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A World of Success Stories
2017 AlphaZero – Chess, Shogi, Go 2019 AlphaStar – Starcraft II2017 Google DeepMind’s DQN

OpenAI – Rubik’s Cube

Boston Dynamics

Waymo
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Reality Kicks In
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Learning for Safety-critical Sequential Decision Making

Key ideas:
•  Focus on almost sure feasibility, not optimality (Egerstedt et al.,2018)
•  Enhanced with logical feedback (𝐷!"# = 0 or 1), naturally arising 

from constraint violations

5

Requirements:
High Priority -> Safety
o  Limited Failures/Mistakes
o  Hard Constraints/ A.S. Guarantees

Lower Priority -> Accuracy 

o Optimality of the policy
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Learning for Safety-critical Sequential Decision Making

Talk Punchline:
•  Can characterize all feasible policies with finite unsafe events (𝐷! = 1)
•  Learning feasible policies is simpler than learning the optimal ones
•  Adding almost sure constraints makes optimal policies easier to find
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Related work

• Constrained Markov Decision Processes (CMDPs) [Altman’98]

• Solvable if MDP is “known” and state-space finite (Linear Program).
• ∃ stationary optimal solution 𝜋∗(𝑎|𝑠)

•What to do if MDP is “unknown”? Examples of Model-based and Model-free methods

• (MB) Learn transitions and reward/constraint signals, solve for a (near) optimal policy. 
[Aria HZ et al‘20], [Bai et al‘20], [Wang et al 20], [Chen et al’21]

• (MF) Primal or Primal-dual methods.
[Chow et al’17], [Tessler et al‘19], [Paternain et al’19], [Ding et al’20], [Stooke et al. ‘20], [Xu et al’21]

max
⇡2⇧

V ⇡(s) = E⇡
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 ci i = 1, . . . ,m
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Related work: Solving CMDPs

Generative model (MB): 
1.  ∀(𝑠, 𝑎) sample 𝑛 transitions 𝑠, 𝑎 → 𝑠!, 𝑟

2. Build kernel *𝑃 𝑠! 𝑠, 𝑎 = "#$%&((,*,(!)
%   and rewards 𝑟̂ 𝑠, 𝑎 = 𝑎𝑣𝑔(𝑟)

3. Find an optimal policy in the modified MDP 0ℳ	(Linear Program)
4. How good is this policy in the true MDP?

	
Can get 𝜖 optimal solution w.h.p. [Aria HZ et al‘20]:
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2.   max-min problem:

3. Gradient descent + dual ascent
 (e.g.: policy gradient methods [Ding et al’20])

Problem is non-concave. Guarantees?
“Constrained RL has zero-duality gap’’ [Paternain et al’19]
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•Motivation &  Background

•RL with almost sure constraints

1. Δ = 0: “Live or die” approach

2. Δ ≥ 0: General case

•Summary and future work

Outline of the presentation



Reinforcement Learning with Almost Sure constraints

max
⇡2⇧H

E⇡

" 1X

t=0

Rt+1 | S0 = s

#

s.t: P⇡

 1X
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Dt+1  � | S0 = s

!
= 1
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max
⇡2⇧

V ⇡(s) = E⇡

" 1X

t=0

�tRt+1|S0 = s

#

s.t.: C⇡(s) = E⇡

" 1X

t=0

�tDt+1|S0 = s

#
 c

Almost surely constrained RL      Standard Constrained RL

• Recall: 𝐷!#$ = 1 indicates an unsafe event.

• Proposed constraint: never allow more than Δ unsafe events in an episode.

• May be better suited for safety-critical applications.

o Average constraints perform poorly in some trajectories.

Total budget (Δ ∈ ℕ)



Reinforcement Learning with almost sure constraints
max
⇡2⇧H

E⇡

" 1X

t=0

Rt+1 | S0 = s

#

s.t: P⇡

 1X

t=0

Dt+1  � | S0 = s

!
= 1 Outside the usual realm of CMDPs

Π! : history-dependent policies ℎ" = 𝑆#, 𝐴#, 𝑅$, 𝐷$, … , 𝑆" ; 	 𝜋(𝑎|ℎ") 

• Can we find (as for standard CMDPs) an optimal stationary policy?
• In general, NO!

