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1. Introduction

The last decade has witnessed a surge in Re-
inforcement Learning (RL) research due to its
remarkable success in solving complex decision-
making problems, from superhuman performance
in gaming [4] to sophisticated robotic manipula-
tion [1], driving an unprecedented growth in both
academic and industrial interest. Despite this
progress, the vast majority of RL research has
concentrated on a strong, yet often unrealistic,
assumption: the stationarity of the environment.
While this simplification has enabled the devel-
opment of stable, high-performance algorithms
within controlled simulations, it remains unreal-
istic for deployment in real-world scenarios. In
fields ranging from finance to robotics to health-
care, environments are inherently dynamic, with
underlying processes often shifting due to unob-
servable latent variables. This creates a state
of partial observability, where identical actions
taken in identical states may lead to different out-
comes. Under these non-stationary conditions,
standard RL algorithms suffer from perceptual
aliasing, and their learned policies systematically
fail. Consequently, bridging the gap between
simulated environments and the complexity of
real-world applications has emerged as a cen-

tral challenge for the next generation of RL re-
search [2].

1.1. Contributions

To address this gap, our work focuses on en-
vironments where non-stationarity arises from
latent, unobservable processes. We propose a
decoupled framework that separates latent
estimation of these hidden dynamics from the
policy optimisation process. By training a la-
tent estimator offline on historical trajectories,
we can augment the environment’s observation
space online with a belief over the latent modes,
effectively reducing the non-stationary Partially
Observable Markov Decision Process (POMDP)
to a stationary belief Markov Decision Process
(MDP). This modularity allows the framework to
function independently of the control objective,
enabling the use of standard RL agents without
requiring structural modifications.

Our approach relies on an extension of the clas-
sical Baum-Welch algorithm, which we have
adapted to handle input-conditioned emis-
sion for both discrete and continuous domains.
Our empirical evaluations, conducted on non-
stationary variants of the Cliff Walking task un-
der both deterministic and stochastic latent dy-



namics, demonstrate that this latent-augmented
approach successfully mitigates the catas-
trophic effects of non-stationarity. Ulti-
mately, this work enables RL agents to achieve
high-performing policies in environments where
standard baselines systematically fail.

2. Preliminaries

To formalise the non-stationary problem and es-
tablish the mathematical foundation for our pro-
posed framework, we rely on the core concepts
of sequential decision-making and probabilistic
latent inference.

2.1. Markov Decision Processes

Sequential decision-making problems in RL are
traditionally modelled as MDPs. An MDP
is a stochastic process defined as a tuple
(S, A, P,R,~,u). Starting from a state sgp € S
sampled from the initial distribution u, the agent
chooses an action a € A according to a decision-
making strategy. The environment responds by
emitting an immediate reward r ~ R(s,a) and
transitioning to the successor state s’ ~ P(- |
s,a). This framework relies on the fundamental
Markov assumption, which states that the cur-
rent observable state contains all the information
necessary to predict future states, or more infor-
mally, that the future is independent of the past
given the present. Under this assumption, the
environment is inherently stationary, allowing
the agent to learn an optimal, memoryless pol-
icy that maps each state to a specific action, i.e.,
m(a | s). The agent’s goal is to learn a policy that
maximises the expected discounted cumulative
reward, with the parameter v € [0, 1] dictating
the present value of future observations.

2.2. Partially Observable Markov De-
cision Processes

When an environment is non-stationary due to
unobservable latent factors, the Markov assump-
tion breaks down. This problem can be formu-
lated as a POMDP, in which the true latent
state of the environment is hidden, and the agent
only receives a partial observation. This lim-
ited perspective introduces perceptual aliasing,
as identical states can lead to completely differ-
ent outcomes depending on the hidden mode.
Consequently, standard RL algorithms system-
atically fail, as they attempt to map actions to

physical observations that are no longer uniquely
informative.

2.3. Hidden Markov Models

To overcome perceptual aliasing and restore the
Markov property, the agent cannot rely solely on
its observations of the environment. Instead, it
must maintain a belief state, a probability distri-
bution representing its confidence over the possi-
ble hidden latent modes. We model these dynam-
ics using an Hidden Markov Model (HMM) |[3]
defined by a tuple (A, B, b;), where A is the tran-
sition model of the temporal evolution of latent
states, B is the emission model defining how
these latent states manifest as observations o,
and b; is the initial state distribution.

