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Announcement
❑ Lectures on “LM: Search Algorithms”

o Search 
o Sampling
o Search in Training

Reinforcement learning for text generation (e.g., chatGPT)

❑ HW2 due (March 1) & HW3 out (March 1)
o Use #hw[1-5] channel for homework-related discussion

Questions posted on project channel will not be answerable by TAs.

❑ Start a project discussion now!! 
o Use #grp-[Team-Name] channel
o Bring up keywords and rough ideas, and talk to instructors



What is natural language generation?

❑ NLP = Natural Language Understanding (NLU) + 
Natural Language Generation (NLG) 

❑ NLG focuses on systems that produce coherent
and useful language output for human consumption 

❑ Deep Learning is powering (some) next-gen NLG 
systems
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More interesting NLG uses
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Creative story generation Data/Table to text Visual description

Craig finished his eleven NFL 
seasons with 8,189 rushing 
yards and 566 receptions for 
4,911 receiving yards.
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https://huggingface.co/docs/transformers/main_classes/text_generation

https://huggingface.co/docs/transformers/main_classes/text_generation
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Notation

𝑃 𝑥! 𝑥", … 𝑥!#")

Context given and previous text generated

𝑃 𝑌! 𝑋, 𝑦", … 𝑦!#")

Previous text generatedContext given



Generation Problem
❑ We have a model of P(Y|X), how do we use it to generate a sentence?
❑ Two methods:

o Argmax: Try to generate the sentence with the highest probability. 

o Sampling: Try to generate a random sentence according to the probability 
distribution. 
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𝑌! = 𝑠𝑎𝑚𝑝𝑙𝑖𝑛𝑔 𝑓𝑟𝑜𝑚 𝑃 𝑌! 𝑋, 𝑦", … 𝑦!#")

𝑌! = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑃 𝑌! 𝑋, 𝑦", … 𝑦!#")



Which to Use?
❑ We want the best possible single output 

o → Search

❑ We want to observe multiple outputs according to the probability 
distribution 
o → Sampling

❑ We want to generate diverse outputs 
o → Sampling? Search?
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Ancestral Sampling

❑ Randomly generate words one-by-
one.
o 𝑌! = 𝑃 𝑌! 𝑋, 𝑦", … 𝑦!#")
o Until <STOP> is generated

❑ An exact method for sampling 
from P(X), no further work needed. 

10

https://blog.allenai.org/a-guide-to-language-model-sampling-in-allennlp-3b1239274bc3

https://blog.allenai.org/a-guide-to-language-model-sampling-in-allennlp-3b1239274bc3


Search Basics

We want to find the best output 
❑ The most accurate output 

→ impossible! we don't know the reference 

❑ The most probable output according to the model 
→ simple, but not necessarily tied to accuracy 

❑ The output with the lowest Bayes risk 
→ which output looks like it has the lowest error?
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Greedy Search

❑ One by one, pick the single highest-probability word

❑ Not exact, real problems: 
o Will often generate the easy words first 
o Will prefer multiple common words to one rare word
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While	𝑌!"# ! = < 𝑆𝑇𝑂𝑃 >
𝑌! = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑃 𝑌! 𝑋, 𝑦#, … 𝑦!"#)



Greedy methods get repetitive
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𝑌! = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑃 𝑌! 𝑋, 𝑦", … 𝑦!#")



Problems w/ Disparate Search Difficulty

❑ Sometimes need to cover specific content, some easy some hard

❑ Can cause the search algorithm to select the easy thing first, then 
hard thing later
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𝑌! = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑃 𝑌! 𝑋, 𝑦", … 𝑦!#")



Problems w/ Multi-word Sequences
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𝑌! = 𝑎𝑟𝑔𝑚𝑎𝑥 𝑃 𝑌! 𝑋, 𝑦", … 𝑦!#")



Beam Search
❑ Instead of picking the highest 

probability/score, maintain multiple 
paths (beam size) 

❑ At each time step 
o Expand each path until <STOP>
o Choose a subset paths from the 

expanded set
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Greedy search (argmax)
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-0.7

-1.0

-1.1

-1.2
-0.8 he hit a tart in ..
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he hit a tart in ..

