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Stuff from last time…

• Project proposals due 9/21, please use 
Overleaf template 

• Still working on making the next homework 
computationally feasible on Colab, look out 
for it next week 

• Please ask other questions (about logistics / 
material / etc) in the chatbox! 
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Do NNs really need millions 
of labeled examples?
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• Can we leverage unlabeled data to cut down 
on the number of labeled examples we 
need?



What is transfer learning?
• In our context: take a network trained on a 

task for which it is easy to generate labels, 
and adapt it to a different task for which it is 
harder. 
• In computer vision: train a CNN on 

ImageNet, transfer its representations to 
every other CV task 

• In NLP: train a really big language model 
on billions of words, transfer to every NLP 
task!
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A 
ton of 

unlabeled text

A huge self-
supervised 

model

step 1: 
unsupervised 

pretraining

Sentiment-
specialized 

model

Labeled 
reviews from 

IMDB

step 2:  
supervised  
fine-tuning



language models for 
transfer learning

Deep contextualized word representations. Peters et al., NAACL 2018



Previous methods (e.g., 
word2vec) represent each 

word type with a single vector
     play =[0.2, -0.1, 0.5, ...] 
    bank =[-0.3, 1.4, 0.7, ...] 
     run  =[-0.5, -0.3, -0.1, ...] 

NNs are then used to compose those 
vectors over longer sequences



The new-look play area is due to be 
completed by early spring 2010 . 

Single vector per word



Gerrymandered congressional districts 
favor representatives who play to the 
party base . 

Single vector per word



The freshman then completed the 
three-point play for a 66-63 lead . 

Single vector per word



Nearest neighbors

play =[0.2, -0.1, 0.5, ...] 
  Nearest Neighbors 
playing             plays 
game     player 
games     Play 
played     football 
players     multiplayer 



Multiple senses entangled

play =[0.2, -0.1, 0.5, ...] 
  Nearest Neighbors 
playing             plays 
game     player 
games     Play 
played     football 
players     multiplayer 

VERB



Multiple senses entangled

play =[0.2, -0.1, 0.5, ...] 
  Nearest Neighbors 
playing             plays 
game     player 
games     Play 
played     football 
players     multiplayer 

VERB 
NOUN



Multiple senses entangled

play =[0.2, -0.1, 0.5, ...] 
  Nearest Neighbors 
playing             plays 
game     player 
games     Play 
played     football 
players     multiplayer 

VERB 
NOUN 
ADJ
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�ĲĬřøŷřŞÔĦ�}øŋŎøŒøĬřÔřĔĲĬŒ

Ɣ zŎĲíĦøī̷� ĲŎô�øīíøôôĔĬČŒ�ÔŎø�ÔŋŋĦĔøô�ĔĬ�Ô�
îĲĬřøŷř�ċŎøø�īÔĬĬøŎ

Ɣ �ĲĦŞřĔĲĬ̷��ŎÔĔĬ�îĲĬřøŷřŞÔĦ�ŎøŋŎøŒøĬřÔřĔĲĬŒ�ĲĬ�řøŷř�
îĲŎŋŞŒ

>����������������ª@

RSHQ�D�EDQN�DFFRXQW RQ�WKH�ULYHU�EDQN

RSHQ�D�EDQN�DFFRXQW

>����������������ª@

RQ�WKH�ULYHU�EDQN

>�����������������ª@
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Examples on iPad
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AĔŒřĲŎŸ�Ĳċ��ĲĬřøŷřŞÔĦ�}øŋŎøŒøĬřÔřĔĲĬŒ

Ɣ )TZĲ̷�%øøŋ��ĲĬřøŷřŞÔĦ� ĲŎô�)īíøôôĔĬČŒ̶��Dʾ�Ѝ�
�ĬĔűøŎŒĔřŸ�Ĳċ� ÔŒđĔĬČřĲĬ̶�ʾʼʽ˃

�ŎÔĔĬ��øŋÔŎÔřø�TøċřͦřĲͦ}ĔČđř�ÔĬô�
}ĔČđřͦřĲͦTøċř�TZŒ

/670

�V!

RSHQ

/670

RSHQ

D

/670

D

EDQN

�ŋŋĦŸ�ÔŒ�ͱzŎøͦřŎÔĔĬøô�
)īíøôôĔĬČŒͲ

/670

RSHQ

�V!

