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 Machine Learning and Formal Verification Join Forces?
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POMDPs - Applications

Stock Market Surveying Threatened 
Species

Health Care 

Wireless Sensor 
Networks

Autonomous Systems Machine Vision



Nils Jansen

Computing Strategies for POMDPs

• Randomized with infinite memory: undecidable, optimal results. 



Nils Jansen

Computing Strategies for POMDPs

• Randomized with infinite memory: undecidable, optimal results. 

• Randomized with finite memory: NP-hard, SQRT-SUM-hard, in PSPACE,  
not optimal in general, but sufficient for many applications.



Nils Jansen

Computing Strategies for POMDPs

• Randomized with infinite memory: undecidable, optimal results. 

• Randomized with finite memory: NP-hard, SQRT-SUM-hard, in PSPACE,  
not optimal in general, but sufficient for many applications.

• Intuitively: Randomization can often trade off memory.

1/3

2/3

σ : Obs → Distr(Act)σ : ObsSeqfin → Distr(Act)
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Let Machine Learning do the Guessing?
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RNN Strategy Improvement
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Learning Strategies with RNNs

ObsSeqfin

Recurrent Neural Network 
• long short-term memory (LSTM) architecture 

to learn dependencies in sequential data 
• trained with observation-action sequences 
• strategy network 
• observations are input labels, actions are output labels  

σ : ObsSeqfin → Distr(Act)

Initial Training 
• compute optimal MDP strategy 
• generate (possible) observation-action sequences 
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Improving the Strategy
• Identify critical decisions that lead to states with  
high probability of violating the specification.
• For each observation with critical decision, minimize the 

number of different critical actions.

Local linear program

Even if specification is satisfied, 
there may be critical states and decisions!

• Retrain with the new (locally improved) strategy.
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Finite-memory Strategies (FSC)

hn1i

hn2i

. . .

a1 a2 a1 a2

z0? z1?

s1

s2

s3s4

s5
a1 0.6

0.4

a2

0.7

0.3

hs1, n1i

hs2, n1i

hs2, n2i

hs3, n1i

hs3, n2i

hs5, n1i

hs5, n2i

hs4, n1i

hs4, n2i

0.15

0.15

0.1

0.1

0.075

0.075

0.175

0.175

• Encode finite memory directly into the state space: 

• Strategy network is of the form  σ : ObsSeqfin → Distr(Act)

• But: How to infer a memory-update function to construct an FSC?

UAI 2019



Nils Jansen

Finite-memory Strategies (FSC)

hn1i

hn2i

. . .

a1 a2 a1 a2

z0? z1?

s1

s2

s3s4

s5
a1 0.6

0.4

a2

0.7

0.3

hs1, n1i

hs2, n1i

hs2, n2i

hs3, n1i

hs3, n2i

hs5, n1i

hs5, n2i

hs4, n1i

hs4, n2i

0.15

0.15

0.1

0.1

0.075

0.075

0.175

0.175

• Encode finite memory directly into the state space: 

• Strategy network is of the form  σ : ObsSeqfin → Distr(Act)

• But: How to infer a memory-update function to construct an FSC?

• Predefine memory update, for instance (deterministic) transition upon 
repetition of an observation. 

• Compute product of FSC and POMDP and compute memoryless strategy. 

UAI 2019
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Correctness and Completeness?

ℳ

POMDP Specification

Apply Strategy to 
POMDP

Model Checking

S

ℳ φ

σ

ℳσ ℳσ ⊧ φ?

Training Data Local provement 

CounterexamplesUN

S′� ⊆ S

Correct, as each strategy prediction is evaluated using model 
checking.

Not complete, as we may never find a feasible strategy.  
Also, problem is undecidable (or hard) anyways :).
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Conclusion
• Novel way to generate provably correct POMDP strategies 
• Good scalability, not optimal 
• Results transferrable 
• Future work: More principled approach to finite-memory 

strategies —> Extract FSC directly from RNN 
Counterexample-Guided Strategy 

Improvement for POMDPs Using RNNs
Steven Carr, Nils Jansen, Ralf Wimmer, 

Alexandru Serban, Bernd Becker, and Ufuk Topcu

MOTIVATION
▪ Synthesizing POMDP strategies is very complex, 

especially under constraints verifying a given 
strategy is less so

▪ Machine learning generates a candidate strategy
▪ Formal verification certifies its quality against 

temporal logic constraints

▪ With data from counterexamples, strategies 
iteratively improve

PROCESS FLOW

REFERENCES

EMPIRICAL EVALUATION

REFINEMENT METRICS

Spec/
Problem

RNN-based Synthesis PRISM-POMDP/pomdpSolve
States Res Time (s) Res Time (s)

𝜙1 256 0.92 85.26 𝟎. 𝟗𝟑 1034.64
𝜙1 104 0.85 1488.77 -MO- -MO-
𝜙1 8.1 × 105 0.95 2.51 × 104 -MO- -MO-
𝜙2 125 8.11 78.32 8.0 102.41
𝜙2 500 18.13 120.34 -MO- -MO-
Maze(5) 128 14.40 68.09 12.04 132.12
Maze(10) 203 100.21 158.33 -MO- -MO-
Grid(10) 5457 13.63 268.40 -MO- -MO-

▪ Outperforms existing POMDP solvers 
(PRISM-POMDP and pomdpSolve)
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▪ LSTM architecture
▪ Input: Finite observation sequences
▪ Output: Probability distribution over action-space
▪ Trained from initial strategy guess

NEURAL NETWORK DESIGN

▪ Gridworld with moving obstacles
▪ Temporal logic constraints

EXPERIMENTAL EXAMPLES

Problem Statement: For a POMDP        and 
specification    , determine finite-memory 
strategy      such that


