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What is Go?
• Appears in Analects of 

Confucius (3rd century BC)


• Simple rules, complex 
emergent gameplay
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on high-performance MCTS algorithms. In addition, we included the 
open source program GnuGo, a Go program using state-of-the-art 
search methods that preceded MCTS. All programs were allowed 5 s 
of computation time per move.

The results of the tournament (see Fig. 4a) suggest that single- 
machine AlphaGo is many dan ranks stronger than any previous  
Go program, winning 494 out of 495 games (99.8%) against other 
Go programs. To provide a greater challenge to AlphaGo, we also 
played games with four handicap stones (that is, free moves for the 
opponent); AlphaGo won 77%, 86%, and 99% of handicap games 
against Crazy Stone, Zen and Pachi, respectively. The distributed ver-
sion of AlphaGo was significantly stronger, winning 77% of games 
against single-machine AlphaGo and 100% of its games against other 
programs.

We also assessed variants of AlphaGo that evaluated positions 
using just the value network (λ = 0) or just rollouts (λ = 1) (see  
Fig. 4b). Even without rollouts AlphaGo exceeded the performance 
of all other Go programs, demonstrating that value networks provide 
a viable alternative to Monte Carlo evaluation in Go. However, the 
mixed evaluation (λ = 0.5) performed best, winning ≥95% of games 
against other variants. This suggests that the two position-evaluation 

mechanisms are complementary: the value network approximates the 
outcome of games played by the strong but impractically slow pρ, while 
the rollouts can precisely score and evaluate the outcome of games 
played by the weaker but faster rollout policy pπ. Figure 5 visualizes 
the evaluation of a real game position by AlphaGo.

Finally, we evaluated the distributed version of AlphaGo against Fan 
Hui, a professional 2 dan, and the winner of the 2013, 2014 and 2015 
European Go championships. Over 5–9 October 2015 AlphaGo and 
Fan Hui competed in a formal five-game match. AlphaGo won the 
match 5 games to 0 (Fig. 6 and Extended Data Table 1). This is the 
first time that a computer Go program has defeated a human profes-
sional player, without handicap, in the full game of Go—a feat that was  
previously believed to be at least a decade away3,7,31.

Discussion
In this work we have developed a Go program, based on a combina-
tion of deep neural networks and tree search, that plays at the level of 
the strongest human players, thereby achieving one of artificial intel-
ligence’s “grand challenges”31–33. We have developed, for the first time, 
effective move selection and position evaluation functions for Go, 
based on deep neural networks that are trained by a novel combination  

Figure 6 | Games from the match between AlphaGo and the European 
champion, Fan Hui. Moves are shown in a numbered sequence 
corresponding to the order in which they were played. Repeated moves  
on the same intersection are shown in pairs below the board. The first 

move number in each pair indicates when the repeat move was played, at 
an intersection identified by the second move number (see Supplementary 
Information).
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Game 1
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by 2.5 points

Game 2
AlphaGo (Black), Fan Hui (White)
AlphaGo wins by resignation

Game 3
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by resignation

Game 4
AlphaGo (Black), Fan Hui (White)
AlphaGo wins by resignation

Game 5
Fan Hui (Black), AlphaGo (White)
AlphaGo wins by resignation

© 2016 Macmillan Publishers Limited. All rights reserved

D. Silver et al, “Mastering the game of Go with deep neural  
networks and tree search”, Nature 2016. 
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Mastering the game of Go with deep 
neural networks and tree search
David Silver1*, Aja Huang1*, Chris J. Maddison1, Arthur Guez1, Laurent Sifre1, George van den Driessche1,  
Julian Schrittwieser1, Ioannis Antonoglou1, Veda Panneershelvam1, Marc Lanctot1, Sander Dieleman1, Dominik Grewe1, 
John Nham2, Nal Kalchbrenner1, Ilya Sutskever2, Timothy Lillicrap1, Madeleine Leach1, Koray Kavukcuoglu1,  
Thore Graepel1 & Demis Hassabis1

All games of perfect information have an optimal value function, v*(s), 
which determines the outcome of the game, from every board position 
or state s, under perfect play by all players. These games may be solved 
by recursively computing the optimal value function in a search tree 
containing approximately bd possible sequences of moves, where b is 
the game’s breadth (number of legal moves per position) and d is its 
depth (game length). In large games, such as chess (b ≈ 35, d ≈ 80)1 and 
especially Go (b ≈ 250, d ≈ 150)1, exhaustive search is infeasible2,3, but 
the effective search space can be reduced by two general principles. 
First, the depth of the search may be reduced by position evaluation: 
truncating the search tree at state s and replacing the subtree below s 
by an approximate value function v(s) ≈ v*(s) that predicts the outcome 
from state s. This approach has led to superhuman performance in 
chess4, checkers5 and othello6, but it was believed to be intractable in Go 
due to the complexity of the game7. Second, the breadth of the search 
may be reduced by sampling actions from a policy p(a|s) that is a prob-
ability distribution over possible moves a in position s. For example, 
Monte Carlo rollouts8 search to maximum depth without branching 
at all, by sampling long sequences of actions for both players from a 
policy p. Averaging over such rollouts can provide an effective position 
evaluation, achieving superhuman performance in backgammon8 and 
Scrabble9, and weak amateur level play in Go10.

Monte Carlo tree search (MCTS)11,12 uses Monte Carlo rollouts 
to estimate the value of each state in a search tree. As more simu-
lations are executed, the search tree grows larger and the relevant 
values become more accurate. The policy used to select actions during 
search is also improved over time, by selecting children with higher 
values. Asymptotically, this policy converges to optimal play, and the 
evaluations converge to the optimal value function12. The strongest 
current Go programs are based on MCTS, enhanced by policies that 
are trained to predict human expert moves13. These policies are used 
to narrow the search to a beam of high-probability actions, and to 
sample actions during rollouts. This approach has achieved strong 
amateur play13–15. However, prior work has been limited to shallow 

policies13–15 or value functions16 based on a linear combination of 
input features.

Recently, deep convolutional neural networks have achieved unprec-
edented performance in visual domains: for example, image classifica-
tion17, face recognition18, and playing Atari games19. They use many 
layers of neurons, each arranged in overlapping tiles, to construct 
increasingly abstract, localized representations of an image20. We 
employ a similar architecture for the game of Go. We pass in the board 
position as a 19 × 19 image and use convolutional layers to construct a 
representation of the position. We use these neural networks to reduce 
the effective depth and breadth of the search tree: evaluating positions 
using a value network, and sampling actions using a policy network.

We train the neural networks using a pipeline consisting of several 
stages of machine learning (Fig. 1). We begin by training a supervised 
learning (SL) policy network pσ directly from expert human moves. 
This provides fast, efficient learning updates with immediate feedback 
and high-quality gradients. Similar to prior work13,15, we also train a 
fast policy pπ that can rapidly sample actions during rollouts. Next, we 
train a reinforcement learning (RL) policy network pρ that improves 
the SL policy network by optimizing the final outcome of games of self-
play. This adjusts the policy towards the correct goal of winning games, 
rather than maximizing predictive accuracy. Finally, we train a value 
network vθ that predicts the winner of games played by the RL policy 
network against itself. Our program AlphaGo efficiently combines the 
policy and value networks with MCTS.

Supervised learning of policy networks
For the first stage of the training pipeline, we build on prior work 
on predicting expert moves in the game of Go using supervised  
learning13,21–24. The SL policy network pσ(a |  s) alternates between con-
volutional layers with weights σ, and rectifier nonlinearities. A final soft-
max layer outputs a probability distribution over all legal moves a. The 
input s to the policy network is a simple representation of the board state 
(see Extended Data Table 2). The policy network is trained on randomly  

The game of Go has long been viewed as the most challenging of classic games for artificial intelligence owing to its 
enormous search space and the difficulty of evaluating board positions and moves. Here we introduce a new approach 
to computer Go that uses ‘value networks’ to evaluate board positions and ‘policy networks’ to select moves. These deep 
neural networks are trained by a novel combination of supervised learning from human expert games, and reinforcement 
learning from games of self-play. Without any lookahead search, the neural networks play Go at the level of state- 
of-the-art Monte Carlo tree search programs that simulate thousands of random games of self-play. We also introduce a 
new search algorithm that combines Monte Carlo simulation with value and policy networks. Using this search algorithm, 
our program AlphaGo achieved a 99.8% winning rate against other Go programs, and defeated the human European Go 
champion by 5 games to 0. This is the first time that a computer program has defeated a human professional player in the 
full-sized game of Go, a feat previously thought to be at least a decade away.

1Google DeepMind, 5 New Street Square, London EC4A 3TW, UK. 2Google, 1600 Amphitheatre Parkway, Mountain View, California 94043, USA.
*These authors contributed equally to this work.

© 2016 Macmillan Publishers Limited. All rights reserved
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chess4, checkers5 and othello6, but it was believed to be intractable in Go 
due to the complexity of the game7. Second, the breadth of the search 
may be reduced by sampling actions from a policy p(a|s) that is a prob-
ability distribution over possible moves a in position s. For example, 
Monte Carlo rollouts8 search to maximum depth without branching 
at all, by sampling long sequences of actions for both players from a 
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evaluation, achieving superhuman performance in backgammon8 and 
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Monte Carlo tree search (MCTS)11,12 uses Monte Carlo rollouts 
to estimate the value of each state in a search tree. As more simu-
lations are executed, the search tree grows larger and the relevant 
values become more accurate. The policy used to select actions during 
search is also improved over time, by selecting children with higher 
values. Asymptotically, this policy converges to optimal play, and the 
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current Go programs are based on MCTS, enhanced by policies that 
are trained to predict human expert moves13. These policies are used 
to narrow the search to a beam of high-probability actions, and to 
sample actions during rollouts. This approach has achieved strong 
amateur play13–15. However, prior work has been limited to shallow 
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tion17, face recognition18, and playing Atari games19. They use many 
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increasingly abstract, localized representations of an image20. We 
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position as a 19 × 19 image and use convolutional layers to construct a 
representation of the position. We use these neural networks to reduce 
the effective depth and breadth of the search tree: evaluating positions 
using a value network, and sampling actions using a policy network.

We train the neural networks using a pipeline consisting of several 
stages of machine learning (Fig. 1). We begin by training a supervised 
learning (SL) policy network pσ directly from expert human moves. 
This provides fast, efficient learning updates with immediate feedback 
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the SL policy network by optimizing the final outcome of games of self-
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rather than maximizing predictive accuracy. Finally, we train a value 
network vθ that predicts the winner of games played by the RL policy 
network against itself. Our program AlphaGo efficiently combines the 
policy and value networks with MCTS.

Supervised learning of policy networks
For the first stage of the training pipeline, we build on prior work 
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network vθ that predicts the winner of games played by the RL policy 
network against itself. Our program AlphaGo efficiently combines the 
policy and value networks with MCTS.

Supervised learning of policy networks
For the first stage of the training pipeline, we build on prior work 
on predicting expert moves in the game of Go using supervised  
learning13,21–24. The SL policy network pσ(a |  s) alternates between con-
volutional layers with weights σ, and rectifier nonlinearities. A final soft-
max layer outputs a probability distribution over all legal moves a. The 
input s to the policy network is a simple representation of the board state 
(see Extended Data Table 2). The policy network is trained on randomly  

The game of Go has long been viewed as the most challenging of classic games for artificial intelligence owing to its 
enormous search space and the difficulty of evaluating board positions and moves. Here we introduce a new approach 
to computer Go that uses ‘value networks’ to evaluate board positions and ‘policy networks’ to select moves. These deep 
neural networks are trained by a novel combination of supervised learning from human expert games, and reinforcement 
learning from games of self-play. Without any lookahead search, the neural networks play Go at the level of state- 
of-the-art Monte Carlo tree search programs that simulate thousands of random games of self-play. We also introduce a 
new search algorithm that combines Monte Carlo simulation with value and policy networks. Using this search algorithm, 
our program AlphaGo achieved a 99.8% winning rate against other Go programs, and defeated the human European Go 
champion by 5 games to 0. This is the first time that a computer program has defeated a human professional player in the 
full-sized game of Go, a feat previously thought to be at least a decade away.

1Google DeepMind, 5 New Street Square, London EC4A 3TW, UK. 2Google, 1600 Amphitheatre Parkway, Mountain View, California 94043, USA.
*These authors contributed equally to this work.

© 2016 Macmillan Publishers Limited. All rights reserved



What is AlphaGo?

• A program that plays Go


• AlphaGo > Lee Sedol (best of five games, March 2016).


• AlphaGo > Ke Jie (best of three games, May 2017).


• AlphaGo, AlphaGo Zero, AlphaZero


• Netflix documentary “AlphaGo”

https://www.netflix.com/au/title/80190844


Why is AlphaGo interesting?

• Most of the information in AlphaGo is in real-valued 
weights which are learned not written.


• Computer science is becoming a natural science (Norvig).


• This natural science is a new muse for mathematics.


• Question: why does deep learning work?


• Question: what kind of mathematical structure does this 
class of programs form?

https://vimeo.com/215418110


Into the details…

• AlphaGo is a neural network which outputs, given a 
board configuration, a distribution over moves (policy) 
and an evaluation of the given board (value).


• This neural network is a function parametrised by a vector 
of real numbers, trained by reinforcement learning: a 
win increases the probability of contributing moves.


• This training process approximates the iteration towards 
the unique fixed point of a contraction mapping, defined 
on the complete metric space of value functions for any 
alternating Markov game.



Neural networks



Definition.A feedforward ReLU neural network N with input width n, output width m
and depth k consists of

• A sequence of integer widths n = d1, d2, . . . , dk+1 = m,

• A sequence of a�ne functions {Ai : Rdi �! Rdi+1}ki=1.

Associated to every ReLU net N is a continuous function

fN : Rn �! Rm ,

fN = Ak � ReLU � · · · � ReLU �A1

where the rectified linear unit (ReLU) is the function

ReLU : Rd �! Rd ,

(x1, . . . , xd) 7�! (max{x1, 0}, · · · ,max{xd, 0}) .

1
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ReLU networks are function approximators
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where the rectified linear unit (ReLU) is the function

ReLU : Rd �! Rd ,

(x1, . . . , xd) 7�! (max{x1, 0}, · · · ,max{xd, 0}) .

Theorem (Stone-Weierstrass). If K ✓ Rn is compact, f : K �! Rm is continuous and
" > 0, there exists a polynomial function g : Rn �! Rm such that

sup
x2K

kf(x)� g(x)k < " .

Theorem (Hanin-Sellke ’17). If K ✓ Rn is compact, f : K �! Rm is continuous and
" > 0, there exists a ReLU net N with widths bounded above by m+ n such that

sup
x2K

kf(x)� fN (x)k < " .

Set(Z2,Ra
)

(�) � ◆(a,b)
// Set({�1, 0, 1}2,Ra

)
K // Rb

ReLU = Poly = Cts(K,Rm
)

Z2 ⇥ Set(Z2,Ra
) �! Rb

Set(Z2,Ra
) �! Set(Z2,Rb

)

1
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Qk

i=1 Mdi+1,di(R)⇥
Qk

i=1 Rdi+1

Theorem (Stone-Weierstrass). If K ✓ Rn is compact, f : K �! Rm is continuous and
" > 0, there exists a polynomial function g : Rn �! Rm such that

sup
x2K

kf(x)� g(x)k < " .

Theorem (Hanin-Sellke ’17). If K ✓ Rn is compact, f : K �! Rm is continuous and
" > 0, there exists a ReLU net N with widths bounded above by m+ n such that

sup
x2K

kf(x)� fN (x)k < " .

This is achievable with depth O(diam(K)/!�1
f ("))n+1.