Given a sequence of observations O =
(01,...,0r) of length T, these parameters can
be learned by the Baum-Welch algorithm, an
Expectation-Maximisation procedure that alter-
nates between two steps. In the E-step, we com-
pute the forward variable oy (z), representing the
probability of observing the partial sequence up
to time ¢ and being in state z, and the backward
variable ((z), representing the probability of the
future observations given state z at time ¢:

ai1(z) = b1(2) - B(o1 | 2),
ar(2) = Blo | 2) 3z au1(2)A(2 | 21), (1)

for t > 1;

Br(z) =1,

Bi(z) = Y A(2| 2) Blogs1 | 2) B (2), 2)
ZeZ
fort <T.

Using these, we estimate the marginal probability
~t(2) of being in state z at time ¢, and the joint
probability &(z, 2’) of transitioning from z to z’:
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This two-step procedure is repeated iteratively.
A fundamental property of the Baum-Welch al-
gorithm is its convergence guarantee: at each
iteration, the updated parameters are mathe-
matically proven to strictly increase, or at least
maintain, the log-likelihood of the observed se-
quence. The process terminates when the change
in log-likelihood falls below a predefined thresh-
old. However, while convergence is guaranteed,
the algorithm is only proven to reach a local
maximum, making the quality of the final model
highly dependent on the initial parameter esti-
mates.

3. Problem Formulation

To formally model this problem, we frame the
environment as an Hidden Mode Markov De-
cision Process (HM-MDP) defined by a tuple
(S, A,Z, A, P,R,~). In this setting, the state
and action spaces are fully observable, but the
transition dynamics P are governed by a set
of unobservable latent modes Z. These hidden
modes evolve according to a first-order Markov
chain, determined by the transition model A, in-
dependently of the agent’s actions (passive non-
stationarity). Moreover, we assume that the
reward function is mode-independent. Since the
environment is once again partially observable,
the agent suffers from perceptual aliasing.

To allow the agent to discriminate between dif-
ferent latent modes, we augment its observa-
tion space with a sufficient statistic that sum-
marises the historical trajectory, thus restoring
the Markov property: the belief. To compute
this belief, we leverage an extended version of
the Baum-Welch algorithm to account for condi-
tioning the emission model on the state-action
pair. Specifically, the emission distribution, that
is, the probability of transitioning to a successor
state, is conditioned on the current state, action,
and latent mode. This design choice resolves
the ambiguity introduced by mode-dependent
dynamics, providing a highly informative, dis-
criminative signal for latent inference.

By applying Bayesian filtering over this HMM,
we recursively estimate the posterior belief over
the latent modes at each timestep. We use a
compact representation of this inferred belief by
sampling a latent mode Z; to augment the agent’s

observation.

4. Methodology

To implement this state augmentation, we pro-
pose a framework that decouples latent context
tracking from policy optimisation. This separa-
tion allows the complexity of the non-stationary
environment to be handled independently from
the agent’s decision-making process. The frame-
work operates in two distinct phases: offline la-
tent estimator model learning and online context-
conditioned control.

4.1. Offline Latent Model Learning

In this first phase, the parameters of the HMM
are learned offline from a static dataset of histor-
ical trajectories, collected with a random policy.
To ensure broad applicability, we developed two
variants of the input-conditioned Baum-Welch
algorithm. For discrete environments, we de-
rived an exact tabular variant where the emission
model is stored and updated as a multidimen-
sional tensor. For continuous state spaces, where
tabular representations are intractable, we de-
rived a neural variant, in which the emission
model is approximated by a deep neural network,
and the M-step optimisation is performed via
gradient ascent using a weighted likelihood on
stochastically sampled latent assignments.

4.1.1 Tabular Variant for Discrete Do-
mains

For discrete environments, we store the emission
model as a tensor B of dimensions |S| x |A| x
|Z| x |S].

In the E-step, the forward and the backward
variables are computed following Equations 1
and 2, by substituting the standard emission
B(o | z) with our state-action-conditioned term
B(st+1 ] s, a, z). Using these, 1¢(z) is computed
as in Equation 3, while for &(z,2’) the same
substitution for the emission model is performed
in Equation 4.

