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Recap - Transformer model architectures
• Decoder-only? 
• Encoder-only? 
• Encoder-decoder?



Recap - Transformer model architectures
• Decoder-only? 
• Encoder-only? 
• Encoder-decoder? 
Key differences: 
• Attention masking mechanism 
• Available choices for loss function
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• Per-position classification 
• Sequence classification

Loss options: 
• Next-token prediction

Loss options: 
• Next-token prediction on 

causal part of sequence
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decoder sequence 
• e.g. masked language 

modelingWang et al. 2022. “What Language Model Architecture and Pretraining Objective Work Best for Zero-Shot Generalization?”
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True-or-false: Multi-head attention with 
and  heads results in more trainable weights than 

single-head attention.

dk = dv = dm/h
h > 1



True-or-false: Multi-head attention with 
and  heads results in more trainable weights than 

single-head attention.

dk = dv = dm/h
h > 1

A. False. They result in the same number of  weights. 

 

 . 
This leads to  parameters. 

In contrast: 

 
 

Since , these have the exact same number of  learnable weights.

MultiHead(Q, K, V) = Concat(head1, …, headh)WO

where headi = Attention(QWQ
i , KWK

i , VWV
i )

WQ
i ∈ ℝdm×dk, WK

i ∈ ℝdm×dk, WV
i ∈ ℝdm×dv, WO ∈ ℝhdv×dm

2dmdk + (1 + h)dvdm

SingleHead(Q, K, V) = Attention(QWQ, KWK, VWV)WO

WQ
i ∈ ℝdm×dk, WK

i ∈ ℝdm×dk, WV
i ∈ ℝdm×dv, WO ∈ ℝdm×dm

hdv = dm



What would happen if you set  ?dk = dv > dm/h
A. It’s not possible to do this. The dimensions for the matrix multiplications don’t work 

out. 
B. The total number of  trainable parameters increases. 
C. The total number of  trainable parameters decreases.



What would happen if you set  ?dk = dv > dm/h
A. It’s not possible to do this. The dimensions for the matrix multiplications don’t work 

out. 
B. The total number of  trainable parameters increases. 
C. The total number of  trainable parameters decreases. 

Why not A? You can set  to whatever it needs to be to project from the concatenation 
of  the different heads back down to the model dimension .

WO

dm



Which of the following is an improvement over 
grouped-query attention?

A. It’s not possible to do this. The dimensions for the matrix multiplications don’t work 
out. 

B. The total number of  trainable parameters increases. 
C. The total number of  trainable parameters decreases.



Which of the following is an improvement over 
grouped-query attention?

A. It’s not possible to do this. The dimensions for the matrix multiplications don’t work 
out. 

B. ✅ The total number of  trainable parameters increases. 
C. The total number of  trainable parameters decreases.



How do I decode[1] text using a decoder[2]-only LM? Did 
I implement my tokenizer’s decode[3] function correctly?

What’s the meaning of  decode[1]? 

What’s the meaning of  decode[2]? 

What’s the meaning of  decode[3]?



How do I decode[1] text using a decoder[2]-only LM? Did 
I implement my tokenizer’s decode[3] function correctly?

What’s the meaning of  decode[1]? 
to generate text 

What’s the meaning of  decode[2]? 
a model architecture matching the description on slide 8 

What’s the meaning of  decode[3]? 
to convert tokens to text



Generating text with a language model



Recall that language models output a probability 
distribution P(Yt = i |y1:t−1)

20



Recall that language models output a probability 
distribution P(Yt = i |y1:t−1)

21

decoding  

decoding  
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Recall that   simply gives scores for each 
possibly next token from the vocabulary.

P(Yt = v |y1:t−1)

Language
Model

Today's
weather is

Data

great
lovely
purple

⋮
banana

Generation
Method

great



Basic setup
• Get a distribution over next tokens given context 
• Choose a next token 
• Add it to the context 
• Repeat



Decoding
• Each time-step of decoding requires a choice 

• What is the objective? How do we make local 
choices that achieve the objective?
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How can we sample from  ?P(Yt = v |y1:t−1)



How can we sample from  ?P(Yt = v |y1:t−1)

QUESTION 
Suppose our vocab consists of 4 words: 

 

We have primed our LM with “apple apple” and 
want to generate the next word in the sequence. 

