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Assured NN-based Perception

Perception-based control is an enabling 
technology for the state of the art of Autonomous 
systems. 

These systems rely on machine vision to detect 
objects of interest. 
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Plane not  fully identified!

Cars are not identified!

SOTA perception-based 
systems are not reliable due 

to the use of 
learning base neural networks. 

Assured NN-based Perception  
=  

Design Neural Networks for machine  
Vision with provable guarantees.
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Assured NN-based Control 
=  

Design Neural Networks with provable 
generalization guarantees.
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x ∈ y = 𝒩𝒩(x) ∈Px Py

{x ∈ ℝk0 | x ∈ Px ∧ 𝒩𝒩(x) ∉ Py ∧ ( m
∧

ℓ=1
hℓ(x, 𝒩𝒩(x)) ≤ 0)} = ∅{

Input 

constraints

Output  
constraints

Linear input/output 

constraints

{ {

counterexample
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Adversarial robustness:

{x ∣ x ∈ ℝk0, ∥x − x′ ∥∞ ≤ ϵ, max
i=1,…,n

𝒩𝒩(x)i = 𝒩𝒩(x)m} = ∅

Py

{{
Px

Input-Output Verification
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•Similar individuals are to be treated similarly by the decision 
model (e.g. Hiring decision) 


•Examples of similarity


•Gender/race (sensitive attribute) invariance
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x∖{s} ∈ y = 𝒩𝒩(x) = 0Px
Py
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x ∈ y = 𝒩𝒩(x) < 0Px

Py

Lyapunov/Barrier certificate:
- Train a NN controller along with a  
stability/safety certificate.

Feedback controller

Goal

Obstacle
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D = {⇠1, ⇠2, . . .}

<latexit sha1_base64="FxoQvtPQitXEHCPKm6pVIK+aJcM="></latexit>

⇠1

<latexit sha1_base64="HsJyviaA1RR61ckgV6J1/pVA9Lg="></latexit>

⇠2

<latexit sha1_base64="UaKVARNuPsJ4MBGkBUxjmxiMH9A="></latexit>

⇠3

<latexit sha1_base64="agMGE1XrIj2sPeJ7NLTLBfEPe9I="></latexit>

⇠4

<latexit sha1_base64="VSpYRBkdftl9ZEIV/8JZqMF57fo="></latexit>

NN (q2) + �

<latexit sha1_base64="TzTph/bHmfyfbh/87C34pP7nW9Q="></latexit>

NN (q2)� �

<latexit sha1_base64="apLmdN5LklDUisVl43U0rWw4mqw="></latexit>

NN (q3) + �

<latexit sha1_base64="M+W00UEVR6mOjPAC33JlLecRWIs="></latexit>

NN : X ! U

NN Training NN Projection System Augmentation

Controller SynthesisLift to NN

<latexit sha1_base64="xy83P9DjdFXas6xeP0qq9FdVZVc="></latexit>q1

<latexit sha1_base64="W+RLjZ+7eQIRYNce9v1wON98Ehk="></latexit>q2

<latexit sha1_base64="5UB6qlabq6frHu35Nprp1wia6CY="></latexit>q3

<latexit sha1_base64="tPSoNVDuF7Qxj5EcZstmeawonGA="></latexit>q4
<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="8wlv8G+eOeJnd96S/q14YEFUKgY="></latexit>qgoal
<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="8wlv8G+eOeJnd96S/q14YEFUKgY="></latexit>qgoal<latexit sha1_base64="8wlv8G+eOeJnd96S/q14YEFUKgY="></latexit>qgoal

<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="W+RLjZ+7eQIRYNce9v1wON98Ehk="></latexit>q2<latexit sha1_base64="W+RLjZ+7eQIRYNce9v1wON98Ehk="></latexit>q2
<latexit sha1_base64="tPSoNVDuF7Qxj5EcZstmeawonGA="></latexit>q4<latexit sha1_base64="tPSoNVDuF7Qxj5EcZstmeawonGA="></latexit>q4

<latexit sha1_base64="5UB6qlabq6frHu35Nprp1wia6CY="></latexit>q3<latexit sha1_base64="5UB6qlabq6frHu35Nprp1wia6CY="></latexit>q3

<latexit sha1_base64="xy83P9DjdFXas6xeP0qq9FdVZVc="></latexit>q1<latexit sha1_base64="xy83P9DjdFXas6xeP0qq9FdVZVc="></latexit>q1

<latexit sha1_base64="VSpYRBkdftl9ZEIV/8JZqMF57fo="></latexit>

NN (q2) + �

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="ZJL4Gl9ObQGnrKsVw1NbtaG3/0Q="></latexit>

NN (q2)

<latexit sha1_base64="F3X/Cxfaow5ZmbTO9B/QtpFFqCc="></latexit>

NN (q4)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="ZJL4Gl9ObQGnrKsVw1NbtaG3/0Q="></latexit>

NN (q2)

<latexit sha1_base64="E6c/OsGkalAoBQ4A6DMJ1HSVZXY="></latexit>

NN (q3)

<latexit sha1_base64="E6c/OsGkalAoBQ4A6DMJ1HSVZXY="></latexit>

NN (q3)

<latexit sha1_base64="E6c/OsGkalAoBQ4A6DMJ1HSVZXY="></latexit>

NN (q3)

<latexit sha1_base64="F3X/Cxfaow5ZmbTO9B/QtpFFqCc="></latexit>

NN (q4)

<latexit sha1_base64="F3X/Cxfaow5ZmbTO9B/QtpFFqCc="></latexit>

NN (q4)

V(x+)

V(x)

x+ = fcl(x)

- {

Decision Making?

Input-Output Verification



{x ∈ ℝk0 | x ∈ Px ∧ 𝒩𝒩(x) ∉ Py ∧ ( m
∧

ℓ=1
hℓ(x, 𝒩𝒩(x)) ≤ 0)} = ∅

Adversarial robustness:
- The attacker can not fool the detector. 
- The Out-of-Distribution Detector  
(OOD) is robust to bounded noise.

Goal

Obstacle

Obstacle

<latexit sha1_base64="EeJn7eH0jCFq0Xv9YhODW4Fm4og="></latexit>

D = {⇠1, ⇠2, . . .}

<latexit sha1_base64="FxoQvtPQitXEHCPKm6pVIK+aJcM="></latexit>

⇠1

<latexit sha1_base64="HsJyviaA1RR61ckgV6J1/pVA9Lg="></latexit>

⇠2

<latexit sha1_base64="UaKVARNuPsJ4MBGkBUxjmxiMH9A="></latexit>

⇠3

<latexit sha1_base64="agMGE1XrIj2sPeJ7NLTLBfEPe9I="></latexit>

⇠4

<latexit sha1_base64="VSpYRBkdftl9ZEIV/8JZqMF57fo="></latexit>

NN (q2) + �

<latexit sha1_base64="TzTph/bHmfyfbh/87C34pP7nW9Q="></latexit>

NN (q2)� �

<latexit sha1_base64="apLmdN5LklDUisVl43U0rWw4mqw="></latexit>

NN (q3) + �

<latexit sha1_base64="M+W00UEVR6mOjPAC33JlLecRWIs="></latexit>

NN : X ! U

NN Training NN Projection System Augmentation

Controller SynthesisLift to NN

<latexit sha1_base64="xy83P9DjdFXas6xeP0qq9FdVZVc="></latexit>q1

<latexit sha1_base64="W+RLjZ+7eQIRYNce9v1wON98Ehk="></latexit>q2

<latexit sha1_base64="5UB6qlabq6frHu35Nprp1wia6CY="></latexit>q3

<latexit sha1_base64="tPSoNVDuF7Qxj5EcZstmeawonGA="></latexit>q4
<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="8wlv8G+eOeJnd96S/q14YEFUKgY="></latexit>qgoal
<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="8wlv8G+eOeJnd96S/q14YEFUKgY="></latexit>qgoal<latexit sha1_base64="8wlv8G+eOeJnd96S/q14YEFUKgY="></latexit>qgoal

<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="R0ghdF+vYJky0Q5WL+rIKveDhcM="></latexit>qobst

<latexit sha1_base64="W+RLjZ+7eQIRYNce9v1wON98Ehk="></latexit>q2<latexit sha1_base64="W+RLjZ+7eQIRYNce9v1wON98Ehk="></latexit>q2
<latexit sha1_base64="tPSoNVDuF7Qxj5EcZstmeawonGA="></latexit>q4<latexit sha1_base64="tPSoNVDuF7Qxj5EcZstmeawonGA="></latexit>q4

<latexit sha1_base64="5UB6qlabq6frHu35Nprp1wia6CY="></latexit>q3<latexit sha1_base64="5UB6qlabq6frHu35Nprp1wia6CY="></latexit>q3

<latexit sha1_base64="xy83P9DjdFXas6xeP0qq9FdVZVc="></latexit>q1<latexit sha1_base64="xy83P9DjdFXas6xeP0qq9FdVZVc="></latexit>q1

<latexit sha1_base64="VSpYRBkdftl9ZEIV/8JZqMF57fo="></latexit>

NN (q2) + �

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="ZJL4Gl9ObQGnrKsVw1NbtaG3/0Q="></latexit>

NN (q2)

<latexit sha1_base64="F3X/Cxfaow5ZmbTO9B/QtpFFqCc="></latexit>

NN (q4)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="vS6NqmDvfiV0/q1SxfYYK0cQLbU="></latexit>

NN (q1)

<latexit sha1_base64="ZJL4Gl9ObQGnrKsVw1NbtaG3/0Q="></latexit>

NN (q2)

<latexit sha1_base64="E6c/OsGkalAoBQ4A6DMJ1HSVZXY="></latexit>

NN (q3)

<latexit sha1_base64="E6c/OsGkalAoBQ4A6DMJ1HSVZXY="></latexit>

NN (q3)

<latexit sha1_base64="E6c/OsGkalAoBQ4A6DMJ1HSVZXY="></latexit>

NN (q3)

<latexit sha1_base64="F3X/Cxfaow5ZmbTO9B/QtpFFqCc="></latexit>

NN (q4)

<latexit sha1_base64="F3X/Cxfaow5ZmbTO9B/QtpFFqCc="></latexit>

NN (q4)

Lyapunov/Barrier certificate:
- Train a NN controller along with a  
stability/safety certificate.