Set(Z2
,Ra)

(�) � ◆(a,b)
// Set({�1, 0, 1}2,Ra) K // Rb

ReLU = Poly = Cts(K,Rm)

Z2 ⇥ Set(Z2
,Ra) �! Rb

Set(Z2
,Ra) �! Set(Z2

,Rb)

Definition.A finite Markov Decision Process (MDP) is a finite set S of states, a finte
set A of actions, for each s 2 S a subset A(s) ✓ A of allowed actions in state s, a reward
function R : S �! R, for each pair s 2 S, a 2 A a probability distribution P (s0|s, a) over
states s0 2 S, and a discount factor � 2 (0, 1).

1

!�1
f (") = sup{� > 0 | kx� yk  � ) kf(x)� f(y)k  "}

<latexit sha1_base64="qm//a/7HA1XlNhlcuXAAjLz4wZI="></latexit>



Examples of ReLU networks
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n = 2,m = 1, k = 2, d2 = 1
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fN (x1, x2) = q11 ReLU(w11x1 + w12x2 + b1) + c1
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Examples of ReLU networks
n = 2,m = 1, k = 2, d2 = 1
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Examples of ReLU networks

fN (x1, x2) = q11 ReLU(w11x1 + w12x2 + b1)

+ q12 ReLU(w21x1 + w22x2 + b2) + c1
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Examples of ReLU networks
n = 2,m = 1, k = 3, d2 = 2, d3 = 2
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• AlphaGo uses a special kind of feedforward ReLU network 
called a convolutional neural network developed for computer 
vision, with constraints on the weights.


• Skip connections and batch normalisation (“residual network”) 
following state of the art models for computer vision tasks.


• Input dimension: 19x19x17 = 6137


• Output dimension: 19x19 (positions) + 1 (pass) + 1 (value) = 363


• Hidden layer width: maximum 19x19x256 = 92416


• Network depth: 42

AlphaGo Zero architecture



Reinforcement 
learning (RL)



Markov Decision Processes

Definition.A feedforward ReLU neural network N with input width n, output width m
and depth k consists of

• A sequence of integer widths n = d1, d2, . . . , dk+1 = m,

• A sequence of a�ne functions {Ai : Rdi �! Rdi+1}ki=1.

Associated to every ReLU net N is a continuous function

fN : Rn �! Rm ,

fN = Ak � ReLU � · · · � ReLU �A1

where the rectified linear unit (ReLU) is the function

ReLU : Rd �! Rd ,

(x1, . . . , xd) 7�! (max{x1, 0}, · · · ,max{xd, 0}) .

ReLU net N = {Ai : Rdi �! Rdi+1}ki=1 2
Qk

i=1 Mdi+1,di(R)⇥
Qk

i=1 Rdi+1

Theorem (Stone-Weierstrass). If K ✓ Rn is compact, f : K �! Rm is continuous and
" > 0, there exists a polynomial function g : Rn �! Rm such that

sup
x2K

kf(x)� g(x)k < " .

Theorem (Hanin-Sellke ’17). If K ✓ Rn is compact, f : K �! Rm is continuous and
" > 0, there exists a ReLU net N with widths bounded above by m+ n such that

sup
x2K

kf(x)� fN (x)k < " .

Set(Z2,Ra
)

(�) � ◆(a,b)
// Set({�1, 0, 1}2,Ra

)
K // Rb

ReLU = Poly = Cts(K,Rm
)

Z2 ⇥ Set(Z2,Ra
) �! Rb

Set(Z2,Ra
) �! Set(Z2,Rb

)

Definition.A finite Markov Decision Process (MDP) is a finite set S of states, a finte

set A of actions, for each s 2 S a subset A(s) ✓ A of allowed actions in state s, a reward
function R : S �! R, for each pair s 2 S, a 2 A a probability distribution P (s0|s, a) over
states s0 2 S, and a discount factor � 2 (0, 1).
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function R : S �! R, for each pair s 2 S, a 2 A a probability distribution P (s0|s, a) over
states s0 2 S, and a discount factor � 2 (0, 1).

Definition.A policy is a function ⇡ : S �! �A such that ⇡(a|s) = 0 if a /2 A(s).

1
Definition.The space of policies P is the set of policies with metric

d1(⇡, ⇡0
) = sup

s2S
sup
a2A

|⇡(a|s)� ⇡0
(a|s)| .

Set Rmax = sups2S R(s). The discounted reward of a sequence of states s0, s1, s2, . . . is

R(s0) + �R(s1) + �2R(s2) + · · ·  Rmax

1� �
.

The goal of an agent is to choose a policy which maximises the expected discounted re-

ward from a specified initial state sinit 2 S.

Definition.A value function is a function v : S �! [�M,M ] where M =
Rmax
1�� .

Definition.The space of value functions V is the set of value functions with metric

d1(v, v0) = sup
s2S

|v(s)� v0(s)| .

Given a policy ⇡ : S �! �A the value of a state s 2 S to an agent following ⇡ is

the time-discounted expected value of future rewards for trajectories starting at s. If this
quantity v⇡(s) were well-defined, the function v⇡ would be a solution of

Theorem. The function �⇡ : V �! V defined by

�⇡(v)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)v(s0)

has a unique fixed point v⇡.

Proof. Since V is complete, it su�ces by the Banach fixed point theorem to prove that

�⇡ is a �-contraction mapping. But for v, v0 2 V

|�⇡(v)(s)� �⇡(v
0
)(s)| 

X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)|v(s0)� v0(s0)|


X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)d1(v, v0)

= �d1(v, v0) .

Hence d1(�⇡(v),�⇡(v0))  �d1(v, v0).
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Policies versus value functions

P ⇡ 7�! v⇡ // V
<latexit sha1_base64="Y5q8pJpDm1+ZSG/EXUntgYZq82Q="></latexit>

P V⇡v � v
oo

<latexit sha1_base64="fJcl0osZiInBIr2xokUJShYzjsY="></latexit>

Observe that for a policy ⇡, and v0 ⌘ 0

v1(s) := �⇡(v0)(s) = R(s)

v2(s) := �⇡(v1)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

v3(s) := �⇡(v2)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

+
X

a,a02A(s)

X

s0,s002S

�2⇡(a|s)P (s0|s, a)⇡(a0|s0)P (s00|s0, a0)R(s00)

...

v⇡(s) = �⇡(v⇡)(s) = E
h 1X

t=0

�tR(st)|s0 = s
i

Definition.A policy ⇡ is optimal if v⇡(sinit) = sup⇢2P v⇢(sinit).

Lemma. An optimal policy exists.

Proof. P = (�A)S is compact and the function ⇢ 7! v⇢(sinit) is continuous, so this follows
from the Extreme Value Theorem.

⇡v(s) = argmaxa2A(s)

X

s02S

P (s0|s, a)v(s0)
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X

a,a02A(s)

X

s0,s002S

�2⇡(a|s)P (s0|s, a)⇡(a0|s0)P (s00|s0, a0)R(s00)

...

v⇡(s) = �⇡(v⇡)(s) = E
h 1X

t=0

�tR(st)|s0 = s
i

Definition.A policy ⇡ is optimal if v⇡(sinit) = sup⇢2P v⇢(sinit).

Lemma. An optimal policy exists.

Proof. P = (�A)S is compact and the function ⇢ 7! v⇢(sinit) is continuous, so this follows
from the Extreme Value Theorem.

v⇡ = fix(�⇡)

⇡v(s) = argmaxa2A(s)

X

s02S

P (s0|s, a)v(s0)

3

“policy evaluation”

“greedy policy”



Optimal policies and value functions

Observe that for a policy ⇡, and v0 ⌘ 0

v1(s) := �⇡(v0)(s) = R(s)

v2(s) := �⇡(v1)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

v3(s) := �⇡(v2)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

+
X

a,a02A(s)

X

s0,s002S

�2⇡(a|s)P (s0|s, a)⇡(a0|s0)P (s00|s0, a0)R(s00)

...

v⇡(s) = �⇡(v⇡)(s) = E
h 1X

t=0

�tR(st)|s0 = s
i

Definition.A policy ⇡ is optimal if v⇡(sinit) = sup⇢2P v⇢(sinit).

Lemma. An optimal policy exists.

Proof. P = (�A)S is compact and the function ⇢ 7! v⇢(sinit) is continuous, so this follows
from the Extreme Value Theorem.

v⇡ = fix(�⇡)

⇡v(s) = argmaxa2A(s)

X

s02S

P (s0|s, a)v(s0)

Theorem (Bellman). The function � : V �! V defined by

�(v)(s) = R(s) + sup
a2A(s)

X

s02S

�P (s0|s, a)v(s0)

has a unique fixed point v⇤ and

• for every policy ⇡ 2 P we have v⇤ � v⇡,

• the policy ⇡⇤ = ⇡v⇤ is optimal and v⇡⇤ = v⇤.

3

(Bellman operator)

• Iterating the Bellman operator exactly is usually infeasible.


• Reinforcement learning: the study of algorithms approximating this fixed 
point iteration, for classes of MDPs that we care about.

Observe that for a policy ⇡, and v0 ⌘ 0

v1(s) := �⇡(v0)(s) = R(s)

v2(s) := �⇡(v1)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

v3(s) := �⇡(v2)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

+
X

a,a02A(s)

X

s0,s002S

�
2
⇡(a|s)P (s0|s, a)⇡(a0|s0)P (s00|s0, a0)R(s00)

.

.

.

v⇡(s) = �⇡(v⇡)(s) = E
h 1X

t=0

�
t
R(st)|s0 = s

i

Definition.A policy ⇡ is optimal if v⇡ � v⇢ for all policies ⇢.

Lemma. An optimal policy exists.

Proof. P = (�A)S is compact and the function ⇢ 7! v⇢(sinit) is continuous, so this follows
from the Extreme Value Theorem.

v⇡ = fix(�⇡)

⇡v(s) = argmaxa2A(s)

X

s02S

P (s0|s, a)v(s0)

⇡
±
v (s) = argmaxa2A(s)

X

s02S

P (s0|s, a)(�1)|s|v(s0)

Theorem (Bellman). The function � : V �! V defined by

�(v)(s) = R(s) + sup
a2A(s)

X

s02S

�P (s0|s, a)v(s0)

has a unique fixed point v⇤ and

• for every policy ⇡ 2 P we have v
⇤ � v⇡,

• the policy ⇡
⇤ = ⇡v⇤ is optimal and v⇡⇤ = v

⇤.

With v0 ⌘ 0,

v1(s) := �(v0)(s) = R(s)

v2(s) := �(v1)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)R(s0)

v3(s) := �(v2)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)
h
R(s0) + � sup

a02A(s0)

X

s002S

P (s00|s0, a0)R(s00)
i

3



Definition.An alternating Markov Game is an MDP together with a decomposition of
the state space S = S0 qS1 (we write |s| = 0 if s 2 S0 and |s| = 1 if s 2 S1 and call these
even or odd states) such that the only possible transitions change the parity:

P (s0|s, a) = 0 if |s0| = |s| .

We think of a policy ⇡ : S �! �A as a pair of policies ⇡i = ⇡|Si , one for the even player
and one for the odd player, and R(s) is the reward obtained by the even player in state s
(the odd player receives �R(s), so this is a zero-sum game).

4

Alternating Markov games



Go as an alternating Markov game

Definition.The alternating Markov Game Go has

S =
�
{empty, white, black}{1,...,19}2

�8 ⇥ {0, 1}

where the even player is black. A state

s = (s0, s�1, . . . , s�7, p)

is even if p = 0 and odd otherwise. The set of actions A(s) is the set of allowed moves
of player p from board configuration s0 (taking into account the ko rule using s�1). The
reward R(s) is only nonzero if s0 is a terminal configuration and in that case

R(s) =

(
+1 black wins

�1 white wins
.

If "j  �
j then

kv✓i+1 � vi+1k1 = kv✓i+1 � �±(vi)k1
 kv✓i+1 � �±(v✓i)k1 + k�±(v✓i)� �±(vi)k1
 "i+1 + �kv✓i � vik1

Set �i = kv✓i � vik1 and � = �0. Then

�1  "1 + ��

�2  "2 + ��1  "2 + �"1 + �
2
�

�n 
n�1X

i=0

�
i
"n�i + �

n
�

If "j  �
j

�n 
n�1X

i=0

�
i
�
n�i + �

n
�  n�

n + �
n
� = �

n(n+ �)

Provided "i  �
i one can show v✓i �! v

⇤.
For s 2 S0

�±(v)(s) = R(s) + � sup
a2A(s)

v(s0)

(�±)2(v)(s) = R(s) + � sup
a2A(s)

h
R(s0) + � inf

a02A(s0)
v(s00)

i

• P is the space of policies.

5



Policies versus value functions

P ⇡ 7�! v⇡ // V
<latexit sha1_base64="Y5q8pJpDm1+ZSG/EXUntgYZq82Q="></latexit>

Observe that for a policy ⇡, and v0 ⌘ 0

v1(s) := �⇡(v0)(s) = R(s)

v2(s) := �⇡(v1)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

v3(s) := �⇡(v2)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

+
X

a,a02A(s)

X

s0,s002S

�2⇡(a|s)P (s0|s, a)⇡(a0|s0)P (s00|s0, a0)R(s00)

...

v⇡(s) = �⇡(v⇡)(s) = E
h 1X

t=0

�tR(st)|s0 = s
i

Definition.A policy ⇡ is optimal if v⇡(sinit) = sup⇢2P v⇢(sinit).

Lemma. An optimal policy exists.

Proof. P = (�A)S is compact and the function ⇢ 7! v⇢(sinit) is continuous, so this follows
from the Extreme Value Theorem.

v⇡ = fix(�⇡)

⇡v(s) = argmaxa2A(s)

X

s02S

P (s0|s, a)v(s0)

3

“policy evaluation”

“graded greedy policy”

Observe that for a policy ⇡, and v0 ⌘ 0

v1(s) := �⇡(v0)(s) = R(s)

v2(s) := �⇡(v1)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

v3(s) := �⇡(v2)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)R(s0)

+
X

a,a02A(s)

X

s0,s002S

�2⇡(a|s)P (s0|s, a)⇡(a0|s0)P (s00|s0, a0)R(s00)

...

v⇡(s) = �⇡(v⇡)(s) = E
h 1X

t=0

�tR(st)|s0 = s
i

Definition.A policy ⇡ is optimal if v⇡(sinit) = sup⇢2P v⇢(sinit).

Lemma. An optimal policy exists.

Proof. P = (�A)S is compact and the function ⇢ 7! v⇢(sinit) is continuous, so this follows
from the Extreme Value Theorem.

v⇡ = fix(�⇡)

⇡v(s) = argmaxa2A(s)

X

s02S

P (s0|s, a)v(s0)

⇡±
v (s) = argmaxa2A(s)

X

s02S

P (s0|s, a)(�1)|s|v(s0)

Theorem (Bellman). The function � : V �! V defined by

�(v)(s) = R(s) + sup
a2A(s)

X

s02S

�P (s0|s, a)v(s0)

has a unique fixed point v⇤ and

• for every policy ⇡ 2 P we have v⇤ � v⇡,

• the policy ⇡⇤ = ⇡v⇤ is optimal and v⇡⇤ = v⇤.

With v0 ⌘ 0,

v1(s) := �(v0)(s) = R(s)

v2(s) := �(v1)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)R(s0)

v3(s) := �(v2)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)
h
R(s0) + � sup

a02A(s0)

X

s002S

P (s00|s0, a0)R(s00)
i

3

P V
⇡±
v  � v

oo
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• The fixed point of the graded Bellman operator is a discounted minimax. 
Once again, it is often impractical to evaluate this exactly (e.g. in Go).


