURAL VALUE ITERATION

This section presents our main contribution. At a high level,
our algorithm maintains and trains a finite set of neural
networks during planning to approximate the POMDP value
function over a set of representative beliefs. The training
data for each network comes from sampling outcomes.

4.1 REPRESENTING V WITH A FINITE SET OF
NEURAL NETWORKS

A common approach is to approximate the POMDP value
function as a parametric mapping from the belief space B to
R. However, this typically requires simplified belief repre-
sentations (e.g., means and variances [Moss et al., 2024] or
RNN hidden states [Hausknecht and Stone, 2015, Schulman
et al., 2017]).

In this paper, we propose to revisit the key PWLC structure
exploited by previous value iteration methods, which allows
a POMDP value function V to be represented as the maxi-
mum over a finite set ofα-vectors, i.e., V (b) = maxα∈Γ b·α.
We then ask a fundamental question: what is an α-vector
mathematically? A simple but important answer is that
each α-vector is a mapping from S to R. This implies
that it can be approximated by a neural network, denoted
as αNN. This allows us to represent the value function as
V (b) = maxαNN b · αNN, providing efficient approximation
over large or continuous state spaces and direct access to
state-wise values αNN(s) for all s ∈ S. We further define a
Finite Network Controller (FNC) as follows:

Definition 2 A Finite Network Controller is a variant of
a finite state controller G = ⟨N,n0, ψ, η⟩ where: 1. Each
node n ∈ N stores a neural network αNN in addition to the
labeled best action; 2. The value of a belief is computed as
V (b) = maxn∈G b · n.αNN; 3. An FNC can be converted to
a standard FSC by removing the αNN in each node.

The FNC structure facilitates value iteration with sampling-
based simulators while enabling compact policy execution:
an FNC can be converted into a classical FSC without any
loss of execution performance, since the neural networks
are only used for value estimation during planning and are
not involved in policy execution.

4.2 VALUE ITERATION WITH NEURAL
BELLMAN BACKUPS

In this section, we present our main contribution: Neural
Value Iteration (NVI), which performs value iteration (VI)
with a finite network controller for large-scale POMDPs.
Such domains are often accessible only through black-box
simulators, requiring Monte Carlo sampling for computa-
tions. Therefore, we adopt MCVI as the base VI framework

and show how our approach integrates into it. The overall
procedure for performing value iteration over neural net-
works is outlined in Algorithm 2, which follows a classical
VI scheme: iteratively collecting beliefs and performing
backups at those belief points until convergence.

We use a standard belief collection method. Briefly,
CollectBelief performs a forward tree search according to a
reachable belief heuristic, where actions are selected accord-
ing to the highest upper bound values and observations are
selected to maximize the uncertainty between child beliefs’
upper and lower bounds. The beliefs in this search trajectory
are collected. In our case, the belief update is a particle filter-
ing process, where each belief is represented by a collection
of nbparticle states. A detailed belief collection algorithm is
provided in the appendix, as it is not our main contribution.

Our main algorithmic contribution is presented in Algo-
rithm 3. This Neural Bellman backup method defines how
to compute a new value function V ′ for a given belief b in a
continuous-state problem:

V ′(b) = max
a∈A

{∫
s∈S

R(s, a) b(s) ds

+ γ
∑
o∈Ω

Pr(o|b, a)max
α∈Γ

∫
s′∈S

ba,o(s′)α(s′) ds′
}
(5)

Algorithm 3 performs a Bellman backup on a given belief
b and updates a finite-network-controller (FNC). It starts
with an initialization process (Lines 2-3), and then computes
the expected immediate reward (marked in blue in Equa-
tion 5) with simulations (between Lines 5-7). Specifically,
the algorithm draws particles si ∼ b(s), where the belief is
represented by a particle set, and performs a one-step simu-
lation (s′i, oi, ri) ∼ sim(si, a). This produces i.i.d. samples
from the joint distribution induced by the belief and the
generative model, p(s′, o, r) =

∫
b(s)P (s′, o, r | s, a) ds.

Consequently, the sample average over {(s′i, oi, ri)} pro-
vides an unbiased Monte Carlo estimate of the correspond-
ing expectations in the Bellman backup, following the same
principle as the MC-backup operation used in MCVI.