 

Privileged 
gender

 

Unprivileged 
gender

Fairness
- Similar individuals are to be treated 
similarly by the decision model



Design-for-Verifiability

•Formal verification of NNs is NP-hard.

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
<latexit sha1_base64="ls6rUfVEyDvQbgzZFK+3mTOdyTk="></latexit>

NN |= 'Formal Property

<latexit sha1_base64="lpCRKDzJ9zSnOTESP8Q4zhFvFmo="></latexit>

NN



Design-for-Verifiability

•Formal verification of NNs is NP-hard.

•Are all NNs “equally” hard?

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
<latexit sha1_base64="ls6rUfVEyDvQbgzZFK+3mTOdyTk="></latexit>

NN |= 'Formal Property

<latexit sha1_base64="lpCRKDzJ9zSnOTESP8Q4zhFvFmo="></latexit>

NN



Design-for-Verifiability

•Formal verification of NNs is NP-hard.

•Are all NNs “equally” hard?

•Can we find NNs with special structure/semantics that 
lead to “fast” verification?

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
<latexit sha1_base64="ls6rUfVEyDvQbgzZFK+3mTOdyTk="></latexit>

NN |= 'Formal Property

<latexit sha1_base64="lpCRKDzJ9zSnOTESP8Q4zhFvFmo="></latexit>

NN



Design-for-Verifiability

•Formal verification of NNs is NP-hard.

•Are all NNs “equally” hard?

•Can we find NNs with special structure/semantics that 
lead to “fast” verification?

•Can we replace the ReLU activation non-linearity with 
one that is amenable to “fast” verification?

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
<latexit sha1_base64="ls6rUfVEyDvQbgzZFK+3mTOdyTk="></latexit>

NN |= 'Formal Property

<latexit sha1_base64="lpCRKDzJ9zSnOTESP8Q4zhFvFmo="></latexit>

NN



Design-for-Verifiability

Two-Level Lattice (TLL) NNs are 
verifiable in polynomial time*

(* in the number of neurons)

Verify “easier” ReLU-NN  
architectures  

(NN structure/semantics)

J. Ferlez and Y. Shoukry, "Bounding the Complexity of Formally Verifying 
Neural Networks: A Geometric Approach," CDC 2021. 
 

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
<latexit sha1_base64="ls6rUfVEyDvQbgzZFK+3mTOdyTk="></latexit>

NN |= 'Formal Property

<latexit sha1_base64="lpCRKDzJ9zSnOTESP8Q4zhFvFmo="></latexit>

NN



Design-for-Verifiability

Verify “easier” ReLU-NN  
architectures  

(NN structure/semantics)

J. Ferlez and Y. Shoukry, "Bounding the Complexity of Formally Verifying 
Neural Networks: A Geometric Approach," CDC 2021. 
 

Any CPWA function can be 
rewritten as: 

which is known as the two-
level lattice representation.

Theorem:

J. M. Tarela and M. V. Martínez. Region configurations for 
realizability of lattice Piecewise-Linear models. Mathematical 
and Computer Modeling, 1999.

f(x) = max
1iM

min
j2si✓{1,...,N}

`j(x)
<latexit sha1_base64="hSTOnSnUz+rbFcZiKjarFZLW6EI="></latexit><latexit sha1_base64="hSTOnSnUz+rbFcZiKjarFZLW6EI="></latexit><latexit sha1_base64="hSTOnSnUz+rbFcZiKjarFZLW6EI="></latexit><latexit sha1_base64="hSTOnSnUz+rbFcZiKjarFZLW6EI="></latexit>

N = # local linear functions

M = # unique order regions
<latexit sha1_base64="wS7oa0xZU2JeB0G2IXWeVN06+Ho="></latexit><latexit sha1_base64="wS7oa0xZU2JeB0G2IXWeVN06+Ho="></latexit><latexit sha1_base64="wS7oa0xZU2JeB0G2IXWeVN06+Ho="></latexit><latexit sha1_base64="wS7oa0xZU2JeB0G2IXWeVN06+Ho="></latexit>

Two-Level Lattice (TLL) NNs are 
verifiable in polynomial time*

(* in the number of neurons)

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
<latexit sha1_base64="ls6rUfVEyDvQbgzZFK+3mTOdyTk="></latexit>

NN |= 'Formal Property

<latexit sha1_base64="lpCRKDzJ9zSnOTESP8Q4zhFvFmo="></latexit>

NN



Design-for-Verifiability

Verify “easier” ReLU-NN  
architectures  

(NN structure/semantics)

J. Ferlez and Y. Shoukry, "Bounding the Complexity of Formally Verifying 
Neural Networks: A Geometric Approach," CDC 2021. 
 

. . .

. . .
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maxM

1
...

minN
...
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Mn
f(x)

1

1

1

minj2s1
`i(x)

minj2s2
`i(x)

minj2sM
`i(x)

Linear Layer Selection Layer

kernel: W`

bias: b`

kernel: S2

bias: 0

kernel: S1

bias: 0

kernel: SM

bias: 0

(Parallel) min Layers max Layers

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

. . .

Any CPWA function can be 
rewritten as: 

which is known as the two-
level lattice representation.

Theorem:

J. M. Tarela and M. V. Martínez. Region configurations for 
realizability of lattice Piecewise-Linear models. Mathematical 
and Computer Modeling, 1999.

f(x) = max
1iM

min
j2si✓{1,...,N}

`j(x)
<latexit sha1_base64="hSTOnSnUz+rbFcZiKjarFZLW6EI="></latexit><latexit sha1_base64="hSTOnSnUz+rbFcZiKjarFZLW6EI="></latexit><latexit sha1_base64="hSTOnSnUz+rbFcZiKjarFZLW6EI="></latexit><latexit sha1_base64="hSTOnSnUz+rbFcZiKjarFZLW6EI="></latexit>

N = # local linear functions

M = # unique order regions
<latexit sha1_base64="wS7oa0xZU2JeB0G2IXWeVN06+Ho="></latexit><latexit sha1_base64="wS7oa0xZU2JeB0G2IXWeVN06+Ho="></latexit><latexit sha1_base64="wS7oa0xZU2JeB0G2IXWeVN06+Ho="></latexit><latexit sha1_base64="wS7oa0xZU2JeB0G2IXWeVN06+Ho="></latexit>

Two-Level Lattice (TLL) NNs are 
verifiable in polynomial time*

(* in the number of neurons)

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
<latexit sha1_base64="ls6rUfVEyDvQbgzZFK+3mTOdyTk="></latexit>

NN |= 'Formal Property

<latexit sha1_base64="lpCRKDzJ9zSnOTESP8Q4zhFvFmo="></latexit>

NN



Design-for-Verifiability

FastBATLLNN Ferlez et. al. (HSCC 2022)

Verifying TLLs: FastBATLLNN vs. Generic NN Verifiers

12

Output Properties (one per network):Randomly generated Scalar TLL NNs:

N = M = 8, 16, 24, 32, 40, 48, 56, 64

Input dimension: n = 2

0 50 100 150 200
Proved cases

10 1

100

101

102

Ti
m
eo
ut
(s
ec
)

nnenum (4 cores)
nnenum (24 cores)
PeregriNN (4 cores)
PeregriNN (24 cores)
⍺-β-Crown (4 cores)
⍺-β-Crown (24 cores)
FastBATLLNN (4 cores)
FastBATLLNN (24 cores)

0 50 100 150 200
Proved cases

10 1

100

101

102

Ti
m
eo
ut
(s
ec
)

nnenum (4 cores)
nnenum (24 cores)
PeregriNN (4 cores)
PeregriNN (24 cores)
⍺-β-Crown (4 cores)
⍺-β-Crown (24 cores)
FastBATLLNN (4 cores)
FastBATLLNN (24 cores)

a or b ∼ Uniform(µl − µu−µl

2 , µu + µu−µl

2 )
≤ or ≥∼ Bernoulli(0.5)

{xi} ∼ Uniform(PX)

Non-degenerate on: PX = [−2, 2]× [−2, 2]

µl

X ∼ Unifo
rm(PX

) →

{
µl =

min{NN TLL
(xi)}

µu
= max{NN TLL

(xi)}

X ∼ Unifo
rm(PX

) →

{
µl =

min{NN TLL
(xi)}

µu
= max{NN TLL

(xi)}

        
a or b ∼ Uniform(µl, µu)

µu

Two-Level Lattice (TLL) NNs are 
verifiable in polynomial time*

(* in the number of neurons)

Verify “easier” ReLU-NN  
architectures  

(NN structure/semantics)

Verify “structured” properties 
(use NN structure/semantics)

FastBATLLNNN: Fast Box-like  
constraints of TLL NNs

J. Ferlez and Y. Shoukry, "Bounding the Complexity of Formally Verifying 
Neural Networks: A Geometric Approach," CDC 2021. 
 
