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Inspiration: 
Using Machine Learning to play Super Mario 
• A simple interface
• Two main keys：up and down
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Why Sekiro

• Resurrection in situ

• Using the modifier to facilitate neural network training

• Using script to implement code automation operation
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CNN method

• Image recognition based on CNN network

• Input: the gray value matrix of each frame of the game 
screen

• Label: The key pressed when the corresponding screen 
appears

• A typical multi-classification problem:
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Why CNN?

• Feature recognition

• Low time cost

• Feature Preserve

• Only first word of slide 
title has initial capital 
letter (except proper 
nouns)

• Don’t reduce this 
standard text size
• Second level bullet point
• Third level bullet point

• No punctuation usually 
needed in bullet points
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CNN model

• Sequential model of tflearn.keras

• LeNet structure 

• 5 conv2D layers, 3 fully 
connected layers

• BatchNormalization
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Mark Dataset
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Attack

Defense



Data Reduction

• W: forward
• A: left
• S: right
• D: back
• H: attack
• J: defense
• K:  jump
• L: dodge
• None: do nothing
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Sample
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right

attack



Performance of our model
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• The maximum val_accuracy is around 0.7



GoogLeNet



Inception Module

• Combine 1x1, 3x3 and 
5x5 convolution

• Using 1x1 convolution to 
reduce dimensions

• Alternative parallel 
pooling

• Concatenation
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arXiv:1409.4842



Construction

• Inception

• Global average pooling

• ReLu activation functions

• Auxiliary Classifier

15/06/2022 14Unit name (Insert>Header and Footer)

arXiv:1409.4842



Performance
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a) Accuracy with epoch=20 b) Entropy-loss with epoch=20

FAST and LESS error!!！



Simple CNN
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VS GoogLeNet



Deep Q Network



• Environment Observation 
value/status: State

• Action Select Policy: 
Policy

• Actions performed

• Reward

• The next state S′

Reinforcement learning
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Station
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Grayscale, 96*96



Action

15/06/2022 20

• Define initial_epsilon & final_epsilon

Jump Dodge

Attack Defense



Q-learning

• Q(S, A)
• In state S, the sum of 

future rewards after 
taking action A.

• Q value update: S-A table

defense attack dodge jump nothing

s1 7 -5 5 10 1

s2 -10 0 8 -10 -10

s3 0 10 0 5 0

…… …… …… …… …… ……
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Deep Q Network

• The combinations of states and actions are 
inexhaustible

• Deep neural network is used to approximate the 
optimal solution
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Graph
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Game Interface
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Preprocessing
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576*576

96*96



Reward Mechanism
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Sekiro Hp Bar

Boss HP Bar

Boss Defense Bar



Episode Setting

• Define episode • Boss die
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Reward Setting
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def action_judge_shc(boss_blood, next_boss_blood, self_blood, next_self_blood, boss_bar, 
next_boss_bar):

if next_self_blood <= 0:
done = 1 #next boss
reward = -20 #sekiro die

else:
if next_boss_blood - boss_blood >30:

reward = 200 #boss die
else:

if next_boss_blood == boss_blood :
if next_self_blood == self_blood:

if next_boss_bar - boss_bar > 2:
reward = 25 #attack bar

else:
reward = 1 #nothing happen or dodge

else:
reward = -10 #sekiro is attacked

elif next_boss_blood - boss_blood > -6:
reward = 7 #jump

else:
reward = 40 #attack boss

done = 0
if reward != 1:

print(reward)
return reward, done



Calculation speed
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• GPU: RTX 2070 SUPER • CPU: i7-11800H



Performance
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Performance
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Other Reward Setting
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ATTACK reward is high

JUMP reward is high
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Comparison
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Discussion



CNN Method

• BIG training data

• Expensive time

• BAD performance

• BUT you can play 
GAMES!
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VS DQN Method

• SMALL training data

• Cheap time

• GOOD performance

• You CANNOT use your 
computer during training 
time!



Improvement for CNN

• Excessive and efficient 
training data

• Use advanced CNN 
Model (GoogLeNet)

• Reduce NOISE
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Improvement for DQN

• ENOUGH training time

• GOOD reward setting

• Reduce NOISE
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”
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Prediction is very difficult, 
especially if it´s about the 
future.

Niels Bohr
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THANK YOU!



Appendix

• Check CNN Overfitting
• We noticed that the val_accuracy and val_loss of the CNN model fluctuated after epoch 15, 

and we were concerned that this was caused by overfitting. So we checked the 
performance of the model corresponding to epoch 15 and epoch 20 on 20,000 samples, 
and finally decided to use epoch 20.
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epoch 20epoch 15



Maxpooling
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Normalization
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• After comparing the performance of BatchNormalization and LayerNormalization, we found that
BatchNormalization takes less time and improves accuracy more.

• The ETA of one epoch when using BatchNormalization layer is around 3650 s.

• The ETA of one epoch when using LayerNormalization layer is around 5100 s.

• At the same time, BatchNormalization gives a much batter accuracy.

• So we added BatchNormalization layer after each 2D convolutional layer.



Reward setting
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# def action_judge_shc(boss_blood, next_boss_blood, self_blood, next_self_blood, boss_bar, next_boss_bar, target):
#     if next_self_blood <= 0:
#         done = 1#next boss
#         reward = -10
#     else:
#         if next_boss_blood - boss_blood >30:
#             reward = 100
#         else:
#             if next_boss_blood == boss_blood :
#                 if next_self_blood == self_blood:
#                     if next_boss_bar - boss_bar > 2:
#                         reward = 10
#                     else:
#                         reward = 0#nothing happen or dodge
#                 else:
#                     reward = -10
#             elif next_boss_blood - boss_blood > -6:
#                 reward = 10
#             else:
#                 reward = 10
#         done = 0#boss alive
#         if reward != 0:
#             print(reward)
#     return reward, done



Loop & Action Choice
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