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ABSTRACT
Automatic control of energy systems is affected by the uncertainties
of multiple factors, including weather, prices and human activities.
The literature relies on Markov-based control, taking only into
account the current state. This impacts control performance, as
previous states give additional context for decision making. We
present two ways to learn non-Markovian policies, based on recur-
rent neural networks and variational inference. We evaluate the
methods on a simulated data centre HVAC control task. The results
show that the off-policy stochastic latent actor-critic algorithm
can maintain the temperature in the predefined range within three
months of training without prior knowledge while reducing energy
consumption compared to Markovian policies by more than 5%.

CCS CONCEPTS
• Computing methodologies → Reinforcement learning; •
Mathematics of computing → Markov processes; Variational
methods.
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1 INTRODUCTION
Smart control in the energy sector is a complex process whose
control decisions are influenced by exogenous signals in the form
of time-series data, such as ambient temperature, solar radiation,
energy prices and energy demand. However, these signals are no-
toriously difficult to understand and predict, mainly due to their
high variance. In recent years, reinforcement learning (RL) in au-
tomatic control systems has gained significant attention. RL does
not explicitly model these uncertainties but instead learns from the
interaction with the environment. Most existing controllers assume
the Markov assumption, i.e., the decision making depends only on
the current state (not on past states). This assumption is reasonable
for chess or Go or for the robot locomotion tasks in OpenAI Gym
[5], as their state space consists of positions and velocities of the
joints, determining the environment completely. In most real-world
control scenarios, the Markov assumption is however inaccurate.
To address this, past information is commonly used for decision-
making. For image-based observations, Mnih et al. [25] use frame
stacking to infer the direction and velocity of moving objects.

In practice, the measurements of the environment are often in-
sufficient to model the system precisely. This applies especially to
thermal control applications, as modelling non-equilibrium ther-
modynamics is challenging. For example, in a data centre, the state
information depends on various factors, including CPU load, tem-
peratures of the servers and building materials, dynamics of the
airflows in the room, and more. It is not realistic to measure all of
these factors, and good approximations are costly. Privacy is an
important concern for centralised implementations of multi-agent
systems. In these scenarios, only partial information is available,
and how to use this limited information for control becomes a
challenge.

Such problems can be formulated as a Partially ObservableMarkov
Decision Process (POMDP), which is a generalisation of MDP. This
formulation can be beneficial for two reasons. History-dependent
policies are helpful, as they can recognise the recurrent patterns
in the exogenous time-series data. Further, by explicitly formulat-
ing that the state is unknown, the agent can learn a latent state
representation, which can benefit learning in non-stationary envi-
ronments.
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The idea of maintaining a belief state in partially observable
environments in optimal control is due to Åström [1]. It has been
studied in the control literature [3, 32] and was revisited recently in
RL using variational inference [17]. Another line of work that does
not rely on learning explicitly the state rely on recurrent neural
networks (RNN) and especially LSTM [15], an architecture address-
ing vanishing gradients. LSTM was first applied to RL for solving
tasks requiring long-term memory [2, 37] and plays a central role
in various major achievements of RL in games [18, 27, 35]. Regard-
ing the energy sector, Ruelens et al. [31] highlighted that typical
environments in energy management are not fully observable and
encoded past observations into an autoencoder. Wang et al. [36]
used LSTM in an RL actor-critic algorithm, whereas Zhang et al. [39]
used LSTM in a model-based RL algorithm to learn environmental
dynamics. Sequence-to-sequence models [6–8] and Bayesian net-
works [16, 28] were applied to make predictions in model predictive
control. Soft actor-critic (SAC) [10] is chosen in this work due to
its promising results in energy management [4, 21, 30, 40].

In this paper, we present two approaches based on POMDPs on
a simulated HVAC control case study. The first approach changes
the network architectures to gated RNNs, taking sequences of past
observations as input. The second one consists of inferring the state
by learning the belief with variational inference. Both methods
demonstrate their effectiveness by obtaining state-of-the-art results
in terms of data and energy efficiency.

2 PROBLEM FORMULATION
A Partially Observable Markov Decision Process (POMDP) is a gen-
eralisation of an MDP. A POMDP is a septuple (S,A,O, 𝑝, 𝑒, 𝜌, 𝑟 ),
where:

• S is the state space, that is all the sufficient and necessary
information to model the transitions and rewards;

• A is the action space;
• O is the observation space, corresponding to the measure-
ments available to the agent;

• 𝑝 are the state-transition probabilities of going from state
𝑠 ∈ S to state 𝑠 ′ ∈ S using action 𝑎 ∈ A;

• 𝑒 are the emission probabilities of observing (or measuring)
observation 𝑜 ∈ O in state 𝑠 ∈ S;

• 𝜌 is the intial state probability of starting at state 𝑠 ∈ S;
• 𝑟 : S × A −→ R is the reward function.

