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Foundations Models: Is Transfer Learning a 

                                                        solved problem?  

        What model of the world do they have?
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Universal representations? 
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A universal representation for texts?

From [Kevin Murphy. Probabilistic Machine Learning. An introduction. MIT Press. (2022)], p.539

15.7. Language models and unsupervised representation learning 543

Figure 15.36: Illustration of how the T5 model (“Text-to-text Transfer Transformer”) can be used to perform
multiple NLP tasks, such as translating English to German; determining if a sentence is linguistic valid or
not (CoLA stands for “Corpus of Linguistic Acceptability”); determining the degree of semantic similarity
(STSB stands for “Semantic Textual Similarity Benchmark”); and abstractive summarization. From Figure 1
of [Raf+20]. Used with kind permission of Colin Raffel.

which it enters summarization mode. (This is an example of “prompt engineering”.) However, an
arguably better way to tell the model what task to perform is to train it on input-output pairs, as
discussed in Section 15.7.4.

GPT can also be used to create chatbots, such as ChatGPT [Ope], and for code generation
(see e.g., [HBK23]).

15.7.4 T5

Many models are trained in an unsupervised way, and then fine-tuned on specific tasks. It is also
possible to train a single model to perform multiple tasks, by telling the system what task to perform
as part of the input sentence, and then training it as a seq2seq model, as illustrated in Figure 15.36.
This is the approach used in T5 [Raf+20], which stands for “Text-to-text Transfer Transformer”. The
model is a standard seq2seq transformer, that is pretrained on unsupervised (x0, x00

) pairs, where x0

is a masked version of x and x00 are the missing tokens that need to be predicted, and then fine-tuned
on multiple supervised (x, y) pairs.

The unsupervised data comes from C4, or the “Colossal Clean Crawled Corpus”, a 750GB corpus
of web text. This is used for pretraining using a BERT-like denoising objective. For example, the
sentence x =“Thank you for inviting me to your party last week” may get converted to the input
x0

= “Thank you <X> me to your party <Y> week” and the output (target) x00
= “<X> for inviting

<Y> last <EOS>”, where < X > and < Y > are tokens that are unique to this example.
The supervised datasets are manually created, and are taken from the literature. Recently the

FLAN-T5 model [Chu+22] was released, which uses instruction fine-tuning on over 1800 such
tasks, including language translation, text classification, and question answering. The resulting model
is currently the state-of-the-art on many NLP tasks.

15.7.5 Discussion

Large language models or LLMs, such as BERT and GPT-3, have recently generated a lot of

Author: Kevin P. Murphy. (C) MIT Press. CC-BY-NC-ND license
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General questions

1. What does a foundation model know?

2. What can a foundation model do?

3. How does it know something?
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Model of the world? 
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Un modèle du monde physique ?

• A balloon is filled with flour, and a large lead ball is also inserted 
into it, then the balloon is inflated and attached to a 10 cm 

string, which is itself attached to a nail in the ceiling at a height of 
2.5 m; Just below the balloon is a fine crystal cup 15 cm high; A 

fan with a diameter of 1 m blows towards the crystal cup from a 
distance of about 1 m. Further along the same axis hangs a 

sheet, the upper part of which is very damp and the lower part 
dry. I shoot a rifle bullet at the balloon. What will happen?
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Does chatGPT has a model of the physical world? 



14 / 96

Does chatGPT has a model of the physical world? 

If yes, which one?
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General questions

1. What does a foundation model know?

2. What can a foundation model do?

3. How does it know something?
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• Very simple: ask the system to solve the task!
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• Very simple: ask the system to solve the task!
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• Very simple: ask the system to solve the task!
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Necessary methodological precautions



21 / 96

• Very simple: ask the system to solve the task!
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Problems 

1. Foundation models are stochastic systems

2. There is a large number of parameters

1. E.g. an infinite variety of prompts
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Problems 

1. Foundation models are stochastic systems

2. There is a large number of parameters

1. E.g. an infinite variety of prompts

2. The temperature

3. Size of the memory

4. … Necessity of an empirical 
and statistical methodology
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LLMs and foundation models

They learn to predict the next token

24

Gigantic model

Massive training data
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Does predicting the next token amounts to 

understanding and/or having a model of the world?
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Predict = understand

Given an Agatha Christie’s novel

• At some point, Poirot faces his audience and starts: 
“the murderer is no one else than …”

      Predicting the next word implies to have pay attention 
      and understood the whole novel

  

?
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Predict = understand

Given an Agatha Christie’s novel

• At some point, Poirot faces his audience and starts: 
“the murderer is no one else than …”

      Predicting the next word implies to have pay attention 
      and understood the whole novel

        Exactly what an LLM knows!?