𝑆# 𝑉%! = 0The only feasible stationary policy has

𝑉%"
∗
= ΔOptimal policy: 
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Experiment: comparing constraints

max
⇡

E⇡

" 1X

t=0

Rt+1

#

E⇡c

" 1X

t=0

Dt+1

#
 c

Goal 2) Classic CMDP constraint

P⇡�

 1X

t=0

Dt+1  �

���� S0 = s

!
= 1

1) Proposed constraint
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• Takeaway: average constraints lead to poor performance in some trajectories



•Motivation &  Background

•RL with almost sure constraints

1. Δ = 0: “Live or die” approach

2. Δ ≥ 0: General case

•Summary and future work

Outline of the presentation



RL with almost sure constraints: 𝚫 = 𝟎 case

•Damage indicator 𝐷! ∈ {0,1} turns on (𝐷! = 1) when constraints are violated
• Particular case Δ = 0 ⇒ constraint can be put in average value ⇒
• Stationary policies are optimal for this problem

V ⇤(s) :=max
⇡

E⇡

" 1X

t=0

Rt+1 | S0 = s

#

s.t.: P⇡

 1X

t=0

Dt+1  0 | S0 = s

!
= 1 () Dt+1 = 0 almost surely 8t
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            Equivalent unconstrained formulation:

Formulation via hard barrier indicator

Safe RL problem:   
 

V ⇤(s) := max
⇡

E⇡

" 1X

t=0

�tRt+1 | S0 = s

#

s.t.: Dt+1 = 0 almost surely 8t

max
⇡

E⇡

" 1X

t=0

�tRt+1 + log[1�Dt+1] | S0 = s

#

~

0	 𝑖𝑓	𝐷"&$ = 0
−∞	 𝑖𝑓	𝐷"&$ = 1

Questions/Comments:
• Is this just a standard RL problem with                                                         ?
• Special care: notice !𝑅456 unbounded on the left.
• Convergence of stochastic approximations not readily guaranteed.

Key idea: Separate the problem of safety from optimality

R̃t+1 = Rt+1 + log(1�Dt+1)
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Hard Barrier Action-Value Functions
Consider the Q-function for a given policy 𝜋,

and define the hard-barrier function

Notes on 𝑩𝝅 𝒔, 𝒂 :
•  𝑩𝝅 𝒔, 𝒂 ∈ 𝟎,−∞  
• Summarizes safety information 
• 𝑩𝝅 𝒔, 𝒂 = 𝟎 iff 𝜋 is safe after choosing 𝐴" = 𝑎 when 𝑆" = 𝑠

<latexit sha1_base64="p5+OcaQXxICkAZxEtoWeQojinRM="></latexit>

B⇡(s, a) = E⇡

" 1X

t=0

log(1�Dt+1)
�� S0 = s,A0 = a

#

<latexit sha1_base64="tHG0GoY9PyuDnuVxdUr5+ZIs86c="></latexit>

Q⇡(s, a) = E⇡

" 1X

t=0

�
�tRt+1 + log(1�Dt+1)

� �� S0 = s,A0 = a

#
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Optimal Hard Barrier Action-Value Function
Theorem (Separation principle)
Assume rewards 𝑅"#$ are bounded almost surely for all t. Then for optimal 𝜋∗ we have

<latexit sha1_base64="LkmCF1qQErNUDUHGY+aAETco44c=">AAACKnicZZDLSgMxFIYz9VbrbdSlLoKlUC+UGSnqRih147IFe4F2LJlMpg3NXEgyYhm68WlcuNFHcVfc+g5uTdtRejkQ+Pj/c3KS3w4ZFdIwRlpqZXVtfSO9mdna3tnd0/cP6iKIOCY1HLCAN20kCKM+qUkqGWmGnCDPZqRh9+/GfuOJcEED/0EOQmJ5qOtTl2IkldTRj6uPZ3lxgU5v/wCew3KCHT1rFIxJwWUwE8iCpCod/aftBDjyiC8xQ0K0TCOUVoy4pJiRYaYdCRIi3Edd0lLoI48IK36efGMIc0pyoBtwdXwJJ+rsSIw8IQaerTo9JHti0RuL/15u1rRtb2G5dG+smPphJImPp6vdiEEZwHFK0KGcYMkGChDmVD0f4h7iCEuVZWb+6oA5Q5WUuZjLMtQvC+ZVoVgtZkvlJLM0OAInIA9McA1K4B5UQA1g8AJewTv40N60T22kfU1bU1oycwjmSvv+BUMTpHY=</latexit>

Q⇤(s, a) = Q⇤(s, a) +B⇤(s, a)

•  𝑩∗ 𝒔, 𝒂 ∈ 𝟎,−∞  summarizes safety information of the entire MDP
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Constraint satisfactionReward optimization

B⇤(s, a) = max
⇡

E⇡

" 1X

t=0

log(1�Dt+1) | S0 = s,A0 = a

#

=

(
�1 () no ⇡ is safe from (s, a)

0 () otherwise.

