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Abstract

In recent years, language models (LMs) have been established as the
highest-capability models for most natural language tasks. However, be-
yond the invention of the transformer architecture, most progress has
been made through scaling the model and data size (Radford et al., 2018,
2019; Brown et al., 2020; OpenAI, 2023). The scaling made it possible
for these models to be on par or better than humans in standard natu-
ral language benchmarks. However, version after version of those models
have remained different and inferior to humans in their reasoning capa-
bilities, explainability and learning capabilities. Research in natural lan-
guage explanations (NLEs) (Hendricks et al., 2016) has been behind the
research on neural-network-based LMs (Bengio et al., 2003), in part due
to its much later start. Furthermore, LMs are still trained via backprop-
agation, which is less efficient and fundamentally different from how the
human brain works. In this thesis, I present my progress in making LMs
more human-like, both in terms of natural language understanding and
in terms of their biological plausibility. First, I explore a very challenging
set of problems that test natural language understanding, namely, hard
cases of pronoun resolution such as the Winograd Schema Challenge. In
particular, I introduce improvements to training LMs for pronoun reso-
lution via synthetic training datasets, specialised loss functions and by
comparing task reformulations. Second, I use LMs to generate NLEs on
commonsense reasoning tasks such as hard cases of pronoun resolution and
commonsense validation. I demonstrate that LMs can be used for the effi-
cient transfer of NLEs between domains, while obtaining high downstream
accuracy. Finally, I explore using more biologically plausible predictive-
coding-based training methods for LMs, which may be the future of deep
learning beyond backpropagation (Millidge et al., 2022). I show the first-
ever application of these methods to training LMs. I show the best ways
to implement them, study their scalability, determine the best method to
use, and show competitive results with backpropagation for small LMs.



Notations

List of commonly used abbreviations and mathematical notations in alphabetical
order.

Abbreviations

BP – Backpropagation.

iPC – Incremental Predictive Coding – same as PPC.

KL – The KL-divergence modification by Pinchetti et al. (2022).

LayerNorm/layernorm – Layer Normalisation.

LM – Language Model.

LSTM – Long Short-Term Memory mechanism (Hochreiter and Schmidhuber, 1997).

NLE – Natural Language Explanation.

NLP – Natural Language Processing.

no-LayerNorm – Layer normalisation is disabled.

PC – The Predictive Coding method (Whittington and Bogacz, 2017).

PC layer/PC Layer – A special predictive coding layer that calculates the energy

PPC – Parallel Predictive Coding (Song, 2021).

PPCKL – PPC with the KL-divergence modification by Pinchetti et al. (2022).

ppl – Perplexity.

RNN – Recurrent Neural Network.

SOTA – State-of-The-Art.

Mathematical Notations

h – Hidden size of the model.

lr – Learning Rate (optimisation parameter).

T – Number of inference steps for predictive coding.



Chapter 1

Introduction

Human-like natural language understanding is a broad term that encompasses the
abilities of natural language models (LMs) to predict, explain, and learn like humans.
In this thesis, I present progress on all three of these aspects: 1) human-like common-
sense reasoning on hard cases of pronoun resolution (the Winograd Schema Challenge
(Levesque et al., 2012)), 2) human-line natural language explanations (NLEs) that
explain the commonsense reasoning process, and 3) brain-inspired learning via predic-
tive coding (Clark, 2013). To achieve this, I fine-tune LMs for commonsense reasoning
(hard cases of pronoun resolution) and for producing NLEs. Then, I consider training
LMs by using biologically plausible predictive coding alternatives to backpropagation
(BP). These methods are based on the predictive coding theory of the brain, and only
rely on local computation (similar to the brain) which can lead to future efficiency
gains with specialised analogue hardware (Millidge et al., 2022).

Commonsense Reasoning Human-like natural language understanding includes
the model’s capability for human-like commonsense reasoning. Hard cases of pro-
noun resolution, in particular the Winograd Schema Challenge (WSC), are a famous
and challenging commonsense reasoning test. In this thesis, I present how data aug-
mentation and large LMs have become the keys to high performance in hard cases of
pronoun resolution. In particular, I specify my contribution to creating synthetic pro-
noun resolution datasets and training LMs on them. This work inspired two impactful
works that I co-authored: (Kocijan et al., 2019b) and (Kocijan et al., 2019a). I also
study and compare the different ways to represent the pronoun resolution task as an
objective function for training LMs, which is based on my published work (Yordanov
et al., 2020).
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Natural Language Explanations Human-like natural language understanding
also includes the model’s ability to generate natural language explanations (NLEs).
These are human-like textual explanations of the decisions of a model. Producing
NLEs enables black-box model interpretability and improves the trust in the model’s
performance. A particular challenge with NLEs is data scarcity, because most NLP
tasks do not have available NLEs. Furthermore, NLEs are difficult and expensive
to collect, because they require high-quality human annotation. In this thesis, I
demonstrate how one can leverage large datasets with NLEs such as e-SNLI (Camburu
et al., 2018) to transfer the explanation-generation ability to tasks with few available
NLEs such as hard cases of pronoun resolution (WinoGrande (Sakaguchi et al., 2020))
and commonsense validation (ComVE (Wang et al., 2020)), and I find the best training
methods to achieve this. This is based on my published work (Yordanov et al., 2022).

Brain-Inspired Learning via Predictive Coding The predictive coding theory
of the brain provides more biologically plausible alternatives to the dominant back-
propagation paradigm for training neural networks (NNs). The neuroscience theory
states that the brain operates with multiple levels of hierarchy, where the neurons
of each level predict the input from the level below and adjust based on the error
between prediction and input (Clark, 2013).

In machine learning, there are many predictive coding methods for training NNs
such that each neuron is modelled to predict the state of the neuron below it at
the next time step. In particular, there are two predictive coding methods used
in this thesis: Predictive Coding (PC) (Whittington and Bogacz, 2017) – which uses
multiple inference updates and a single weight update per training batch; and Parallel
Predictive Coding (PPC) (Song, 2021) – a more biologically-plausible version of PC
for which the inference and weight updates are done simultaneously at each time step
of the algorithm. I use these methods because they are more biologically plausible
than BP, as they are grounded in a leading theory of how the brain works (predictive
coding) and rely only on local computations (Song et al., 2020; Song, 2021).

In this thesis, I show the first application of biologically plausible predictive cod-
ing methods to training LMs, and the first application of predictive coding to trans-
former LMs. I explore what architectural modifications are needed to implement the
PPC method for RNN and transformer LMs. I explore using the KL-modification
(Pinchetti et al., 2022) for predictive coding methods for training transformer LMs,
which is based on my contribution to our published work (Pinchetti et al., 2022). I
also determine what training method (PC vs PPC) works best for transformer LMs,
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which is based on my contribution to our published work (Salvatori et al., 2024). Fi-
nally, I investigate how the RNN and transformer LMs trained with predictive coding
scale in terms of model and training data size.

1.1 Research Questions

In this thesis, I formulate and make progress on research questions about the capabil-
ities of LMs for human-like natural language understanding. The research questions
are listed here and answered in each of the three core chapters (3, 4, and 5). While
the background helpful to understanding each chapter is contained within it, I also
include background on common topics like transfer learning and LMs in Chapter 2.

Hard Cases of Pronoun Resolution Commonsense reasoning capabilities are
essential for human-like natural language understanding. In this thesis, I focus on
hard cases of pronoun resolution as a famous commonsense reasoning test (Levesque
et al., 2012).

First, I answer questions about the feasibility of using a synthetic pronoun reso-
lution training dataset to improve the performance of LMs on hard cases of pronoun
resolution. In particular, can a synthetic pronoun resolution dataset of sufficient qual-
ity be constructed, and what data sources are the best for this? Can the resulting
dataset be used to improve the performance of LMs on hard cases of pronoun resolu-
tion? Are there any task-specific loss functions that can be used, and if so, which of
them would lead to the best performance?

Second, I answer questions about the correct choice of the objective function for
pronoun resolution, which I do by fine-tuning LMs on a large, high-quality dataset of
hard cases of pronoun resolution (WinoGrande (Sakaguchi et al., 2020)). In particu-
lar, does the objective function affect pronoun resolution performance in a significant
way? What is its reliability to random variations (seed choice)? Is the best ob-
jective function different depending on whether the evaluation dataset is the same
(in-domain), or different (out-of-domain)?

Natural Language Explanations The ability of models to understand language
goes beyond answering commonsense questions but also means that the models should
be able to explain their answers. In this thesis, I train LMs to generate NLEs for
commonsense reasoning tasks. I answer questions for the setting where only a few
NLEs are available, but where abundant NLEs are available for another task, and
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where abundant training labels are available for both training tasks. In particular, can
few-shot out-of-domain transfer learning improve NLE quality, as verified by human
annotators? How to use fine-tuning and multi-task learning for transfer learning
of NLEs in this setting, and which method performs the best? Can human and
automatic evaluation provide additional insights into the quality of NLEs produced
by the models? Do the best methods scale in terms of data and model size? Do
the answers to these questions depend on the choice of task: hard cases of pronoun
resolution (WinoGrande (Sakaguchi et al., 2020)) or commonsense validation (ComVE
(Wang et al., 2020))?

Predictive Coding for LMs While backpropagation (BP) is the training method
that current LMs rely on, it is not human-like because it is not biologically plausible.
To achieve greater biological plausibility, I explore using predictive coding methods
to train LMs, which, to the best of my knowledge, I am the first to make progress on.
Predictive coding methods are more biologically plausible than BP because they are
based on the predictive coding theory of the brain, and work via local computations
(Song et al., 2020; Song, 2021) like the brain. I answer several questions about
applying predictive coding methods to recurrent neural network-based (RNN-based)
and transformer-based LMs. In particular, how to apply predictive coding to LMs
– what architectural modifications are beneficial, and what hyperparameter values
to choose? What energy function and what predictive coding method work best for
transformer LMs? Can LMs trained via predictive coding perform on par with the
ones trained via BP? How does the training method affect how LMs scale in terms of
data and model size? Do the answers to these questions depend on the transformer
LM variant: conditional or masked?

1.2 Results

The research questions listed above are answered by the results of each of the three
core chapters (3, 4, and 5). Here, I summarise the results of each chapter. The general
conclusions and outlook are presented in Chapter 6.

Hard Cases of Pronoun Resolution In Chapter 3, I fine-tune LMs for common-
sense reasoning, specifically, for solving hard cases of pronoun resolution.

I show that a large synthetic pronoun resolution dataset can be constructed auto-
matically and that the resulting dataset is of sufficient quality for a training dataset.
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Furthermore, I show that Wikipedia is the best data source for producing such a
dataset. I show that the resulting dataset significantly improves the performance of
LMs on hard cases of pronoun resolution (the Winograd Schema Challenge ((Levesque
et al., 2012))). I also consider existing task-specific loss functions and introduce new
variants that improve the pronoun resolution performance. Using the best dataset
and loss configuration, I achieve results on par with the then-SOTA model while using
≈100 times fewer parameters.

Another question is the choice of the objective function, i.e. how to rephrase the
pronoun resolution task for training LMs. I show that the objective function does
matter for performance. I show that there is a clear best objective function for in-
domain performance (on the test portion of the training dataset) that differs from
the best objective function for out-of-domain performance (on datasets different from
the training dataset).

Natural Language Explanations After my work on training LMs for common-
sense reasoning in Chapter 3, in Chapter 4, I fine-tune LMs for joint prediction and
NLE generation in the commonsense reasoning domain.

I show successful few-shot out-of-domain transfer of NLEs in the label-abundant
setup. I identify four ways to combine few-shot and multi-task learning for this setup
and determine which method performs the best. I evaluate all methods both in terms
of the gold-standard human evaluation and in terms of automatic metrics. I show
that the best method depends on the task, but that the best-performing methods do
a separate fine-tuning on the few available NLEs. I also show that granular human
evaluation results and automatic metrics can provide additional insights into the
quality and type of NLEs produced by the models. Finally, I explore the scalability
of the best methods for each task and show that they scale overall well in terms of
data and model size.

Predictive Coding for LMs In chapters 3 and 4, I fine-tune LMs that were
trained via BP. This raises the question of using more biologically plausible (human-
like) training algorithms for LMs. In Chapter 5, I show my results on applying
predictive coding methods inspired by the brain to train LMs.

I show that predictive coding, in particular, the PPC method (Song, 2021; Salva-
tori et al., 2022b), can be successfully applied to training RNN-based and transformer-
based LMs. I show that some model choices such as the use of layer normalisation can
affect performance depending on the LM type (masked or conditional), and I find the
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best hyperparameter choices for PPC. For transformer LMs, I also determine the best
predictive coding method to use, namely, PPC. I show that the predictive coding en-
ergy function via the KL-modification (Pinchetti et al., 2022) improves performance
for the PPC method. Furthermore, I compare the performance of PPC versus BP
and show that PPC outperforms BP for simple RNN LMs and is on par with BP for
small transformer LMs.

Finally, I study the scalability of the PPC method. I show that simple RNN LMs
trained with PPC scale well in terms of data and model size. On the other hand,
transformer LMs, especially conditional transformer LMs, do not scale well for PPC,
and underperform BP for larger models and longer training.

1.3 Publications

This thesis includes fully or partially a total of four publications. The following two
publications are fully included in the thesis:

Yordan Yordanov, Oana-Maria Camburu, Vid Kocijan, and Thomas Luka-
siewicz. 2020. Does the objective matter? Comparing training objectives
for pronoun resolution. In Proceedings of the 2020 Conference on Empir-
ical Methods in Natural Language Processing, EMNLP 2020, November
16–20, 2020

Yordan Yordanov, Vid Kocijan, Thomas Lukasiewicz, and Oana-Maria
Camburu. 2022. Few-shot out-of-domain transfer learning of natural lan-
guage explanations in a label-abundant setup. In Findings of the As-
sociation for Computational Linguistics: EMNLP 2022. Association for
Computational Linguistics

The thesis also includes Section “4.3 Transformer Language Models” from:

Luca Pinchetti, Tommaso Salvatori, Yordan Yordanov, Beren Millidge,
Yuhang Song, and Thomas Lukasiewicz. 2022. Predictive coding beyond
Gaussian distributions. In Advances in Neural Information Processing
Systems

and Section 5 “Language Model Experiments” from:
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Tommaso Salvatori, Yuhang Song, Yordan Yordanov, Beren Millidge, Zhen
ghua Xu, Lei Sha, Cornelius Emde, Rafal Bogacz, and Thomas Lukasiewicz.
2024. A stable, fast, and fully automatic learning algorithm for predictive
coding networks. In International Conference on Learning Representa-
tions

The following publications that I have co-authored are not included in this the-
sis, but are inspired by my proof-of-concept work that is presented in this thesis as
Section 3.2: Solving the Winograd Schema Challenge:

Vid Kocijan, Ana-Maria Cretu, Oana-Maria Camburu, Yordan Yordanov,
and Thomas Lukasiewicz. 2019b. A surprisingly robust trick for the Wino-
grad Schema Challenge. In Proceedings of the 57th Annual Meeting of the
Association for Computational Linguistics, pages 4837–4842. Association
for Computational Linguistics

Vid Kocijan, Oana-Maria Camburu, Ana-Maria Cretu, Yordan Yordanov,
Phil Blunsom, and Thomas Lukasiewicz. 2019a. WikiCREM: A large un-
supervised corpus for coreference resolution. In Proceedings of the 2019
Conference on Empirical Methods in Natural Language Processing and
the 9th International Joint Conference on Natural Language Processing
(EMNLP-IJCNLP), pages 4303–4312. Association for Computational Lin-
guistics
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Chapter 2

Background and Literature Review:
Language Models and Transfer
Learning

This chapter contains the background and literature reviews on topics shared amongst
the main chapters such as language models and transfer learning. Chapter-specific
literature reviews and backgrounds can be found in each of the main chapters (3, 4,
and 5).

2.1 Language Models

In recent years, language models (LMs) have become the foundation of state-of-the-art
results in natural language processing (Brown et al., 2020; OpenAI, 2023; Wang et al.,
2018, 2019a). These models consume vast quantities of text during training, which
enables them to achieve impressive results with only a few task-specific examples
(Devlin et al., 2019; Raffel et al., 2020; Brown et al., 2020; OpenAI, 2023).

2.1.1 Literature Review

The first NN-based LM was proposed by (Bengio et al., 2003). Initially, word em-
beddings were the dominating paradigm in NN-based language modelling (Mikolov
et al., 2013; Pennington et al., 2014; Peters et al., 2018), where models would be
trained to produce word embeddings that would serve as a building block for task-
specific models. The first promising architecture for deep LMs is recurrent neural
networks (RNNs) (Rumelhart et al., 1988; Sutskever et al., 2014), later enhanced
with attention (Bahdanau et al., 2014). Convolutional NNs were also adapted for
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LMs (Kalchbrenner et al., 2014), and for text classification (Zhang et al., 2015), but
were later displaced by transformers (Vaswani et al., 2017; Radford et al., 2018).

The word embedding paradigm eventually shifted with the introduction of large
language models (LLMs) based on the transformer architecture. The transformer
model architecture was originally invented for natural language translation (Vaswani
et al., 2017) where it achieved state-of-the-art performance in machine translation.
Subsequently, it was adapted for language modelling by Radford et al. (2018), which
constitutes the first generation of the GPT model family. The transformer architec-
ture enables the GPT LM to achieve significant improvements in transfer learning
performance on almost all NLP tasks in the GLUE benchmark (Wang et al., 2018).

Other notable directions of LM development include knowledge enhancement, e.g.
ERNIE (Zhang et al., 2019), and enabling long contexts, e.g. TransformerXL (Dai
et al., 2019) and XLNet (Yang et al., 2019).

Types of LMs: conditional and masked There are two main types of LMs
depending on how the language modelling task is phrased: conditional and masked.
Conditional LMs predict the next word (token) based only on the previous words
(tokens), allowing for unidirectional context only. On the other hand, masked LMs
mask several tokens in a sentence and are trained to reconstruct them based on all
unmasked tokens, allowing for bidirectional context.

The conditional LM training objective of next-word-prediction has been shown to
work the best for text generation tasks, e.g. GPT-1,2,3, and 4 (Radford et al., 2018,
2019; Brown et al., 2020; OpenAI, 2023), and T5 (Raffel et al., 2020). On the other
hand, masked language modelling works better for classification, e.g. BERT (Devlin
et al., 2019), RoBERTa (Liu et al., 2019b), and ALBERT (Lan et al., 2020).

There are other types of LMs that do not fit into the masked or conditional
LM categories. Denoising auto-encoders are similar to masked LMs, but instead of
masking the input, they corrupt the input by randomly replacing tokens with other
(plausible) alternatives and then train the model to reconstruct the original text. E.g.
ELECTRA (Clark et al., 2020) uses a small neural network to corrupt the input with
plausible alternatives prior to training the main model.

Types of LMs based on the encoder Transformer LMs can also be either
encoder-decoder (Lample and Conneau, 2019; Raffel et al., 2020) or decoder-only
(Radford et al., 2018; Devlin et al., 2019). Encoder-decoder LMs follow the original

9



encoder-decoder transformer architecture by (Vaswani et al., 2017). Examples in-
clude XLM (Lample and Conneau, 2019), BART (Lewis et al., 2019) and T5 (Raffel
et al., 2020). Decoder-only LMs simplify the transformer architecture by uniting the
encoder and decoder into a single uniform block (e.g. see Figure 5.4). This architec-
ture originated with the GPT-1 model (Radford et al., 2018), and was later used in
all newer GPT models (Radford et al., 2019; Brown et al., 2020), as well as in other
LMs including the family of masked LMs such as BERT (Devlin et al., 2019).

Modern-day LMs Modern-day LMs (e.g. GPT-4 (OpenAI, 2023)) achieve greater
scalability and more efficient predictions via mixture-of-experts (MoE) Jacobs et al.
(1991) – a technique that allows for parts of the NN to be disabled at prediction time.
The Switch Transformer architecture (Fedus et al., 2022) integrates and adapts MoE
inside the transformer block to create the first successful trillion-parameter LM.

In recent years, RNNs have seen a resurgence with the advent of Structured State
Space models (SSMs) (Gu et al., 2022), and further improved by the Mamba LM (Gu
and Dao, 2023), which shows superior efficiency to transformers.

LMs used in this thesis There are three pre-trained LMs used in this thesis:
GPT-1 (Radford et al., 2018), RoBERTa (Liu et al., 2019b), and T5 (Raffel et al.,
2020). Each LM is selected based on the best reported general-purpose benchmark
performance at the time, while still being suitable for the task at hand. As discussed
above, conditional LMs work best for text generation tasks, whereas masked LMs
work best for classification tasks. This is why I use the conditional LM T5 for NLE
generation in Section 4.2 and the masked LM RoBERTa for pronoun resolution classi-
fication in Section 3.3. The only exception is the conditional LM GPT-1 for pronoun
resolution classification in Section 3.2 because masked LMs were not available at the
time. Below I provide additional details for each LM.

GPT-1 is a decoder-only adaptation (Radford et al., 2018) of the original trans-
former architecture (Vaswani et al., 2017) with 117 million parameters trained on
7,000 books.

RoBERTa (Liu et al., 2019b) is an improvement to the BERT decoder-only masked
LM (Devlin et al., 2019) by training it further – on 10 times more data (160GB), and
by introducing slight modifications to the training procedure, while using the same
model size – 355 million parameters.

T5 (Raffel et al., 2020) has an encoder-decoder transformer LM architecture sim-
ilar to the original transformer architecture (Vaswani et al., 2017). T5 is trained
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on a massive dataset (Colossal Clean Crawled Corpus (C4)) consisting of 750GB of
text from the Web, together with a mixture of supervised tasks rephrased in text-to-
text format. T5 has multiple variations based on its size (in number of parameters):
T5-small: 60M; T5-base: 220M; T5-large: 770M, T5-3B: 2.8B; and T5-11B: 11B
parameters.

2.1.2 Background

In the simplest terms, conditional LMs are trained to predict the next token in a
sequence, given the previous tokens: P(wi | w0 . . . wi−1). On the other hand, masked
LMs are trained to reconstruct randomly masked tokens (e.g. wk) in the input (e.g.
w0, . . . , wk−1,<mask>, wk+1, . . . , wn).

Recurrent neural networks (RNNs) (Rumelhart et al., 1988) are the first successful
architecture for LMs (Bengio et al., 2003). RNNs use a cell f(xi, hi−1) = hi to autore-
gressively generate representations hi of each token xi of the input sequence, given
the representation hi−1 of the previous token. Thus, RNNs require sequential, rather
than parallel generation of representations, which incurs a computational overhead.
RNNs also suffer from vanishing gradients (Hochreiter, 1991), which Hochreiter and
Schmidhuber (1997) address with the creation of the LSTM (long short-term memory)
cell.

Transformers (Vaswani et al., 2017; Devlin et al., 2019), on the other hand, are
designed so that internal representations can be generated in parallel across the length
of the sequence. This is achieved by using two components: positional embeddings
and self-attention. Self-attention can be described by a parametrized function f(xi, x)

that reweighs the input sequence x by the attention g of each of its elements xi to all
elements of x:

f(xi, x) :=
n∑

j=1

xj
exp(g(xi, xj))∑n
k=1 exp(g(xi, xk))

Positional embeddings z are added to the input x to capture its sequential nature.
They are introduced because the self-attention mechanism would otherwise not have
information about the order of the input, which would make the model equivalent to
bag-of-words. The resulting input is of the form x′

i := emb(xi, zi), where z1, ..., zn are
the distinct embeddings for each position.

When evaluating the performance of LMs, a common metric to use is perplexity
(Jelinek et al., 1977). More specifically, perplexity is the industry standard when
evaluating the fit of the LMs to text corpora (Devlin et al., 2019; Radford et al.,
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2018, 2019; Brown et al., 2020; OpenAI, 2023). It is a measure of how well the
probability distribution at the output of the model approximates the observed targets.
Perplexity is defined as the exponential of the average negative log-likelihood of the
target sequence (Bengio et al., 2003):

exp

(
1

N

N∑
i=1

− logP (w1, . . . , wn)

)
= exp

(
1

N

N∑
i=1

n∑
j=1

− logP (wj|w1, . . . , wj−1)

)
,

where N is the batch size, and n is the sequence length. For conditional LMs, the
right-hand side of this formula is eL, where L is the cross-entropy loss. For masked
LMs, perplexity, as defined above, cannot be computed directly, but pseudo-perplexity
can be computed by eL , where L is the cross-entropy loss of the masked tokens, as
done by Devlin et al. (2019). The full formula is:

eL = exp

(
1

N

N∑
i=1

∑
j∈Mi

− logP (wj|wk : k /∈ Mi)

)
,

where Mi is the set of positions of the masked tokens in sentence i.
One can also consider using accuracy as an evaluation metric for predicting the

words in the text. E.g. Klakow and Peters (2002) show that accuracy and perplexity
are highly correlated. However, to my knowledge, accuracy is not used for evaluating
the LMs’ fit to textual corpora (e.g. (Devlin et al., 2019; Radford et al., 2018, 2019;
Brown et al., 2020; OpenAI, 2023)), but is only used to evaluate the LMs on down-
stream classification tasks. This may be because accuracy does not account for the
degree of confidence in predictions, which is important for having a good fit to the
training data distribution. Therefore, in this thesis, I do not use accuracy to evaluate
LMs on text corpora.

For language generation applications such as machine translation, alternatives to
perplexity are commonly used. These metrics test how close the LM-generated text is
to human-generated text. Examples include BLEU (Papineni et al., 2002), ROUGE
(Lin, 2004), METEOR (Banerjee and Lavie, 2005), and BERTScore (Zhang et al.,
2020b). Meister and Cotterell (2021) also propose a metric to test how well the
LM-generated text matches the statistical tendencies of human language.

2.2 Transfer Learning

Transfer learning is the ability of machine learning models to retain and use knowl-
edge from training on a parent dataset(s) (so-called pre-training) to training on a
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child dataset(s) (so-called fine-tuning). Work on transfer learning in neural networks
started as early as the 1970s, as documented by Bozinovski (2020). In recent years,
transfer learning in NLP has been predominantly done via LMs (Raffel et al., 2020;
Brown et al., 2020). These models are pre-trained on very large text corpora from
the internet such as CommonCrawl (Rana, 2010), and subsequently fine-tuned for
downstream (child) tasks, e.g. those comprising the GLUE benchmark (Wang et al.,
2018). Successful transfer learning is often measured by comparing the performance
of the fine-tuned model versus training on the child dataset only. Fine-tuning can be
done in more than one step, e.g. in Chapter 4 I use up to three fine-tuning steps for
transfer learning of natural language explanations.

For the rest of this section, I present the main categories of transfer learning: zero-
vs few- vs multi-shot; in-domain vs out-of-domain; and in-context learning.

Zero- vs few- vs multi-shot Transfer learning can either be zero-shot, few-shot,
or multi-shot, depending on the amount of data available for the downstream (child)
task.

Multi-shot transfer learning (or simply transfer learning) is when there is abundant
training data for the child task, so, oftentimes, no special training procedures are
necessary to achieve transfer learning (Raffel et al., 2020).

Few-shot transfer learning is when there are only a few training data points for the
child dataset, which can vary from 1 (sometimes called one-shot (Brown et al., 2020))
up to around 50 (Yordanov et al., 2020; Marasović et al., 2022), depending on the
context. This often means that special care needs to be taken when training on those
few examples to retain the knowledge from the parent task and prevent catastrophic
forgetting (McCloskey and Cohen, 1989). One common method is to use learning
rate schedulers (LeCun et al., 2002), where the learning rate is gradually increased
and decreased to enable smoother fine-tuning. Another common method is gradual
unfreezing (Howard and Ruder, 2018), where the network parameters are gradually
unfrozen during training, starting from the most task-specific (the top) parts of the
NN such as the prediction head.

