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Abstract

Li et al. (2023) used the Othello board game
as a test case for the ability of GPT2 to induce
world models, and were followed up by Nanda
et al. (2023). We briefly discuss the original
experiments, expanding them to include more
language models with more detailed probing.
Specifically, we analyze sequences of Othello
board states and train the model to predict the
next move based on previous moves. We evalu-
ate six language models (GPT2, T5, Bart, Flan-
TS5, Mistral, and Llama-2) on the Othello task
and conclude that these models not only learn
to play Othello, but also induce the Othello
board layout. We find that all models achieve
up to 99% accuracy in unsupervised grounding
and exhibit high similarity in the board features
they learned. This provides much stronger evi-
dence for the Othello World Model Hypothesis
than previous works.

1 Introduction

Li et al. (2023) used the Othello board game to
probe LLMs’ ability to induce world models. Their
network had a 60-word input vocabulary, corre-
sponding to the 64 tiles of an Othello board, except
for the four that are already filled at the start. They
trained the network on two datasets: one with about
140,000 real Othello games and another with mil-
lions of synthetic games. They then trained 64 inde-
pendent non-linear probes (two-layer MLP classi-
fiers) to classify each of the 64 tiles into three states:
black, blank, and white, using internal representa-
tions from Othello-GPT as input. The error rates
of these non-linear probes dropped from 26.2% on
a randomly-initialized model to only 1.7% on a
trained model, while linear probes performed close
to random. Li et al. (2023) saw this as evidence
that LLMs can induce (non-linear) world models,
at least for Othello board games, supporting the
Othello World Model Hypothesis.

Nanda et al. (2023) did a follow-up study in
which they found that linear probes also work if
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Figure 1: Experimental protocol. We train a transformer-
based model to predict the next move in Othello and
see whether the board game layout is induced (up to
isomorphism).

trained slightly differently. Rather than focus on
tile color, they probe the board state relative to the
current player at each timestep, using labels such
as MINE, YOURS, and EMPTY. This reduces the
error rate of the probes to less than 10%. They
speculate that world knowledge is often linearly
represented in language models, since ‘matrix mul-
tiplication can easily extract a different subset of
linear features for each neuron.’

Now, probing as a research methodology comes
with several weaknesses, including: a) Probing
classifiers can be prone to spurious correlations
(Barrett et al., 2019). b) They do not tell us how in-
formation is arranged globally in LLMs.! ¢) They
therefore only detect a subset of the interesting
properties of world models, e.g., excluding the spa-
tial relations that would enable analogical reason-
ing (Mikolov et al., 2013).

Contributions We therefore re-evaluate the Oth-
ello World Model Hypothesis by other means (see
Figure 1), in order to reassess the ability of LLMs

'Li et al. (2023) tried to compensate for this by using PCA
to plot the probing classifiers in three dimensions. The PCA

plots suggest that the induced global structure is meaningful,
but the probing paradigm cannot quantify its meaningfulness.



to induce world models. If our results are positive,
this significantly stresses the case for the argument
that LLMs induce world models; if not, this sug-
gests that the evidence cited in Li et al. (2023) and
Nanda et al. (2023) was perhaps a (spurious) ef-
fect of the probing paradigm itself. Specifically,
we rely on representation alignment tools from the
literature on cross-lingual word embeddings (S¢-
gaard et al., 2019) and evaluate six models (GPT2,
Bart, TS, Flan-T5, Llama-2, Mistral) across the two
datasets presented by Li et al. (2023). Our anal-
ysis goes beyond other analyses by considering
both pretrained and non-pretrained models, two-
hop generation abilities, and learning curves. Our
results show that the language models — exhibit
solid one-hop performance when trained on large
amount of game sequence moves. We find that
in some cases, all models can achieve up to 99%
accuracy in unsupervised grounding, which means
that absent any cross-modal supervision, a model
trained to play Othello can identify the right posi-
tions on a board. More importantly, the alignment
similarity score of the board features learned by
these models is surprisingly high. This provides
a direct counter-example to previous claims that
mono-modal models cannot solve visual question
answering problems (Bender and Koller, 2020) — or,
more generally, symbol grounding problems (Har-
nad, 1990). These results are significantly stronger
than those in Li et al. (2023); Nanda et al. (2023)
and, in our view, provide more direct evidence of
the Othello World Model Hypothesis.

