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Sampling from a language model

https://web.stanford.edu/~jurafsky/slp3/3.pdf



Hmm..



Not just a numbers game

• Let’s assume an English vocabulary of about 50K words.

• 4-gram language model:

• Current LLMs 

• Several major factors: better representation of words and their 
dependencies (neural vs. symbolic), neural architectures and 
learning “tricks”, a lot of compute and training data

6,250,000,000,000,000,000

~ 1,000,000,000,000





Word2Vec and Skip-Grams

• Predict context word, from a 
context window.

• Skip-gram sampling, from a 
forward and backward window 
of a fixed size.

• Result: d-dimensional 
embedding for each word in V. Input layers: |V| Output layer: |V|

Hidden 
layers: d- 
dimensional 

https://arxiv.org/abs/1301.3781

The black cat meowed all night

cat

black



Word2Vec vs. Feedforward LMs

• The two models are very similar! 
• If we assume a bigram LM, what is the difference?

• FFLM: can only learn backward relationships (model p(wi|wi-1))
• W2V: both forward and backwards relationships p(wi|wi-1) and p(wi|wi+1)
• W2V learns relationships between close though non-consecutive words  

(e.g., p(wi|wi-2)) assuming the context window is larger than 1.

•  These differences are also repeated in modern neural “LM”s :
• Actual LM: only model relationship to previous tokens (i.e., 

causal/autoregressive LMs)
• Not-really-LMs, modeling both previous and future tokens (bidirectional).







ELMO (Embeddings from Language Models)

• Training contextualized word 
embeddings.
• The bank is flooded.
• The bank is bankrupt.

• Bidirectional model, combining a 
forward-looking and backward 
looking LSTMs.

• Architecture combines character-
level CNN for creating initial word 
embeddings  and 2-layer LSTM.

https://aclanthology.org/N18-1202/



ELMO (Embeddings from Language Models)

• Representation Trained over massive datasets (for the time)
• Embedding used as input to downstream task.
• Significant improvement compared to W2V/Glove
• Multiple NLP tasks, QA, NLI, SRL, NER, etc.
• Attempts to train ELMO jointly with these tasks were mixed 

https://aclanthology.org/W19-4302/



Recall our discussion about attention

https://dl.acm.org/doi/10.5555/3295222.3295349

• We saw two example of LM vs. bidirectional embeddings, based 
on relatively simple architectures.

• We can extend the task of a language modeling to attention-based 
architectures, such as the transformer.

• We will also see the two modeling approaches here –
• Encoder models, capturing bidirectional context
• Decoder models (AKA causal/autoregressive), capturing backward 

context only.



Self-Attention (reminder)

Vaswani et-al 2017
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Transformer (reminder)

• Encoder-decoder transformer architecture.
• Both are transformers, but with different role
• Encoder: represent input, bidirectional 

representation.
• Decoder: generates output, cannot “peak” 

into the future.



Transformer-based LMs

• Encoder
• e.g., BERT, RoBERTa, mmBERT 
• Captures bidirectional context 
• Trained with masked/denoising LM objectives 

• Encoder-Decoder
• BART, T5

• Decoder-only
• Autoregressive/Causal LMs.

• e.g., GPT, LLaMA



Masked Language Modeling
• We've seen autoregressive (causal, left-to-right) LMs.

• But what about tasks for which we want to peak at future tokens?
• Especially true for tasks where we map each input token to an output token

• Bidirectional encoders use masked self-attention to 
• map sequences of input embeddings (x1,...,xn) 

• to sequences of output embeddings of the same length (h1,...,hn), 

• where the output vectors have been contextualized using information from 
the entire input sequence. 



Causal vs. Bidirectional LMs
• The distinction can be operationalized easily by removing the 

attention values from future words

Figure credit: https://medium.com/@sanjjam/beginners-guide-to-causal-attention-b2e3fa9bc762



Encoder: BERT (Bidirectional Encoder Representations from 
Transformers)

• BERT (Devlin 2019), encoder only architecture
• Multiple (12 small) transformer block layers, each with multiple attention 

heads (12).
• Context window: 512 tokens.
• 30,000 English-only tokens (WordPiece tokenizer)
• Large model (for the time), 340M parameters

• RoBERTa (Conneau et al., 2020)
• Improved version of BERT, more training data, multilingual token.