/670

D

RSHQ

/670

EDQN

D

RSHQ D EDQN

([LVWLQJ�0RGHO�$UFKLWHFWXUH



Deep bidirectional language model

… download     new      games        or           play     ??  
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LSTM
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LSTM
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LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

LSTM

??

Deep bidirectional language model

… download     new      games        or           play     ??  



biLSTM

biLSTM

biLSTM

biLSTM

biLSTM

biLSTM

 …     games       or           play        online        via     …

Use all layers of language model

0.25

0.6

embeddings from 
language models

0.15

ELMo



Learned task-specific combination of layers

biLSTM

biLSTM

biLSTM

biLSTM

biLSTM

biLSTM

 …     games       or           play        online        via     …

s3

s2

embeddings from 
language models

s1

ELMo



Contextual representations

ELMo representations are contextual – 
they depend on the entire sentence in 
which a word is used.

how many different embeddings does 
ELMo compute for a given word?



ELMo improves NLP tasks



Large-scale recurrent neural language models 
learn contextual representations that capture 
basic elements of semantics and syntax 

Adding ELMo to existing state-of-the-art 
models provides significant performance 
improvement on all NLP tasks.
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TOFROM
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zŎĲíĦøī�ŲĔřđ�zŎøűĔĲŞŒ�ZøřđĲôŒ

Ɣ zŎĲíĦøī̷�TÔĬČŞÔČø�īĲôøĦŒ�ĲĬĦŸ�ŞŒø�Ħøċř�îĲĬřøŷř�
ĲŎ�ŎĔČđř�îĲĬřøŷř̶�íŞř�ĦÔĬČŞÔČø�ŞĬôøŎŒřÔĬôĔĬČ�ĔŒ�
íĔôĔŎøîřĔĲĬÔĦ̵

Ɣ  đŸ�ÔŎø�TZŒ�ŞĬĔôĔŎøîřĔĲĬÔĦ̼
Ɣ }øÔŒĲĬ�ʽ̷�%ĔŎøîřĔĲĬÔĦĔřŸ�ĔŒ�Ĭøøôøô�řĲ�ČøĬøŎÔřø�Ô�
ŲøĦĦͦċĲŎīøô�ŋŎĲíÔíĔĦĔřŸ�ôĔŒřŎĔíŞřĔĲĬ̵
ż  ø�ôĲĬʹř�îÔŎø�ÔíĲŞř�řđĔŒ̵

Ɣ }øÔŒĲĬ�ʾ̷� ĲŎôŒ�îÔĬ�ͱŒøø�řđøīŒøĦűøŒͲ�ĔĬ�Ô�
íĔôĔŎøîřĔĲĬÔĦ�øĬîĲôøŎ̵
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zŎĲíĦøī�ŲĔřđ�zŎøűĔĲŞŒ�ZøřđĲôŒ

Ɣ zŎĲíĦøī̷�TÔĬČŞÔČø�īĲôøĦŒ�ĲĬĦŸ�ŞŒø�Ħøċř�îĲĬřøŷř�
ĲŎ�ŎĔČđř�îĲĬřøŷř̶�íŞř�ĦÔĬČŞÔČø�ŞĬôøŎŒřÔĬôĔĬČ�ĔŒ�
íĔôĔŎøîřĔĲĬÔĦ̵

Ɣ  đŸ�ÔŎø�TZŒ�ŞĬĔôĔŎøîřĔĲĬÔĦ̼
Ɣ }øÔŒĲĬ�ʽ̷�%ĔŎøîřĔĲĬÔĦĔřŸ�ĔŒ�Ĭøøôøô�řĲ�ČøĬøŎÔřø�Ô�
ŲøĦĦͦċĲŎīøô�ŋŎĲíÔíĔĦĔřŸ�ôĔŒřŎĔíŞřĔĲĬ̵
ż  ø�ôĲĬʹř�îÔŎø�ÔíĲŞř�řđĔŒ̵

Ɣ }øÔŒĲĬ�ʾ̷� ĲŎôŒ�îÔĬ�ͱŒøø�řđøīŒøĦűøŒͲ�ĔĬ�Ô�
íĔôĔŎøîřĔĲĬÔĦ�øĬîĲôøŎ̵

Why not?
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zŎĲíĦøī�ŲĔřđ�zŎøűĔĲŞŒ�ZøřđĲôŒ