2 Method

Modeling Following previous works (Liskowski
et al., 2018; Li et al., 2023; Nanda et al., 2023), we
formulate the problem of playing the board game
as a sequence generation problem. Specifically, we
fine-tune generative pretrained models in an au-
toregressive manner to predict the next move given
the current board state. Each game is a sequence,
with each move represented as a token, and in each
round, we predict the next move. Our vocabulary
consists of 60 words, each corresponding to one of
the 60 tiles, where players place discs, excluding
the 4 center tiles, which are already filled when
the game begins. See Figure 1 for an example
move. Our modeling of Othello, in brief, can be
represented as:

po(xi| X<i) = softmaz(fi(x1,z2,...,xi-1)) (1)

where x1, T9, ..., £;—1 represent history moves.

Probing To evaluate the Othello World Model
Hypothesis, we depart from previous work and de-
vice a new test, more directly evaluating the inter-
nal representation of the Othello board in language
models. Specifically, during inference, we input the
previously generated game moves X ; at step ¢ into
the model and prompt it to generate the next step.
We then extract the representation from the last
hidden layer of Decoder from all steps, denoted as
hg(z;) € D**! as a pivot comparison target, where
s is the number of steps of a game, and [ is the size
of hidden layer features. We consider the outputs
of different models as different source and target
spaces. Using the representations from different
models with the same input sequence as parallel
data, we perform mapping training under both su-
pervised and unsupervised scenarios (details see
Section 3.3). For example, the ith step given the
input sequence of two models can be seen as a
pair, denoted as hgi (x;) and hgo(x;), respectively.
For supervised training, we use the pairwise data
to learn a mapping from the source to the target
space using iterative Procrustes alignment (Gower
and Dijksterhuis, 2004). For unsupervised training,
without any parallel data or anchor points, we learn
the mapping through a combination of adversarial
training and iterative Procrustes refinement (Lam-
ple et al., 2018).

3 Experiments

3.1 Experimental Setup

We use two datasets in our experiments, CHAMPI-
ONSHIP and SYNTHETIC. Both of them were
collected by Li et al. (2023). CHAMPIONSHIP
comes from real online Othello gaming sources,
whereas SYNTHETIC is artificially generated ac-
cording to the rules of Othello game play. Detailed
statistics see Appendix B. We use the last 20,000
games from each dataset for testing and validation
(10,000 games each).

Following Li et al. (2023), we report the top-1
error rate, including both 1-hop and 2-hop gener-
ation. This involves verifying whether the top-1
prediction is legal when the model is prompted to
generate 1 and 2 moves at a time. We present the
average error rate across all game sequences.

We perform our experiments using several ex-
isting baselines, with both Encoder-Decoder or
Decoder-only structures. We first adopt some pop-
ular PLMs such as GPT2 (Radford et al., 2019),
T5 (Raffel et al., 2019), Bart (Lewis et al., 2019).