Our language model predicts: 
 

 
 

 

If we sample with argmax, what word would get 
selected?

𝒱 = {apple, banana, orange, plum}

P(Y3 = apple |Y1 = apple, Y2 = apple) = 0.05
P(Y3 = banana |Y1 = apple, Y2 = apple) = 0.65
P(Y3 = orange |Y1 = apple, Y2 = apple) = 0.2
P(Y3 = plum |Y1 = apple, Y2 = apple) = 0.1

Option 1: Take  arg max
v

P(Yt = v |y1:t−1)

26



How can we sample from  ?P(Yt = v |y1:t−1)

QUESTION 
Suppose our vocab consists of 4 words: 

 

We have primed our LM with “apple apple” and 
want to generate the next word in the sequence. 

Our language model predicts: 
 

 
 

 

If we use random sampling, what is the probability 
that “plum” will get chosen as the third word?

𝒱 = {apple, banana, orange, plum}

P(Y3 = apple |Y1 = apple, Y2 = apple) = 0.05
P(Y3 = banana |Y1 = apple, Y2 = apple) = 0.65
P(Y3 = orange |Y1 = apple, Y2 = apple) = 0.2
P(Y3 = plum |Y1 = apple, Y2 = apple) = 0.1

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

arg max
v

P(Yt = v |y1:t−1)

27



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

arg max
v

P(Yt = v |y1:t−1)

Problem with Random Sampling 
Most tokens in the vocabulary get assigned very 
low probabilities but cumulatively, choosing any 
one of these low-probability tokens becomes 
pretty likely. In the example on the right, there is 
over a 17% chance of choosing a token  with 

.
v

P(Yt = v) ≤ 0.01

28



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

arg max
v

P(Yt = v |y1:t−1)

Problem with Random Sampling 
Most tokens in the vocabulary get assigned very 
low probabilities but cumulatively, choosing any 
one of these low-probability tokens becomes 
pretty likely. In the example on the right, there is 
over a 17% chance of choosing a token  with 

.
v

P(Yt = v) ≤ 0.01

29

Solution: modify the distribution returned by the 
model to make the tokens In the tail less likely.



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

arg max
v

P(Yt = v |y1:t−1)

P(Yt = i) =
exp(zi/T)

∑j exp(zj/T)

30



How do we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

arg max
v

P(Yt = v |y1:t−1)

31



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

arg max
v

P(Yt = v |y1:t−1) QUESTION 
Suppose our vocab consists of 4 words: 

 

We have primed our LM with “apple apple” and 
want to generate the next word in the sequence. 

Our language model predicts: 
 

 
 

 

What would the probability of selecting “banana” 
be if we use temperature sampling and set 

? 

𝒱 = {apple, banana, orange, plum}

P(Y3 = apple |Y1 = apple, Y2 = apple) = 0.05
P(Y3 = banana |Y1 = apple, Y2 = apple) = 0.65
P(Y3 = orange |Y1 = apple, Y2 = apple) = 0.2
P(Y3 = plum |Y1 = apple, Y2 = apple) = 0.1

T = ∞

32

P(Yt = i) =
exp(zi/T)

∑j exp(zj /T)



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

arg max
v

P(Yt = v |y1:t−1) QUESTION 
Suppose our vocab consists of 4 words: 

 

We have primed our LM with “apple apple” and 
want to generate the next word in the sequence. 

Our language model predicts: 
 

 
 

 

What would the probability of selecting “banana” 
be if we use temperature sampling and set 

? 