Zero-shot transfer is when there are no training data points available from the child
dataset. For example, modern-day large language models (LLMs) in chat assistants
such as GPT-4, Gemini and Claude are capable of zero-shot transfer by only specifying
the task description. For zero-shot transfer, since there is no training data, the
performance is much more sensitive to the task specification via the choice of prompt
(Liu et al., 2023).
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In-domain vs out-of-domain Transfer learning can also be in-domain or out-
of-domain, depending on whether the transfer learning is to the same task, or to a
different task.

In-domain transfer learning deals with transferring performance from a parent
dataset to a child dataset of the same task. For example, Sakaguchi et al. (2020)
demonstrate that models trained on the WinoGrande dataset of hard cases of pro-
noun resolution achieve good performance when evaluated on the Winograd Schema
Challenge (WSC) (Levesque et al., 2012) dataset of the same type. This is an example
of zero-shot in-domain transfer learning.

Out-of-domain transfer learning means that the model learns to transfer perfor-
mance between a parent task and a child task that are different (in different domains).
All modern-day large LMs can be used effectively in out-of-domain transfer learning,
which can be evaluated on benchmarks such as GLUE (Wang et al., 2018) and Su-
perGLUE (Wang et al., 2019a). My work in Chapter 4 (Yordanov et al., 2022) is
also about out-of-domain transfer learning, for natural language explanation (NLE)
generation.

In-context learning In-context learning (or few-shot demonstration) refers to when
models are not trained on the few child-dataset examples but are provided with them
at test time. In this setting, the model needs to be provided with all of the “train-
ing” instances in the context window (as part of the input) every time it needs to
make a new prediction. An example of this is GPT-3, where Brown et al. (2020)
write that they evaluate the model via: “in-context learning where we allow as many
demonstrations as will fit into the model’s context window (typically 10 to 100)”.
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Chapter 3

Hard Cases of Pronoun Resolution

Achieving human-like natural language understanding in LMs requires LMs to be able
to do human-like commonsense reasoning. One such commonsense reasoning task is
hard cases of pronoun resolution such as “the trophy does not fit in the suitcase because
it is too small”. What is special about hard cases of pronoun resolution is that it is
one of the most challenging textual commonsense reasoning tasks (Levesque et al.,
2012; Sakaguchi et al., 2020) for automated systems while being easy for humans.
In this chapter, I focus on fine-tuning LMs for hard cases of pronoun resolution. I
develop and compare pronoun-resolution-specific methods for data creation and model
training. While focused on hard cases of pronoun resolution, these advancements can
also help with understanding what commonsense reasoning knowledge is encoded in
pre-trained LMs.

In this chapter, I aim to address two problems with prior work in this field. Firstly,
in Section 3.2, I address the issue of the lack of large pronoun resolution datasets to
serve for training models at the time, which has limited the development in the area
(Opitz and Frank, 2018; Trinh and Le, 2018). For this, I demonstrate supervised
learning of LMs with large new automatically generated pronoun resolution datasets.
Secondly, in Section 3.3, I address the issue of having many ways to reformulate the
pronoun resolution task for training (training objectives) (Opitz and Frank, 2018;
Kocijan et al., 2019b,a; He et al., 2019; Wang et al., 2019b; He et al., 2019; Klein
and Nabi, 2019; Sakaguchi et al., 2020), but no comparison in existing literature at
the time that determines which one is the best. For this, I classify all categories of
training objectives and compare them on equal grounds.

The first part of this chapter (Section 3.2) is based on my proof-of-concept work
on the Winograd Schema Challenge (Levesque et al., 2012), which inspired two works
that I co-authored: A Surprisingly Robust Trick for the Winograd Schema Challenge
(Kocijan et al., 2019b) published at the ACL 2019 conference and WikiCREM: A
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Large Unsupervised Corpus for Coreference Resolution (Kocijan et al., 2019a) pub-
lished at the EMNLP 2019 conference. In this work, I create large automatically-
generated datasets for pronoun resolution and introduce and compare loss functions
for training conditional LMs on those datasets. I demonstrate that the constructed
datasets and the loss functions can be used to fine-tune LMs to match the state-
of-the-art results on the Winograd Schema Challenge while using ≈100 times fewer
parameters.

The second part of this chapter (Section 3.3) is based on my work: Does the
Objective Matter? Comparing Training Objectives for Pronoun Resolution (Yordanov
et al., 2020) published at the EMNLP 2020 conference. In this work, I consider all
known reformulations of the pronoun resolution problem, then I create the training
objectives that correspond to them, and determine which one produces the most
reliable and best results. I show that the best training objective depends on whether
we aim for good in-domain performance, or good generalisability to other datasets.

3.1 Literature Review

The structure of this literature review is as follows: first, I introduce the Winograd
Schema Challenge, which is the focus of this chapter, then I overview the two main
categories of approaches to solving it: non-NN (knowledge or rule-based) and NN
approaches, and finally, I list the main datasets and evaluations of pronoun resolution.

Introduction of the WSC The Winograd Schema Challenge (WSC) (Levesque
et al., 2012) for hard cases of pronoun resolution was introduced as a modern bench-
mark for evaluating the natural language understanding of automated systems. It
was presented as an alternative to the Turing test, and remained a hard challenge for
many years (Sakaguchi et al., 2020; Kocijan et al., 2020, 2023). While theoretically,
the average human should be able to correctly answer nearly 100% of the examples
in the WSC dataset, in practice, some researchers show that the real number is lower
– between 92.1% (Bender, 2015) and 96.5% (Sakaguchi et al., 2020).

There have been numerous attempts at this challenge, with the focus shifting over
the years from using linguistic features and external knowledge (Rahman and Ng,
2012; Peng et al., 2015; Sharma et al., 2015; Emami et al., 2018) to using deep neural
networks (Trinh and Le, 2018; Kocijan et al., 2019b; Sakaguchi et al., 2020).
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Non-Neural-Network Approaches The first approaches to solving the WSC are
knowledge-, rule- and feature-based, and do not involve NNs.

Rahman and Ng (2012) use many linguistic features to create feature vectors for
each candidate substitution and rank them with support vector machines (SVMs)
(Joachims, 2002). To train their model, they construct the DPR pronoun resolution
dataset (detailed in Section 3.2.3).

Peng et al. (2015) use external knowledge from multiple sources to obtain scores
that indicate how likely it is for the pronoun to refer to a given candidate. They
improve the then-SOTA performance on the DPR (Rahman and Ng, 2012) dataset.

Sharma et al. (2015) combine semantic parsing, commonsense knowledge extrac-
tion and graph-based reasoning to a limited set (71 out of 282) from the WSC.

A good illustration of the limitations of formal reasoning is provided by Bailey
et al. (2015), who make partial progress on WSC by showing that some examples of
WSC can be solved via their proposed “correlation calculus”. As the authors admit,
many Winograd Schemas may be able to be solved via correlation calculus with
“appropriate axioms”, but that “obtaining such axioms is a major problem, of course”
(Bailey et al., 2015).

Isaak and Michael (2016) use knowledge retrieved from Wikipedia and a modified
formal reasoner to display confidence levels, which correctly resolved 107 out of 286
examples from WSC.

Emami et al. (2018) improve the then-SOTA on WSC by extracting relevant
knowledge from the Web to form “evidence sentences”, and resolving them via a
coreference resolver, thus resolving the original schema.

Neural Network Approaches There are many neural network (NN) approaches
for the WSC, with the more recent ones incorporating pre-trained LMs such as GPT,
BERT, RoBERTa, and T5 (Kocijan et al., 2019b,a; Klein and Nabi, 2019; He et al.,
2019; Sakaguchi et al., 2020; Khashabi et al., 2020; Lin et al., 2020; Lourie et al.,
2021).

The first attempt to use NNs to the WSC is by Liu et al. (2017), who use
knowledge-enhanced embeddings (KEE) in two networks: one uses an unsupervised
semantic similarity method (USSM), whereas the other is supervised and uses an NN
trained on OntoNotes (Pradhan and Ramshaw, 2017). They achieve only slightly
above-chance results on WSC (52.8% accuracy). Opitz and Frank (2018) introduce
the sequence ranking training objective which ranks which coreference candidate
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yields a better-substituted sentence, and use the DPR dataset (Rahman and Ng,
2012) to train models to obtain slightly above-chance accuracy on WSC (54%).

The first successful NN approach for the WSC is via LSTM RNN LM ensemble by
Trinh and Le (2018) (Google Brain). This is also the SOTA approach on WSC (63.7%
accuracy) at the time of my preliminary work on solving the WSC (Section 3.2). Trinh
and Le (2018) take a direct approach to the problem by replacing the pronoun in
question with all of the alternative coreferent phrases, and picking the one that yields
the highest sentence probability according to their massive pre-trained ensemble of
LMs.

Wang et al. (2019b) propose the UDSSM model, which uses a bidirectional LSTM
RNN to encode each statement as a combination of a contextual representation of
the candidate and a contextual representation of the pronoun. They collect synthetic
pronoun resolution training data from Project Gutenberg with a similar procedure to
Kocijan et al. (2019b) (concurrent work), and show improved performance on PDP
and WSC.

Kocijan et al. (2019b) set a new SOTA on WSC by fine-tuning the BERT (Devlin
et al., 2019) LM on synthetic pronoun resolution data from Wikipedia, and on the
high-quality DPR (Rahman and Ng, 2012) dataset. They show that the DPR dataset
is large enough to achieve successful transfer learning with BERT, and that it is much
more impactful than the synthetic dataset. Still, combining the two training datasets
produces the best results.

Kocijan et al. (2019a) improve the synthetic pronoun resolution procedure by
Kocijan et al. (2019b), and set a new SOTA in six pronoun resolution datasets, while
slightly under-performing the SOTA on WSC.

Klein and Nabi (2019) propose the Maximum Attention Score (MAS) which
utilises the attention in the pre-trained BERT model to achieve more accurate zero-
shot classification on the WSC and PDP (Morgenstern et al., 2016) datasets.

He et al. (2019) propose the Hybrid Neural Network (HNN) model which jointly
optimises two objectives: the probability of substituting the correct candidate accord-
ing to the masked LM (BERT); and the semantic similarity between the candidate
and the pronoun in the same BERT model. They train the HNN model on the DPR
(Rahman and Ng, 2012) dataset and improve the SOTA results on WSC, WNLI and
PDP.

Sakaguchi et al. (2020) improve the SOTA on WSC by introducing and training
on the WinoGrande dataset – a large, high-quality pronoun resolution dataset. They
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fine-tune the RoBERTa (Liu et al., 2019b) LM on WinoGrande to achieve SOTA
results on WSC, PDP, DPR and other pronoun resolution datasets.

My work in Section 3.3 (Yordanov et al., 2020) uses the WinoGrande training
dataset to compare the existing training objectives for pronoun resolution. These
are: binary candidate prediction (Kocijan et al., 2019b,a; He et al., 2019); co-reference
via semantic similarity (Wang et al., 2019b; He et al., 2019); sequence ranking after
pronoun substitution (Opitz and Frank, 2018; Sakaguchi et al., 2020); and using
transformer attentions (Klein and Nabi, 2019).

The WinoGrande (Sakaguchi et al., 2020) dataset establishes a new benchmark
for hard cases of pronoun resolution, and many subsequent works choose WinoGrande
rather than WSC as their benchmark. Khashabi et al. (2020) propose the UnifiedQA
method, which involves joint training on many tasks rephrased in a unified question-
answering format. They show ≈ 1% accuracy improvement on WinoGrande versus
fine-tuning the base LM (T5 (Raffel et al., 2020) or BART (Lewis et al., 2019))
on WinoGrande only, thus improving the SOTA. Lin et al. (2020) reformulate the
pronoun resolution problem as natural language inference (NLI), and use the T5-3B
(Raffel et al., 2020) LM to obtain a new SOTA on the WinoGrande dataset. Lourie
et al. (2021) propose the universal commonsense reasoning model (UNICORN) which
fine-tunes the T5-11B (Raffel et al., 2020) LM in a multi-task manner on five tasks
from their proposed Rainbow benchmark to obtain a new SOTA on WinoGrande.
Brown et al. (2020) report that the GPT-3 model achieves impressive zero-shot, one-
shot and few-shot results on WSC and WinoGrande. GPT-4 (OpenAI, 2023) also
improves the 5-shot SOTA on WinoGrande.

Newer approaches do not centre around WSC or WinoGrande, but rather evaluate
their models on benchmarks with a wide range of tasks such as SuperGLUE (Wang
et al., 2019a), which includes the WSC as a task. Some of the better-performing works
on WSC in SuperGLUE include: a method for unsupervised training data generation
(UDG) (Wang et al., 2021) from GPT-3; the knowledge-enhanced ERNIE 3.0 LM
(Sun et al., 2021); METRO (Bajaj et al., 2022) – an architectural improvement to
the ELECTRA (Clark et al., 2020) denoising LM; switch transformers (Fedus et al.,
2022) in a mixture of experts (ST-MoE) (Zoph, 2022); and the Vega v2 LM (Zhong
et al., 2022), which masks the most important tokens for pre-training the masked
LM.

The Winograd Schema Challenge has been pronounced “defeated” (Kocijan et al.,
2023), because state-of-the-art supervised models match or outperform humans on it.
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However, WinoGrande has been proven to be more challenging and is still being used
for few-shot LM evaluation, e.g. for GPT-4 (OpenAI, 2023).

Other Datasets and Evaluations Following the introduction of the WSC dataset
(Levesque et al., 2012), many datasets of hard cases of pronoun resolution have been
introduced, both for training and evaluation.

The PDP evaluation dataset consists of 122 (formed of two smaller datasets of size
60 and 62) pronoun resolution examples extracted from literature and news sources
by the organisers of the Winograd Schema Challenge (Morgenstern et al., 2016).

The DPR (Rahman and Ng, 2012) dataset is a pronoun resolution dataset con-
sisting of 943 high-quality human-engineered WSC-like schemas, and it has both a
training and evaluation portion.

The GAP (Webster et al., 2018) dataset consists of 8,908 examples from Wikipedia,
for which the gender pronouns (he, him, his / she, her, hers) are disambiguated by
human annotators, and the dataset is balanced gender-wise.

The WinoBias (Zhao et al., 2018) dataset is an evaluation dataset of gender
and stereotype bias in pre-trained models by constructing 3,160 pronoun resolution
examples that include 40 job occupations. Similarly, the Winogender (Rudinger et al.,
2018) dataset is a gender bias evaluation dataset consisting of 720 Winograd-style
examples that mention 60 job occupations.

The WNLI (Wang et al., 2018) dataset (part of the GLUE benchmark) is a train-
ing and evaluation dataset of hard cases of pronoun resolution rephrased as natural
language inference (NLI) problems. The training dataset of WNLI is derived from
WSC, whereas the test set was provided by the authors of WSC (Levesque et al.,
2012).

The WikiCREM (Kocijan et al., 2019a) training dataset is a synthetic pronoun
resolution dataset consisting of 2,438,897 pronoun resolution examples extracted from
Wikipedia. It improves the dataset collection procedure by Kocijan et al. (2019b),
yielding much higher dataset quality.

The KnowRef (Emami et al., 2019) dataset consists of 8,724 pronoun resolution
examples (7,455 train; 1,269 test) generated from several unstructured text sources.
They achieve good data quality via a multi-step dataset creation process which finishes
in quality control via human annotators.

The WinoGrande (Sakaguchi et al., 2020) dataset consists of 9,248 training, 1,267
development, and 1,767 test high-quality crowd-sourced examples of hard cases of
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pronoun resolution. The dataset difficulty is achieved by filtering out the easier
examples via a RoBERTa (Liu et al., 2019b) pre-trained LM.

The Winventor (Isaak and Michael, 2020) dataset consists of 848 high-quality
Winograd-like schemas of hard cases of pronoun resolution constructed by an auto-
mated system from Wikipedia.

Elazar et al. (2021) introduce a zero-shot evaluation for LMs derived from the
WSC, which is harder than supervision-enabled benchmarks like WinoGrande.

3.2 Solving the Winograd Schema Challenge

This section is a complete rework of my proof-of-concept work on the Winograd
Schema Challenge (WSC) supervised by Oana-Maria Camburu, Ana-Maria Cretu,
and Thomas Lukasiewicz, which was later developed into the two works by Kocijan
et al. (2019b,a). The original proof-of-concept work was developed largely based on
the idea outlined (but not implemented) by Cretu (2018) for creating a synthetic
pronoun resolution dataset and using it as a training dataset for pronoun resolution
(see Section 3.2.2 for more details). However, the proof-of-concept work had limited
hyperparameter search and suboptimal experimental setup.

In this section, I rework that proof-of-concept work, by substantially expanding
and improving its quality, ideas and results, while keeping within the tools and pa-
rameters at the time: same synthetic datasets (Wikipedia Synthetic and Gutenberg
Synthetic), same LM (GPT-1), same optimiser (AdamW), same base loss function
(max-margin loss (Mao et al., 2016)), and without using any ideas from subsequent
works. In this rework, I introduce new ideas and modifications that substantially
improve performance, the most important of which are the introduction of partial
loss, the change of the model selection and early-stopping criteria, and the change
of the dev evaluation dataset. For illustration of the performance uplift, I also in-
clude the best model configuration from the original proof-of-concept work as an
additional baseline when reporting the final results. Furthermore, I compare against
the strongest variant of the SOTA model that was available at the time, namely the
14-model ensemble version, instead of the 10-model ensemble version.

I show that the newly-trained models perform on par with the 14-model ensemble,
whereas the original models only match the performance of the 10-model ensemble
version on the Winograd Schema Challenge (WSC). While this work only matches
the performance of the then-SOTA model (Trinh and Le, 2018) on WSC, it does so
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with a much smaller model (with ≈100 times fewer parameters), which shows the
utility of the synthetic pronoun resolution dataset.

3.2.1 Introduction

The Winograd Schema Challenge (WSC) (Levesque et al., 2012) is a set of hard cases
of pronoun resolution that test the commonsense reasoning abilities of an NLP model.
Many methods have been proposed to solve the WSC (Rahman and Ng, 2012; Liu
et al., 2017; Peng et al., 2015; Trinh and Le, 2018), with the most recent method
(Trinh and Le, 2018) being the SOTA (at the time) on WSC given by an ensemble of
LSTM RNN LMs trained in an unsupervised manner on unstructured textual data.

In this work, I propose a method to solve the WSC that differs from previous
works in four main ways:

• it trains on synthetic pronoun resolution datasets, which I generate from un-
structured text (Wikipedia and Project Gutenberg) following the idea by Cretu
(2018);

• it uses a superior LM architecture – the transformer (Vaswani et al., 2017),
more specifically the pre-trained GPT-1 model (Radford et al., 2018);

• it uses the max-margin loss (Mao et al., 2016), which is used to distinguish
correct from incorrect pronoun resolutions;

• apart from the standard LM loss, it uses a novel partial loss which optimises
directly for partial scoring (a term introduced by Trinh and Le (2018))

The experiments in this work include a comparison of all loss configurations to
establish the best configuration for fine-tuning GPT-1 on the synthetic datasets. I
also compare the data sources (Wikipedia and Project Gutenberg) to establish which
data source leads to the best performance. Furthermore, I propose a simple data
filtration procedure via the pre-trained GPT model to improve the dataset quality
and evaluate the benefits of using it. Finally, I compare the best model and data
configurations against the then-SOTA method by Trinh and Le (2018).
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3.2.2 Related Works

Related Ideas Cretu (2018) proposes the outlines of the dataset creation idea
implemented in this work. Cretu (2018) further suggests numerous data sources,
amongst which I have identified Wikipedia and Project Gutenberg as the most promis-
ing. Finally, Cretu (2018) proposes to use this dataset to train a “suitable sentence
representation and classification method”. In this work, I choose to, instead, start
from an entirely pre-trained LM (GPT-1) (Radford et al., 2018).

Works Inspired by The Proof-Of-Concept This work is the proof-of-concept
for two published works that I co-authored, but which are not a part of this thesis:
(Kocijan et al., 2019b) and (Kocijan et al., 2019a). These works are related to my
proof-of-concept work in three ways: first, the successful proof-of-concept directly
motivated their creation, second, via the similar synthetic dataset creation procedure,
and third, via the same base loss function (max-margin loss) used in training.

The dataset creation procedure described in this work is used to create the Masked-
Wiki (Kocijan et al., 2019b) dataset and adapted to create the WikiCREM (Kocijan
et al., 2019a) dataset. The WikiCREM dataset is an improvement over MaskedWiki
in terms of dataset quality (Kocijan et al., 2019a), which was achieved in three ways:
by restricting the candidates to personal names, by extracting full sentences, and
by ensuring that both candidates appear within the same sentence. As for the loss
functions, Kocijan et al. (2019b) and Kocijan et al. (2019a) both use the max-margin
loss function used in this work, but applied to the BERT masked LM at the output
corresponding to the position of the masked pronoun.

The main difference between those two works (Kocijan et al., 2019b,a) and my
proof-of-concept work is in realising that one can use the available training datasets
such as DPR (Rahman and Ng, 2012) and more powerful LM such as BERT (Devlin
et al., 2019) to improve performance. Moreover, those training datasets are more im-
pactful for performance than even the higher-quality synthetic WikiCREM dataset
(Kocijan et al., 2019a). Furthermore, (Kocijan et al., 2019b,a) use the more powerful
BERT (Devlin et al., 2019) masked LM versus my choice of the GPT-1 (Radford
et al., 2018) conditional LM. This also changes how the LM loss function is computed
because the masked LM can directly provide the probability of each candidate given
the full context, whereas the conditional LM can only model the conditional proba-
bility from left to right, which gives rise to the full and partial pronoun resolution
losses as defined in this work.
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The SOTA Method The then-state-of-the-art approach is given by Trinh and Le
(2018), where they achieve 61.5% accuracy on WSC-273 (Levesque et al., 2012) via an
ensemble of 10 LSTM RNN LMs. The best reported number by Trinh and Le (2018)
is 63.7% accuracy on WSC-273, but it was obtained by using the sentences (minus
the answers) in WSC-273 for creating the training data (they created the STORIES
dataset by matching the questions in WSC-273 to web data from CommonCrawl.1) I
consider this use of the test data in the training process to be unfair, even if it does not
include the labels, but I still include it as an additional baseline. In this experimental
setup, I assume that WSC-273 is a test-only dataset, which does not participate in
the training in any way. The 10-model ensemble by Trinh and Le (2018) significantly
outperforms their corresponding single-model result of 56.4% accuracy on WSC-273,
which shows the advantage of using ensembles of models in this setting.

Other Works Concurrently to Kocijan et al. (2019b), Wang et al. (2019b) improve
the SOTA set by Trinh and Le (2018) by using a similar synthetic data collection pro-
cedure as used by Kocijan et al. (2019b). However, the differences between the work
by Kocijan et al. (2019b) and by Wang et al. (2019b) are many and respectively are:
the different synthetic data source – Wikipedia vs Project Gutenberg; the additional
use of the DPR (Rahman and Ng, 2012) training dataset vs no additional supervi-
sion data; the use of a powerful pre-trained model – BERT (Devlin et al., 2019) vs
a bidirectional LSTM with pre-trained GloVe (Pennington et al., 2014) embeddings;
and the use of a different loss function – max-margin loss (Mao et al., 2016) vs binary
cross-entropy loss.

Loss Functions for Pronoun Resolution The only loss function that was used
by others for pronoun resolution prior to this work was the default LM loss (cross-
entropy loss), e.g. in the work by Trinh and Le (2018) (used as the SOTA baseline),
which is the first term (losscorrect) of the max-margin loss (Mao et al., 2016) that I
use (Equation 3.3). One might also consider the loss function used in the pronoun
resolution work by Liu et al. (2017) who encode external knowledge by representing
cause-effect pairs and encoding their Pointwise Mutual Information (PMI) (denoted
sim below) via a regularisation term to the main loss function. Their formula is
h(sim(k, g)− sim(i, j)) = max(0, sim(k, g)− sim(i, j)), which resembles the second
term of the max-margin loss that I use: max(0,M + losscorrect − lossincorrect) for
M = 0, although the context is very different. I have included an ablation study

1https://commoncrawl.org/
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for each term of the max-margin loss function that I use, so, in particular, in the
model selection experiment (Table 3.2) I have compared max-margin loss against all
pronoun resolution-related loss functions available prior to this work.

3.2.3 Method

Here, I introduce the proposed method, including dataset construction, model choice
and training procedure. First, I introduce all datasets, including those from which
I extract synthetic pronoun resolution data (Project Gutenberg and Wikipedia). I
then detail the procedure for creating the synthetic pronoun resolution datasets that
I use for training. Finally, I justify the model choice and explain the training and
evaluation procedures.

Available Datasets Here I introduce all datasets that are used in this work. The
WSC-273, PDP-60, and PDP-62 are used as test datasets, whereas DPR is used as
both a dev (DPR-train) and test (DPR-test) dataset. The Wikipedia and Project
Gutenberg text corpora are used to construct the training data for the models.

WSC-273 This is a pronoun resolution dataset from the Winograd Schema Chal-
lenge (Levesque et al., 2012) which can be found on the web as the first 273 examples
on this webpage2. Most examples come in pairs, where the two sentences differ
slightly, but have different correct answers for what the pronoun refers to. E.g.:

Lily spoke to Donna, breaking her silence. Answer: Lily.,

Lily spoke to Donna, breaking her concentration. Answer: Donna.

DPR (Definite Pronoun Resolution Dataset) This is a pronoun resolution dataset
by Rahman and Ng (2012) that follows the format of the Winograd Schema Challenge
(Levesque et al., 2012). It consists of 943 sentence pairs split into 1322 train and 564
test examples. In this work, I use the training dataset as a dev set (to select the best
model), and use the testing dataset to report the final (test) accuracy of the selected
model(s). Example sentence pair from the dataset:

Michael Phelps was fined by Judge Louis because he was caught with illegal
drugs. Answer: Michael Phelps.

Michael Phelps was fined by Judge Louis because he has to uphold federal
law. Answer: Judge Louis

2https://cs.nyu.edu/~davise/papers/WinogradSchemas/WSCollection.xml

25

https://cs.nyu.edu/~davise/papers/WinogradSchemas/WSCollection.xml


PDP-60 and PDP-623 (Pronoun Disambiguation Problems) These datasets consist
of pronoun resolution examples collected from various text sources and presented in
the first round of the Winograd Schema Challenge (Morgenstern et al., 2016). Further
description and historical context of these datasets are provided by Kocijan et al.
(2020). As their names suggest, these datasets are of size 60 and 62, respectively.
Example:

Even before they reached town, they could hear a sound like corn popping.
Dora asked what it was, and Dad said it was firecrackers. Options: town,
sound, corn. Answer: sound.

Wikipedia This is raw text data from the English Wikipedia extracted from Wiki-
media dumps45 dated up to mid-2018. The downloaded dataset consists of more than
12GB of raw text files.

Project Gutenberg This dataset consists of all English books from the Project
Gutenberg6 repository. The downloaded dataset consists of more than 40GB of raw
text files.