J. Ferlez, H. Khedr, and Y. Shoukry, “FastBATLLNN: Fast Box Analysis 
of Two-Level Lattice Neural Networks,” HSCC 2022.  

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
<latexit sha1_base64="ls6rUfVEyDvQbgzZFK+3mTOdyTk="></latexit>

NN |= 'Formal Property

<latexit sha1_base64="lpCRKDzJ9zSnOTESP8Q4zhFvFmo="></latexit>

NN



Design-for-Verifiability

FastBATLLNN Ferlez et. al. (HSCC 2022)

Verifying TLLs: FastBATLLNN vs. Generic NN Verifiers

12

Output Properties (one per network):Randomly generated Scalar TLL NNs:

N = M = 8, 16, 24, 32, 40, 48, 56, 64

Input dimension: n = 2

0 50 100 150 200
Proved cases
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nnenum (24 cores)
PeregriNN (4 cores)
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FastBATLLNN (4 cores)
FastBATLLNN (24 cores)
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nnenum (4 cores)
nnenum (24 cores)
PeregriNN (4 cores)
PeregriNN (24 cores)
⍺-β-Crown (4 cores)
⍺-β-Crown (24 cores)
FastBATLLNN (4 cores)
FastBATLLNN (24 cores)

a or b ∼ Uniform(µl − µu−µl

2 , µu + µu−µl

2 )
≤ or ≥∼ Bernoulli(0.5)

{xi} ∼ Uniform(PX)

Non-degenerate on: PX = [−2, 2]× [−2, 2]

µl

X ∼ Unifo
rm(PX

) →

{
µl =

min{NN TLL
(xi)}

µu
= max{NN TLL

(xi)}

X ∼ Unifo
rm(PX

) →

{
µl =

min{NN TLL
(xi)}

µu
= max{NN TLL

(xi)}

        
a or b ∼ Uniform(µl, µu)

µu

Two-Level Lattice (TLL) NNs are 
verifiable in polynomial time*

(* in the number of neurons)

Verify “easier” ReLU-NN  
architectures  

(NN structure/semantics)

Verify “structured” properties 
(use NN structure/semantics)

FastBATLLNNN: Fast Box-like  
constraints of TLL NNs

Verify NNs with “easier”  
activation units (use nice properties  

of other nonlinear functions)

Model Checker<latexit sha1_base64="rHB0lxD65r5DbX2S+y1cWaVjL14="></latexit>'
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Deep Bern-Nets = Precise Bound Propagation

H. Khedr and Y. Shoukry, “DeepBern-Nets: Taming the Complexity of 
Certifying Neural Networks using Bernstein Polynomial Activations and 
Precise Bound Propagation,” AAAI 2024.
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U. Santa Cruz and Y. Shoukry, “NNLander-VeriF: A Neural Network Formal 
Verification Framework for Vision-Based Autonomous Aircraft 
Landing,” NASA Formal Methods Symposium (NFM), 2022. 
 
U. Santa Cruz and Y. Shoukry, “Certified Vision-based State Estimation for 
Autonomous Landing Systems using Reachability Analysis,” CDC 2023.
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provable guarantees in 
terms of:
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•Ability to estimate the 
location of these objects?
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Image from Camera
Camera View of Runway

State Estimate

Original Image = Image of Runway + Image of Other Objects 

Given: A camera image                           
Given: User defined error  
Design: NN Estimator                             such that
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perception

ξ = (x, y, z, θ, ψ, ρ) ∈ ℝ6
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Assured NN-based Perception

States 

Santa Cruz, U., Shoukry, Y. (2021). NNLander-VeriF: A Neural Network Formal 
Verification Framework for Vision-Based Autonomous Aircraft Landing . In:  
NASA Formal Methods Conference

Image 
Formation 
Process

C : ℝ6 → {0,1}a×b
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Problem: How to formally verify a vision-based system in closed loop?

Problem formulation

CameraDynamics
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Image

NN Controller
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Specification 
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Nonlinear dynamics

Set of initial conditions

Camera parameters

Neural network controller

Specification

Physical Parameters 
(Trainable)

Geometrical Parameters 
(Non-Trainable) 

Geometry-based 
Generative Model

Position, 
angles ξ Image
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Can we design certified 

“object detectors”?

Can we design certified 
“state estimators”?
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Image

 Theorem (Informal Version) 
 

For any 2D object that can be formed as unions and 
intersection of polytopes, then the Geometry-based 
Generative Model (GGM) Neural Network is 
equivalent to the Pin-hole camera model, i.e., 

                  Io(ξ) = GGMo(ξ)
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Assured NN-based Perception
 Theorem (Informal Version) 

Given:  
• A camera image:                           

• Partitioning of the state space: 

Under the following assumptions: 
(i) 
(ii) 

The following holds: 

Where: 

Other objects does not appear in the 
neighborhood of the runway

NN output: 
• The partition where the state belongs 
• Filtered image estimate.  

Other objects can not be generated by the 
same geometric generative model of the 
runway, i.e., other objects not look like a 
target runway.

Lipschitz constant of Generative Model
Radius of the infinity ball used to  
partition the state space

Bound:



SilkyevCam Event Based Camera Ground Truth states (Vicon Cameras)

Original Video  Filtered Video  
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Xiaowu  
Sun

X. Sun and Y. Shoukry, "Neurosymbolic Motion and Task Planning for Linear 
Temporal Logic Tasks,” T-RO, submitted, arXiv 2022. 
 
X. Sun, W. Fatnassi, U. Santa Cruz, and Y. Shoukry, "Provably Safe Model-
Based Meta Reinforcement Learning: An Abstraction-Based Approach," CDC 
2021. 

X. Sun and Y. Shoukry,  “NNSynth: Neural Network Guided Abstraction-Based 
Controller Synthesis for Stochastic Systems,” CDC 2022.
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Given: a nonlinear dynamical system x(k+1) = f(x(k), u(k)) + g(x(k), u(k))
<latexit sha1_base64="EXVxigECfNghHdNts/5JoGWTHuM=">AAACLHicbVDLSgMxFM3UV62vUZdugq3QUikzdaEgQqEblxXsA9paMplMG5rJDElGLMN8kBt/RRAXFnHrd5i2s9DWA4GTc+7l3nuckFGpLGtqZNbWNza3stu5nd29/QPz8Kglg0hg0sQBC0THQZIwyklTUcVIJxQE+Q4jbWdcn/ntRyIkDfi9moSk76Mhpx7FSGlpYNZ7PKDcJVzBwtNDXByX7VICb6BXnP9KyTmMFqQEy3C4qhZyuYGZtyrWHHCV2CnJgxSNgfnWcwMc+XoqZkjKrm2Fqh8joShmJMn1IklChMdoSLqacuQT2Y/nxybwTCsu9AKhn956rv7uiJEv5cR3dKWP1EguezPxP68bKe+qH1MeRopwvBjkRQyqAM6Sgy4VBCs20QRhQfWuEI+QQFjpfGch2Msnr5JWtWJfVKp31XztOo0jC07AKSgCG1yCGrgFDdAEGDyDV/ABpsaL8W58Gl+L0oyR9hyDPzC+fwCeaKNy</latexit>

Objective: train a neural network-based controller u(k) = NN (x(k))
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such that the closed-loop system satisfies safety and liveness specifications:

NN ,XW
init |= �W

safety ^ �W
liveness,
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where both the workspace     and specifications                         are 
not known during the training-time (the workspace and specifications 
become available at runtime before the system starts to operate.) 
The set of initial states        is also computed at runtime.

W
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The unknown model-error    is assumed to be bounded and can be learned by Gaussian 
Process regression.

g
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The nominal model    is assumed to be black-box model, e.g., a simulator or a neural network. f
<latexit sha1_base64="voEZeHTLT0Sme+GGapWSmD2OCRs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoOCl4MVjC7YW2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53C2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyh0jyW92aSoB/RoeQhZ9RYqRn2yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1G/yOIpwAqdwDh5cQR3uoAEtYIDwDK/w5jw6L86787FoLTj5zDH8gfP5A8okjOc=</latexit>
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Given: a nonlinear dynamical system x(k+1) = f(x(k), u(k)) + g(x(k), u(k))
<latexit sha1_base64="EXVxigECfNghHdNts/5JoGWTHuM=">AAACLHicbVDLSgMxFM3UV62vUZdugq3QUikzdaEgQqEblxXsA9paMplMG5rJDElGLMN8kBt/RRAXFnHrd5i2s9DWA4GTc+7l3nuckFGpLGtqZNbWNza3stu5nd29/QPz8Kglg0hg0sQBC0THQZIwyklTUcVIJxQE+Q4jbWdcn/ntRyIkDfi9moSk76Mhpx7FSGlpYNZ7PKDcJVzBwtNDXByX7VICb6BXnP9KyTmMFqQEy3C4qhZyuYGZtyrWHHCV2CnJgxSNgfnWcwMc+XoqZkjKrm2Fqh8joShmJMn1IklChMdoSLqacuQT2Y/nxybwTCsu9AKhn956rv7uiJEv5cR3dKWP1EguezPxP68bKe+qH1MeRopwvBjkRQyqAM6Sgy4VBCs20QRhQfWuEI+QQFjpfGch2Msnr5JWtWJfVKp31XztOo0jC07AKSgCG1yCGrgFDdAEGDyDV/ABpsaL8W58Gl+L0oyR9hyDPzC+fwCeaKNy</latexit>

Objective: train a neural network-based controller u(k) = NN (x(k))
<latexit sha1_base64="THu4Zbw/6OuMh6t8nkhjegYNo1Y=">AAACFnicbVDLSgMxFM3UV62vqks30VZoF5aZulAQoeDGValgH9AZSyaTtqGZzJBkxDL0K9z4K25cKOJW3Pk3ZtpZaOuBwOGce2/uPW7IqFSm+W1klpZXVtey67mNza3tnfzuXksGkcCkiQMWiI6LJGGUk6aiipFOKAjyXUba7ugq8dv3REga8Fs1DonjowGnfYqR0lIvf2LzgHKPcAWL0V1cGpUn8BLaPlJDjFhctw/rk9LDzCgXe/mCWTGngIvESkkBpGj08l+2F+DI1/MxQ1J2LTNUToyEopiRSc6OJAkRHqEB6WrKkU+kE0/PmsBjrXiwHwj99H5T9XdHjHwpx76rK5N95byXiP953Uj1z52Y8jBShOPZR/2IQRXAJCPoUUGwYmNNEBZU7wrxEAmElU4yp0Ow5k9eJK1qxTqtVG+qhdpFGkcWHIAjUAIWOAM1cA0aoAkweATP4BW8GU/Gi/FufMxKM0basw/+wPj8AZLvnbE=</latexit>

such that the closed-loop system satisfies safety and liveness specifications:

NN ,XW
init |= �W

safety ^ �W
liveness,

<latexit sha1_base64="3RtGOjcvMYxAb/XmlI/xvgu9kEQ="></latexit>

where both the workspace     and specifications                         are 
not known during the training-time (the workspace and specifications 
become available at runtime before the system starts to operate.) 
The set of initial states        is also computed at runtime.