• Deep reinforcement learning: approximate the policy and value functions 
by neural networks and approximate the iteration to this fixed point.

(graded Bellman 
operator)

Definition.An alternating Markov Game is an MDP together with a decomposition of
the state space S = S0 qS1 (we write |s| = 0 if s 2 S0 and |s| = 1 if s 2 S1 and call these
even or odd states) such that the only possible transitions change the parity:

P (s0|s, a) = 0 if |s0| = |s| .

We think of a policy ⇡ : S �! �A as a pair of policies ⇡i = ⇡|Si , one for the even player
and one for the odd player, and R(s) is the reward obtained by the even player in state s

(the odd player receives �R(s), so this is a zero-sum game).

Remark. If (S = S0 q S1,A, R, P ) is an alternating Markov game and ⇡1 : S1 �! �A is
a policy for the odd player, then there is a Markov Decision Process

(S0,A0, R|S0 , P
⇡1)

where the odd player acts as the environment for the even player, so for s 2 S0

P
⇡1(s00|s, a) =

X

a02A

X

s02S

P (s0|s, a)⇡1(a
0|s0)P (s00|s0, a0) .

Theorem. Given a Markov Game the function �± : V �! V defined by

�±(v)(s) = R(s) + (�1)|s| sup
a2A(s)

X

s02S

�P (s0|s, a)(�1)|s|v(s0)

has a unique fixed point v⇤, which is the unique Nash equilibrium. That is, writing ⇡⇤ = ⇡
±
v⇤

and ⇡
⇤
i = ⇡

⇤|Si, the policy ⇡
⇤
0 is optimal against ⇡⇤

1, the policy ⇡
⇤
1 is optimal against ⇡⇤

0

and any such pair has the value function v
⇤.

With v0 ⌘ 0, for s 2 S0

v1(s) := �±(v0)(s) = R(s)

v2(s) := �±(v1)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)R(s0)

v3(s) := �±(v2)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)
h
R(s0)� � sup

a02A(s0)

X

s002S

P (s00|s0, a0)(�1)R(s00)
i

= R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)
h
R(s0) + � inf

a02A(s0)

X

s002S

P (s00|s0, a0)R(s00)
i
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Deep RL for Markov games
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Deep RL

• Step 1: approximate policy and value functions.


• Step 2: project the Bellman iteration onto these approximations.


• Step 3: ask someone for millions of dollars so you can run your 
projected Bellman iteration on fancy hardware.
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P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

is even if p = 0 and odd otherwise. The set of actions A(s) is the set of allowed moves
of player p from board configuration s0 (taking into account the ko rule using s�1). The
reward R(s) is only nonzero if s0 is a terminal configuration and in that case

R(s) =

(
+1 black wins

�1 white wins
.

If "j  �
j then

kv✓i+1 � vi+1k1 = kv✓i+1 � �±(vi)k1
 kv✓i+1 � �±(v✓i)k1 + k�±(v✓i)� �±(vi)k1
 "i+1 + �kv✓i � vik1

Set �i = kv✓i � vik1 and � = �0. Then

�1  "1 + ��

�2  "2 + ��1  "2 + �"1 + �
2
�

�n 
n�1X

i=0

�
i
"n�i + �

n
�

If "j  �
j

�n 
n�1X

i=0

�
i
�
n�i + �

n
�  n�

n + �
n
� = �

n(n+ �)

Provided "i  �
i one can show v✓i �! v

⇤.
For s 2 S0

�±(v)(s) = R(s) + � sup
a2A(s)

v(s0)

(�±)2(v)(s) = R(s) + � sup
a2A(s)

h
R(s0) + � inf

a02A(s0)
v(s00)

i

• P is the space of policies.

• V is the space of value functions.

• V maps policies to value functions V (⇡) = v⇡.

• P maps value functions to policies P (v) = ⇡
±
v .

• �± is the graded Bellman operator.

• The fixed point v⇤ of �± is the unique Nash equilibrium.
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V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

Nash



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

Nash

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

Nash

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

Nash

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

In each step, we train a neural network f✓i+1 = (v✓i+1 ,⇡✓i+1) such that
<latexit sha1_base64="CyfG7yIdsXNgrudbBGaUd4mYtFQ="></latexit>

k⇡✓i+1 � P (�±(v✓i))k1 < "i+1
<latexit sha1_base64="0jek6rvzphBRI6dgkXmNPPhY+o8="></latexit>

kv✓i+1 � �±(v✓i)k1 < "i+1
<latexit sha1_base64="pS9n2tksrCOZtzov202+09sdkWs="></latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

kv✓i+1 � vi+1k1 = kv✓i+1 � �±(vi)k1
 kv✓i+1 � �±(v✓i)k1 + k�±(v✓i)� �±(vi)k1
 "i+1 + �kv✓i � vik1

Set �i = kv✓i � vik1 and � = �0. Then

�1  "1 + ��

�2  "2 + ��1  "2 + �"1 + �2�

�n 
n�1X

i=0

�i"n�i + �n�

If "j  �j

�n 
n�1X

i=0

�i�n�i + �n�  n�n + �n� = �n(n+ �)

5

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

Definition.The alternating Markov Game Go has

S =
�
{empty, white, black}{1,...,19}2

�8 ⇥ {0, 1}

where the even player is black. A state

s = (s0, s�1, . . . , s�7, p)

is even if p = 0 and odd otherwise. The set of actions A(s) is the set of allowed moves
of player p from board configuration s0 (taking into account the ko rule using s�1). The
reward R(s) is only nonzero if s0 is a terminal configuration and in that case

R(s) =

(
+1 black wins

�1 white wins
.

If "j  �
j then

kv✓i+1 � vi+1k1 = kv✓i+1 � �±(vi)k1
 kv✓i+1 � �±(v✓i)k1 + k�±(v✓i)� �±(vi)k1
 "i+1 + �kv✓i � vik1

Set �i = kv✓i � vik1 and � = �0. Then

�1  "1 + ��

�2  "2 + ��1  "2 + �"1 + �
2
�

�n 
n�1X

i=0

�
i
"n�i + �

n
�

If "j  �
j

�n 
n�1X

i=0

�
i
�
n�i + �

n
�  n�

n + �
n
� = �

n(n+ �)

Provided "i  �
i one can show v✓i �! v

⇤
, ⇡✓i �! ⇡

⇤.

For s 2 S0

�±(v)(s) = R(s) + � sup
a2A(s)

v(s0)

(�±)2(v)(s) = R(s) + � sup
a2A(s)

h
R(s0) + � inf

a02A(s0)
v(s00)

i

• P is the space of policies.
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V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

In each step, we train a neural network f✓i+1 = (v✓i+1 ,⇡✓i+1) such that
<latexit sha1_base64="CyfG7yIdsXNgrudbBGaUd4mYtFQ="></latexit>

k⇡✓i+1 � P (�±(v✓i))k1 < "i+1
<latexit sha1_base64="0jek6rvzphBRI6dgkXmNPPhY+o8="></latexit>

kv✓i+1 � �±(v✓i)k1 < "i+1
<latexit sha1_base64="pS9n2tksrCOZtzov202+09sdkWs="></latexit>

Too expensive!

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

In each step, we train a neural network f✓i+1 = (v✓i+1 ,⇡✓i+1) such that
<latexit sha1_base64="CyfG7yIdsXNgrudbBGaUd4mYtFQ="></latexit>

Too expensive! 
(d times)

kv✓i+1 � (�±)d(v✓i)k1 < "i+1
<latexit sha1_base64="UOQC5cbC8hNIQEKr5PAyifVa2C4="></latexit>

k⇡✓i+1 � P ((�±)d(v✓i))k1 < "i+1
<latexit sha1_base64="PaI+IAujLDUluqZY/yO54u/UkqA="></latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

In each step, we train a neural network f✓i+1 = (v✓i+1 ,⇡✓i+1) such that
<latexit sha1_base64="CyfG7yIdsXNgrudbBGaUd4mYtFQ="></latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

kv✓i+1 � (�±)dMC(v✓i)k1 < "i+1
<latexit sha1_base64="961MJDKN7j0CIEZU2kO6QlFQ4qQ="></latexit>

k⇡✓i+1 � PMC((�
±)dMC(v✓i))k1 < "i+1

<latexit sha1_base64="Wb46nFgbCku7Sgd7VbggqntEUdA="></latexit>

Monte-Carlo 
tree search



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

In each step, we train a neural network f✓i+1 = (v✓i+1 ,⇡✓i+1) such that
<latexit sha1_base64="CyfG7yIdsXNgrudbBGaUd4mYtFQ="></latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

DKL

�
PMC((�

±)dMC(v✓i)) |⇡✓i+1

�
< "i+1

<latexit sha1_base64="AfRR0kaqP0X/pfPfTEv3Nz7Q850="></latexit>

kv✓i+1 � (�±)dMC(v✓i)k2 < "i+1
<latexit sha1_base64="lZeUVTek51VeSiFNTl5v5q6CS7U="></latexit>

relative entropy



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

V
<latexit sha1_base64="ZHTJuVrsXJ8Nz2mGcO2drL0vXec=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOlZrtfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8fs/+M3g==</latexit>

In each step, we train a neural network f✓i+1 = (v✓i+1 ,⇡✓i+1) such that
<latexit sha1_base64="CyfG7yIdsXNgrudbBGaUd4mYtFQ="></latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

DKL

�
PMC((�

±)dMC(v✓i)) |⇡✓i+1

�
< "i+1

<latexit sha1_base64="AfRR0kaqP0X/pfPfTEv3Nz7Q850="></latexit>

kv✓i+1 � (�±)dMC(v✓i)k2 < "i+1
<latexit sha1_base64="lZeUVTek51VeSiFNTl5v5q6CS7U="></latexit>

training data from 
25,000 games 

of self-play

relative entropy



V
<latexit sha1_base64="/AorDt0g4/2C6Bd9N8Fa7HVh3MI=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrD0bVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AkYWRcA==</latexit>

P
<latexit sha1_base64="GH4lnl7xiOBJEv5hdGjYXKo68Lw=">AAAB8nicbVDLSsNAFL3xWeur6tLNYBFclaQKuiy6cVnBPqANZTKdtEMnkzBzI5TQz3DjQhG3fo07/8ZJm4W2Hhg4nHMvc+4JEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJXe53nrg2IlaPOE24H9GREqFgFK3U60cUx4zKrDkbVKpuzZ2DrBKvIFUo0BxUvvrDmKURV8gkNabnuQn6GdUomOSzcj81PKFsQke8Z6miETd+No88I+dWGZIw1vYpJHP190ZGI2OmUWAn84hm2cvF/7xeiuGNnwmVpMgVW3wUppJgTPL7yVBozlBOLaFMC5uVsDHVlKFtqWxL8JZPXiXtes27rNUfrqqN26KOEpzCGVyAB9fQgHtoQgsYxPAMr/DmoPPivDsfi9E1p9g5gT9wPn8AiGeRag==</latexit>

v0
<latexit sha1_base64="TQjVp9f7shsyXFR+3ciJKJ45WU0=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jntur1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAIbo2h</latexit>

v1
<latexit sha1_base64="CjmP85F9x9vbcL2ENUsPPB1Vqnk=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuplBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJIJr47rfztr6xubWdmGnuLu3f3BYOjpu6jhVDBssFrFqB1Sj4BIbhhuB7UQhjQKBrWB0N/NbY1Sax/LJTBL0IzqQPOSMGis9jnter1R2K+4cZJV4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4LXZTjQllIzrAjqWSRqj9bH7qlJxbpU/CWNmShszV3xMZjbSeRIHtjKgZ6mVvJv7ndVIT3vgZl0lqULLFojAVxMRk9jfpc4XMiIkllClubyVsSBVlxqZTtCF4yy+vkma14l1Wqg9X5dptHkcBTuEMLsCDa6jBPdShAQwG8Ayv8OYI58V5dz4WrWtOPnMCf+B8/gAJ8o2i</latexit>

v2
<latexit sha1_base64="lE8WDoWfUTC8KgvVYi3+vwjrTxc=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLupFBCf4IXD4p49Rd589+4bXPQ1gcDj/dmmJkXJFIYdN1vZ219Y3Nru7BT3N3bPzgsHR03TZxqxhsslrFuB9RwKRRvoEDJ24nmNAokbwWju5nfGnNtRKyecJJwP6IDJULBKFrpcdyr9kplt+LOQVaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzyabGbGp5QNqID3rFU0YgbP5ufOiXnVumTMNa2FJK5+nsio5ExkyiwnRHFoVn2ZuJ/XifF8MbPhEpS5IotFoWpJBiT2d+kLzRnKCeWUKaFvZWwIdWUoU2naEPwll9eJc1qxbusVB+uyrXbPI4CnMIZXIAH11CDe6hDAxgM4Ble4c2Rzovz7nwsWtecfOYE/sD5/AELdo2j</latexit>

v⇤
<latexit sha1_base64="2SfqBR3xWC04YqImUV2JnhjDrWc=">AAAB6nicbVDLSgNBEOz1GeMr6tHLYBDEQ9iNgh6DXjxGNA9I1jA7mU2GzM4uM72BEPIJXjwo4tUv8ubfOEn2oIkFDUVVN91dQSKFQdf9dlZW19Y3NnNb+e2d3b39wsFh3cSpZrzGYhnrZkANl0LxGgqUvJloTqNA8kYwuJ36jSHXRsTqEUcJ9yPaUyIUjKKVHoZP551C0S25M5Bl4mWkCBmqncJXuxuzNOIKmaTGtDw3QX9MNQom+STfTg1PKBvQHm9ZqmjEjT+enTohp1bpkjDWthSSmfp7YkwjY0ZRYDsjin2z6E3F/7xWiuG1PxYqSZErNl8UppJgTKZ/k67QnKEcWUKZFvZWwvpUU4Y2nbwNwVt8eZnUyyXvolS+vyxWbrI4cnAMJ3AGHlxBBe6gCjVg0INneIU3RzovzrvzMW9dcbKZI/gD5/MH/cKNmg==</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

v✓0
<latexit sha1_base64="o0vOTHOX01FikfazvFZ2A3RY8Qk=">AAAB83icbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cK9gOaEDbbTbt0swm7k0IJ/RtePCji1T/jzX/jts1BWx8MPN6bYWZemAqu0XG+rdLG5tb2Tnm3srd/cHhUPT7p6CRTlLVpIhLVC4lmgkvWRo6C9VLFSBwK1g3H93O/O2FK80Q+4TRlfkyGkkecEjSSNwlyD0cMSeDMgmrNqTsL2OvELUgNCrSC6pc3SGgWM4lUEK37rpOinxOFnAo2q3iZZimhYzJkfUMliZn288XNM/vCKAM7SpQpifZC/T2Rk1jraRyazpjgSK96c/E/r59hdOvnXKYZMkmXi6JM2JjY8wDsAVeMopgaQqji5labjogiFE1MFROCu/ryOuk06u5VvfF4XWveFXGU4QzO4RJcuIEmPEAL2kAhhWd4hTcrs16sd+tj2VqyiplT+APr8wcsEZHE</latexit>

v✓1
<latexit sha1_base64="W8nUat1uBv+/apvx1gvJ4VkIXZQ=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpL4z86s1u24vQNaJU5AaFGj51S93kLAs4jEySbXuO3aKXk4VCib5rOJmmqeUjemQ9w2NacS1ly9unpELowxImChTMZKF+nsip5HW0ygwnRHFkV715uJ/Xj/D8NbLRZxmyGO2XBRmkmBC5gGQgVCcoZwaQpkS5lbCRlRRhiamignBWX15nXQadeeq3ni8rjXvijjKcAbncAkO3EATHqAFbWCQwjO8wpuVWS/Wu/WxbC1Zxcwp/IH1+QMtlpHF</latexit>

v✓2
<latexit sha1_base64="oIpD4ASsollxtR6EYLHiKdMpo84=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoPgKexGQY9BLx4jmAdkl2V2MpsMmX0w0xsIS37DiwdFvPoz3vwbJ8keNLGgoajqprsrSKXQaNvfVmljc2t7p7xb2ds/ODyqHp90dJIpxtsskYnqBVRzKWLeRoGS91LFaRRI3g3G93O/O+FKiyR+wmnKvYgOYxEKRtFI7sTPXRxxpH5j5ldrdt1egKwTpyA1KNDyq1/uIGFZxGNkkmrdd+wUvZwqFEzyWcXNNE8pG9Mh7xsa04hrL1/cPCMXRhmQMFGmYiQL9fdETiOtp1FgOiOKI73qzcX/vH6G4a2XizjNkMdsuSjMJMGEzAMgA6E4Qzk1hDIlzK2EjaiiDE1MFROCs/ryOuk06s5VvfF4XWveFXGU4QzO4RIcuIEmPEAL2sAghWd4hTcrs16sd+tj2VqyiplT+APr8wcvG5HG</latexit>

v✓⇤
<latexit sha1_base64="bR6kwV7YfwRM0xb5aIwocRzaW/4=">AAAB83icbVDLSgNBEOyNrxhfUY9eBoMgHsJuFPQY9OIxgnlAdg2zk9lkyOyDmd5AWPIbXjwo4tWf8ebfOEn2oIkFDUVVN91dfiKFRtv+tgpr6xubW8Xt0s7u3v5B+fCopeNUMd5ksYxVx6eaSxHxJgqUvJMoTkNf8rY/upv57TFXWsTRI04S7oV0EIlAMIpGcse9zMUhR/p0Me2VK3bVnoOsEicnFcjR6JW/3H7M0pBHyCTVuuvYCXoZVSiY5NOSm2qeUDaiA941NKIh1142v3lKzozSJ0GsTEVI5urviYyGWk9C33SGFId62ZuJ/3ndFIMbLxNRkiKP2GJRkEqCMZkFQPpCcYZyYghlSphbCRtSRRmamEomBGf55VXSqlWdy2rt4apSv83jKMIJnMI5OHANdbiHBjSBQQLP8ApvVmq9WO/Wx6K1YOUzx/AH1ucPIW2RvQ==</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