Answer: 0.25

𝒱 = {apple, banana, orange, plum}

P(Y3 = apple |Y1 = apple, Y2 = apple) = 0.05
P(Y3 = banana |Y1 = apple, Y2 = apple) = 0.65
P(Y3 = orange |Y1 = apple, Y2 = apple) = 0.2
P(Y3 = plum |Y1 = apple, Y2 = apple) = 0.1

T = ∞

33

P(Yt = i) =
exp(zi/T)

∑j exp(zj /T)



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

arg max
v

P(Yt = v |y1:t−1) QUESTION 
Suppose our vocab consists of 4 words: 

 

We have primed our LM with “apple apple” and 
want to generate the next word in the sequence. 

Our language model predicts: 
 

 
 

 

What would the probability of selecting “banana” 
be if we use temperature sampling and set 

? 

𝒱 = {apple, banana, orange, plum}

P(Y3 = apple |Y1 = apple, Y2 = apple) = 0.05
P(Y3 = banana |Y1 = apple, Y2 = apple) = 0.65
P(Y3 = orange |Y1 = apple, Y2 = apple) = 0.2
P(Y3 = plum |Y1 = apple, Y2 = apple) = 0.1

T = 0.00001

P(Yt = i) =
exp(zi/T)

∑j exp(zj /T)

34



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

arg max
v

P(Yt = v |y1:t−1) QUESTION 
Suppose our vocab consists of 4 words: 

 

We have primed our LM with “apple apple” and 
want to generate the next word in the sequence. 

Our language model predicts: 
 

 
 

 

What would the probability of selecting “banana” 
be if we use temperature sampling and set 

? 

Answer 1.0

𝒱 = {apple, banana, orange, plum}

P(Y3 = apple |Y1 = apple, Y2 = apple) = 0.05
P(Y3 = banana |Y1 = apple, Y2 = apple) = 0.65
P(Y3 = orange |Y1 = apple, Y2 = apple) = 0.2
P(Y3 = plum |Y1 = apple, Y2 = apple) = 0.1

T = 0.00001

P(Yt = i) =
exp(zi/T)

∑j exp(zj /T)

35

As  approaches 0, random sampling with 
temperature looks more and more like argmax.

T



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

Option 4: Introduce sparsity by reassigning all 
probability mass to the  most likely tokens. This is 
referred to as top-  sampling.

arg max
v

P(Yt = v |y1:t−1)

k
k

Usually  between 10 and 50 is selected.k

36



How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

Option 4: Introduce sparsity by reassigning all 
probability mass to the  most likely tokens. This is 
referred to as top-  sampling.

Option 5: Reassign all probability mass to the  most 
likely tokens, where  is automatically selected at 
every step. It is chosen such that the total probability 
of the  most likely tokens is no greater than a desired 
probability This is referred to as nucleus sampling.

arg max
v

P(Yt = v |y1:t−1)

k
k

kt
kt

kt
p .
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How can we sample from  ?P(Yt = v |y1:t−1)

Option 1: Take   

Option 2: Randomly sample from the distribution 
returned by the model.

Option 3: Randomly sample with temperature.

Option 4: Introduce sparsity by reassigning all 
probability mass to the  most likely tokens. This is 
referred to as top-  sampling.

Option 5: Reassign all probability mass to the  most 
likely tokens, where  is automatically selected at 
every step. It is chosen such that the total probability 
of the  most likely tokens is no greater than a desired 
probability This is referred to as nucleus sampling.

Option 6: Use some version of beam search.

arg max
v

P(Yt = v |y1:t−1)

k
k

kt
kt

kt
p .

38



Beam search operates under the assumption 
that the best possible sequence to generate is 

the one with highest overall sequence likelihood.

39



Beam search operates under the assumption 
that the best possible sequence to generate is 

the one with highest overall sequence likelihood.
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Greedy search methods do not always lead to the 
most likely output.

Figure 22: A search graph where greedy search fails.

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.
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Figure 22: A search graph where greedy search fails.

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.

48

Vocabulary = {a, b, </s>} 
Numbers above each edge are the transition 
probabilities  P(xt |x1:t−t)

QUESTION 
If we were to decode with argmax what 
would be the generated sequence? 
[a, b, </s>] 
[a, a, </s>] 
[b, b, </s>] 
[b, a, </s>]

41



Greedy search methods do not always lead to the 
most likely output.