W
<latexit sha1_base64="pu6RiwR+GrvQ++NhcaUYTNnqRq0=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBFvBVZmpCwU3BTcuK9gHtEPJpJk2NMmMSaZQhn6HGxeKuPVj3Pk3ZtpZaOuBwOGce7knJ4g508Z1v53CxubW9k5xt7S3f3B4VD4+aesoUYS2SMQj1Q2wppxJ2jLMcNqNFcUi4LQTTO4yvzOlSrNIPppZTH2BR5KFjGBjJb/aF9iMCeZpZ14dlCtuzV0ArRMvJxXI0RyUv/rDiCSCSkM41rrnubHxU6wMI5zOS/1E0xiTCR7RnqUSC6r9dBF6ji6sMkRhpOyTBi3U3xspFlrPRGAns4x61cvE/7xeYsIbP2UyTgyVZHkoTDgyEcoaQEOmKDF8ZgkmitmsiIyxwsTYnkq2BG/1y+ukXa95V7X6Q73SuM3rKMIZnMMleHANDbiHJrSAwBM8wyu8OVPnxXl3PpajBSffOYU/cD5/AE2lkcQ=</latexit>

�W
safety ^ �W

liveness
<latexit sha1_base64="HIfSeEPNyFZDZvgRJWsPu+qz4nk=">AAACMXicbVDLSgNBEJz1bXxFPXoZjIKnsBsPCl4ELx4jGCNkY+id9JrB2dllpjcYlvySF/9EvOSgiFd/wknMwVfBQFFVzXRXlClpyfdH3szs3PzC4tJyaWV1bX2jvLl1ZdPcCGyIVKXmOgKLSmpskCSF15lBSCKFzejubOw3+2isTPUlDTJsJ3CrZSwFkJM65fPSXpj1ZCckvKfCQow0GN6ECVBPgCqaQx4q0F3+LaRkHzVa+yO21ylX/Ko/Af9LgimpsCnqnfJT2E1FnqAmocDaVuBn1C7AkBQKh6Uwt5iBuINbbDmqIUHbLiYXD/m+U7o8To17mvhE/T5RQGLtIIlccryj/e2Nxf+8Vk7xcbuQOssJtfj6KM4Vp5SP6+NdaVCQGjgCwki3Kxc9MCDIlVxyJQS/T/5LrmrV4LBau6hVTk+mdSyxHbbLDljAjtgpO2d11mCCPbBn9sJevUdv5L1571/RGW86s81+wPv4BP5zq+g=</latexit>

XW
init

<latexit sha1_base64="UpE/Dwc65Slca8h/9jASUbvqnGQ=">AAACEXicbVDLSsNAFJ3UV62vqEs3wUboqiR1oeCm4MZlBfuApobJdNIOnTyYuRFLyC+48VfcuFDErTt3/o2TNoi2Hhg4nHMvc8/xYs4kWNaXVlpZXVvfKG9WtrZ3dvf0/YOOjBJBaJtEPBI9D0vKWUjbwIDTXiwoDjxOu97kMve7d1RIFoU3MI3pIMCjkPmMYFCSq9dM0wkwjAnmaS9zHaD3kLKQQXb7o3cz06y4etWqWzMYy8QuSBUVaLn6pzOMSBLQEAjHUvZtK4ZBigUwwmlWcRJJY0wmeET7ioY4oHKQzhJlxolShoYfCfVCMGbq740UB1JOA09N5lfKRS8X//P6CfjnAxUwToCGZP6Rn3ADIiOvxxgyQQnwqSKYCKZuNcgYC0xAlZiXYC9GXiadRt0+rTeuG9XmRVFHGR2hY1RDNjpDTXSFWqiNCHpAT+gFvWqP2rP2pr3PR0tasXOI/kD7+AaAhJ1l</latexit>

The unknown model-error    is assumed to be bounded and can be learned by Gaussian 
Process regression.

g
<latexit sha1_base64="46ThbD2AyCkRmoT2VDZcm2wSvLs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoOCl4MVjC7YW2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53C2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyh0jyW92aSoB/RoeQhZ9RYqTnslytu1Z2DrBIvJxXI0eiXv3qDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfzQ+dkjOrDEgYK1vSkLn6eyKjkdaTKLCdETUjvezNxP+8bmrCaz/jMkkNSrZYFKaCmJjMviYDrpAZMbGEMsXtrYSNqKLM2GxKNgRv+eVV0q5VvYtqrXlZqd/kcRThBE7hHDy4gjrcQQNawADhGV7hzXl0Xpx352PRWnDymWP4A+fzB8uojOg=</latexit>

The nominal model    is assumed to be black-box model, e.g., a simulator or a neural network. f
<latexit sha1_base64="voEZeHTLT0Sme+GGapWSmD2OCRs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoOCl4MVjC7YW2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53C2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyh0jyW92aSoB/RoeQhZ9RYqRn2yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1G/yOIpwAqdwDh5cQR3uoAEtYIDwDK/w5jw6L86787FoLTj5zDH8gfP5A8okjOc=</latexit>
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Given: a nonlinear dynamical system x(k+1) = f(x(k), u(k)) + g(x(k), u(k))
<latexit sha1_base64="EXVxigECfNghHdNts/5JoGWTHuM=">AAACLHicbVDLSgMxFM3UV62vUZdugq3QUikzdaEgQqEblxXsA9paMplMG5rJDElGLMN8kBt/RRAXFnHrd5i2s9DWA4GTc+7l3nuckFGpLGtqZNbWNza3stu5nd29/QPz8Kglg0hg0sQBC0THQZIwyklTUcVIJxQE+Q4jbWdcn/ntRyIkDfi9moSk76Mhpx7FSGlpYNZ7PKDcJVzBwtNDXByX7VICb6BXnP9KyTmMFqQEy3C4qhZyuYGZtyrWHHCV2CnJgxSNgfnWcwMc+XoqZkjKrm2Fqh8joShmJMn1IklChMdoSLqacuQT2Y/nxybwTCsu9AKhn956rv7uiJEv5cR3dKWP1EguezPxP68bKe+qH1MeRopwvBjkRQyqAM6Sgy4VBCs20QRhQfWuEI+QQFjpfGch2Msnr5JWtWJfVKp31XztOo0jC07AKSgCG1yCGrgFDdAEGDyDV/ABpsaL8W58Gl+L0oyR9hyDPzC+fwCeaKNy</latexit>

Objective: train a neural network-based controller u(k) = NN (x(k))
<latexit sha1_base64="THu4Zbw/6OuMh6t8nkhjegYNo1Y=">AAACFnicbVDLSgMxFM3UV62vqks30VZoF5aZulAQoeDGValgH9AZSyaTtqGZzJBkxDL0K9z4K25cKOJW3Pk3ZtpZaOuBwOGce2/uPW7IqFSm+W1klpZXVtey67mNza3tnfzuXksGkcCkiQMWiI6LJGGUk6aiipFOKAjyXUba7ugq8dv3REga8Fs1DonjowGnfYqR0lIvf2LzgHKPcAWL0V1cGpUn8BLaPlJDjFhctw/rk9LDzCgXe/mCWTGngIvESkkBpGj08l+2F+DI1/MxQ1J2LTNUToyEopiRSc6OJAkRHqEB6WrKkU+kE0/PmsBjrXiwHwj99H5T9XdHjHwpx76rK5N95byXiP953Uj1z52Y8jBShOPZR/2IQRXAJCPoUUGwYmNNEBZU7wrxEAmElU4yp0Ow5k9eJK1qxTqtVG+qhdpFGkcWHIAjUAIWOAM1cA0aoAkweATP4BW8GU/Gi/FufMxKM0basw/+wPj8AZLvnbE=</latexit>

such that the closed-loop system satisfies safety and liveness specifications:

NN ,XW
init |= �W

safety ^ �W
liveness,

<latexit sha1_base64="3RtGOjcvMYxAb/XmlI/xvgu9kEQ="></latexit>

where both the workspace     and specifications                         are 
not known during the training-time (the workspace and specifications 
become available at runtime before the system starts to operate.) 
The set of initial states        is also computed at runtime.