The key difference between NVI and MCVI lies in how
the discounted future return (highlighted in brown in Equa-
tion 5) is computed, particularly the evaluation of α(s′).
Because it’s challenging to explicitly represent α-vectors
for large or continuous domains, MCVI implicitly represents
the value of α(s′) by performing Monte Carlo simulations
through an FSC policy starting from state s′. This compu-
tation becomes very expensive when the problem and FSC
size are large. Moreover, to get an accurate approximation
of future rewards with stochastic dynamics, MCVI typically
requires a large number of simulations. In our case, we
explicitly represent each α-vector with a neural network
αNN stored at each node, and use it to predict the value of
α(s′) in Line 9, which significantly reduces computations.
Lines 11-16 then compute the discounted expected future
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Algorithm 2: Neural Value Iteration

1 Function Main(b0, nbparticle, nbsample, nbsim):
2 G← ∅
3 while V (b0) Not Converged do
4 B ← CollectBeliefs(b0, nbparticle)
5 foreach b ∈ B do
6 NeuralBackUp(G, b, nbsample, nbsim)

7 return G

return, and we create a new temporary node with the best
action found. Compared with MCVI, we additionally in-
clude a pruning step before adding the new node to G. This
process (function NodeIsUnique in Algorithm 3) checks if
there exists a node in G with the same best action and node
transition edges.

When adding a new node n′, a key process is to assign the
new node a neural network αNN that explicitly represents an
α-vector. We propose to use a separate function GenData
to generate training data for αNN. To collect representative
states so that αNN can generalize to unseen states, this func-
tion first randomly samples nbsample different states from
the environment with all possible time depths (Lines 26-
27). These nbsample different states are used as the train-
ing dataset X . Then for each collected state sample, if the
current FNC G is empty, we compute Vs by simulating
nbsim rollouts of always performing the same action n′.a∗

(Line 31), as there are no transitions between nodes. If
G is not empty, we calculate Vs with expected immedi-
ate rewards plus the discounted future return Vn(i),s′(i) as
shown in Line 33, where s′(i), o(i), r(i) ← Envsim(s, n

′.a∗)
and n(i) = η(G,n′, o(i)). This computation is straightfor-
ward because Vn(i),s′(i) simply calls the neural network
stored in node n(i) to predict a value such that Vn(i),s′(i) =

n(i).αNN(s
′(i)). Finally, all collected Vs values serve as

training labels Y . Together, X and Y are used to train αNN
and store it in the new node n′, and we update the FNC G
by adding this new node n′.

In practice, each αNN can be trained efficiently with a small
number of sampled states. Simple MLPs are sufficient for
the evaluated problems, while reusing sampled states and
batching value evaluations further improve efficiency.

Algorithm 3 can be seen as a sampled approximation of
Algorithm 1, where exact computations over the full state
space are replaced by Monte Carlo simulations. More im-
portantly, it uses neural networks αNN to handle large state
spaces instead of the original α-vectors, and the value func-
tion is bootstrap-updated with a finite set of neural networks.
We also provide a variant of NVI for POMDPs with known
models in the appendix, where the transition and observation
models are explicitly available rather than being estimated
via Monte Carlo simulations.

Algorithm 3: Neural Bellman Backup

1 Function NeuralBackUp(G, b, nbsample, nbsim):
2 For each a ∈ A,Ra ← 0
3 For each a ∈ A, o ∈ Ω, and n ∈ G,Va,o,n ← 0.
4 foreach a ∈ A do
5 for s ∼ b do
6 s′, o, r,← Envsim(s, a)
7 Ra ← Ra + r
8 foreach n ∈ G do
9 Vn,s′ ← Predict(n.αNN, s

′)
10 Va,o,n ← Va,o,n + Vn,s′

11 foreach o ∈ Ω do
12 Va,o ← maxn∈G Va,o,n
13 n∗a,o ← argmaxn∈G Va,o,n

14 Va ←
(Ra+γ

∑
o∈Ω Va,o)

|b|

15 V ∗ ← maxa∈A Va, a∗ ← argmaxa∈A Va
16 Create a new temporary node n′ with action a∗ and

set edges (n′, n∗a∗,o) for each o ∈ Ω

17 if NodeIsUnique(n′, G) then
18 α′

NN ← ∅
19 X,Y ← GenData(n′, G, nbsample, nbsim)
20 TrainNN(α′

NN, X, Y )
21 Label new node n′ with network α′

NN
22 G← G ∪ {n′}
23 return G
24 Function GenData(n′, G, nbsample, nbsim):
25 X,Y ← ∅
26 for i = 1 to nbsample do
27 s ∼ Envsim
28 X ← X ∪ {s}
29 Vs ← 0
30 if G is empty then

31 Vs ←
∑nbsim

i=1

(∑∞
t=0 γtR(s

(i)
t ,n′.a∗)

)
nbsim

32 else

33 Vs ←
∑nbsim

i=1

(
r(i)+γ·V

n(i),s′(i)

)
nbsim

34 Y ← Y ∪ {Vs}
35 return X,Y

4.3 DATA COLLECTION STRATEGY

In GenData in Algorithm 3, we sample states from the entire
state space rather than from the belief-specific state distri-
bution during each backup. T his choice is motivated by
two considerations. First, training only on states sampled
from a given belief may cause the neural network to overfit
to a limited region of the state space and reduce its gen-
eralization ability. Second, broader coverage of the state
space enables the αNN representation to generalize to states
that may become relevant after policy improvement, which
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is important because each α-vector dominates a region of
the belief space in the PWLC value function representation.
Therefore, sampling from the entire state space provides a
more robust training strategy. A possible improvement is
a hybrid sampling strategy that combines uniform samples
from the state space with samples drawn from the neighbor-
hood of the current belief.

