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Generation / Decoding
● A Language Model outputs a probability 

distribution over possible words

● The LM encodes the probability for all possible 
sequences

● Given this, how do we decide what the 
predicted sequence should be? (This process 
is often called "decoding")

● How do we generate new sequences?

● During training, we always know what the next 
word should be

● For many real-world tasks (e.g. Chatbots), we 
want the model to generate novel text
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Greedy Decoding
● "Greedy" decoding is the simplest strategy

● At each time step, choose the highest-
probability word

● "Greedy" because it does NOT guarantee 
the highest-probability sequence

● No randomness involved (same context 
gives the same completion)

● Tends to generate boring or repetitive text

● Or text that's been exactly copied from 
the training data
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Random Sampling
● Sampling: taking random draws from a probability 

distribution

● For LMs: sample from distribution over possible 
words

● Stop when the End-Of-Sequence token is reached, 
or define a maximum sequence length

● Each word has the probability assigned by the LM of 
being generated

● Pros: relatively "interesting", novel text generation

● Cons: high chance of generating nonsense 
(because of the long tail of low-probability 
choices)

● Is there something in-between this and greedy?
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Top-k Sampling
● Instead of considering the whole 

distribution, what about the top few 
words?

● Top-k Sampling:

● Take the k highest-probability words

● Sample among these words 
according to their probability

● Cuts off the long tail of the 
distribution

5

source

https://www.megaputer.com/mastering-language-models-a-deep-dive-into-input-parameters/


Top-p Sampling

6

Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Top-p Sampling
● Problem with top-k: probability distributions 

can look very different

6

Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Top-p Sampling
● Problem with top-k: probability distributions 

can look very different
● Sometimes the top k will make up the 

majority of the probability mass (peaked)

6

Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Top-p Sampling
● Problem with top-k: probability distributions 

can look very different
● Sometimes the top k will make up the 

majority of the probability mass (peaked)

● Other times the distribution is spread out 
(flat)

6

Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Top-p Sampling
● Problem with top-k: probability distributions 

can look very different
● Sometimes the top k will make up the 

majority of the probability mass (peaked)

● Other times the distribution is spread out 
(flat)

● (Hard to find a k that always works well)

6

Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Top-p Sampling
● Problem with top-k: probability distributions 

can look very different
● Sometimes the top k will make up the 

majority of the probability mass (peaked)

● Other times the distribution is spread out 
(flat)

● (Hard to find a k that always works well)

● Top-p (AKA nucleus) sampling: truncate 
the distribution to the top probability 
mass (e.g. 0.2 / 20%)

6

Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Top-p Sampling
● Problem with top-k: probability distributions 

can look very different
● Sometimes the top k will make up the 

majority of the probability mass (peaked)

● Other times the distribution is spread out 
(flat)

● (Hard to find a k that always works well)

● Top-p (AKA nucleus) sampling: truncate 
the distribution to the top probability 
mass (e.g. 0.2 / 20%)

● Adaptable to different distribution shapes
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Softmax Temperature
● The "peakiness" of a distribution can 

be adjusted with parameter called 
temperature ( )τ
● Low temperature  more peaky / 

close to greedy sampling
→

● High temperature  more flat / close 
to uniform distribution

→

● regular softmaxτ = 1.0 →
● Can be tuned to give more/less 

deterministic outputs

7

probs = softmax(x/τ)
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Softmax Temperature
● Takes inspiration from temperature 

in physics

● At low temperatures, probability 
"solidifies" around the most-
probable logits

● At high temperatures, probability acts 
like a "gas" and distributes widely

● Great visualization tool available on 
this blog
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Beam Search
● Recall that greedy decoding does not guarantee 

the overall highest-probability sequence
● (In fact, it probably won't be)

● The space of all possible sequences is massive! 

● We need a better way to search for the optimum 
sequence

|V |N

● Beam Search: at each step, choose the top-k 
most-probable continuations

● Always keep the k most-probable paths in 
contention, and prune others

● These paths often called "beams"
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Beam Search
● In practice, Beam Search is only used 

for particular NLP applications

● Recall that we might not want the 
most probable sequence (often boring/
memorized)

● Beam Search is used where there's 
emphasis on a correct answer (e.g. 
Machine Translation)

● Fairly computationally expensive 
compared to other decoding methods

10



Generation Big Picture

11
Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Generation Big Picture
● In practice, we often combine 

generation techniques

11
Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Generation Big Picture
● In practice, we often combine 

generation techniques

● E.g. top-k and temperature

11
Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Generation Big Picture
● In practice, we often combine 

generation techniques

● E.g. top-k and temperature

● They have differing drawbacks

11
Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Generation Big Picture
● In practice, we often combine 

generation techniques

● E.g. top-k and temperature

● They have differing drawbacks

● Greedy, Top-k, and Beam Search often 
lead to repetitive generation (blue)

11
Holtzman et al (2020)

https://openreview.net/pdf?id=rygGQyrFvH


Generation Big Picture
● In practice, we often combine 

generation techniques

● E.g. top-k and temperature

● They have differing drawbacks

● Greedy, Top-k, and Beam Search often 
lead to repetitive generation (blue)

● Random sampling and high 
temperature lead to nonsensical 
generation (red)
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Probability and Information
● Real human language does not 

optimize for high probability!!!

● Actually, in Information Theory, low 
probability  high information!→
● In order to convey information, humans 

must use low-probability symbols

● Techniques like Beam Search don't 
emulate human language well in this 
regard
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Important Points
● Generation needs a stopping condition (it's a while-loop!)

● Common: End-Of-Sequence symbol (</s>, <eos>) or maximum length

● We usually have a trade-off between probability and "creativity"

● Modern Chatbots / "Large Language Models" are trained for more than 
just Language Modeling (i.e. next word prediction)

● This drastically changes the way they generate

● "Pure" Language Models try to complete a prompt. Chatbots try to respond to a 
prompt (more later)
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