Figure 22: A search graph where greedy search fails.

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.
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Figure 22: A search graph where greedy search fails.

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.
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Vocabulary = {a, b, </s>} 
Numbers above each edge are the transition 
probabilities  P(xt |x1:t−t)

QUESTION 
If we were to decode with argmax what 
would be the generated sequence? 
[a, b, </s>] 
[a, a, </s>] 
[b, b, </s>] 
[b, a, </s>]
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Greedy search methods do not always lead to the 
most likely output.

Figure 22: A search graph where greedy search fails.

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.
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Figure 22: A search graph where greedy search fails.

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.
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Vocabulary = {a, b, </s>} 
Numbers above each edge are the transition 
probabilities  P(xt |x1:t−t)

QUESTION 
If we were to produce the sequence that 
optimally maximizes , what 
would be the generated sequence? 
[a, b, </s>] 
[a, a, </s>] 
[b, b, </s>] 
[b, a, </s>]

P(x1, …, xT)
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Greedy search methods do not always lead to the 
most likely output.

Figure 22: A search graph where greedy search fails.

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.
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Figure 22: A search graph where greedy search fails.

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.

48

Vocabulary = {a, b, </s>} 
Numbers above each edge are the transition 
probabilities  P(xt |x1:t−t)

Question: 
If we were to decode the sequence that 
optimally maximizes , what 
would be the generated sequence? 
[a, b, </s>] 
[a, a, </s>] 
[b, b, </s>] 
[b, a, </s>]

P(x1, …, xT)
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Beam search is an algorithm that explores multiple possible 
output sequences to find the overall most likely one.

Figure 22: A search graph where greedy search fails.
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the entire hypothesis up until this point.
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Numbers above the boxes are  

Numbers shown on edges are  

Suppose we use beam search with a beam 
size of 2.

log P(xt |x1:t−1)
log P(x1, …, xt)
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Beam search is an algorithm that explores multiple possible 
output sequences to find the overall most likely one.

Figure 22: A search graph where greedy search fails.

log P(e
1
|F)

<s>

“a”

“b”

</s>

“a”

“b”

</s>

“a”

“b”

</s>

</s>

</s>

log P(e
2
|F,e

1
) log P(e

3
|F,e

1
,e

2
)

-1.05

-0.92

-1.39

-1.90

-0.22

-2.30

-0.69

-0.92

0

-3.00

0

-1.05

-0.92

-1.39

X

-2.95

-1.27

-4.05

-1.84

-1.61

-3.22

X

X

X

X
-1.27

-1.61

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.

48

Vocabulary = {a, b, </s>} 
Numbers above the boxes are  

Numbers shown on edges are  

Suppose we use beam search with a beam 
size of 2.

log P(xt |x1:t−1)
log P(x1, …, xt)

Score each path and 
keep the top 2
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Beam search is an algorithm that explores multiple possible 
output sequences to find the overall most likely one.

Figure 22: A search graph where greedy search fails.

log P(e
1
|F)

<s>

“a”

“b”

</s>

“a”

“b”

</s>

“a”

“b”

</s>

</s>

</s>

log P(e
2
|F,e

1
) log P(e

3
|F,e

1
,e

2
)

-1.05

-0.92

-1.39

-1.90

-0.22

-2.30

-0.69

-0.92

0

-3.00

0

-1.05

-0.92

-1.39

X

-2.95

-1.27

-4.05

-1.84

-1.61

-3.22

X

X

X

X
-1.27

-1.61

Figure 23: An example of beam search with b = 2. Numbers next to arrows are log probabil-
ities for a single word logP (et|F, et�1

1 ), while numbers above nodes are log probabilities for
the entire hypothesis up until this point.

48

Vocabulary = {a, b, </s>} 
Numbers above the boxes are  

Numbers shown on edges are  

Suppose we use beam search with a beam 
size of 2.
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keep the top 2
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Beam search is an algorithm that explores multiple possible 
output sequences to find the overall most likely one.