BERT vs. ELMO

• BERT allowed for direct comparison between the LSTM and 
transformer approaches.

• Note that ELMO represents backward and forward context 
separately vs. BERT that is truly bidirectional



BERT: training

• Training: masked language modeling task:
• Give a text, predict 15% of the tokens.  Out of those, 80% replace the 

input token  with [MASK], 10%, replace w/random, 10%, keep same.
• [CLS] the black [MASK] meowed all day.

• Sentence level task:
•  Input: [CLS] Sentence 1 [SEP] sentence2

• 50% of the time, take the true next chunk of text, 50% of the time take a 
random other chunk. 

• Predict if the next text is the “true” next text

• BERT objective: masked LM + next sentence prediction



BERT Architecture

• BERT Base: 12 layers, 768-
dim, 12  heads. Total 
params = 110M  

• BERT Large: 24 layers, 
1024-dim, 16  heads. Total 
params = 340M  

• Positional embeddings 
and  segment embeddings, 
30k  word pieces 



Using BERT



Using BERT: Textual Inference

• Many NLP task can be formulated as a variant of textual inference.
• Text 1 + Text 2→ Entails, paraphrases, similar, etc.

• E.g., “Recognizing Textual Entailment” challenge (Dagan, Glickman, 
Magnini, 2006), SNLI (Bowman etal 2016), etc.

• BERT makes it easy to model such tasks!
• [CLS] Sentence 1 [SEP] Sentence 2

• The Transformer captures the interactions between  
 the two sentences.



What can BERT NOT do?

What can BERT NOT do?
‣ BERT cannot generate text (at least not in an obvious way)

‣ Can fill in [MASK] tokens, but can’t generate left-to-right (you can put 
[MASK] at the end, then predict repeatedly, but this is slow)

‣ Masked language models are intended to be used primarily for 
“analysis” tasks, e.g., sequential tagging, semantic similarity between 
two sentences, …





To Tune or not to Tune?

• Unlike ELMO, BERT can benefit from task-specific training 
(backprop to BERT)

https://aclanthology.org/W19-4302.pdf



ROBERTA (Robustly Optimized BERT Pretraining Approach)

• RoBERTa uses 10x more training data, larger batch sizes, dynamic 
masking, and removing the next-sentence prediction task.

• 160GB of data instead of  16 GB  

Liu et al. (2019) https://arxiv.org/abs/1907.11692



DistilBERT

• "Reduce the size of a BERT model by 40%, while retaining 97%
of its language understanding capabilities and being 60% faster.” via 
knowledge distillation.

Sanh et-al , 2019 https://arxiv.org/abs/1910.01108



BERT (encoder only) vs. GPT (decoder only)

• BERT is an encoder only model, cannot be used for left-to-right 
generation tasks.

• GPT, and other decoder-only models, autoregressive LM can be 
used for generation tasks.

Lewis et-al 2019 https://arxiv.org/pdf/1910.13461



Encoder-Decoder Models

Lewis et-al 2019 https://arxiv.org/pdf/1910.13461



BART (Bidirectional and Auto-Regressive Transformers)

• sequence-to-sequence model.
• Training: (1) text is corrupted with several noise function. (2) 

Seq2Seq model predict the original text.
• Noise functions:

Lewis et-al 2019 https://arxiv.org/pdf/1910.13461







T5 (Text-to-Text Transfer Transformer)

• treats every NLP task (translation, summarization, classification) 
as a text-to-text problem.

Raffel et-al 2020 https://arxiv.org/abs/1910.10683



GPT/GPT2 (Generative Pre-Training)

• decoder-only model, doing 
autoregressive next-token prediction

• GPT2: trained on 40GB of text collected 
from reddit, tested on downstream tasks

• 1.5B parameters, largest at the time

Radford et al 2019 

https://cdn.openai.com/better-language-models/language_models_are_unsupervised_multitask_learners.pdf


Zero-Shot Learning
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