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For BPE and MPE:

Pr 𝑡!𝑡"… . 𝑡# = 0.0

If and only if:

𝑡!…𝑡# ≠ encode(decode(𝑡!…𝑡#))

We refer 𝑡!𝑡"… . 𝑡#  as invalid encoding
Otherwise, it is a valid encoding
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Algorithm (for BPE/MPE): 
Compute probability a string starts with 𝑠 = 𝑥!𝑥"…𝑥#

MPE with vocabulary {b, e, r, ee, beer}

𝑠 = “bee”

[b, ee] [beer] 
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Details in 
the paper!



1) Find all valid encodings 𝑡 that:
 -  Starts with 𝑠.
    -  Last token includes a suffix of 𝑠. 
   2) Return:   Pr 𝑠 = ∑Pr(𝑡)

Algorithm (for BPE/MPE): 
Compute probability a string starts with 𝑠 = 𝑥!𝑥"…𝑥#
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Next-Byte Probability: 

Check the paper for a more efficient algorithm!
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Code Paper
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