ReLU
<latexit sha1_base64="L+Dqm+sBziUvji2fIV0OOrt56Mk=">AAAB/HicbVBNS8NAEN34WetXtUcvwSJ4KkkV9Fj04sFDFdMW2lA220m7dLMbdjdCCPWvePGgiFd/iDf/jZs2B219MPB4b4aZeUHMqNKO822trK6tb2yWtsrbO7t7+5WDw7YSiSTgEcGE7AZYAaMcPE01g24sAUcBg04wuc79ziNIRQV/0GkMfoRHnIaUYG2kQaXaFzFIrIXkOILsHm696aBSc+rODPYycQtSQwVag8pXfyhIEgHXhGGleq4Taz/DUlPCYFruJwpiTCZ4BD1D803Kz2bHT+0TowztUEhTXNsz9fdEhiOl0igwnRHWY7Xo5eJ/Xi/R4aWfUR4nGjiZLwoTZmth50nYQyqBaJYagomk5labjLHERJu8yiYEd/HlZdJu1N2zeuPuvNa8KuIooSN0jE6Riy5QE92gFvIQQSl6Rq/ozXqyXqx362PeumIVM1X0B9bnDz71lSY=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

�±
<latexit sha1_base64="xZkeuc2NlyoEBVAkLEAaanq/rig=">AAAB8XicbVBNSwMxEJ2tX7V+VT16CRbBU9mtBfVW8OKxgv3A7lqyabYNTbJLkhXK0n/hxYMiXv033vw3pu0etPXBwOO9GWbmhQln2rjut1NYW9/Y3Cpul3Z29/YPyodHbR2nitAWiXmsuiHWlDNJW4YZTruJoliEnHbC8c3M7zxRpVks780koYHAQ8kiRrCx0oPfHLHHzE/EtF+uuFV3DrRKvJxUIEezX/7yBzFJBZWGcKx1z3MTE2RYGUY4nZb8VNMEkzEe0p6lEguqg2x+8RSdWWWAoljZkgbN1d8TGRZaT0RoOwU2I73szcT/vF5qoqsgYzJJDZVksShKOTIxmr2PBkxRYvjEEkwUs7ciMsIKE2NDKtkQvOWXV0m7VvUuqrW7eqVxncdRhBM4hXPw4BIacAtNaAEBCc/wCm+Odl6cd+dj0Vpw8plj+APn8wevBJDl</latexit>

⇡0
<latexit sha1_base64="3xtsb4/hq8JYByZC4t0vmy3Kk64=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7br9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx92cY50</latexit>

⇡1
<latexit sha1_base64="HOtT/knFpXQvJu3D0VmkGYGdmzo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpF262YTdjVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXpoJr47rfztr6xubWdmmnvLu3f3BYOTpu6SRTDH2WiER1QqpRcIm+4UZgJ1VI41BgOxzfzfz2EyrNE/loJikGMR1KHnFGjZX8Xsr7Xr9SdWvuHGSVeAWpQoFmv/LVGyQsi1EaJqjWXc9NTZBTZTgTOC33Mo0pZWM6xK6lksaog3x+7JScW2VAokTZkobM1d8TOY21nsSh7YypGellbyb+53UzE90EOZdpZlCyxaIoE8QkZPY5GXCFzIiJJZQpbm8lbEQVZcbmU7YheMsvr5JWveZd1uoPV9XGbRFHCU7hDC7Ag2towD00wQcGHJ7hFd4c6bw4787HonXNKWZO4A+czx939Y51</latexit>

⇡2
<latexit sha1_base64="3Dko6JGAMj+mmDNO5z4Revw0ypo=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGCaQttKJvtpl262YTdiVBCf4MXD4p49Qd589+4bXPQ1gcDj/dmmJkXplIYdN1vZ219Y3Nru7RT3t3bPzisHB23TJJpxn2WyER3Qmq4FIr7KFDyTqo5jUPJ2+H4bua3n7g2IlGPOEl5ENOhEpFgFK3k91LRr/crVbfmzkFWiVeQKhRo9itfvUHCspgrZJIa0/XcFIOcahRM8mm5lxmeUjamQ961VNGYmyCfHzsl51YZkCjRthSSufp7IqexMZM4tJ0xxZFZ9mbif143w+gmyIVKM+SKLRZFmSSYkNnnZCA0ZygnllCmhb2VsBHVlKHNp2xD8JZfXiWtes27rNUfrqqN2yKOEpzCGVyAB9fQgHtogg8MBDzDK7w5ynlx3p2PReuaU8ycwB84nz95eY52</latexit>

⇡⇤
<latexit sha1_base64="UyKAkdDl8Y1enA6pUASuPNFQvcY=">AAAB7HicbVBNS8NAEJ34WetX1aOXxSKIh5JUQY9FLx4rmLbQxrLZbtqlm03YnQil9Dd48aCIV3+QN/+N2zYHbX0w8Hhvhpl5YSqFQdf9dlZW19Y3Ngtbxe2d3b390sFhwySZZtxniUx0K6SGS6G4jwIlb6Wa0ziUvBkOb6d+84lrIxL1gKOUBzHtKxEJRtFKficVj+fdUtmtuDOQZeLlpAw56t3SV6eXsCzmCpmkxrQ9N8VgTDUKJvmk2MkMTykb0j5vW6pozE0wnh07IadW6ZEo0bYUkpn6e2JMY2NGcWg7Y4oDs+hNxf+8dobRdTAWKs2QKzZfFGWSYEKmn5Oe0JyhHFlCmRb2VsIGVFOGNp+iDcFbfHmZNKoV76JSvb8s127yOApwDCdwBh5cQQ3uoA4+MBDwDK/w5ijnxXl3PuatK04+cwR/4Hz+AGvUjm0=</latexit>

...
<latexit sha1_base64="hx9vrypjtBJpcEsh1w05CZs9G34=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69BIvgqSRV0GPRi8cKthbaUDabTbt2sxt2J4VS+h+8eFDEq//Hm//GbZuDtj4YeLw3w8y8MBXcoOd9O4W19Y3NreJ2aWd3b/+gfHjUMirTlDWpEkq3Q2KY4JI1kaNg7VQzkoSCPYbD25n/OGLacCUfcJyyICF9yWNOCVqp1R1FCk2vXPGq3hzuKvFzUoEcjV75qxspmiVMIhXEmI7vpRhMiEZOBZuWuplhKaFD0mcdSyVJmAkm82un7plVIjdW2pZEd67+npiQxJhxEtrOhODALHsz8T+vk2F8HUy4TDNkki4WxZlwUbmz192Ia0ZRjC0hVHN7q0sHRBOKNqCSDcFffnmVtGpV/6Jau7+s1G/yOIpwAqdwDj5cQR3uoAFNoPAEz/AKb45yXpx352PRWnDymWP4A+fzB8y9j0Y=</latexit>

⇡✓0
<latexit sha1_base64="5T1N/8cnzHRhJUYGNMzcZVzQn2w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHx74leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/oO+Slw==</latexit>

⇡✓1
<latexit sha1_base64="u05Nd5m0Clpy/b8lnA5GmVjiy4w=">AAAB9XicbVDLSgNBEJz1GeMr6tHLYBA8hd0o6DHoxWME84DsusxOepMhsw9mepWw5D+8eFDEq//izb9xkuxBEwsaiqpuuruCVAqNtv1trayurW9slrbK2zu7e/uVg8O2TjLFocUTmahuwDRIEUMLBUropgpYFEjoBKObqd95BKVFEt/jOAUvYoNYhIIzNNKDmwo/d3EIyHxn4leqds2egS4TpyBVUqDpV77cfsKzCGLkkmndc+wUvZwpFFzCpOxmGlLGR2wAPUNjFoH28tnVE3pqlD4NE2UqRjpTf0/kLNJ6HAWmM2I41IveVPzP62UYXnm5iNMMIebzRWEmKSZ0GgHtCwUc5dgQxpUwt1I+ZIpxNEGVTQjO4svLpF2vOee1+t1FtXFdxFEix+SEnBGHXJIGuSVN0iKcKPJMXsmb9WS9WO/Wx7x1xSpmjsgfWJ8/onSSmA==</latexit>

⇡✓2
<latexit sha1_base64="HP1qzB3HQDgloL24wBLPiEn6mwg=">AAAB9XicbVBNS8NAEN34WetX1aOXYBE8laQKeix68VjBfkATw2Y7aZduNmF3opTQ/+HFgyJe/S/e/Ddu2xy09cHA470ZZuaFqeAaHefbWlldW9/YLG2Vt3d29/YrB4dtnWSKQYslIlHdkGoQXEILOQropgpoHArohKObqd95BKV5Iu9xnIIf04HkEWcUjfTgpTzIPRwC0qA+CSpVp+bMYC8TtyBVUqAZVL68fsKyGCQyQbXuuU6Kfk4VciZgUvYyDSllIzqAnqGSxqD9fHb1xD41St+OEmVKoj1Tf0/kNNZ6HIemM6Y41IveVPzP62UYXfk5l2mGINl8UZQJGxN7GoHd5woYirEhlClubrXZkCrK0ARVNiG4iy8vk3a95p7X6ncX1cZ1EUeJHJMTckZcckka5JY0SYswosgzeSVv1pP1Yr1bH/PWFauYOSJ/YH3+AKP5kpk=</latexit>

⇡✓⇤
<latexit sha1_base64="BTQLT9dEL2p0plCNQontgCSXGis=">AAAB9XicbVBNS8NAEN34WetX1aOXYBHEQ0mqoMeiF48V7Ac0adlsJ+3SzSbsTpQS+j+8eFDEq//Fm//GbZuDtj4YeLw3w8y8IBFco+N8Wyura+sbm4Wt4vbO7t5+6eCwqeNUMWiwWMSqHVANgktoIEcB7UQBjQIBrWB0O/Vbj6A0j+UDjhPwIzqQPOSMopG6XsJ7mYdDQNo9n/RKZafizGAvEzcnZZKj3it9ef2YpRFIZIJq3XGdBP2MKuRMwKTopRoSykZ0AB1DJY1A+9ns6ol9apS+HcbKlER7pv6eyGik9TgKTGdEcagXvan4n9dJMbz2My6TFEGy+aIwFTbG9jQCu88VMBRjQyhT3NxqsyFVlKEJqmhCcBdfXibNasW9qFTvL8u1mzyOAjkmJ+SMuOSK1MgdqZMGYUSRZ/JK3qwn68V6tz7mrStWPnNE/sD6/AGWS5KQ</latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>
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In each step, we train a neural network f✓i+1 = (v✓i+1 ,⇡✓i+1) such that
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±)dMC(v✓i)) |⇡✓i+1

�
< "i+1

<latexit sha1_base64="AfRR0kaqP0X/pfPfTEv3Nz7Q850="></latexit>

kv✓i+1 � (�±)dMC(v✓i)k2 < "i+1
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training data from 
25,000 games 

of self-play

(still a lie)

relative entropy



AlphaGo algorithm summary

• Step 1: approximate policy and value functions by a deep 
convolutional neural network.


• Step 2: project the Bellman iteration onto these approximations


• Monte-Carlo tree search to approximate supremums


• self-play to generate the training data

(⇡✓(s), v✓(s)) := f✓(s)
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f✓ : R6137 �! R19⇥19+1 ⇥ R
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New programs, new math

• New kind of program: differentiable tensor programs that compute 
with learned representations.


• These programs will be important for natural science: chemistry 
(Molecular transformer), protein folding (AlphaFold), engineering 
complex quantum states, …


• Desiderata: large combinatorial search space, clear objective function, 
lots of ground truth data or an efficient simulator (Hassabis 50:10)


• New mathematics: Neural Tangent Kernel, tensor programs, linear 
logic, differential categories, …


• Ask an expert: deep learning in Australia.

https://cbmm.mit.edu/video/power-self-learning-systems
https://gist.github.com/dmurfet/072e8503368acdccf32b641f1e800e99


• (AlphaGo) David Silver, Aja Huang, Chris J. Maddison, Arthur Guez, 
Laurent Sifre, George van den Driessche, 
Julian Schrittwieser, Ioannis Antonoglou, Veda Panneershelvam, Marc 
Lanctot, Sander Dieleman, Dominik Grewe, John Nham, Nal 
Kalchbrenner, Ilya Sutskever, Timothy Lillicrap, Madeleine Leach, 
Koray Kavukcuoglu, Thore Graepel and Demis Hassabis, “Mastering 
the game of Go with deep neural networks and tree search”, Nature 
2016. 


• (AlphaGo Zero) David Silver, Julian Schrittwieser, Karen Simonyan, 
Ioannis Antonoglou, Aja Huang, Arthur Guez, 
Thomas Hubert, Lucas Baker, Matthew Lai, Adrian Bolton, Yutian 
Chen, Timothy Lillicrap, Fan Hui, Laurent Sifre, George van den 
Driessche, Thore Graepel and Demis Hassabis, “Mastering the game 
of Go without human knowledge”, Nature 2017.
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AlphaGo: conclusion

• AlphaGo is the product of: neural networks, reinforcement learning and 
Monte-Carlo tree search.


• AlphaGo: included hand-coded features by Go experts 

• AlphaGo Zero: “zero” human knowledge about Go


• AlphaZero: also plays Chess and Shogi (same hyperparameters, new 
weights trained from scratch).


• Less search than standard chess engines (10,000s vs 10,000,000s).