Synthetic Training Dataset Constructing a pronoun resolution dataset usually
requires human annotation, which can be very expensive. In practice, this means
that the available pronoun resolution datasets (especially at the time of creating this
dataset, i.e. pre-2019) were relatively small – up to a few hundred to a thousand
entries, e.g. DPR (Rahman and Ng, 2012) has 943 pairs of examples, and WSC
(Levesque et al., 2012) has 273 examples. On the other hand, the available text
corpora such as Wikipedia and Project Gutenberg have several orders of magnitude
more unstructured data. This raised the question as to whether there is an automated
procedure to create a pronoun-resolution-like dataset to help with training models to
disambiguate pronouns. One such procedure (the general idea was suggested by Cretu
(2018)) takes advantage of repeated nouns in the text to create synthetic examples of
pronoun resolution. This procedure exploits two facts: first, it is somewhat common
in a sentence to have repeated (non-pronoun) mentions of the same noun or name,
e.g. “Josh and Bryan played the game where Josh gave Bryan a head start.”; second,
replacing a repeated mention with another noun that appears nearby can create a

3https://commonsensereasoning.org/disambiguation.html
4https://dumps.wikimedia.org/
5https://dumps.wikimedia.org/enwiki/latest/
6https://www.gutenberg.org/
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sentence which is still valid, but logically false. E.g. the sentence above can become:
“Josh and Bryan played the game where Bryan gave Bryan a head start.”.

The full data generation procedure is as follows:

1. I clean the text so that it can be tokenised for GPT (Radford et al., 2018) – the
model of choice. I also remove headers and footers from Gutenberg books, and
HTML code from Wikipedia articles.

2. I tag the words as parts of speech via the Stanford POS tagger,7 so that I can
find which words are nouns and what types of nouns they are.

3. For each noun X (including proper noun, i.e. name) occurring in the dataset, I
look for repetitions (X′) of it that precede it, within a certain number of word
positions (window size of 15). If there is a noun repetition within the given
window, a random other noun Y of the same type is chosen from the window
as a possible replacement. That way I obtain two versions of the text window:
the first has the original repeated noun (X′, X), while in the second I replace X
with the randomly chosen alternative noun Y.

4. I extend each window with some context on both sides: up to 5 words before
the start, and up to 12 words after the end, stopping if the sentence is complete.

Example (from Wikipedia) of the process in steps 2-4. The window for noun
repetitions (defined in step 3) is shown in square brackets [.]:

Original text : “boundary is Second [Street on the north and First Street on the
south. The western boundary is Pasadena Street] and the eastern boundary is
Pomeroy Street”

Constructed text : “boundary is Second [Street on the north and First Street on
the south. The western boundary is Pasadena north] and the eastern boundary
is Pomeroy Street”

The end result is a dataset consisting of sentence pairs, with exactly one sentence in
each pair being correct.

I choose the dataset parameters after looking at the generated data. I select the
values for window size (15) based on a trade-off between data size and data quality.
Increasing the window size increases the dataset size because this adds examples with
larger spaces between noun repetitions. However, these new examples can lead to

7https://nlp.stanford.edu/software/tagger.shtml
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Model Evaluation
mode Gut Synth Wiki Synth WSC-273

GPT full 0.89 0.88 0.56
partial 0.76 0.77 0.546

Table 3.1: Data quality of the synthetic datasets in terms of the accuracy obtained
by the pre-trained GPT model.

lower dataset quality for the task at hand because the target WSC and DPR sentences
are relatively short. I select the values for context extension before the window (up
to 5) and context extension after the window (up to 12) based on a trade-off between
the sentence length and the context necessary to disambiguate the pronoun. The
empirical impact of these dataset parameter choices on dataset quality and model
performance is very small and can be found in Appendix A.1, along with additional
details. The only exception is a drop in performance when the context is shifted
towards the front of the sentence – via a longer context extension before the window
or a shorter context extension after the window. This is most likely because this
context shift is unnatural for the evaluation dataset (DPR) where the vast majority
of examples start with a candidate mention (i.e. no context before the window).

Using the procedure above, I construct one synthetic dataset from Project Guten-
berg and one from Wikipedia. The resulting data sizes are listed below:

Gutenberg Synthetic: 5,504,323 pairs; Wikipedia Synthetic: 8,460,325 pairs
The quality of the synthetic datasets can be measured by the accuracy of the

pre-trained GPT model (Radford et al., 2018) on them. Table 3.1 shows that both
synthetic datasets are classified with at least 88% accuracy (via full scoring as defined
in Eq. 3.1), which shows that the quality is relatively low. In comparison, the accuracy
of GPT on WSC-273 (the main test dataset) is only 56%. In Appendix A I show five
random examples from each synthetic dataset to further illustrate the data quality.

I also obtain higher-quality versions of the Gutenberg Synthetic and Wikipedia
Synthetic datasets, by using the pre-trained GPT model to filter them. More specif-
ically, I discard all correctly classified examples by the GPT model using full scoring
(Eq. 3.1). In theory, this should leave the more difficult examples from both datasets.
The sizes (below) of the resulting datasets are around 1/10th of the original datasets:

Gutenberg Synth Filtered: 609,933 pairs; Wikipedia Synth Filtered: 991,302 pairs
In practice, the filtered data contains more high-quality examples, but it also includes
a lot of ambiguous examples and examples with rare or foreign words which the GPT
model seems to have difficulty with.

An example with relatively high quality from Gutenberg Synthetic Filtered:
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but when the man had plucked the third, farmer Weatherbeard screamed
so loudly that the [farmer/man] thought that brick and mortar would be
rent in twain, but; Answer: man.

An example with foreign/rare words from Gutenberg Synthetic Filtered:

the true cross; with its main horizontal beam and the titulus, represented
by a plain [beam/cross] in the cross of Lorraine. Answer: beam.

In Appendix A I show five random examples from each filtered dataset to further
illustrate the data quality.

Model The model of choice is GPT-1 (Radford et al., 2018) which is a transformer
conditional LM with 117 million parameters. While GPT-1 underperforms the then-
SOTA on WSC-273 given by the Google Brain’s ensemble of LSTM RNNs (Trinh and
Le, 2018) on WSC-273 and PDP-60 (see Table 3.3), its architecture is much newer
and has a much smaller model size than an equivalent RNN model. GPT-1 that I
use has only 117 million parameters, whereas a single (not ensemble) model of the
LSTM RNN has ≈1.4 billion parameters (2 layers of LSTMs, each with around 310M
parameters, and an output layer of 820M parameters) i.e. more than 10 times more.
The 10-model ensemble of LSTM RNNs, thus, has two orders of magnitude more
parameters than the GPT-1 model that I use. Furthermore, the excellent transfer
learning performance of GPT-1 (Radford et al., 2018) is particularly important for
the proposed method because it involves fine-tuning an LM (GPT-1) on a (synthetic)
pronoun resolution dataset.

Training and Evaluation Each training instance consists of a sentence with a
gap (the pronoun) and two candidates to fill the gap: one correct and one incorrect.
During training, the GPT-1 model takes as input a tokenised sentence [w1, . . . , wn]

and produces a list of probabilities (after softmax) of each token given the previ-
ous tokens in the sentence: [P (w1), P (w2|w1), . . . , P (wn|w1, . . . , wn−1)] The proba-
bility of the sentence then becomes the product of the outputs: P (w1, . . . , wn) =

P (w1)P (w2|w1) . . . P (wn|w1, . . . , wn−1). The standard LM training is done by min-
imising the cross-entropy loss −log(P (w1, . . . , wn)), but I make some modifications
(below) to the loss function to train the model to distinguish between correctly and
incorrectly substituted sentences.

I use either of two ways to predict the correct substitution: full scoring or partial
scoring, as proposed by Trinh and Le (2018). Full scoring compares the probabilities
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of the correctly and incorrectly substituted sentences and selects the substitution with
the highest probability:

P (w1, . . . , wk−1, ocorr, wk+1, . . . , wn) ≶ P (w1, . . . , wk−1, oincorr, wk+1, . . . , wn) (3.1)

Partial scoring, on the other hand, selects the substitution that yields the highest
probability of completing the remainder of the sentence that follows that substitution:

P (wk+1, . . . , wn|w1, . . . , wk−1, ocorr) ≶ P (wk+1, . . . , wn|w1, . . . , wk−1, oincorr) (3.2)

Trinh and Le (2018) have found in their experiments partial scoring often works
better than the more straightforward full scoring, so I consider both in this work,
at the evaluation phase. Multi-token options are treated similarly to single-token
options, where all tokens of a given candidate option are inserted in the sentence
instead of the pronoun, so, for simplicity, I write all options as single tokens.

I define two versions of the log-probability loss. The first is full loss :

lossfull(o) := − log(P (w1, . . . , wk−1, o, wk+1, . . . , wn))

which corresponds to the standard cross-entropy loss and the full scoring defined
above (Eq. 3.1). The second is partial loss :

losspartial(o) := − log(P (wk+1, . . . , wn|w1, . . . , wk−1, o))

which corresponds directly to the partial scoring defined above (Eq. 3.2). For each
choice of lossfull or losspartial, I denote as losscorrect := lossfull/partial(ocorrect) the log-
probability loss function for the correctly substituted sentence, and lossincorrect :=

lossfull/partial(oincorrect) to be the log-probability loss function for the incorrectly sub-
stituted sentence.

The training loss function that I use is derived from the max-margin loss by Mao
et al. (2016) as:

loss = losscorrect + λ ∗max(0,M + losscorrect − lossincorrect) (3.3)

where λ > 0 and M > 0 are constants that can be considered as hyperparame-
ters. The first term of this loss function is the standard loss term which makes
sure that sentences with correct substitutions have high probability P (correct) :=

P (w1, . . . , wk−1, ocorrect, wk+1, . . . , wn). The second term, on the other hand, can
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be shown to weakly enforce that the probability of the correctly substituted sen-
tence (P (correct)) is greater or equal to the probability of the incorrectly substi-
tuted P (incorrect) := P (w1, . . . , wk−1, oincorrect, wk+1, . . . , wn) times a constant factor
eM > 1. Here is the proof:

M + losscorrect − lossincorrect ≤ 0 (3.4)

losscorrect ≤ lossincorrect −M (3.5)

− log(P (correct)) ≤ − log(P (incorrect))−M (3.6)

log(P (correct)) ≥ log(P (incorrect)) +M (3.7)

P (correct) ≥ eMP (incorrect) (3.8)

In other words, the second term of Eq. 3.3 ensures that P (correct) is sufficiently
larger than P (incorrect), which is why I use it.

The loss in Eq. 3.3 I name single loss. Its counterpart double loss is obtained by
adding the cross-entropy loss of the incorrect substitution:

loss = losscorrect + lossincorrect + λ ∗max(0,M + losscorrect − lossincorrect) (3.9)

The rationale for the lossincorrect term is that I want to make sure that the model
does not lower P (incorrect) too much because the incorrect substitution still gives
a grammatically valid sentence, although logically false. This is important because I
am fine-tuning the pre-trained GPT-1 model which has been pre-trained to maximise
the probability of sentences.

In summary, I compare four loss functions: full single (FS), full double (FD),
partial single (PS) and partial double (PD). For completeness, I also included the
boundary cases λ = 0 (single cross-entropy loss) and loss = max(0,M + losscorrect −
lossincorrect), both with full and partial loss. Note that all losses (E.g. Eq. 3.3 and
Eq. 3.9) are element-wise, not batch-wise. That is, I aggregate the batch after com-
puting the loss value for each element. That way the model can discriminate each
sentence pair directly.
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Training Procedure I use the pre-configured AdamW (Loshchilov and Hutter, 2017)
optimiser implementation8 that comes with the pre-trained GPT model, with a learn-
ing rate of 6.25e-5, unless specified otherwise. I use the default linear scheduler with
warm-up with default settings (as used by Radford et al. (2018)), namely warm-up
over 0.2% of the training data. I have also tried warm-up over 2% and 10% of the
training data, but I observed similar or worse performance with those settings, hence
I only consider 0.2% in the experiments here. I do a geometric hyperparameter search
with factor 2 over the following intervals: lr ∈ [1.95× 10−6, 1.25× 10−4], λ ∈ [2.5, 20],
and M ∈ [6.25 × 10−4, 0.2]. I also considered different batch sizes, but I settled on
using only the batch size of 128. This is because initial results suggest that per-
formance improves from 32 to 64 to 128 batch size, with diminishing returns, and
that 64 and 128 give similar performance. The choice of loss function also introduces
hyperparameters: single/double and full/partial loss. The number of training epochs
is 10 for the model selection experiment and 5 for the final experiment on the large
datasets.

The primary dev-evaluation dataset is DPR (train) rather than the synthetic
dataset because by design DPR (train) (Rahman and Ng, 2012) is closer in distribu-
tion to the test datasets DPR (test), WSC and PDP. The metric for dev evaluation is
chosen as the maximum of the full-scoring accuracy and the partial-scoring accuracy
on the DPR (train) dataset because it is a-priori unclear which scoring mode is better
for each loss selection. In practice, all experiments show that partial-scoring accuracy
is higher than full-scoring accuracy, so this metric is equivalent to partial-scoring ac-
curacy. Models are evaluated after every epoch based on this metric and only the
model state corresponding to the best-performing epoch is reported in the final re-
sults. I do not cut short the training (i.e. early stopping) because initial experiments
suggest that during training the dev performance can worsen (versus the zero-shot
GPT baseline) before it gets better.

3.2.4 Experiments and Results

The experiments presented here aim to narrow down the space of loss functions
and hyperparameters, and then compare the best model with the SOTA baseline
by Google Brain (Trinh and Le, 2018). They also answer the question as to what
extent the best models improve the performance over the pre-trained GPT model
that I use as a starting point of the training procedure.

8https://github.com/openai/finetune-transformer-lm
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Experimental Setup The experimental procedure is as follows:
First, I train the models with all loss configurations on a smaller version of the

Gutenberg Synthetic dataset obtained by randomly subsampling it down to 200,000
training examples, which I name Gutenberg Synthetic Small. This is because of com-
putation constraints – e.g., one training epoch for one hyperparameter combination
on the full Gutenberg Synthetic dataset takes ≈37 hours with a batch size of 128
on one Nvidia Titan Xp GPU. I then discard all but the best-performing one, which
I train on the large synthetic datasets (Wikipedia and Gutenberg) until the perfor-
mance stops improving. The various model configurations are compared by evaluation
on the DPR (train) dataset. For additional information, I report the performance on
Gutenberg Synthetic (dev) – a random subset of 40,000 examples not including the
200,000 training instances. Once I have trained the models with the best configura-
tions, I report the test accuracy on the DPR (test), WSC-273, PDP-60, and PDP-62
datasets. When testing on the WSC and PDP datasets I replace the pronoun with the
given possible alternative nouns to obtain the sentence alternatives to be compared.

There are four baseline models that I compare the best model configurations
against: the SOTA single-model, 10-model ensemble and 14-model ensemble by Trinh
and Le (2018), and the pre-trained GPT-1 (Radford et al., 2018) model which is the
starting point of training the models in this work. I also compare against the best
models from the previous version of this work, which are GPT-FD-Gut-old and GPT-
FD-Wiki-old.

I also construct the Wikipedia Synthetic Small dataset identically to Gutenberg
Synthetic Small, with equal size, to compare the usefulness of the two datasets when
accounting for data size.

I also train the best loss configuration (as selected on Gutenberg Synthetic Small)
on Wikipedia Synthetic Filtered and Gutenberg Synthetic Filtered – the filtered ver-
sions of the big synthetic datasets. This aims to establish if these higher-quality
filtered subsets of the training data yield good results, which can make filtration a
useful procedure for large-scale low-quality data sources.

In the results below, I use the following naming scheme: first is the underlying
pre-trained model, namely GPT(-1). Then two letters: F/P – full or partial loss,
S/D/L/N – Single, Double, LM loss only, or No LM loss term. The final part of the
name is the synthetic dataset on which the model was trained: Gut, Wiki, GutFilt,
WikiFilt, GutSmall, or WikiSmall.
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Results Here I present the model selection results and the final results versus the
SOTA baseline. I also comment on the usefulness of the filtered datasets, and the
relative usefulness of Gutenberg versus Wikipedia as a data source.

Model Gutenberg
Synthetic (dev)*

Evaluation
mode

DPR
(train)

GPT – full 0.545
GPT – partial 0.633
GPT-PS-GutSmall 0.871 partial 0.655
GPT-PD-GutSmall 0.887 partial 0.652
GPT-PL-GutSmall 0.780 partial 0.647
GPT-PN-GutSmall 0.781 partial 0.631
GPT-FS-GutSmall 0.935 partial 0.640
GPT-FD-GutSmall 0.920 partial 0.644
GPT-FL-GutSmall 0.920 partial 0.638
GPT-FN-GutSmall 0.928 partial 0.623
GPT-PS-WikiSmall – partial 0.664
GPT-PS-GutFilt – partial 0.612
GPT-PS-WikiFilt – partial 0.626

Table 3.2: Comparison in terms of accuracy of all model combinations trained on
small versions of Gutenberg and Wikipedia Synthetic datasets. Some models trained
on the filtered datasets are also included. The pre-trained GPT baseline is also
included for reference. The best performance in each category is marked in bold.
* - accuracy is obtained by choosing the option that gives the lower loss value.

Model Selection In Table 3.2, I compare all loss configurations on DPR (train) and,
additionally, on Gutenberg Synthetic (dev) – a random subset of 40,000 examples not
including the 200,000 training instances. The results show that the best-performing
loss configuration on DPR (train) is partial single loss (PS) with 65.5% acc, which
means that PS will be the choice for the WikiSmall, GutFilt, and WikiFilt experi-
ments, as well as for the full-data experiments.

All partial-loss models outperform their full-loss counterparts. This makes sense
since partial-loss models optimise directly for partial scoring, and the training is
initiated from the GPT model which performs better with partial scoring vs full
scoring: 63.3% vs 54.5%. On the other hand, the partial-loss models significantly
underperform the full-loss models on Gutenberg Synthetic (dev), which shows that
Gutenberg Synthetic (dev) is not a good evaluation dataset, which further justifies
using DPR (train) for evaluation. For both full-loss and partial-loss models, partial
scoring gives better accuracy than full scoring, which is why only partial scoring is
reported in the results in Table 3.2.
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Double-loss models (FD, PD) perform similarly to single-loss models (FS, PS):
slightly worse for partial loss, with 65.2% acc vs 65.5% acc for PD vs PS; and slightly
better for full loss, with 64.4% acc vs 64.0% acc for FD vs FS. This means that the
single-loss is good enough as a default assumption for other works like (Kocijan et al.,
2019b,a).

The no-LM-loss models PN and FN underperform the GPT baseline, which shows
the importance of having the LM loss term. PN and FN were stopped early in the
hyperparameter search since the best results are obtained after 1 epoch, and the best
learning rate value converges to 0 with the hyperparameter search, i.e. no training
achieves the best results.

The hyperparameter search shows that the partial-loss models overall need lower
learning rates than the full-loss models: PS, PD, PL: 1.5625e-5, 1.5625e-5, 1.5625e-5;
FS, FD, FL: 6.25e-5, 6.25e-5, 1.5625e-5. This is most likely because partial loss is
not natural for the pre-trained GPT model, which is trained via full (LM-only) loss,
hence partial-loss models need a smoother adaptation via a lower lr.

One potential limitation of max-margin loss (in PS, PD, FS, and FD) versus cross-
entropy LM loss (PL and FL) is that max-margin loss introduces two additional hy-
perparameters: λ and M , which can increase computation costs with hyperparameter
search. However, max-margin loss performs better than cross-entropy loss, and I have
found the best values of those hyperparameters: λ = 5 and M = 0.0125, which can
either be assumed or be a good starting point for hyperparameter search.

Training on Wikipedia Synthetic Small yields significantly better results on DPR
(train) than the Gutenberg Synthetic Small: 66.4% vs 65.5%. This experiment ac-
counts for the size difference between the Wikipedia Synthetic and Gutenberg Syn-
thetic by subsampling to 200k examples, therefore, we can infer that the Wikipedia
dataset is of higher quality than the Gutenberg dataset, and is of more use for training
pronoun resolution models.

The models trained on the filtered data (Table 3.2) do not outperform the GPT
baseline, yielding worse results than their counterparts trained on the small versions
of Gutenberg Synthetic and Wikipedia Synthetic. This makes the filtered datasets
not useful versus the original datasets. The bad performance can be attributed to two
factors: first, the filtration procedure removes simple examples that can be resolved
by the pre-trained GPT models, but this can lead to decreased performance on simple
examples; and second, the filtered datasets have a high prevalence of rare words and
ambiguous synthetic examples (i.e. examples that not only cannot be resolved by the
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Model Eval
mode

DPR
(test)

WSC-
273 PDP-60 PDP-62

GGL-SM full – 0.538 0.6 –
partial – 0.564 0.53 –

GGL-E-5 full – – 0.7 –
GGL-E-10 partial – 0.615 – –
GGL-E-14 – – 0.637 – –

GPT full 0.57 0.56 0.62 0.62
partial 0.65 0.546 0.53 0.62

GPT-FD-Gut-old full 0.576 0.56 0.58 0.607
partial 0.626 0.59 0.63 0.574

GPT-FD-Wiki-old full 0.573 0.553 0.58 0.59
partial 0.652 0.612 0.6 0.508

GPT-PS-Gut full 0.578 0.557 0.617 0.52
partial 0.651 0.597 0.617 0.49

GPT-PS-Wiki full 0.574 0.571 0.6 0.59
partial 0.64 0.634 0.583 0.475

Table 3.3: Comparison in terms of accuracy on four test datasets, where each model
is evaluated via full or partial scoring. GGL-SM and GGL-E are Google Brain’s single-
model and ensemble (SOTA) baselines (Trinh and Le, 2018). The best performance in
each section is marked in bold. Some values are unavailable (-). The most important
column is WSC-273.

GPT model but also cannot be resolved in general), which are not useful for DPR
and WSC which have simple vocabulary.

Final Results After selecting the best model configuration, namely partial single
loss (PS), I train it on the full Synthetic Gutenberg and Synthetic Wikipedia datasets
and compare it against the SOTA GGL-E-10 (10-model ensemble) and GGL-E-14 (14-
model ensemble) models and two other baselines (GGL-SM (single-model) and the
GPT pre-trained model). To save computational resources, I also assume the best
values for λ = 5 and M = 0.0125, and only search over the learning rate values.

The results in Table 3.3 show that PS-Wiki performs similarly (statistically in-
significant difference) to GGL-E-10 and GGL-E-14 in terms of accuracy on WSC-273,
which are the SOTA at the time. This means that this training approach is promis-
ing, and further improvements may outperform GGL-E, e.g. by using higher-quality
data and/or training an ensemble of models.

PS-Gut and PS-Wiki outperform GPT on WSC-273, with GPT vs GPT-PS-Wiki
being statistically significant (p < 0.05), which shows the successful transfer learning
by using the synthetic Wikipedia dataset. PS-Wiki also outperformed (in terms of
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accuracy on WSC-273) the PS-Gut model, which implies that the Wikipedia data is
more suitable for constructing a synthetic pronoun resolution dataset than the Project
Gutenberg data. This is confirmed by the results in Table 3.2, where the Wikipedia
model outperforms the Gutenberg model when accounting for data size.

The new best models GPT-PS-Gut and GPT-PS-Wiki outperform the correspond-
ing old best models: GPT-FD-Gut-old and GPT-FD-Wiki-old, but due to the small
size of WSC-273, the comparison is statistically insignificant.

The PDP-60 and PDP-62 results are volatile likely due to the small data sizes.
Overall, all models perform poorly on them (< 65% accuracy), which can be at-
tributed to the sentence lengths of PDP – up to 64 words, which is much longer
than DPR and WSC. Furthermore, the model selection procedure uses DPR, so these
longer sentences are out-of-distribution when selecting the best model.

Although DPR (test) results do not correlate with WSC-273 results in Table 3.3
across models (the GPT baseline has similar performance to the fine-tuned models),
they do seem to help when selecting the best hyperparameters for each model, as
evident by the superior WSC-273 results when fine-tuning on Gut and Wiki versus
the pre-trained GPT model.

Overall, partial scoring is better than full scoring for evaluating the fine-tuned
GPT-based models, which matches the conclusions of the model selection experiment.

3.2.5 Conclusion

This work is a comprehensive rework of my proof-of-concept on creating a synthetic
pronoun resolution training dataset for training LMs, which inspired two influential
works that I co-authored (Kocijan et al., 2019b,a).

The main conclusions of this work are several. First, I have shown that extracting
a large synthetic pronoun disambiguation set is feasible, although inspecting the data
shows that it is of relatively low quality. Second, I have determined which data
source works best for synthetic data generation, namely that Wikipedia is better
than Project Gutenberg. Third, the resulting datasets are good enough as training
data, as I have shown that training the GPT-1 model on it achieves similar results
to the SOTA on WSC, while using a much smaller model. Finally, I have established
which loss configuration achieves the best results, namely, my proposed partial single
loss.

Additionally, I have shown that naive model-based data filtration may not be the
best way to further improve data quality. Future work may develop higher-quality
data collection procedures which improve upon the synthetic dataset construction
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procedure in this work, similarly to the improvements introduced with the WikiCREM
(Kocijan et al., 2019a) dataset. Larger data sources such as CommonCrawl (Rana,
2010) can also be considered, as well as newer and more powerful LMs.

3.3 Comparing Training Objectives for Pronoun Res-
olution

Here I present the results associated with my work Does the Objective Matter? Com-
paring Training Objectives for Pronoun Resolution (Yordanov et al., 2020) published
at the EMNLP 2020 conference. After my proof-of-concept work in Section 3.2 and
the subsequent work by Kocijan et al. (2019b,a), there have been several other pro-
posed ways to rephrase the pronoun resolution task as a training objective (Wang
et al., 2019b; Opitz and Frank, 2018), and no clear best way to do it. In this work, I
compare all existing categories of training objectives by using the then-newly-released
WinoGrande dataset (Sakaguchi et al., 2020), which provides a large amount of high-
quality pronoun resolution data for training and evaluation. I show that the sequence
ranking objective (WG-SR) (Opitz and Frank, 2018; Sakaguchi et al., 2020) outper-
forms all other objectives in-domain (on the same dataset distribution), but that the
coreference semantic similarity objective (CSS) (Wang et al., 2019b; He et al., 2019)
is the best in out-of-domain performance (on other pronoun resolution datasets).

The results in this section have been reworked from the original work (Yordanov
et al., 2020) by introducing a true train/dev/test data split rather than using WG-dev
as both a dev and a test dataset. Furthermore, I have expanded the hyperparameter
search at the expense of using fewer seeds during the search, because previously the
best hyperparameter values for all models were at the boundary of the search space.
The results remain unchanged with small exceptions. The expanded hyperparameter
search has led to 100% seed-wise stability for the WG-SR model (previously 10% of
seeds did not perform well), the same 100% stability for the other three models, and
overall lower standard deviation across seeds. Also, the results now show that both
CSS and MAS outperform WG-SR out-of-domain (previously only CSS). This makes
it more likely that the relatively poor out-of-domain performance of WG-SR is due
to its lack of explicit candidate localization and candidate-pronoun matching that is
present in CSS and MAS. Previously the reason was unclear.
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3.3.1 Introduction and Related Works

Hard cases of pronoun resolution have been a long-standing problem in natural lan-
guage processing, which has served as a performance benchmark for the research
community (Levesque et al., 2012; Wang et al., 2018, 2019a). For example, the Wino-
Grande dataset (Sakaguchi et al., 2020) consists of pronoun resolution schemas that
are constructed so that resolving them requires background knowledge and common-
sense reasoning. In WinoGrande, the pronoun is obscured by “ ” to remove gender
and number cues. The task is to find the correct candidate for “ ” out of two given
candidates. For example:

John moved the couch from the garage to the backyard to create space.
The is small. Candidates: garage, backyard.

