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What are language models?

Lots of hype around

(PaLM, a recent language model by Google)
https://ai.googleblog.com/2022/04/

pathways-language-model-palm-scaling-to.html
(ChatGPT, a recent language model by OpenAI)

https://openai.com/blog/chatgpt/

What is so special about these ‘language models’? And what is ‘language modeling‘?

(futile attempt to fit at least 4 full lectures of the IN550 course in 40 minutes)
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What are language models?

Roughly speaking, language modeling is
...predicting the next word in the text given the previous words

For example
I ‘What is the meaning of <PREDICT>’....
I hmm... ‘life’?
I Yes! ‘What is the meaning of life’.
I ‘She is a researcher in natural language <PREDICT>’....
I hmm... ‘processing’?
I No! ‘She is a researcher in natural language understanding’.

I Idea dates back to [Shannon, 1948]

I actively used since the 1980s for Machine Translation and Automated Speech Recognition
I ∼10 years ago, with neural LMs, became central in NLP.
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What are language models?

Language modelling as two tasks
I Task 1: to estimate probabilities of natural language sequences:

I ‘What is the probability of lazy dog?’
I ‘What is the probability of The quick brown fox jumps over the lazy dog?’
I ‘What is the probability of green colorless ideas sleep furiously?’

I Task 2: to estimate the probability of a word x to follow a word sequence S of length n:
I ‘What is the probability of seeing jumps after The quick brown fox?’

I These two are closely related, almost the same task:

P(w1:n) = P(w1)P(w2|w1)P(w3|w1:2)P(w4|w1:3)...P(wn|w1:n−1) (1)

I Any system able to yield P(x) given S is a language model (LM).

Language modeling is data-driven: defined only on a given collection of texts (a corpus).
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Evaluation of language models

‘She is a researcher in natural language...

snow-boarding’?!
I am perplexed!

I One can evaluate and compare LMs by their perplexity:
I how perplexed/surprised is the model by test word sequences
I the lower the better.

I For each of i words in the test corpus, find how probable it is according to the LM:

ENTROPYi = − log2 LM (wi |w1:i−1)
PERPLEXITYi = 2ENTROPYi

(2)

I exponentiated negative log-likelihoods per token
I For corpus perplexity, you simply average token perplexities.
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What are language models?

Any language model is a text generator by definition

Autoregressive or causal generation:
I feed a word or a sentence (prompt) into the LM
I get a probability distribution over what words are likely to come next
I sample from this distribution
I feed it right back in to get the next word
I repeat this process and you’re generating text!

Slightly rephrasing https://karpathy.github.io/2015/05/21/rnn-effectiveness/

This is what ChatGPT does. Thus, generative language model.
But text generation is not the only task LMs can do.

6
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Deep learning and language models
Multi-layered artificial neural networks: current state of language modeling
I First neural LM in [Bengio et al., 2003] used feed-forward neural network architecture

(image from Jurafsky and Martin, 2023)

But things have moved forward since then. In what ways?
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1. Increased compute

Hardware capabilities are growing: we now use graphic processing units (GPUs) and Tensor
Processing Units (TPUs).

I In Norway, we have access to LUMI supercomputer based in Finland:
I 3rd most powerful in the world, 1st in Europe
I 2560 compute nodes with AMD MI250X GPUs (20 000 GPUs in total)

I https://www.lumi-supercomputer.eu/

UiO Language Technology Group has already started to use LUMI to train open language
models for Norwegian: much faster than before.

8
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2. Increased data
LMs are trained on raw texts: lots of data to crawl from the Internet (most of it in English).
Training corpora for recent LMs in running words:

I ChatGPT? Unknown (but a mix of texts and code).
I How much Norwegian data we have?

I 30-40 billion running words available
I training in the ‘infinite data’ regime is not possible.
I but enough to train a decent mono-lingual model from scratch (NorBERT models).

I one can also train on a multilingual collection (GPT-SW3 initiative)
I or fine-tune other pre-trained models on Norwegian data (NB AI Lab)
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3. Better architectures: transformers

Transformer
I A sequence of feedforward layers
I multi-headed self-attention

I model learns what words in the input sequence to pay
attention to

I all input words are processed simultaneously
I training easily paralellized across multiple

computation units (unlike recurrent neural networks)
I many heads: solves the under-parameterization

problem, different heads excel in different tasks
I positional encoding

I allows to take word order into account
Transformers allowed to use the existing data and
compute in the most optimal way.

10



Transformer as a language model

(image from Jurafsky and Martin, 2023)

11



Deep learning and language models

Scaling
I When scaling up sufficiently, the next-word objective can be surprisingly powerful. . .
I Emergent properties [Wei et al., 2022]

After some amount of training, new capabilities suddenly appear in the models: fascinating!
12



Deep learning and language models

I We are not limited to imitating left-to-right human text processing
I can predict masked words based on words around them
I bidirectional LMs, masked LMs −→ even better results on many practical NLP tasks

NorBERT-2 model (https://huggingface.co/ltg/norbert2)

13
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ChatGPT and its friends

Constant stream of ever growing ‘foundation models’
pre-trained on huge text collections:
I Bidirectional Encoder Representations from

Transformer (BERT) [Devlin et al., 2019]

I Generative Pretrained Transformer - 3 (GPT-3)
[Brown et al., 2020]

I Text-To-Text Transfer Transformer (T5)
[Raffel et al., 2020]

I Pathways Language Model (PaLM)
[Chowdhery et al., 2022]

I ChatGPT (no academic paper yet)
I ...

