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This Lecture

‣ Instruction-tuning: T0/Flan/PaLM

‣ Encoder-decoder LMs: BART, T5

‣ Decoding 

‣ No class next Monday — reading day



LM Pre-training
‣ Three types of neural architectures for LLM pre-training

‣ Encoder 
(e.g., ELMo, BERT)

bidirectional → masked token prediction

‣ Decoder 
(e.g. GPT, Llama)

unidirectional (autoregressive)  
                            → next-token prediction

‣ Encoder-Decoder 
(e.g., BART, T5)

encode bidirectionally  
→ generate autoregressively



BART/T5  
(encoder-decoder type of LMs)



BERT (encoder) vs. GPT (decoder)
‣ BERT: only parameters are an 

encoder, trained with masked 
language modeling objective

B D

A   _   C   _  E
‣ No way to do translation or 

left-to-right language 
modeling tasks

‣ GPT: only the decoder, autoregressive LM

‣ (Small-size versions) Typically used 
for unconditioned generation tasks, 
e.g. story or dialog generation

Lewis et al. (2019)



BART (encoder-decoder)

‣ Sequence-to-sequence BERT 
variant: permute/make/delete 
tokens, then predict full 
sequence autoregressively

‣ For downstream tasks: feed 
document into both encoder + 
decoder, use decoder hidden 
state as output

‣ Good results on translation, summarization tasks

‣ What to do for seq2seq tasks?

Lewis et al. (2019)



BART

Infilling is longer 
spans than masking

‣ BART uses multiple de-noising LM objective:

Lewis et al. (2019)



BART

‣ Final system: combination of infilling and sentence permutation

‣ Infilling is all-around a bit better than masking or deletion

Lewis et al. (2019)



BART

‣ Results on GLUE benchmark are not better than RoBERTa

Lewis et al. (2019)



CoLA
‣ Corpus of Linguistic Acceptability (CoLA); to test whether a model can 

recognize (a) morphological anomalies, (b) syntactic anomalies, and 
(c) semantic anomalies.

Warstadt et al. (2020)



BART for Summarization

‣ But, strong results on dialogue, summarization, and other generation tasks.

Lewis et al. (2019)



T5
‣ Pre-training: similar denoising scheme to BART

‣ Different mask tokens for individual masked spans; also different 
format for targets 

Raffel et al. (2020)



T5
‣ Compared several different unsupervised LM objectives:

Raffel et al. (2020)



T5

Raffel et al. (2020)

‣ Frame many problems as sequence-to-sequence ones:



T5

‣ It still hasn't hit the limit of bigger data being useful for pre-training: 
here we see stronger MT results from the biggest data

‣ Colossal Cleaned Common Crawl (C4): 750 GB of text

Raffel et al. (2020)



Instruction Tuning



Instruction Tuning

Flan - Chung et al. (2022)

‣ We want to optimize models for P(answer | prompt, input), but they’re 
learned on a basic language model objective. 

‣ Instruction tuning: supervised fine-tuning on data derived from many NLP 
tasks (with natural language instructions in prompts)



Traditionally, Fine-tuning (e.g. BERT)
‣ Fine-tuning: Learn how to perform a task from labeled examples.

classification labels:  
pos/neg, B-PER, etc. 

<s>    The  movie  was   great

Transformer           

The movie was great!

 
I did not like this film.

 
Excellent acting.

Labeled dataset

training
→



Instruction Tuning
‣ Instruction fine-tuning: Learn how to follow instructions across many tasks.

next-token prediction  
of free-text outputs

prompts

Transformer           

Diverse prompt–response dataset 

training
→



Instruction Tuning
‣ Instruction fine-tuning: Learn how to follow instructions across many tasks.

next-token prediction  
of free-text outputs

prompts

‣ Early ideas of instruction tuning from UnifiedQA (Khashabi et al. 2020)  
and Meta-tuning (Zhong et al. 2021)

‣ Instruction tuning combines the ideas of prompting and fine-tuning!