Method Type P CHAMPIONSHIP SYNTHETIC
2k 20k full 2k 20k 200k 2M full

GPT2 D X 4981785 1771347 5.6128.1 4921763 2681708 13.6143.6 1041290 <0.1152
Bart ED X 2521542 166131.1 471234 73.6186.5 31.7167.2 1421448 1631357 <0.114.2
T5 E-D X 2091488 1521287 431244 65.8188.2 2871677 1571469 10.11359 <0.1134
Flan-TS ED X 2341518 4.81208 3.6121.9 35.6179.6 23.7163.1 21.2148.6 7.712677 <0.112.8
Llama-2 D X 2781609 1651363 571264 57.1187.3 3541678 1691452 10.21363 <0.115.5
Mistral D X 2211514 1481317 421223 4821712 3441771 17.71479 831264 <0.113.0
GPT2 D vV 5261922 1971434 1361372 7441996 32.4172.6 1991455 1411344 <0.1162
Bart ED v 5401870 1461345 1371271 77.2197.8 3581769 2441640 16.61445 <0.115.1
T5 ED v 4551865 1961364 3.8127.0 69.4199.6 3691788 3261599 1391469 <0.114.6
Flan-T5S E-D v/ 3171679 481318 371265 70.3198.6 25.4180.8 45.0179.7 8.71353 <0.1139
Llama-2 D vV 4311669 1471334 7.0133.0 74.61942 415177.6 334162.1 17.6133.2 <0.1152
Mistral D v 1681520 1501408 331254 33.8180.3 30.6176.0 18.21423 7.71350 <0.113.8

Table 1: The error rate of 1-hop and 2-hop game state generation in terms of different size of training data. ‘Type’
refers to the model type, ‘P’ denotes if the model is pretrained or not. All the numbers are shown in precentage.

Sre Trg Supervised Unsupervised

’ " CHAM. SYN. CHAM. SYN.
GPT2  Bart 814 931 80.3 913
GPT2 T5 83.0 850 764  80.1
Bart T5 69.2 845 852  81.1
GPT2 Mistral 903 772 80.3 82.6
Bart Mistral 88.0  79.1 96.1 97.2
Llama-2 Mistral 80.1 74.2 762 726

Table 2: Representation alignment cosine similarity (%)
results. Src. and Trg. represent source and target space.

We adopt several LLMs to see the their perfor-
mance on this task, including Flan-T5 (Chung et al.,
2022), Llama-2 (Touvron et al., 2023), and Mis-
tral (Jiang et al., 2023). Details see Appendix C.

3.2 Experimental Results

We perform experiments on different methods and
report the results in Table 1. We observe that:
firstly, there is no clear superiority between models
with an Encoder-Decoder structure and those with
a Decoder-only structure for this task. However,
it is evident that increasing the amount of training
data positively impacts overall performance. Com-
pared with language models with a smaller size,
LLM:s such as Mistral, Flan-T5 show superiority in
the task. This suggests that model size and capac-
ity play a crucial role in understanding the Othello
game step generation. We also find that pretrained
language knowledge sometimes negatively affects
the ability to understand the game steps, as the pre-
trained versions of most models generally perform
worse than their non-pretrained counterparts. Addi-
tionally, even though using a large amount of data
to fine-tune the model results in a reasonable 1-hop
performance, it’s still challenging for the model to
generate more than 1 step at a time.

. GPT2
EEm Bart
. Mistral

Step Number

Figure 2: PCA visualization of the 60 steps from various
models within one game.

3.3 Representation Alignment

We probe different models by aligning their repre-
sentations into one joint vector space. We report
the MUSE? cosine similarity of the aligned features
score under both supervised (Conneau et al., 2018)
and unsupervised (Lample et al., 2018) settings in
Table 2°(more details see Appendix D). In order to
vividly show such alignment, we also demonstrate
the PCA coordinate of the 60 step features hg(z)
within one random game in Figure 2. From the
results we observe high similarity scores across dif-
ferent language models. For instance, despite hav-
ing different model structures (Decoder-only v.s.
Encoder-Decoder), the SYNTHETIC supervised
similarity score between GPT2 and Bart reaches
93.1%. We also observe highly similar step repre-
sentations across different models in Figure 2. This
indicates that the models share common knowledge
when modeling the Othello task.

Zhttps://github.com/facebookresearch/ MUSE
3We use the non-pretrained version based on 20k training
data for all models.
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Figure 3: Othello 1-hop generation performance under
different model sizes. All models are non-pretrained
version fine-tuned with 20k game sequences.