4.4 BENEFITS OF α-VECTOR RECASTING

We analyze the main advantages of recasting α-vectors with
neural networks.

A key benefit is the drastic reduction in simulator calls com-
pared to MCVI. Since no explicit α-vector representation
is maintained in MCVI, the value α(s′) (or Vn,s′ in Alg. 3)
must be estimated via Monte-Carlo rollouts under the cur-
rent policy starting from node n and state s′. Reliable estima-
tion typically requires many rollouts (nbrollout) with substan-
tial depth (d). Consequently, each MCVI backup loops over
actions (a ∈ A), belief particles (s ∈ b), and nodes (n ∈ G),
requiring approximately |A|×nbparticle×nbnode×nbrollout×d
simulator calls. This cost grows with the node set size and
becomes prohibitive for large or highly stochastic problems,
where nbparticle, nbrollout, and d must increase to avoid per-
formance degradation.

In contrast, NVI maintains an explicit neural approxima-
tion of α, enabling direct evaluation of α(s′) and efficient
batched prediction with negligible cost. This reduces sim-
ulator usage by orders of magnitude. One may argue that
the computation is shifted to data generation and network
training. However, only the first NVI backup (when G is
empty) requires full rollouts, performed over nbsample states
rather than over actions, belief particles, and FSC nodes.
Moreover, each NVI backup trains only a small neural net-
work (e.g., an MLP) using nbsample ≪ |S| samples, making
the training load very light and easily accelerated on GPUs.

Compared to classic offline solvers such as SARSOP
or HSVI, which store α-vectors explicitly, NVI also
offers significant memory savings. For example, in
RockSample(20, 20) with |S| > 400M, storing even a single
explicit α-vector requires over 14GB of memory. In contrast,
a 3-layer MLP with 1024 neurons per layer requires less
than 20MB.

These observations highlight the scalability barriers of prior
approaches. Sampling-based methods like MCVI avoid ex-
plicit storage but incur heavy Monte-Carlo costs, limiting
practicality in large or long-horizon domains [Lim et al.,
2011]. Explicit α-vector solvers such as SARSOP and HSVI
can achieve ϵ-optimality for small to medium problems, yet
their memory requirements grow prohibitively with state
space size.

By representing α-vectors as αNN, NVI preserves state-

gradient structure with low simulation and memory over-
head. We argue that this learning-for-planning paradigm is
a key step toward scalable general POMDP planning.

5 EXPERIMENT

We implement our main contribution, NVI, in Julia using
the POMDP.jl framework [Egorov et al., 2017]. Planning
experiments are conducted on a machine with an Intel i7
3.6GHz CPU, 64GB RAM, and an RTX 4060 GPU, while
RL experiments are performed on an NVIDIA A100-SXM4-
40GB GPU. In NVI, each FNC node stores an MLP network
as αNN to explicitly represent an α-vector. The network
takes a vectorized state s as input and outputs the estimated
value Vn,s. Additional experimental details are provided in
the appendix.

5.1 BENCHMARK DOMAINS

To evaluate our contribution’s performance, we conduct
experiments on the following benchmark domains from
the POMDP.jl framework. These domains cover the most
challenging problems for offline methods, including contin-
uous POMDPs and discrete POMDPs with very large state
spaces.

Light Dark The Light Dark problem [Sunberg and
Kochenderfer, 2017] involves an agent moving in a 1D
world. The agent does not know its initial location and only
receives accurate observations in a specific light area. The
agent’s goal is to localize itself and navigate to a target
region.

Lidar Roomba The Lidar Roomba domain [Menda et al.,
2023] features a cleaning robot that must localize itself in
a 2D environment and reach a goal position. The robot has
no knowledge of its initial location and is equipped with a
noisy lidar sensor that measures forward distance.

RockSample The RockSample (RS) problem [Smith and
Simmons, 2004] is defined by a tuple ⟨n, k⟩, where a robot
moves in an n× n grid world containing k rocks. Initially,
the robot knows its own location but not the rocks’ status
(good or bad). The robot can measure rock quality with a
noisy sensor whose accuracy depends on the distance to the
rock. The goal is to collect as many good rocks as possible
before reaching the target location.