Figure 22: A search graph where greedy search fails.
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Numbers above the boxes are  
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Suppose we use beam search with a beam 
size of 2.

log P(xt |x1:t−1)
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Score each path and 
keep the top 2
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Problems with Beam Search
• It turns out for open-ended tasks like 

dialog or story generation, optimizing 
for the sequence with the highest 
possible  isn’t actually a 
great idea. 
• Beam search generates text that is 

much for likely than human-written 
text.

P(x1, …, xT)
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Is the highest-probability output best?

• When there are multiple ways to say the same thing, 
probability is spread across the multiple ways

Total  
0.6



Problems with Beam Search
• It turns out for open-ended tasks like 

dialog or story generation, optimizing 
for the sequence with the highest 
possible  isn’t actually a 
great idea. 
• Beam search generates text that is 

much for likely than human-written 
text.  

• When sequence likelihood is too 
high, humans rate text as bad.

P(x1, …, xT)
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When to use beam search
• Your task is very narrow, i.e., there is only ~1 “correct” sequence your 

model should generate. 
• Example task: question answering 

• You are using a language model that isn’t very good, and you don’t trust its 
predicted probabilities.
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When to use beam search
• Your task is very narrow, i.e., there is only ~1 “correct” sequence your 

model should generate. 
• Example task: question answering 

• You are using a language model that isn’t very good, and you don’t trust its 
predicted probabilities.
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• Traditionally widely used in closed-ended tasks like 
translation or summarization

Beam search typical tasks



Default decoding parameters



Setting top-p to 0



Setting top-p back to 1, and temperature to 0



Setting temperature to 1.5



Setting temperature to 1.25



Huggingface interface

• Ancestral sampling 
• model.generate(do_sample=True) 

• Top-k sampling 
• k=20  

model.generate(do_sample=True, top_k=k) 

• Top-p sampling 
• p=0.9  

model.generate(do_sample=True, top_p=p)



Huggingface interface

• Greedy decoding 
• model.generate(do_sample=False, num_beams = 1) 

• Beam search 
• b=16 

model.generate(do_sample=False, num_beams = b)



Other generation parameters you’ll encounter

• Frequency penalty: Reduce the likelihood the model generates a token based 
on how often it has occurred already. 
• The more likely a token has occurred, the less likely it will be to occur in the 

future. 

• Presence penalty: Reduce the likelihood the model generates a token based 
on whether or not it has occurred already. 
• If a token occurs any number of times, it will be less likely to occur in the 

future. 

• Stopping criteria
• Stop after generating k tokens. 
• Stop when a certain token is generated (for example, a period or a newline).



Speeding up generation



Key value cache
• During decoding, each new token at time t attends to positions

 
• The attention for step t needs the keys and values for all past 

tokens  
• If we recomputed those keys and values for every step, we 

would redo computations: 
•  
•  
•  
• … 

• KV caching: store the previously computed keys/values 
• Due to masking future tokens, caching is equivalent to 

recomputing!

≤ t

1 : t

O(T2)
k1, v1
k1, v1, k2, v2
k1, v1, k2, v2, k3, v3



Key value cache
• Consider 1 transformer layer with 1 attention head. At step t of 

decoding: 

•  

•  

•  
• We have the previous keys and values cached: 

•   

•  
• We append  to  and  to  and compute attention: 

•

qt = htWq ∈ ℝ1×dk

kt = htWK ∈ ℝ1×dk

vt = htWV ∈ ℝ1×dv

K1:t−1 ∈ ℝ(t−1)×dk

V1:t−1 ∈ ℝ(t−1)×dv

kt K1:t−1 vt V1:t−1

zt = softmax ( qtKT
1:t

dk ) V1:t

Without caching,  
we recompute: 

 K1:t = [h1; h2; …; ht]Wk
V1:t = [h1; h2; …; ht]Wv



Key value cache

Diagram by Hailey Schoelkopf

https://haileyschoelkopf.github.io/


Code example



• Memory: transferring data (weights, activations) 
• Compute: performing computations 

time = max ( OperationFLOPs
DeviceFLOP/s

,
DataTransferred(GB)

MemoryBandwidth(GB/s) )

Why is decoding slow?