Recently, supervised learning on top of pre-trained LMs has been established as
the main approach for pronoun resolution (Kocijan et al., 2019b,a; Sakaguchi et al.,
2020). Under this type of approach, I identify four categories of objectives commonly
used for pronoun resolution:

1. comparing the LM probabilities for each candidate (Kocijan et al., 2019b,a; He
et al., 2019),

2. using semantic similarity between the pronoun and the candidates (Wang et al.,
2019b; He et al., 2019),

3. using sequence ranking among the possible substituted sentences (Opitz and
Frank, 2018; Sakaguchi et al., 2020), and

4. selecting a candidate based on the attentions of the pronoun in a transformer
model (Klein and Nabi, 2019).

I list one representative model from each category. For 1, Kocijan et al. (2019b)
use the BERT masked LM (Devlin et al., 2019) to produce the probabilities of the
pronoun to be replaced with each of the two candidates. For 2, the Unsupervised
Deep Structured Semantic Model (UDSSM-I) (Wang et al., 2019b) uses contextualized
word embeddings produced by a bidirectional recurrent neural network (BiRNN), and
then compares the word embedding of each candidate with the word embedding of
the pronoun. For 3, RoBERTa-WinoGrande (Sakaguchi et al., 2020) encodes a pair
of sentences (one for each candidate substituted in the input) by using RoBERTa
(Liu et al., 2019b) to determine which substitution is the correct one. Finally, the
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zero-shot Maximum Attention Score (MAS) model (Klein and Nabi, 2019) selects a
candidate based on how much the pronoun attends to each candidate internally in
BERT.

The problem with all these objectives is that they have not been introduced under
the same circumstances. They use different LMs and word embeddings (e.g., BERT,
RoBERTa, or BiRNN), and have been trained on different data (e.g., DPR (Rahman
and Ng, 2012), WinoGrande, or no additional data). Therefore, it is unclear whether
the choice of the objective function is essential for pronoun resolution tasks. Moreover,
the seed-wise stability and the expected performance of these models have usually not
been reported. However, seed-wise instability and performance variation are well-
known problems when fine-tuning transformer-based models (Liu et al., 2020; Dodge
et al., 2020).

In this work, I compare the performance and seed-wise stability of the four cat-
egories of training objectives for pronoun resolution on equal grounds. To do this,
for category 4, I adapt to training the zero-shot MAS model. For category 2, I also
introduce Coreference Semantic Similarity (CSS), which is a simplification and mod-
ification of UDSSM-I for transformer encoders. I select WinoGrande as the training
and development dataset due to its large size (40,938 examples) and generalizability
to other pronoun resolution tasks (Sakaguchi et al., 2020). For testing, I also use the
following well-established datasets: the Winograd Schema Challenge dataset (WSC)
(Levesque et al., 2012) and the Definite Pronoun Resolution dataset (DPR) (Rah-
man and Ng, 2012). I choose as LM RoBERTa (Liu et al., 2019b), as it significantly
outperforms BERT on WinoGrande, WSC, and DPR (Sakaguchi et al., 2020).

Finally, the model comparison is done under an unprecedentedly large number of
seeds – 20 (previously up to 5 seeds (Opitz and Frank, 2018)). This enables a more
accurate assessment of the per-seed variation of results and the expected average
performance of each model.

3.3.2 Method

This section presents the four training objectives and the models9 that represent each
of them.

All four models share the RoBERTa10 contextualized word embeddings. RoBERTa
has an identical transformer architecture to BERT (Devlin et al., 2019), with the

9The code is publicly available at: https://github.com/YDYordanov/WS-training-objecti
ves.

10roberta-large (Wolf et al., 2019)
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only difference being the training procedure. Hence, RoBERTa is a masked LM
that outputs the probability distribution for filling a gap in the text (denoted by a
“<mask>” token). Additionally, RoBERTa is a text encoder, with one output for
each token of the input sentence. Three of the models (WG-SR, CSS, and MAS, as
defined below) use a multi-layer perceptron (MLP) classification “head”, which takes
some part of the encoder as input.

All four models use binary cross-entropy loss with a pair of probabilities as in-
put, and the following target labels: sentence correctness for WG-SR and candidate
correctness for BWP, CSS, and MAS.

WinoGrande Sequence Ranking (WG-SR) I refer to the RoBERTa-WG model
introduced by Sakaguchi et al. (2020) as WG-SR, since it has a sequence ranking
objective. This model predicts which sentence of a pair of substituted sentences is
more plausible. Each sentence of the pair of sentences in the input of WG-SR is split
in two before the substituted candidate. For example,

<s> The city councilmen refused the demonstrators a permit because
</s> </s> feared violence. </s>,

where “ ” is filled with each of the two candidates: “the city councilmen” or “the
demonstrators”.

The WG-SR code11 is based on the RobertaForMultipleChoice model (Wolf et al.,
2019), restricted to a binary choice. This model consists of the pre-trained RoBERTa
encoder and an MLP head based on the <s> (first) token of RoBERTa’s output.
The MLP has one hidden layer with tanh activation, hidden size matching that of
the encoder, and one-dimensional output. The pair of input sentences (S1, S2) thus
produces a pair of values, which are then passed through a softmax to obtain the two
sentence probabilities P (S1) and P (S2).

Binary Word Prediction (BWP) I denote by Binary Word Prediction (BWP)
the model suggested by Liu et al. (2019b) in their code repository12 as a modification
of the model from Kocijan et al. (2019b). Instead of using margin loss, BWP uses
binary cross-entropy loss. I selected this modified version, because it is claimed to
yield “slightly better (and more robust) results” by its authors (92.3% vs 90% accuracy
on their development set), and it also has two fewer hyperparameters.

11https://github.com/allenai/winogrande
12https://github.com/pytorch/fairseq/tree/master/examples/roberta/wsc
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For a given (unsubstituted) input sentence, the BWP model estimates which of
the two candidates is more likely to fill the gap “ ”. The input format is like in the
following example, where “ ” is replaced by the “<mask>” token, to serve for the
masked LM:

<s> The city councilmen refused the demonstrators a permit because
<mask> feared violence. </s>

With such an input, the RoBERTa masked LM returns the log-probability pre-
dictions at the “<mask>” token over the vocabulary. Of those predictions, only the
ones corresponding to the two coreference candidates c1 and c2 are selected by BWP:
logPvocab(c1) and logPvocab(c2). Here, the log-probability of each candidate is defined
by averaging the log-probabilities of its tokens. Then, softmax is computed with
inputs logPvocab(c1) and logPvocab(c2), which is how I define the pair of probabilities:

(P (c1), P (c2)) :=

(
Pvocab(c1)

Pvocab(c1) + Pvocab(c2)
,

Pvocab(c2)

Pvocab(c1) + Pvocab(c2)

)
Coreference Semantic Similarity (CSS) I propose Coreference Semantic Simi-
larity (CSS), a modification of the training objective of the Unsupervised Deep Struc-
tured Semantic Model (UDSSM-I) (Wang et al., 2019b). Like UDSSM-I, the CSS
objective works by comparison in the word embedding space, such that the candidate
that is more similar to the embedding of the pronoun is selected. Unlike UDSSM-I,
the CSS objective is simpler, with no attention weights on the tokens of the candi-
dates. It also uses a transformer encoder instead of a recurrent neural network, which
enables it to take advantage of state-of-the-art pre-trained LMs.

The input format for this model is the same as for BWP (above). This input is
used by RoBERTa to produce contextualized word embeddings. For each candidate
c, I define its contextualized word embedding emb(c) by averaging the contextualized
word embeddings of its tokens.

For classification, I compare the similarity scores of the embeddings of the <mask>
token with each of the two candidates c1 and c2, i.e., I compare:

sim(emb(c1), emb(<mask>)) and sim(emb(c2), emb(<mask>))

and select the candidate with greater similarity.
For the similarity score function, I use additive alignment (Bahdanau et al., 2014),

i.e., sim(x, y) := v⊤tanh(Wx+Uy), with the trainable parameters: vector v, and ma-
trices W and U , with hidden size equal to that of RoBERTa and output size of
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one. I choose additive alignment because it is more expressive (with more trainable
parameters and an activation function) than all similarity measures used in prior
pronoun resolution works, namely the ones by Wang et al. (2019b): cosine similar-
ity (sim(x, y) := xT y

∥x∥∥y∥), multiplicative similarity (sim(x, y) := (Wx + b)Ty), and
additive similarity (sim(x, y) := ax + by). Furthermore, performing the same hy-
perparameter search as in Section 3.3.3 for all four similarity measures shows that
additive alignment outperforms cosine similarity on the dev set, with 94.3% vs 93.4%
accuracy, respectively, and slightly outperforms multiplicative similarity and additive
similarity, with 94.3% vs 94.1% accuracy for both.

During training, sim(emb(c1), emb(<mask>)) and sim(emb(c2), emb(<mask>))

are fed to a binary softmax function to obtain P (c1) and P (c2).

Maximum Attention Score (MAS) The Maximum Attention Score (MAS) mo-
del was originally developed for zero-shot evaluation of transformer models on pro-
noun disambiguation (Klein and Nabi, 2019). It uses the attentions of all layers
of a transformer model to produce a maximum attention score for each candidate
that summarizes how much the pronoun attends to a candidate. The candidate that
is most attended is selected. I adapt this objective to be trainable by replacing the
summary of attentions with an MLP over the concatenated masked attention tensors,
followed by a binary classifier.

The input of MAS is the same as for BWP (above). Then, similarly to Klein and
Nabi (2019), I extract the two attention tensors Ac1 and Ac2 given by the multi-layer
RoBERTa attentions of the “<mask>” token to each of the two candidates c1 and c2,
respectively. For each candidate c, the attention tensor Ac is defined as the average of
the attention tensors of all tokens that form c. The two corresponding max-masking
tensors Mc1 and Mc2 are then derived as follows: for i = 1, 2 and for each multi-index
j of the tensor Aci , I set Mci(j) = 1, if Aci(j) ≥ Ac3−i

(j), and Mci(j) = 0, otherwise.
I obtain the two corresponding max-masked tensors by the element-wise products:
Bc1 = Ac1 ◦Mc1 and Bc2 = Ac2 ◦Mc2 .

Unlike Klein and Nabi (2019), I introduce an MLP on top of the concatenated
tensor B = [Bc1 , Bc2 ] for binary classification. This is because the method by Klein
and Nabi (2019) is an evaluation-only method for pre-trained LMs, and a classification
head is usually used for fine-tuning LMs, e.g. (Liu et al., 2019b). The MLP has two
hidden layers, tanh activation, hidden size the same as its input, and two-dimensional
output. The choice of 2-layer MLP allows for sufficient expressivity of the model,
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while adding negligible memory and computational overhead versus the pre-trained
LM (which has 24 much larger hidden layers).

The MLP is followed by a binary softmax function to produce the two candidate
probabilities P (c1) and P (c2).

3.3.3 Experiments

For all four models, I select the best hyperparameters via grid search and then train
the models with the best hyperparameters on 20 seeds. For WinoGrande, I split
WG-train-XL randomly into a train and dev dataset (39,130 and 1,268 examples,
resp.), and use the original WG-dev dataset (1,267 examples) as a test set. This is
because there are submission limitations (maximum one per week) of the WinoGrande
leaderboard,13 which prevent me from reporting all 80 trained models on the original
test set (WG-test). I also report all models on the out-of-domain pronoun resolution
datasets WSC (273 examples) and DPR (564 examples). The candidates provided in
WSC were treated differently for the CSS and MAS models, as these models require
precise candidate localization (see Appendix B.2).

For all four models, I do a grid search over the learning rate values {2.5e− 6, 5e−
6, 1e−5, 2e−5, 4e−5}, the number of training epochs {4, 6, 8, 10, 12}, and the batch-
size values {8, 16, 32}. This hyperparameter space is selected based on the union of the
grid search by the original WG-SR work (Sakaguchi et al., 2020) and my observations
on the other three models. The best hyperparameters (in Appendix B.1) are selected
based on the maximum dev accuracy across the hyperparameter space.

For all experiments, I use linear learning rate decay with warm-up over 10% of the
training data, and the AdamW optimizer (Wolf et al., 2019), for which I only alter
the learning rate.

3.3.4 Results

Table 3.4 shows the final seed-wise results for all four objectives. We see that the
semantic similarity objective (CSS) is the best-performing training objective on out-
of-domain testing, with 90.7% average accuracy on WSC and 93.1% average accuracy
on DPR. CSS clearly outperforms both WG-SR and BWP on WSC and DPR, while
performing on par with MAS on WSC (90.7% vs 90.8% average accuracy) and outper-
forming MAS on DPR (93.1% vs 92.6% accuracy). On the other hand, the sentence

13https://leaderboard.allenai.org/winogrande/submissions/public
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Model WG-dev WSC DPR
WG-SR 78.2 (0.68) 89.3 (1.04) 92.1 (0.73)
BWP 76.0 (0.53) 89.9 (0.84) 92.0 (0.45)
CSS 76.6 (0.47) 90.7 (1.0) 93.1 (0.43)
MAS 76.2 (0.7) 90.8 (1.09) 92.6 (0.49)

Table 3.4: Seed-wise aggregated performance of models on WG-dev, WSC, and
DPR, across all 20 seeds. The number format is: average accuracy in %, and standard
deviation (in parentheses). The best performance is marked in bold.

Model Maximum Average Standard
deviation

Number of
well-performing

WG-SR 94.2 92.4 1.04 46 out of 75
BWP 93.8 92.5 0.75 64 out of 75
CSS 94.3 92.7 3.33 63 out of 75
MAS 94.1 92.4 1.26 70 out of 75

Table 3.5: Performance of all four models on the dev set aggregated across all 75
hyperparameter combinations. The numbers in the first three columns are: max-
imum accuracy in %, average accuracy in %, and standard deviation. Only the
well-performing models (with at least 60% accuracy) are reported, and their number
is in the last column. The best performance is marked in bold.

ranking objective used by WG-SR clearly outperforms the other three objectives on
in-domain testing, with 78.2% average accuracy on WG-dev.

In order to verify the statistical significance of the main results, I used the paired-
samples t-test to compare the distributions of accuracy across the 20 seeds. Compar-
ing the accuracies of CSS and WG-SR on WG-dev, WSC, and DPR, respectively, I
get the following two-tailed p-values: 7.72e− 8, 8.95e− 4, and 2.17e− 5. For CSS vs
BWP on WSC, and CSS vs MAS on DPR, respectively, I get the following two-tailed
p-values: 6.75e− 3 and 2.08e− 3. All results are significant with p < 0.05.

All models perform well on all 20 seeds. However, during the hyperparameter
search, I observed that all models were prone to not performing well for certain com-
binations of hyperparameters. The performance threshold that I used was selected as
having ≤ 60% accuracy on WG-dev, and its value was selected based on the perfor-
mance distribution of all models. I observed that all models either perform around
50% accuracy (chance) or 70% accuracy or more on the dev set. 60% in this context
is a good middle-ground threshold. Table 3.5 shows that MAS performed well most
often, with 70 out of 75 hyperparameter combinations. Out of the four models, WG-
SR performed well least often, for only 46 out of all 75 hyperparameter combinations.
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CSS performs the best across the well-performing hyperparameter combinations, but
has the most variation in performance, with a 3.33 standard deviation. Please note
that the numbers in Table 3.5 are much higher than the results on WG-dev in Ta-
ble 3.4 because the dev set that I use is subsampled from the original WinoGrande
training dataset, which is easier to solve than WG-dev (WG-dev was constructed to
be harder (Sakaguchi et al., 2020)).

WG-SR likely performs better in-domain than CSS, MAS, and BWP, since those
three use existing properties of RoBERTa (such as the possibility to compare con-
textualized embeddings, the attention structure of the model, and its pre-trained LM
prediction head, respectively) for a task that they were not originally designed for
(pronoun resolution). WG-SR, on the other hand, only uses the output of RoBERTa
at the 0-th token, which is not pre-trained.

I identify two possible reasons why WG-SR performs worse than CSS on out-of-
domain examples. The first reason is the one mentioned above, namely, not explicitly
exploiting the listed properties of the pre-trained model would lead to a better fit
on a specific dataset, but worse “general knowledge”. This reason is not the full
explanation, since WG-SR has similar performance to BWP on DPR. The second
possible reason is that CSS uses explicit candidate localization and candidate-pronoun
matching (by comparing the embedding of the candidate and the pronoun), whereas
in WG-SR these are achieved implicitly by feeding a pair of sentences to the model,
one with the correct and one with the incorrect substitution. This reason is more
likely because MAS also uses explicit candidate localization and candidate-pronoun
matching, and it outperforms WG-SR out-of-domain.

3.3.5 Conclusion

In this work, I categorized four existing objectives for pronoun resolution and com-
pared their performance and seed-wise stability and performance variation on equal
grounds. The experiments showed that, on in-domain testing, the objective of se-
quence ranking based on the first token in RoBERTa outperforms the other three
objectives. On out-of-domain testing, the objective of semantic similarity between
the pronoun and each candidate performs the best among the four objectives.

Future work may investigate whether these results translate to other LMs besides
RoBERTa as well as other training datasets besides WinoGrande. Also, one could
analyze the strengths and weaknesses of each objective, and evaluate other variations
of these objectives.
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3.4 General Conclusion

In the first work in this chapter, I have demonstrated the creation and successful use
of synthetic pronoun resolution datasets for training LMs. I have examined multiple
loss function variations and determined the best one for pronoun resolution in this
setting. The results show that my best model matches the then-SOTA performance
while using a much smaller model size. The results further show that data quality may
be the key to further improvements in performance and that model-based filtration
may not be the way to do it.

In the second work in this chapter, I have identified all existing categories of train-
ing objectives for pronoun resolution, and have explored the benefits and downsides
of each. To achieve this, I have trained all models on the large high-quality Wino-
Grande dataset for pronoun resolution, and have compared them both in terms of
performance and stability. The results suggest that there is a clear best training objec-
tive for in-domain performance (evaluating on the test portion of the same dataset),
which differs from the best objective for out-of-domain performance (evaluating on a
different dataset).
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Chapter 4

Transfer Learning of Natural
Language Explanations

Achieving human-like natural language understanding in LMs also requires LMs to
be able to explain their decisions like humans. Such explanations in human language
are commonly referred to as natural language explanations (NLEs). In this chapter,
I focus on the transfer learning of NLEs. One domain of interest is creating NLEs for
hard cases of pronoun resolution (from Chapter 3), because this is both a hard task
and lacks high-quality NLEs.

The core part of this chapter (Section 4.2) is based on my work: Few-Shot Out-
of-Domain Transfer Learning of Natural Language Explanations in a Label-Abundant
Setup (Yordanov et al., 2022) published at the Findings of the Association for Com-
putational Linguistics: EMNLP 2022. The paper, as the name suggests, is focused
on transferring NLEs from a domain with abundant labels and NLEs to a domain
with abundant labels, but only a few NLEs. I have demonstrated that a successful
transfer of NLEs is possible from the e-SNLI (Camburu et al., 2018) – a large natural
language inference dataset with NLEs, to two other datasets. The first dataset is
WinoGrande (Sakaguchi et al., 2020) – a dataset of hard cases of pronoun resolution,
where I introduce a small dataset of high-quality NLEs. The second one is ComVE
(Wang et al., 2020) – a dataset of commonsense validation (answering the question
Does a statement make sense or not? ), where I restrict the number of available NLEs.
Apart from demonstrating the feasibility of NLE transfer learning, I study the perfor-
mance of the different ways to use multi-task learning and fine-tuning for achieving
NLE transfer. The results suggest that the best method depends on the underlying
task (hard cases of pronoun resolution or commonsense validation), but that the few
child-task NLEs should be on a separate training regime.
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The last part of this chapter (Section 4.3) presents additional experiments on the
scalability of the best methods found in the previous part (Section 4.2). The results
show that those methods scale overall well in terms of data and model size, but that
the models transition from relying on the parent task to relying on the child task
when using more training NLEs.

4.1 Literature Review

In this section, I introduce the existing literature on NLEs. I present the three main
directions of research: producing high-quality NLEs, NLE faithfulness and transfer
learning of NLEs. I also summarise the literature on NLE evaluation, data annotation
and the existing NLE datasets.

Introduction and First Methods Natural language explanations (NLEs) have
two main types of applications. In commercial applications, NLEs are important for
building appropriate trust with the users of the deployed system, which any produc-
tion model can benefit from. In research and model evaluation, explanations provide
reassurance that the model understands the task at hand and does not take shortcuts.
There are two main desirable properties of the generated NLEs: perceived quality (as
judged by humans) and NLE faithfulness (Jacovi and Goldberg, 2020). Faithful NLEs
are those that are true to the reasoning process of the model, whereas perceived NLE
quality is a surface-level characteristic.

The general field of black-box model interpretability (Simonyan et al., 2013) pre-
cedes the invention of models capable of generating NLEs (Hendricks et al., 2016).
Examples of architecture-agnostic model interpretation techniques include integrated
gradients (Sundararajan et al., 2017) which show the contribution (weights) of each
part of the input to the model’s prediction, and influence functions (Han et al., 2020)
which “explain the decisions of a model by identifying influential training examples”.
This is still an active field of research because most approaches allow for the analysis
of models without the need for additional model modifications or additional training
data, which may be needed for generating NLEs. Models that use attention provide
an additional interpretability mechanism given by what the model attends to in the
input when predicting a given output – e.g. it can show the word alignment between
two languages in machine translation (Bahdanau et al., 2014).

Rationales are a broad category of model explanations, but in this chapter, I
only consider extractive rationales, i.e. the subsets of the input that best explain the
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decisions of the model. E.g.: “Jacob won a game against Philip. Who scored the
most points? Answer : Jacob. Rationale: Jacob won.”. In comparison, NLEs are not
a list of words or phrases, but rather, refer to complete sentences – the same way a
person would explain their decision.

Most of the initial work on NLE generation was in the computer vision domain
– e.g. Hendricks et al. (2016) generate NLEs for classifying bird species from photos.
This is likely because the first GPU-powered NN breakthrough came to computer
vision rather than NLP, with the entry to the ImageNet competition by AlexNet
(Krizhevsky et al., 2012). On the other hand, the GPU-powered NN breakthroughs
in NLP came later, with the CBOW and SkipGram word-embedding models (Mikolov
et al., 2013). One of the first works on NLEs for natural language processing was
by Ling et al. (2017a) who trained a model to answer simple mathematical problems
and to provide step-by-step solutions in natural language.

There are three main focuses in NLE generation: quality improvement (Camburu
et al., 2018; Narang et al., 2020; Valentino et al., 2022), NLE faithfulness (Kumar
and Talukdar, 2020; Wiegreffe et al., 2021; Liu et al., 2019a; Latcinnik and Berant,
2020; Atanasova et al., 2023), and transfer learning of NLEs (Erliksson et al., 2021;
Yordanov et al., 2022).

Generating High-Quality NLEs These are the most notable approaches to gen-
erating high-quality NLEs. These works usually assume that a training dataset with
NLEs exists, and it is used to train models to generate NLEs on the dev/test portions
of that dataset. High-quality NLEs refers to perceived quality, which is different from
NLE faithfulness to the model’s internal reasoning process. Faithfulness is presented
as a separate category below.

In natural language inference (NLI), Camburu et al. (2018) introduce the large,
high-quality e-SNLI dataset of NLEs for SNLI (Bowman et al., 2015), which provides
training data for NLE generation. They modify the InferSent (Conneau et al., 2017)
architecture to generate both labels and NLEs, and show that the e-SNLI dataset can
be used to train the model to generate NLEs. They also show that e-SNLI can be
used to train universal sentence representations (evaluated on SentEval (Conneau and
Kiela, 2018)) and for the transfer of NLEs to the MNLI (Williams et al., 2018) dataset.
Narang et al. (2020) show that large multi-task learning with NLEs (using the T5
(Raffel et al., 2020) LM) can be used to produce high-quality NLEs. They further
show a successful zero-shot transfer of NLEs between tasks: from e-SNLI (Camburu
et al., 2018) to CoS-E (Rajani et al., 2019). Chen et al. (2021) propose to generate
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contrastive NLEs for natural language inference (NLI) – i.e. NLEs that show why the
model made a given choice rather than any other choice. They achieve this by using
external knowledge and by creating counterfactual examples (e.g. premise-hypothesis
pairs) for the alternative labels, which enable the contrastive NLEs. Brahman et al.
(2021) generate NLEs for the Defeasible Inference task (δ-NLI) (Rudinger et al.,
2020) – the task of determining if a given natural language inference (NLI) relation
is strengthened or weakened based on a piece of new evidence. They collect training
NLEs from various available and model-generated sources and train BART (Lewis
et al., 2019) and GPT-2 (Radford et al., 2019) LMs to produce NLEs.

In other applications, Ehsan et al. (2018) explain the actions of autonomous sys-
tems (experiments use the Frogger arcade game) by using their internal representa-
tions to generate NLEs via a machine-translation-like architecture. The training data
and NLEs are generated by human players. Ni et al. (2019) propose a method to ex-
tract and generate justifications (NLEs) for user recommendation algorithms. They
train models to produce personalised justifications in the form of NLEs by taking into
account the user profile (the information known about the user) and the item profile
(the available reviews from other users). Marasović et al. (2020) generate NLEs for
visual-textual tasks by using the GPT-2 (Radford et al., 2019) LM and augmenting
its input with the “output of external vision models that enable different levels of
visual understanding”.

In the low-resource scenario, Jang and Lukasiewicz (2021) show that the predict-
then-explain method (doing prediction before generating an NLE) provides the best
classification and NLE generation performance when compared to joint training and
explain-then-predict. Zhou et al. (2023) present FLamE – “a two-stage few-shot
learning framework that first generates explanations using GPT-3, and then fine-
tunes a smaller model (e.g., RoBERTa) with generated explanations to effectively
learn from explanations”. Solano et al. (2023) show that one can fine-tune only a
small portion (6.8%) of the parameters of the T5 (Raffel et al., 2020) LM to achieve
competitive NLE generation results.

Rationale generation can also be used to improve NLE quality. Majumder et al.
(2022) introduce the RExC framework which aims to improve NLE quality by first
generating rationales, then extracting external knowledge w.r.t. those rationales, se-
lecting the best knowledge samples, and finally, generating the NLEs based on them.

There are also some applications of reinforcement learning to NLE generation
(Inoue et al., 2021; Suo et al., 2023). Inoue et al. (2021) produce NLEs (abstractive
rationales) for context-based question answering. They use an iterative procedure via
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reinforcement learning to improve the NLE’s compactness, usefulness and readability.
This NLE generation task is easier than others because the NLE is a partial summary
of the provided context. In computer vision, Suo et al. (2023) use reinforcement
learning with NLE generation by generating multiple NLEs per training example,
and optimising for NLE quality by using the answer score provided by the model as
a training signal in reinforcement learning.

Modern-day chat assistants such as Microsoft/OpenAI’s ChatGPT1, Google’s
Gemini2, and Anthropic’s Claude3 can operate cross-domain: both with images and
text, and can explain themselves (i.e. provide NLEs) if asked to do so, although with
no faithfulness guarantees.