?
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Predicting the next token

• “Longtemps, je me suis couché de bonne … ”

• [7930, 42511, 11, 1264, 668, 15058, 3840, 27299, 334, 24450] - ->  ?

Identification String

7930 “Long”

42511 “temps”

11 “,”

1264 “je”

668 “me”

15058 “suis”

3840 “cou”

27299 “ché”

334 “de”

24450 “bonne”
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Predicting the next token

• “Longtemps, je me suis couché de bonne … ”

• [7930, 42511, 11, 1264, 668, 15058, 3840, 27299, 334, 24450] - ->  ?

Identification String

7930 “Long”

42511 “temps”

11 “,”

1264 “je”

668 “me”

15058 “suis”

3840 “cou”

27299 “ché”

334 “de”

24450 “bonne”

In the case of GPT-4o, there are more than 200,000 tokens in its vocabulary.
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• Predict the next term of the sequence 

– 1   1   2   3   5   8   13   21 …
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• Predict the next term of the sequence 

– 1   1   2   3   5   8   13   21 …

 34  

  

 42

 3.14

 1

 …
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• Predict the next term of the sequence 

– 1   1   2   3   5   8   13   21 …

 34   (The Fibonacci sequence)

  

 42

 
 3.14 (Étudiant de Polytechnique)

 1 (Etudiant de la Sorbonne : … la suite se répète)

 …
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An empirical study in a simple world 
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Let us study a closed world: Chess playing
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The case of chess playing

• …
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Standard game playing

• Explore the tree of possible moves from the current board

1. Evaluate the leaves

• This is where the expertise intervenes
– Either provided by human experts

– Or by learning (e.g. AlphaGo)

2. Backtrack the values using a MinMax procedure and play the best move
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The case of chess playing

• …
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Chess playing with LLMs

…
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The case of chess playing

…
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The case of chess playing

…
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Chess playing with LLMs

…

!! ???
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The case of chess playing

…
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The case of chess playing

• Important remark: 

  Do not use chatbots, like ChatGPT 4.0

– It does not know how to play chess at all

• Use gpt-3.5-turbo-instruct

– It is the generative part of ChatGPT 3.5 
without the training and tuning for answering questions from humans 

– 4096 tokens

• It is not sufficient to use prompts like: 
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The case of chess playing: prompts

• Use gpt-3.5-turbo-instruct and PGN (Portable Game Notation) heading
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Prompting

• … makes a small difference here between
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Performances

Study by Mathieu Acher

• 439 plays. ~22 000 moves.

• 8 illegal moves (0.04% of all moves)
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Performances

Study by Mathieu Acher (2023)

• 439 plays. ~22 000 moves.

• 8 illegal moves (0.04% of all moves)

• ~1743 ELO rating!!!
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• This is a very impressive performance!

• But the rules of the game were never given to the LLM!



49 / 96

Does gpt 3.5-turbo-instruct has a model of 
the chess world?

And, if yes, which one?
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So, does gpt 3.5-turbo-instruct has a model 
of the chess world?

And, if yes, which one?

How to approach these questions? 
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1. Just a stochastic parrot?
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Chess database

– …As of December, 26th, 2025
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1. Just a stochastic parrot?

– The number of possible moves is astronomical 
(it is estimated that the number of chess games of interest is ~10120, 
which is much less than the number of legal games!) 

  => no way to play from rote memory

Claude Shannon (1950) “Programming a Computer for Playing Chess”
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1. Just a stochastic parrot?

– Let us play N random moves … and see how gpt 3.5-turbo-instruct performs 
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• Conclusion

– gpt 3.5-turbo-instruct is not parroting existing games

– It just pursues the game in the spirit of its start

• If the moves were random, then the player was a poor player 
and one should continue playing accordingly

How to test this hypothesis? 
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Solving chess puzzles

…

Carlini , Nicholas (2023). Playing chess with Large Language Models. 
https://nicholas.carlini.com/writing/2023/chess-llm.html. 
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• Ask gpt 3.5-turbo-instruct  to continue a game 
from the same position but with two different histories 

From a sequence 
of plausible moves

From a sequence 
of implausible moves
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1. Just a stochastic parrot?