• Raw network play: Elo 3055 (9 dan, #486)


• Is AlphaGo good news for Go?

https://en.wikipedia.org/wiki/Go_ranks_and_ratings
https://www.goratings.org/en/


http://therisingsea.org/post/seminar-ch/

http://therisingsea.org/post/seminar-ch/


Definition.A policy is a function ⇡ : S �! �A such that ⇡(a|s) = 0 if a /2 A(s).

Definition.The space of policies P is the set of policies with metric

d1(⇡, ⇡0) = sup
s2S

sup
a2A

|⇡(a|s)� ⇡
0(a|s)| .

The discounted reward of a sequence of states s0, s1, s2, . . . is

R(s0) + �R(s1) + �
2
R(s2) + · · ·

The goal: find a policy which maximises the expected discounted reward.

Definition.A value function is a function v : S �! R.

Definition.The space of value functions V is the set of value functions with metric

d1(v, v0) = sup
s2S

|v(s)� v
0(s)| .

Given a policy ⇡ : S �! �A the value of a state s 2 S to an agent following ⇡ is the
time-discounted expected value of future rewards for trajectories starting at s

v⇡(s) = E
h 1X

t=0

�
t
R(st)|s0 = s

i
.

Theorem. The function �⇡ : V �! V defined by

�⇡(v)(s) = R(s) +
X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)v(s0)

has a unique fixed point v⇡.

Proof. Since V is a complete metric space, it su�ces by the Banach fixed point theorem
to prove that �⇡ is a �-contraction mapping. But for v, v0 2 V

|�⇡(v)(s)� �⇡(v
0)(s)| 

X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)|v(s0)� v
0(s0)|


X

a2A(s)

X

s02S

�⇡(a|s)P (s0|s, a)d1(v, v0)

= �d1(v, v0) .

Hence d1(�⇡(v),�⇡(v0))  �d1(v, v0).

2
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v = v✓i , computing (�±)2(v)
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Definition.An alternating Markov Game is an MDP together with a decomposition of
the state space S = S0 qS1 (we write |s| = 0 if s 2 S0 and |s| = 1 if s 2 S1 and call these
even or odd states) such that the only possible transitions change the parity:

P (s0|s, a) = 0 if |s0| = |s| .

We think of a policy ⇡ : S �! �A as a pair of policies ⇡i = ⇡|Si , one for the even player
and one for the odd player, and R(s) is the reward obtained by the even player in state s

(the odd player receives �R(s), so this is a zero-sum game).

Theorem. Given a Markov Game the function �± : V �! V defined by

�±(v)(s) = R(s) + (�1)|s| sup
a2A(s)

X

s02S

�P (s0|s, a)(�1)|s|v(s0)

has a unique fixed point v⇤ and, writing ⇡
⇤ = ⇡

±
v⇤

• (⇡⇤
1, ⇡

⇤
2) = (⇡⇤|S0 , ⇡

⇤|S1) is the unique Nash equilibrium.

With v0 ⌘ 0, for s 2 S0

v1(s) := �±(v0)(s) = R(s)

v2(s) := �±(v1)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)R(s0)

v3(s) := �±(v2)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)
h
R(s0)� � sup

a02A(s0)

X

s002S

P (s00|s0, a0)(�1)R(s00)
i

= R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)
h
R(s0) + � inf

a02A(s0)

X

s002S

P (s00|s0, a0)R(s00)
i

Definition.The alternating Markov Game Go has

S =
�
{0, white, black}{1,...,19}2

�2 ⇥ {0, 1}

where the even player is black. A state

s = (s0, s�1, p)

is even if p = 0 and odd otherwise. The set of actions A(s) is the set of allowed moves
of player p from board configuration s0 (taking into account the ko rule using s�1). The
reward R(s) is only nonzero if s0 is a terminal configuration and in that case

R(s) =

(
+1 black wins

�1 white wins
.

4

If "j  �
j then

kv✓i+1 � vi+1k1 = kv✓i+1 � �±(vi)k1
 kv✓i+1 � �±(v✓i)k1 + k�±(v✓i)� �±(vi)k1
 "i+1 + �kv✓i � vik1

Set �i = kv✓i � vik1 and � = �0. Then

�1  "1 + ��

�2  "2 + ��1  "2 + �"1 + �
2
�

�n 
n�1X

i=0

�
i
"n�i + �

n
�

If "j  �
j

�n 
n�1X

i=0

�
i
�
n�i + �

n
�  n�

n + �
n
� = �

n(n+ �)

Provided "i  �
i one can show v✓i �! v

⇤.
For s 2 S0

�±(v)(s) = R(s) + � sup
a2A(s)

v(s0)

(�±)2(v)(s) = R(s) + � sup
a2A(s)

h
R(s0) + � inf

a02A(s0)
v(s00)

i

5

general

Definition.The alternating Markov Game Go has

S =
�
{empty, white, black}{1,...,19}2

�8 ⇥ {0, 1}

where the even player is black. A state

s = (s0, s�1, . . . , s�7, p)

is even if p = 0 and odd otherwise. The set of actions A(s) is the set of allowed moves
of player p from board configuration s0 (taking into account the ko rule using s�1). The
reward R(s) is only nonzero if s0 is a terminal configuration and in that case

R(s) =

(
+1 black wins

�1 white wins
.

If "j  �
j then

kv✓i+1 � vi+1k1 = kv✓i+1 � �±(vi)k1
 kv✓i+1 � �±(v✓i)k1 + k�±(v✓i)� �±(vi)k1
 "i+1 + �kv✓i � vik1

Set �i = kv✓i � vik1 and � = �0. Then

�1  "1 + ��

�2  "2 + ��1  "2 + �"1 + �
2
�

�n 
n�1X

i=0

�
i
"n�i + �

n
�

If "j  �
j

�n 
n�1X

i=0

�
i
�
n�i + �

n
�  n�

n + �
n
� = �

n(n+ �)

Provided "i  �
i one can show v✓i �! v

⇤
, ⇡✓i �! ⇡

⇤.

For s 2 S0

�±(v)(s) = R(s) + � sup
a2A(s)

v(s0)

(�±)2(v)(s) = R(s) + � sup
a2A(s)

h
R(s0) + � inf

a02A(s0)
v(s00)

i

• P is the space of policies.

5

Go, non-terminal
� ⇡ 1
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Definition.The alternating Markov Game Go has

S =
�
{empty, white, black}{1,...,19}2

�8 ⇥ {0, 1}

where the even player is black. A state

s = (s0, s�1, . . . , s�7, p)

is even if p = 0 and odd otherwise. The set of actions A(s) is the set of allowed moves
of player p from board configuration s0 (taking into account the ko rule using s�1). The
reward R(s) is only nonzero if s0 is a terminal configuration and in that case

R(s) =

(
+1 black wins

�1 white wins
.
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Provided "i  �
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⇤
, ⇡✓i �! ⇡

⇤.

For s 2 S0

�±(v)(s) = R(s) + � sup
a2A(s)

v(s0)
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How to truncate these?

v = v✓i , computing (�±)2(v)
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Definition.An alternating Markov Game is an MDP together with a decomposition of
the state space S = S0 qS1 (we write |s| = 0 if s 2 S0 and |s| = 1 if s 2 S1 and call these
even or odd states) such that the only possible transitions change the parity:

P (s0|s, a) = 0 if |s0| = |s| .

We think of a policy ⇡ : S �! �A as a pair of policies ⇡i = ⇡|Si , one for the even player
and one for the odd player, and R(s) is the reward obtained by the even player in state s

(the odd player receives �R(s), so this is a zero-sum game).

Theorem. Given a Markov Game the function �± : V �! V defined by

�±(v)(s) = R(s) + (�1)|s| sup
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has a unique fixed point v⇤ and, writing ⇡
⇤ = ⇡

±
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• (⇡⇤
1, ⇡

⇤
2) = (⇡⇤|S0 , ⇡

⇤|S1) is the unique Nash equilibrium.

With v0 ⌘ 0, for s 2 S0

v1(s) := �±(v0)(s) = R(s)
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h
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P (s0|s, a)
h
R(s0) + � inf

a02A(s0)
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s002S

P (s00|s0, a0)R(s00)
i

Definition.The alternating Markov Game Go has

S =
�
{0, white, black}{1,...,19}2

�2 ⇥ {0, 1}

where the even player is black. A state

s = (s0, s�1, p)

is even if p = 0 and odd otherwise. The set of actions A(s) is the set of allowed moves
of player p from board configuration s0 (taking into account the ko rule using s�1). The
reward R(s) is only nonzero if s0 is a terminal configuration and in that case

R(s) =

(
+1 black wins

�1 white wins
.
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• P is the space of policies.
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Go, non-terminal
� ⇡ 1

<latexit sha1_base64="wioYQ93Ev9rwlsELAJvRQtTmU3U=">AAAB+XicbVBNS8NAEN34WetX1KOXxSJ4KkkV9Fj04rGC/YAmlMl20y7d3YTdTbGE/hMvHhTx6j/x5r9x2+agrQ8GHu/NMDMvSjnTxvO+nbX1jc2t7dJOeXdv/+DQPTpu6SRThDZJwhPViUBTziRtGmY47aSKgog4bUeju5nfHlOlWSIfzSSloYCBZDEjYKzUc91gAEIADiBNVfKE/Z5b8areHHiV+AWpoAKNnvsV9BOSCSoN4aB11/dSE+agDCOcTstBpmkKZAQD2rVUgqA6zOeXT/G5Vfo4TpQtafBc/T2Rg9B6IiLbKcAM9bI3E//zupmJb8KcyTQzVJLFojjj2CR4FgPuM0WJ4RNLgChmb8VkCAqIsWGVbQj+8surpFWr+pfV2sNVpX5bxFFCp+gMXSAfXaM6ukcN1EQEjdEzekVvTu68OO/Ox6J1zSlmTtAfOJ8/wYqTFQ==</latexit>

Definition.The alternating Markov Game Go has

S =
�
{empty, white, black}{1,...,19}2

�8 ⇥ {0, 1}

where the even player is black. A state

s = (s0, s�1, . . . , s�7, p)

is even if p = 0 and odd otherwise. The set of actions A(s) is the set of allowed moves
of player p from board configuration s0 (taking into account the ko rule using s�1). The
reward R(s) is only nonzero if s0 is a terminal configuration and in that case

R(s) =

(
+1 black wins

�1 white wins
.

If "j  �
j then

kv✓i+1 � vi+1k1 = kv✓i+1 � �±(vi)k1
 kv✓i+1 � �±(v✓i)k1 + k�±(v✓i)� �±(vi)k1
 "i+1 + �kv✓i � vik1

Set �i = kv✓i � vik1 and � = �0. Then

�1  "1 + ��

�2  "2 + ��1  "2 + �"1 + �
2
�

�n 
n�1X

i=0

�
i
"n�i + �

n
�

If "j  �
j

�n 
n�1X

i=0

�
i
�
n�i + �

n
�  n�

n + �
n
� = �

n(n+ �)

Provided "i  �
i one can show v✓i �! v

⇤
, ⇡✓i �! ⇡

⇤.

For s 2 S0

�±(v)(s) = R(s) + � sup
a2A(s)

v(s0)

(�±)2(v)(s) = R(s) + � sup
a2A(s)

h
R(s0) + � inf

a02A(s0)
v(s00)

i

(�±)2(v)(s) ⇡ sup
a2A(s)

inf
a02A(s0)

v(s00)

5



• For any v0 2 V , limn!1(�±)n(v0) = v
⇤.

• Let ⇡ = ⇡✓i , v = v✓i be the current policy and value function.

• To approximate (�±)d(v)(s) we need to approximate the d nested supremums.

• AlphaGo searches over sequences of  d actions using an algorithm which prioritises
those paths likely to contribute to chain of suprema according to ⇡, v.

• This algorithm is called Monte-Carlo tree search.

• The search looks at 1600 paths to evaluate this approximation

(�±)dMC(v)(s) ⇡ (�±)d(v)(s) .
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How to truncate these?

v = v✓i , computing (�±)2(v)
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Fig. 2); ultimately AlphaGo Zero preferred new joseki variants that 
were previously unknown (Fig. 5b and Extended Data Fig. 3). Figure 5c  
shows several fast self-play games played at different stages of train-
ing (see Supplementary Information). Tournament length games 
played at regular intervals throughout training are shown in Extended 
Data Fig. 4 and in the Supplementary Information. AlphaGo Zero 
rapidly progressed from entirely random moves towards a sophisti-
cated understanding of Go concepts, including fuseki (opening), tesuji  
(tactics), life-and-death, ko (repeated board situations), yose  
(endgame), capturing races, sente (initiative), shape, influence and  
territory, all discovered from first principles. Surprisingly, shicho  
(‘ladder’ capture sequences that may span the whole board)—one of 
the first elements of Go knowledge learned by humans—were only 
understood by AlphaGo Zero much later in training.

Final performance of AlphaGo Zero
We subsequently applied our reinforcement learning pipeline to a 
second instance of AlphaGo Zero using a larger neural network and 
over a longer duration. Training again started from completely random 
behaviour and continued for approximately 40 days.

Over the course of training, 29 million games of self-play were gener-
ated. Parameters were updated from 3.1 million mini-batches of 2,048 
positions each. The neural network contained 40 residual blocks. The 
learning curve is shown in Fig. 6a. Games played at regular intervals 
throughout training are shown in Extended Data Fig. 5 and in the 
Supplementary Information.

We evaluated the fully trained AlphaGo Zero using an internal 
tournament against AlphaGo Fan, AlphaGo Lee and several previous 
Go programs. We also played games against the strongest existing 
program, AlphaGo Master—a program based on the algorithm and 
architecture presented in this paper but using human data and fea-
tures (see Methods)—which defeated the strongest human professional 
players 60–0 in online games in January 201734. In our evaluation, all 
programs were allowed 5 s of thinking time per move; AlphaGo Zero 
and AlphaGo Master each played on a single machine with 4 TPUs; 
AlphaGo Fan and AlphaGo Lee were distributed over 176 GPUs and 
48 TPUs, respectively. We also included a player based solely on the raw 
neural network of AlphaGo Zero; this player simply selected the move 
with maximum probability.

Figure 6b shows the performance of each program on an Elo scale. 
The raw neural network, without using any lookahead, achieved an Elo 
rating of 3,055. AlphaGo Zero achieved a rating of 5,185, compared 

to 4,858 for AlphaGo Master, 3,739 for AlphaGo Lee and 3,144 for 
AlphaGo Fan.

Finally, we evaluated AlphaGo Zero head to head against AlphaGo 
Master in a 100-game match with 2-h time controls. AlphaGo Zero 
won by 89 games to 11 (see Extended Data Fig. 6 and Supplementary 
Information).

Conclusion
Our results comprehensively demonstrate that a pure reinforcement 
learning approach is fully feasible, even in the most challenging of 
domains: it is possible to train to superhuman level, without human 
examples or guidance, given no knowledge of the domain beyond basic 
rules. Furthermore, a pure reinforcement learning approach requires 
just a few more hours to train, and achieves much better asymptotic 
performance, compared to training on human expert data. Using this 
approach, AlphaGo Zero defeated the strongest previous versions of 
AlphaGo, which were trained from human data using handcrafted fea-
tures, by a large margin.