• 𝑩∗ is a descriptor of all feasible policies:

⇧Safe = {⇡ : ⇡(a|s) = 0 whenever B⇤(s, a) = �1}

• Idea: Learn 𝐵∗ (coming up next)



Optimal Hard Barrier Action-Value Function

Theorem (Bellman Equation for 𝐵∗)
Let                                           , then the following holds:               

<latexit sha1_base64="bKYacMd4+Ip63kXqWqJot2F5Uew="></latexit>

B⇤(s, a) := max
⇡

B⇡(s, a)

<latexit sha1_base64="w6Z59V8/ADuC4xVxmN97EMUS3Bc="></latexit>

B⇤(s, a) = E
h
�I{(St,At,St+1)2F} +max

a0
B⇤(St+1, a

0)
�� S0 = s,A0 = a

i
� log(1�Dt+1)
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𝑫𝒕 = 𝟏

𝑩∗ 𝒔, 𝒂 = −∞
𝑩∗ 𝒔, 𝒂 = 𝟎

• 𝐵∗ naturally partitions the state-action space

• How to learn 𝐵∗:



Learning the barrier…

…with a generative model:

Draw pair (𝑠, 𝑎) 
“uniformly”

Get (𝑠, 𝑎, 𝑠D, 𝑑)

Sampler

Barrier_update

If 𝐵 𝑠, 𝑎 = −∞ ⇒ never 
sample 𝑠, 𝑎  again

Filtering process
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Theorem (Safety Guarantee): Let 𝑁	be the number of steps needed to learn 𝐵∗, 
using the generative model. Then

𝔼[𝑁] ≤ 𝐿 + 1
𝑆 𝐴
𝜇 log 𝑆 𝐴

• After 𝑁 all “unsafe” (𝑠, 𝑎)-pairs are detected

• 𝜇: Lower bound on the non-zero transition probability
𝜇 = 𝑚𝑖𝑛 𝑝 𝑠D, 𝑑 𝑠, 𝑎 : 𝑝 𝑠D, 𝑑 𝑠, 𝑎 ≠ 0

• 𝐿: Lag of the MDP

𝐿 = max
(E,F)

G∗ E,F HIJ

	
Minimum number of transitions 
needed to observe damage, 
starting from unsafe (𝑠, 𝑎)

Convergence in Expected Finite Time
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Lag of the MDP: L

19 de diciembre del 2022 Enrique Mallada (JHU) 17

L= max
(5,6)

7∗ 5,6 89:

	Minimum number of transitions needed to 
observe damage, starting from unsafe (𝑠, 𝑎)

𝑫𝒕 = 𝟏

𝑩∗ 𝒔, 𝒂 = −∞
𝑩∗ 𝒔, 𝒂 = 𝟎

𝑳 = 𝟑



Theorem (Sample Complexity): With at least 1 − 𝛿 probability, the algorithm learns 
optimal barrier function 𝐵∗ after 

(𝐿 + 1)
𝑆 𝐴
𝜇 log 𝑆 𝐴 1 + log

1
𝛿

iterations

• Concentration of sum of sub-exponential random variables [Janson’17]

• Much more sample-efficient than “learning an 𝜖-optimal policy with 1 − 𝛿 
probability” (Li et al. 2020) 

𝑁 ≥
𝑆 𝐴

(1 − 𝛾)K𝜀L
log

𝑆 𝐴
(1 − 𝛾)𝜀𝛿

Sample Complexity for Safety
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Theorem (Sample Complexity): With at least 1 − 𝛿 probability, the algorithm learns 
optimal barrier function 𝐵∗ after 

(𝐿 + 1)
𝑆 𝐴
𝜇 log 𝑆 𝐴 1 + log

1
𝛿

iterations

• Concentration of sum of sub-exponential random variables [Janson’17]

• If the Barrier Function is learnt first, then learning an 𝜖-optimal policy takes