NLE Faithfulness NLE faithfulness is the extent to which the generated NLEs
reflect the true reasoning process of the model. There are several notable works that
aim to produce models with greater NLE faithfulness (Liu et al., 2019a; Kumar and
Talukdar, 2020; Zhao and Vydiswaran, 2021; Wiegreffe et al., 2021).

Liu et al. (2019a) introduce a generative explanation framework that aims to “help
build stronger connections between the explanations and predictions”. They achieve
this by minimising the so-called explanation factor, which is the “semantic distance
of input texts, generated explanations and golden explanations”.

Kumar and Talukdar (2020) introduce the NILE architecture, which aims to pro-
duce high-quality faithful NLEs for natural language inference (NLI). Their modular
approach allows them to improve NLE faithfulness by first generating explanations
for each potential label (entails/contradicts/neutral), and then predicting the correct
label based on the data and generated explanations.

Zhao and Vydiswaran (2021) propose the LIREx framework for generating NLEs
for natural language inference (NLI). LIREx consists of a module that extracts ra-
tionales, followed by a module that uses the rationales to generate NLEs for each
possible label, and, finally, a classifier that predicts the label based on the premise,
hypothesis and NLEs. Zhao and Vydiswaran (2021) evaluate comprehensiveness (re-
moving the NLEs for classification) and sufficiency (classifying only based on NLEs)
and show that LIREx produces faithful NLEs.

Wiegreffe et al. (2021) train models and evaluate the agreement between the pre-
dictions and the generated NLEs. To achieve this, they investigate whether the

1https://openai.com/chatgpt
2https://gemini.google.com
3https://claude.ai
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predicted labels and NLEs share the following properties: first, if they are similarly
robust to perturbations in the model’s input, and, second, if they are attributed to
similar extractive rationales in the model’s input.

Transfer Learning of NLEs Transfer learning of NLEs is usually necessary when
not enough data is available for the child task (i.e. the target task). Following the
categorisation in Chapter 2.2, transfer learning of NLEs can be zero-shot, few-shot
and multi-shot, depending on the number of NLEs on the child task. It can also be
in-domain or out-of-domain depending on whether the parent and child task are in
the same domain. There is another distinction, which is raised in my work (Yordanov
et al., 2022), namely label-abundant or scarce-label transfer of NLEs, depending on
whether one has abundant labels for the child task, or only a few.

Zero-shot in-domain transfer of NLEs (between datasets of the same task) has been
done, e.g., by Camburu et al. (2018); Kumar and Talukdar (2020), and Narang et al.
(2020). Narang et al. (2020) additionally consider zero-shot out-of-domain transfer
of NLEs, while Erliksson et al. (2021) extend their work by showing that few-shot
out-of-domain transfer of NLEs is possible in the abundant-label setup. Marasović
et al. (2022) use prompt engineering for few-shot out-of-domain transfer of NLEs for
the scarce-label setup. The prompt choice is less relevant in the abundant-label setup,
because task adaptation can be done via the abundant training labels.

My work in this chapter (Yordanov et al., 2022) demonstrates successful few-shot
out-of-domain transfer of NLEs between the (parent) e-SNLI dataset and the (child)
WinoGrande (Sakaguchi et al., 2020) and ComVE (Wang et al., 2020) datasets.

NLE Evaluation NLE evaluation can be done in one of two ways: automatic
evaluation and human evaluation. The use of automatic metrics from the machine
translation domain to the NLE evaluation domain has been investigated by Kayser
et al. (2021). They conclude that the automatic evaluation metrics only weakly
correlate with human judgment of NLE quality, but that there are significantly better
alternatives to the BLEU score (Papineni et al., 2002), such as METEOR (Banerjee
and Lavie, 2005) and BERTScore (Zhang et al., 2020b).

Camburu et al. (2020) introduce a procedure to evaluate NLE inconsistency in nat-
ural language inference (NLI). They train a reverse model to generate the hypothesis
from the NLE and premise, and use this model to generate adversarial hypotheses by
feeding it contradicting NLEs. They show that existing models are prone to generate
inconsistent NLEs by using these adversarial hypotheses.
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The ERASER benchmark (DeYoung et al., 2020) includes a number of NLE gen-
eration tasks, along with metrics for automatic evaluation of NLEs. Apart from
the standardization of NLE evaluation, the ERASER benchmark proposes metrics
for measuring NLE faithfulness. Jacovi and Goldberg (2020) additionally propose a
more comprehensive definition of faithful NLEs and procedures for evaluation. Hase
et al. (2020) propose Leakage-Adjusted Simulatability (LAS) – an NLE metric that
aims to improve NLE faithfulness evaluation by simulating the model’s predictions
based on its inputs and its generated NLEs. LAS “measures how well explanations
help an observer predict a model’s output, while controlling for how explanations can
directly leak the output”. Atanasova et al. (2023) propose two tests for faithfulness
evaluation of model-generated NLEs. The first test fails the model if adding insignif-
icant words to the input changes the predicted label and the generated NLE. The
second one tests the sufficiency of the NLE by testing if restricting the model’s input
to what is contained in the NLE changes the predicted label. Although faithfulness
is important for NLE generation, it falls beyond the scope of the current work, which
is perceived NLE quality.

Data Annotation for NLEs There are three main types of NLE data generation:
crowdsourcing (e.g. via Amazon Mechanical Turk) (Camburu et al., 2018; Rajani
et al., 2019), generation by trusted people/experts (Aggarwal et al., 2021; Yordanov
et al., 2022) and generation via large pre-trained LMs such as GPT-3 (Brown et al.,
2020) (Wiegreffe et al., 2022). While the quality of expert-generated NLEs can be
trusted, crowdsourced and model-generated NLEs are less reliable and may require
additional processing.

Many works on NLE generation use Amazon Mechanical Turk because NLEs can
be generated by workers relatively cheaply. The downside of this approach is that
the generated NLEs may be of poor quality (Rajani et al., 2019) unless special care
is taken. To address this issue, Camburu et al. (2018) propose a combination of rule-
based (in-browser) verifications and guidance to the workers by requiring them to
first provide extractive rationales.

Lee et al. (2020) create a pipeline that allows for the human generation of NLEs
and uses them to label unlabelled data for named entity recognition, relation extrac-
tion, and sentiment analysis. They use the NLEs on the labelled instances to train
LSTM-based RNN models to generate labels for unlabeled instances. Lee et al. (2020)
ensure NLE quality by requiring the annotators to provide extractive rationales, and
then to provide relations between them and thus form structured NLEs.
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Other works use large pre-trained LMs such as GPT-3 (Brown et al., 2020) to
generate NLE data. E.g. (Wiegreffe et al., 2022) propose a model-based NLE genera-
tion and filtration pipeline that improves NLE quality. First they prompt the GPT-3
(Brown et al., 2020) LM with some examples with NLEs for CommonsenseQA (Tal-
mor et al., 2019) and SNLI (Bowman et al., 2015); GPT-3 then generates 5 NLEs for
each, and the best NLE is selected via a T5 (Raffel et al., 2020) model, which has
been fine-tuned on human judgment.

NLE Datasets Here I list some more notable datasets with NLEs. There are
examples both for natural language processing and for computer vision tasks.

The e-SNLI (Camburu et al., 2018) dataset consists of high-quality explanations
for the SNLI (Bowman et al., 2015) dataset: one NLE for each instance of the training
dataset (550k examples), and three NLEs for each dev and test instance. The dataset
is constructed by using Amazon Mechanical Turk and by using numerous procedures
to ensure high NLE quality.

The LIAR-PLUS (Alhindi et al., 2018) dataset consists of NLEs for fact-checking
claims. The dataset augments the LIAR (Wang, 2017) dataset (13k examples) with
NLEs derived from the justifications that the human annotators have used in the
LIAR dataset.

The Common Sense Explanations (CoS-E) dataset (Rajani et al., 2019) consists of
human commonsense explanations for the Commonsense Question Answering (Com-
monsenseQA) dataset (Talmor et al., 2019). Unfortunately, CoS-E has overall poor
NLE quality (most NLEs rephrase the question and the answer, rather than provid-
ing reasoning), which is why I do not use CoS-E in this work. The ECQA dataset
(Aggarwal et al., 2021) is constructed similarly to CoS-E, but they partnered with a
private firm, which helped with producing NLEs of substantially higher quality than
CoS-E. Unfortunately, the ECQA dataset was published at a later stage of the work
included in this chapter, which is why I did not include it.

The ComVE (Wang et al., 2020) dataset consists of three tasks: binary common-
sense classification, i.e. “select the statement of the two that does not make sense”;
multi-choice explanation, i.e. select the explanation corresponding to that choice; and
explanation generation for the binary commonsense classification. The dataset pro-
vides three NLEs for each instance of the training dataset (10k), dev dataset (1k)
and test dataset (1k) crowdsourced from Amazon Mechanical Turk. NLE quality is
ensured via comprehensive guidelines and manual quality control.
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The SBIC (Sap et al., 2020) societal bias dataset consists of ≈ 45k posts from the
internet annotated with categories of offensiveness and short explanations generated
via crowdsourcing from Amazon Mechanical Turk. The Few Explanations Benchmark
(FEB) (Marasović et al., 2022) includes the SBIC dataset by converting the categories
and the short explanations into full NLEs.

The Abductive Natural Language Inference dataset (AbductiveNLI) (Bhagavatula
et al., 2020) consists of 20,000 examples of natural language statements A and C,
where the task is to choose a statement B satisfying: if(A and B), then C. This
dataset is not directly applicable to my work because it cannot be formulated as an
NLP task with explanations. This is because the correct statement B should be the
NLE, but it determines the answer C, rather than explaining it.

In computer vision, there are many datasets with NLEs. Examples include the
e-ViL (Kayser et al., 2021) benchmark consisting of three datasets of visual-language
tasks with NLEs. As part of the benchmark, Kayser et al. (2021) created the e-SNLI-
VE dataset with NLEs by adapting the e-SNLI dataset (Camburu et al., 2018) to the
SNLI-VE visual-language task (Xie et al., 2019).

Other examples include the VCR (visual commonsense reasoning) dataset (Zellers
et al., 2019), which consists of 290,000 questions about movie scenes, with multiple-
choice answers, and multiple-choice NLEs to explain those answers; VQA-E (Li et al.,
2018) and VQA-X (Kim et al., 2018) datasets, which consist of NLEs for the VQA
(visual question answering) dataset (Antol et al., 2015); the action explanation dataset
(ACT-X) (Park et al., 2018) with NLEs for images extracted from YouTube; and
BDD-X (Kim et al., 2018), which is a dataset for training self-driving cars, consisting
of over 77 hours of vehicle driving annotated with driver actions.

4.2 Few-Shot Out-of-Domain Transfer Learning of
Natural Language Explanations in a Label-Abun-
dant Setup

This work is based on my paper with the same name (Yordanov et al., 2022), published
at the Findings of the Association for Computational Linguistics: EMNLP 2022. In
this work, I address the problem that training models for NLE generation usually re-
quires the acquisition of task-specific NLEs, which is time- and resource-consuming.
I propose to use few-shot out-of-domain transfer learning of NLEs from a parent task
with many NLEs to a child task. Specifically, I examine the setup in which the child
task has few NLEs but abundant labels. I establish four few-shot transfer learning
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methods that cover the possible fine-tuning combinations of the labels and NLEs for
the parent and child tasks. I use these methods to transfer explainability from a large
natural language inference dataset (e-SNLI) separately to two child tasks: (1) hard
cases of pronoun resolution, where I introduce the small-e-WinoGrande dataset of
NLEs on top of the WinoGrande dataset, and (2) commonsense validation (ComVE).
The results demonstrate that the parent task helps with NLE generation and I es-
tablish the best methods for this setup.

4.2.1 Introduction

Recent developments have made it possible for AI models to learn from natural lan-
guage explanations (NLEs) for the ground-truth labels at training time and generate
such explanations for their decisions at deployment time (Hendricks et al., 2016;
Ling et al., 2017b; Park et al., 2018; Camburu et al., 2018; Kim et al., 2018; Rajani
et al., 2019; Camburu et al., 2020; Narang et al., 2020; Kumar and Talukdar, 2020;
Marasović et al., 2022). To train a model to generate NLEs, existing works rely on
human-annotated training datasets of NLEs. However, large datasets of NLEs, such
as e-SNLI (Camburu et al., 2018), are time-consuming and expensive to gather. One
approach is to transfer explanations from a different domain, via few-shot transfer
learning. The usual setup for few-shot out-of-domain transfer learning consists of
transfer learning from a parent task, with abundant training examples, to a child
task that only has a few training examples (Thrun, 1996; Ravi and Larochelle, 2017).

In this work, I assume that both parent and child tasks have abundant labels,
and the parent task has abundant NLEs, but the child task only has a few training
NLEs. This can be characterised as a few-shot transfer learning of NLEs in a label-
abundant setup. Given the advent of deep learning in recent years, this child-task
scenario may be quite frequent, as one may already have a large dataset with labels
on which they aim to train NLEs-generating models without having to annotate
the entire dataset with NLEs. Vanilla few-shot learning approaches can be directly
applied in this setting, but those approaches would give up a large proportion of the
training labels just so that the few-shot regime applies equally to labels and NLEs.
Therefore, alternative approaches are needed to generate few-shot NLEs, while using
the abundant labels to obtain a high child-task accuracy.

In this work, I introduce three few-shot transfer learning methods for NLEs that
utilize the abundant training labels for both the parent and child task, and I adapt
for computational efficiency the method from Erliksson et al. (2021). Together, these
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four methods are combinations of multi-task learning and fine-tuning between a par-
ent and a child task with few training NLEs but abundant labels. I instantiate the
few-shot learning approaches on e-SNLI (Camburu et al., 2018) as parent task, and
WinoGrande (Sakaguchi et al., 2020) and ComVE (Wang et al., 2020) as child tasks.
As the WinoGrande dataset does not contain NLEs, I introduce small-e-WinoGrande,
which provides 100/50/100 NLEs for the training, development, and test sets, respec-
tively. I show the extent to which few-shot out-of-domain transfer learning of NLEs
is currently feasible and provide insight into which learning techniques work best in
this setup. I perform human evaluation and do comprehensive evaluation against
child-task-only and zero-shot baselines.4

4.2.2 Related Work

To my knowledge, at the time of writing (Yordanov et al., 2022), there is only one
existing work for few-shot out-of-domain transfer learning of NLEs, that of Erliksson
et al. (2021), who introduce a vanilla fine-tuning method on top of the zero-shot
WT5 model (Narang et al., 2020). Their work follows that of Narang et al. (2020),
who show a proof-of-concept for zero-shot NLE transfer across domains, without any
training NLEs on the child task (zero-shot), but who use the largest T5 model (with
11B parameters) (Raffel et al., 2020) to obtain those results. Erliksson et al. (2021)
adapt this approach to the more practical few-shot NLE setup via a simple fine-tuning
method on top of a smaller zero-shot WT5 model (Narang et al., 2020). However,
their work is limited by two factors: (1) they only use one of the four possible training
methods that I identify for this setup, and (2) they use only automatic evaluation
metrics, which do not necessarily align with human judgment (Camburu et al., 2018;
Kayser et al., 2021).

Marasović et al. (2022) show that prompt engineering can help in few-shot out-
of-domain transfer of NLEs, for the case where the training labels are also scarce. In
that case, prompt engineering is relevant because their setting is few-shot learning of
both NLEs and labels. In this work, we also have abundant labels on the child task,
which makes prompt engineering less relevant. In practice, I have found that prompt
choice does not significantly affect performance, and the prompt choices I make in
this work (Table 4.1) follow the WT5 style (Narang et al., 2020).

In the more general area of natural language generation, few-shot learning is
a growing topic (Chen et al., 2020), e.g., in dialogue generation (Peng et al., 2020;

4The code and the datasets are publicly available at: https://github.com/YDYordanov/Few-s
hot-NLEs.
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Shalyminov et al., 2019). These approaches, however, do not directly apply to transfer
learning of NLEs, which is a dual task of predicting both the label and generating an
explanation.

Gradual unfreezing is one potential method to help with few-shot transfer learning
which one may consider for this work. However, looking more closely at the original
gradual unfreezing work (Howard and Ruder, 2018), it uses a random initialisation
for a 2-layer classification head. Similarly, random initialisation is used by Kumar
et al. (2022), where they do 1-step gradual unfreezing, which suggests that the need
for gradual unfreezing is most likely due to the bad (random) starting initialisation
of the head. Since in this work, we do not have a randomly initialised head (as I
directly fine-tune a pre-trained model), gradual unfreezing may not be suitable for
this setting. Furthermore, Raffel et al. (2020) show that gradual unfreezing does not
help when applied to the T5 LM used in this work.

For the task of resolving hard cases of pronoun resolution, there is the WinoWhy
(Zhang et al., 2020a) diagnostic dataset for assessing commonsense knowledge in
generated NLEs. It is based on the Winograd Schema Challenge dataset (Levesque
et al., 2012) and is phrased as a zero-shot NLE classification task. I decided not to
use it in this work, because I am interested in measuring NLE generation rather than
classification of predefined NLEs.

4.2.3 Method

In this section, I introduce the datasets that I use, the base model (T5) (Raffel et al.,
2020) that I fine-tune, all baselines and all four few-shot NLE transfer learning meth-
ods (M1-M4). I also describe the training procedure and the evaluation procedure of
the model-generated NLEs given by human evaluation on Amazon Mechanical Turk.

Datasets Here I introduce all datasets used in this work. The NLE-abundant e-
SNLI dataset is the parent dataset of choice, whereas the WinoGrande and ComVE
datasets are the child datasets for which I want the models to generate NLEs.

e-SNLI. Natural language inference (NLI) (Dagan et al., 2006) is the task of
assigning a relation of entailment, contradiction, or neutrality between a premise and
a hypothesis. The e-SNLI dataset (Camburu et al., 2018) consists of human-written
NLEs on top of the Stanford Natural Language Inference (SNLI) dataset (Bowman
et al., 2015). I select e-SNLI as parent dataset due to its large size (∼570K) and
high-quality NLEs available for each training instance. Example from e-SNLI:
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Premise: An adult dressed in black holds a stick. Hypothesis: An
adult is walking away, empty-handed.
Label: contradiction
NLE: Holds a stick implies using hands so it is not empty-handed.

WinoGrande. The WinoGrande dataset (Sakaguchi et al., 2020) consists of 40,398
binary fill-in-the-gap instances of pronoun resolution that follow the Winograd Schema
format (Levesque et al., 2012). I select WinoGrande as a child task, since it requires
implicit knowledge, which I want to capture in the NLEs. I construct the small-e-
WinoGrande dataset by manually creating NLEs for 100/50/100 training/dev/test
instances. Example from small-e-WinoGrande:

The geese prefer to nest in the fields rather than the forests because in
the predators are very visible.
Options: fields, forests. Answer: fields.
NLE: The fields are more open spaces than the forests, hence predators
are more visible there.

ComVE. Commonsense Validation and Explanation (ComVE) (Wang et al., 2020),
as reformulated by Majumder et al. (2022), is the task of jointly identifying which one
of two statements contradicts commonsense and explaining why. The dataset consists
of 10,000 training, 1,000 validation, and 1,000 test instances. I select ComVE as a
child task, because it is a commonsense reasoning task for which there are good-quality
human-written NLEs. Example from ComVE:

Statements: He drinks [milk/apple].
Answer: "apple" does not make sense.
NLE: An apple is a whole food and unable to be drunk without being
juiced.

For more dataset details, see Appendix C.1.

Base Model Similarly to Narang et al. (2020), I use the T5 (Raffel et al., 2020)
generative LM, in particular, the Base model with 220M parameters, due to its good
trade-off of performance and computational requirements. For T5, tasks are distin-
guished only via their task-specific input/target formats. I follow the input/target
format for e-SNLI by Narang et al. (2020): premise: [premise] hypothesis: [hypothesis]
/ [relation] explanation: [explanation]. I obtain the input formats for WinoGrande
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Task Input Format Target Format

e-SNLI explain nli premise: [premise] hypothesis: [hypoth-
esis] [relation] explanation: [explanation]

W.G. explain WinoGrande schema: [schema start]
[schema end] options: [option 1], [option 2].

[correct option] explanation: [explana-
tion]

ComVE explain ComVE Sentence 1: [statement 1] Sentence
2: [statement 2]

[nonsensical statement id] explanation:
[explanation]

Table 4.1: T5 input/target formats for each task: e-SNLI, WinoGrande (W.G.), and
ComVE, used for all models. When training on examples without NLEs, “explain”
and “explanation:” are not included in the input/target format.

Model name Meaning
CD–fine-tune fine-tune T5 on the child dataset, and then fine-tune on 50 NLEs
CD–union fine-tune T5 on the union of the child dataset and 50 NLEs
WT5–fine-tune fine-tune T5 on the union of e-SNLI and SNLI, and then fine-tune on the child dataset
WT5 fine-tune T5 on the union of e-SNLI, SNLI, and the child dataset
M1 fine-tune T5 on the union of e-SNLI, the child dataset, and 50 NLEs
M2 fine-tune T5 on the union of e-SNLI and the child dataset, and then fine-tune on 50 NLEs
M3 fine-tune T5 on e-SNLI, and then fine-tune on the union of the child dataset and 50 NLEs
M4 fine-tune T5 on e-SNLI, and then fine-tune on the child dataset, and, finally, on 50 NLEs

Table 4.2: Legend of the model names. The child dataset excludes the NLEs, unless
specified. The 50 NLEs refer to the few (50) instances of the child task with NLEs.

and ComVE in a similar manner (see Table 4.1). I observed in early experiments that
the exact choice of input/target formats does not significantly affect performance.

I choose the best practice for multi-task learning with T5, namely, via training on
the union of the datasets in question (Raffel et al., 2020).

Few-Shot Transfer Learning Methods Table 4.2 shows all the models that I
use, with further diagrams for M1-M4 in Figure 4.1. M1 to M4 are the four few-
shot transfer learning methods for NLE generation, which I obtain by combining the

Figure 4.1: Diagram of the training procedures for M1-M4 models.
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parent dataset with NLEs, the child dataset, and a few NLEs (I use 50 in this work)
in all reasonable multi-task and fine-tuning combinations. These methods (M1-M4)
are inspired by the zero-shot transfer of NLEs work by Narang et al. (2020) (WT5),
where fine-tuning on the child dataset (with or without NLEs) is not explored. M1
extends the WT5 (Narang et al., 2020) zero-shot method by including the few NLEs of
the child task in the unified training dataset, whereas M3 is similar to the method by
Erliksson et al. (2021). However, the methods by Narang et al. (2020) and Erliksson
et al. (2021) use the union of the parent dataset with and without explanations,
which I do not, because in the few-shot NLE case, this is unnecessary and doubles
the computation cost.

To understand the benefits and downsides of the few-shot transfer of NLEs meth-
ods (M1-M4), first, we need to understand the few-shot NLE generation (without
parent task). In the few-shot NLE setting, to produce good NLEs, the model must
understand the underlying task – i.e. have a good task accuracy because the number
of NLEs is insufficient to train the model fully. For this, one can consider multi-task
learning because it is better at fusing information between the tasks than fine-tuning
(e.g. see (Aghajanyan et al., 2021)). However, when using multi-task learning with
the union of the child dataset (without NLEs) and its few NLEs (similar to Erliks-
son et al. (2021)), there is a fixed training proportion between the labelled data and
the NLE data, which may or may not provide the correct balance. On the other
hand, when first training on the labelled data, and then fine-tuning on the few NLEs,
the balance can be controlled by how much fine-tuning is done. Furthermore, when
fine-tuning on the few NLEs, the last training step only trains for NLE generation,
which is the target task. This can, in theory, benefit M2 and M4 over M1 and M3.
There are similar considerations on the balance between the parent and child datasets
depending on whether one uses multi-task learning (M1, M2) or fine-tuning (M3, M4).

I also consider four baseline methods. The two child-task baselines CD–fine-tune
and CD-union serve to measure the contribution of the parent in NLE transfer. Two
zero-shot NLE transfer learning baselines, WT5 (Narang et al., 2020) and WT5–fine-
tune, serve to measure the contribution of the 50 training NLEs in the child task.

Training Details The training objective is given by cross-entropy loss with targets
as described in Table 4.1. I use the AdamW optimizer (Loshchilov and Hutter, 2019)
and linear learning rate scheduler with warm-up over 10% of the training. For all
models, I fix the batch size to 16 and do a grid search over the learning rate values
and the number of training epochs. The hyperparameters’ ranges are described in
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Appendix C.2. No early stopping is needed, because I use a learning rate scheduler
and the number of training epochs is a hyperparameter. I do not use gradual un-
freezing (Howard and Ruder, 2018), because it has been shown by Raffel et al. (2020)
that it does not help when applied to the T5 LM.

At each stage of training, the best hyperparameter combinations are either selected
by the perplexity relative to the target NLEs of the dev set of the child task (CT),
by dev accuracy on CT, or by NLE perplexity on the e-SNLI dev set. At each
stage of training, I would want the model to obtain good CT NLE performance.
However, if no CT NLEs are used in training at that stage, one cannot expect good
CT NLE generation performance. In that case, I choose to evaluate the models on
their most relevant training dataset to CT NLE generation, where I assume that
CT without NLEs is more relevant than the parent dataset (e-SNLI). The choice of
evaluation metric depends on the choice of dev set: NLE perplexity if the dev set
contains NLEs, and accuracy if not. Following Camburu et al. (2018), I use NLE
perplexity for hyperparameter selection over language generation metrics like BLEU
(Papineni et al., 2002) because perplexity measures how well the model predicts the
dev data (e.g. see Section 2.1.2). Furthermore, language generation metrics require the
models to generate NLEs, which for small dev NLE datasets like small-e-WinoGrande
(50 dev NLEs), may mean a lot of randomness in the average score. The selection
criteria for each model, along with the best hyperparameters are given in Table C.1
in Appendix C.2.

Model-generated explanations are obtained via beam search (Graves, 2012) with a
beam width of 5. This beam width value is selected among the values {1, 2, 3, 4, 5, 6}
by manually examining the NLE generation quality of multiple models on random
examples of the dev sets of both child tasks.

Human Evaluation I use Amazon Mechanical Turk to evaluate the model-genera-
ted NLEs, with three annotators per instance. The evaluation procedure for each
instance is in three steps and follows existing works (Kayser et al., 2021; Majumder
et al., 2022; Marasović et al., 2022). An example for WinoGrande is given in Fig-
ure 4.2. First, annotators have to predict the classification label for the example.
Second, they have to select one of four options for whether the NLE is a valid and
satisfactory explanation for the selected label: Yes, Weak Yes, Weak No, or No.
Third, they have to select shortcomings of the explanation from the following: “does
not make sense”, “insufficient justification”, “irrelevant to the task”, “too trivial”, and
“none”. These choices may not only provide insight into the problems that the NLEs
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Figure 4.2: An example of what the human annotators see when they evaluate NLEs
for WinoGrande.

may have, but also guide the annotators to carefully think about the answer to the
main question about NLE quality.

As suggested by Kayser et al. (2021), for each example, the annotators are provided
with two (shuffled) NLEs, one from a model and one ground-truth from the test set.
This serves to mentally ground the annotator’s score of the model-generated NLE.

All models are evaluated on 100 examples from the test dataset of each child task.
Similarly to previous works (Camburu et al., 2018; Kayser et al., 2021; Majumder
et al., 2022), the NLE evaluation is only done on correctly labelled (by the model)
examples, as it is expected that an incorrect label is not supported by the model with
a correct NLE. See Appendix C.3 for more details and for screenshots of the forms
used to collect the annotations.

