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Tokenizer

XA 22 LLMO| Me[g 4= e Y= Het
GPT -2 Tokenizer (BPE) A2t 0f|A|

Ao =5 Token ID
> T?ker:l'r':.:. . .

['We', "Gare', "GDeep', 'Sh', 'ark', 'GFamily']

Token IDs:
[ll__, 389, 16766, 2484, 663, "r}}i]

Original Text:

We are DeepShark Family

Token « Token ID:
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Tokenizer

What is token?

1 Word
2 Subword
3 Character

4 symbol
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Tokenizer

Word-Level Tokenization 2| $tA|
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Tokenizer

CHEZXOI Tokenizer

Tokenizer Type 1 Tokenizer Type 2 Tokenizer Type 3

BPE Byte-level BPE WordPiece

8/17



Tokenizer

Byte Pair Encoding

Step 1

Step 2

Step 3

Step 4

D E tHOE character TH| 2 LE=CH
player > player

played > played

playing > playing

X SESHe Y= oL M EZQ = eEICt
p+I-pl

pl+a > pla

pla +y = play

#SH= vocabulary 3717t U7X Hh= = K&
playing = play + ing

played - play + ed

player - play + er
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Tokenizer

Byte-level Byte Pair Encoding

Raw TextS UTF-8 byte Tt 2 HEHSIC}

Step 1

byte ¥ & Xt SESH= U2 =0t
Step 2

Xt S&oh= WE oiLie| EZo = et IC}
Step 3

8= vocabulary 37|7} Z7kX| HHE & K&
Step 4

BBPEXS byte B2 AIX3E| BI20]| #o| BE 2X1E B3

8 4 lrt
oj ot ofL|2}, 31X}, 0| DX, S42XIR} 22 Chofet RIS
SEEESE

BBPE AE 22 : GPT-2, GPT A€ 22 DeepSeek-V2,

DeepSeek-V3
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Tokenizer

WordPiece

D= TS &2 T2 LE=CE
Step 1 play >play

player > player

played > played

. . BPERI OFE7EK|Z Vocall AO|Z2E EY £ U1, MSEE=
playing > playing
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Step 2 olay 0| HEN HalS Me[ot7| ELt

WordPiece A2 22! : BERT A€ 2!

THO1E Z EH S &~ Q= subwordE vocabularyOf] Mzt
Step 3 play, #tter, #ited, ##ing
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Embedding Layer
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Tokenization Token ID Mapping Embedding Lookup Transformer Input
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I Embedding Layer

1 Token Embeddi ng Token IDZ dense vector2 st
2 Positional Embedding E30| 4 HEE HEIZ 37|
3  Contextual Embedding S| M2t 22 EAE CHE HES 7 4 U8
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Embedding Layer

Token Embedding

e Token Embedding2 O| &2l Token IDE

Token Embedding

£X9| dense vectorE HEISIHCY.
o 2t EZ D= 3iLtO| 81 THs 3 Embedding
vector2l HAAEICH

o O|HEZ=0

=A

et

Transformer BEIO| AlIK| Q12O

Example

Text : We are Deepshark

Tokenizer : ['We', “are’, “Deep’, “Shark’]
Token ID : [1023, 389, 8214, 23091]
Token Embedding

1023 > [012,-0.31,0.08, ..]
389 - [-0.44,0.27,091,..]
8214 - [0.63,-010,-0.52, ..]
23091 - [-019,0.78,0.35, ..]
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Embedding Layer

Positional Embedding

Positional Embedding Example
e Positional Embedding= EZ22| =M HEE e Text: We are Deepshark
HIE | 2 XJ}SIC} o Tokenizer : ['We', "are’, "“Deep’, “Shark’]
e Transformer= S B2 2 X{2|517| 20| e Token ID : [1023, 389, 8214, 23091]
OIX| MEI} EQSIC} e Token Embedding : [Eo, E;, Ex, Es]
o E|Z 213 HIE{= Token Embedding + e Positional Embedding : [Po, P, P2, Ps]
Positional Embedding SEHO|C} e Finalinput : [Eq+Po, E1+Py, Ex+Ps, EstPs]
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Embedding Layer

Contextual Embedding

Contextual Embedding

e Token Embedding} Positional Embedding

ofm Mo
X
.
10l

off = EZO| BE = BIHSICY. O

FHO[ BFH=l EmbeddingO| RS0

Transformer0i|A| Self-Attention=

HH0IA

o=IC}.

Example

Text : We are Deepshark

Tokenizer : ['We', “are’, “Deep’, “Shark’]
Token ID : [1023, 389, 8214, 23091]
Token Embedding : [Eo, E;, Ez, Esl
Positional Embedding : [Po, Py, P2, Pl
Self-Attention

Contextual Embedding
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