𝑁D ≥
𝑆EFMN 𝐴EFMN
(1 − 𝛾)K𝜀L log

𝑆EFMN 𝐴EFMN
(1 − 𝛾)𝜀𝛿

samples (Trimming the MDP by learning the barrier)

Sample Complexity for Safety
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Experiments: barrier-learning with generative model
Setup: Rectangular grid, stepping into holes gives damage 𝐷4 = 1.
   Actions  𝐴 = 𝑢𝑝, 𝑑𝑜𝑤𝑛, 𝑙𝑒𝑓𝑡, 𝑟𝑖𝑔ℎ𝑡 .
   With every action, small probability to move to a random adjacent state.
Result: Barrier-learner identifies all the state space as unsafe.
     Immediately unsafe states (near damage) are identified first.
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Draw 𝑆#

Get current 𝑆"

Behavior policy 𝜋)

Choose action 𝑎" Apply action

Update Q table

𝑅"&$, 𝑆"&$
𝑆"&$

Reach 
goal?

Yes

End episode

No

Example ”wrap-around”: Episodic Q-learning
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Draw 𝑆#

Get current 𝑆"

Behavior policy 𝜋)

Choose action 𝑎" Apply action

Update Q table

𝑅"&$, 𝑆"&$

Reach 
goal?

Yes

End episode

No

𝐵 𝑆" , 𝑎" = 0?

No

𝐷"&$, 𝑆"&$

Update B tableYes

Set 𝜋) 𝑎" 𝑆" = 0

Example ”wrap-around”: Episodic assured Q-learning
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Experiments: assured Q-learning
Goal: Reach the end of the aisle (𝑅"&$ = 10)
Touching the wall gives 𝐷"&$ = 1, resets the episode.
Results

Why does Assured Q-learning perform much better?
 If 𝐷"&$ = 1 ⟹ 𝐵% 𝑠, 𝑎 = −∞⟹ Never take action 𝑎 at 𝑠 again!
Takeaways:
• Adding constraints to the problem can accelerate learning
• Barrier function avoids actions that lead to further wall bumps

Actions
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•Motivation &  Background

•RL with almost sure constraints

1. Δ = 0: “Live or die” approach

2. Δ ≥ 0: General case

•Summary and future work

Outline of the presentation



Almost sure RL with positive budget (Δ) 

max
⇡2⇧H

E⇡

" 1X

t=0

Rt+1 | S0 = s

#

s.t: P⇡

 1X

t=0

Dt+1  � | S0 = s

!
= 1

• Current budget at time t:

“How much more damage I can sustain and still   
be feasible”

Π! : history-dependent policies

ℎ" = 𝑆#, 𝐴#, 𝑅$, 𝐷$, … , 𝑆" ; 	 𝜋(𝑎|ℎ") 

Kt = ��
t�1X

`=0

D`+1 8t � 1

• Augmented MDP ;ℳ
S̃t = (St,Kt) , D̃t+1 = 1{Kt �Dt+1 < 0} .

max
⇡̃2⇧̃H

E⇡̃,M̃

" 1X

t=0

Rt+1

���� (S0,K0) = (s,�)

#

s.t: P⇡̃

⇣
D̃t+1 = 0

⌘
= 1 8t � 0

• Equivalent problem:

Fits previous formulation! → 
• Could learn 𝐵∗ 𝑠, 𝑘, 𝑎
• Separation & Feasibility Principles
• Potential drawback: working in higher dimensions? No!

• Almost Sure RL with positive budget
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Experiment: comparing constraints

max
⇡

E⇡

" 1X

t=0

Rt+1

#

E⇡c

" 1X

t=0

Dt+1

#
 c

Goal 2) Classic CMDP constraint

P⇡�

 1X

t=0

Dt+1  �

���� S0 = s

!
= 1

1) Proposed constraint
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Summary and future work

Summary
• Reinforcement Learning for safety critical systems

• Treat constraints separately, or in parallel (Barrier Learner)

• Can characterize all feasible policies with finite mistakes
• Take aways:
• Learning feasible policies is simpler than learning the optimal ones
• Adding constraints makes optimal policies easier to find

Future work: 

• Theory: Bounds for trajectory-based learning; Extensions to continuous spaces
• Application: Deep RL with almost sure constraints
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RL with almost sure constraints: 𝚫 ≥ 𝟎 case
max
⇡2⇧H

E⇡

" 1X

t=0

Rt+1 | S0 = s

#

s.t: P⇡

 1X

t=0

Dt+1  � | S0 = s

!
= 1

Π! : history-dependent policies ℎ" = 𝑆#, 𝐴#, 𝑅$, 𝐷$, … , 𝑆" ; 	 𝜋(𝑎|ℎ") 

• Can we find (as in Part I) an optimal stationary policy?
• In general, NO!