4.2.4 Experiments and Results

Experimental Setup Following Kayser et al. (2021), I use an aggregated score (I
call NLE score) to evaluate the NLE generation quality, where each option selected
by the annotators: Yes, Weak Yes, Weak No, or No is mapped to a value: 1, 2

3
, 1

3
, or

0, respectively. The exact formula is:

NLE score =

(
Y +

2

3
Yweak +

1

3
Nweak

)
100

Y + Yweak +Nweak +N
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Model WinoGrande ComVE ComVE Automatic NLE Metrics
Task
acc%

NLE
score

Task
acc%

NLE
score B-1 B-2 B-3 B-4 MET BERT-

Score
CD–fine-tune 59.7 34.7 87.8 31.4 45.2 29.5 19.5 13.1 21.5 83.4
CD–union 57.2 35.9 83.1 27.7 27.4 16.6 10.2 6.4 19.1 81.8
WT5–fine-tune 60.2 8.7 85.7 28.9 24.6 15.1 9.7 6.5 13.5 74.8
WT5 58.0 8.3 76.2 23.9 22.8 12.0 6.4 3.6 12.7 71.5
M1 53.6 28.3 82.8 40.2 34.5 19.2 10.8 6.3 20.3 81.8
M2 56.0 44.1* 80.6 40.6 43.5 26.3 16.5 10.6 20.0 83.1
M3 54.6 29.6 85.5 38.6 33.6 18.8 10.9 6.2 20.8 82.1
M4 58.2 41.9* 86.5 48.5* 44.4 27.5 17.5 10.7 21.2 83.6

Table 4.3: Performance of models on WinoGrande and ComVE as child tasks. From
the 100 test examples, only the correctly classified are given NLE scores. B-1,2,3,4
stand for BLEU-1,2,3,4; MET stands for METEOR. Best results are in bold; * denotes
the statistically significant best results.

where Y , Yweak, Nweak, and N denote the number of Yes, Weak Yes, Weak No, and No,
respectively, and the last term rescales the NLE score to be between 0 and 100. This
aggregation has two goals: (1) to provide a single metric to compare the methods,
and (2) to account for the subjective nature of choosing between close labels such as
Yes and Weak Yes.

For every model comparison, I report if it is statistically significant via the paired
Student’s t-test for equal variances (Yuen and Dixon, 1973), with single-tailed p-values
and 0.05 statistical significance threshold.

I additionally evaluate all models on the full ComVE test set (1,000 examples
with three NLEs per example) via automatic metrics (BLEU (Papineni et al., 2002),
METEOR (Banerjee and Lavie, 2005), and BERTScore (Zhang et al., 2020b)), with
METEOR and BERTScore having been shown to have the best correlation with
human judgment of NLEs across several datasets (Kayser et al., 2021). Automatic
evaluation provides additional insights into NLE quality since the human evaluation
was done on only 100 examples, which is ten times fewer. I do not compute automatic
metrics w.r.t. WinoGrande, since its NLE test set contains only 100 examples for
which I already have the human evaluation, the gold standard for NLE evaluation.

Quantitative Results Here, I report the task accuracy, NLE score, and automatic
NLE evaluation metrics (BLEU, METEOR and BERTScore).

The results are given in Table 4.3. We notice that the automatic metrics are not
well aligned with the human evaluation (NLE score). This has also been previously
observed in other studies (Camburu et al., 2018; Kayser et al., 2021). Therefore, I
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will base my main conclusions only on the human evaluation (NLE score). However,
I will also comment on the automatic metric results and what they show.

Main Conclusions: First, we notice that all methods (M1–M4) significantly out-
perform the zero-shot baselines (WT5–fine-tune and WT5) in terms of NLE quality
for both datasets, which proves the utility of the 50 child-task NLEs.

Second, we see that not all methods outperform the child-task baselines. For
example, on WinoGrande, both CD–fine-tune and CD-union outperform M1 and M3
in terms of the NLE quality. This shows that it is sometimes possible that fine-
tuning on a large parent task of out-of-domain NLEs hurts NLE quality of a child
task. However, for both datasets, the best performing method is among the M1–M4
methods (and for ComVE, all M1–M4 methods outperform the child-task baselines),
suggesting that it is generally useful to use a large dataset of NLEs as a parent task
even when out-of-domain.

Third, we see that the M1–M4 methods rank differently on different datasets, in
particular, M2 and M4 are the significantly best methods on WinoGrande, and M4 is
the significantly best method on ComVE. I believe that the main difference in method
ranking is that the methods obtain much closer-to-chance accuracy on WinoGrande
than on ComVE. This is important, because poor task understanding can lead to poor
NLE generation. In particular, M2 and M4 obtain significantly better WinoGrande
accuracy than M1 and M3, which might explain the significant gap in NLE score.
M2 and M4 are the best NLE generation methods on both datasets, which could be
because M2 and M4 use the 50 NLEs of the child task in a separate training regime,
whereas M1 and M3 use a combination of the much larger child dataset with the 50
NLEs. This suggests that the 50 NLEs require their own training regime to obtain
good NLE generation.

Finally, we see that the best task performances on both datasets are obtained by a
baseline method: WT5–fine-tune (no child NLEs) for WinoGrande and CD–fine-tune
(child-task only) for ComVE. Moreover, among the M1-M4 methods, there is no clear
best method in terms of task performance, nor a correlation with the NLE quality.
Hence, a trade-off between task performance and NLE quality is needed, which I
observe is achieved by M4.

Automatic Metrics: The automatic evaluation results largely confirm the results
from the human-annotated NLE scores. The best-scoring M4 model outperforms all
three other main models (M1-M3) in terms of BLEU, METEOR, and BERTScore.
However, the best-performing baseline, CD–fine-tune, outperforms M4 in terms of
BLEU score but is similar in terms of METEOR and BERTScore. This suggests
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WinoGrande
Model

NLE
score Yes% Weak

Yes%
Weak
No% No% Non-

sense%
Insuffi-
cient%

Irrele-
vant%

Trivial
% None%

CD–fine-tune 34.7 17.5 20.1 11.6 50.8 32.0 37.0 4.0 7.5 19.5
CD–union 35.9 20.7 15.2 15.2 49.0 33.8 32.4 5.5 6.4 21.9
WT5–fine-tune 8.7 4.6 4.1 4.1 87.2 60.8 20.3 10.6 4.1 4.1
WT5 8.3 4.8 3.0 4.2 87.9 71.1 12.8 9.6 2.1 4.3
M1 28.3 14.3 14.3 13.6 57.8 28.0 39.5 8.9 4.5 19.1
M2 44.1 25.9 18.0 18.5 37.6 28.1 33.2 6.5 4.0 28.1
M3 29.6 15.4 14.8 13.0 56.8 43.7 29.3 6.9 2.3 17.8
M4 41.9 22.6 22.6 12.8 42.1 34.3 33.3 2.5 6.9 23.0
ComVE Model
CD–fine-tune 31.4 25.4 7.2 3.8 63.6 26.9 32.3 12.5 3.6 24.7
CD–union 27.7 23.6 4.2 3.8 68.4 39.8 24.6 10.2 2.7 22.7
WT5–fine-tune 28.9 20.0 11.8 3.1 65.1 30.7 37.9 8.9 3.6 18.9
WT5 23.9 15.3 10.2 5.6 69.0 36.9 31.7 11.9 5.2 14.3
M1 40.2 28.5 14.6 6.1 50.8 22.1 29.0 18.1 4.7 26.1
M2 40.6 27.4 17.7 4.2 50.6 23.9 33.5 10.4 4.4 27.9
M3 38.6 30.3 8.8 7.5 53.5 32.5 21.7 12.0 4.4 29.3
M4 48.5 36.7 14.3 6.8 42.2 18.8 28.2 13.1 2.9 37.1

Table 4.4: Human annotations of the correctly classified NLEs generated by models
with WinoGrande and ComVE as child tasks (CT). The columns Yes, Weak Yes,
Weak No, and No present the percentages of NLE validity scores given by the human
annotators. The last five columns present the shortcomings provided by the human
annotators. The best results are in bold. I do not bold the Weak Yes and Weak No,
since it is not clear that higher/lower is better.

that it produces NLEs that are closer to the test NLEs in terms of the low-level
features that are captured by BLEU-1,2,3,4 (unigram, bigram, trigram, and four-
grams). This can be explained by the fact that many training NLEs resemble one of
the two statements in ComVE, because often the correct statement is a valid trivial
NLE. Upon manual inspection, I noticed that the baseline CD–fine-tune does produce
more trivial NLEs (that repeat part of the input statements).

Full Human Evaluation Results Table 4.4 presents the full human evaluation
results table for all models which includes the separate Yes, Weak Yes, Weak No,
and No scores. Table 4.4 also summarizes, for each model, the shortcomings that the
human annotators found in the model-generated NLEs, which are informative of the
issues with NLE generation.

Both for WG and ComVE, the best-performing model in terms of NLE score (M2
and M4, respectively) is also the highest in terms of Yes% and lowest in terms of No%
scores, which shows that the NLE score is summarising correctly the more granular
labels (Yes, Weak Yes, Weak No, No). This is also confirmed by the worse-performing
model – WT5 which gets the lowest Yes score and highest No score.
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For WinoGrande, better-performing models (M2 and M4) produce relatively low
percentages of nonsensical (28.1% and 34.3%, respectively) and the highest percent-
ages of NLEs without shortcomings (28.1% and 23.0%, respectively). On the other
hand, the worse-performing models in terms of NLE score (such as WT5 and WT5–
fine-tune) produce significantly more nonsensical NLEs (71.1% and 60.8%) when com-
pared to the other models (maximum of 43.7%). In comparison, M1-M4 produce more
partially correct NLEs (“insufficient justification”), with a minimum of 29.3% for M3
compared to 12.8% and 20.3% for the single-task baselines WT5 and WT5–fine-tune,
respectively.

For ComVE, the best-scored model, M4, also has the lowest proportions of non-
sensical (18.8%) and trivial (2.9%) explanations, and the highest percentage of NLEs
without shortcomings (37.1%). This shows that M4 produces NLEs that make more
sense (more coherent) and have fewer shortcomings than other methods.

Qualitative Examples Here, I present a short qualitative analysis of the results
with examples generated by the trained models.

WinoGrande. While many of the correct NLEs that are generated by the models
are trivial, e.g.:

Fiction books were interesting and easy to read for Logan but not Brett
because enjoyed real tales. A: Brett.
NLE: Fiction books were interesting and easy to read for Logan but not
Brett because Brett enjoyed real tales

there are some non-trivial generations, e.g.:

Brett was browsing the internet while he found the information unlike
Randy, prefers using books. A: Randy.
NLE: If Brett is browsing the internet, then he is more likely to find
information than Randy, who prefers to use books.

ComVE. By manual inspection, the correct model-generated NLEs are either a
repetition of the correct statement or a negation of the nonsensical statement. Ex-
amples from each:

Statements: The fire will [burn / cool] you if you touch it. A: burn.
NLE: The fire will burn you if you touch it.

68



Statements: He inserts [his thumb / the keys] into the car ignition
switch.
A: the keys. NLE: One cannot insert his thumb into the car ignition
switch.

For more qualitative results, see Appendix C.4, where six non-cherry-picked NLEs
from each model are presented.

4.2.5 Conclusion

In this work, I investigated four methods for few-shot out-of-domain transfer learning
of NLEs for the abundant-label setting. I introduced small-e-WinoGrande, a dataset
of NLEs on top of a small sample of instances from WinoGrande. I showed that out-
of-domain few-shot learning can significantly help with NLE generation compared
to zero-shot or child-task-only learning. Amongst the four NLE few-shot learning
methods, I found that the most convincing NLEs are generated by the methods that
provide separate training regimes for the child task and its few training NLEs. While
the results indicate that few-shot out-of-domain transfer learning of NLEs is helpful,
there is room for improvement both in the quality of the generated NLEs and in task
performance. Thus, this work provides an essential foundation for future research into
few-shot out-of-domain transfer learning of NLEs where label abundance is available.

Limitations The training methods in this work can apply to any language other
than English, but a large parent task with NLEs is needed and a high-performance
pre-trained generative LM may be needed for that language. Training one of the
methods takes approximately three hours per e-SNLI epoch on one NVIDIA TITAN
Xp GPU, which should be multiplied by the number of epochs and the hyperparam-
eter combinations used. In total, the required time to reproduce all the results is
approximately 45 GPU days. However, applying these methods in practice is much
cheaper because one can select hyperparameter intervals informed by this work and
use smarter hyperparameter search strategies than grid search.

Reproducing the human evaluation for all models in this work can be relatively
expensive for researchers with a limited budget – the cost was $1 per 10 model-
generated NLEs examples.
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4.3 Scalability Experiments

This section is a follow-up to the main work in Section 4.2. Here, I explore the
scalability of the best methods from Section 4.2 (Table 4.4) in terms of model and
data size. I show that the methods scale overall well, but I observe a transitory
drop in performance when the model transitions from transfer learning to in-domain
learning as the number of training NLEs increases.

Experiments I explore the scalability of the best methods from Section 4.2, which
are M2 for WG and M4 for ComVE. I use the same LM, datasets, hyperparameters
and other details as in the main work (Section 4.2) unless specified otherwise.

For the model scalability experiment, in addition to the T5-Base model (220M
parameters), I also train a larger model T5-Large (770M parameters) (Raffel et al.,
2020). Both LM variants are trained on 50 NLEs from the child dataset – the same
number as in Section 4.2. For the data scalability experiment, I train the best model
configurations for WG and ComVE on 0, 25, 50 (the default), and 100 NLEs from the
child task. For WG there are only 100 training examples with NLEs, but for ComVE
there are many more available (10,000), which is why I train models on up to 200
training examples with NLEs for ComVE in this experiment.

Similarly to the main work (Section 4.2), I use both human evaluation (NLE score)
for both WG and ComVE and automatic evaluation for ComVE only. In Section 4.2,
I have observed that among the automatic metrics, BERTScore correlates the best
with the NLE score, so I only report BERTScore here, as an additional verification.

Results The results in Table 4.5 show that the larger model performs better on
WG as expected, both with better accuracy and NLE score. On the other hand, on
ComVE the large model performs slightly worse than its small-model counterpart in
terms of NLE score (45.8 vs 48.5). The ComVE result can be explained in two ways:
first, looking closely at the per-category results, the large model produces more Weak
Yes, but less Yes, whereas it has a similar number of No and Weak No as the small
number, hence the NLEs produced by that model are not bad. Second, the large
model obtains much better accuracy @100, so it has to produce more NLEs since I
only evaluate NLEs for correctly classified examples.

The results in Table 4.5 show that the methods scale well from 0 to 25 to 50 train-
ing NLEs for both WG and ComVE, and both in terms of NLE score and BERTScore.
The NLE score drops off from 50 to 100 NLEs for both WG and ComVE, but the
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WG Model Acc
@100

NLE
score Yes% Weak

Yes%
Weak
No% No% BERT

Score
T5L–M2 (50) 68 49.5 27.0 27.9 11.8 33.3 –
M2 (0) 64 10.6 3.6 7.3 6.2 82.8 –
M2 (25) 64 40.5 19.3 25.5 12.5 42.7 –
M2 (50) 63 44.1 25.9 18.0 18.5 37.6 –
M2 (100) 63 40.4 20.6 22.2 14.8 42.3 –

ComVE Model Acc
@100

NLE
score Yes% Weak

Yes%
Weak
No% No% BERT

Score
T5L–M4 (50) 87 45.8 29.5 22.2 4.6 43.7 83.2
M4 (0) 83 25.4 10.4 18.9 7.2 63.5 78.5
M4 (25) 82 43.2 26.4 22.4 5.7 45.5 83.1
M4 (50) 79 48.5 36.7 14.3 6.8 42.2 83.6
M4 (100) 81 46.2 32.5 18.5 4.1 44.9 83.9
M4 (200) 79 49.9 35.9 18.6 5.1 40.5 84.4

Table 4.5: Scalability performance. The first line in each dataset section shows the
results when replacing T5-Base with T5-Large in the best-performing models (M2
for WG and M4 for ComVE). The other models for each dataset show the scalability
w.r.t. the number of NLEs for the child task (in brackets). The columns Yes, Weak
Yes, Weak No, and No present the percentages of NLE validity scores given by the
human annotators. Only correctly classified examples are included in these scores.
The best results are in bold. I do not bold the Weak Yes and Weak No, since it is
not clear that higher/lower is better.

results on ComVE suggest that this is transitory because the NLE score improves at
200 NLEs. This phenomenon may be due to the change from relying on the parent
task (few-shot transfer learning mode) to relying more on the child-task NLEs (multi-
shot learning mode). For ComVE, the drop in performance at 100 NLEs may also be
insignificant due to the small number of human-evaluated NLEs (≈80), and because
the BERTScore on the full test dataset does not register such a drop in performance.

Conclusion In this section, I explored the scalability of the best few-shot out-of-
domain transfer learning methods from Section 4.2 for NLE generation, both in terms
of data and model size. I showed that the best methods for WinoGrande and ComVE
scale similarly in data size, and that larger model sizes help with performance on the
more difficult WinoGrande dataset, but not as much on ComVE. I also observed a
temporary drop in performance with increasing the number of training NLEs likely
due to shifting from relying on the parent task NLEs to relying more on the child
task NLEs.
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4.4 Conclusion

In this chapter, I explored the few-shot out-of-domain transfer of NLEs in the label-
abundant setting. I showed that transfer learning in this setting can be achieved, as
evaluated by the gold-standard human evaluation. I introduced transfer and multi-
task learning methods for this setting and determined the best-performing methods.
I showed that the best method depends on the task at hand (hard cases of pronoun
resolution or commonsense validation), but that the few child-task NLEs should be
on a separate training regime. Furthermore, I explored the scalability of the best
methods in terms of data and model size, which I observed to be overall good. The
results indicate that increasing the number of training NLEs shifts the model from
relying on the NLEs of the parent task to relying on the NLEs of the child task.

In absolute terms, the best-performing models still achieve less-than-perfect NLE
scores, which shows that there is room for improvement in terms of NLE quality. Fur-
thermore, more powerful LMs may be needed for hard datasets such as WinoGrande,
where the task accuracy could hold back the NLE quality.
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Chapter 5

Predictive Coding for Language
Models

Biological plausibility is an important aspect of creating human-like language models
(LMs). In recent years, the predictive coding theory of the brain has been adapted
to multiple training algorithms for machine learning with desirable properties (Song
et al., 2020). These algorithms present a promising direction of research with bio-
logical plausibility (Song et al., 2020), theoretically faster training speeds with ana-
logue hardware (Song, 2021), support for more complex architectures (Salvatori et al.,
2022a), and more parameter-efficient models (Song, 2021). These characteristics can
enable future applications to challenging tasks such as hard cases of pronoun reso-
lution (Chapter 3) and producing high-quality NLEs (Chapter 4). In this chapter, I
explore the application of these new algorithms for training recurrent-neural-network-
based (RNN-based) LMs and for training transformer LM architectures such as BERT
(Devlin et al., 2019) and GPT (Radford et al., 2018). This chapter includes the
first application of biologically plausible predictive coding methods to training LMs
(Section 5.3), and the first application of predictive coding to transformer models
(Section 5.4). This chapter lays the groundwork for human-like LMs in terms of the
biological plausibility of their training method, by using methods inspired by the
predictive coding theory of the brain.

In Sections 5.3 and 5.6, I show how to apply predictive coding methods to train
LMs – I show what architectural modifications are beneficial (such as layer normalisa-
tion) and explore the choice of hyperparameter values. In Section 5.4, I explore what
energy function works best for predictive coding via the KL-modification (Pinchetti
et al., 2022), whereas in Section 5.5, I show what method works best for transformer
LMs, namely that PPC (Song, 2021; Salvatori et al., 2022b) is better than PC (Whit-
tington and Bogacz, 2017).
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I show that LMs trained with predictive coding (more specifically via PPC) can
perform on par with BP: in Section 5.3, I show that PPC outperforms BP for simple
RNN LMs, while in Sections 5.4 and 5.5, I show that PPC performs on par with
BP for small transformer LMs. Furthermore, I show how predictive coding scales in
terms of data and model size: in Section 5.3, I show that PPC scales similarly to BP
for simple RNN LMs, whereas in Section 5.6, I show that PPC scales overall worse
than BP for transformer LMs. However, the results in Sections 5.5 and 5.6 reveal
that the choice of transformer LM variant matters because PPC performs and scales
better with masked over conditional LMs.

The first part of this chapter (5.3) is based on my term paper titled Predictive
Coding for Language Models (2020). In it, I explore various ways to apply Parallel
Predictive Coding (PPC) (Song, 2021) to train RNN-based LMs. The main findings
are that PPC significantly outperforms backpropagation (BP) for RNN LMs when
trained on small datasets, with the gap between the two narrowing for large datasets.
On the other hand, PPC scales similarly to BP in terms of model size.

The second part of this chapter (5.4) is based on a work that I co-authored:
Predictive Coding Beyond Gaussian Distributions (Pinchetti et al., 2022) published
at the NeurIPS 2022 conference, more specifically section “4.3 Transformer Language
Models” in that paper. In this work, Pinchetti et al. (2022) diagnose and propose a
solution (the KL-modification) to the problem of having softmax functions in deep
neural networks when training via predictive coding. My specific contribution to this
work is in making transformer LMs work with the new KL-modification method. I
demonstrate that the KL-modified method performs better than the predictive coding
baseline, and is on par with BP in terms of performance for small transformer LMs.

The third part of this chapter (5.5) is based on a work that I co-authored: A Sta-
ble, Fast, and Fully Automatic Learning Algorithm for Predictive Coding Networks
(Salvatori et al., 2024) accepted at the ICLR 2024 conference, more specifically sec-
tion 5 “Language Model Experiments” in that paper. It proposes the iPC method
(named PPC in this thesis) as an improvement to the PC method (Whittington and
Bogacz, 2017) that is more biologically plausible and computationally efficient. My
contribution to this work is in implementing the method for transformer LMs and
expanding the experiments to include masked and conditional LMs, thus establishing
the best method to train transformer LMs. I demonstrate that the PPC method
outperforms PC for both conditional and masked LMs, both in terms of performance
and stability, and is on par with BP for small LMs.
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The fourth part of this chapter (5.6) is a follow-up to the previous two parts (5.4
and 5.5) that aims to answer questions about whether larger LMs and other LM
variants such as masked LMs can be trained effectively with predictive coding. I also
find some key hyperparameters and architectural choices that are most suitable for
predictive coding. The results show that in terms of longer training, PPC scales worse
than BP for both conditional and masked LMs, whereas in terms of model size, PPC
scales similarly to BP for masked LMs, but worse for conditional LMs. This means
that large LMs are still out of reach and that further improvements are needed to the
scalability of predictive coding methods.

5.1 Literature Review

In this literature review, I introduce predictive coding as a neuroscience theory, its
history (first works), backpropagation alternatives, and applications of predictive cod-
ing in machine learning. I also explore the literature on energy-based models, which
is closely related to predictive coding. Finally, I mention the methods and results
from existing literature that I use in my work, and the contribution of my work to
the field.

Predictive Coding Theory Predictive coding is a neuroscience theory of how the
brain works that states that the brain processes information by minimising prediction
errors. According to the theory, the brain operates with multiple levels of hierarchy,
where the neurons of each level predict the input from the level below and adjust
based on the error between prediction and input (Clark, 2013). Figure 5.1 illustrates
this.

Bayesian predictive coding incorporates Bayesian principles on belief updates into
the predictive coding theory (Knill and Pouget, 2004). In Bayesian predictive coding,
the usual assumption is that the prediction error distributions are Gaussian (Fris-
ton, 2005), although some works have generalised this to non-Gaussian distributions
(Pinchetti et al., 2022). Bayesian predictive coding is closely related to the free en-
ergy principle (Friston, 2010) because the latter is also based on Bayesian principles
and it also minimises the prediction error (surprise) about the observations under the
agent’s model of the world.
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Figure 5.1: Diagram of predictive coding in the brain. The brain updates based on
the mismatch between the representation units (R) and the error units (E) at each
level of abstraction. Credit: Stefanics et al. (2014).

First Works The term predictive coding was popularised and formalised by Srini-
vasan et al. (1982) who describe it as removing predictable components from the sig-
nal, to enable sensory neurons to focus on important (non-predictable) observations.
However, these predictive coding principles were implemented as early as the 1950s
with works by Harrison (1952) on decorrelation and linear prediction of television
signals and by Oliver (1952) who propose predictive-subtractive coding for quantising
(discretising) messages.

Rao and Ballard (1999) propose a hierarchical predictive coding architecture for
perception (computer vision), where lower-level neurons aggregate local information
and pass it to higher-level neurons, which capture more global information. They
show that their model identifies edges and contours of objects, which has been proven
to occur in the visual cortex, as well as other effects observed in the brain.

Friston (2005) proposes a Bayesian predictive coding framework that captures
several key aspects of brain organisation and function: it is hierarchical, it has forward
and backward connections with different roles, it has associative plasticity (where
connection strength is modified during learning), and responses to repeated stimuli
are suppressed. Friston (2005) draws a clear distinction between inference – “finding
the conditional expectation of the causes”, and learning – identifying “the maximum
likelihood value of the parameters”.

More detailed overviews of the history of predictive coding are provided by Sal-
vatori et al. (2023)and Millidge et al. (2021).
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Backpropagation Alternatives There have been many proposed alternatives to
backpropagation (BP): Difference Target Propagation (Lee et al., 2015), Online Alter-
nating Minimisation with Auxiliary Variables (Choromanska et al., 2019), Decoupled
Neural Interfaces using Synthetic Gradients (Jaderberg et al., 2017), Training Neural
Networks with Local Error Signals (Nøkland and Eidnes, 2019), Fully-Autonomous
Zero-Divergent Inference Learning (FaZIL) (Song et al., 2020), and many others.
Some training methods are introduced to address the biological implausibility of BP
(Song et al., 2020), whereas others focus on overcoming its computational limitations
(Huo et al., 2018). All training methods are evaluated in the computer vision domain.

Predictive Coding in Machine Learning The biologically-inspired predictive
coding (McClelland and Rumelhart, 1988) has been established as one of the most
promising alternatives to BP (Whittington and Bogacz, 2017; Boutin et al., 2019;
Millidge et al., 2020; Song et al., 2020; Song, 2021; Salvatori et al., 2022b). While
almost all predictive coding methods have been developed for computer vision, there
are very few methods for text generation (Oord et al., 2018; Pinchetti et al., 2022;
Millidge et al., 2023c; Li et al., 2023; Salvatori et al., 2024). This is likely because
sequence-to-sequence predictive coding models such as applications to RNNs (Millidge
et al., 2023c; Li et al., 2023) and transformers (Pinchetti et al., 2022; Salvatori et al.,
2024) lag in development to feed-forward architectures (Whittington and Bogacz,
2017; Song et al., 2020).