The POMDPmodel reduces to an MDP if S = O. We assume that
all probabilities are unknown to the agent. We define the history
ℎ𝑡 = (𝑜0, 𝑎0, · · · , 𝑎𝑡−1, 𝑜𝑡 ) as the available information at timestep
𝑡 . We define the probability of trajectories 𝜏 = (𝑠𝑡 , 𝑜𝑡 , 𝑎𝑡 )𝑡 ≥0 by:

𝑝𝜋 (𝑑𝜏) = 𝜌 (𝑑𝑠0)
∏
𝑡 ≥0

𝑒 (𝑑𝑜𝑡 | 𝑠𝑡 )𝜋 (𝑑𝑎𝑡 | ℎ𝑡 )𝑝 (𝑑𝑠𝑡+1 | 𝑎𝑡 , 𝑠𝑡 )

and aim to find a probability distribution 𝜋∗ that maximises for
𝛾 ∈ (0, 1) the following objective:

𝐽 (𝜋) = E𝜏∼𝑝𝜋

[∑
𝑡 ≥0

𝛾𝑡𝑟 (𝑠𝑡 , 𝑎𝑡 )
]
.

Compared with MDP, the policy is conditioned on the whole his-
tory ℎ𝑡 , instead of the last observation 𝑜𝑡 . That implies that the

𝑄-function 𝑄𝜋 (ℎ𝑡 , 𝑎𝑡 ) needs to be defined over the whole history
as well. This is problematic as its dimension grows over time.

3 METHODS
This section will address the above research problem by presenting
two distinct approaches, relying on actor-critic methods. The first
approach assumes that RNNs parameterise the actor and critic to
deal with sequential data. This change can be straightforwardly
implemented into standard algorithms, such as Proximal Policy
Optimisation (PPO) [33]. The second approach aims to learn a latent
representation of the state, that can be used by the actor and critic,
instead of the whole history. It starts with an uninformative prior
𝑏0 (𝑠0) and updates the belief 𝑏𝑡 (𝑠𝑡 | ℎ𝑡 ) with new evidence using
Bayesian statistics. It is a classical method that has been widely
studied, e.g., [1, 20, 32, 34]. This method can lead to more robust
policies in non-stationary environments [38] and more explainable
results.

3.1 Recurrent neural networks
Standard implementations of actor-critc methods, such as PPO, use
separate feed-forward networks for the actor and the critic. Fol-
lowing Jaderberg et al. [19], the architecture is modified so that
observations go through an LSTM cell instead. Past observations
are encoded into a recurrent state, that is shared between the actor
and critic. The long-term memory 𝑐𝑡 is beneficial to identify the
recurrent patterns of weather data. The advantage of this approach
is that the RL algorithm does not have to be modified, except for
the architecture and the shorter time horizon, to avoid backpropa-
gating too far through time. Figure 1 describes the neural network
architecture of PPO with LSTM used in StableBaselines [14].
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Figure 1: Neural network architecture of PPO with LSTM.

Off-policy methods typically learn the 𝑄-function. The architec-
ture, described in Figure 1 can only be used for the actor; the critic
needs to be conditioned on actions as well. Off-policy methods typ-
ically use an architecture similar to [13, 29]. A notable difference
is that we need to store short trajectories into the replay buffer
instead of simple transitions. However, a major concern of LSTM
for off-policy methods is its high computational cost, as typically
three LSTMs need to be trained [9] for better performance.
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3.2 Learning the belief
A belief 𝑏 is a probability measure inS over states. Given a prior be-
lief𝑏𝑡 and action𝑎𝑡 , we compute the posterior𝑏𝑡+1 (𝑠𝑡+1 | 𝑏𝑡 , 𝑎𝑡 , 𝑜𝑡+1),
using the new observation 𝑜𝑡+1. This can be expressed by the fol-
lowing graphical model:

st

at

st+1

ot+1

By applying Bayes’ theorem, the belief can, in theory, be updated
recursively:

𝑏𝑡+1 (𝑠𝑡+1 | 𝑏𝑡 , 𝑎𝑡 , 𝑜𝑡+1) ∝
∫
S
𝑝 (𝑠𝑡+1 | 𝑎𝑡 , 𝑠𝑡 )𝑒 (𝑜𝑡+1 | 𝑠𝑡+1)𝑏𝑡 (𝑑𝑠𝑡 ) .

