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Initialize Q(s,a) arbitrarily
Repeat (for each episode):
Initialize s
Repeat (for each step of episode):
Choose a from s using policy derived from @ (e.g., e-greedy)
Take action a, observe r, s’

Q(s.a) — Q(s,a) u-[r' v max, Q(s',a’) Q(H.u)|

g +— g
until s is terminal
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Initialize Q(s. a) arbitrarily
Repeat (for each episode):
Initialize s
Choose a from s using policy derived from @ (e.g., e-greedy)
Repeat (for each step of episode):
Take action a, observe r, s’
Choose a' from s using policy derived from @ (e.g.. e-greedy)

Q(s.a) — Q(s,a) + alr +7Q(s.a') - Q(s,a)]

! !
S 8.d— 0,

until s is terminal
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(- )Env & 5 28 %

1. &% TKINTER(EI /425 %2 4 6 )HEse

import numpy as np
import time
import sys
if sys.version_info.major ==
import Tkinter as tk
else:
import tkinter as tk

2. RTHIAET

UNIT = 40
MAZE H = 5
MAZE W = 5

3. WA IEC» R WL )

class Maze(tk.Tk, object):
def __init__(self):

super(Maze, self). init ()
self.action_space = ['u', 'd", '1", 'r']
self.n_actions = len(self.action_space)
self.title( 'maze")
self.geometry( ' {0}x{1}"'.format(MAZE H * UNIT, MAZE H * UNIT))
self. build maze()

4, Ed- B RS ik g (maze)

def _build_maze(self):
self.canvas = tk.Canvas(self, bg="white’,
height=MAZE H * UNIT,
width=MAZE W * UNIT)

for ¢ in range(®, MAZE W * UNIT, UNIT):
x0, yo, x1, yl = c, @, c, MAZE H * UNIT
self.canvas.create line(xe, yo, x1, y1)
for r in range(®, MAZE H * UNIT, UNIT):
X0, yo, x1, yl = @, r, MAZE W * UNIT, r
self.canvas.create line(xe, yo, x1, y1)

origin = np.array([2e, 28])



5. WEIAH () FH(F) ~ F(2)*3

hell2 center = origin + np.array([UNIT * 2, UNIT * 1])
self.hell2 = self.canvas.create rectangle(
hell2 center[@] - 15, hell2 center[1] - 15,
hell2 center[@] + 15, hell2 center[1] + 15,
fill="black")

hell3 center = origin + np.array([UNIT * 1, UNIT * 3])
self.hell3 = self.canvas.create rectangle(
hell3 center[@] - 15, hell3 center[1] - 15,
hell3 center[@] + 15, hell3 center[1] + 15,
fill="black")

helld center = origin + np.array([UNIT * 4, UNIT * 2])
self.helld = self.canvas.create rectangle(
hellda center[@] - 15, hell4 center[1] - 15,
helld center[@] + 15, hell4 center[1] + 15,
fill="black")

oval center = origin +np.array([UNIT * 2, UNIT * 3])
self.oval = self.canvas.create oval(
oval center[@] - 15, oval center[1] - 15,
oval center[@] + 15, oval center[1] + 15,
till="yellow")

self.rect = self.canvas.create _rectangle(
origin[@] - 15, origin[1] - 15,
origin[@] + 15, origin[1] + 15,
fill="red")

self.canvas.pack()

6. REFW g HRR L HRFREwIIRE

# HE (WEIEFE AR AKE]

def reset(self):

self.update()

time.sleep(@.5)

self.canvas.delete(self.rect)

origin = np.array([2@e, 20])

self.rect = self.canvas.create rectangle(
origin[@] - 15, origin[1] - 15,
origin[@] + 15, origin[1] + 15,
fill="red")

# return observation

return self.canvas.coords(self.rect)

o
. qt




7. M ERE{IT - AH TR aﬁa%ﬂﬁ,{:/ﬁ%

#EBTEE SRR 1oAY | A R A5
def step(self, action):
s = self.canvas.coords(self.rect)
base_action = np.array([e, @])
#HE LB
if action == @: # up
if s[1] > UNIT:
base_action[1] -= UNIT
elif action == 1: # down
if s[1] < (MAZE_H - 1) * UNIT:
base action[1] += UNIT
elif action == 2: # right
if s[@] < (MAZE W - 1) * UNIT:
base action[®] += UNIT
elif action == 3: # left
if s[@] > UNIT:
base_action[©®] -= UNIT

self.canvas.move(self.rect, base_action[®@], base_action[1]) # move agent
#/2  fdstate
s_ = self.canvas.coords(self.rect)