Ɣ zŎĲíĦøī̷�TÔĬČŞÔČø�īĲôøĦŒ�ĲĬĦŸ�ŞŒø�Ħøċř�îĲĬřøŷř�
ĲŎ�ŎĔČđř�îĲĬřøŷř̶�íŞř�ĦÔĬČŞÔČø�ŞĬôøŎŒřÔĬôĔĬČ�ĔŒ�
íĔôĔŎøîřĔĲĬÔĦ̵

Ɣ  đŸ�ÔŎø�TZŒ�ŞĬĔôĔŎøîřĔĲĬÔĦ̼
Ɣ }øÔŒĲĬ�ʽ̷�%ĔŎøîřĔĲĬÔĦĔřŸ�ĔŒ�Ĭøøôøô�řĲ�ČøĬøŎÔřø�Ô�
ŲøĦĦͦċĲŎīøô�ŋŎĲíÔíĔĦĔřŸ�ôĔŒřŎĔíŞřĔĲĬ̵
ż  ø�ôĲĬʹř�îÔŎø�ÔíĲŞř�řđĔŒ̵

Ɣ }øÔŒĲĬ�ʾ̷� ĲŎôŒ�îÔĬ�ͱŒøø�řđøīŒøĦűøŒͲ�ĔĬ�Ô�
íĔôĔŎøîřĔĲĬÔĦ�øĬîĲôøŎ̵
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/D\HU��

�V!

/D\HU��

RSHQ

/D\HU��

RSHQ

/D\HU��

D

/D\HU��

D

/D\HU��

EDQN

8QLGLUHFWLRQDO�FRQWH[W
%XLOG�UHSUHVHQWDWLRQ�LQFUHPHQWDOO\

/D\HU��

�V!

/D\HU��

RSHQ

/D\HU��

RSHQ

/D\HU��

D

/D\HU��

D

/D\HU��

EDQN

%LGLUHFWLRQDO�FRQWH[W
:RUGV�FDQ�³VHH�WKHPVHOYHV´

�ĬĔôĔŎøîřĔĲĬÔĦ�űŒ̵��ĔôĔŎøîřĔĲĬÔĦ�ZĲôøĦŒ
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ZÔŒģøô�TZ

Ɣ �ĲĦŞřĔĲĬ̷�ZÔŒģ�ĲŞř�ģϢ�Ĳċ�řđø�ĔĬŋŞř�ŲĲŎôŒ̶�ÔĬô�
řđøĬ�ŋŎøôĔîř�řđø�īÔŒģøô�ŲĲŎôŒ
ż  ø�ÔĦŲÔŸŒ�ŞŒø�ģ�ώ�ʽˁϢ

Ɣ �ĲĲ�ĦĔřřĦø�īÔŒģĔĬČ̷��ĲĲ�øŷŋøĬŒĔűø�řĲ�řŎÔĔĬ
Ɣ �ĲĲ�īŞîđ�īÔŒģĔĬČ̷�[Ĳř�øĬĲŞČđ�îĲĬřøŷř

WKH�PDQ�ZHQW�WR�WKH�>0$6.@�WR�EX\�D�>0$6.@�RI�PLON

VWRUH JDOORQ

What are the pros and 
cons of increasing k?
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ZÔŒģøô�TZ

Ɣ zŎĲíĦøī̷�ZÔŒģ�řĲģøĬ�ĬøűøŎ�ŒøøĬ�Ôř�ċĔĬøͦřŞĬĔĬČ
Ɣ �ĲĦŞřĔĲĬ̷�ʽˁϢ�Ĳċ�řđø�ŲĲŎôŒ�řĲ�ŋŎøôĔîř̶�íŞř�ôĲĬʹř�
ŎøŋĦÔîø�ŲĔřđ�>0$6.@�ʽʼʼϢ�Ĳċ�řđø�řĔīø̵�DĬŒřøÔô̷