What if  we track the total damage encountered so far?

𝑆# 𝑉%! = 0The only feasible stationary policy has

𝑉%"
∗
= ΔOptimal policy: 
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Current budget & the augmented MDP

• Current budget at time t:

Kt = ��
t�1X

`=0

D`+1 8t � 1

“How much more damage I can sustain and still   
be feasible”

• Augmented MDP Vℳ

Claim: ∃ optimal policy 𝜋∗ 𝑎	 (𝑠, 𝑘)) 

S̃t = (St,Kt) , D̃t+1 = 1{Kt �Dt+1 < 0} .

max
⇡̃2⇧̃H

E⇡̃,M̃

" 1X

t=0

Rt+1

���� (S0,K0) = (s,�)

#

s.t.: P⇡̃

⇣
D̃t+1 = 0 | (S0,K0) = (s,�)

⌘
= 1 8t � 0

• Equivalent problem:

Fits previous formulation! → 
• Could learn 𝐵∗ 𝑠, 𝑘, 𝑎
• Separation & Feasibility Principles
• Potential drawback: working in higher dimensions
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Minimal required budget (𝑘∗)

• From each (𝑠, 𝑎), what is the smallest budget needed that guarantees safety? 

• 𝑘∗ is intrinsic to the MDP
•  𝒌∗ is a descriptor of all feasible policies:

ΠSFMN = 𝜋: 𝜋 𝑎 𝑠, 𝑘 = 0	whenever	𝑘 < 𝑘∗ 𝑠, 𝑎

• Idea: learn 𝑘∗	∀(𝑠, 𝑎) instead of 𝐵∗	 ∀(𝑠, 𝑘, 𝑎)

k⇤(s, a) = min
0k1

k s.t.: B⇤(s, k, a) = 0

Q⇡̃(s, k, a) := E⇡̃

" 1X

`=t

R`+1 + I
( 1X

`=t

D`+1  Kt

)
| St = s,Kt = k,At = a

#

B⇡̃(s, k, a) := E⇡̃

"
I
( 1X

l=t

Dl+1  Kt

) ���� St = s,Kt = k,At = a

#
.

Return Constraint satisfaction

I {x} = log (1� x) =

(
0 if x holds

�1 otherwise

Easier!! Enrique Mallada (JHU)19 de diciembre del 2022 28



How can we learn 𝒌∗?

𝑘∗ can be computed with:

Budget I need now  = +1 if transition 
w/ damage

+         min. budget I need later

What if we don’t know ℳ? Can we use approximate kernel 𝑝̂ ∼ 𝑝 instead?

YES! As long as 𝑝 𝑠* 𝑠, 𝑎 > 0 ⟺	 𝑝̂ 𝑠* 𝑠, 𝑎 > 0,
And 1+

, 𝑠, 𝑎, 𝑠* = 1 ⟺ 1+
-, 𝑠, 𝑎, 𝑠*

1p
d(s, a, s

0) := 1{p(d = 1 | s, a, s0) > 0}

Before learning 𝑘∗, sample and learn consistent kernel 𝑝̂  

Enrique Mallada (JHU)19 de diciembre del 2022 29

<latexit sha1_base64="ulg1pRF7HIaTUwIOPFLeGztTARo=">AAACDXicZVDLSgMxFL1TX7W+qi7dBEvBVZkRUZdFNy5bsA9oh5LJZNrQJDMkGbGUfoELN/op7sSt3+CXuDVtB+njwIXDOffFCRLOtHHdHye3sbm1vZPfLeztHxweFY9PmjpOFaENEvNYtQOsKWeSNgwznLYTRbEIOG0Fw/up33qiSrNYPppRQn2B+5JFjGBjpXrSK5bcijsDWideRkqQodYr/nbDmKSCSkM41rrjuYnxx1gZRjidFLqppgkmQ9ynHUslFlT74+fZpxNUtlKIoljZkgbN1MWRMRZaj0RgOwU2A73qTcV/r7xoBoFYOW6iW3/MZJIaKsn8dJRyZGI0DQKFTFFi+MgSTBSz7yMywAoTY+MqLK+OeTixSXmruayT5mXFu65c1a9K1bssszycwTlcgAc3UIUHqEEDCFB4gTd4d16dD+fT+Zq35pxs5hSW4Hz/AWusnJA=</latexit>p