[Bommasani et al., 2021]

Used for diverse tasks, but trained via language modeling almost exclusively with the
Transformer architecture.
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1. Encoder language models

Encoder LMs
I Trained to produce useful representations of input words / sequences (encode them)
I also known as masked language models
I popular example: BERT [Devlin et al., 2019]

I not used much for generation, but excel in classification, etc

15



2. Decoder language models

Decoder LMs
I Trained to predict the next word based on the

previous words
I decoding the current model state into human

language words
I also known as autoregressive or causal models
I excel in text generation
I most classical type of language models, dating back

70 years
I popular example: GPT-3 [Brown et al., 2020]

I ...or is it ChatGPT now?

16



3. Encoder-decoder language models

Encoder-decoder language models
I trained on both encoding and decoding objectives
I also known as text-to-text models
I any task is cast as converting one text to another
I encoding the input text and then decoding the output text
I most popular example: T5 [Raffel et al., 2020]

I very promising for any task.

17



Instruction fine-tuning

Helpful instructions
I One can further fine-tune a language model on a collection of datasets phrased as

instructions (check out FLAN-T5 model)
I sort of an extension of the text-to-text idea
I shown to generalize on unseen tasks

[Chung et al., 2022] 18



ChatGPT and its friends
I ChatGPT is a successor of GPT-3.5 by the same OpenAI lab [Brown et al., 2020]
I GPT-3.5 is a decoder LM of 175B parameters, trained on 200-300 billion running words.

Most probably, ChatGPT is 175B as well, but nobody knows for sure.
19



Auto-regressive LMs excel in generation
Great generation abilities with right prompts

https://chat.openai.com/

Encoder-decoder FLAN-T5 model can only hallucinate in response to this question:

[Chung et al., 2022]
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ChatGPT details

Important addition: large-scale human supervision.

I ChatGPT capitalizes on the InstructGPT model
[Ouyang et al., 2022]
I also known as ‘text-davinci’; not clear what exact

model they used.
I pre-trained LM is fine-tuned on human-generated

instructions
I additionally fine-tuned to improve dialogue skills:

reinforcement learning with human feedback (RLHF)
I human supervision on hundreds of thousands of

interactions
Important: OpenAI stores your chats with ChatGPT, so you are part of this supervision,
especially when you give OpenAI any feedback.
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How good ChatGPT is in fair comparison with other models?
It’s not like ChatGPT is the superior LM. Far from that. But it is good.

[Qin et al., 2023]

I Not clear how important RLHF is: we do not know how large ChatGPT is.
I Not trivial to properly evaluate ChatGPT: the model isn’t actually available!
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Problems

GPT-3 and ChatGPT are closed, not publicly available (you cannot download the weights, only
use the models via API)

Current best practice in NLP:
I Grab a LM pre-trained on large collections of unlabeled texts
I and fine-tune it on a comparatively small amount of labeled task data.

I You cannot do this with OpenAI’s recent models.
I You also cannot easily study them.
I A major disadvantage both scientifically and practically.
I We need models fully available to the public!
I UiO is a part of EU-funded HPLT project aimed to provide open LMs for all major

European languages (https://hplt-project.org/).
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Unspeakable tokens...

I ChatGPT is closed, no parameter control, changing daily in opaque ways
I still, researchers found interesting issues with it (and the whole GPT-3.5 family of models)

https://www.lesswrong.com/posts/aPeJE8bSo6rAFoLqg/solidgoldmagikarp-plus-prompt-generation

Possible explanation: vocabulary for the models was created earlier, does not fully match the
training corpus. Thus, anomalous words which the model knows but ‘unable to say’.
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And funny jailbreaks (originated on Reddit, source unknown)

Obvious traces of human supervision
(and may be hard-coded rules).

But
it is not bullet-proof. Clever prompt
engineering transforms it
miraculously...
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Problems

Bias and evaluation
I If training data is small or not properly de-duplicated, the model can memorize large parts

of it (including personal data).
I Bias, toxicity, harmful generations.

I Evaluation: loss and perplexity not enough, need to test the model in real tasks!
I We lack language-specific manually annotated test sets

I NorBench by the Language Technology Group at the UiO: ongoing effort on creating an
extensive evaluation benchmark for Norwegian.
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Problems

Inference
I Not enough to train a large model until the loss is ‘good enough’
I not enough to even evaluate the model on existing benchmarks.
I How to organize regular inference (day-to-day usage of the model)?
I It is expensive, but also difficult technically.
I A significant part of OpenAI success with ChatGPT is organizing public inference, not

something exciting about training data or architectures.
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Summing up

Putting ChatGPT in context
I Language modeling is one of the foundational tasks in natural language processing.
I Modern LMs based on deep artificial neural networks are much better than prior LMs
I This is because of:

1. increased compute
2. increased training data
3. new architectures like Transformers with self-attention or instruction fine-tuning

I LMs produce representations, which are used further in the NLP pipeline
I ...but in addition, they can be used directly for text generation (chat-bots)
I ChatGPT is not very novel scientifically, but it is a gem of engineering and marketing.
I Will hardly lead us to general AI, but can help to better understand linguistic capabilities of

us humans.
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