Currently, one of the largest POMDP domains tested in
recent literature is RS(20, 20), which contains over 419 mil-
lion states. To our knowledge, no previous offline POMDP
solver has successfully solved RS(20, 20), apart from our
proposed NVI approach.
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Figure 2: Upper and lower bound estimates of NVI over backup iterations in RS(20, 20), Light Dark, and Lidar Roomba.
The lower bounds are obtained from the value iteration process in Algorithm 2, while the upper-bound update procedure is
described in the Appendix. Baseline online planning methods [Somani et al., 2013, Sunberg and Kochenderfer, 2017, Cai
et al., 2021, Wu et al., 2021] are reported from BetaZero [Moss et al., 2024].

5.2 OFFLINE POMDP METHODS

We compare NVI with several state-of-the-art offline
POMDP methods including SARSOP, MCVI, and POM-
CGS, along with a reinforcement learning baseline (PPO
with recurrent neural network). For all planning methods,
we set time limits of: • 1 hour for small problems (RS(7, 8));
• 6 hours for medium problems (RS(11, 11) and Light Dark);
• 24 hours for large problems (RS(15, 15) and RS(20, 20)
and Lidar Roomba). No time limit is applied to PPO. Among
all tested algorithms, only SARSOP requires explicit models
providing exact state transition and observation probabilities.
Note that model loading and algorithm initialization times
(which can be substantial, e.g., many hours for SARSOP)
are excluded from these limits. For continuous domains, all
sampling-based offline solvers require discretization; the
details are provided in Table 2.

Parameter Analysis NVI’s planning process involves
three key parameters: nbsample, which controls how many
sampled states are used to approximate the full state space
during the training of αNN; nbparticle, which determines how
many particles are used to represent a belief; and nbsim,
which sets the number of Monte Carlo simulations per-
formed per particle to estimate expected outcomes. The
parameters nbparticle and nbsim are common to most Monte
Carlo-based planners, both online and offline, as these meth-
ods rely on particle filtering and simulation for belief track-
ing and value estimation. Thus, we omit a detailed discus-
sion of these parameters and focus our analysis on nbsample,
which is only used in NVI among current offline approaches.

As shown in Figure 3a, increasing nbsample generally im-
proves NVI’s performance. For smaller domains such as
RS(7, 8), a relatively small nbsample suffices to train αNN
effectively and enable generalization to unseen states. If
nbsample exceeds the size of the state space |S|, αNN essen-
tially memorizes the entire state space, behaving more like a
tabular representation. For larger domains, a higher nbsample
is typically needed to achieve good generalization. However,
even then, nbsample ≪ |S|, underscoring the efficiency of

using neural networks to approximate α-vectors.

Performance Comparison Performance results are re-
ported in Table 1. On small to moderate-sized problems,
SARSOP achieves the highest returns owing to its exact
model-based Bellman backups. However, despite obtaining
high returns on RS(11, 11), SARSOP remains impractical
due to its substantial memory requirements and long ini-
tialization time. For example, solving RS(11, 11) requires
approximately 14,GB of RAM, and loading and initializing
the domain takes more than 24 hours. These limitations,
together with the computational cost of performing exact
Bellman backups over the entire state space S, prevent SAR-
SOP from scaling to larger problems. On the other hand,
sampling-based approaches demonstrate better scalability
for large and continuous domains. Notably, among these
methods, only NVI successfully solves the extremely large
RS(20,20) domain with over 419 million states. Although
MCVI should theoretically achieve performance similar
to that of SARSOP or NVI given sufficient Monte Carlo
simulations and particle sizes, its lack of explicit α vec-
tor representation dramatically increases the computational
requirements for accurate estimation in large problems. An-
other interesting observation is that despite using simple dis-
cretization schemes for continuous domains (Light Dark and
Lidar Roomba), sampling-based methods such as POMCGS
and NVI perform relatively well on these problems. This
suggests that continuous domains may not inherently pose
significant challenges for offline planning, as simple dis-
cretization can effectively convert them to small discrete do-
mains. However, even discretized domains like RS(20, 20)
with only 3 observations remain extremely challenging due
to their enormous state spaces.