4 Extensive Analysis

4.1 Model Size Analysis

To further investigate the impact of model size,
we report the performance of each model in dif-
ferent size versions, as shown in Figure 5. For
each model, we report the performance under the
small, medium, and large sizes. The figure shows
that the error rate decreases as the model size in-
creases in both datasets, with this improvement be-
ing more pronounced in the SYNTHETIC dataset.
This suggests that larger models are more effective
at capturing and generalizing from synthetic data.
These findings underscore the importance of model
scaling in achieving better performance in this task.

4.2 Relevant Position Analysis

We visualize the Othello game steps of two models
in Figure 4. It shows that both models success-
fully predict legal moves given a game sequence.
Moreover, other legal moves are also assigned high
prediction scores (tiles with lighter blue) by the
models. This proves that with a large amount of
game sequence data, the model learns the policy of
the game. To further investigate whether the mod-
els can capture the physical position of each tile,
we use shadow marks to highlight the tiles with the
closest embedding distance to the tile in the black
box. The intensity of the shadow reflects the degree
of similarity. We observe that the top-1 tile with the
highest similarity (F2 in TS5, G4 in Mistral) is the
one adjacent to the black box tile in both models.
This indicates that the models not only understand
the game mechanics but also capture the spatial
relationships between tiles.

4.3 Data Scale Analysis

In Table 1, we observe a sharp decrease in model er-
ror rates as the dataset size increases from 2k to 20k.
To investigate this further, we conduct an analysis
by gradually enlarging the SYNTHETIC dataset
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Figure 4: Othello visualization result from two best
performed models. Colors indicate the likelihood of
the position of the next step. Shadows highlight the top
three tiles with embeddings closest to the top candidate,
with the darkest color in the black box.
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Figure 5: Analysis of 1-hop error rates on the SYN-
THETIC dataset with varying data scales.

from 2k to 22k. According to Figure 5, the per-
formance of all models improves gradually as the
dataset size increases. Pretrained models exhibit
a more consistent decrease in error rate compared
to non-pretrained ones. For non-pretrained models,
the error rate reduction is more pronounced within
the 2k to 12k data size interval. This indicates
that while pretrained models benefit steadily from
larger datasets, non-pretrained models experience
significant initial gains.

5 Conclusion

We conduct a detailed probing of language models’
ability to predict legal moves in the Othello board
game, based on the settings in (Li et al., 2023).
We evaluate six language models, training them
to predict the next move based on previous moves.
All six models achieve almost ‘perfect’ one-hop
move prediction performance when trained with
large amount of data. We then adopt representation
alignment tools to align the learned game state
features from different models into one joint space.
We observe high similarity in the board features
they learned. These results, in our view, provide the
most solid evidence to date of the Othello World
Model Hypothesis presented in previous works.



Limitation

Although this work demonstrates the ability of dif-
ferent language models to understand Othello game
rules, certain limitations persist. Firstly, while lan-
guage models perform reasonably well in 1-hop
game state generation, generating sequences of
more than one step remains challenging. In our
initial experiments, we attempted to train the mod-
els to generate entire game sequences, but they
achieved nearly zero accuracy, even with a substan-
tial amount of training data. Another limitation
is that our experiments show achieving ‘perfect’
generation ability (i.e., the 1-hop error rate less
than 1%) requires a large amount of data for model
training. Given the size of LLMs, this also presents
significant computational and resource challenges.
Therefore, while we provide strong evidence sup-
porting the Othello World Model Hypothesis, fur-
ther experiments are necessary to demonstrate that
language models can serve as a true world model.
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A Related Work

Past work on Othello Most past works on
Othello (Chang et al., 2018; van der Ree and
Wiering, 2013) adopt reinforcement learning to
search for moves. The first attempt to model
Othello with deep neural networks dates back to
2018 (Liskowski et al., 2018), focusing on using
CNN s to train a strong player. Based on it, Noever
and Noever (2022) focus on designing an effective
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CHAMPIONSHIP SYNTHETIC

Num. of Games 132,588 23,796,010
Avg. length 598+ 1.5 60.0 = 0.8
Min. length 4 9

Full length portion(%) 95.0 99.1

Table 3: Dataset statistics of the two Othello datasets.