In the M-step, the update of A remains the same
as in Equation 5, while the update of B proceeds
as follows:
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4.1.2 Neural Variant for Continuous Do-
mains

For continuous environments, we approximate
the emission model using a deep neural network
By (st4+1 | St,at, z), which takes as input the state-
action pair and outputs the parameters (means
g and standard deviation oy) of a Gaussian dis-
tribution over the next state for each latent mode
z € Z. Assuming independence across the d ob-
servation dimensions, the emission probability is
factorised as:

d
Bo(st+1 | st,at,2) = HN(SIEQI;MéZ)7UéZ))’
i=1
where ,ug) and o*él) are functions of the state-
action pair (s, a;) and the latent mode z.
In the E-step, the forward and backward vari-
ables are computed exactly as in the tabular case,
substituting the tensor entries with the proba-
bility density values evaluated by the network
By. This yields the posterior marginals v¢(z) and
gt(za Z/).
In the M-step, instead of exact frequency count-
ing, the emission parameters 6 are updated via
gradient ascent. To reduce the computational
and memory burden of evaluating the network
and accumulating gradients for all possible la-
tent modes at every timestep, a latent mode Z; is
stochastically sampled from the current posterior
~¢(2). The network is then updated to maximise
the log-likelihood of the observed transitions:
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4.2. Online Mode-Conditioned Policy
Optimisation

In the second phase, the pre-trained latent es-
timator is embedded into the environment as a
real-time tracking wrapper. As the agent inter-
acts with the environment, each observed transi-
tion (s¢, at, s¢+1) is fed into the latent estimator.
The estimator performs a Bayesian filtering pro-
cedure consisting of two steps: a correction step,
which refines the current belief using the observed
input-conditioned emission, followed by a predic-
tion step, which propagates the belief through
the latent transition matrix to forecast the next
hidden mode.

Crucially, passing the full continuous belief dis-
tribution to the RL agent would introduce severe
exploration challenges due to the curse of dimen-
sionality. To maintain computational efficiency,
we extract a compact, scalar forecast Z; (the ex-
pected latent mode) to construct the augmented
state representation x; = (s¢, 2;). This transfor-
mation effectively reduces the underlying non-
stationary POMDP to a fully observable MDP,
enabling the deployment of standard, off-the-
shelf RL algorithms without any modifications.

5. Experimental Results

To validate the decoupled framework, we devel-
oped non-stationary variants of the Cliff Walking
environment, adapting the task for both discrete
and continuous control. The setting consists of
a grid where the agent must navigate to reach a
goal while avoiding the cliff. The agent receives
a reward of —1 for each step, —100 if it falls
into the cliff (resulting in a reset to the initial
state), and +10 upon reaching the goal. To fur-
ther complicate the task, we design a narrow safe
path the agent must traverse to minimise neg-
ative reward. For computational simplicity, we
limit each episode in our simulations to a finite
horizon of 500 timesteps.

5.1. Latent Dynamics

The non-stationarity is introduced via an unob-
servable wind factor consisting of five distinct
modes: the four cardinal directions and a wind-
less state. These modes are arranged in a fixed
cyclic sequence, and at each timestep there is a
probability p that the environment advances to
the next mode in the cycle and a corresponding
probability 1 — p that the current mode persists.
The active wind mode acts as an additive pertur-
bation to the agent’s actions: the new position is
computed by summing the current position, the
chosen action, and the active wind, followed by a
clipping operation to enforce the map’s boundary
constraints.

It is crucial to note that while the environment
exhibits only five distinct physical wind modes,
the underlying transition model must be struc-
tured using eight latent states to preserve the
Markovian property of the transition chain.



5.2. Evaluation Metrics

We evaluate the performance of an agent via the
mean cumulative reward over episodes. A theo-
retical upper bound is established by an Oracle
baseline that employs the latent estimator mech-
anism to compute the belief state over the latent
modes, but is equipped with the ground truth
model parameters. Conversely, a lower bound
is established using a standard agent trained on
the observable state space without any latent
inference mechanism.