Additionally, since these benchmarks are well-studied in the
online planning community, we compare NVI’s upper and
lower bounds during backups with state-of-the-art online
methods reported in the literature. As shown in Figure 2,
NVI’s bounds gradually converge toward near-optimal so-
lutions, consistent with the performance of online planners.
We omit the comparison for the Lidar Roomba problem,
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Figure 3: NVI analysis: (a) Effect of nbsample on RS; (b, c) Comparison with POMCGS in FSC size and planning time on
Light Dark domain, NVI’s FNC is converted to a FSC

RS(7, 8) RS(11, 11) RS(15, 15) RS(20, 20) Light Dark Lidar Roomba

|S| 12, 544 247, 808 7, 372, 800 419, 430, 400 ∞ ∞
|A| 13 16 20 25 3 ∞
|Z| 3 3 3 3 ∞ ∞
Recurrent PPO 7.73± 0.01 6.30± 0.04 6.16± 2.88 3.97± 0.02 3.26± 0.01 −2.07± 0.02
SARSOP* 21.57± 1.82 19.09± 2.40 — — — —
POMCGS 20.17± 1.68 18.53± 1.04 13.45± 1.66 3.91± 0.83 (†) 3.74± 0.06 1.08± 0.19
MCVI 17.34± 2.52 13.78± 2.13 10.78± 1.92 4.57± 2.19 2.94± 0.15 0.68± 0.16
NVI 18.95± 1.49 17.51± 1.56 13.60± 2.27 12.31± 1.65 3.73± 0.10 2.03± 0.03

Table 1: Performance comparison of different offline POMDP algorithms. The symbol “†” indicates out-of-memory errors
during computation, and “—” denotes that the algorithm is not applicable to the corresponding domain. All methods are
evaluated over five independent runs, with policies from sampling-based approaches evaluated using 105 simulations per run.
In RockSample domains, each run uses a different problem instance with randomized rock positions and statuses, while the
robot always starts at position (1, 1) to maximize the distance to the exit area. The asterisk “*” for SARSOP indicates that it
is the only method requiring an explicit POMDP model for exact computation; all other methods operate with black-box
simulators.

as we didn’t find competitive performance in the current
literature.

Last but not least, despite an extensive parameter search
for Recurrent PPO (as detailed in the appendix), it failed to
produce competitive policies compared to offline planning
methods in most domains. Notably, while some individual
episodes during training showed promising behavior, the
learning process frequently converged to a local optimum
corresponding to a myopic solution (e.g., in RockSample,
the agent moves directly to the exit area). Notably, A higher
performance in the RockSample problem is reported in [Tao
et al., 2025], which may be attributed to differences in pa-
rameters and problem configurations.

5.3 A CLOSER LOOK AT SAMPLING-BASED
APPROACHES

We compare NVI and POMCGS on the Light Dark domain,
where both achieve similar performance. As shown in Fig-
ures 3b and 3c, POMCGS finds reasonable solutions much
faster due to its top-down search and belief node merg-

ing. However, because it does not follow a value iteration
scheme, its FSC nodes do not correspond to α-vectors that
generalize over broad belief regions, which leads to large
and memory-intensive controllers in complex domains. In
contrast, NVI performs value iterations and exploits the
PWLC structure, resulting in more compact policies. Fur-
thermore, NVI doesn’t require state discretization, as it does
not rely on belief comparison.

6 DISCUSSION

Contribution In this article, we demonstrate that a
POMDP value function can be represented by a finite set
of neural networks. Based on this insight, we introduce the
finite network controller (FNC), a variant of the finite state
controller in which each node stores a neural network to
explicitly represent an α-vector. We further propose Neu-
ral Value Iteration (NVI), a new offline planning algorithm
that follows the classical value iteration framework while
performing Bellman backups directly on neural networks.
Empirically, we show that NVI can tackle highly challeng-
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Problem (Type) MCVI & NVI POMCGS

Light Dark (C,D,C)
States — State Grid = [1.0]
Actions — —
Observations KMeans (20) KMeans (20)

Lidar Roomba (C,C,C)
States — State Grid (4002)
Actions Subset (9) Progressive Widening
Observations KMeans (10) KMeans (10)

Table 2: Discretization approaches used by sampling-based
methods. Notation: C = Continuous, D = Discrete (state/ac-
tion/observation spaces). Numbers in parentheses indicate
the corresponding discrete sizes, and “—” denotes that no
discretization is required. “Subset()” uniformly samples a
subset of actions from the continuous action space, while
“KMeans” discretizes the continuous observation space us-
ing clustering. The state grid is only required by POMCGS
to compute L1 distances between beliefs using discretized
bins; NVI and MCVI do not require state discretization.

ing problems such as RS(20, 20), with over 419 million
states—well beyond the limits of existing offline solvers.

Convergence, Accuracy and αNN Generalization Since
NVI follows the classical point-based value iteration frame-
work, similar convergence properties [Smith and Simmons,
2005, Bai et al., 2010] can be expected in the limit under the
assumption of no approximation error. A natural concern is
whether imperfect training of αNN may result in poor gen-
eralization to unseen states. In practice, insufficient fitting
may be reflected by a high training loss, while poor gener-
alization manifests as inaccurate value predictions on un-
seen states, which can result in suboptimal action selection
and degraded performance. These effects can be assessed
through execution analysis or comparison with state-of-the-
art planners, as shown in Figure 2. Empirically, we do not
observe such generalization issues in NVI with a sufficient
number of training states. When suboptimal performance
occurs, it is mainly attributed to belief approximation errors
from particle-based belief representations and estimation
errors introduced by Monte Carlo simulations during Bell-
man backups. We view establishing formal error bounds and
developing principled strategies for selecting the nbsample
training states as important directions for future work.