Humankind has accumulated Go knowledge from millions of games 
played over thousands of years, collectively distilled into patterns, prov-
erbs and books. In the space of a few days, starting tabula rasa, AlphaGo 
Zero was able to rediscover much of this Go knowledge, as well as novel 
strategies that provide new insights into the oldest of games.
Online Content Methods, along with any additional Extended Data display items and 
Source Data, are available in the online version of the paper; references unique to 
these sections appear only in the online paper.
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Figure 6 | Performance of AlphaGo Zero. a, Learning curve for AlphaGo 
Zero using a larger 40-block residual network over 40 days. The plot shows 
the performance of each player αθi from each iteration i of our 
reinforcement learning algorithm. Elo ratings were computed from 
evaluation games between different players, using 0.4 s per search (see 
Methods). b, Final performance of AlphaGo Zero. AlphaGo Zero was 
trained for 40 days using a 40-block residual neural network. The plot 
shows the results of a tournament between: AlphaGo Zero, AlphaGo 
Master (defeated top human professionals 60–0 in online games), AlphaGo 

Lee (defeated Lee Sedol), AlphaGo Fan (defeated Fan Hui), as well as 
previous Go programs Crazy Stone, Pachi and GnuGo. Each program was 
given 5 s of thinking time per move. AlphaGo Zero and AlphaGo Master 
played on a single machine on the Google Cloud; AlphaGo Fan and 
AlphaGo Lee were distributed over many machines. The raw neural 
network from AlphaGo Zero is also included, which directly selects the 
move a with maximum probability pa, without using MCTS. Programs 
were evaluated on an Elo scale25: a 200-point gap corresponds to a 75% 
probability of winning.
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(4) A fully connected linear layer to a hidden layer of size 256
(5) A rectifier nonlinearity
(6) A fully connected linear layer to a scalar
(7) A tanh nonlinearity outputting a scalar in the range [− 1, 1]
The overall network depth, in the 20- or 40-block network, is 39 or 79 param-

eterized layers, respectively, for the residual tower, plus an additional 2 layers for 
the policy head and 3 layers for the value head.

We note that a different variant of residual networks was simultaneously applied 
to computer Go33 and achieved an amateur dan-level performance; however, this 
was restricted to a single-headed policy network trained solely by supervised 
learning.
Neural network architecture comparison. Figure 4 shows the results of a com-
parison between network architectures. Specifically, we compared four different 
neural networks:

(1) dual–res: the network contains a 20-block residual tower, as described above, 
followed by both a policy head and a value head. This is the architecture used in 
AlphaGo Zero.

(2) sep–res: the network contains two 20-block residual towers. The first tower 
is followed by a policy head and the second tower is followed by a value head.

(3) dual–conv: the network contains a non-residual tower of 12 convolutional 
blocks, followed by both a policy head and a value head.

(4) sep–conv: the network contains two non-residual towers of 12 convolutional 
blocks. The first tower is followed by a policy head and the second tower is followed 
by a value head. This is the architecture used in AlphaGo Lee.

Each network was trained on a fixed dataset containing the final 2 million 
games of self-play data generated by a previous run of AlphaGo Zero, using  
stochastic gradient descent with the annealing rate, momentum and regulariza-
tion hyperparameters described for the supervised learning experiment; however, 
cross-entropy and MSE components were weighted equally, since more data was 
available.
Evaluation. We evaluated the relative strength of AlphaGo Zero (Figs 3a, 6) by 
measuring the Elo rating of each player. We estimate the probability that player a  
will defeat player b by a logistic function =

+ −
P a b( defeats ) c e b e a

1
1 exp( ( ( ) ( ))elo

, and  
estimate the ratings e(·) by Bayesian logistic regression, computed by the BayesElo  
program25 using the standard constant celo =  1/400.

Elo ratings were computed from the results of a 5 s per move tournament 
between AlphaGo Zero, AlphaGo Master, AlphaGo Lee and AlphaGo Fan. The 
raw neural network from AlphaGo Zero was also included in the tournament. 
The Elo ratings of AlphaGo Fan, Crazy Stone, Pachi and GnuGo were anchored 
to the tournament values from previous work12, and correspond to the players 
reported in that work. The results of the matches of AlphaGo Fan against Fan 
Hui and AlphaGo Lee against Lee Sedol were also included to ground the scale 
to human references, as otherwise the Elo ratings of AlphaGo are unrealistically 
high due to self-play bias.

The Elo ratings in Figs 3a, 4a, 6a were computed from the results of evaluation 
games between each iteration of player αθi during self-play training. Further eval-
uations were also performed against baseline players with Elo ratings anchored to 
the previously published values12.

We measured the head-to-head performance of AlphaGo Zero against AlphaGo 
Lee, and the 40-block instance of AlphaGo Zero against AlphaGo Master, using the 
same player and match conditions that were used against Lee Sedol in Seoul, 2016. 
Each player received 2 h of thinking time plus 3 byoyomi periods of 60 s per move. 
All games were scored using Chinese rules with a komi of 7.5 points.
Data availability. The datasets used for validation and testing are the GoKifu 
dataset (available from http://gokifu.com/) and the KGS dataset (available from 
https://u-go.net/gamerecords/).
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56. Moravčík, M. et al. DeepStack: expert-level artificial intelligence in heads-up 
no-limit poker. Science 356, 508–513 (2017).

57. Tesauro, G & Galperin, G. On-line policy improvement using Monte-Carlo 
search. In Adv. Neural Inf. Process. Syst. 1068–1074 (1996).

58. Tesauro, G. Neurogammon: a neural-network backgammon program. In Proc. 
Int. Jt Conf. Neural Netw. Vol. 3, 33–39 (1990).

59. Samuel, A. L. Some studies in machine learning using the game of checkers II -  
recent progress. IBM J. Res. Develop. 11, 601–617 (1967).

60. Kober, J., Bagnell, J. A. & Peters, J. Reinforcement learning in robotics: a survey. 
Int. J. Robot. Res. 32, 1238–1274 (2013).

61. Zhang, W. & Dietterich, T. G. A reinforcement learning approach to job-shop 
scheduling. In Proc. 14th Int. Jt Conf. Artif. Intell. 1114–1120 (1995).

62. Cazenave, T., Balbo, F. & Pinson, S. Using a Monte-Carlo approach for bus 
regulation. In Int. IEEE Conf. Intell. Transport. Syst. 1–6 (2009).

63. Evans, R. & Gao, J. Deepmind AI reduces Google data centre cooling bill by 
40%. https://deepmind.com/blog/deepmind-ai-reduces-google-data-centre-
cooling-bill-40/ (2016).

64. Abe, N. et al. Empirical comparison of various reinforcement learning strategies 
for sequential targeted marketing. In IEEE Int. Conf. Data Mining 3–10 (2002).

65. Silver, D., Newnham, L., Barker, D., Weller, S. & McFall, J. Concurrent 
reinforcement learning from customer interactions. In Proc. 30th Int. Conf. 
Mach. Learn. Vol. 28 924–932 (2013).

66. Tromp, J. Tromp–Taylor rules. http://tromp.github.io/go.html (1995).
67. Müller, M. Computer Go. Artif. Intell. 134, 145–179 (2002).
68. Shahriari, B., Swersky, K., Wang, Z., Adams, R. P. & de Freitas, N. Taking the 

human out of the loop: a review of Bayesian optimization. Proc. IEEE 104, 
148–175 (2016).

69. Segal, R. B. On the scalability of parallel UCT. Comput. Games 6515, 36–47 
(2011).

© 2017 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

AlphaGo Zero (40 blocks)

5185

ARTICLERESEARCH

3 5 8  |  N A T U R E  |  V O L  5 5 0  |  1 9  O C T O B E R  2 0 1 7

Fig. 2); ultimately AlphaGo Zero preferred new joseki variants that 
were previously unknown (Fig. 5b and Extended Data Fig. 3). Figure 5c  
shows several fast self-play games played at different stages of train-
ing (see Supplementary Information). Tournament length games 
played at regular intervals throughout training are shown in Extended 
Data Fig. 4 and in the Supplementary Information. AlphaGo Zero 
rapidly progressed from entirely random moves towards a sophisti-
cated understanding of Go concepts, including fuseki (opening), tesuji  
(tactics), life-and-death, ko (repeated board situations), yose  
(endgame), capturing races, sente (initiative), shape, influence and  
territory, all discovered from first principles. Surprisingly, shicho  
(‘ladder’ capture sequences that may span the whole board)—one of 
the first elements of Go knowledge learned by humans—were only 
understood by AlphaGo Zero much later in training.

Final performance of AlphaGo Zero
We subsequently applied our reinforcement learning pipeline to a 
second instance of AlphaGo Zero using a larger neural network and 
over a longer duration. Training again started from completely random 
behaviour and continued for approximately 40 days.

Over the course of training, 29 million games of self-play were gener-
ated. Parameters were updated from 3.1 million mini-batches of 2,048 
positions each. The neural network contained 40 residual blocks. The 
learning curve is shown in Fig. 6a. Games played at regular intervals 
throughout training are shown in Extended Data Fig. 5 and in the 
Supplementary Information.

We evaluated the fully trained AlphaGo Zero using an internal 
tournament against AlphaGo Fan, AlphaGo Lee and several previous 
Go programs. We also played games against the strongest existing 
program, AlphaGo Master—a program based on the algorithm and 
architecture presented in this paper but using human data and fea-
tures (see Methods)—which defeated the strongest human professional 
players 60–0 in online games in January 201734. In our evaluation, all 
programs were allowed 5 s of thinking time per move; AlphaGo Zero 
and AlphaGo Master each played on a single machine with 4 TPUs; 
AlphaGo Fan and AlphaGo Lee were distributed over 176 GPUs and 
48 TPUs, respectively. We also included a player based solely on the raw 
neural network of AlphaGo Zero; this player simply selected the move 
with maximum probability.

Figure 6b shows the performance of each program on an Elo scale. 
The raw neural network, without using any lookahead, achieved an Elo 
rating of 3,055. AlphaGo Zero achieved a rating of 5,185, compared 

to 4,858 for AlphaGo Master, 3,739 for AlphaGo Lee and 3,144 for 
AlphaGo Fan.

Finally, we evaluated AlphaGo Zero head to head against AlphaGo 
Master in a 100-game match with 2-h time controls. AlphaGo Zero 
won by 89 games to 11 (see Extended Data Fig. 6 and Supplementary 
Information).

Conclusion
Our results comprehensively demonstrate that a pure reinforcement 
learning approach is fully feasible, even in the most challenging of 
domains: it is possible to train to superhuman level, without human 
examples or guidance, given no knowledge of the domain beyond basic 
rules. Furthermore, a pure reinforcement learning approach requires 
just a few more hours to train, and achieves much better asymptotic 
performance, compared to training on human expert data. Using this 
approach, AlphaGo Zero defeated the strongest previous versions of 
AlphaGo, which were trained from human data using handcrafted fea-
tures, by a large margin.

Humankind has accumulated Go knowledge from millions of games 
played over thousands of years, collectively distilled into patterns, prov-
erbs and books. In the space of a few days, starting tabula rasa, AlphaGo 
Zero was able to rediscover much of this Go knowledge, as well as novel 
strategies that provide new insights into the oldest of games.
Online Content Methods, along with any additional Extended Data display items and 
Source Data, are available in the online version of the paper; references unique to 
these sections appear only in the online paper.
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Figure 6 | Performance of AlphaGo Zero. a, Learning curve for AlphaGo 
Zero using a larger 40-block residual network over 40 days. The plot shows 
the performance of each player αθi from each iteration i of our 
reinforcement learning algorithm. Elo ratings were computed from 
evaluation games between different players, using 0.4 s per search (see 
Methods). b, Final performance of AlphaGo Zero. AlphaGo Zero was 
trained for 40 days using a 40-block residual neural network. The plot 
shows the results of a tournament between: AlphaGo Zero, AlphaGo 
Master (defeated top human professionals 60–0 in online games), AlphaGo 

Lee (defeated Lee Sedol), AlphaGo Fan (defeated Fan Hui), as well as 
previous Go programs Crazy Stone, Pachi and GnuGo. Each program was 
given 5 s of thinking time per move. AlphaGo Zero and AlphaGo Master 
played on a single machine on the Google Cloud; AlphaGo Fan and 
AlphaGo Lee were distributed over many machines. The raw neural 
network from AlphaGo Zero is also included, which directly selects the 
move a with maximum probability pa, without using MCTS. Programs 
were evaluated on an Elo scale25: a 200-point gap corresponds to a 75% 
probability of winning.
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Extended Data Fig. 3 | Overview of the architecture of AlphaStar. A detailed description 
can be found in Supplementary Data Architecture. 

 

Extended Data Fig. 4 | Distribution of units built in a game. Units built by Protoss 
AlphaStar Supervised (left) and AlphaStar Final (right) over multiple self-play games. 
AlphaStar Supervised can build every unit. 
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Definition.An alternating Markov Game is an MDP together with a decomposition of
the state space S = S0 qS1 (we write |s| = 0 if s 2 S0 and |s| = 1 if s 2 S1 and call these
even or odd states) such that the only possible transitions change the parity:

P (s0|s, a) = 0 if |s0| = |s| .

We think of a policy ⇡ : S �! �A as a pair of policies ⇡i = ⇡|Si , one for the even player
and one for the odd player, and R(s) is the reward obtained by the even player in state s
(the odd player receives �R(s), so this is a zero-sum game).
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Alternating Markov games

Definition.An alternating Markov Game is an MDP together with a decomposition of
the state space S = S0 qS1 (we write |s| = 0 if s 2 S0 and |s| = 1 if s 2 S1 and call these
even or odd states) such that the only possible transitions change the parity:

P (s0|s, a) = 0 if |s0| = |s| .

We think of a policy ⇡ : S �! �A as a pair of policies ⇡i = ⇡|Si , one for the even player
and one for the odd player, and R(s) is the reward obtained by the even player in state s

(the odd player receives �R(s), so this is a zero-sum game).

Remark. If (S = S0 q S1,A, R, P ) is an alternating Markov game and ⇡1 : S1 �! �A is
a policy for the odd player, then there is a Markov Decision Process

(S0,A0, R|S0 , P
⇡1)

where the odd player acts as the environment for the even player, so for s 2 S0

P
⇡1(s00|s, a) =

X

a02A

X

s02S

P (s0|s, a)⇡1(a
0|s0)P (s00|s0, a0) .

Theorem. Given a Markov Game the function �± : V �! V defined by

�±(v)(s) = R(s) + (�1)|s| sup
a2A(s)

X

s02S

�P (s0|s, a)(�1)|s|v(s0)

has a unique fixed point v⇤ and, writing ⇡
⇤ = ⇡

±
v⇤

• (⇡⇤
1, ⇡

⇤
2) = (⇡⇤|S0 , ⇡

⇤|S1) is the unique Nash equilibrium.

With v0 ⌘ 0, for s 2 S0

v1(s) := �±(v0)(s) = R(s)

v2(s) := �±(v1)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)R(s0)

v3(s) := �±(v2)(s) = R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)
h
R(s0)� � sup

a02A(s0)

X

s002S

P (s00|s0, a0)(�1)R(s00)
i

= R(s) + � sup
a2A(s)

X

s02S

P (s0|s, a)
h
R(s0) + � inf

a02A(s0)

X

s002S

P (s00|s0, a0)R(s00)
i

Definition.The alternating Markov Game Go has

S =
�
{0, white, black}{1,...,19}2

�2 ⇥ {0, 1}

where the even player is black. A state

s = (s0, s�1, p)
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METHODS
Reinforcement learning. Policy iteration20,21 is a classic algorithm that generates  
a sequence of improving policies, by alternating between policy evaluation— 
estimating the value function of the current policy—and policy improvement—
using the current value function to generate a better policy. A simple approach to 
policy evaluation is to estimate the value function from the outcomes of sampled 
trajectories35,36. A simple approach to policy improvement is to select actions 
greedily with respect to the value function20. In large state spaces, approximations 
are necessary to evaluate each policy and to represent its improvement22,23.