W
<latexit sha1_base64="pu6RiwR+GrvQ++NhcaUYTNnqRq0=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBFvBVZmpCwU3BTcuK9gHtEPJpJk2NMmMSaZQhn6HGxeKuPVj3Pk3ZtpZaOuBwOGce7knJ4g508Z1v53CxubW9k5xt7S3f3B4VD4+aesoUYS2SMQj1Q2wppxJ2jLMcNqNFcUi4LQTTO4yvzOlSrNIPppZTH2BR5KFjGBjJb/aF9iMCeZpZ14dlCtuzV0ArRMvJxXI0RyUv/rDiCSCSkM41rrnubHxU6wMI5zOS/1E0xiTCR7RnqUSC6r9dBF6ji6sMkRhpOyTBi3U3xspFlrPRGAns4x61cvE/7xeYsIbP2UyTgyVZHkoTDgyEcoaQEOmKDF8ZgkmitmsiIyxwsTYnkq2BG/1y+ukXa95V7X6Q73SuM3rKMIZnMMleHANDbiHJrSAwBM8wyu8OVPnxXl3PpajBSffOYU/cD5/AE2lkcQ=</latexit>

�W
safety ^ �W

liveness
<latexit sha1_base64="HIfSeEPNyFZDZvgRJWsPu+qz4nk=">AAACMXicbVDLSgNBEJz1bXxFPXoZjIKnsBsPCl4ELx4jGCNkY+id9JrB2dllpjcYlvySF/9EvOSgiFd/wknMwVfBQFFVzXRXlClpyfdH3szs3PzC4tJyaWV1bX2jvLl1ZdPcCGyIVKXmOgKLSmpskCSF15lBSCKFzejubOw3+2isTPUlDTJsJ3CrZSwFkJM65fPSXpj1ZCckvKfCQow0GN6ECVBPgCqaQx4q0F3+LaRkHzVa+yO21ylX/Ko/Af9LgimpsCnqnfJT2E1FnqAmocDaVuBn1C7AkBQKh6Uwt5iBuINbbDmqIUHbLiYXD/m+U7o8To17mvhE/T5RQGLtIIlccryj/e2Nxf+8Vk7xcbuQOssJtfj6KM4Vp5SP6+NdaVCQGjgCwki3Kxc9MCDIlVxyJQS/T/5LrmrV4LBau6hVTk+mdSyxHbbLDljAjtgpO2d11mCCPbBn9sJevUdv5L1571/RGW86s81+wPv4BP5zq+g=</latexit>

XW
init

<latexit sha1_base64="UpE/Dwc65Slca8h/9jASUbvqnGQ=">AAACEXicbVDLSsNAFJ3UV62vqEs3wUboqiR1oeCm4MZlBfuApobJdNIOnTyYuRFLyC+48VfcuFDErTt3/o2TNoi2Hhg4nHMvc8/xYs4kWNaXVlpZXVvfKG9WtrZ3dvf0/YOOjBJBaJtEPBI9D0vKWUjbwIDTXiwoDjxOu97kMve7d1RIFoU3MI3pIMCjkPmMYFCSq9dM0wkwjAnmaS9zHaD3kLKQQXb7o3cz06y4etWqWzMYy8QuSBUVaLn6pzOMSBLQEAjHUvZtK4ZBigUwwmlWcRJJY0wmeET7ioY4oHKQzhJlxolShoYfCfVCMGbq740UB1JOA09N5lfKRS8X//P6CfjnAxUwToCGZP6Rn3ADIiOvxxgyQQnwqSKYCKZuNcgYC0xAlZiXYC9GXiadRt0+rTeuG9XmRVFHGR2hY1RDNjpDTXSFWqiNCHpAT+gFvWqP2rP2pr3PR0tasXOI/kD7+AaAhJ1l</latexit>

O2
<latexit sha1_base64="YVdcPo3R6Lw/qxkgOI7QqDz6kx0=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0FIFXajoGATsLEzgnlAdgmzk9lkyOzsOjMbCEu+wdLGQhFbP8JPsPND7J1NUmjigYHDOfdyzxw/5kxp2/6yciura+sb+c3C1vbO7l5x/6CpokQS2iARj2Tbx4pyJmhDM81pO5YUhz6nLX94lfmtEZWKReJOj2PqhbgvWMAI1kby3BDrAcE8vZl0q91iya7YU6Bl4sxJCeaod4ufbi8iSUiFJhwr1XHsWHsplpoRTicFN1E0xmSI+7RjqMAhVV46DT1BJ0bpoSCS5gmNpurvjRSHSo1D30xmIdWil4n/eZ1EBxdeykScaCrI7FCQcKQjlDWAekxSovnYEEwkM1kRGWCJiTY9FUwJzuKXl0mzWnFOK9Xbs1Lt0i1/fzy4kIcjOIYyOHAONbiGOjSAwD08wjO8WCPryXq13mbN5ax5hYfwB9b7D5rclS0=</latexit>

O1
<latexit sha1_base64="z6H7umOJIGVNmyIAxJSB5hyF81s=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0FIFXajoGATsLEzgnlAdgmzk9lkyOzsOjMbCEu+wdLGQhFbP8JPsPND7J1NUmjigYHDOfdyzxw/5kxp2/6yciura+sb+c3C1vbO7l5x/6CpokQS2iARj2Tbx4pyJmhDM81pO5YUhz6nLX94lfmtEZWKReJOj2PqhbgvWMAI1kby3BDrAcE8vZl0nW6xZFfsKdAyceakBHPUu8VPtxeRJKRCE46V6jh2rL0US80Ip5OCmygaYzLEfdoxVOCQKi+dhp6gE6P0UBBJ84RGU/X3RopDpcahbyazkGrRy8T/vE6igwsvZSJONBVkdihIONIRyhpAPSYp0XxsCCaSmayIDLDERJueCqYEZ/HLy6RZrTinlertWal26Za/Px5cyMMRHEMZHDiHGlxDHRpA4B4e4RlerJH1ZL1ab7Pmcta8wkP4A+v9B5lYlSw=</latexit>

Xgoal
<latexit sha1_base64="HuVuPKBBQf2jbAFbotBAsQuinVM=">AAACAHicbZC7SgNBFIbPxluMt6iFhc1iEFKF3Sgo2ARsLCOYC2TDMjuZTYbMXpg5K4ZlG1/Ah7CxUMTW0kew80HsnVwKTfxh4OP/Z5hzfi8WXKFlfRm5peWV1bX8emFjc2t7p7i711RRIilr0EhEsu0RxQQPWQM5CtaOJSOBJ1jLG16O89Ytk4pH4Q2OYtYNSD/kPqcEteUWD5yA4IASkbYz10F2h2k/IiJziyWrYk1kLoI9gxLMVHeLn04voknAQqSCKNWxrRi7KZHIqWBZwUkUiwkdkj7raAxJwFQ3nSyQmcfa6Zl+JPUJ0Zy4v1+kJFBqFHj65nhcNZ+Nzf+yToL+eTflYZwgC+n0Iz8RJkbmuA2zxyWjKEYaCJVcz2rSAZGEou6soEuw51dehGa1Yp9UqtenpdqFU/7+eHAgD4dwBGWw4QxqcAV1aACFDB7hGV6Me+PJeDXeps3ljFmF+/BHxvsPvW2aVQ==</latexit>

⇠x0,NN |= �
W
safety () 8k 2 N, ⇠x0,NN (k) 62 O1 [O2

⇠x0,NN |= �
W
liveness () 9k 2 {1, . . . , H}, ⇠x0,NN (k) 2 Xgoal

<latexit sha1_base64="OR+Zv+Gc0YD/oh+xFmvRh8cf33w="></latexit>

The unknown model-error    is assumed to be bounded and can be learned by Gaussian 
Process regression.

g
<latexit sha1_base64="46ThbD2AyCkRmoT2VDZcm2wSvLs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoOCl4MVjC7YW2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53C2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyh0jyW92aSoB/RoeQhZ9RYqTnslytu1Z2DrBIvJxXI0eiXv3qDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfzQ+dkjOrDEgYK1vSkLn6eyKjkdaTKLCdETUjvezNxP+8bmrCaz/jMkkNSrZYFKaCmJjMviYDrpAZMbGEMsXtrYSNqKLM2GxKNgRv+eVV0q5VvYtqrXlZqd/kcRThBE7hHDy4gjrcQQNawADhGV7hzXl0Xpx352PRWnDymWP4A+fzB8uojOg=</latexit>

The nominal model    is assumed to be black-box model, e.g., a simulator or a neural network. f
<latexit sha1_base64="voEZeHTLT0Sme+GGapWSmD2OCRs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoOCl4MVjC7YW2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53C2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyh0jyW92aSoB/RoeQhZ9RYqRn2yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1G/yOIpwAqdwDh5cQR3uoAEtYIDwDK/w5jw6L86787FoLTj5zDH8gfP5A8okjOc=</latexit>
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Given: a nonlinear dynamical system x(k+1) = f(x(k), u(k)) + g(x(k), u(k))
<latexit sha1_base64="EXVxigECfNghHdNts/5JoGWTHuM=">AAACLHicbVDLSgMxFM3UV62vUZdugq3QUikzdaEgQqEblxXsA9paMplMG5rJDElGLMN8kBt/RRAXFnHrd5i2s9DWA4GTc+7l3nuckFGpLGtqZNbWNza3stu5nd29/QPz8Kglg0hg0sQBC0THQZIwyklTUcVIJxQE+Q4jbWdcn/ntRyIkDfi9moSk76Mhpx7FSGlpYNZ7PKDcJVzBwtNDXByX7VICb6BXnP9KyTmMFqQEy3C4qhZyuYGZtyrWHHCV2CnJgxSNgfnWcwMc+XoqZkjKrm2Fqh8joShmJMn1IklChMdoSLqacuQT2Y/nxybwTCsu9AKhn956rv7uiJEv5cR3dKWP1EguezPxP68bKe+qH1MeRopwvBjkRQyqAM6Sgy4VBCs20QRhQfWuEI+QQFjpfGch2Msnr5JWtWJfVKp31XztOo0jC07AKSgCG1yCGrgFDdAEGDyDV/ABpsaL8W58Gl+L0oyR9hyDPzC+fwCeaKNy</latexit>

Objective: train a neural network-based controller u(k) = NN (x(k))
<latexit sha1_base64="THu4Zbw/6OuMh6t8nkhjegYNo1Y=">AAACFnicbVDLSgMxFM3UV62vqks30VZoF5aZulAQoeDGValgH9AZSyaTtqGZzJBkxDL0K9z4K25cKOJW3Pk3ZtpZaOuBwOGce2/uPW7IqFSm+W1klpZXVtey67mNza3tnfzuXksGkcCkiQMWiI6LJGGUk6aiipFOKAjyXUba7ugq8dv3REga8Fs1DonjowGnfYqR0lIvf2LzgHKPcAWL0V1cGpUn8BLaPlJDjFhctw/rk9LDzCgXe/mCWTGngIvESkkBpGj08l+2F+DI1/MxQ1J2LTNUToyEopiRSc6OJAkRHqEB6WrKkU+kE0/PmsBjrXiwHwj99H5T9XdHjHwpx76rK5N95byXiP953Uj1z52Y8jBShOPZR/2IQRXAJCPoUUGwYmNNEBZU7wrxEAmElU4yp0Ow5k9eJK1qxTqtVG+qhdpFGkcWHIAjUAIWOAM1cA0aoAkweATP4BW8GU/Gi/FufMxKM0basw/+wPj8AZLvnbE=</latexit>

such that the closed-loop system satisfies safety and liveness specifications:

NN ,XW
init |= �W

safety ^ �W
liveness,

<latexit sha1_base64="3RtGOjcvMYxAb/XmlI/xvgu9kEQ="></latexit>

where both the workspace     and specifications                         are 
not known during the training-time (the workspace and specifications 
become available at runtime before the system starts to operate.) 
The set of initial states        is also computed at runtime.