Limitation The main limitation of NVI is that the current
approach still requires discretization of actions and observa-
tions when applied to POMDPs with continuous action or
observation spaces.

Future Work The idea of representing α-vectors with
neural networks opens several directions for future research.
Theoretically, error bounds for the neural representation can

be formalized and analyzed. Practically, techniques such
as improved state sampling [Brechtel et al., 2013], belief
selection heuristics, macro actions [Lim et al., 2011], and
observation grouping can be integrated into Neural Value
Iteration to further enhance the performance in complex or
continuous domains.

7 CONCLUSION

Offline point-based value iteration methods progressed from
classic algorithms such as PBVI to HSVI and SARSOP,
and later to MCVI; however, their scalability in very large
domains has remained fundamentally limited by memory
and computational costs. Over the past decade, compared
to the rapid advancement of online planning methods and
deep learning approaches, these classic offline POMDP ap-
proaches have gradually received less attention due to scala-
bility issues. In this article, we show that advancements in
neural networks can also bring new life to the classic point-
based value iteration scheme. Specifically, by reinterpreting
α-vectors as neural networks and leveraging state-gradient
information to scale efficiently to large state spaces, this
new perspective may open a new direction for deep offline
POMDP planning, highlighting that structured, model-based
decision making still holds powerful potential. In addition,
many existing techniques from traditional value iteration
methods can be naturally extended to Neural Value Iteration.
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A NEURAL VALUE ITERATION WITH KNOWN POMDP MODELS

Neural Value Iteration (NVI) can also be applied to POMDPs with known transition and observation models. In this case,
the core backup is shown in Algorithm 4, for each action, we first construct a supervised dataset of state-value pairs
{(si, αa(si))}Ni=1, where αa(si) is computed directly from the known transition and observation models, and predicted
future value αa,o,NN(s

′) according to the Bellman backup. A neural network αa,NN is then trained to approximate αa.
Finally, the action whose corresponding network maximizes the value of the current belief is selected, and the resulting
network is added to ΓNN.

Unlike the simulator-based version, Monte Carlo simulation is no longer required to approximate the Bellman backup,
since the expectations can be evaluated directly from the known models. However, sampled states are still recommended to
construct a supervised training dataset for fitting the neural network representation of the α-function, especially in large
state spaces.

B BELIEF COLLECTION PROCESS

In our work, we adopt a belief collection strategy similar to HSVI [Smith and Simmons, 2005] during value iteration.
Specifically, at the current belief b, the algorithm selects the action

a = argmax
a

QV (b, a),

where QV (b, a) is the action value induced by the upper bound. The next observation is selected according to the maximum
excess uncertainty:

o = argmax
o

Pr(o|b, a)
(
V (ba,o)− V (ba,o)

)
.

Beliefs are collected along this trajectory until the desired search depth is reached. The upper bound is initialized using the
standard MDP relaxation. During the backup process, the upper bound is updated by

V ← V ∪ {(b,HV (b))},

where

HV (b) = max
a

[
R(b, a) + γ

∑
o

Pr(o|b, a)V (τ(b, a, o))

]
.

With exact computation, this procedure preserves the upper-bound property:

V (b) ≥ V ∗(b)

for all reachable beliefs, as shown in HSVI and SARSOP.
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Algorithm 4: Neural Bellman Backup for POMDPs with Known Models

1 Function Backup(ΓNN, b,N):
2 foreach a ∈ A and o ∈ Ω do
3 αa,o,NN ← argmaxαNN∈ΓNN (αNN · τ(b, a, o))
4 foreach a ∈ A do
5 Sample N states {si}Ni=1 from a state sampling distribution;
6 Construct the dataset {(si, αa(si))}Ni=1, where

αa(si) = R(si, a) + γ
∑
o∈Ω

∑
s′∈S

T (si, a, s
′)O(s′, a, o)αa,o,NN(s

′).

7 Train αa,NN using the constructed dataset;

8 α′
NN ← argmaxa∈A(αa,NN · b);

9 return ΓNN ∪ {α′
NN}.

In our sampling-based implementation, the upper bound is updated at the collected belief nodes in B0, which are obtained
through a forward search process starting from the initial belief. Our belief collection procedure is provided in Algorithm 5.
However, our sampling-based approach approximates belief updates and value backups using particle filtering and Monte
Carlo simulations, which introduces estimation errors. Since the estimated value bounds guide both action and observation
selection, these errors may lead to suboptimal exploration trajectories and degrade the quality of the resulting policy.