– Let us play N random moves … and see how gpt 3.5-turbo-instruct performs 
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So what does gpt 3.5-turbo-instruct know about chess? 
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So what does gpt 3.5-turbo-instruct know about chess?

Let us take a simpler neural network: OthelloGPT 
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2. Ok, but which internal representation?

– Let us study a simpler game: Othello

Same kind of 
algebraic notation. 
But simpler.

Kenneth Li et al. (ICLR-2023) “Emergent World Representations: Exploring a Sequence Model trained 
on a Synthetic Task”
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As a first step, we train a language model (a 
GPT variant we call Othello-GPT) to extend 
partial game transcripts (a list of moves 
made by players) with legal moves. The 
model has no a priori knowledge of the 
game or its rules. All it sees during training is 
a series of tokens derived from the game 
transcripts. Each token represents a tile 
where players place their discs. Note that we 
do not explicitly train the model to make 
strategically good moves or to win the game. 
Nonetheless, our model is able to generate 
legal Othello moves with high accuracy. 

• Ok, but which internal representation?

Kenneth Li et al. (ICLR-2023) “Emergent 
World Representations: Exploring a Sequence 
Model trained on a Synthetic Task”
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“Our next step is to look for world representations 
that might be used by the network. In Othello, the 
“world” consists of the current board position. “

• Ok, but which internal representation?

Kenneth Li et al. (ICLR-2023) “Emergent World Representations: Exploring a Sequence Model 
trained on a Synthetic Task”
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“Our next step is to look for world representations 
that might be used by the network. In Othello, the 
“world” consists of the current board position. “

• Ok, but which internal representation?

Kenneth Li et al. (ICLR-2023) “Emergent World Representations: Exploring a Sequence Model 
trained on a Synthetic Task”

Rk: This is an inexact description.

As we have seen, GPT like models consider first 
and foremost sequences.  But let’s go on.
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“Our next step is to look for world representations 
that might be used by the network. In Othello, the 
“world” consists of the current board position. “

• Ok, but which internal representation?

Kenneth Li et al. (ICLR-2023) “Emergent World Representations: Exploring a Sequence Model trained on a 
Synthetic Task”

“A natural question is whether, within the 
model, we can identify a representation of 
the board state involved in producing its next 
move predictions.” 

Rk: This is an inexact description.

As we have seen, GPT like models consider first 
and foremost sequences.  But let’s go on.
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• Ok, but which internal representation?

Kenneth Li et al. (ICLR-2023) “Emergent World Representations: Exploring a Sequence Model 
trained on a Synthetic Task”

“A natural question is whether, within the 
model, we can identify a representation of 
the board state involved in producing its next 
move predictions.” 

How can we do that? 
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• Ok, but which internal representation?

Kenneth Li et al. (ICLR-2023) “Emergent World Representations: Exploring a Sequence Model 
trained on a Synthetic Task”

• Othello-GPT

– 8-layer GPT model

– 8-head attention mechanism
• 512-dimensional hidden space

– An trainable word embedding of 60 vectors (one for each free tile)

• Training data

–    140,000 games played by humans

– + 20,000,000 synthetic games, uniformly sampling leaves 
   from the Othello game tree, reflecting no strategy! 
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“We now evaluate how well the model’s predictions adhere to the rules of Othello. 

For each game in the validation set, which was not seen during training, and for each step 
in the game, we ask Othello-GPT to predict the next legal move conditioned by the partial 
game before that move. 

We then calculate the error rate by checking if the top-1 prediction is legal. The error rate 
is 0.01% for Othello-GPT trained on the synthetic dataset and 5.17% for Othello-GPT 
trained on the championship dataset. For comparison, the untrained Othello-GPT has an 
error rate of 93.29%. 

The main takeaway is that Othello-GPT does far better than chance in predicting legal 
moves when trained on both datasets.” 
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• Ok, but which internal representation?

  Probing the internal representation
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• Ok, but which internal representation?

  Probing the internal representation

• A probe is is a classifier (or regressor) whose input consists of internal 
activations of the network, and which is trained to predict a feature of 
interest. 

• Here, the probes are trained to predict the board state from the network’s 
internal activation (here, with 8 layers) function after a given sequence of 
moves. 

• 60 probes  (4 cells are occupied at the start of the game)

– Each one predict the occupation of a cell of the board: black, white or empty

– From the internal state of the neural network on the last hidden layer 
(here a 512-dimensional space)
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• Ok, but which internal representation?