W
<latexit sha1_base64="pu6RiwR+GrvQ++NhcaUYTNnqRq0=">AAAB9HicbVDLSgMxFL1TX7W+qi7dBFvBVZmpCwU3BTcuK9gHtEPJpJk2NMmMSaZQhn6HGxeKuPVj3Pk3ZtpZaOuBwOGce7knJ4g508Z1v53CxubW9k5xt7S3f3B4VD4+aesoUYS2SMQj1Q2wppxJ2jLMcNqNFcUi4LQTTO4yvzOlSrNIPppZTH2BR5KFjGBjJb/aF9iMCeZpZ14dlCtuzV0ArRMvJxXI0RyUv/rDiCSCSkM41rrnubHxU6wMI5zOS/1E0xiTCR7RnqUSC6r9dBF6ji6sMkRhpOyTBi3U3xspFlrPRGAns4x61cvE/7xeYsIbP2UyTgyVZHkoTDgyEcoaQEOmKDF8ZgkmitmsiIyxwsTYnkq2BG/1y+ukXa95V7X6Q73SuM3rKMIZnMMleHANDbiHJrSAwBM8wyu8OVPnxXl3PpajBSffOYU/cD5/AE2lkcQ=</latexit>

�W
safety ^ �W

liveness
<latexit sha1_base64="HIfSeEPNyFZDZvgRJWsPu+qz4nk=">AAACMXicbVDLSgNBEJz1bXxFPXoZjIKnsBsPCl4ELx4jGCNkY+id9JrB2dllpjcYlvySF/9EvOSgiFd/wknMwVfBQFFVzXRXlClpyfdH3szs3PzC4tJyaWV1bX2jvLl1ZdPcCGyIVKXmOgKLSmpskCSF15lBSCKFzejubOw3+2isTPUlDTJsJ3CrZSwFkJM65fPSXpj1ZCckvKfCQow0GN6ECVBPgCqaQx4q0F3+LaRkHzVa+yO21ylX/Ko/Af9LgimpsCnqnfJT2E1FnqAmocDaVuBn1C7AkBQKh6Uwt5iBuINbbDmqIUHbLiYXD/m+U7o8To17mvhE/T5RQGLtIIlccryj/e2Nxf+8Vk7xcbuQOssJtfj6KM4Vp5SP6+NdaVCQGjgCwki3Kxc9MCDIlVxyJQS/T/5LrmrV4LBau6hVTk+mdSyxHbbLDljAjtgpO2d11mCCPbBn9sJevUdv5L1571/RGW86s81+wPv4BP5zq+g=</latexit>

XW
init

<latexit sha1_base64="UpE/Dwc65Slca8h/9jASUbvqnGQ=">AAACEXicbVDLSsNAFJ3UV62vqEs3wUboqiR1oeCm4MZlBfuApobJdNIOnTyYuRFLyC+48VfcuFDErTt3/o2TNoi2Hhg4nHMvc8/xYs4kWNaXVlpZXVvfKG9WtrZ3dvf0/YOOjBJBaJtEPBI9D0vKWUjbwIDTXiwoDjxOu97kMve7d1RIFoU3MI3pIMCjkPmMYFCSq9dM0wkwjAnmaS9zHaD3kLKQQXb7o3cz06y4etWqWzMYy8QuSBUVaLn6pzOMSBLQEAjHUvZtK4ZBigUwwmlWcRJJY0wmeET7ioY4oHKQzhJlxolShoYfCfVCMGbq740UB1JOA09N5lfKRS8X//P6CfjnAxUwToCGZP6Rn3ADIiOvxxgyQQnwqSKYCKZuNcgYC0xAlZiXYC9GXiadRt0+rTeuG9XmRVFHGR2hY1RDNjpDTXSFWqiNCHpAT+gFvWqP2rP2pr3PR0tasXOI/kD7+AaAhJ1l</latexit>

⇠x0,NN |= �
W
safety () 8k 2 N, ⇠x0,NN (k) 62 O1 [O2

⇠x0,NN |= �
W
liveness () 9k 2 {1, . . . , H}, ⇠x0,NN (k) 2 Xgoal

<latexit sha1_base64="OR+Zv+Gc0YD/oh+xFmvRh8cf33w="></latexit>

O2
<latexit sha1_base64="YVdcPo3R6Lw/qxkgOI7QqDz6kx0=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0FIFXajoGATsLEzgnlAdgmzk9lkyOzsOjMbCEu+wdLGQhFbP8JPsPND7J1NUmjigYHDOfdyzxw/5kxp2/6yciura+sb+c3C1vbO7l5x/6CpokQS2iARj2Tbx4pyJmhDM81pO5YUhz6nLX94lfmtEZWKReJOj2PqhbgvWMAI1kby3BDrAcE8vZl0q91iya7YU6Bl4sxJCeaod4ufbi8iSUiFJhwr1XHsWHsplpoRTicFN1E0xmSI+7RjqMAhVV46DT1BJ0bpoSCS5gmNpurvjRSHSo1D30xmIdWil4n/eZ1EBxdeykScaCrI7FCQcKQjlDWAekxSovnYEEwkM1kRGWCJiTY9FUwJzuKXl0mzWnFOK9Xbs1Lt0i1/fzy4kIcjOIYyOHAONbiGOjSAwD08wjO8WCPryXq13mbN5ax5hYfwB9b7D5rclS0=</latexit>

O1
<latexit sha1_base64="z6H7umOJIGVNmyIAxJSB5hyF81s=">AAAB9HicbVC7SgNBFL0bXzG+opY2g0FIFXajoGATsLEzgnlAdgmzk9lkyOzsOjMbCEu+wdLGQhFbP8JPsPND7J1NUmjigYHDOfdyzxw/5kxp2/6yciura+sb+c3C1vbO7l5x/6CpokQS2iARj2Tbx4pyJmhDM81pO5YUhz6nLX94lfmtEZWKReJOj2PqhbgvWMAI1kby3BDrAcE8vZl0nW6xZFfsKdAyceakBHPUu8VPtxeRJKRCE46V6jh2rL0US80Ip5OCmygaYzLEfdoxVOCQKi+dhp6gE6P0UBBJ84RGU/X3RopDpcahbyazkGrRy8T/vE6igwsvZSJONBVkdihIONIRyhpAPSYp0XxsCCaSmayIDLDERJueCqYEZ/HLy6RZrTinlertWal26Za/Px5cyMMRHEMZHDiHGlxDHRpA4B4e4RlerJH1ZL1ab7Pmcta8wkP4A+v9B5lYlSw=</latexit>

Xgoal
<latexit sha1_base64="HuVuPKBBQf2jbAFbotBAsQuinVM=">AAACAHicbZC7SgNBFIbPxluMt6iFhc1iEFKF3Sgo2ARsLCOYC2TDMjuZTYbMXpg5K4ZlG1/Ah7CxUMTW0kew80HsnVwKTfxh4OP/Z5hzfi8WXKFlfRm5peWV1bX8emFjc2t7p7i711RRIilr0EhEsu0RxQQPWQM5CtaOJSOBJ1jLG16O89Ytk4pH4Q2OYtYNSD/kPqcEteUWD5yA4IASkbYz10F2h2k/IiJziyWrYk1kLoI9gxLMVHeLn04voknAQqSCKNWxrRi7KZHIqWBZwUkUiwkdkj7raAxJwFQ3nSyQmcfa6Zl+JPUJ0Zy4v1+kJFBqFHj65nhcNZ+Nzf+yToL+eTflYZwgC+n0Iz8RJkbmuA2zxyWjKEYaCJVcz2rSAZGEou6soEuw51dehGa1Yp9UqtenpdqFU/7+eHAgD4dwBGWw4QxqcAV1aACFDB7hGV6Me+PJeDXeps3ljFmF+/BHxvsPvW2aVQ==</latexit>

The unknown model-error    is assumed to be bounded and can be learned by Gaussian 
Process regression.

g
<latexit sha1_base64="46ThbD2AyCkRmoT2VDZcm2wSvLs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoOCl4MVjC7YW2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53C2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyh0jyW92aSoB/RoeQhZ9RYqTnslytu1Z2DrBIvJxXI0eiXv3qDmKURSsME1brruYnxM6oMZwKnpV6qMaFsTIfYtVTSCLWfzQ+dkjOrDEgYK1vSkLn6eyKjkdaTKLCdETUjvezNxP+8bmrCaz/jMkkNSrZYFKaCmJjMviYDrpAZMbGEMsXtrYSNqKLM2GxKNgRv+eVV0q5VvYtqrXlZqd/kcRThBE7hHDy4gjrcQQNawADhGV7hzXl0Xpx352PRWnDymWP4A+fzB8uojOg=</latexit>