C RL EXPERIMENTS

For the RL experiments, we use the pobax package [Tao et al., 2025], which is entirely written in JAX [Bradbury et al.,
2018]1. RL experiments require significant amounts of fine-tuning hyperparameters, which is why JAX is currently the
state-of-the-art choice, since it can run multiple runs in parallel on the GPU.

All experiments were performed on a Rocky Linux 9.6 (Blue Onyx) system with one NVIDIA A100-SXM4-40GB GPU and
CUDA 12.9.

The network architecture of the actor critic model is the same as in [Tao et al., 2025], which is shown in Fig. 4. We performed
hyperparameter tuning for each environment using the optuna package [Akiba et al., 2019] with 50 trials and the following
ranges:

• Learning rate: lr ∈ [10−5, 10−3] (log-uniform),

• Clipping parameter: ϵ ∈ [0.1, 0.4],

• Entropy coefficient: entropy_coeff ∈ [0.0, 0.1],

• Value function coefficient: vf_coeff ∈ [0.3, 0.7],

• GAE parameter: λ0 ∈ [0.1, 0.99],

• Gradient clipping: max_grad_norm ∈ [0.5, 2.0],

• Parallel environments: num_envs ∈ {64, 128, 256},
• Rollout length: num_steps ∈ {64, 128, 256},
• Hidden layer size: hidden_size ∈ {128, 256, 512, 1024},
• PPO update epochs: update_epochs ∈ {2, 3, . . . , 8},
• Minibatches: num_minibatches ∈ {2, 4, 8, 16}.

The best hyperparameters were chosen from the optuna results and are shown in table 3.

1Commit 4e53aac is the latest version of the code we used

7908



Algorithm 5: CollectBeliefs
Input : T : the belief tree

nT : current belief tree node
ϵ: uncertainty threshold
γ: discount factor
d: current depth
L: maximum depth
nbparticle: number of particles
Vmdp: MDP heuristic
B: output list of sampled beliefs

Output :B: collected beliefs

1 if V (b0)− V (b0) > ϵ and d < L then
2 a← argmaxaQV (nT , a) ;
3 foreach o ∈ Ω do
4 b′ ← ParticleFilter(nbparticle, nT .b, a, o) ;
5 if b′ /∈ T then
6 Add b′ to T as a child of nT via edge (a, o) ;
7 Initialize V (b′) using the QMDP heuristic with Vmdp ;

8 o← argmaxo∈Ω(Pr(o|nT .b, a) ·
(
V (ba,o)− V (ba,o)− ϵγ−(d+1)

)
) ;

9 B ← B ∪ {ba,o} ;
10 Recursively call CollectBeliefs on the child node n′

T reached via edge (a, o) from nT with updated depth
d← d+ 1 ;

11 return B

For the RockSample environments, we used the implemented pobax implementations. Since there exists no JAX implemen-
tation of lightdark and roomba yet, we ported those from the Julia equivalents. The full discounted reward during training is
shown in Figure 2.

D PLANNING EXPERIMENTS

There are three planning algorithms compared in our experiments: SARSOP, POMCGS, and MCVI. For POMCGS, we used
the official POMCGS Julia implementation available at https://github.com/ori-goals/POMCGraphSearch.
jl. For MCVI, we implemented a customized version in Julia using the POMDP.jl framework. We applied several custom
optimizations, including vectorized operations, multi-threading, and static value types to accelerate computation. These
improvements enabled faster performance compared to existing Julia implementation (e.g., https://github.com/
JuliaPOMDP/MCVI.jl) in our tested domains.

For SARSOP, we used the original C++ implementation available at https://github.com/AdaCompNUS/sarsop.
POMDP model files were exported in the POMDPX format for compatibility with SARSOP.

We used default settings for SARSOP and omit further parameter details. For the sampling-based methods (POMCGS,
MCVI, and NVI), all share two key parameters: nparticle, the number of particles used to represent beliefs, and nsim, the
number of simulations used for each state particle to approximate expectations. We tested the following ranges:

• nbparticle ∈ {1000, 5000, 10000, 20000, 50000}
• nbsim ∈ {10, 50, 100, 500}

We found that nbparticle = 10000 and nbsim = 100 were sufficient for good belief representation and expectation approxima-
tion across most benchmarks. These values were used in our final experiments.

For NVI, an additional parameter nbsample is used to sample the state space, and its impact is discussed in the main paper.

Network Architecture Selection In NVI, the POMDP value function is approximated by a finite set of neural networks,
each denoted as αNN. In our experiments, we trained all αNN with multilayer perceptrons (MLPs) with ReLU activations.