(1)
By updating the belief this way, we can show that it is a sufficient
statistic [3], meaning that the belief summarises all the information
from the past required for decision making. In particular, future
rewards can be estimated by 𝑄𝜋 (𝑠𝑡 , 𝑎𝑡 ) with 𝑠𝑡 ∼ 𝑏𝑡 .

However, the update (1) is intractable as it requires knowledge of
the model. Therefore, the belief needs to be updated in an approxi-
mate way, which can be done with variational autoencoders (VAE)
[22]. A possible way to solve this is the stochastic latent actor-critic
(SLAC) algorithm [23], that is a natural generalisation of SAC to
POMDPs. Other studies combine VAE with RNNs [12, 17].

We restrict the beliefs to Gaussian distributions, as a posterior of
a Gaussian remains Gaussian. The distribution 𝑞𝜑 is an inference
model (or encoder), that aims to find a latent representation of the
state, given the observed data. The encoder is a neural network
updating the state using the most recent data (𝑎𝑡−1, 𝑜𝑡 ):

𝑠𝑡 ∼ 𝑞𝜑 (· | 𝑠𝑡−1, 𝑎𝑡−1, 𝑜𝑡 ). (2)

The state 𝑠𝑡 is what we are interested in, but as we cannot solve (1)
exactly, we should ensure that 𝑞𝜑 is a sufficient statistic. That is,
the representation 𝑠𝑡 needs to encode information generating the
observations 𝑜𝑡 given by the environment and be updated when
an action is taken, so that the next state 𝑠𝑡+1 explains the next ob-
servation 𝑜𝑡+1. Therefore, we train a generative model (or decoder)
consisting of two networks:

𝑜𝑡 ∼ 𝑒𝜓 (· | 𝑠𝑡 ),
𝑠𝑡+1 ∼ 𝑝𝜓 (· | 𝑠𝑡 , 𝑎𝑡 ),

where we denote by a hat the observations and states generated by
the decoder. As (2) is conditioned on the previous state, we construct
a Bayesian network (where 𝑠0 ∼ 𝑞𝜑 (· | 𝑜0) and 𝑠0 ∼ N(0, 𝐼 ))
to generate a sequence of states (𝑠0, · · · , 𝑠𝑇 ). The networks are
updated in order to:

• maximise the likelihood of observations
∑𝑇
𝑡=0 log 𝑒𝜓 (· | 𝑠𝑡 ),

• minimise
∑𝑇
𝑡=0 D𝐾𝐿

(
𝑞𝜑 (· | 𝑠𝑡−1, 𝑎𝑡−1, 𝑜𝑡 )∥𝑝𝜓 (· | 𝑠𝑡−1, 𝑎𝑡−1)

)
.

The actor 𝜋\ (𝑎𝑡 | 𝑠𝑡 ) and the critics 𝑄𝑤 (𝑠𝑡 , 𝑎𝑡 ) can be defined
and updated the same way as for SAC, conditioned on 𝑠𝑡 ∼ 𝑞𝜑 .
This approach can also be applied to other off-policy methods. The
design used by Lee et al. [23] (and in the experiments) is more

complicated and uses a latent variable factorisation for better per-
formance.

SLAC is strongly related to model-based algorithms, such as
Dreamer [11]. However, a significant difference is that in SLAC, the
environment model is only used in the loss function to infer better
states, used by the critic to predict rewards. The predictions of the
model are not used by the policy to make decisions or as additional
training data.

4 EXPERIMENT
We evaluate the methods based on a classical HVAC control case
study simulated with EnergyPlus, whose RL environment was im-
plemented by Moriyama et al. [26] and has been used in [4, 24, 39].
It represents a two-zone medium-sized data centre, whose objective
is to reduce energy consumption, while maintaining the indoor
temperatures within a predefined range. The observation space
consists of the outdoor air temperature, the indoor temperature in
both zones and the electricity demand of the servers 𝑃it (in 𝑘𝑊 )
and HVAC system 𝑃hvac. The actions consist of changing the tem-
perature setpoints of the HVAC system and adjusting the airflow
rate in both zones. We used the following reward function:

𝑟 (𝑠, 𝑎) = 𝑅west + 𝑅east − _𝑃 (𝑃it + 𝑃hvac ) ,

where 𝑅𝑖 is the reward obtained when maintaining temperature in
zone 𝑖 in the range. The term 𝑅𝑖 is defined as:

𝑅𝑖 = exp
(
−_1

(
𝑇𝑖 −𝑇tgt

)2) − _2 ( [𝑇min −𝑇𝑖 ]+ + [𝑇𝑖 −𝑇max]+) ,
(3)

where [Tmin,Tmax] is the desired range, Ttgt is the midpoint of the
interval and [𝑥]+ = max(𝑥, 0). We used Tmin = 23 °𝐶 , Tmax = 24°𝐶 ,
_𝑃 = 10−5, _1 = 0.5, _2 = 0.1. As in [26], we used a tighter range in
the reward function for better temperature control to further insure
that the temperatures lie between 22°𝐶 and 25°𝐶 . The first term in
(3) corresponds to a Gaussian, centered at the desired temperature;
the second corresponds to a trapezoid, helping training when the
temperature is far away from the target, as the Gaussian would
tend too quickly to 0. For more details about the case study, we
refer to [4, 26].