Samples needed to get a consistent kernel
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Compare with “barrier-learner” (Part I): N ≥ (𝐿 + 1) & '
(

log & '
)

N = N*. S |A| ≥
𝑆 𝐴
𝜇 log

2 𝑆 . 𝐴
𝛿

<latexit sha1_base64="sBztXaeZ5DiiGRZD50Inqfwo7n8=">AAACDnicZVDJSgNBFOxxjXGLevTSGIKewowE9Rj04kmimAWSIfT09CRNehm6e8Qw5A88eNFP8SZe/QW/xKudZJAsBQ+KqrdRQcyoNq7746ysrq1vbOa28ts7u3v7hYPDhpaJwqSOJZOqFSBNGBWkbqhhpBUrgnjASDMY3Iz95hNRmkrxaIYx8TnqCRpRjIyVHu5Ou4WiW3YngMvEy0gRZKh1C7+dUOKEE2EwQ1q3PTc2foqUoZiRUb6TaBIjPEA90rZUIE60nz5PXh3BkpVCGEllSxg4UWdHUsS1HvLAdnJk+nrRG4v/XmnWDAK+cNxEV35KRZwYIvD0dJQwaCQcJwFDqgg2bGgJwora9yHuI4WwsXnl51dLFo5sUt5iLsukcV72LsqV+0qxep1llgPH4AScAQ9cgiq4BTVQBxhE4AW8gXfn1flwPp2vaeuKk80cgTk433+ZUJyf</latexit>

N 0

<latexit sha1_base64="sBztXaeZ5DiiGRZD50Inqfwo7n8=">AAACDnicZVDJSgNBFOxxjXGLevTSGIKewowE9Rj04kmimAWSIfT09CRNehm6e8Qw5A88eNFP8SZe/QW/xKudZJAsBQ+KqrdRQcyoNq7746ysrq1vbOa28ts7u3v7hYPDhpaJwqSOJZOqFSBNGBWkbqhhpBUrgnjASDMY3Iz95hNRmkrxaIYx8TnqCRpRjIyVHu5Ou4WiW3YngMvEy0gRZKh1C7+dUOKEE2EwQ1q3PTc2foqUoZiRUb6TaBIjPEA90rZUIE60nz5PXh3BkpVCGEllSxg4UWdHUsS1HvLAdnJk+nrRG4v/XmnWDAK+cNxEV35KRZwYIvD0dJQwaCQcJwFDqgg2bGgJwora9yHuI4WwsXnl51dLFo5sUt5iLsukcV72LsqV+0qxep1llgPH4AScAQ9cgiq4BTVQBxhE4AW8gXfn1flwPp2vaeuKk80cgTk433+ZUJyf</latexit>

N 0

<latexit sha1_base64="sBztXaeZ5DiiGRZD50Inqfwo7n8=">AAACDnicZVDJSgNBFOxxjXGLevTSGIKewowE9Rj04kmimAWSIfT09CRNehm6e8Qw5A88eNFP8SZe/QW/xKudZJAsBQ+KqrdRQcyoNq7746ysrq1vbOa28ts7u3v7hYPDhpaJwqSOJZOqFSBNGBWkbqhhpBUrgnjASDMY3Iz95hNRmkrxaIYx8TnqCRpRjIyVHu5Ou4WiW3YngMvEy0gRZKh1C7+dUOKEE2EwQ1q3PTc2foqUoZiRUb6TaBIjPEA90rZUIE60nz5PXh3BkpVCGEllSxg4UWdHUsS1HvLAdnJk+nrRG4v/XmnWDAK+cNxEV35KRZwYIvD0dJQwaCQcJwFDqgg2bGgJwora9yHuI4WwsXnl51dLFo5sUt5iLsukcV72LsqV+0qxep1llgPH4AScAQ9cgiq4BTVQBxhE4AW8gXfn1flwPp2vaeuKk80cgTk433+ZUJyf</latexit>

N 0