7909

https://github.com/ori-goals/POMCGraphSearch.jl
https://github.com/ori-goals/POMCGraphSearch.jl
https://github.com/JuliaPOMDP/MCVI.jl
https://github.com/JuliaPOMDP/MCVI.jl
https://github.com/AdaCompNUS/sarsop


ActorCritic(
Actor(

Sequential(
(0): Dense(in_dims=input_dim, out_dims=hidden_size, bias=True)
(1): ReLU()
(3): GRU(in_dims=hidden_size, hidden_size=hidden_size)
(4): Dense(in_dims=hidden_size, out_dims=hidden_size, bias=True)
(5): ReLU()
(6): Dense(in_dims=hidden_size, out_dims=action_dims, bias=True)
(7): Categorical() or MultivariateNormalDiag()

)
)
Critic(

Sequential(
(0): Dense(in_dims=input_dim, out_dims=hidden_size, bias=True)
(1): ReLU()
(3): GRU(in_dims=hidden_size, hidden_size=hidden_size)
(4): Dense(in_dims=hidden_size, out_dims=hidden_size, bias=True)
(5): ReLU()
(6): Dense(in_dims=hidden_size, out_dims=1, bias=True)

)
)

)

Figure 4: Actor critic architecture similar as in [Tao et al., 2025]

We evaluated several candidate architectures with varying depth and width to balance approximation capacity and computa-
tional efficiency. The tested configurations included:

Dense(input_dim, 64, relu)
Dense(64, 64, relu)
Dense(64, 1)

Dense(input_dim, 128, relu)
Dense(128, 64, relu)
Dense(64, 32, relu)
Dense(32, 1)

Dense(input_dim, 128, relu)
Dense(128, 64, relu)
Dense(64, 64, relu)
Dense(64, 1)

Dense(input_dim, 256, relu)
Dense(256, 128, relu)
Dense(128, 64, relu)
Dense(64, 1)

Dense(input_dim, 512, relu)
Dense(512, 256, relu)
Dense(256, 128, relu)
Dense(128, 64, relu)
Dense(64, 1)
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Table 3: Best hyperparameters for PPO on various environments.

Parameter RS(7, 8) RS(11, 11) RS(15, 15) RS(20, 20) Light Dark Lidar Roomba

Final Return 7.74 6.30 6.16 3.97 3.26 -2.07

Learning Rate (α) 1.41e-4 5.08e-4 1.54e-4 2.42e-4 8.99e-4 3.81e-4
Clip Epsilon (ϵ) 0.284 0.389 0.319 0.227 0.1024 0.3107
Entropy Coeff. (β) 0.084 0.015 0.076 0.0004 0.0126 0.0566
Value Function Coeff. (cvf ) 0.572 0.318 0.599 0.435 0.4793 0.4785
GAE λ0 0.367 0.448 0.102 0.734 0.1 0.1277
Max Grad Norm 1.064 0.786 1.186 0.558 0.5627 1.9196
Num Envs 64 64 128 128 64 64
Num Steps 64 64 64 64 64 256
Hidden Size 256 128 256 128 512 256
Update Epochs 3 6 8 6 7 6
Num Minibatches 8 8 4 16 16 8

Empirically, increasing network size beyond a moderate capacity did not produce noticeable improvements in policy quality.
In contrast, smaller MLPs achieved comparable performance while reducing computational cost. In practice, the training
time per backup was typically below 5 seconds, including CPU–GPU data transfer overhead with small MLPs.

Based on this empirical trade-off, we selected the following architectures:

• RockSample:

Dense(input_dim, 128, relu)
Dense(128, 64, relu)
Dense(64, 64, relu)
Dense(64, 1)

• Light-Dark and Lidar Roomba:

Dense(input_dim, 128, relu)
Dense(128, 64, relu)
Dense(64, 32, relu)
Dense(32, 1)

We fixed the learning rate to 0.005 and used a batch size of 1024 for training each αNN. Training stops early if the mean
squared error (MSE) falls below 0.1 or after a maximum of 10000 epochs.

Input and Output of Network For each αNN, the input is a vectorized state representation and the output is a scalar,
consistent with the definition of an α-vector as a mapping from S to R. Specifically, in RockSample, the input consists of a
one-hot encoding of the robot position concatenated with the rock status vector. In LightDark and LidarRoomba, the input is
the state vector representing the agent’s location.

Reproducibility We provide our source code in the Supplementary Material, along with Jupyter notebooks that guide
users to reproduce and understand each experiment step-by-step.
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(a) RS(7,8) (b) RS(11,11) (c) RS(15,15)

(d) RS(20,20) (e) Light-Dark (f) Lidar-Roomba

Figure 5: Training-progress curves for all evaluated environments.
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