“Compute-bound” 

e.g. A=BC: O(mkn) FLOPs,  
O(mk+kn) bytes

“Memory-bound” 

e.g. a=Bx: O(mk) FLOPs 
O(mk) bytes

Example: decoding one token



What does speeding up mean?
• Latency: how long does a user wait for a response? 

• Time to first token, time per request
• Throughput: how many requests are completed per second? 

• Tokens per second, requests per second

Next: a very quick tour of  
strategies



Speeding up a single token
Goal Strategy Examples

Reduce memory 
bandwidth 

(shrink data to move)

Quantization, distillation, 
architecture elements

GPTQ, AWQ, 
GQA/MQA

Increase FLOP/s Optimize how operations run on 
given hardware

FlashAttention,  
torch.compile/kernel fusion

Decrease FLOPs Reduce FLOPs in the 
architecture

Mixture-of-Experts, 
Mamba

time = max ( OperationFLOPs
DeviceFLOP/s

,
DataTransferred(GB)

MemoryBandwidth(GB/s) )



Speeding up a full sequence

Strategy Idea Examples

Parallelize over time
Draft multiple tokens 

cheaply, verify in parallel 
with the target model

Speculative decoding

Parallelize over time Generate multiple tokens 
in parallel Non-autoregressive models, e.g. diffusion



Speculative decoding
• Some tokens are easier to predict than others 

• The cow jumped over the moon . <EOS> 
• Idea: 

• Use a small draft model  to generate a few tokens ahead 

• Larger model  processes the generated tokens all at once 
• Accept drafted tokens with probability: 

q
p

αi = min (1,
p(token | . . . )
q(token | . . . ) )



Speculative decoding



Speeding up multiple sequences

Strategy Idea Examples

State re-use Shared prefixes => shared 
KV cache PagedAttention, RadixAttention (SGLang)

Improved batching Better scheduling of 
concurrent generations Continuous batching

Program-level optimization
Optimize the computation 

graph of the full 
generation program

SGLang, DSPy

will cover these in more detail in future lecture



Advanced tokenization methods



In week 1, we covered byte-pair encoding (BPE). 

Suppose the word “pingaprong” never occurred in the 
training data used to build the vocab. How would this get 

encoded with BPE?

A. It would get mapped to a special _UNKNOWN token. 
B. It will get tokenized as one token per UTF-8 byte. 
C. It will get greedily broken into the longest pieces which are tokens.



In week 1, we covered byte-pair encoding (BPE). 

Suppose the word “pingaprong” never occurred in the 
training data used to build the vocab. How would this get 

encoded with BPE?

A. It would get mapped to a special _UNKNOWN token. 
B. It will get tokenized as one token per UTF-8 byte. 
C. ✅ It will get greedily broken into the longest pieces which are tokens. 



How would you want your tokenizer to tokenize 
the white space in this Python code?
from heapq import merge 

def merge_sort(m): 
    if len(m) <= 1: 
        return m 

    middle = len(m) // 2 
    left = m[:middle] 
    right = m[middle:] 

    left = merge_sort(left) 
    right = merge_sort(right) 
    return list(merge(left, right))



Tokenizing whitespace
T5 
(n=85)

fromheapqimportmergedefmerge_sort(m):iflen(m)<unk>=1
:returnmmiddle=len(m)//2left=m[:middle]right=m[mi
ddle:]left=merge_sort(left)right=merge_sort(right)
returnlist(merge(left,right))



Tokenizing whitespace
GPT-3 
(n=107)

from heapq import merge 

def merge_sort(m): 
    if len(m) <= 1: 
        return m 

    middle = len(m) // 2 
    left = m[:middle] 
    right = m[middle:] 

    left = merge_sort(left) 
    right = merge_sort(right) 
    return list(merge(left, right))