To represent the performance at convergence,
all reported metrics are computed exclusively
over the last 100 episodes. For the latent esti-
mate accuracy, we additionally retain only high-
confidence predictions, applying a confidence
threshold of 0.85 to the belief state.

5.3. Discrete Environment

To evaluate the framework in a controlled setting,
we first analyse the discrete domain under both
deterministic (p = 1) and stochastic (p = 0.9)
latent dynamics. As illustrated in Figure la
and 1b, the standard agent fails to converge to
a goal-reaching policy, as without access to the
latent mode, it cannot resolve the perceptual
aliasing induced by the wind. Conversely, the
Oracle converges to an optimal policy, and our
proposed Latent Estimator closely bridges the
gap, demonstrating that the inferred belief state
effectively guides the agent.

Regarding the inference quality, the Latent Esti-
mator achieves an overall accuracy of 83.45% in
the deterministic setting, compared to the Ora-
cle’s perfect 100%. In the stochastic setting, the
environment’s uncertainty significantly degrades
inference, with the Latent Estimator’s accuracy
dropping to 46.62% compared to an Oracle of
87.56%. In both cases, the HMM correctly cap-
tured the cyclical structure of the latent chain,
assigning distinct latent states to physical modes
that appear multiple times in the sequence.
Ablation studies reveal that in this discrete for-
mulation, the tabular emission model acts as the
primary bottleneck for inference.

5.4. Continuous Environment

Scaling the framework to continuous state and
action spaces inherently increases the complexity
of the task. As illustrated in Figure 1c and 1d,
consistent with the discrete domain, the stan-

dard agent completely collapses, while the Latent
Estimator successfully navigates the safe corri-
dor, substantially outperforming the standard
baseline. In the stochastic setting, we observe a
notably high variance across random seeds for
both the Oracle and the Latent Estimator. This
indicates that the combination of continuous kine-
matics and unpredictable wind shifts creates a
highly challenging exploration landscape, though
the inference mechanism itself remains stable.
A key challenge specific to the continuous domain
is the observation aliasing induced by boundary
interactions, which account for over 91% of transi-
tions and prevent the HMM from disambiguating
the active wind mode. Excluding these aliased
transitions, the Latent Estimator achieves an
accuracy of 64.26% in the deterministic setting
against a perfect Oracle. Moreover, the HMM
produces a degenerate state mapping, assigning
four out of eight latent states to a single wind
mode. Despite this, the Latent Estimator still
converges to a near-optimal policy, suggesting
that perfect alignment between learned latent
states and human-readable environmental vari-
ables is not strictly necessary: the belief state
provides sufficient context for effective decision-
making even when the latent structure is only
partially recovered. In the stochastic setting,
the Latent estimator achieves 79.21% while the
Oracle itself reaches only 78.11%.

6. Conclusions

This work provides two main contributions to
the field of RL in non-stationary, partially ob-
servable environments. First, we extended
the Baum-Welch algorithm to handle input-
conditioned emissions in both discrete and
continuous domains. Second, we successfully val-
idated a decoupled framework that separates
latent state inference from policy optimisation,
enabling standard agents to solve tasks where
baselines systematically fail. Furthermore, our
empirical evaluation revealed a crucial insight:
perfect inference of the hidden variables is not
strictly necessary. The proposed framework suc-
ceeds by encoding environmental uncertainty into
a robust belief state that provides sufficient con-
text for effective decision-making.



6.1. Limitations and Future Work

Building upon these findings, several promising
directions for future research have been identi-
fied:

e Online refinement of the emission
model: Updating the emission model in-
crementally during deployment via online
Baum-Welch variants to compensate for ini-
tial data sparsity.

e Uncertainty-aware policies: Handing the
full multidimensional belief vector directly
to the RL agent, enabling the policy to ex-
plicitly act upon inference uncertainty.

¢ Handling an unknown number of la-
tent modes: Relaxing the assumption of
a known number of latent modes by delib-
erately overestimating the number of states.
This relies on the HMM to merge redundant
modes, provided the risk of overfitting to
noise is mitigated.
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Figure 1: Learning curves across all experi-
mental domains. Solid lines indicate the mean
cumulative reward evaluated during independent
rollouts, averaged over 5 episodes, and shaded ar-
eas represent the 95% confidence intervals across
5 different random seeds.
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