  Probing the internal representation

• A probe is is a classifier (or regressor) whose input consists of internal 
activations of the network, and which is trained to predict a feature of 
interest. 

• Here, the probes are trained to predict the board state from the network’s 
internal activation (here, with 8 layers) function after a given sequence of 
moves. 

Published as a conference paper at ICLR 2023

x
1

x
2

x
3

x
4

x
5

x
6

x
7

x
8

Randomized 26.7 27.1 27.6 28.0 28.3 28.5 28.7 28.9
Championship 24.2 23.8 23.7 23.6 23.6 23.7 23.8 24.3

Synthetic 21.9 20.5 20.4 20.6 21.1 21.6 22.2 23.1

Table 1: Error rates (%) of linear probes on randomized Othello-GPT and Othello-GPTs trained on
different datasets across different layers (xi represents internal representations after the i-th layer).

3.2 NONLINEAR PROBES HAVE LOWER ERROR RATES

Given the poor performance of linear probes, it is natural to ask whether a nonlinear probe would
have higher accuracy. Moving up one notch of complexity, we apply a 2-layer MLP as a probe.
This technique has been used successfully in other language model probing work, e.g., Conneau
et al. (2018); Cao et al. (2021); Hernandez & Andreas (2021). Its function can be written as
p✓(xl

t
) = softmax(W1ReLU(W2x

l

t
)) where ✓ = {W1 2 RH⇥3

,W2 2 RF⇥H}. H is the number of
hidden dimensions for the nonlinear probes.

The probe accuracy for trained networks, shown in Table 2, is significantly better than the linear
probe in absolute terms. By contrast, the baseline (probing a randomized network with nonlinear
probes) shows almost no improvement over the linear case. These results indicate that the probe may
be recovering a nontrivial representation of board state in the network’s activations. In section 4, we
describe intervention experiments validating this hypothesis.

x
1

x
2

x
3

x
4

x
5

x
6

x
7

x
8

Randomized 25.5 25.4 25.5 25.8 26.0 26.2 26.2 26.4
Championship 12.8 10.3 9.5 9.4 9.8 10.5 11.4 12.4

Synthetic 11.3 7.5 4.8 3.4 2.4 1.8 1.7 4.6

Table 2: Error rates (%) of nonlinear probes on randomized Othello-GPT and Othello-GPTs trained
on different datasets across different layers. Standard deviations are reported in Appendix H.

4 VALIDATING PROBES WITH INTERVENTIONAL EXPERIMENTS

Our nonlinear probe accuracies suggest that Othello-GPT computes information reflecting the board
state. It’s not obvious, however, whether that information is causal for the model’s predictions.
In the following section, we adhere to Belinkov (2016)’s recommendation, performing a set of
interventional experiments to determine the causal relationship between model predictions and the
emergent world representations.

To determine whether the board state information affects the network’s predictions, we influence
internal activations during Othello-GPT’s calculation and measure the resulting effects. At a high
level, the interventions are as follows: given a set of activations from the Othello-GPT, a probe
predicts a baseline board state B. We record the move predictions associated with B, then modify
these activations such that our probe reports an updated board state B

0. Through our protocol,
only a single tile s distinguishes B

0 from B’s board state (an example of which can be seen in
Figure 2). This small modification results in a different set of possible legal moves for B0. If the new
predictions match our expectations for B0—and not the predictions we recorded for B—we conclude
the representation had a causal effect on the model.

4.1 INTERVENTION TECHNIQUE

To implement an intervention that changes the predicted state from a board position B to a modified
version B

0 we must decide (a) which layers to modify activations in, and (b) how to modify those
activations. The first question is subtle. Given the causal attention mechanism of GPT-2, modifying
activations for only one layer is unlikely to be effective as later layer computations incorporate
information from prior board representations unaffected by our intervention. Instead, we select an
initial layer Ls then modify it and subsequent layers’ activations (see Figure 2 (C)). Our modification
uses a simple gradient descent method on the probe’s class score for the particular tile s whose state
is being modified.

5

Best error rate at random guessing = 52.95% (empty cell)
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• Ok, but which internal representation?

  Probing the internal representation

So, it appears that Othello-GPT computes information reflecting the board state. 

From: Nanda Neel (2023) “Actually, Othello-GPT has a linear 
emergent world representation”

Game position
Probability of 

void tile
Probability of 

black tile
Probability of 

white tile



73 / 96

• Clearly quite remarkable!