Unified QA

Khashabi et al. (2020)



Meta-Tuning

Zhong et al. (2021)

‣  Turn binary classification tasks into a “Yes"/“No" QA format



Natural Language Prompts

Sanh et al. (2022)

‣ Some examples from T0 paper:



T0

Sanh et al. (2022)

‣ Extended from  
LM-adapted T5  
model  
(Lester et al. 2021)

‣ “Instruction Tuning” —  
using existing  
labeled training  
datasets from  
many tasks +  
crowdsourced prompts



Task Generalization: T0
‣ Pre-train: T5

‣ Train: a collection 
of tasks with 
prompts. This uses 
existing labelled 
training data. 

‣ Test: a new task 
specified only by a 
new prompt. No 
training data in this 
task. 



 Flan
‣ Pre-train, then fine-tune on a bunch of tasks, generalize to unseen tasks

Chung et al. (2022)

‣ Scaling the number of tasks, models size (Flan-T5, Flan-Palm), and fine-
tuning on chain-of-thought data



 Flan

Chung et al. (2022)

‣ Fine-tuned on 473 
datasets, 1836 
tasks.

‣ Some datasets 
support multiple 
tasks

‣ E.g. SQuAD can be 
used for QA or 
question generation.



 Chain-of-Thought Prompts

Wei et al. (2022)

Figure from Chung et al. (2022)

‣ Using explanations (some rationals) to improve model performance, 
usually in few-shot prompting



 Flan

Chung et al. (2022)

‣ Instruction fine-tuning can be done on various models (PaLM, T5, etc.)

‣ Flan-T5 models were publicly available



‣ 540 billion parameter model created by Google (not publicly available)

‣ Trained on 780 billion tokens.

Chowdhery et al. (2022)

PaLM



Barham et al. (2022)

PaLM
‣ Trained on 6144 TPU v4 chips using Pathways across multiple TPU Pods.



PALM

Chowdhery et al. (2022)



Chowdhery et al. (2022)

PaLM
‣ Scaling up the model (#parameters) had varied impacts on downstream tasks



(Wrap up) Instruction Tuning

Flan - Chung et al. (2022)



(Wrap up) LM Pre-training
‣ Three types of neural architectures for LLM pre-training

‣ Encoder 
(e.g., ELMo, BERT)

bidirectional → masked token prediction

‣ Decoder 
(e.g. GPT, Llama)

unidirectional (autoregressive)  
                            → next-token prediction

‣ Encoder-Decoder 
(e.g., BART, T5)

encode bidirectionally  
→ generate autoregressively



Decoding Strategies



Decoding Strategies

‣ Generation from both models looks similar; how do we do it?

‣ seq2seq models place a distribution P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)

‣ LMs place a distribution P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)



Decoding
‣ Decoding is an inference-time solution to optimize LLM outputs

‣ Besides data and model size, inference-time algorithms can make a big 
impact. 


Hewitt et al. (2022)



(Recap) Greedy Decoding
‣ Generate next word conditioned on previous word as well as hidden state

the  movie  was   great

‣ During inference: need to compute the argmax over the word predictions 
and then feed that to the next RNN state. This is greedy decoding

le     

<s>

film était bon [STOP]

P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)

ypred = argmaxyP (y|x, y1, . . . , yi�1)
<latexit sha1_base64="BKzIm/yKraU6a64Z2EgswwSRmsQ="></latexit>



Problems with Greedy Decoding
‣ Only returns one solution, and it may not be optimal

‣ Can address this with beam search, which usually works better…but even 
beam search may not find the correct answer! (max probability sequence)

Stahlberg and Byrne (2019)



Beam Search
‣ Maintain decoder state, token history in beam

la: 0.4     

<s>

la

le

les

le: 0.3
les: 0.1     

log(0.4)
log(0.3)

log(0.1)

film: 0.4

la

…

film: 0.8     

le

… le 
film

la 
film

log(0.3)+log(0.8)

…

log(0.4)+log(0.4)

‣ Keep both film states! Hidden state vectors are different

the  movie  was   great

‣ NMT usually use beam <=5



Beam Search vs. Human

Holtzman et al. (2019)

‣ For less constrained generation tasks (e.g., story generation)



Sampling

‣ Beam search may give many similar sequences, and these actually may be 
too close to the optimal.