Ɣ ˄ʼϢ�Ĳċ�řđø�řĔīø̶�ŎøŋĦÔîø�ŲĔřđ�>0$6.@
ZHQW�WR�WKH�VWRUH�Ĺ�ZHQW�WR�WKH�>0$6.@

Ɣ ʽʼϢ�Ĳċ�řđø�řĔīø̶�ŎøŋĦÔîø�ŎÔĬôĲī�ŲĲŎô
ZHQW�WR�WKH�VWRUH�Ĺ�ZHQW�WR�WKH�UXQQLQJ

Ɣ ʽʼϢ�Ĳċ�řđø�řĔīø̶�ģøøŋ�ŒÔīø
ZHQW�WR�WKH�VWRUH�Ĺ�ZHQW�WR�WKH�VWRUH
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[øŷř��øĬřøĬîø�zŎøôĔîřĔĲĬ

Ɣ �Ĳ�ĦøÔŎĬ�ŎøĦÔřĔĲĬŒđĔŋŒ�íøřŲøøĬ�ŒøĬřøĬîøŒ̶�ŋŎøôĔîř�
ŲđøřđøŎ��øĬřøĬîø���ĔŒ�ÔîřŞÔĦ�ŒøĬřøĬîø�řđÔř�
ŋŎĲîøøôŒ��øĬřøĬîø��̶�ĲŎ�Ô�ŎÔĬôĲī�ŒøĬřøĬîø

This has since been shown to 
be unimportant (and can be 
removed e.g., in RoBERTa)
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DĬŋŞř�}øŋŎøŒøĬřÔřĔĲĬ

Ɣ �Œø�ʿʼ̶ʼʼʼ� ĲŎôzĔøîø�űĲîÔíŞĦÔŎŸ�ĲĬ�ĔĬŋŞř̵
Ɣ )Ôîđ�řĲģøĬ�ĔŒ�ŒŞī�Ĳċ�řđŎøø�øīíøôôĔĬČŒ
Ɣ �ĔĬČĦø�ŒøōŞøĬîø�ĔŒ�īŞîđ�īĲŎø�øċċĔîĔøĬř̵
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ZĲôøĦ��ŎîđĔřøîřŞŎø

Ɣ ZŞĦřĔͦđøÔôøô�ŒøĦċ�ÔřřøĬřĔĲĬ
ż ZĲôøĦŒ�îĲĬřøŷř

Ɣ ;øøôͦċĲŎŲÔŎô�ĦÔŸøŎŒ
ż �ĲīŋŞřøŒ�ĬĲĬͦĦĔĬøÔŎ�đĔøŎÔŎîđĔîÔĦ�ċøÔřŞŎøŒ

Ɣ TÔŸøŎ�ĬĲŎī�ÔĬô�ŎøŒĔôŞÔĦŒ
ż ZÔģøŒ�řŎÔĔĬĔĬČ�ôøøŋ�ĬøřŲĲŎģŒ�đøÔĦřđŸ

Ɣ zĲŒĔřĔĲĬÔĦ�øīíøôôĔĬČŒ
ż �ĦĦĲŲŒ�īĲôøĦ�řĲ�ĦøÔŎĬ�ŎøĦÔřĔűø�ŋĲŒĔřĔĲĬĔĬČ

�ŎÔĬŒċĲŎīøŎ�øĬîĲôøŎ
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ZĲôøĦ�%øřÔĔĦŒ

Ɣ %ÔřÔ̷� ĔģĔŋøôĔÔ�͚ʾ̵ˁ��ŲĲŎôŒ͛�ϊ��ĲĲģ�ĲŎŋŞŒ�͚˄ʼʼZ�
ŲĲŎôŒ͛

Ɣ �Ôřîđ��Ĕƀø̷�ʽʿʽ̶ʼ˃ʾ�ŲĲŎôŒ�͚ʽʼʾˀ�ŒøōŞøĬîøŒ�̀�ʽʾ˄�
ĦøĬČřđ�ĲŎ�ʾˁ˂�ŒøōŞøĬîøŒ�̀�ˁʽʾ�ĦøĬČřđ͛

Ɣ �ŎÔĔĬĔĬČ��Ĕīø̷�ʽZ�ŒřøŋŒ�͚ϖˀʼ�øŋĲîđŒ͛
Ɣ aŋřĔīĔƀøŎ̷��ôÔī ̶�ʽøͦˀ�ĦøÔŎĬĔĬČ�ŎÔřø̶�ĦĔĬøÔŎ�ôøîÔŸ
Ɣ %(57�%DVH̷�ʽʾͦĦÔŸøŎ̶�˃˂˄ͦđĔôôøĬ̶�ʽʾͦđøÔô
Ɣ %(57�/DUJH̷�ʾˀͦĦÔŸøŎ̶�ʽʼʾˀͦđĔôôøĬ̶�ʽ˂ͦđøÔô
Ɣ �ŎÔĔĬøô�ĲĬ�ˀŷˀ�ĲŎ�˄ŷ˄��z��ŒĦĔîø�ċĲŎ�ˀ�ôÔŸŒ
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;ĔĬøͦ�ŞĬĔĬČ�zŎĲîøôŞŎø
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;ĔĬøͦ�ŞĬĔĬČ�zŎĲîøôŞŎø