Classification-based reinforcement learning37 improves the policy using a  
simple Monte Carlo search. Many rollouts are executed for each action; the 
action with the maximum mean value provides a positive training example, while  
all other actions provide negative training examples; a policy is then trained to 
classify actions as positive or negative, and used in subsequent rollouts. This  
may be viewed as a precursor to the policy component of AlphaGo Zero’s training 
algorithm when τ→ 0.

A more recent instantiation, classification-based modified policy iteration 
(CBMPI), also performs policy evaluation by regressing a value function towards 
truncated rollout values, similar to the value component of AlphaGo Zero; this 
achieved state-of-the-art results in the game of Tetris38. However, this previous 
work was limited to simple rollouts and linear function approximation using hand-
crafted features.

The AlphaGo Zero self-play algorithm can similarly be understood as an 
approximate policy iteration scheme in which MCTS is used for both policy 
improvement and policy evaluation. Policy improvement starts with a neural 
network policy, executes an MCTS based on that policy’s recommendations, and 
then projects the (much stronger) search policy back into the function space of 
the neural network. Policy evaluation is applied to the (much stronger) search 
policy: the outcomes of self-play games are also projected back into the function 
space of the neural network. These projection steps are achieved by training the 
neural network parameters to match the search probabilities and self-play game 
outcome respectively.

Guo et al.7 also project the output of MCTS into a neural network, either by 
regressing a value network towards the search value, or by classifying the action 
selected by MCTS. This approach was used to train a neural network for playing 
Atari games; however, the MCTS was fixed—there was no policy iteration—and 
did not make any use of the trained networks.
Self-play reinforcement learning in games. Our approach is most directly appli-
cable to Zero-sum games of perfect information. We follow the formalism of alter-
nating Markov games described in previous work12, noting that algorithms based 
on value or policy iteration extend naturally to this setting39.

Self-play reinforcement learning has previously been applied to the game of 
Go. NeuroGo40,41 used a neural network to represent a value function, using a 
sophisticated architecture based on Go knowledge regarding connectivity, terri-
tory and eyes. This neural network was trained by temporal-difference learning42 
to predict territory in games of self-play, building on previous work43. A related 
approach, RLGO44, represented the value function instead by a linear combination 
of features, exhaustively enumerating all 3 ×  3 patterns of stones; it was trained 
by temporal-difference learning to predict the winner in games of self-play. Both 
NeuroGo and RLGO achieved a weak amateur level of play.

MCTS may also be viewed as a form of self-play reinforcement learning45. The 
nodes of the search tree contain the value function for the positions encountered 
during search; these values are updated to predict the winner of simulated games of 
self-play. MCTS programs have previously achieved strong amateur level in Go46,47, 
but used substantial domain expertise: a fast rollout policy, based on handcrafted 
features13,48, that evaluates positions by running simulations until the end of the 
game; and a tree policy, also based on handcrafted features, that selects moves 
within the search tree47.

Self-play reinforcement learning approaches have achieved high levels of perfor-
mance in other games: chess49–51, checkers52, backgammon53, othello54, Scrabble55 
and most recently poker56. In all of these examples, a value function was trained by 
regression54–56 or temporal-difference learning49–53 from training data generated 
by self-play. The trained value function was used as an evaluation function in an 
alpha–beta search49–54, a simple Monte Carlo search55,57 or counterfactual regret 
minimization56. However, these methods used handcrafted input features49–53,56 
or handcrafted feature templates54,55. In addition, the learning process used super-
vised learning to initialize weights58, hand-selected weights for piece values49,51,52, 
handcrafted restrictions on the action space56 or used pre-existing computer pro-
grams as training opponents49,50, or to generate game records51.

Many of the most successful and widely used reinforcement learning methods 
were first introduced in the context of Zero-sum games: temporal-difference learn-
ing was first introduced for a checkers-playing program59, while MCTS was intro-
duced for the game of Go13. However, very similar algorithms have subsequently 

proven highly effective in video games6–8,10, robotics60, industrial control61–63 and 
online recommendation systems64,65.
AlphaGo versions. We compare three distinct versions of AlphaGo:

(1) AlphaGo Fan is the previously published program12 that played against Fan 
Hui in October 2015. This program was distributed over many machines using 
176 GPUs.

(2) AlphaGo Lee is the program that defeated Lee Sedol 4–1 in March 2016. 
It was previously unpublished, but is similar in most regards to AlphaGo Fan12. 
However, we highlight several key differences to facilitate a fair comparison. First, 
the value network was trained from the outcomes of fast games of self-play by 
AlphaGo, rather than games of self-play by the policy network; this procedure 
was iterated several times—an initial step towards the tabula rasa algorithm pre-
sented in this paper. Second, the policy and value networks were larger than those 
described in the original paper—using 12 convolutional layers of 256 planes—
and were trained for more iterations. This player was also distributed over many 
machines using 48 TPUs, rather than GPUs, enabling it to evaluate neural networks 
faster during search.

(3) AlphaGo Master is the program that defeated top human players by 60–0 
in January 201734. It was previously unpublished, but uses the same neural  
network architecture, reinforcement learning algorithm, and MCTS algorithm 
as described in this paper. However, it uses the same handcrafted features and 
rollouts as AlphaGo Lee12 and training was initialized by supervised learning from 
human data.

(4) AlphaGo Zero is the program described in this paper. It learns from self-
play reinforcement learning, starting from random initial weights, without using 
rollouts, with no human supervision and using only the raw board history as input 
features. It uses just a single machine in the Google Cloud with 4 TPUs (AlphaGo 
Zero could also be distributed, but we chose to use the simplest possible search 
algorithm).
Domain knowledge. Our primary contribution is to demonstrate that superhu-
man performance can be achieved without human domain knowledge. To clarify 
this contribution, we enumerate the domain knowledge that AlphaGo Zero uses, 
explicitly or implicitly, either in its training procedure or its MCTS; these are the 
items of knowledge that would need to be replaced for AlphaGo Zero to learn a 
different (alternating Markov) game.

(1) AlphaGo Zero is provided with perfect knowledge of the game rules. These 
are used during MCTS, to simulate the positions resulting from a sequence of 
moves, and to score any simulations that reach a terminal state. Games terminate 
when both players pass or after 19 ×  19 ×  2 =  722 moves. In addition, the player is 
provided with the set of legal moves in each position.

(2) AlphaGo Zero uses Tromp–Taylor scoring66 during MCTS simulations and 
self-play training. This is because human scores (Chinese, Japanese or Korean 
rules) are not well-defined if the game terminates before territorial boundaries 
are resolved. However, all tournament and evaluation games were scored using 
Chinese rules.

(3) The input features describing the position are structured as a 19 ×  19 image; 
that is, the neural network architecture is matched to the grid-structure of the board.

(4) The rules of Go are invariant under rotation and reflection; this knowledge 
has been used in AlphaGo Zero both by augmenting the dataset during training to 
include rotations and reflections of each position, and to sample random rotations 
or reflections of the position during MCTS (see Search algorithm). Aside from 
komi, the rules of Go are also invariant to colour transposition; this knowledge is 
exploited by representing the board from the perspective of the current player (see 
Neural network architecture).

AlphaGo Zero does not use any form of domain knowledge beyond the points 
listed above. It only uses its deep neural network to evaluate leaf nodes and to select 
moves (see ‘Search algorithm’). It does not use any rollout policy or tree policy, and 
the MCTS is not augmented by any other heuristics or domain-specific rules. No 
legal moves are excluded—even those filling in the player’s own eyes (a standard 
heuristic used in all previous programs67).

The algorithm was started with random initial parameters for the neural net-
work. The neural network architecture (see ‘Neural network architecture’) is based 
on the current state of the art in image recognition4,18, and hyperparameters for 
training were chosen accordingly (see ‘Self-play training pipeline’). MCTS search 
parameters were selected by Gaussian process optimization68, so as to optimize  
self-play performance of AlphaGo Zero using a neural network trained in a  
preliminary run. For the larger run (40 blocks, 40 days), MCTS search param-
eters were re-optimized using the neural network trained in the smaller run  
(20 blocks, 3 days). The training algorithm was executed autonomously without 
human intervention.
Self-play training pipeline. AlphaGo Zero’s self-play training pipeline consists of 
three main components, all executed asynchronously in parallel. Neural network 
parameters θi are continually optimized from recent self-play data; AlphaGo Zero 
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Definition.A feedforward ReLU neural network N with input width n, output width m
and depth k consists of

• A sequence of integer widths n = d1, d2, . . . , dk+1 = m,

• A sequence of a�ne functions {Ai : Rdi �! Rdi+1}ki=1.

Associated to every ReLU net N is a continuous function

fN : Rn �! Rm ,

fN = Ak � ReLU � · · · � ReLU �A1

where the rectified linear unit (ReLU) is the function

ReLU : Rd �! Rd ,

(x1, . . . , xd) 7�! (max{x1, 0}, · · · ,max{xd, 0}) .

Theorem (Hanin-Sellke ’17). If K ✓ Rn is compact, f : K �! Rm is continuous and
" > 0, there exists a ReLU net N with widths bounded above by m+ n such that

sup
x2K

kf(x)� fN (x)k < " .
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players αθi are continually evaluated; and the best performing player so far, αθ∗, is 
used to generate new self-play data.
Optimization. Each neural network θf i is optimized on the Google Cloud using 
TensorFlow, with 64 GPU workers and 19 CPU parameter servers. The batch-size 
is 32 per worker, for a total mini-batch size of 2,048. Each mini-batch of data is 
sampled uniformly at random from all positions of the most recent 500,000 games 
of self-play. Neural network parameters are optimized by stochastic gradient 
descent with momentum and learning rate annealing, using the loss in equation 
(1). The learning rate is annealed according to the standard schedule in Extended 
Data Table 3. The momentum parameter is set to 0.9. The cross-entropy and MSE 
losses are weighted equally (this is reasonable because rewards are unit scaled,  
r ∈  {−  1, + 1}) and the L2 regularization parameter is set to c =  10−4. The optimiza-
tion process produces a new checkpoint every 1,000 training steps. This checkpoint 
is evaluated by the evaluator and it may be used for generating the next batch of 
self-play games, as we explain next.
Evaluator. To ensure we always generate the best quality data, we evaluate each 
new neural network checkpoint against the current best network θ∗f  before using 
it for data generation. The neural network θf i is evaluated by the performance of 
an MCTS search αθi that uses θf i to evaluate leaf positions and prior probabilities 
(see Search algorithm). Each evaluation consists of 400 games, using an MCTS 
with 1,600 simulations to select each move, using an infinitesimal temperature  
τ→ 0 (that is, we deterministically select the move with maximum visit count, to 
give the strongest possible play). If the new player wins by a margin of > 55% (to 
avoid selecting on noise alone) then it becomes the best player αθ∗, and is subse-
quently used for self-play generation, and also becomes the baseline for subsequent  
comparisons.
Self-play. The best current player αθ∗, as selected by the evaluator, is used to  
generate data. In each iteration, αθ∗ plays 25,000 games of self-play, using 1,600  
simulations of MCTS to select each move (this requires approximately 0.4 s per 
search). For the first 30 moves of each game, the temperature is set to τ =  1; this 
selects moves proportionally to their visit count in MCTS, and ensures a diverse 
set of positions are encountered. For the remainder of the game, an infinitesimal 
temperature is used, τ→ 0. Additional exploration is achieved by adding Dirichlet 
noise to the prior probabilities in the root node s0, specifically P(s, a) =   
(1 −   ε)pa +  εηa, where η ∼  Dir(0.03) and ε =  0.25; this noise ensures that all 
moves may be tried, but the search may still overrule bad moves. In order to save 
computation, clearly lost games are resigned. The resignation threshold vresign is 
selected automatically to keep the fraction of false positives (games that could 
have been won if AlphaGo had not resigned) below 5%. To measure false posi-
tives, we disable resignation in 10% of self-play games and play until termination.
Supervised learning. For comparison, we also trained neural network parame-
ters θSL by supervised learning. The neural network architecture was identical to 
AlphaGo Zero. Mini-batches of data (s, π, z) were sampled at random from the 
KGS dataset, setting πa =  1 for the human expert move a. Parameters were opti-
mized by stochastic gradient descent with momentum and learning rate annealing, 
using the same loss as in equation (1), but weighting the MSE component by a 
factor of 0.01. The learning rate was annealed according to the standard schedule 
in Extended Data Table 3. The momentum parameter was set to 0.9, and the L2 
regularization parameter was set to c =  10−4.

By using a combined policy and value network architecture, and by using a 
low weight on the value component, it was possible to avoid overfitting to the 
values (a problem described in previous work12). After 72 h the move prediction 
accuracy exceeded the state of the art reported in previous work12,30–33, reaching 
60.4% on the KGS test set; the value prediction error was also substantially better 
than previously reported12. The validation set was composed of professional games 
from GoKifu. Accuracies and MSEs are reported in Extended Data Table 1 and 
Extended Data Table 2, respectively.
Search algorithm. AlphaGo Zero uses a much simpler variant of the asynchro-
nous policy and value MCTS algorithm (APV-MCTS) used in AlphaGo Fan and 
AlphaGo Lee.

Each node s in the search tree contains edges (s, a) for all legal actions ∈Aa s( ). 
Each edge stores a set of statistics,

N s a W s a Q s a P s a{ ( , ), ( , ), ( , ), ( , )}

where N(s, a) is the visit count, W(s, a) is the total action value, Q(s, a) is the mean 
action value and P(s, a) is the prior probability of selecting that edge. Multiple 
simulations are executed in parallel on separate search threads. The algorithm 
proceeds by iterating over three phases (Fig. 2a–c), and then selects a move to 
play (Fig. 2d).
Select (Fig. 2a). The selection phase is almost identical to AlphaGo Fan12; we 
recapitulate here for completeness. The first in-tree phase of each simulation begins 
at the root node of the search tree, s0, and finishes when the simulation reaches a 

leaf node sL at time-step L. At each of these time-steps, t <  L, an action is selected 
according to the statistics in the search tree, = +a Q s a U s aargmax( ( , ) ( , ))t

a
t t ,   

using a variant of the PUCT algorithm24,

=
∑
+

U s a c P s a
N s b
N s a

( , ) ( , )
( , )

1 ( , )
b

puct

where cpuct is a constant determining the level of exploration; this search control 
strategy initially prefers actions with high prior probability and low visit count, but 
asympotically prefers actions with high action value.
Expand and evaluate (Fig. 2b). The leaf node sL is added to a queue for neural net-
work evaluation, (di(p), v) =  fθ(di(sL)), where di is a dihedral reflection or rotation 
selected uniformly at random from i in [1..8]. Positions in the queue are evaluated 
by the neural network using a mini-batch size of 8; the search thread is locked until 
evaluation completes. The leaf node is expanded and each edge (sL, a) is initialized to 
{N(sL, a) =  0, W(sL, a) =  0, Q(sL, a) =  0, P(sL, a) =  pa}; the value v is then backed up.
Backup (Fig. 2c). The edge statistics are updated in a backward pass through each 
step t ≤  L. The visit counts are incremented, N(st, at) =  N(st, at) +  1, and the action  
value is updated to the mean value, = + =W s a W s a v Q s a( , ) ( , ) , ( , )t t t t t t

W s a
N s a

( , )
( , )

t t
t t

  
We use virtual loss to ensure each thread evaluates different nodes12,69.
Play (Fig. 2d). At the end of the search AlphaGo Zero selects a move a to play  
in the root position s0, proportional to its exponentiated visit count, 
π | = /∑τ τ/ /a s N s a N s b( ) ( , ) ( , )b0 0 1 0 1 , where τ is a temperature parameter that 
controls the level of exploration. The search tree is reused at subsequent time-steps: 
the child node corresponding to the played action becomes the new root node; the 
subtree below this child is retained along with all its statistics, while the remainder 
of the tree is discarded. AlphaGo Zero resigns if its root value and best child value 
are lower than a threshold value vresign.