‣ Sampling can help - especially for some text generation tasks.

P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)

ysampled ⇠ P (y|x, y1, . . . , yi�1)
<latexit sha1_base64="PRMh0d0POdeSz1TX/ixzw2HuV+c="></latexit>

‣ Greedy solution can be uninteresting / vacuous for various reasons 
(so called text degeneration). 



Beam Search vs. Sampling

Holtzman et al. (2019)

‣ These are samples from an unconditioned language model GPT-2 (not 
seq2seq model)

‣ Sampling is better but sometimes draws too far from the tail of the 
distribution (relatively low prob. over thousands of candidate tokens). 



Sampling 

‣ Nucleus (top-p): take the top p% (e.g., 95%) of the distribution, 
sample from within that

‣ Top-k: take the top k most likely words (e.g. k=5), sample from those

‣ Epsilon: simple truncation, allow any word with greater than ε probability

‣ Using methods more sophisticated than naive sampling



Generation Tasks

Holtzman et al. (2019)



Softmax Temperature
‣ Formally, NNs typically use a softmax function to convert logits          into 

class probabilities:  

index of 
output space    Y

temperature to smooth  
softmax distribution

‣ T = 1: Standard Softmax



Decoding Strategies

‣ Generation from both models looks similar: (1) Greedy, (2) Beam Search, 
(3) Sampling

‣ seq2seq models place a distribution P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)

‣ LMs place a distribution P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)P (yi|x, y1, . . . , yi�1) = softmax(Wh̄)

‣ Q: Is the Viterbi algorithm suitable for LLM decoding?



Generation Tasks

Unconditioned sampling/ 
e.g., story generation

Dialogue Translation
Summarization

Text-to-code

Less constrained More constrained

Data-to-text

‣ For more constrained problems: greedy/beam decoding are usually best

‣ For less constrained problems: sampling introduces favorable variation in 
the output

Text-to-text



More Advanced Decoding Strategies



More Decoding Strategies
‣ Greedy

‣ Beam search

‣ Sampling, e.g.:

‣ Nucleus: take the top p% (e.g., 95%) of the distribution, sample 
from within that

‣ Top-k: take the top k most likely words (e.g. k=5), sample from those

‣ Epsilon: simple truncation, allow any word with greater than ε probability

predict the next token

‣ Reranking, e.g.:

‣ Minimum Bayes Risk, Speculative decoding 
generate multiple 
sequences, then select



Minimal Bayes Risk (MBR) Decoding
‣ Intuition: the best output not only have high probability (same as 

maximum likelihood), but also is consistent or similar to the other 
candidate outputs. 



Minimal Bayes Risk (MBR) Decoding

Image Credit: Ohashi et al. (2024)

‣ Step 1: sample multiple sequences



Minimal Bayes Risk (MBR) Decoding

Image Credit: Ohashi et al. (2024)

‣ Step 1: sample multiple sequences

‣ Step 2: Compare each seq. to the others by a utility function



Minimal Bayes Risk (MBR) Decoding

Image Credit: Ohashi et al. (2024)

‣ Step 1: sample multiple sequences

‣ Step 2: Compare each seq. to the others by a utility function

‣ Step 3: Select the seq. that  

maximizes the expected utility



Minimal Bayes Risk (MBR) Decoding
‣ MBR aims to find an output that maximizes the expected utility, i.e., 

metrics like COMET (for translation) or LENS (for simplification).