More details 
next week!
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<T�)�}øŒŞĦřŒ

ZŞĦřĔ[TD
zŎøīĔŒø̷�AĔĦĦŒ�ÔĬô�īĲŞĬřÔĔĬŒ�ÔŎø�øŒŋøîĔÔĦĦŸ�
ŒÔĬîřĔċĔøô�ĔĬ�PÔĔĬĔŒī̵
AŸŋĲřđøŒĔŒ̷�PÔĔĬĔŒī�đÔřøŒ�ĬÔřŞŎø̵
TÔíøĦ̷��ĲĬřŎÔôĔîřĔĲĬ

�ĲTÔ
�øĬřøĬîø̷��đø�ŲÔČĲĬ�ŎŞīíĦøô�ôĲŲĬ�řđø�ŎĲÔô̵
TÔíøĦ̷��îîøŋřÔíĦø

�øĬřøĬîø̷��đø�îÔŎ�đĲĬģøô�ôĲŲĬ�řđø�ŎĲÔô̵
TÔíøĦ̷��ĬÔîîøŋřÔíĦø
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)ċċøîř�Ĳċ�ZĲôøĦ��Ĕƀø

Ɣ �ĔČ�īĲôøĦŒ�đøĦŋ�Ô�ĦĲř
Ɣ <ĲĔĬČ�ċŎĲī�ʽʽʼZ�ͦϐ�ʿˀʼZ�ŋÔŎÔīŒ�đøĦŋŒ�øűøĬ�ĲĬ�
ôÔřÔŒøřŒ�ŲĔřđ�ʿ̶˂ʼʼ�ĦÔíøĦøô�øŷÔīŋĦøŒ

Ɣ DīŋŎĲűøīøĬřŒ�đÔűø�ĬĲř�ÔŒŸīŋřĲřøô�
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ZŞĦřĔĦĔĬČŞÔĦ��)}�

Ɣ �ŎÔĔĬøô�ŒĔĬČĦø�īĲôøĦ�ĲĬ�ʽʼˀ�ĦÔĬČŞÔČøŒ�ċŎĲī� ĔģĔŋøôĔÔ̵��đÔŎøô�ʽʽʼģ�
 ĲŎôzĔøîø�űĲîÔíŞĦÔŎŸ̵

Ɣ ¥[TD�ĔŒ�ZŞĦřĔ[TD�řŎÔĬŒĦÔřøô�ĔĬřĲ�īŞĦřĔŋĦø�ĦÔĬČŞÔČøŒ̵
Ɣ �ĦŲÔŸŒ�øűÔĦŞÔřø�ĲĬ�đŞīÔĬͦřŎÔĬŒĦÔřøô��øŒř̵
Ɣ �ŎÔĬŒĦÔřø��ŎÔĔĬ̷�Z��)ĬČĦĔŒđ��ŎÔĔĬ�ĔĬřĲ�;ĲŎøĔČĬ̶�řđøĬ�ċĔĬøͦřŞĬø̵
Ɣ �ŎÔĬŒĦÔřø��øŒř̷�Z��;ĲŎøĔČĬ��øŒř�ĔĬřĲ�)ĬČĦĔŒđ̶�ŞŒø�)ĬČĦĔŒđ�īĲôøĦ̵
Ɣ ®øŎĲ��đĲř̷��Œø�;ĲŎøĔČĬ�řøŒř�ĲĬ�)ĬČĦĔŒđ�īĲôøĦ̵

6\VWHP (QJOLVK &KLQHVH 6SDQLVK
;1/,�%DVHOLQH���7UDQVODWH�7UDLQ ���� ���� ����
;1/,�%DVHOLQH���7UDQVODWH�7HVW ���� ���� ����
%(57���7UDQVODWH�7UDLQ ���� ���� ����
%(57���7UDQVODWH�7HVW ���� ���� ����
%(57���=HUR�6KRW ���� ���� ����
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�ĲīīĲĬ�|ŞøŒřĔĲĬŒ