8. APl

# reward functionEEFEEL

if s == self.canvas.coords(self.oval):
reward = 3
done = True
s = "terminal’

#elif s_ in [self.canvas.coords(self.helll), self.canvas.coords(self.hell2)]:

elif s == self.canvas.coords(self.hell2):
reward = -1
done = True
s_ = ‘terminal’

elif s_ in [self.canvas.coords(self.hell3), self.canvas.coords(self.hell4)]:
reward = -1 # FEillEER - 255 S -1
done = True
s = "terminal’ # Z&f

else:
reward = @
done = False

return s_, reward, done

(= )Q-learning

RL_brain



1. % % QLearningTable 2 4= 458

import numpy as np
import pandas as pd

class QlLearningTable:
def init_ (self, actions, learning rate=0.01, reward decay=0.9, e _greedy=0.9):
self.actions = actions # a Llst
self.1r = learning_rate #57%
self.gamma = reward decay #:
self.epsilon = e _greedy #¢ 3
self.q_table = pd.DataFrame(columns=self.actions, dtype=np.float6d) #Q 7

2

2. E$ action - Atk B iz costate £ F ¢ 53 A0 1% e-greedy i&
FEY o ZER Qvalue it i o
#

¢ observation
def choose_action(self, observation):
self.check_state_exist(observation) # f
# action selection #E7) /7] Epsilon Greedy
if np.random.uniform() < self.epsilon:

# choose best action

state_action = self.q_table.loc[observation, :] #F&QTABLE// ¥

# some actions may have the same value, randomly choose on in these actions

action = np.random.choice(state_action[state_action == np.max(state_action)].index)
else:

# choose random action

action = np.random.choice(self.actions)
return action

3. hrrinstate iy 0 T - H B2 - FER ) action 0 { #7 Q-
table

def learn(self, s, a, r, s_):
self.check_state_exist(s_)
g_predict = self.q_table.loc[s, a]
if s_ != "terminal’:
q target = r + self.gamma * self.q table.loc[s , :].max() # next state is not terminal
else:
q_target = r # next state is terminal
self.q_table.loc[s, a] += self.lr * (qg_target - g_predict) # update

4. twhp o state £F © & Q-table ¥ - FERF 4

def check_state_exist(self, state):
if state not in self.q_table.index:
# append new state to g table
self.q_table = self.q_table._append(
pd.Series(

[8]*1en(self.actions),
index=self.q_table.columns,
name=state,

import matplotlib.pyplot as plt
from maze_env2 import Maze
from RL_brain2 import QLearningTable



2. L AR > B w & ¢ 50 Q-Table 2 4 #ic -

def update():
reward = @
reward_list 1 = []
step_list = []
for episode in range(38):
# initial observation
step count = @
observation = env.reset()
#step count = @ # FIEREAESVACET
while True:
# fresh env
env.render()

# RL choose action based on observation RL A fEidffobservationfE#E action
action = RL.choose_action(str{observation))

# RL take action and get next observation and reward

AEEEEEIRE T ERET action, WiFIIEHEESY T —Bobservation , reward i done (EFCERENFHITEINEIERD
observation_, reward, done = env.step(action)

#step_count = 1 # MEupEdE

# RL Learn from this transition
RL.learn(str(observation), action, reward, str(observation_))

# swop observation §ESEA S F—observation
observation = observation_
reward_list 1.append(reward)
step_count +=1
reward +=8
# break while Loop when end of this episode
print(RL.q_table)
print('game over : §BFET : {}\n'.format(step_count))
if done:

step_list.append(step_count)

break

3. ®wdaw £z Reward

print(step list)

plt.plot(reward list 1, label = " Q-learning " )
plt.legend(loc = @)

plt.xlabel( " episode ' )

plt.ylabel( ' reward sum per episode " )
plt.xticks([])

plt.title( " sarsa " )

env.destroy()

(= )Sarsa

€ RL brain
L er 3o WRAAE

import numpy as np
import pandas as pd

class RL(object):
def _init_ (self, action_space, learning_rate=0.01, reward decay=0.9, e greedy=0.9):
self.actions = action_space # a list
self.1lr = learning_rate
self.gamma = reward_decay
self.epsilon = e_greedy

self.q_table = pd.DataFrame(columns=self.actions, dtype=np.floattd)