The classical algorithms, PPO, PPO-LSTM and SAC, are imple-
mented with the Stable Baselines framework [14] and its original
hyperparameters. For SAC-LSTM, we use the architecture from [29].
As the original SLAC architecture is implemented for image obser-
vations, it has to be modified for the current case study, following
the implementation by Han et al. [12]1. Given their large influence
on the performance of algorithms, we provide details about the
used architectures and hyperparameters in supplementary material
on our website2. We also present there additional figures and results
about the experiments done in Section 5.

5 RESULTS AND ANALYSIS
Our discussionwill focus on energy consumption and data-efficiency.
The ability to maintain the temperature within the desired range

1The implementation is available at https://github.com/oist-cnru/Variational-
Recurrent-Models. The repository contains implementations of SAC-LSTM, SLAC and
their own algorithm SAC-VRM.
2https://biemann.github.io/rlem2021
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is essential, but all algorithms (except PPO with a feed-forward
network) can handle this task within 20 years of training, obtaining
similar results (although we observed that SLAC is especially good
at this task).

In Figure 2, we compare the power consumption for all algo-
rithms. The algorithms are trained without any prior knowledge.
We observe that the models specialised for POMDPs (SLAC, SAC-
LSTM, PPO-LSTM) can significantly reduce consumption and out-
perform the baseline controller implemented into EnergyPluswithin
one month. The algorithms show similar improvements in terms
of temperature control, as shown in Figure 3 for SLAC, and the
temperatures lie predominantly in the range after three months.
We observed similar results for SAC-LSTM (SAC takes around one
year). PPO-LSTM takes a few years until it manages to maintain
the temperatures in the range (see Figure 3 for the first episode). It
still increases data-efficiency considerably, compared to traditional
PPO.
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Figure 2: Comparison of algorithms during the first episode

After 20 years of training, we observe in Figure 4 that PPO-LSTM
consistently has the lowest consumption, reducing it relative to tra-
ditional PPO by 7.8% (and by 20.0% relative to the baseline). SLAC
also consistently outperforms the conventional RL algorithms, re-
ducing energy consumption by 5.2% compared to SAC and by 15.3%
compared to the baseline. SAC and SAC-LSTM have similar per-
formance in terms of consumption. We observed that SAC-LSTM
is better at maintaining temperatures than SAC, but sensitive to
hyperparameters and prone to catastrophic forgetting. We found
that the other algorithms are robust. This observation and the lower
energy consumption suggest that it may be preferable to choose
SLAC over SAC-LSTM as a choice of non-Markovian off-policy
algorithm.

The significant improvements of SLAC over SAC and PPO-LSTM
over PPO in terms of energy consumption, temperature manage-
ment and data-efficiency suggest that policies that can remember
past information may be helpful in stochastic environments. The
use of non-Markovian policies can give new insights into the choice
between on-policy (PPO) and off-policy (SAC, SLAC) methods, for
instance, discussed by [4]. Off-policy methods remain more data-
efficient and can reach a good policy quickly, but show only minor
improvements after a few episodes. In contrast, PPO-LSTM achieves
similar temperature stability after a few episodes while reducing
energy consumption significantly.
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Figure 3: First training episode of SLAC and PPO-LSTM.
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Figure 4: Comparison of algorithms on test location.

6 CONCLUSION
Non-Markovian policies can identify tendencies in the recent past,
such as whether temperatures increased in recent hours. This addi-
tional insight can allow policies to outperform Markovian policies,
suggesting that the formulation of RL in terms of MDP is inaccu-
rate for energy management applications. We found that the SLAC
algorithm is more data-efficient and reduces energy consumption,
compared to SAC and the baseline respectively. Similarly, the use
of an LSTM can improve the results of PPO, and reduce energy
consumption significantly. The data-efficiency of SLAC, combined
with imitation learning, should close the gap towards training an
RL controller directly in the real world.

Future work should investigate whether non-Markovian policies
can achieve competitive results with policies using weather or price
forecasts as input. An extension of these methods to model-based
RL algorithms is natural, as they are based on similar concepts.
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