He struck me 
with a one..
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he hit a tart in ..
-4.8

-4.3

He struck me 
with a one..
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he hit a tart in ..

He struck me 
with a one..

-4.8

-4.3



22



Basic Pruning Methods

How to select which paths to keep expanding? 

❑ Histogram Pruning: Keep exactly 𝑘 hypotheses at every time step 

❑ Score Threshold Pruning: Keep all hypotheses where score is within a 
threshold 𝛼 of best score 𝑠"

❑ Probability Mass Pruning: Keep all hypotheses up until probability mass 𝛼
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(Steinbiss et al. 1994)



Better Search can Hurt Results!

❑ Better search (=better model score) can result in worse BLEU score!

❑ Why? Model errors!
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(Koehn and Knowles 2017)



Fixing Model Errors in Search
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A Typical Model Error: Length Bias

❑ In many tasks (eg. Machine translation), the output sequences will 
be of variable length 

❑ Running beam search may then favor short sentences
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Length Normalization

❑ Normalize by the length, dividing by |Y|
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𝑎𝑟𝑔𝑚𝑎𝑥1 7
!2"

3!

log 𝑃 𝑦! 𝑋, 𝑦", … 𝑦!#")
1
𝑇!"

𝛼 = [0, 1.0]

(Cho et al. 2014; Wu et al. 2016)



Recap: Greedy/Beam Search (w/o Sampling)
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Deterministic beam search:
I went into town on Saturday 
morning because...
-> I was going to go to the gym and 
I was going to go to the gym and I 
was going to go to the ..

https://blog.allenai.org/a-guide-to-language-model-sampling-in-allennlp-3b1239274bc3

Beam size (k) = 2

https://blog.allenai.org/a-guide-to-language-model-sampling-in-allennlp-3b1239274bc3
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(Holtzman et al. 2020)



Decoding with Sampling
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Multinomial Sampling:
I went into town on Saturday 
morning because...
-> I have to wear suits and 
collared in the South Bay. 
This was shocking!" "This is 
our city. First of all, I'm 
strange in the name of Santa, 
Howard Daniel, and

https://blog.allenai.org/a-guide-to-language-model-sampling-in-allennlp-3b1239274bc3

https://blog.allenai.org/a-guide-to-language-model-sampling-in-allennlp-3b1239274bc3
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Repetition
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Repetition Incoherence



Top-k Sampling
❑ Only sample from the k most probable 

tokens, by redistributing the PMF over 
the top-k tokens

❑ But, picking a good value of k can be 
difficult as the distribution or words is 
different for each step.
o Increase k for more diverse/risky outputs 
o Decrease k for more generic/safe outputs
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Top-p Sampling (or Nucleus Sampling)
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(Holtzman et al. 2020)

❑ Another way to exclude very low 
probability tokens is to include the most 
probable tokens that make up the 
“nucleus” of the PMF
o the sum of the most probable tokens just 

reaches P



Top-p Sampling (or Nucleus Sampling)
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(Holtzman et al. 2020)

❑ Flexible as the distribution changes, 
allowing the size of the filtered words to 
expand and contract when it makes 
sense.



Cautions about Sampling-based Search

❑ Is sampling necessary for diversity? 
o questionable, we could do diverse beam search instead. 

❑ Results are inconsistent from run-to-run: 
o need to consider variance from this in reporting 
o (in addition to variance in training and data selection) 

❑ Conflates model and search errors: 
o if you make a better model you might get worse results, because the search algorithm can't 

find the outputs your model likes
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Decoding: Takeaways

❑ A major realization of the last couple of years is that many of the problems that 
we see in neural NLG are not really problems with our learned language model 
probability distribution, but problems with the decoding algorithm 

❑ Human language production is a subtle presentation of information and can’t be 
modeled by simple properties like probability maximization. 

❑ Different decoding algorithms can allow us to inject biases that encourage 
different properties of coherent natural language generation 

❑ Some of the most impactful advances in NLG of the last few years have come 
from simple but effective modifications to decoding algorithms
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Questions?