– The tokens are randomly named (e.g. XG103B)

– At start, the probes are random predictors

• The learned representation is a mean for the system 
to be a good predictor

– This is an abstract representation that is structurally equivalent 

to a model of the game
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• Ok, but which internal representation?

  Probing the internal representation

So, it appears that Othello-GPT computes information reflecting the board state. 

But, how to ensure it? 
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• Ok, but which internal representation?

  Probing the internal representation

So, it appears that Othello-GPT computes information reflecting the board state. 

But, how to ensure it? 

Does the internal representation have a 
causal relationship with the predicted move?
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• Ok, but which internal representation?

 Does the internal representation have a causal effect?

Internal representation Predicted possible moves
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• Ok, but which internal representation?

 Does the internal representation have a causal effect?

Internal representation Manually modified 
representation



78 / 96

• Ok, but which internal representation?

 Does the internal representation have a causal effect?

Predicted 
possible 
moves ?
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• Ok, but which internal representation?

 Does the internal representation have a causal effect?

Predicted 
possible 
moves
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• It seems that Othello-GPT has an internal representation 
of the game
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• Ok, but which internal representation?

      in chess?
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• Ok, but which internal representation?

      in chess?
A 50 million parameter GPT trained on 5 million games of chess 

learns to play at ~1300 Elo in one day on 4 RTX 3090 GPUs. 

This model is only trained to predict the next character in PGN 

strings (1.e4 e5 2.Nf3 …) and is never explicitly given the state of 

the board or the rules of chess. 

Despite this, in order to better predict the next character, it 

learns to compute the state of the board at any point of the 

game, and learns a diverse set of rules, including check, 

checkmate, castling, en passant, promotion, pinned pieces, etc. 

In addition, to better predict the next character it also learns to 

estimate latent variables such as the Elo rating of the players in 

the game.
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• Ok, but which internal representation?

      in chess?
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• Ok, but which internal representation?

      in chess?
Published as a conference paper at COLM 2024

Figure 4: Board State Intervention Process. We first sample the model’s next move prediction,
identifying a strategically relevant piece the model intends to move (e.g., white pawn from
C2 to C3). We then delete this piece from both the original board and the model’s internal
representation by subtracting the corresponding vector (the 512-dimensional ”my pawn”
vector from the C2 square linear probe) from the model’s residual stream. Using the
unmodified PGN string input, we generate 5 new moves from the modified model. A
successful intervention results in all moves being legal under the hypothetical modified
board state, despite the model receiving no explicit information about the piece removal.

Model Original Board Modified Board
16 layer with intervention 85.4 92.0
8 layer with intervention 81.8 90.4
16 layer no intervention 99.9 40.5
8 layer no intervention 99.8 41.0

Table 2: Legal move rates (%) for models with and without the board state intervention on
the original and hypothetical modified boards (see Figure 4). Results based on 5,000 test
cases, sampling 5 moves per case at temperature 1.0. The baseline is the original model on
the modified board (bottom right quadrant). This has only 41% legal moves, typically a
result of the original model moving the deleted piece. By applying our intervention (top
right quadrant), the legal move rate improves significantly to 92%. The original model
on the original board is in the bottom left quadrant. The modified model’s legal move
rate decreases on the original board when it moves pieces into occupied squares (top left
quadrant). An example cause would be moving the D3 Queen to C2 in 4. This is legal on
the modified board but illegal on the original board.

that there is potential for improved model intervention strategies. As seen in Figure 5, the
intervention can have unintended side effects and make the positions of other pieces less
distinct.

4.3 Model Skill Interventions

We obtain one skill vector from contrastive activations and the second by subtracting the
linear probe’s low skill vector from its high skill vector. We can add the skill vector to
the model’s activations to increase its skill. We can flip the sign of the intervention to
decrease the model’s skill. An excessively large intervention will cause the model to output
illegal moves and random characters. When testing our intervention to both increase and
decrease model skill, we ensure that the model still makes over 98% legal moves after the
intervention. Although the skill probe was trained to predict the Elo ratings of players
specifically between turns 25 and 35, we add the skill intervention vector to the model’s

7
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LLMs are different from standard AI game players

• They 

– Consider the sequence of moves 

• Not the actual position 
(even though we have seen that …)

– Do not try to win. 
Only to continue the “game” in the same spirit (choreography?)
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Conclusion

• LLMs are like alien creatures

– It is not straightforward to conclude whether they know or not 
to perform some task

• Inherent stochasticity

• Many parameters

– Requires an empirical approach

• Statistical experiments

• Exploring the representations

– Looking for causal relationships
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Conclusion … No, just a start

• Neel Nanda (https://www.neelnanda.io/mechanistic-interpretability/othello)

– My interpretation of the original paper was that it was strong evidence for 

the fact that it's possible for "predict the next token" models to form 

world emergent models, despite never having explicit access to the 

ground truth of the world/board state.

