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| Text Data

|

| - "Coding is fun"

| - "Debugging is challenging™
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Tokenization:

- "Coding®, "is", "fun"
= "Debugging®™, "is", "challenging"®
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| Embedding Generation (Example):

|

| - "Coding® --> [0.2, 0.8, =-0.1, ...]

| - Wigh -—>_ [D0.5, -0.3, 0.6, ...]

| - "fun" --> [D.9, 0.1, D.4, ...]

| - "Debugging® --> [0.1, 0.7, -0.2, ...]

| - "challenging® --> [0.6, -0.5, 0.3, ...]
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| Vector Embeddings: |

|

| - "Coding ias fun® -=» [0.4, 0.2, 0.3, ...] |

| B £

= "Dabugging is challenging™ --> [0.3, 0.6, =-0.1, ...] |
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