Othello player with LLMs. Motivated by Toshni-
wal et al. (2021), Li et al. (2023) shift the focus to
treating the game as a diagnostic tool for inducing
world models from text. Following this, Nanda et al.
(2023) provide evidence of a closely related linear
representation of the board and propose a simple
yet powerful way to interpret the model’s internal
state. Takizawa (2024) recently presents a provably
optimal strategy for playing Othello, exploring the
complexity of these strategies and whether LLMs
adopt similar ones. Hua et al. (2024) adopt the
idea of Othello sequence generation and introduce
a Multilingual Othello task to aid in cross-lingual
representation alignment.

World models The success of language mod-
els in NLP tasks has extended their application
to world modeling, where the models simulate, pre-
dict, and reason about dynamic environments de-
scribed by text (Hao et al., 2023; Huh et al., 2024;
Patel and Pavlick, 2022; Xiang et al., 2023). For
example, Li et al. (2021) fine-tune sequence mod-
els on synthetic NLP tasks to find evidence that
the world state is weakly encoded in the network’s
activations. Hase et al. (2023) edit weights in
different locations to change how a fact is stored
in a model. Hewitt and Manning (2019) develop
structural probes to reveal syntactic structures in
word embeddings. Wang et al. (2024) evaluate how
well LLMs can serve as text-based world simula-
tors with a benchmark. Inspired by Othello-GPT,
research have explored more detailed probing (Yun
et al., 2023; Hazineh et al., 2023) and more com-
plex scenarios to assess LLMs’ ability to under-
stand board states, including games like chess and
maze navigation (Karvonen, 2024; Ivanitskiy et al.,
2023). Our work aims to revisit the Othello World
Hypothesis using a novel probing method that in-
corporates various LLMs.

B Dataset Statistics

The details of the two datasets are listed in Table 3.

C Experimental Methods

We implement all of the baselines under the Py-
torch framework and the HuggingFace model
repository. We conduct all of our experiments using
8 A100 GPUs. We use all the default parameters in
the repository when fine-tuning. We first fine-tune
several PLMs to generate the game moves:

* GPT2. We fine-tune GPT2 to generate the
whole game sequence step by step. Specifi-
cally, we use the smallest version of GPT-2.

* Bart. We use Bart-base to generate the se-
quence by feeding the first token into the En-
coder and fine-tuning the model to generate
the remaining tokens.

* T5. Similar as Bart, we adopt T5-base in our
experiment.

We then adopt several LLMs for the task:

* Flan-T5. We adopt Flan-T5-XL, which con-
tains 3B parameters in our experiment.

e Llama-2. We use Llama-2 7B and only fine-
tune the LoRA adapter in our experiment.

* Mistral. We use Mistral-7B in our experi-
ments. Similar to Llama-2, we also only fine-
tune the LoRA adapter but keep the rest of
parameters fixed.

D Alignment Details

We use MUSE, a widely-used multilingual feature
alignment tool, to generate alignment features from
two models as training pairs. Specifically, the fea-
ture of the ith step within the same game from
the two models is considered a pair, denoted as
he1(z;) and h(x;), respectively. These features are
extracted from the last hidden layer of the Decoder.
For supervised training, we randomly select 1,000
game sequences from the validation set, resulting
in 60,000 training pairs. We report the average co-
sine similarity of the aligned features on the test
set. In the unsupervised setting, we directly re-
port the average cosine similarity score on the test
set. For the PCA visualization, we randomly se-
lect a game sequence from the test set and map the
model-learned features of 60 steps to coordinates
for visualization.
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