2. ¥ &P ostate ¥ F ° A Q-table® » F & BJ/T de oo

def check_state exist(self, state):
if state not in self.g_table.index:
# append new state to g table
self.q_table = self.q_table.append(
pd.Series(

[@]*1en(self.actions),
index=self.q_table.columns,
name=state,

3. E# action

def choose_action(self, observation):
self.check_state_exist(observation)
# action selection
if np.random.rand() < self.epsilon:
# choose best action
state_action = self.q_table.loc[observation, :]
# some actions may have the same value, randomly choose on in these actions
action = np.random.choice(state_action[state_action == np.max(state_action)].index)
else:
# choose random action
action = np.random.choice(self.actions)
return action

def learn(self, *args):
pass

4. 3k T SarsaTable - # @ ji_deflearn 78 {77 14 g digt = Z chg § ¢
3T - ®ebstate(s ) ~ action(a) 0 F EAIF (R E-F)EY 54

{47 Q-table - g7 L3 45 i £ B 2 fhe

# on-policy
class SarsaTable(RL):

def _ init_ (self, actions, learning_rate=0.01, reward_decay=0.9, e_greedy=0.9):
super(SarsaTable, self)._ init_ (actions, learning_rate, reward_decay, e_greedy)

def learn(self, s, a, r, s_, a_):
self.check state exist(s )
gq_predict = self.q_table.loc[s, a]
if s_ 1= "terminal’:
q_target = r + self_gamma * self.q table_loc[s_, a_] # next state is not terminal
else:
q_target = r # next state is terminal
self.q_table.loc[s, a] += self.lr * (g _target - q_predict) # (&%
print(self.q_table)

4 Run
1. 2% »r»z
import matplotlib.pyplot as plt

from maze_env_sarsa import Maze
from RL_brain_sarsa import SarsaTable



2. LATEH

def update():

reward=0

reward_list 1 = []

step_list = []

for episode in range(30):
# initial observation
step_count = @
observation = env.reset()
# RL choose action based on observation
action = RL.choose_action(str(observation)})

while True:
# fresh env

env.render()

# RL take action and get next observation and reward
observation_, reward, done = env.step(action)

#

# learning the Q-value==> Sarsa
RL.learn(str(observation), action, reward, str(observation_}), action_)

# swap observation and action
observation = observation_
action = action_
reward_list_1.append(reward)
step count +=1
reward +=0
# break while loop when end of this episode
print('game over - 45:Hr : {}\n'.format(step_count))
#temp = format(step_count)
if done:
step_list.append(step_count)
break

print(step_list)
3. &&= w &2 Reward

plt.plot(reward list 1, label = " sarsa " )}
plt.legend(loc = @) #’best’ 757
plt.xlabel{ ' episode " )
plt.ylabel{ ' reward sum per episode ' )
plt.xticks([])

plt.title( " sarsa " )

env.destroy()
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[5.0, 5.8, 35.0, 35.8]
[45.8, 5.8, 75.8, 35.9]
[45.@8, 45.8, 75.8, 75.0]
[5.0, 45.8, 35.8, 75.9]
[5.0, 85.8, 35.8, 115.0]
[5.0, 125.8, 35.08, 155.9]
[45.8, 85.8, 75.08, 115.9]
[85.8, 85.0, 115.8, 115.0]
terminal

[85.@8, 5.8, 115.8, 35.0]

[125.
[165.
[125.
[125.

game

@, 5.0, 155.0, 35.0]
@, 5.0, 195.0, 35.0]
@, 45.0, 155.08, 75.0]
@, 85.0, 155.0, 115.0]
over : ZEFEr @ 34
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Q.

