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POMDPs: Decision-making under uncertainty. Partially
observable Markov decision processes (POMDPs) are the
standard models for sequential decision-making under uncer-
tainty and incomplete information. An agent that operates in
an environment modeled by a POMDP cannot directly assess
the state of the system but has only access to observations. By
tracking sequences of these observations, an agent can infer
the likelihood of the environment (and itself) being in a par-
ticular state. A central question is how to effectively represent
policies for those agents. Recurrent neural networks (RNNs)
process sequential data efficiently via internal memory states,
such as those in long short-term memory (LSTM) architec-
tures (Hochreiter and Schmidhuber 1997). Reinforcement
learning research has shown that RNNs used in environments
modeled by POMDPs perform well as either state or value
estimators (Bakker 2001), or as control policies (Hausknecht
and Stone 2015).

Rewards are not enough. Safety-critical environments
require POMDP policies that are guaranteed to prevent un-
safe behavior. The agent’s behavior may have to obey more
complicated task specifications than maximizing an expected
reward, such as reachability, liveness, or, in general, spec-
ifications expressed in temporal logic (Pnueli 1977). Such
specifications cannot be expressed using the traditional re-
ward shaping techniques (Littman et al. 2017).

Our problem: Learning vs. verification. We state two
questions that are central to our approaches.

• For a learned candidate policy, can we efficiently deter-
mine whether an agent following this policy adheres to a
temporal logic specification?

• How can we learn a suitable candidate policy?

Our approach: Combine learning and verification. We
combine the effectiveness of RNN-based representations
from machine learning with the provable guarantees that
are at the heart of formal verification. In a nutshell, we train
RNN-based policy representations from sequences of data,
to find candidate policies that might ensure an agent satisfies
a temporal logic specification.
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The central technical problem is: How to close the loop be-
tween training an RNN-based policy and efficiently verifying
for a candidate policy? First, so-called finite-state controller
(FSCs) (Poupart and Boutilier 2003; Junges et al. 2018) en-
code memory in a finite automata-style fashion. For an FSC
and a POMDP, formal verification methods like model check-
ing are able to efficiently compute the probability of satisfy-
ing a specification (Baier and Katoen 2008). We tightly inte-
grate formal verification and machine learning towards three
key steps: (1) extracting an FSC from an RNN-based policy,
(2) verifying this candidate FSC for the POMDP against a
temporal logic specification, and (3) if needed, either refining
the FSC or generating more training data for the RNN. For
an overview, see Figure 1.

Extracting and verifying the candidate policy. We em-
ploy a technique called quantized bottleneck insertion (Koul,
Fern, and Greydanus 2019) to extract an FSC as candidate
policy. An autoencoder (Goodfellow, Bengio, and Courville
2016) discretizes the activation function that is associated
with the recurrent hidden node of the RNN. This discretiza-
tion facilitates a mapping of the continuous memory structure
in the RNN to a pre-defined number of memory nodes and
transitions of an FSC. Implementing an FSC in a POMDP
yields an induced Markov chain. For this less complex model,
verification methods scale up to billions of states (Baier and
Katoen 2008).

Training the policy. We demonstrate how different ap-
proaches to generating sequences of training data for the
RNN-based policy impact both the computation time and
the probability that the agent satisfies the specification. The
first method generates sequences of data by following a base-
line policy that maximizes the probability of satisfying the
specification in while neglecting the partial observability. We
compare this approach with one that performs a similar tech-
nique, but on a task-aware product POMDP, a larger model
created by transforming the specification into an automaton
and composing it with the POMDP.

We also show the trade-off between the number of mem-
ory nodes in an extracted FSC, and the probability that the
agent satisfies the specification. In particular, we empirically
demonstrate how increasing the number of memory nodes
increases the probability that the induced Markov chain sat-
isfies the temporal logic specification at the cost of longer
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Figure 1: Summary flowchart of the RNN-based refinement loop.

verification times. However, for each FSC, there is a point
of diminishing returns after which increasing the number of
memory nodes only marginally increases this probability.

Improving the policy. As the central building block to our
method, we provide the means to re-train the policy based
on data provided by verification. Recall that the RNN-based
policy is just a candidate policy and may not ensure satisfac-
tion of the specification. If the specification does not hold for
the induced Markov chain, the proposed method iteratively
improves the extracted policy, as outlined in Figure 1. A by-
product of verification is diagnostic information about the
states in the POMDP that are critical for the specification, in
the form of so-called counterexamples (Wimmer et al. 2014).
The method analyzes whether the FSC can be improved, i.e.
by either training a better RNN-based policy or by extracting
a better FSC. This analysis relies on examining whether the
decisions made in the resulting counterexamples are consid-
ered arbitrary by measuring the entropy (Cover and Thomas
2012) of the action mapping for the FSC. That is, if the en-
tropy is high across these decisions, the method deems the
action mapping of the FSC at those decision-points as arbi-
trary. Therefore, the RNN-based policy needs to reduce the
uncertainty in the action mapping at these critical states by
training on more sequences of data. If the entropy is low,
then increasing the number of memory nodes in the FSC may
help it to approximate the decisions of the RNN-based policy
more precisely (Koul, Fern, and Greydanus 2019).

Discussion and Summary. The proposed method com-
putes RNN-based policies and then subsequently extracts
candidate policies in the form of an FSC that satisfies tem-
poral logic specifications on a set of POMDP benchmarks
with up to millions of states, which is three orders of mag-
nitude larger than comparable approaches. In particular, we
benchmark the method against two well-known POMDP
solvers from the formal methods (Norman, Parker, and Zou
2017) and planning (Walraven and Spaan 2017) communities.
Computing policies that satisfy temporal logic specifications
is undecidable for POMDPs (Madani, Hanks, and Condon
1999). Therefore, the proposed method is not complete, i.e.
it is not guaranteed to find an FSC that ensures an agent
in a POMDP satisfies temporal logic specifications. On the
other hand, it is sound, as in each iteration verification yields
provable guarantees on the induced behavior.

Future work will consider extensions to uncertain
POMDPs, where probabilities are not given exactly but in
form of uncertainty sets like intervals (Suilen et al. 2020;
Cubuktepe et al. 2021; Suilen et al. 2022).
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