Compared to the MCTS in AlphaGo Fan and AlphaGo Lee, the principal dif-
ferences are that AlphaGo Zero does not use any rollouts; it uses a single neu-
ral network instead of separate policy and value networks; leaf nodes are always 
expanded, rather than using dynamic expansion; each search thread simply waits 
for the neural network evaluation, rather than performing evaluation and backup 
asynchronously; and there is no tree policy. A transposition table was also used in 
the large (40 blocks, 40 days) instance of AlphaGo Zero.
Neural network architecture. The input to the neural network is a 19 ×  19 ×  17 
image stack comprising 17 binary feature planes. Eight feature planes, Xt, consist 
of binary values indicating the presence of the current player’s stones ( =X 1t

i  if 
intersection i contains a stone of the player’s colour at time-step t; 0 if the intersec-
tion is empty, contains an opponent stone, or if t <  0). A further 8 feature planes, 
Yt, represent the corresponding features for the opponent’s stones. The final feature 
plane, C, represents the colour to play, and has a constant value of either 1 if black 
is to play or 0 if white is to play. These planes are concatenated together to give 
input features st =  [Xt, Yt, Xt−1, Yt−1,..., Xt−7, Yt−7, C]. History features Xt, Yt are 
necessary, because Go is not fully observable solely from the current stones, as 
repetitions are forbidden; similarly, the colour feature C is necessary, because the 
komi is not observable.

The input features st are processed by a residual tower that consists of a single 
convolutional block followed by either 19 or 39 residual blocks4.

The convolutional block applies the following modules:
(1) A convolution of 256 filters of kernel size 3 ×  3 with stride 1
(2) Batch normalization18

(3) A rectifier nonlinearity
Each residual block applies the following modules sequentially to its input:
(1) A convolution of 256 filters of kernel size 3 ×  3 with stride 1
(2) Batch normalization
(3) A rectifier nonlinearity
(4) A convolution of 256 filters of kernel size 3 ×  3 with stride 1
(5) Batch normalization
(6) A skip connection that adds the input to the block
(7) A rectifier nonlinearity
The output of the residual tower is passed into two separate ‘heads’ for  

computing the policy and value. The policy head applies the following modules:
(1) A convolution of 2 filters of kernel size 1 ×  1 with stride 1
(2) Batch normalization
(3) A rectifier nonlinearity
(4) A fully connected linear layer that outputs a vector of size 192 +  1 =  362, 

corresponding to logit probabilities for all intersections and the pass move
The value head applies the following modules:
(1) A convolution of 1 filter of kernel size 1 ×  1 with stride 1
(2) Batch normalization
(3) A rectifier nonlinearity
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players αθi are continually evaluated; and the best performing player so far, αθ∗, is 
used to generate new self-play data.
Optimization. Each neural network θf i is optimized on the Google Cloud using 
TensorFlow, with 64 GPU workers and 19 CPU parameter servers. The batch-size 
is 32 per worker, for a total mini-batch size of 2,048. Each mini-batch of data is 
sampled uniformly at random from all positions of the most recent 500,000 games 
of self-play. Neural network parameters are optimized by stochastic gradient 
descent with momentum and learning rate annealing, using the loss in equation 
(1). The learning rate is annealed according to the standard schedule in Extended 
Data Table 3. The momentum parameter is set to 0.9. The cross-entropy and MSE 
losses are weighted equally (this is reasonable because rewards are unit scaled,  
r ∈  {−  1, + 1}) and the L2 regularization parameter is set to c =  10−4. The optimiza-
tion process produces a new checkpoint every 1,000 training steps. This checkpoint 
is evaluated by the evaluator and it may be used for generating the next batch of 
self-play games, as we explain next.
Evaluator. To ensure we always generate the best quality data, we evaluate each 
new neural network checkpoint against the current best network θ∗f  before using 
it for data generation. The neural network θf i is evaluated by the performance of 
an MCTS search αθi that uses θf i to evaluate leaf positions and prior probabilities 
(see Search algorithm). Each evaluation consists of 400 games, using an MCTS 
with 1,600 simulations to select each move, using an infinitesimal temperature  
τ→ 0 (that is, we deterministically select the move with maximum visit count, to 
give the strongest possible play). If the new player wins by a margin of > 55% (to 
avoid selecting on noise alone) then it becomes the best player αθ∗, and is subse-
quently used for self-play generation, and also becomes the baseline for subsequent  
comparisons.
Self-play. The best current player αθ∗, as selected by the evaluator, is used to  
generate data. In each iteration, αθ∗ plays 25,000 games of self-play, using 1,600  
simulations of MCTS to select each move (this requires approximately 0.4 s per 
search). For the first 30 moves of each game, the temperature is set to τ =  1; this 
selects moves proportionally to their visit count in MCTS, and ensures a diverse 
set of positions are encountered. For the remainder of the game, an infinitesimal 
temperature is used, τ→ 0. Additional exploration is achieved by adding Dirichlet 
noise to the prior probabilities in the root node s0, specifically P(s, a) =   
(1 −   ε)pa +  εηa, where η ∼  Dir(0.03) and ε =  0.25; this noise ensures that all 
moves may be tried, but the search may still overrule bad moves. In order to save 
computation, clearly lost games are resigned. The resignation threshold vresign is 
selected automatically to keep the fraction of false positives (games that could 
have been won if AlphaGo had not resigned) below 5%. To measure false posi-
tives, we disable resignation in 10% of self-play games and play until termination.
Supervised learning. For comparison, we also trained neural network parame-
ters θSL by supervised learning. The neural network architecture was identical to 
AlphaGo Zero. Mini-batches of data (s, π, z) were sampled at random from the 
KGS dataset, setting πa =  1 for the human expert move a. Parameters were opti-
mized by stochastic gradient descent with momentum and learning rate annealing, 
using the same loss as in equation (1), but weighting the MSE component by a 
factor of 0.01. The learning rate was annealed according to the standard schedule 
in Extended Data Table 3. The momentum parameter was set to 0.9, and the L2 
regularization parameter was set to c =  10−4.

By using a combined policy and value network architecture, and by using a 
low weight on the value component, it was possible to avoid overfitting to the 
values (a problem described in previous work12). After 72 h the move prediction 
accuracy exceeded the state of the art reported in previous work12,30–33, reaching 
60.4% on the KGS test set; the value prediction error was also substantially better 
than previously reported12. The validation set was composed of professional games 
from GoKifu. Accuracies and MSEs are reported in Extended Data Table 1 and 
Extended Data Table 2, respectively.
Search algorithm. AlphaGo Zero uses a much simpler variant of the asynchro-
nous policy and value MCTS algorithm (APV-MCTS) used in AlphaGo Fan and 
AlphaGo Lee.

Each node s in the search tree contains edges (s, a) for all legal actions ∈Aa s( ). 
Each edge stores a set of statistics,

N s a W s a Q s a P s a{ ( , ), ( , ), ( , ), ( , )}

where N(s, a) is the visit count, W(s, a) is the total action value, Q(s, a) is the mean 
action value and P(s, a) is the prior probability of selecting that edge. Multiple 
simulations are executed in parallel on separate search threads. The algorithm 
proceeds by iterating over three phases (Fig. 2a–c), and then selects a move to 
play (Fig. 2d).
Select (Fig. 2a). The selection phase is almost identical to AlphaGo Fan12; we 
recapitulate here for completeness. The first in-tree phase of each simulation begins 
at the root node of the search tree, s0, and finishes when the simulation reaches a 

leaf node sL at time-step L. At each of these time-steps, t <  L, an action is selected 
according to the statistics in the search tree, = +a Q s a U s aargmax( ( , ) ( , ))t

a
t t ,   

using a variant of the PUCT algorithm24,

=
∑
+

U s a c P s a
N s b
N s a

( , ) ( , )
( , )

1 ( , )
b

puct

where cpuct is a constant determining the level of exploration; this search control 
strategy initially prefers actions with high prior probability and low visit count, but 
asympotically prefers actions with high action value.
Expand and evaluate (Fig. 2b). The leaf node sL is added to a queue for neural net-
work evaluation, (di(p), v) =  fθ(di(sL)), where di is a dihedral reflection or rotation 
selected uniformly at random from i in [1..8]. Positions in the queue are evaluated 
by the neural network using a mini-batch size of 8; the search thread is locked until 
evaluation completes. The leaf node is expanded and each edge (sL, a) is initialized to 
{N(sL, a) =  0, W(sL, a) =  0, Q(sL, a) =  0, P(sL, a) =  pa}; the value v is then backed up.
Backup (Fig. 2c). The edge statistics are updated in a backward pass through each 
step t ≤  L. The visit counts are incremented, N(st, at) =  N(st, at) +  1, and the action  
value is updated to the mean value, = + =W s a W s a v Q s a( , ) ( , ) , ( , )t t t t t t

W s a
N s a

( , )
( , )

t t
t t

  
We use virtual loss to ensure each thread evaluates different nodes12,69.
Play (Fig. 2d). At the end of the search AlphaGo Zero selects a move a to play  
in the root position s0, proportional to its exponentiated visit count, 
π | = /∑τ τ/ /a s N s a N s b( ) ( , ) ( , )b0 0 1 0 1 , where τ is a temperature parameter that 
controls the level of exploration. The search tree is reused at subsequent time-steps: 
the child node corresponding to the played action becomes the new root node; the 
subtree below this child is retained along with all its statistics, while the remainder 
of the tree is discarded. AlphaGo Zero resigns if its root value and best child value 
are lower than a threshold value vresign.

Compared to the MCTS in AlphaGo Fan and AlphaGo Lee, the principal dif-
ferences are that AlphaGo Zero does not use any rollouts; it uses a single neu-
ral network instead of separate policy and value networks; leaf nodes are always 
expanded, rather than using dynamic expansion; each search thread simply waits 
for the neural network evaluation, rather than performing evaluation and backup 
asynchronously; and there is no tree policy. A transposition table was also used in 
the large (40 blocks, 40 days) instance of AlphaGo Zero.
Neural network architecture. The input to the neural network is a 19 ×  19 ×  17 
image stack comprising 17 binary feature planes. Eight feature planes, Xt, consist 
of binary values indicating the presence of the current player’s stones ( =X 1t

i  if 
intersection i contains a stone of the player’s colour at time-step t; 0 if the intersec-
tion is empty, contains an opponent stone, or if t <  0). A further 8 feature planes, 
Yt, represent the corresponding features for the opponent’s stones. The final feature 
plane, C, represents the colour to play, and has a constant value of either 1 if black 
is to play or 0 if white is to play. These planes are concatenated together to give 
input features st =  [Xt, Yt, Xt−1, Yt−1,..., Xt−7, Yt−7, C]. History features Xt, Yt are 
necessary, because Go is not fully observable solely from the current stones, as 
repetitions are forbidden; similarly, the colour feature C is necessary, because the 
komi is not observable.

The input features st are processed by a residual tower that consists of a single 
convolutional block followed by either 19 or 39 residual blocks4.

The convolutional block applies the following modules:
(1) A convolution of 256 filters of kernel size 3 ×  3 with stride 1
(2) Batch normalization18

(3) A rectifier nonlinearity
Each residual block applies the following modules sequentially to its input:
(1) A convolution of 256 filters of kernel size 3 ×  3 with stride 1
(2) Batch normalization
(3) A rectifier nonlinearity
(4) A convolution of 256 filters of kernel size 3 ×  3 with stride 1
(5) Batch normalization
(6) A skip connection that adds the input to the block
(7) A rectifier nonlinearity
The output of the residual tower is passed into two separate ‘heads’ for  

computing the policy and value. The policy head applies the following modules:
(1) A convolution of 2 filters of kernel size 1 ×  1 with stride 1
(2) Batch normalization
(3) A rectifier nonlinearity
(4) A fully connected linear layer that outputs a vector of size 192 +  1 =  362, 

corresponding to logit probabilities for all intersections and the pass move
The value head applies the following modules:
(1) A convolution of 1 filter of kernel size 1 ×  1 with stride 1
(2) Batch normalization
(3) A rectifier nonlinearity

© 2017 Macmillan Publishers Limited, part of Springer Nature. All rights reserved.

ARTICLERESEARCH

(4) A fully connected linear layer to a hidden layer of size 256
(5) A rectifier nonlinearity
(6) A fully connected linear layer to a scalar
(7) A tanh nonlinearity outputting a scalar in the range [− 1, 1]
The overall network depth, in the 20- or 40-block network, is 39 or 79 param-

eterized layers, respectively, for the residual tower, plus an additional 2 layers for 
the policy head and 3 layers for the value head.

We note that a different variant of residual networks was simultaneously applied 
to computer Go33 and achieved an amateur dan-level performance; however, this 
was restricted to a single-headed policy network trained solely by supervised 
learning.
Neural network architecture comparison. Figure 4 shows the results of a com-
parison between network architectures. Specifically, we compared four different 
neural networks:

(1) dual–res: the network contains a 20-block residual tower, as described above, 
followed by both a policy head and a value head. This is the architecture used in 
AlphaGo Zero.

(2) sep–res: the network contains two 20-block residual towers. The first tower 
is followed by a policy head and the second tower is followed by a value head.

(3) dual–conv: the network contains a non-residual tower of 12 convolutional 
blocks, followed by both a policy head and a value head.

(4) sep–conv: the network contains two non-residual towers of 12 convolutional 
blocks. The first tower is followed by a policy head and the second tower is followed 
by a value head. This is the architecture used in AlphaGo Lee.

Each network was trained on a fixed dataset containing the final 2 million 
games of self-play data generated by a previous run of AlphaGo Zero, using  
stochastic gradient descent with the annealing rate, momentum and regulariza-
tion hyperparameters described for the supervised learning experiment; however, 
cross-entropy and MSE components were weighted equally, since more data was 
available.
Evaluation. We evaluated the relative strength of AlphaGo Zero (Figs 3a, 6) by 
measuring the Elo rating of each player. We estimate the probability that player a  
will defeat player b by a logistic function =

+ −
P a b( defeats ) c e b e a

1
1 exp( ( ( ) ( ))elo

, and  
estimate the ratings e(·) by Bayesian logistic regression, computed by the BayesElo  
program25 using the standard constant celo =  1/400.

Elo ratings were computed from the results of a 5 s per move tournament 
between AlphaGo Zero, AlphaGo Master, AlphaGo Lee and AlphaGo Fan. The 
raw neural network from AlphaGo Zero was also included in the tournament. 
The Elo ratings of AlphaGo Fan, Crazy Stone, Pachi and GnuGo were anchored 
to the tournament values from previous work12, and correspond to the players 
reported in that work. The results of the matches of AlphaGo Fan against Fan 
Hui and AlphaGo Lee against Lee Sedol were also included to ground the scale 
to human references, as otherwise the Elo ratings of AlphaGo are unrealistically 
high due to self-play bias.

The Elo ratings in Figs 3a, 4a, 6a were computed from the results of evaluation 
games between each iteration of player αθi during self-play training. Further eval-
uations were also performed against baseline players with Elo ratings anchored to 
the previously published values12.

We measured the head-to-head performance of AlphaGo Zero against AlphaGo 
Lee, and the 40-block instance of AlphaGo Zero against AlphaGo Master, using the 
same player and match conditions that were used against Lee Sedol in Seoul, 2016. 
Each player received 2 h of thinking time plus 3 byoyomi periods of 60 s per move. 
All games were scored using Chinese rules with a komi of 7.5 points.
Data availability. The datasets used for validation and testing are the GoKifu 
dataset (available from http://gokifu.com/) and the KGS dataset (available from 
https://u-go.net/gamerecords/).
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