Ɣ  đŸ�ôĔô�ĬĲ�ĲĬø�řđĔĬģ�Ĳċ�řđĔŒ�íøċĲŎø̼
Ɣ �øřřøŎ�ōŞøŒřĔĲĬ̷� đŸ�ŲÔŒĬʹř�îĲĬřøŷřŞÔĦ�ŋŎøͦřŎÔĔĬĔĬČ�
ŋĲŋŞĦÔŎ�íøċĲŎø�ʾʼʽ˄�ŲĔřđ�)TZĲ̼

Ɣ <ĲĲô�ŎøŒŞĦřŒ�ĲĬ�ŋŎøͦřŎÔĔĬĔĬČ�ĔŒ�ϐʽ̶ʼʼʼŷ�řĲ�ʽʼʼ̶ʼʼʼ�
īĲŎø�øŷŋøĬŒĔűø�řđÔĬ�ŒŞŋøŎűĔŒøô�řŎÔĔĬĔĬČ̵
ż )̵Č̵̶�ʽʼŷͦʽʼʼŷ�íĔČČøŎ�īĲôøĦ�řŎÔĔĬøô�ċĲŎ�ʽʼʼŷͦʽ̶ʼʼʼŷ�ÔŒ�īÔĬŸ�ŒřøŋŒ̵
ż DīÔČĔĬø�ĔřʹŒ�ʾʼʽʿ̷� øĦĦͦřŞĬøô�ʾͦĦÔŸøŎ̶�ˁʽʾͦôĔī�T��Z�ŒøĬřĔīøĬř�ÔĬÔĦŸŒĔŒ�

ČøřŒ�˄ʼϢ�ÔîîŞŎÔîŸ̶�řŎÔĔĬĔĬČ�ċĲŎ�˄�đĲŞŎŒ̵
ż zŎøͦřŎÔĔĬ�TZ�ĲĬ�ŒÔīø�ÔŎîđĔřøîřŞŎø�ċĲŎ�Ô�Ųøøģ̶�Čøř�˄ʼ̵ˁϢ̵
ż �ĲĬċøŎøĬîø�ŎøűĔøŲøŎŒ̷�ͱ đĲ�ŲĲŞĦô�ôĲ�ŒĲīøřđĔĬČ�ŒĲ�øŷŋøĬŒĔűø�ċĲŎ�ŒŞîđ�

Ô�ŒīÔĦĦ�ČÔĔĬ̼Ͳ
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Ɣ �đø�īĲôøĦ�īŞŒř�íø�ĦøÔŎĬĔĬČ�īĲŎø�řđÔĬ�ͱîĲĬřøŷřŞÔĦ�
øīíøôôĔĬČŒͲ

Ɣ �ĦřøŎĬÔřø�ĔĬřøŎŋŎøřÔřĔĲĬ̷�zŎøôĔîřĔĬČ�īĔŒŒĔĬČ�ŲĲŎôŒ�
͚ĲŎ�Ĭøŷř�ŲĲŎôŒ͛�ŎøōŞĔŎøŒ�ĦøÔŎĬĔĬČ�īÔĬŸ�řŸŋøŒ�Ĳċ�
ĦÔĬČŞÔČø�ŞĬôøŎŒřÔĬôĔĬČ�ċøÔřŞŎøŒ̵
ż ŒŸĬřÔŷ̶�ŒøīÔĬřĔîŒ̶�ŋŎÔČīÔřĔîŒ̶�îĲŎøċøŎøĬîø̶�øřî̵

Ɣ DīŋĦĔîÔřĔĲĬ̷�zŎøͦřŎÔĔĬøô�īĲôøĦ�ĔŒ�īŞîđ�íĔČČøŎ�řđÔĬ�
Ĕř�ĬøøôŒ�řĲ�íø�řĲ�ŒĲĦűø�ŒŋøîĔċĔî�řÔŒģ

Ɣ �ÔŒģͦŒŋøîĔċĔî�īĲôøĦ�ôĔŒřĔĦĦÔřĔĲĬ�ŲĲŎôŒ�űøŎŸ�ŲøĦĦ