The nominal model    is assumed to be black-box model, e.g., a simulator or a neural network. f
<latexit sha1_base64="voEZeHTLT0Sme+GGapWSmD2OCRs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoOCl4MVjC7YW2lA220m7drMJuxuhhP4CLx4U8epP8ua/cdvmoK0PBh7vzTAzL0gE18Z1v53C2vrG5lZxu7Szu7d/UD48aus4VQxbLBax6gRUo+ASW4YbgZ1EIY0CgQ/B+HbmPzyh0jyW92aSoB/RoeQhZ9RYqRn2yxW36s5BVomXkwrkaPTLX71BzNIIpWGCat313MT4GVWGM4HTUi/VmFA2pkPsWipphNrP5odOyZlVBiSMlS1pyFz9PZHRSOtJFNjOiJqRXvZm4n9eNzXhtZ9xmaQGJVssClNBTExmX5MBV8iMmFhCmeL2VsJGVFFmbDYlG4K3/PIqadeq3kW11rys1G/yOIpwAqdwDh5cQR3uoAEtYIDwDK/w5jw6L86787FoLTj5zDH8gfP5A8okjOc=</latexit>

Task = {workspace, obstacles, LTL mission, model error} 
is not known during training
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
LTL mission, model error} 

is not known during training
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Individual NNs are provably correct 

Task = {workspace, obstacles, 
LTL mission, model error} 

is not known during training
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Individual NNs are provably correct 

Composition of NNs is provably correct 

Task = {workspace, obstacles, 
LTL mission, model error} 

is not known during training
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Individual NNs are provably correct 

Composition of NNs is provably correct 

Task = {workspace, obstacles, 
LTL mission, model error} 

is not known during training
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

Individual NNs are provably correct 

f

↵ � �

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

=

NN = Continuous Piece-Wise Affine 
          (CPWA) functions

Assured Meta Learning for LTL Tasks
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

Individual NNs are provably correct 

f

↵ � �

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

=

NN = Continuous Piece-Wise Affine 
          (CPWA) functions

<latexit sha1_base64="pQ6Y8EW7WmDlp+fG8MaoWvacRXo="></latexit>

u(t) = Kix
(t) + bi

<latexit sha1_base64="giNYZ2qyFygpKa7gFXbwvMjaVQE="></latexit>

P = {(K, b) | K 2 K|{z}
polytopic

, b 2 B|{z}
polytopic

}

Assured Meta Learning for LTL Tasks
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

Individual NNs are provably correct 

f

↵ � �

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

=

NN = Continuous Piece-Wise Affine 
          (CPWA) functions

<latexit sha1_base64="pQ6Y8EW7WmDlp+fG8MaoWvacRXo="></latexit>

u(t) = Kix
(t) + bi

<latexit sha1_base64="giNYZ2qyFygpKa7gFXbwvMjaVQE="></latexit>

P = {(K, b) | K 2 K|{z}
polytopic

, b 2 B|{z}
polytopic

}

<latexit sha1_base64="wPM5RN4XeUfA3l2Q5HfYlR3ozR4="></latexit>

P = {P1, P2, . . . , Pm}
Controller Partitions:
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

Individual NNs are provably correct 

<latexit sha1_base64="giNYZ2qyFygpKa7gFXbwvMjaVQE="></latexit>

P = {(K, b) | K 2 K|{z}
polytopic

, b 2 B|{z}
polytopic

}

<latexit sha1_base64="wPM5RN4XeUfA3l2Q5HfYlR3ozR4="></latexit>

P = {P1, P2, . . . , Pm}
Controller Partitions:
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84

Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

Individual NNs are provably correct 

<latexit sha1_base64="giNYZ2qyFygpKa7gFXbwvMjaVQE="></latexit>

P = {(K, b) | K 2 K|{z}
polytopic

, b 2 B|{z}
polytopic

}

<latexit sha1_base64="wPM5RN4XeUfA3l2Q5HfYlR3ozR4="></latexit>

P = {P1, P2, . . . , Pm}
Controller Partitions:

<latexit sha1_base64="G/zZJHmlsbiq4SBonHzvhcJoKUQ="></latexit>q1
<latexit sha1_base64="7F8XlufQwcfUzp3yq9NoLQqp/pI="></latexit>q2

<latexit sha1_base64="IaalfAIi4yYFN67SyAKAaHoN9jM="></latexit>q3
<latexit sha1_base64="SKVtFWdzV9HlIPseoug/eZLDASI="></latexit>q4

<latexit sha1_base64="wX9OwdzxDC7UWiwTJfO1hkc+0n4="></latexit>

P1

<latexit sha1_base64="wX9OwdzxDC7UWiwTJfO1hkc+0n4="></latexit>

P1

<latexit sha1_base64="z9HHv2dxBNZpFLdsqQqX2nBk9QI="></latexit>

P2

<latexit sha1_base64="hzWaL9EBrV7eCIgXNFuD5l6e9l0="></latexit>

P3 P2
<latexit sha1_base64="86pLQEaChHdvFixDSBHb6Upowmw="></latexit>

q1
<latexit sha1_base64="Bty0/C4OW77QBm2nMoyFFDCMcjw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9FgQwWNF+wFtKJvtpl262cTdiVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ2V1bX1js7BV3N7Z3dsvHRw2TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj66nfeuLaiFg94DjhfkQHSoSCUbTS/WPP65XKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dUJOrdInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJrVindeqd5dlGs3eRwFOIYTOAMPLqEGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QMDO42g</latexit>

q2
<latexit sha1_base64="/0jdVstqbCIBcrVT/Sau2RMih5k=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9FgQwWNF+wFtKJvtpl262cTdiVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ2V1bX1js7BV3N7Z3dsvHRw2TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj66nfeuLaiFg94DjhfkQHSoSCUbTS/WOv2iuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uwys/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTSrFe+8Ur27KNdu8jgKcAwncAYeXEINbqEODWAwgGd4hTdHOi/Ou/Mxb11x8pkj+APn8wcEv42h</latexit>

q3
<latexit sha1_base64="qqlQ2f2QC96qkpjQ6534+PpJOr4=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKewmgh4DIniMaB6QLGF2MpsMmZ1dZ3qFEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dnJr6xubW/ntws7u3v5B8fCoaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsYXc/81hPXRsTqAccJ9yM6UCIUjKKV7h971V6x5JbdOcgq8TJSggz1XvGr249ZGnGFTFJjOp6boD+hGgWTfFropoYnlI3ogHcsVTTixp/MT52SM6v0SRhrWwrJXP09MaGRMeMosJ0RxaFZ9mbif14nxfDKnwiVpMgVWywKU0kwJrO/SV9ozlCOLaFMC3srYUOqKUObTsGG4C2/vEqalbJXLVfuLkq1myyOPJzAKZyDB5dQg1uoQwMYDOAZXuHNkc6L8+58LFpzTjZzDH/gfP4ABkONog==</latexit>

q4
<latexit sha1_base64="75sBjt6l1EYXkPjwPyo5G+Cl6dc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DIniMaB6QLGF2MpsMmZ1dZ3qFEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dnJr6xubW/ntws7u3v5B8fCoaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsYXc/81hPXRsTqAccJ9yM6UCIUjKKV7h971V6x5JbdOcgq8TJSggz1XvGr249ZGnGFTFJjOp6boD+hGgWTfFropoYnlI3ogHcsVTTixp/MT52SM6v0SRhrWwrJXP09MaGRMeMosJ0RxaFZ9mbif14nxfDKnwiVpMgVWywKU0kwJrO/SV9ozlCOLaFMC3srYUOqKUObTsGG4C2/vEqalbJ3Ua7cVUu1myyOPJzAKZyDB5dQg1uoQwMYDOAZXuHNkc6L8+58LFpzTjZzDH/gfP4AB8eNow==</latexit>
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

<latexit sha1_base64="G/zZJHmlsbiq4SBonHzvhcJoKUQ="></latexit>q1
<latexit sha1_base64="7F8XlufQwcfUzp3yq9NoLQqp/pI="></latexit>q2

<latexit sha1_base64="IaalfAIi4yYFN67SyAKAaHoN9jM="></latexit>q3
<latexit sha1_base64="SKVtFWdzV9HlIPseoug/eZLDASI="></latexit>q4