Whittington and Bogacz (2017) introduce a supervised predictive coding method
(denoted as PC) with local synaptic plasticity, i.e. weight updates are based on a local
learning rule without the need for global update such as backpropagation of errors.
In this method, for each batch of data, inference is done until convergence, followed
by a weight update. Whittington and Bogacz (2017) show that the PC method
can converge to BP under certain conditions. Salvatori et al. (2022a) demonstrate
that PC can be applied to neural networks with arbitrary structure given by graph
topologies. These include complex structures such as networks with loop connections
(connections that loop into themselves) and backward connections (the opposite of
skip connections). Such structures cannot exist for BP, but are enabled in predictive
coding by the existence of the time dimension via the inference steps. Millidge et al.
(2020) demonstrate that predictive coding approximates BP, while only relying on
local update rules, and demonstrate how predictive coding can be applied to any
neural architecture.
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Song et al. (2020) propose a predictive coding method (FaZIL) that enables fully
parallel training across neurons and layers. This method demonstrates that a biolog-
ically plausible training method can approximate BP, with minimum computational
overhead. (Song et al., 2020) also propose the Z-IL training method – a variation of
the PC method, where the weight update of layer l happens at t = l, instead of up-
dating together with all other layers at t = T . Salvatori et al. (2021) later prove that
Z-IL is equivalent to BP for convolutional and recurrent neural networks. (Salvatori
et al., 2022c) then further improve Z-IL to exactly replicate the parameter updates in
BP for arbitrary computational graphs, and with more biological plausibility than BP.
(Millidge et al., 2023b) prove theoretical results that deep predictive coding networks
"can, in theory, achieve the same generalization performance as BP, while maintain-
ing their unique advantages". Song et al. (2024) introduce prospective configuration
– a framework for interpreting energy-based predictive coding methods that follow
the inference-then-weight-update formula – e.g. PC (Whittington and Bogacz, 2017).
They show that such predictive coding networks are equivalent to energy machines.

Song (2021) and Salvatori et al. (2022b) propose the parallel predictive coding
method (PPC), which is also the method of choice in this thesis. PPC has a fully
local update rule, where inference and weight updates happen simultaneously, and
there is no need for a signal to switch between the two modes unlike PC (Whittington
and Bogacz, 2017). Salvatori et al. (2022b) show that PPC is much faster than PC
and is competitive to BP for small network architectures.

Pinchetti et al. (2022) conjecture that the softmax function, common in many NN
architectures, cannot be effectively captured by the standard Gaussian assumption in
predictive coding (Friston, 2005). They propose a modification, which I denote as the
KL-modification, which works for non-Gaussian distributions. Pinchetti et al. (2022)
show that the KL-modification improves the performance on several architectures and
tasks, and is particularly effective for transformer LMs, where the softmax function
is not only at the network output, but also at the self-attention mechanism in each
transformer block. These transformer experiments are included in Section 5.4 of this
thesis. Salvatori et al. (2024) follow-up on the work by Pinchetti et al. (2022) by
showing further progress on applying the PPC method to transformers (Section 5.5
in this thesis). They show that PPC outperforms PC (Whittington and Bogacz, 2017)
for small-scale conditional and masked transformer LMs, and is on par with BP.

Millidge et al. (2023c) show that RNNs can be natively implemented within the
predictive coding framework, and apply it for predicting noisy time series. Li et al.
(2023) also propose a predictive coding method for RNNs based on the mean-field
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dynamics of the model, and show improvement over the vanilla PC method in com-
puter vision and NLP tasks. Tang et al. (2023) propose the temporal predictive
coding (tPC) method, which efficiently memorises and retrieves large sequences, in a
similar way to how this is done in the brain.

Ororbia (2019) propose a predictive coding method for spiking neural networks
that uses a local synaptic update rule. They demonstrate promising results in image
classification and online learning with video input. Ororbia and Kifer (2022) propose
neural generative coding (NGC) – a generative implementation of predictive coding
with local update rules. They also experiment with adding skip connections directly
from the input, as well as recurrent connections (loops), both of which they show
to improve performance on computer vision tasks. Zahid et al. (2023) introduce the
Langevin Predictive Coding (LPC) generative method, which modifies the standard
predictive coding framework by introducing noise in the inference process and an
appropriate model initialisation. They show superior image generation results to
Variational Autoencoders (VAEs) (Kingma and Welling, 2014), with much faster
convergence.

Oord et al. (2018) propose the Contrastive Predictive Coding (CPC) method
which applies the predictive coding principle of predicting future observations to
unsupervised contrastive learning. The authors demonstrate the usefulness of CPC on
audio, image, and textual tasks, as well as for reinforcement learning. Unfortunately,
the CPC method is not biologically plausible because it does not have local update
rules.

Energy-Based Models Energy-based models such as predictive coding (Rao and
Ballard, 1999) and Hopfield networks (Hopfield, 1982) are models trained by minimis-
ing an energy function. Predictive coding (PC) is a type of energy-based method,
where an energy function is minimised between predicted states and actual states (x
and µ, respectively) (for more details see Section 5.2).

Millidge et al. (2023a) generalise the results by Millidge et al. (2020) and Song
et al. (2020) that show that energy-based predictive coding methods such as PC
(Whittington and Bogacz, 2017) and FaZIL (Song et al., 2020) approximate BP.
Millidge et al. (2023a) show that these models approximate BP under more general
conditions and that these conditions can, in turn, be used to derive new energy-based
alternatives to BP with desirable properties.

An energy-based architectural alternative to the transformer has been proposed
by Hoover et al. (2023) – The Energy Transformer, which “combines aspects of three
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promising paradigms in machine learning, namely, attention mechanism, energy-based
models, and associative memory”.

My Work Here, I list the insights and methods from existing literature that I use
in my work and I summarise the contribution of my work to the field.

I use two methods from existing works: the PC method Whittington and Bogacz
(2017) and the PPC method (Song, 2021; Salvatori et al., 2022b), both introduced
above in this Literature Review. Salvatori et al. (2022b) show that PPC is much
faster than PC and matches BP for small NNs, which is why the main method I
use is PPC. In this thesis, I use PC only to the extent that I compare PPC to it in
Section 5.5. In Section 5.5 (based on my contribution to our work (Salvatori et al.,
2024)), I show that for transformer-based LMs, PPC outperforms PC, and is more
stable and faster.

I also use the KL-modification by Pinchetti et al. (2022), which I show in Sec-
tion 5.4 (based on my contribution to our work (Pinchetti et al., 2022)) that it helps
for training transformer LMs, and is on par with BP for small LMs. My work in Sec-
tion 5.4 is also the first work on applying predictive coding for training transformer
LMs. In Section 5.3, I present (to the best of my knowledge) the first application of
a biologically plausible predictive coding method (PPC) to natural language process-
ing. I explore the best way to apply PPC and show successful training of RNN LMs.
I also show that PPC scales on par with BP and outperforms BP for simple RNN
LMs. On the other hand, in Section 5.6, I show that the PPC method scales worse
than BP for transformer LMs. I also show that PPC performs better for masked than
conditional LMs.

In summary, this thesis shows the first results on training LMs with predictive
coding methods and explores the best ways to implement them and their scalability.
This can unlock the practical application of these methods to training LMs.

5.2 Background

This is the background for understanding predictive coding and the methods used in
this thesis. In 5.2.1, I introduce the predictive coding methods used in this thesis. In
5.2.2 and 5.2.3, I go into detail on how predictive coding works.
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Figure 5.2: Top: PC; bottom: iPC (PPC). Credit: Salvatori et al. (2024).

5.2.1 Predictive Coding Methods

In this thesis, I use two predictive coding methods: PC (Whittington and Bogacz,
2017) and parallel predictive coding (PPC) (Song, 2021; Salvatori et al., 2022b). But
to understand these predictive coding methods, we need to define weight and inference
updates first. Inference update means updating the predictions of the node values at
the next time step (denoted as µ) by updating the input to the next layer (denoted as
x). Here, the time dimension is a consequence of the model looking at each batch T
subsequent times. On the other hand, weight update means updating the node states
by updating the underlying model weights.

Both in PC and PPC, there are multiple inference steps per batch, and their
number is usually denoted by T. Where PC and PPC differ is that while PC does one
weight update per batch (following all of the inference updates), PPC does T weight
updates – simultaneously with the inference updates. This is illustrated in Figure 5.2.

The simultaneous (parallel) weight and inference updates in PPC motivate the
notation parallel predictive coding introduced by Song (2021) which I use in this
thesis.

5.2.2 The Predictive Coding Architecture

PC and PPC both require architectural modifications in the form of predictive coding
layers (PC Layers). This is illustrated in Figure 5.3.

The PC Layer is a neural network layer used to define µ and x values for predictive
coding and to compute the energy function between them: E = (µ−x)2, where µ is the
output of the previous layer, and x is the input to the next layer. This is depicted in
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Figure 5.3: An illustration of the PC architecture in prediction (left) and training
(right) modes. The PC model is disconnected during training and the signal is prop-
agated only through the energy function (dotted lines) between nodes at successive
time steps t = 1, . . . , T . During prediction, the PC architecture is equivalent to its
BP counterpart.

Figure 5.3 as dotted lines. The PC Layers are used between other network layers, e.g.
after linear and before tanh activation: output = tanh(PCLayer(Linear(input))).
PC Layers are only enabled during model training and are disabled during model
evaluation by switching them to identity layers: PCLayer(x) = x, which allows for
generating predictions. This makes PC Layers similar to layers such as dropout used
for BP.

As visible from Figure 5.3, we need the number of inference steps T to be more or
equal to the number of PC Layers for the signal to propagate from input to output.
Figure 5.3 also shows that blocks can be executed in parallel at each time step.

5.2.3 Loss and Energy Functions

For PC and PPC, there are two types of errors that are optimized jointly: energy
error (E) and NN loss (L). The NN loss (L) is the usual (cross-entropy) loss between
the output of the final neuron(s) and the target value. The energy error (E) is the
average across all PC Layers of the squared error between predicted and true value:

E :=
1

#PC Layers

∑
l∈PC Layers

(µl − xl)
2 (5.1)

where x and µ are as defined above. The objective function is to minimize the total
loss Ltotal := E+L. Conceptually, the loss function (L) can also be considered a part
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of the energy function (E) as the energy at the PC Layer between the output and the
target of the NN.

During training, PPC updates jointly the weights (weight update) and the energy
parameters (inference step), T times per batch. PC, on the other hand, does T
inference steps, followed by one weight update step. During evaluation, the PC Layers
are disabled (replaced by the identity function) and the forward pass is thus equivalent
to the forward pass in the original NN.

The KL-modification Pinchetti et al. (2022) propose the KL-divergence modifi-
cation of the energy function of predictive coding methods. It computes the energy
error identically to the standard PC/PPC methods as an MSE error: E = (x− µ)2,
except when applied to the softmax function, where the formula changes to:

E = softmax(x) log

(
softmax(x)

softmax(µ) + 10−8
+ 10−8

)
(5.2)

If the PC layer is applied at the softmax at the output of a neural network, then
x is pinned to the 1-hot target so there is no need for softmax at x, and then Eq. 5.2
becomes:

E = x log

(
x

softmax(µ) + 10−8
+ 10−8

)
(5.3)

When x is the target vector, Equation 5.3 gives equivalent gradients to using cross-
entropy loss because the cross-entropy and the KL-divergence differ by a constant for
a constant target distribution (Pinchetti et al., 2022).
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5.3 Predictive Coding for RNN-Based Language Mo-
dels

This work is based on my term paper titled: Predictive Coding for Language Models
(2020). The term paper experiments were redone in this work.

This work is the first work that applies a biologically plausible predictive coding
method to train LMs. I use the Parallel Predictive Coding (PPC) (Song, 2021; Sal-
vatori et al., 2022b) training method which is a biologically plausible alternative to
BP, because it does not require a synchronization node and has local updates. Fur-
thermore, PPC has shown promising results on various tasks, with better data and
parameter efficiency than BP (Song, 2021; Salvatori et al., 2022b). In this work, I
make a fair comparison between BP and PPC on language modelling with recurrent
neural networks (RNNs). I explore ways to implement PPC, do a comprehensive hy-
perparameter search, and test PPC’s data and parameter scalability against BP. The
experiments show that PPC significantly outperforms BP on small datasets, but the
gap between the two narrows for larger datasets. On the other hand, the experiments
show similar parameter scalability between PPC and BP. These results show the first
indication that predictive coding methods can be an effective alternative to BP for
training LMs.

5.3.1 Introduction

Backpropagation (BP) has been established as the default and best method to train
deep learning models. And while BP has produced the best empirical results for
training large models (Brown et al., 2020; Shoeybi et al., 2020), there have been
doubts about its biological plausibility (Bengio et al., 2016; Whittington and Bogacz,
2017; Lillicrap et al., 2020), and its limited computation parallelizability (Huo et al.,
2018).

There have been many other proposed training methods aimed at addressing some
of these problems (Lee et al., 2015; Choromanska et al., 2019; Jaderberg et al., 2017;
Nøkland and Eidnes, 2019). Predictive coding training methods are one of the most
promising, with recent work by (Song et al., 2020) demonstrating good empirical
results and improved parallelizability. As an improvement to the method proposed
by Song et al. (2020), its authors have subsequently created the Parallel Predictive
Coding (PPC) training method (Song, 2021; Salvatori et al., 2022b), which is the
method of choice in this work.
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While LMs are the most widely used machine learning models for natural lan-
guage processing, evident by the existence of the research field of BERTology (Rogers
et al., 2020; Devlin et al., 2019), there has been no comparison in language mod-
elling between predictive coding methods (such as PPC) and BP. The problem with
such a comparison is that none of the state-of-the-art LMs (Devlin et al., 2019; Liu
et al., 2019b; Brown et al., 2020) has been adapted for PPC, whereas they have been
adapted for BP with “tricks” like dropout (Srivastava et al., 2014), batch normaliza-
tion (Ioffe and Szegedy, 2015) and layer normalization (Ba et al., 2016). Therefore,
we cannot make a fair comparison between a new approach such as PPC and a mature
approach such as BP by using any state-of-the-art LM architecture. In this work, I
aim to address this problem by using a simplified (RNN) LM architecture to com-
pare PPC and BP on an equal basis. I compare the performance and the data and
parameter scalability when training with PPC versus BP. Since PPC is a new train-
ing approach, I also study the correct ways to implement PPC and do an extensive
hyperparameter search to determine the importance of each hyperparameter choice
for the performance of LMs.

5.3.2 Related Works

There are several closely related works to this one: (Whittington and Bogacz, 2017;
Song, 2021; Salvatori et al., 2022b), as well as these two more recent works: (Pinchetti
et al., 2022; Millidge et al., 2023c).

Whittington and Bogacz (2017) introduce a supervised predictive coding method
which I refer to as PC in this thesis. PC works by minimising an MSE energy
function, where for each batch, the inference is done until convergence, followed by a
single weight update (see Section 5.2).

Song (2021) and Salvatori et al. (2022b) introduce the parallel predictive coding
(PPC) method used in this work. Unlike PC, PPC uses only local computations
without the need for a global signal. Furthermore, PPC updates the model weights
at each inference step, rather than only at the end of the inference, which makes it
more efficient.

Pinchetti et al. (2022) present the KL-modification for PPC (Song, 2021) that
deals with problems created by the softmax function, and they show significantly
better performance on a variety of architectures and tasks. In practice, the KL-
modification is equivalent to using cross-entropy loss for NNs with only one softmax
function (at the output) (see Section 5.2.3), which is what I use in this work.
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Millidge et al. (2023c) show that RNNs can be implemented natively for predictive
coding, which can lead to improved performance for noisy time series. This work is
much more recent than the term paper comprising this chapter, so I only mention it
as a future direction of research.

There is only one work prior to my work that applies a predictive coding-inspired
method to natural language – the work by (Oord et al., 2018). However, as discussed
in Section 5.1, their method is only partially based on predictive coding and is not
biologically plausible because it does not have local update rules.

5.3.3 Method

The main comparison in this work is between two training methods: PPC (a predic-
tive coding method), and backpropagation (BP). I have selected PPC (Song, 2021;
Salvatori et al., 2022b) as the training method over PC (Whittington and Bogacz,
2017) because it is more biologically plausible and because Song (2021) and Salvatori
et al. (2022b) have shown it outperforms PC for small NNs. Instead of using trans-
formers (Vaswani et al., 2017), which is a BP-optimized architecture, I use vanilla
RNNs which would provide a more fair comparison for PPC vs BP.

RNNs suffer in terms of efficiency due to their recurrence, where an unrolled RNN
forms a sequence of identical layers. The use of PPC can, in theory, counter the lack
of parallelisability of RNNs across their sequence length because PPC only uses local
computations (see Section 5.2). Unfortunately, the PPC codebase (and ML libraries
such as PyTorch) that I use does not support the parallelisation across layers needed
to test this, hence I do not report training times and other computation metrics.

Model Choice For fairness of comparison, I use a simple architecture: RNN, with-
out any of the modifications and tricks that have been developed with BP in mind.
This is because no architecture has been optimized for PPC yet. More specifically,
I use a uni-directional multi-layer RNN with a vanilla RNN cell and with a stan-
dard choice of a tanh activation function for the cell. The RNN cell is defined as:
si = tanh(Linear([si−1, xi])), where si are the hidden states, and xi are the inputs.
For more details on (RNN) LMs, see Section 2.1.2.

I do not use LSTM cells because they were introduced to help BP with long-term
dependencies, by storing relevant information in the memory cell, and by maintaining
a memory channel through the unrolled RNN (Hochreiter and Schmidhuber, 1997).
Also, I do not use dropout since it is a BP-specific model modification.
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PPC details There are several important choices for implementing and training
with PPC: the PC Layer placement and output clipping, the loss function, the number
of training steps per batch (T ), and the inference learning rate (lrinference).

PC Layers: In PPC, predictive coding layers (PC Layers) can be placed at any
neural connection (see Section 5.2.2). I am going to evaluate the two most sensible
choices of PC Layer placement: either before or after all activation functions. Addi-
tionally, if choosing to place PC Layers before activations, one can consider clipping
the PC Layer output to fit in the range of possible output values of the activation
function (e.g. for tanh this is [−1, 1]).

Loss function: In language modelling it is commonplace to use the cross-entropy
loss between output and targets. There can be a potential issue for PPC since in
the total loss, the cross-entropy loss is added to the energy error, which is a mean-
squared error (MSE) loss (see Section 5.2.3 for details). Song (2021); Salvatori et al.
(2022b) have suggested using the MSE loss with PPC for classification, but in lan-
guage modelling, cross-entropy loss optimises directly for perplexity (eloss), which is
why I choose cross-entropy loss for both PPC and BP.

Training steps per batch: PPC works by doing multiple (T ) training steps per
batch, in succession (see Section 5.2). This poses the question of what the appropriate
values for T are, and whether PPC can benefit from large batch sizes, which will be
addressed in the Experiments section (5.3.4).

Inference updates: In addition to the usual weight update (w-update), PPC also
simultaneously does inference update (x-update) (see Section 5.2 for more details).
This introduces the inference learning rate lrinference hyperparameter in addition to
the usual weight learning rate lrweights. This raises the question of the appropriate
values for lrinference, which will be addressed in the Experiments section (5.3.4).

BP details As a baseline, I use backpropagation (BP), as formalized by Rumelhart
et al. (1988). Unlike PPC, BP has a global update rule, where the error is propagated
backwards layer-by-layer. This limits the parallelizability and introduces issues with
synchronization when splitting across large computational resources (Shoeybi et al.,
2020).

I do a full hyperparameter search for BP, which includes the learning rate (lr) and
the batch size (bs).

Comparison I will compare BP and PPC in terms of data scalability, by varying
the training data size, and in terms of parameter scalability by varying the number
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of layers and the hidden size of the model. Salvatori et al. (2022b) show good results
with PPC for small data sizes, but LMs require vast amounts of training data, so my
experiments will determine if PPC scales well for large datasets.

Tokenizer and Vocabulary I use the SentencePiece tokenizer1 with byte-pair-
encoding (BPE) (Sennrich et al., 2016) subword units implementation from torchtext2.
I choose SentencePiece over WordPiece (Wu et al., 2016) since the latter is not publicly
available, and since SentencePiece has more features (listed in their repository). I
select this tokenization method because it is a good middle ground between character
and word embeddings, which combines the expressivity of word embeddings and the
computation efficiency of character embeddings. The tokenizer was trained on a part
of the training data, with a vocabulary size of 8,000.

Default Hyperparameter Values I use the following default hyperparameters
for all experiments (unless otherwise stated): the hidden size, the intermediate size
and the token embedding size are all equal to 128; the number of RNN layers is 2;
the input sequence length is equal to 12 (including <sos> and <eos> tokens).

Dataset I use the 1 Billion Word Benchmark (1BW) (Chelba et al., 2013), which
can be found on their official website3. I randomly split a validation (dev) set of size
10,000 from the training part of the 1BW dataset. Out of the rest of the training
dataset, I subsample six subsets: train-S, train-M, train-L, train-XL, train-2XL, and
train-3XL of sizes: 100,000; 200,000; 400,000; 800,000; 1.6M; and 3.2M respectively.
The test dataset is provided, of size 306,688. The default dataset used as training
data in the experiments is train-M (200K examples).

Training All models are trained on two epochs of the training dataset. The op-
timiser of choice for BP is AdamW (Loshchilov and Hutter, 2017). For PPC, I use
AdamW for weight updates and Stochastic Gradient Descent (SGD) for inference
updates, which I choose based on initial experiments.

1 https://github.com/google/sentencepiece
2https://pytorch.org/text/
3http://www.statmt.org/lm-benchmark/
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Evaluation All results are reported in terms of perplexity. The hyperparameter
search results are reported on the dev set, whereas the data and parameter scalability
experiments are reported on the test set. All models are evaluated on sequences up
to 10 – same as for training.

5.3.4 Experiments

In total, I run three experiments. The first experiment is designed to find the best
hyperparameters for PPC, which has new hyperparameters that are not present for
BP. The last two experiments are focused on comparing the performance between the
two training methods, by looking at data and parameter scalability.

For each experiment, I do a grid search over the specified hyperparameter choices
and values. Due to the combinatorial explosion and the computational constraints,
for each experiment, I choose strategically the hyperparameters to be searched over,
with their sets of values. The hyperparameter search for PPC is split into two grid
searches (in two parts) for this exact reason.

I run two statistical significance tests across the seeds for all experiments that
use multiple seeds (3 seeds): the two-sample t-test and the paired-samples t-test,
and I report both one-tailed and two-tailed p-values. I deduce statistical significance
based on the worst (highest) p-value obtained across these tests, with a significance
threshold of 0.05. The full list of p-values is available in Table D.1 in Appendix D.

PPC: hyperparameter choice In this experiment, I investigate the following hy-
perparameter choices: the PC Layer location (before or after activation functions),
the use of output clipping for PC Layers, the batch size, the number of inference steps
(T ), the inference learning rate (lrinference), and the weight learning rate (lrweight).
Due to the large number of hyperparameters, this experiment is split into two parts.
In the first part, I determine the best batch size, the best PC Layer placement and
whether to use PC Layer output clipping. In the second part, given these hyperpa-
rameter values, I find the best values for T and the energy and weight learning rates.
For each of the two parts, I do a single grid search over the following hyperparameters
and ranges:

Batch size: For the first part of the hyperparameter search, I choose a range of
batch sizes: {64, 128, 256}. For the second part of the hyperparameter search, I fix
the best value of the batch size.

PC Layer placement: For the first part of the hyperparameter search, I try two
options for the PC Layer placement, with all PC Layers either before or after all
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activation functions of the RNN model. I also try PC Layer output clipping for the
after-activation case. For the second part of the hyperparameter search, I fix the best
options from the first part.

Learning rates: Initial experiments with a limited hyperparameter search and by
searching over the values lrinference ∈ {0.25, 0.5, 1.0} suggest that lrinference = 0.5 per-
forms best, which I will use as the default value in the first part of the hyperparameter
search. In the second part of the hyperparameter search, I confirm the best choice of
lrinference by searching over the values {0.25, 0.5, 1.0}. For the weight learning rate
lrweight, I do a geometric search with factor 2 over the range [2.5× 10−5, 4× 10−4], for
both parts of the hyperparameter search.

Training Steps Per Batch (T): I choose the minimum value for the number of
training steps per batch (T) based on the number of layers l and the maximum
sequence length (s) as follows: Tmin = l + s − 2 = 2 + 12 − 2 = 12. This makes
sure that the error has propagated through the entire computation graph of the
RNN model. In practice, larger values than 12 are better, and for both parts of the
hyperparameter search, I search for T ∈ {15, 13, . . . , 30}.

PC Layer output clipping: In the case when the PC Layer is after an activation
function, one may choose to clip its output to the range of the output of the acti-
vation function, so that there is no discrepancy between the training and evaluation
behaviour of PPC. I do this in the first part of the hyperparameter search, and only
when the PC Layers are chosen to be immediately after the activation functions.

BP: hyperparameter ranges For BP, I do a grid search over the batch size and
the learning rate over the values below.

Batch Size: selected from: {32, 64, 128, 256, 512}.
Learning Rate: selected via geometric search with factor 2 over the interval: [6.25×

10−6, 6.4× 10−3].

Data scalability In this experiment, I compare PPC and BP when training on
each of the six datasets: train-S, train-M, train-L, train-XL, train-2XL, train-3XL.
This will serve three purposes: first, how the performance scales with data size;
second, whether the gap between BP and PPC widens or shrinks as the training data
increases, and third, to test whether PPC approximates BP for large dataset sizes. To
account for seed-wise variation, for the smaller dataset sizes (S-XL), I run all models
with 3 seeds, and for the larger dataset sizes (2XL, 3XL), I only run 1 seed due to
the computational constraints.
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Batch size 64 128 256 512 1024
Perplexity 261.7 249.7 237.6 236.1 238.6

Table 5.1: Best perplexity for each value of the batch size. The aggregation
is minimum across the values for the other three hyperparameters: T ∈ [15, 30],
lrweight ∈ [4 × 10−4, 8 × 10−4, . . . , 64 × 10−4], and PC Layer placement (before/after
activation/after activation clipped). The best value is in bold.

Parameter scalability In this experiment, I train models with different numbers of
parameters, to compare the parameter scalability of PPC and BP. I vary the number
of layers and the hidden size of the model, as follows: the hidden size in: {64, 128,
256}, while using 2 layers; and the number of layers is either 1, 2, or 3, while the
hidden size is 128. For training data, I use the default training dataset – train-M. I
run all models on 3 seeds to account for the per-seed variability of results.

5.3.5 Results

These are the hyperparameter search experiments for PPC, followed by the data and
parameter scalability experiments for PPC and BP.

PPC Hyperparameters First I search over the batch size PC Layer placement
and using PC Layer output clipping. With those best values, I then search over the
values of T , lrinference, and lrweight.

First part of hyperparameter search
The results in Table 5.1 suggest that PPC favours large batch sizes (512) versus BP

which I find to perform best with a batch size of around 64. The results in Table 5.2
also show that PPC favours the PC Layer location of before activation rather than
after activation functions (236.1 vs 250 ppl). This can be explained by the issue with
PC Layers potentially producing state values x that are outside of the output range
(-1, 1) of the tanh activation function. While output clipping is initially appealing
for fixing this issue, it seems to lead to significantly worse performance (250 vs 590.1
ppl), which can be explained by the fact that output clipping deletes information
about values outside of the target interval (-1, 1).

In summary, the best hyperparameters from the first part of the hyperparameter
search are: batch size of 512, PC Layer placement immediately before all activation
functions, and not using PC Layer output clipping. I fix these values for the second
part of the hyperparameter search.

Second part of hyperparameter search
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PC Layer place before after after and clipped
Perplexity 236.1 250.0 590.1

Table 5.2: Best perplexity for each PC Layer placement: before activation, after
activation, and after activation with output clipping. The aggregation is minimum
across the values for the other three hyperparameters: T ∈ [15, 30], lrweight ∈ [4 ×
10−4, 8× 10−4, . . . , 64× 10−4], and batch size (64, 128, . . . , 1024). The best value is
in bold.