Tokenizing whitespace
GPT-5 
(n=70)

from heapq import merge 

def merge_sort(m): 
    if len(m) <= 1: 
        return m 

    middle = len(m) // 2 
    left = m[:middle] 
    right = m[middle:] 

    left = merge_sort(left) 
    right = merge_sort(right) 
    return list(merge(left, right))



Handling multilinguality
• The encoder-decoder solution: learn a separate vocabulary for each 

language, use separate vocab embedding matrices in the encoder and 
decoder. 

• Bad solution: learn a single vocabulary from whatever data you have on 
hand.  

• Better solution: deliberate language balancing.



Evaluating tokenizers
• Fertility 

• the average number of tokens it takes to 
represent text x divided by the total 
number of words or characters in text x. 

• similar to compression ratio



Evaluating tokenizers
• Parity 

• how fairly a tokenizer treats equivalent 
sentences in different languages 

• parity between languages A and B is 1 if 
on average equivalent sentences in the 
two languages map to the same number 
of tokens 

Parity with respect to English

Petrov et al. 2023. “Language Model Tokenizers Introduce Unfairness Between Languages.”



Evaluating tokenizers
• Parity 

• how fairly a tokenizer treats equivalent 
sentences in different languages 

• parity between languages A and B is 1 if 
on average equivalent sentences in the 
two languages map to the same number 
of tokens 

Petrov et al. 2023. “Language Model Tokenizers Introduce Unfairness Between Languages.”



Why not just use byte- or character-level 
tokenization?



Why not just use byte- or character-level 
tokenization?

• Cons: 
• Extremely long sequence lengths 
• Individual characters/bytes don’t carry much semantic meaning



However, some attempts have been made.

• Newer model architectures (e.g. state space models such as Mamba) 
eliminate the O(n2) parameter growth with sequence length n. This makes 
them more amenable to byte-level tokenization. 

• MambaByte: Token-free Selective State Space Model 
• Other approaches try to modify existing Transformer architectures to make 

them more amenable to byte-level tokens. 
• ByT5: Towards a Token-Free Future with Pre-trained Byte-to-Byte Models

https://arxiv.org/pdf/2401.13660
https://aclanthology.org/2022.tacl-1.17.pdf


Why do we insist on token boundaries at 
whitespace boundaries?



Why do we insist on token boundaries at 
whitespace boundaries?

• Pretokenization: the method used to break strings of text into initial chunks 
(which get fed into the BPE or other algorithm) 

• For English, this is typically whitespace boundaries, punctuation, numbers 
etc. For Chinese, there are no whitespace boundaries to split on. 

•



Why do we insist on token boundaries at 
whitespace boundaries?

• Pretokenization: the method used to break strings of text into initial chunks 
(which get fed into the BPE or other algorithm) 

• For English, this is typically whitespace boundaries, punctuation, numbers 
etc. For Chinese, there are no whitespace boundaries to split on. 

• Alternative: 
• don’t include whitespace in the pretokenization stage.



Tokenization that transcends whitespace

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



Tokenization that transcends whitespace

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



SuperBPE tokenization
1. Pretokenize the text using standard rules. 
2. Start running the regular BPE algorithm (that we covered in week 1) 
3. Once the working vocabulary reaches size t, start ignoring the 

pretokenization—tokens can now be merged across whitespace 
boundaries. 

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



SuperBPE tokenization
1. Pretokenize the text using standard rules. 
2. Start running the regular BPE algorithm (that we covered in week 1) 
3. Once the working vocabulary reaches size t, start ignoring the 

pretokenization—tokens can now be merged across whitespace 
boundaries.  

Intuition: tokenizer first learn base units of semantic meaning, then, aftet the 
transition point, it learns to combine these units into common sequences for a 
much more efficient vocabulary.

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



SuperBPE tokenization

Liu et al. 2025. "SuperBPE: Space Travel for Language Models”



Thanks!