=~ e R I < R o [ s I I o s o s

=
]

i)

.0e
.0e
.0e
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[17, 6, 3, 9, 34]

5arsa

00 —_— —| n
% -0.2
",_% -0.4
ué' —— (-learning
2 -0.6
&
i
- =08
-1.0
episode
2. 30 =%
0 1 2 3
[5.8, 5.8, 35.8, 35.0] 0.000000+00 0.000000 0.000001 ©.000000e+00
[45.@8, 5.8, 75.8, 35.0] 0.000000e+08 0.000048 0.000000 0.060000e+00
[5.0, 45.@8, 35.8, 75.0] 0.000000e+00 0.000000 ©0.000000 ©.000000e+00
[45.@, 45.8, 75.9, 75.0] 1.291337e-07 0.001126 -0.035%404 ©.000000e+00
terminal 0.000000e+08 0.000000 0.000000 0.060000e+00
[5.0, 85.0, 35.0, 115.0] 0.000000e+00 0.000000 0©0.000128 ©.000000e+00
[45.@8, 85.@, 75.8, 115.0] 0.000000e+00 -0.029701 0©0.026000 2.187000e-08
[85.9, 5.0, 115.9, 35.0] 0.000000e+00 -0.010000 0.000000 ©.000000e+00
[125.8, 5.8, 155.0, 35.8] 0.000000e+08 0.000000 0.000000 0.060000e+00
[125.8, 45.@, 155.0, 75.9] 0.000000e+00 0.000000 ©.000000 -1.000000e-02
[85.@, 85.9, 115.9, 115.9] -1.950000e-02 ©.393763 ©.000000 0O.000000e+00
[5.8, 125.9, 35.8, 155.8] 0.000000e+08 0.000000 -0.019900 0.060000e+00
[5.0, 165.9, 35.8, 195.0] 0.000000e+00 0.000000 ©0.000000 ©.000000e+00
[45.@, 165.8, 75.9, 195.0] 0.000000+00 0.000000 0.000000 ©.000000e+00
[125.8, 85.8, 155.9, 115.9] 0.000000e+08 0.000000 -0.010000 0.060000e+00
[165.8, 45.8, 195.8, 75.9] 0.000000e+00 -0.010000 0.000000 0.060000e+00
[125.9, 125.@, 155.0, 155.0] 0.000000e+R0 0.000000 0.000000 O.000POO=+00
[125.9, 165.@, 155.0, 195.0] 0.000000e+00 0.000000 ©O.000000 O©.000PDOO=+00
[165.8, 125.8, 195.8, 155.0] -1.000000e-02 0.000000 ©0.000000 O.000POEe+00

game over : SE2EEr ¢ 3

[11, 31, 1@, 7, 15, 28, 28, 63, 4, 23, 13, 23, 19, 6, 14, 27, 8, 16, 5, 5, 5, 5, 5, 5, 6,
7, 5,5, 5, 3]



5arsa

30 —— Q-eaming
254
L E]
¥ 20-
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B 0.5 1
=]
E 0.0 4
=1.0 1
episode
3. 50=x
4] 1 2 3
[5.8, 5.8, 35.9, 35.0] 2.294879%e-07 0.000125 0.000000 9O.270430e-08
[5.8, 45.8, 35.8, 75.0] 1.915560e-06 ©.000000 ©.001592 1.456489e-06
[45.8, 45.@, 75.8, 75.0] 0.000000e+00 0.017388 -0.019980 0.000000e+600
[45.8, 5.8, 75.8, 35.0] 0.000000e+00 0.000000 0.000000 0.000000e+00
[5.@, 85.8, 35.08, 115.8] 4.2796972-07 0.000BRR 0.000000 0.000000e+00
terminal 0.000000=+00 0.000000 O.000000 O.000000c+00
[5.8, 125.8, 35.0, 155.89] 0.000000e+00 ©.000000 -0.010000 ©.000000e+00
[45.8, 85.8, 75.0, 115.8] 6.377194e-07 -0.0199680 0.152882 0.000000e+60
[85.0, 85.8, 115.0, 115.8] -1.990000e-02 ©.952336 0.000000 0.000000e+00
[85.8, 5.8, 115.8, 35.8] 0.000000e+00 -0.010000 ©0.000000 0.000000e+00
[5.0, 165.8, 35.8, 195.8] 0.000000=+00 0.000000 O.000000 O.000000c+00
[45.8, 165.8, 75.0, 195.89] -1.000000e-02 0.000000 ©.000000 O.000000e+00
[85.8, 165.8, 115.8, 195.0] 0.000000e+00 0.000080 0.000080 0.000000e+600
[125.@, 85.8, 155.8, 115.0] 0.000000e+00 0.000000 0.000000 2.700000e-04
[125.@, 45.8, 155.8, 75.8] 0.000000e+00 0.000000 O0.000000 -1.000000e-02
[125.08, 165.08, 155.08, 195.0]1 0.000000c+00 ©.PPPPPY ©.0DOOEE 0.000000=+00
[85.0, 165.8, 115.0, 195.0] 0.0000002+00 ©.000000 0.000000 0O.0000002+00
[125.8, 85.8, 155.0, 115.0] 0.000000e+00 ©0.000000 0.000000 2.700000e-04
[125.8, 45.8, 155.8, 75.0] 0.000000:+00 ©0.000000 0.000000 -1.0000002-02
[125.9, 165.8, 155.08, 195.0] 0.000000=+00 ©.000000 0.0OOOOA 0O.0DVOOR=+00
[125.@, 125.@, 155.0, 155.0] 0.000000o+00 0.000000 ©0.000000 3.000000e-02
[125.8, 5.8, 155.8, 35.0] 0.000000e+00 ©.000000 ©.000000 O.000000=+00
[165.8, 45.8, 195.8, 75.0] 0.000000e+00 -0.010000 ©.000000 O.0000002+00
[165.8, 5.8, 195.8, 35.0] 0.000000e+00 0.000000 0.000000 O0.000000e+00