<latexit sha1_base64="wX9OwdzxDC7UWiwTJfO1hkc+0n4="></latexit>

P1

<latexit sha1_base64="wX9OwdzxDC7UWiwTJfO1hkc+0n4="></latexit>

P1

<latexit sha1_base64="z9HHv2dxBNZpFLdsqQqX2nBk9QI="></latexit>

P2

<latexit sha1_base64="hzWaL9EBrV7eCIgXNFuD5l6e9l0="></latexit>

P3 P2
<latexit sha1_base64="86pLQEaChHdvFixDSBHb6Upowmw="></latexit>

q1
<latexit sha1_base64="Bty0/C4OW77QBm2nMoyFFDCMcjw=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9FgQwWNF+wFtKJvtpl262cTdiVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ2V1bX1js7BV3N7Z3dsvHRw2TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj66nfeuLaiFg94DjhfkQHSoSCUbTS/WPP65XKbsWdgSwTLydlyFHvlb66/ZilEVfIJDWm47kJ+hnVKJjkk2I3NTyhbEQHvGOpohE3fjY7dUJOrdInYaxtKSQz9fdERiNjxlFgOyOKQ7PoTcX/vE6K4ZWfCZWkyBWbLwpTSTAm079JX2jOUI4toUwLeythQ6opQ5tO0YbgLb68TJrVindeqd5dlGs3eRwFOIYTOAMPLqEGt1CHBjAYwDO8wpsjnRfn3fmYt644+cwR/IHz+QMDO42g</latexit>

q2
<latexit sha1_base64="/0jdVstqbCIBcrVT/Sau2RMih5k=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9FgQwWNF+wFtKJvtpl262cTdiVBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ2V1bX1js7BV3N7Z3dsvHRw2TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWj66nfeuLaiFg94DjhfkQHSoSCUbTS/WOv2iuV3Yo7A1kmXk7KkKPeK311+zFLI66QSWpMx3MT9DOqUTDJJ8VuanhC2YgOeMdSRSNu/Gx26oScWqVPwljbUkhm6u+JjEbGjKPAdkYUh2bRm4r/eZ0Uwys/EypJkSs2XxSmkmBMpn+TvtCcoRxbQpkW9lbChlRThjadog3BW3x5mTSrFe+8Ur27KNdu8jgKcAwncAYeXEINbqEODWAwgGd4hTdHOi/Ou/Mxb11x8pkj+APn8wcEv42h</latexit>

q3
<latexit sha1_base64="qqlQ2f2QC96qkpjQ6534+PpJOr4=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKewmgh4DIniMaB6QLGF2MpsMmZ1dZ3qFEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dnJr6xubW/ntws7u3v5B8fCoaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsYXc/81hPXRsTqAccJ9yM6UCIUjKKV7h971V6x5JbdOcgq8TJSggz1XvGr249ZGnGFTFJjOp6boD+hGgWTfFropoYnlI3ogHcsVTTixp/MT52SM6v0SRhrWwrJXP09MaGRMeMosJ0RxaFZ9mbif14nxfDKnwiVpMgVWywKU0kwJrO/SV9ozlCOLaFMC3srYUOqKUObTsGG4C2/vEqalbJXLVfuLkq1myyOPJzAKZyDB5dQg1uoQwMYDOAZXuHNkc6L8+58LFpzTjZzDH/gfP4ABkONog==</latexit>

q4
<latexit sha1_base64="75sBjt6l1EYXkPjwPyo5G+Cl6dc=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKezGgB4DIniMaB6QLGF2MpsMmZ1dZ3qFEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dnJr6xubW/ntws7u3v5B8fCoaeJUM95gsYx1O6CGS6F4AwVK3k40p1EgeSsYXc/81hPXRsTqAccJ9yM6UCIUjKKV7h971V6x5JbdOcgq8TJSggz1XvGr249ZGnGFTFJjOp6boD+hGgWTfFropoYnlI3ogHcsVTTixp/MT52SM6v0SRhrWwrJXP09MaGRMeMosJ0RxaFZ9mbif14nxfDKnwiVpMgVWywKU0kwJrO/SV9ozlCOLaFMC3srYUOqKUObTsGG4C2/vEqalbJ3Ua7cVUu1myyOPJzAKZyDB5dQg1uoQwMYDOAZXuHNkc6L8+58LFpzTjZzDH/gfP4AB8eNow==</latexit>

Projection

Training 
Training Data (offline or  

through interaction) ...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

62 P1
<latexit sha1_base64="WUW9D4pC9r8GvlHeqRs7e6BT2lA="></latexit>

2 P1
<latexit sha1_base64="599infjeDt9T361NNyzV6wZ26U4="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

Individual NNs are provably correct 

Assured Meta Learning for LTL Tasks



86

Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

Projection

Training 
Training Data (offline or  

through interaction) ...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

62 P1
<latexit sha1_base64="WUW9D4pC9r8GvlHeqRs7e6BT2lA="></latexit>

2 P1
<latexit sha1_base64="599infjeDt9T361NNyzV6wZ26U4="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

Individual NNs are provably correct 

NN Weight Projection:
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

Projection

Training 
Training Data (offline or  

through interaction) ...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

62 P1
<latexit sha1_base64="WUW9D4pC9r8GvlHeqRs7e6BT2lA="></latexit>

2 P1
<latexit sha1_base64="599infjeDt9T361NNyzV6wZ26U4="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

Individual NNs are provably correct 

argmin
cW (F ),bb(F )

max
x2q

||NN b✓(x)�NN ✓(x)||1 (1)

s.t. ( bKi,bbi) 2 P, 8Ri 2 {R 2 LNN ✓ | R \ q 6= ;} (2)
<latexit sha1_base64="mlgQIUcJT14kAZjS+/BvwN1N48Q="></latexit>

NN Weight Projection:

Assured Meta Learning for LTL Tasks



88

Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Task = {workspace, obstacles, 
target, model error} 

is not known during training

Composition of NNs is provably correct 

Projection

Training 
Training Data (offline or  

through interaction) ...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit> ...

<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

...
<latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit><latexit sha1_base64="aob6yfo7DjevWJ/4C7HjbKaeLdU="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

NN = {NN (q1,P1,q2),NN (q1,P1,q3),NN (q1,P1,q4),NN (q1,P2,q2),NN (q1,P2,q3),NN (q1,P3,q3)}
<latexit sha1_base64="XC5QNg/P3yccujsSIBU8Ffa+y9w="></latexit>

62 P1
<latexit sha1_base64="WUW9D4pC9r8GvlHeqRs7e6BT2lA="></latexit>

2 P1
<latexit sha1_base64="599infjeDt9T361NNyzV6wZ26U4="></latexit>

...
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Individual NNs are provably correct 

argmin
cW (F ),bb(F )

max
x2q

||NN b✓(x)�NN ✓(x)||1 (1)

s.t. ( bKi,bbi) 2 P, 8Ri 2 {R 2 LNN ✓ | R \ q 6= ;} (2)
<latexit sha1_base64="mlgQIUcJT14kAZjS+/BvwN1N48Q="></latexit>

NN Weight Projection:

- Linear program.
- The change by projection max

x2q
||NN b✓(x)�NN ✓(x)||1

<latexit sha1_base64="G5z9QyQPsaU+80LWPD9kzw2wG24="></latexit>

can be upper bounded.
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Composition of NNs is provably correct 

Individual NNs are provably correct 
• Construct finite MDP
•NN-Weight-Projection Training

Task = {workspace, obstacles, 
LTL mission, model error} 

is not known during training

Assured Meta Learning for LTL Tasks
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Individual NNs are provably correct 
• Construct finite MDP
•NN-Weight-Projection Training

Composition of NNs is provably correct 
•Safety: Back-tracking
•Liveness: Dynamic Programming 
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is not known during training
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Individual NNs are provably correct 
• Construct finite MDP
•NN-Weight-Projection Training

Composition of NNs is provably correct 
•Safety: Back-tracking
•Liveness: Dynamic Programming 

Task = {workspace, obstacles, 
LTL mission, model error} 

is not known during training

Theorem (informal):

Consider the nonlinear system                                  . Let 
be the library of neural networks trained using the projected  
neural network training algorithm.  For any arbitrary task 
  
    = (workspace, error in dynamics, LTL specifications) 
 
Then: 
 
 
 
(i.e.,                    can generalize to any task, if the task  
is achievable) 

<latexit sha1_base64="2vqLn03DOYmn3fwdzPHFGHS63Ww="></latexit>

T

<latexit sha1_base64="rDYS+Lw6NHmdnBYS1Hpr7RuQApY="></latexit>

x+ = f(x, u) + g(x, u)

<latexit sha1_base64="ch37vZAZZo5LuzXg6/8VjWwmZ+M="></latexit>��Pr
�
NN [NN,�] |= '

�
�maxP2PPr(P |= ')

��  HZ�NN

<latexit sha1_base64="8NLouK2xsbO+2nmjXWs+8UjVzy8="></latexit>

NN [NN,�]

space of CPWA functions (ReLU NNs)

<latexit sha1_base64="AYhRX29XdSzufJavhy4LXzrAipk="></latexit>

NN

Activation map

Assured Meta Learning for LTL Tasks
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Train a finite library of NNs offline to satisfy infinitely many tasks at runtime

Individual NNs are provably correct 
• Construct finite MDP
•NN-Weight-Projection Training

Composition of NNs is provably correct 
•Safety: Back-tracking
•Liveness: Dynamic Programming 

Task = {workspace, obstacles, 
LTL mission, model error} 

is not known during training

Practical Considerations:

- Do we need to train a full NN library         ?
- No, we can use a partial library + formal transfer learning
- We can obtain the same theoretical guarantees

- Can we used data collected from previous tasks to accelerate 
the framework?
- Yes, expert data can be used to better train the NN library
- It can also be used to accelerate the construction of the 

symbolic model

<latexit sha1_base64="AYhRX29XdSzufJavhy4LXzrAipk="></latexit>

NN

Assured Meta Learning for LTL Tasks
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LL LR RL RR

? ? ?

Comparison against Meta-RL

Cao, Z., Kwon, M. and Sadigh, D., 2021. Transfer reinforcement 
learning across homotopy classes. IEEE Robotics and 
Automation Letters, 6(2), pp.2706-2713.

Trajectories will belong to 
different homotopy classes
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Off-policy metaRL  
algorithm (PEARL)
Rakelly, K., Zhou, A., Finn, C., Levine, S. 
and Quillen, D., 2019, May. Efficient off-
policy meta-reinforcement learning via 
probabilistic context variables. 
In International conference on machine 
learning (pp. 5331-5340). PMLR.

Neurosymbolic 
RL Training

Xiaowu Sun and Yasser Shoukry, “Neurosymbolic Motion and Task Planning for Linear Temporal Logic Tasks,” T-RO, submitted.

https://arxiv.org/abs/2210.05180
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Unverified NetworkJames Ferlez, Mahmoud Elnaggar, Yasser Shoukry, and Cody 
Fleming, “ShieldNN: A Provably Safe NN Filter for Unsafe NN 
Controllers,” arXiv 2022.

https://arxiv.org/abs/2006.09564
https://arxiv.org/abs/2006.09564
https://arxiv.org/abs/2006.09564
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