Heineman et al. (2024)



Minimal Bayes Risk (MBR) Decoding
‣ MBR aims to find an output that maximizes the expected utility, i.e., 

metrics like COMET (for translation) or LENS (for simplification).
‣ Diverse prompt + MBR decoding: consistent improvement across 

generation tasks, works for both open-source and black-box LLMs

Heineman et al. (2024)



Minimal Bayes Risk (MBR) Decoding
‣ Often deliver several points of performance improvement, over the 

standard beam search or sampling methods.

(Suzgun+, ’23)
(Maddela+, ’23)



Minimal Bayes Risk (MBR) Decoding
‣ Intuition: the best output not only have high probability (same as 

maximum likelihood), but also is consistent or similar to the other 
candidate outputs. 


‣ More formally:

First sample a set of hypotheses      from the model, then select the 
output that maximizes the expected utility      (or minimize the expected 
risk) with respect to a set of references      :



Minimal Bayes Risk (MBR) Decoding
‣ Intuition: the best output not only have high probability (same as 

maximum likelihood), but also is consistent or similar to the other 
candidate outputs. 


‣ More formally:

First sample a set of hypotheses      from the model, then select the 
output that maximizes the expected utility      (or minimize the expected 
risk) with respect to a set of references      :

can be the same or different set, often about 10~1000 
sequences generated by sampling or beam search



Minimal Bayes Risk (MBR) Decoding
‣ Main Limitations:

‣                computation time for utility function

‣ number of sample        << number of all possible hypotheses

‣ Research directions:

‣ choice of sampling algorithm to collect hypotheses (Ohashi+ ‘24)

‣ model-based estimation (Jinnai+ ‘24)

‣ promoting diversity (Heineman+ ’24)

‣ Reducing computation time for utility function (Tomani+ ’24)



Speculative Decoding
‣ Intuition: Some tokens in the sequence are easier (can use a small LLM) to 

generate than others (ideally, use a larger LLM).

‣ How to combine small and large LLMs to do this more efficiently?

Leviathan et al. (2023)



Speculative Decoding
‣ Step 1: generate γ tokens by a small (approximation) model

Leviathan et al. (2023)



Speculative Decoding
‣ Step 1: generate γ tokens by a small (approximation) model

Leviathan et al. (2023)

‣ Step 2: use a large (target) model to generate next-token distributions for 
all γ+1 prefixes



Speculative Decoding
‣ Step 1: generate γ tokens by a small (approximation) model

Leviathan et al. (2023)

‣ Step 2: use a large (target) model to generate next-token distributions for 
all γ+1 prefixes

‣ Step 2: Decide which tokens to accept or reject (with a probability) based 
on the large model, and sample one more token from the large model



Collaborative Decoding
‣ Intuition: The decision of deferral from a small model to a large model is 

learnt as a latent variable                               by optimizing the marginal 
likelihood:  

Shen et al. (2024)



Contrastive Decoding

‣ Intuition: The failures of larger LLMs are even more prevalent in smaller 

LMs, thus the difference between the two can be a useful signal.  

Li et al. (2023)



Constrained Decoding

ϵ Faransi

ni

]

ile

-30.2

-36.7

-22.8

Ang
ile

start

ni[

[

Ang

]

</s>

</s>

</s>

Log-probability of the sequence 
from  to the current tokenϵ

  “Only France and Britain backed 
Fischler 's proposal .”

x = ”Faransi ni Angiletɛri dɔrɔn de ye 
Fischler ka laɲini dɛmɛ .”

ytmpl =”Only France and [ Britain ] backed 
Fischler 's proposal .”

xmark =Input:

-8.0

-3.1

-2.8
-7.4

-13.5

Current kth best 
hypothesis

=1δ

Log-probability (-13.5) falls 
below the lower bound (-2.8)

Prune branches based on 
a heuristic lower-bound

‣ CODEC: A branch-and-bound search algorithm with a heuristic lower bound

Le et al. (2024)