game over - ZFED ¢ 7

[18, 17, 15, 18, 11, 18, 56, 24, 31, 23, 32, 35, 33, 9, 11, 7, 5, 5, 5, 5, 5, 5, 5, 5, 5,
18, 5, 5,5, 5,5, 6,5, 5,6,5 4,5,5,6,5,55,5,3,5,5,5,5, 7]
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(5.8, 5.0, 35.0, 35.0]
(5.0, 45.0, 35.0, 75.0]
[45.0, 45.8, 75.0, 75.0]
[45.0, 85.8, 75.0, 115.0]
terminal

[45.0, 5.0, 75.0, 35.0]
[85.0, 5.0, 115.0, 35.0]
[125.0, 5.8, 155.0, 35.0]
[165.0, 5.8, 195.0, 35.0]
[165.0, 45.0, 195.0, 75.0]
(5.0, 85.0, 35.0, 115.0]
[85.0, 85.8, 115.0, 115.08] -
(5.0, 125.8, 35.0, 155.0]
game over » YEEr - 14
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[6, 3, 12, 13, 14]

5arsa

0.0 —| |—‘

= 5arsa

reward sum per episode

episode
2. 30=

4 1 2 3
[5.8, 5.8, 35.@, 35.0] 0.00 0.000000 0.000085 B8.831737e-10
[5.0, 45.8, 35.0, 75.8] 0.00 0.000000 0.000000 O.000000e+00
[5.0, 85.@8, 35.08, 115.9] 0.00 0.000000 0.000000 O.000000e+00
[45.8, 85.@, 75.8, 115.0] 0.00 0.000000 0.8545619 0.000000e+00
[85.8, 85.@, 115.8, 115.8] 0.00 ©0.595108 0.000000 0.000000e+00
[125.@8, 85.0, 155.0, 115.9] ©.600 0.000000 -0.010000 0.000000e+00
terminal 0.00 0.000000 0.000000 O.000000e+00
[45.8, 5.8, 75.0, 35.8] 0.00 0.000139 0.000000 0.000000e+00
[85.8, 5.8, 115.8, 35.0] 0.00 -0.010000 0.000000 O.000000e+00
[125.8, 5.8, 155.8, 35.0] 0.00 0.000000 0.000000 O.000000e+00
[5.0, 125.@, 35.8, 155.0] 0.00 0.000000 -0.010000 0.000000e+00
[5.0, 165.0, 35.8, 195.0] 0.00 0.000000 0.000000 O.000000e+00
[45.8, 165.0, 75.@8, 195.8] -0.01 0.000000 ©.000000 0O.000000e+00
[125.8, 45.0, 155.@, 75.0] 0.00 0.000000 0.000000 -1.000000e-02
[165.@8, 45.0, 195.@, 75.0] 0.00 -0.010000 0.000000 O.000000e+00
[45.8, 45.0, 75.8, 75.0] 0.00 0.003245 -0.010000 0.000000e+00
[165.@8, 5.8, 195.8, 35.0] 0.00 0.000000 0.000000 O.000000e+00
[85.8, 165.0, 115.0, 195.8] ©.63 0.000000 ©.000000 0O.000000e+00