– At first glance, playing legal moves in Othello (not even 

playing good moves!) has nothing to do with language models, and I think 

this is a strong claim worth justifying. Can working on toy tasks like 

Othello-GPT really help us to reverse-engineer LLMs like GPT-4? I'm not 

sure! But I think it's a plausible bet worth making.
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Conclusion … No, just a start

• Neel Nanda (https://www.neelnanda.io/mechanistic-interpretability/othello)

– Within this worldview, what should our research goals be? 
Fundamentally, I'm an empiricist - models are hard and confusing, it's easy 
to trick yourself, and often intuitions can mislead. The core thing of any 
research project is getting feedback from reality, and using it to form 
true beliefs about models. This can either look like forming explicit 
hypotheses and testing them, or exploring a model and seeing what you 
stumble upon, but the fundamental question is whether you have the 
potential to be surprised and to get feedback from reality.

– This means that any project is a trade-off between tractability and 
relevance to the end goal.
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… and transfer learning?

• Do foundation models learn universal representation?

– ChatGPT 4.0 has an ELO rate of less than 1100
• Because it is biased towards … chating

– The next frontier is to be able to adapt ChatGPT online (continual learning)

• Does learning to play Othello help to learn to play Chess?

• Does learning to play Chess help to learn to play Othello? 

Bias induced by the sequence of tasks
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Some useful facts about LLMs and Foundation Models
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The scaling hypothesis

• By increasing (a lot) the size of the systems

– A phase transition will appear

– Corresponding to a threshold in the capacity of the systems

• Sizes

– LeNet.5 (1998) : 1,060 parameters

– AlexNet (2012) : 62,378,344 parameters

– AlphaGo (2016) : ~65 * 106 parameters

– GPT1 (2018) : 117 * 106 parameters, trained on 109 words

– GPT2 (2019) : 1.5 * 109 parameters, trained on  6 to 8 * 109 words

– GPT3 (2020) : 175 * 109 parameters, trained on  250 * 109 words

– GPT4, Gemini (2023) : ~ 1012 parameters, trained on ??? words
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The scaling hypothesis

• By increasing (a lot) the size of the systems

– A phase transition will appear

– Corresponding to a threshold in the capacity of the systems

• Training time

– LeNet.5 (1998) : ???

– AlexNet (2012) : 5 to 6 days on 2 GPUs   

– AlphaGo (2016) : 40 days on 4 TPU (Tensor Processing Units)

– GPT1 (2018) : 1 day on 1 GPU (10 exaflops)

– GPT2 (2019) : 1 week on  32 TPUv3 (> 1000 exaflops)

– GPT3 (2020) : ??? (> 314,000 exaflops) 

– GPT4, Gemini (2023) : ??? 
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• Sources of GPT-3

– 3% Wikipedia

– 16% books

– 22% data base similar to the one used for GPT-2

• Webpages from Reddit

– 60% general archives from Common Crawl   
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• Water consumption
LI, Pengfei, YANG, Jianyi, ISLAM, Mohammad A., et al. Making ai less' 
thirsty'. Communications of the ACM, 2025, vol. 68, no 7, p. 54-61.

– 1 spoon / query

– ~ 1 to 2seconds of a shower / day

– 0.1 one hour of Spotify

– 0.001 one hour of streaming 
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• Energy consumption
- YOU, Josh (2025). How much energy does ChatGPT use?’. EpochAI, epoch.ai.
- MASLEY, Andy (2025). Using ChatGPT is not bad for the environment. The Weird Turn Pro.

Andymasley.substack.com
- MASLEY, Andy (2025). Why Using ChatGPT is not bad for the environment – a cheat sheet. The Weird 

Turn Pro. Andymasley.substack.com

- O’DONNELL, James and CROWNHART, Casey (2025). We did the math on AI’s energy footprint. Here’s 
the story you haven’t heard. MIT Technology Review, technologyreview.com

– 0.3 W / query

– 12,000 Wh / day for an average French household

– 98% of the energy consumption comes from the generation of videos
• 15 s. video     =   16 km in an electrical vehicle
•                         =  3.5 hour of a microwave oven

– Generating images costs much less
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