game over - #:EEr @ 5

[19, 32, 11, 58, 32, 3@, 18, 77, 51, 15, 6, 5, 6, 5, 16, 5, 8, 5, 5, 5, 5, 5, 5, 5,
5, 7, 7, 5, 11, 5]
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episode
3. 50=
a 1 2 3
[5.8, 5.8, 35.8, 35.0] 3.442650e-08 0©.000180 7.267862e-10 7.076418e-07
[45.@, 5.8, 75.8, 35.0] 0.000000e+00 ©.000000 0.000000e+00 1.782417e-07
[5.8, 45.8, 35.8, 75.8] 5.55002%0¢-08 0.002424 9.330180e-07 4.838749e-06
[5.9, 85.8, 35.0, 115.0] 4.239968e-06 0.000080 2.535388e-02 0.000000e+00
[5.8, 125.0, 35.0, 155.0] 0.000000c+00 0©0.000000 -1.0000002-02 0©.000000e+00
terminal 0.000000e+00 ©.000000 0.000000e+00 ©0.000000e+00
[45.8, 45.0, 75.8, 75.0] 1.939655e-12 ©.002394 -1.000000e-02 0©.000000e+00
[45.0, 85.8, 75.8, 115.0] 1.074664e-05 -0.0160000 2.065990e-01 2.830187e-05
[85.@, 85.@, 115.0, 115.0] 0.000000e+00 1.110529 ©0.000000e+00 1.596812e-03
[125.0, 85.8, 155.0, 115.0] 0.000000c+00 0.000000 -1.000000e-02 ©.000000c+00

game over - SIFED 05

[13, 8, 6, 3, 11, 11, 17, 5, 7, 5, 5,9, 8, 5, 7, 7, 5, 5, 4, 5, 5,
5, 7,6,5, 56,55 7,55, 6,7,5,5,5,5,5]
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https://medium.com/@skywalker0803r/%E8%AA%SD%E8%AD%I8%E4%B8%A6%ES8%A

7%A3%E9I%8E%96reinforce-

learning%E7%9A%84%E7%ACY%ACYE4%B8%80%E6%AD%AS-q-

learning%E7%AE%97%E6%B3%95-712045b890d3

https://www.itread01.com/content/1526976299.html

https://morvanzhou.github.io/tutorials/machine-learning/reinforcement-learning/2-2-tabular-

ql/
(=) Sarsa

https://ithelp.ithome.com.tw/articles/10207744

https://morvanzhou.github.io/tutorials/machine-learning/reinforcement-learning/3-1-tabular-

sarsal/
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https://medium.com/@skywalker0803r/%E8%AA%8D%E8%AD%98%E4%B8%A6%E8%A7%A3%E9%8E%96reinforce-learning%E7%9A%84%E7%AC%AC%E4%B8%80%E6%AD%A5-q-learning%E7%AE%97%E6%B3%95-712045b890d3
https://medium.com/@skywalker0803r/%E8%AA%8D%E8%AD%98%E4%B8%A6%E8%A7%A3%E9%8E%96reinforce-learning%E7%9A%84%E7%AC%AC%E4%B8%80%E6%AD%A5-q-learning%E7%AE%97%E6%B3%95-712045b890d3
https://medium.com/@skywalker0803r/%E8%AA%8D%E8%AD%98%E4%B8%A6%E8%A7%A3%E9%8E%96reinforce-learning%E7%9A%84%E7%AC%AC%E4%B8%80%E6%AD%A5-q-learning%E7%AE%97%E6%B3%95-712045b890d3
https://medium.com/@skywalker0803r/%E8%AA%8D%E8%AD%98%E4%B8%A6%E8%A7%A3%E9%8E%96reinforce-learning%E7%9A%84%E7%AC%AC%E4%B8%80%E6%AD%A5-q-learning%E7%AE%97%E6%B3%95-712045b890d3
https://www.itread01.com/content/1526976299.html
https://morvanzhou.github.io/tutorials/machine-learning/reinforcement-learning/2-2-tabular-q1/
https://morvanzhou.github.io/tutorials/machine-learning/reinforcement-learning/2-2-tabular-q1/
https://ithelp.ithome.com.tw/articles/10207744
https://morvanzhou.github.io/tutorials/machine-learning/reinforcement-learning/3-1-tabular-sarsa1/
https://morvanzhou.github.io/tutorials/machine-learning/reinforcement-learning/3-1-tabular-sarsa1/
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