Inference lr 0.25 0.5 1.0
Perplexity 248.2 236.1 1165.5

Table 5.3: Best perplexity for each inference learning rate value: 0.25, 0.5, and 1.0.
The aggregation is minimum across the values for the other two hyperparameters:
T ∈ [15, 30], and lrweight ∈ [4 × 10−4, 8 × 10−4, . . . , 64 × 10−4]. The best value is in
bold.

With the hyperparameter values from the first part, I find the best values for
T, the weight learning rate and the energy learning rate. The results in Table 5.3
show that the best value of lrinference is 0.5. While I have observed that lrinference

is stable across multiple scenarios, I opt to leave T and lrweight to be searched over
in subsequent experiments, because their best values can depend on the network and
data size.

Conclusion of hyperparameter search
In summary, I have identified the best hyperparameter values for PPC as follows:

batch size of 512, PC Layer placement immediately before all activation functions,
energy learning rate of 0.5, and no PC Layer output clipping. I fix these hyperpa-
rameters in the data scalability and parameter scalability experiments, which saves
computational resources.

Data Scalability The data scalability results of PPC and BP in Table 5.4 show
that PPC outperforms BP across all training data sizes (100,000, 200,000, 400,000,

Method train-S train-M train-L train-XL train-2XL train-3XL
PPC 279.7* 238.8* 203.7* 184.5* 167.2 154.9
BP 360.9 288.0 248.3 206.4 176.2 163.1

Table 5.4: Data scalability of the PPC vs BP training methods: (test) perplexity,
lower is better. The dataset size doubles from S to M to . . . to 3XL. Numbers are the
average of 3 seeds for train-S to train-XL, and 1 seed for train-2XL and train-3XL.
The best values are in bold; * denotes the statistically significant best results.
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Training method h=64 h=128 h=256
PPC 262.2* 238.8* 226.4*
BP 329.0 288.0 267.9

Table 5.5: Parameter scalability of the PPC vs BP training methods: (test) per-
plexity for hidden sizes (64, 128, 256), lower is better. Numbers are the average of 3
seeds. The best values are in bold; * denotes the statistically significant best results.

Training method 1 layer 2 layers 3 layers
PPC 204.2* 238.8* 362.6
BP 242.2 288.0 371.5

Table 5.6: Parameter scalability of the PPC vs BP training methods: (test) perplex-
ity for the number of layers (1, 2, 3), lower is better. Numbers are the average of 3
seeds. The best values are in bold; * denotes the statistically significant best results.

. . . , 3.2M examples, respectively). While both PPC and BP improve the performance
when increasing the data size, the gap narrows as the data size increases. However,
the gap remains in favour of PPC even when using 16 times more data (train-3XL)
than the original training dataset (train-M). This is a promising sign for using PPC
for training LMs for practical applications where large datasets are the norm.

Parameter Scalability I explore the model’s parameter scalability in terms of
hidden size and in terms of number of layers.

The results in Table 5.5 show that both PPC and BP scale well in terms of hidden
size, from 64 to 128 to 256, but that PPC outperforms BP across the hidden sizes. The
results in Table 5.6 show that both PPC and BP scale poorly in terms of number of
layers, from 1 to 2 to 3. This suggests that the RNN model itself has layer scalability
issues, most likely due to the simplified RNN architecture used (see Section 5.3.3).

Overall, PPC and BP scale similarly in terms of the number of model parameters,
but PPC outperforms BP across the board for small datasets (200k examples in the
train-M dataset).

All comparisons of PPC vs BP that use multiple seeds (3 seeds) are statistically
significant with p < 0.05, apart from the 3-layer comparison. However, for 3 layers,
both PPC and BP perform poorly, so statistical significance is less important.

5.3.6 Conclusion

In this work, I have explored how to implement the PPC (Song, 2021; Salvatori et al.,
2022b) predictive coding method for recurrent neural network language models (RNN
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LMs), and how it compares against backpropagation (BP). I have concluded that the
placement of the predictive coding layers (PC Layers) affects the performance of the
RNN LMs. I have also determined some key hyperparameters that work the best
for PPC in this setting, and have compared the best configuration of PPC to BP. I
have shown that PPC significantly outperforms BP for small data sizes, with a gap
remaining even at large data sizes. I have also observed similar scalability between
PPC and BP in terms of model size. These results may unlock the application of
predictive coding methods as an effective alternative to BP for training LMs.

However, this work is focused on simple RNNs where the PPC and BP methods
can be compared on equal footing. Further improvements to the PPC method and
PPC-specific network architectural improvements may be needed to use the PPC
method for training SOTA large LMs. Future works can also explore the applica-
tions of PPC to more complex architectures such as transformers, which I do in my
subsequent work in Sections 5.4, 5.5, and 5.6.
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5.4 Predictive Coding beyond Gaussian Distributi-
ons

This section is based on my contribution to the paper by Pinchetti et al. (2022)
published at the NeurIPS 2022 conference, which is section “4.3 Transformer Lan-
guage Models” in that paper, where I demonstrate that the newly-introduced KL-
modification can be successfully applied to transformer LMs.

5.4.1 Introduction

Biologically plausible predictive coding methods such as PC (Whittington and Bo-
gacz, 2017) and PPC (Song, 2021) have shown impressive performance for small
feed-forward and convolutional NNs in the computer vision domain. However, more
complex and recent architectures such as transformers (Vaswani et al., 2017) for lan-
guage generation are missing in all existing4 predictive coding works. This is most
likely because previous methods such as PC and PPC fail to achieve good perfor-
mance with transformers, which I confirm in this work. To address this problem,
Pinchetti et al. (2022) introduce a modification (the KL-modification) of the PC and
PPC methods via the “KL-divergence between the expected and actual distributions”
in the predictive coding framework.

In this work, I conjecture that the softmax functions, both in the self-attention
and at the model output (Equations 5.4 and 5.7), are the components of the trans-
former architecture that interfere with the original PC and PPC methods. I show
that the KL-modification when applied to those softmax functions yields substan-
tially better and more stable language generation performance, which is on par with
backpropagation (BP) for a small transformer LM architecture. This method can
unlock the application of predictive coding to transformer LMs.

5.4.2 Method

In this section, I present the model architecture, the predictive coding training details,
and the training and evaluation procedures.

Architecture The LM architecture I use is based on the GPT-1 (Radford et al.,
2018) transformer conditional LM. The choice of a conditional LM is because condi-

4before the work by Pinchetti et al. (2022) which this is based on
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model with L transformer blocks.
Figure 5.4: Diagram of a transformer

tional LMs are trained for next-token prediction which makes them most suitable for
natural language generation, which is the focus of this work.

The choice of GPT-1 is because it is a fairly simple architecture so it is easier
to work with and to interpret the results, while still using the basic transformer
architecture which is the basis of SOTA LMs. SOTA LMs like GPT-4 (OpenAI,
2023) are still largely based on the GPT-1 decoder-only conditional transformer LM
architecture, with small, iterative architectural improvements from GPT-1 (Radford
et al., 2018) to GPT-2 (Radford et al., 2019), GPT-3 (Brown et al., 2020), and GPT-4
(OpenAI, 2023). Therefore, it is likely that the main conclusions of this work are still
valid for SOTA LM architecture variants. However, the predictive coding methods
used in this work do not scale well to large complex architectures yet, as evidenced by
the Additional Experiments (Section 5.6). Therefore, more advances to the predictive
coding methods need to be done before my work and insights can be applied to SOTA
large LMs.

The transformer architecture (Figure 5.4) that I use can be summarised mathe-
matically as follows: let the input sequence of vocabulary tokens be x1, x2, . . . , xn.
Let the vocabulary size be m, and let the vector Xi be the 1-hot encoding of xi in the
vocabulary space. The model then converts the input matrix X := [X1, X2, . . . , Xn] to
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token embeddings via a trainable embedding matrix Mm×e where e is the embedding
dimension (e = h, the hidden size), as follows: En×e := Xn×mMm×e. This is followed
by adding a trainable positional embedding matrix Pos128×e: E

(2)
n×e := En×e+Posn×e,

where 128 is the maximum sequence length supported by the model. Positional em-
beddings are required because the transformer shares all other parameters across the
input dimension n. Layer normalisation (Ba et al., 2016) is applied to the resulting
embeddings: E(3)

n×e := LayerNorm(E
(2)
n×e). Layer normalisation stabilises the training

by normalising each neuron in a given layer by the values of all neurons in that layer.
After the embedding, the transformer architecture has a number of transformer

blocks. Each block consists of a self-attention module, followed by a feed-forward
neural network (FNN) module. The self-attention module applies self-attention across
the input sequence dimension. Each input (query) attends over the input sequence via
keys and obtains as output a weighted average of the values of those keys w.r.t. their
attention weights. To do this, first, the input In×h is transformed into queries, keys,
and values, via trainable matrices Qh×h, Kh×h, and Vh×h, respectively. The attention
scores are obtained by multiplying together the queries and keys, and dividing by
a normalising constant: AttnScoresn×n := In×hQh×h(In×hKh×h)

T/
√
h. To enforce

the conditional LM, an attention mask Mn×n is added to AttnScoresn×n, defined as:
Mi,j = 0 if j ≤ i and Mi,j = −∞ if j > i. The attention scores are transformed to
attention weights via a softmax function applied across the second dimension:

AttnWeightsn×n := Softmaxdim=2(AttnScoresn×n +Mn×n) (5.4)

The softmax causes the “−∞” values of the attention mask to yield zero attention
weights, thus preventing tokens from attending to future positions in the sequence (for
conditional language modelling). The attention output is then the weighted average
of the values matrix V

(2)
n×h := In×hVh×h w.r.t. the attention weights: AttnOutn×h :=

AttnWeightsn×nV
(2)
n×h. Multi-head attention works similarly, but the attention hidden

dimension h is split into several heads of dimension h′ that independently apply self-
attention, and the final results AttnOutn×h′ get summed together. Finally, a linear
transformation is applied to the attention output:
AttnOut

(2)
n×h := Linearh×h(AttnOutn×h), followed by skip-connection, and layer nor-

malisation: AttnOut
(3)
n×h := LayerNorm(AttnOut

(2)
n×h + In×h). The skip-connection

and layer normalisation serve to speed up and stabilise the training.
The FNN module following the self-attention module consists of a linear transfor-

mation followed by Tanh activation and another linear layer:

FNNOutn×h := Linearh×h(Tanh(Linearh×h(AttnOut
(3)
n×h))) (5.5)
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The output is then obtained by applying a skip-connection and layer normalisation:

FNNOut
(2)
n×h := LayerNorm(FNNOutn×h + AttnOut

(3)
n×h)

The transformer blocks are followed by a LM prediction head. It consists of a
single-layer neural network with Tanh activation:

Hn×h := Tanh(Linearh×h(FNNOut
(2)
n×h)) (5.6)

followed by layer normalisation, projection to the vocabulary size dimension (v), and
softmax over the vocabulary dimension to obtain probabilities over the vocabulary:

HOutn×v := Softmaxdim=2(Linearh×v(Layernorm(Hn×h))) (5.7)

HOutn×v is the final output of the transformer model, which is trained to predict
the target tokens expressed as 1-hot vocabulary vectors.

Predictive Coding Training Having a softmax activation function is problem-
atic for predictive coding, because the usual Gaussian assumption (Friston, 2005)
does not hold because softmax introduces neuron inter-dependence which breaks the
usual independence assumption. The KL-modification by Pinchetti et al. (2022) aims
to solve the problem of having softmax activation functions and does this by only
modifying the energy function for softmax activation, as described in Background
Chapter 5.2. In this work, I compare using the KL-modification versus not using it,
and I consider two predictive coding methods to apply it to: PC (Whittington and
Bogacz, 2017) and PPC (Song, 2021; Salvatori et al., 2022b). PC works by multiple
inference updates per batch, followed by a single weight update, whereas PPC does
multiple updates per batch: one per inference step. For more details, see Section 5.2.

Training with predictive coding requires strategic placement of PC Layers (see
Section 5.2) inside the LM architecture. These layers are only used during train-
ing and are disabled during prediction, where the original LM architecture is used.
Initial experiments suggest that PC Layer placement does not significantly affect
performance, whether it is before or after activation.

In this work, the PC Layers are located after each activation function – tanh or
softmax, including the softmax at the network output, by modifying equations 5.4,
5.5, 5.6, and 5.7 appropriately. The only exception is for the KL-modification, where
the energy function takes into consideration the values of x and µ before softmax, but
still applies softmax to them. See Background Section 5.2 for more details.

98



Training and Evaluation The training objective for the conditional LM is next-
token prediction. The input sequence is formed by tokenising a piece of text, cutting
it to fit the context length, and adding a start-of-sentence token (sos), and an end-
of-sentence token (eos) around it: Input = [x1 = <sos>, x2 = w1, x3 = w2, . . . xn−1 =

wn−2, xn = <eos>]. The target sequence is given by the input sequence shifted one
position to the left, so that each token in the input is at the same position as the
following sentence token is in the output: Target = [x1 = w1, x2 = w2, . . . xn−1 =

wn−1, xn = <eos>]. The attention mask (Equation 5.4) together with this input and
target format ensures that the training objective is conditional language modelling
(i.e. predictions are only based on past tokens).

The training data is generated from the commonly-used One Billion Word Bench-
mark (Chelba et al., 2013), where each data point is a sentence. The training dataset
of size 200, 000 and the dev datasets of size 10, 000 are disjoint randomly sampled
subsets of the original training dataset. The test dataset is the original test dataset
of the 1B Word Benchmark.

The vocabulary of size 8001 is automatically generated from a portion of the
training text data via byte-pair-encoding with the SentencePiece tokenizer (Kudo and
Richardson, 2018). The resulting tokens are sub-words, but most of them are multi-
character. This allows for a balance between the semantic expressiveness of multi-
character tokens, and the computational feasibility given by the limited vocabulary
size.

The context size of the model is chosen to be 32 tokens, which equates to an input
size of 34 including the <sos> and <eos> tokens. This allows for full sentences to
be encoded in the input while limiting the model’s computational requirements.

The training procedure does not involve early stopping because early stopping
works poorly when the training curve is irregular. This is a particular problem for
some predictive coding models, e.g. Figure 5.5. Instead, I run the full training while
evaluating the model at regular intervals and saving the best model for test evalua-
tion. The model’s performance is measured as per-token perplexity (denoted ppl) as
described in Section 2.1.2.

Both for BP and for PCF , I update the model weights via the AdamW (Loshchilov
and Hutter, 2019) optimiser with the default (0.01) weight decay. For PCF , inference
(x-update) (see Section 5.2) is done via stochastic gradient descent (SGD).
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Figure 5.5: Irregular training curve. Model: transformer masked LM, 2-transformer-
block, 1-head, trained via PC with the KL-modification.

5.4.3 Experiments and Results

For each model, I compare the three training methods: BP , PCF , and PCFKL
for

training a transformer LM. I run a hyperparameter search for each training method,
select the best models, compare their training curves and their test performance, and
show qualitative examples of model predictions.

Experimental Setup In the final results, I report three training methods: BP ,
PCF (PC without KL), and PCFKL

(PPC with KL). This choice is informed by initial
experiments that suggest that PC outperforms PPC for the model in the non-KL case
(582.2 vs 1086 ppl), whereas, PPC outperforms PC for the KL case (177.1 vs 208.6
ppl).

The three training methods are compared for training the transformer LM de-
scribed in Section 5.4.2, with model dimensions: one transformer block, one head,
and a hidden size of 128. All models are trained on two epochs with a batch size of
8. The hyperparameters being tuned are as follows: the weight learning rate lrweight

for BP , PCF and PCFKL
, the inference learning rate lrinference for PCF and PCFKL

,
and the number of update steps per batch T for PCF and PCFKL

. The best hyperpa-
rameters are selected via grid search over the ranges listed in Appendix E. The ranges
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Training Method Test Perplexity

BP 162.64 ± 0.76

175.90 ± 1.74

590.08 ± 12.60

Figure 5.6: Left: Comparison of LMs trained with BP , PCF and PCFKL
, as shown

by dev perplexity. Right: Test perplexity achieved by the various training methods
for transformer LMs. Average (±σ) of 10 seeds.

are selected so that the best hyperparameter combination is always in the interior of
the ranges. After selecting the best hyperparameters, each model is trained with 9
additional seeds. Additional training details are provided in Appendix E.

Quantitative Results Figure 5.6 shows that PCFKL
significantly outperforms

PCF in terms of test perplexity (175.9 vs 590.1), while having a more stable training
curve (Figure 5.6 (Left)). I believe that this large gap in performance is because the
softmax is not only in the output layer, but also in the attention mechanism of the
transformer model. Furthermore, PCFKL

is more stable than PCF across seeds, with
1.74 vs 12.6 standard deviation. The performance of PCFKL

is close to that of BP

(175.9 vs 162.4) and both training curves look stable.

Qualitative Results Table 5.7 shows example sentence completions given by BP ,
PCF , and PCFKL

along with the probabilities assigned to each prediction. The
sentences were selected subjectively from the test dataset based on how interesting
they are, and cut right before a subjectively interesting word to be predicted.

Table 5.7 shows that the LMs trained by BP and PCFKL
do not differ significantly

on the test set. In some cases, the predictions given by PCFKL
are closer to the

ground truth, e.g., for “Yet the bank and its executives are still ready to support
specific Democratic [candidates]”, PCFKL

predicts “leaders” and “candidates” as top-
2 choices. All models show failure in commonsense reasoning, e.g., for “I’ve been
dreaming about this since I was a [child]” they fail to assign “child” with > 1%

probability, which shows the limitations of small LMs.
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Input sentence BP PCF PCFKL

Yet the bank and its executives are
still ready to support specific
Democratic [candidates]

leaders (7.5) . (1.0) leaders (12.1)
Party (7.2) , (1.0) candidates (7.3)

candidates (3.8) and (0.6) presidential (4.8)

GMAC started out offering car [loans] and (2.2) , (5.3) sales (4.4)
sales (1.7) and (3.1) products (2.3)

, (1.7) in (2.5) services (2.0)

I’ve been dreaming about this since
I was a [child]

great (1.6) lot (1.1) " (1.9)
" (1.5) good (1.1) good (1.2)

good (1.2) very (0.9) year (1.1)
Here is a breakdown of the seven
taxes and fees that have been
[collected]

a (2.3) a (4.7) a (4.3)
to (2.0) the (2.3) to (2.6)
in (1.9) in (1.3) the (2.4)

Under the plan, Iceland will reimburse
the [money]

first (1.9) best (1.7) first (1.9)
world (1.0) first (1.6) same (1.2)
same (0.8) most (0.7) world (1.2)

Aniston and Pitt were still married
when Pitt and Jolie made the 2005
[film]

, (2.3) , (23.0) . (10.2)
. (1.9) and (5.6) , (10.0)

World (1.6) . (5.1) and (3.9)

Table 5.7: Top predictions of each model for completing a number of sentences.
The ground-truth completion is given in [brackets]; the model prediction format is:
<word> (<probability %>).

5.4.4 Conclusion

In this work, I implemented the KL predictive coding modification by (Pinchetti
et al., 2022) to transformer LMs. I showed that using the KL-modification improves
performance for predictive coding methods (PC and PPC (Whittington and Bogacz,
2017; Song, 2021)), and leads to greater training and seed-wise stability. Furthermore,
I showed that predictive coding with the KL-modification performs similarly to BP for
training small LMs. Future work can explore the scalability of this approach to larger
LMs and more data (done in Section 5.6), as well as develop further improvements
to the method.

5.5 A Stable, Fast, and Fully Automatic Learning
Algorithm for Predictive Coding Networks

This section is based on my contribution to the work by Salvatori et al. (2024) accepted
at the ICLR 2024 conference, namely, section 5 “Language Model Experiments”. Sal-
vatori et al. (2024) introduce the incremental predictive coding (iPC) method, which I
refer to in this thesis as parallel predictive coding (PPC). My contribution is to apply
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PPC to both conditional and masked LMs and to compare it against the PC (Whit-
tington and Bogacz, 2017) predictive coding method and backpropagation (BP).

5.5.1 Introduction

The predictive coding theory of the brain offers promising directions for developing
biologically plausible machine learning methods. One such method is Parallel Pre-
dictive Coding (PPC) – first proposed by Song (2021) as an improvement to the PC
(Whittington and Bogacz, 2017) predictive coding method that is more efficient, bi-
ologically plausible and performs better on computer vision tasks (Salvatori et al.,
2022b). In Section 5.4 (based on my work in (Pinchetti et al., 2022)) I showed how
to apply PPC to transformers. However, I did not directly compare PPC to PC on
transformer LMs. Furthermore, in my previous work (Pinchetti et al., 2022) I only
consider single-block transformers, and only of the conditional LM type, which limits
the scope of my conclusions.

In this work, I compare PPC and PC on both masked and conditional trans-
former LMs. Furthermore, I consider two-block rather than one-block models, which
is a more practical transformer configuration. This is because using multiple trans-
former blocks (2-3) usually improves performance greatly while fitting within modest
compute budgets (Kaplan et al., 2020). I show that PPC vastly outperforms PC both
on masked and conditional LMs, and performs similarly to BP.

5.5.2 Method

Model A recent work has shown that it is possible to introduce a small modification
to the training algorithm of PC to improve its performance on small LMs (Pinchetti
et al., 2022), which I use in this work. Here, I test the performance of PC, PPC,
and BP on models based on the GPT-1 (Radford et al., 2018) and BERT (Devlin
et al., 2019) decoder-only transformer LM architectures. The GPT-1-based model is
a conditional LM trained on next-token-prediction, following Radford et al. (2018),
while the BERT-based model is a masked LM trained to reconstruct randomly masked
tokens from the input, following Devlin et al. (2019). The GPT-1-based model is
identical to the conditional LM architecture used by Pinchetti et al. (2022) and in the
Additional Experiments (Section 5.6), whereas the BERT-based model is equivalent
to removing GPT-1’s triangular attention mask (Equation 5.4 in Section 5.4.2) so
that the model can use bidirectional context as in BERT (Devlin et al., 2019).
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Training Details The training and dev datasets are generated by randomly sam-
pling, respectively, 200, 000 and 10, 000 instances from the One Billion Word Bench-
mark (Chelba et al., 2013). The test dataset is the original test dataset of the 1B
Word Benchmark. For both models, I use two transformer blocks with one head and
a hidden size of 128. The input length of the model is restricted to 32 tokens. The
vocabulary is obtained via byte-pair-encoding with 8001 tokens, generated via the
SentencePiece tokenizer (Kudo and Richardson, 2018).

For PC and PPC, I use the FKL modification (Pinchetti et al., 2022), which
replaces the Gaussian distribution for the layers with softmax activation with a non-
Gaussian distribution. Initial experiments confirm that this helps both PC and PPC
for both LMs. Initial experiments with the masked LMs also suggest that PC and
PPC benefit from disabling the layer normalization (Ba et al., 2016) found in BERT,
but BP does not. Therefore, for the masked LM, I assume layer normalization for
BP only. For the conditional LMs, I observe that PPC and BP benefit from layer
normalization, but PC does not. I further explore layer normalisation for PPC in
Section 5.6.2.

I train each model on 16 epochs of the training dataset. I do early stopping every
100 ∗ 128/batch_size batches. For PPC, and PC, I have observed that a batch size
of 128 works best, so I assume it throughout the experiments.

Based on early experiments, I assume the parameter (weight) optimizer to be
AdamW (Loshchilov and Hutter, 2019), and the inference optimizer to be Stochastic
Gradient Descent (SGD). I denote the parameter (weight) learning rate as lr, and
the inference learning rate as lrinference.

For PC, I also use an inference learning rate discount (between 0 and 1), which I
use to multiply the learning rate by if the energy has not improved. I have observed
that this can increase the performance and decrease the optimal T (the number of
updates per batch), hence speeding up the training. I use 0.9 for the discount value,
which I have found works best. For PPC, I assume the lrinference value to be 0.5,
as suggested by my initial experiments. I do grid searches over the hyperparameter
ranges listed in Appendix F.

5.5.3 Experiments and Results

Experimental Setup I compare the BP, PC and PPC training methods on both
masked and conditional LMs. Here, PC and PPC are shorthand notations for the
methods I refer to PCKL and PPCKL in Sections 5.4 and 5.6 because I use the
KL-modification by Pinchetti et al. (2022), which they showed to improve results.
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Figure 5.7: Dev perplexity during training of the best performing masked LMs. All
three training methods are displayed: BP, PC and PPC (iPC).

For each model, I select the best hyperparameters via grid search, after which I
run each model on 9 additional seeds for a total of 10 seeds. This allows us to compare
the expected perplexity (ppl) performance and see the performance variation across
seeds. I also use a convergence threshold to discard those models that do not converge.
For PPC and BP, I define the convergence threshold at 200 test perplexity, and for
PC I define it at 800. For complete per-seed results, see Appendix F.

Model BP PC PPC

Perplexity #Conv Perplexity #Conv Perplexity #Conv

MLM 120.02 ± 13.19 7 523.08 ± 12.3 3 106.19 ± 10.54 10
CLM 113.32 ± 0.36 10 206.34 ± 6.46 10 142.54 ± 4.23 7

Table 5.8: Perplexity of the three compared methods on 10 random seeds, for both
the masked (MLM) and conditional (CLM) language models, with the number of
seeds that each model converged with.

Results The results in Table 5.8 show that PPC significantly outperforms PC in
both masked (MLM) and conditional (CLM) language models. For masked LMs,
PPC also exhibits a much better convergence, with all 10 seeds converging, whereas
PC has only 3 converging seeds. The poor performance of PC is due to its poor
training stability, as evident by Figure 5.7, where we can also see that the training
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curves of PPC and BP are similar. In fact, PPC performs similarly to BP in terms
of test perplexity, with PPC performing better than BP on masked LMs with 106 vs.
120 ppl (where all 10 runs converged), and worse on conditional LMs with 113 vs.
143 ppl (where 3 runs have not converged). However, for masked LMs, BP exhibits
worse convergence than PPC, with only 7 out of 10 seeds converging, and 3 seeds
having perplexity of 350 or more. This means that the best hyperparameters for
PPC are more stable across seeds than those for BP. On the other hand, if I focus
on the original seed with a full hyperparameter search for both models I observe that
BP outperforms PPC with 83.6 vs 94 test perplexity. This can be seen in Figure 5.7,
where BP outperforms PPC in the second half of the training.

Further to its poor performance, the PC method is more computationally inten-
sive than PPC because of two main reasons. First, for PC, there are multiple (T)
inference steps needed for each weight update step, which adds a significant amount of
computation when compared to PPC (with 1 inference step per weight update). The
second reason is that PC requires a more extensive hyperparameter search because
the best lrinference value is not clear (e.g. I got 0.03125 for MLM and 0.0078125 for
CLM) as it is unclear how many inference steps are needed before the weight update
(e.g. I got 8 for MLM and 10 for CLM). In contrast, PPC uses 1-step inference in
conjunction with each weight update, and, in practice, the best lrinference value for
PPCKL seems to be 0.5, as confirmed in Section 5.6 Additional Experiments.

5.5.4 Conclusion

The experiments performed on masked and conditional transformer LMs show that
PPC is significantly better than PC in terms of both performance and stability, ob-
taining results that are overall similar to those of BP. PPC is also a more compu-
tationally efficient method than PC by requiring only one inference step per weight
update step and can benefit from a faster hyperparameter search. In summary, I have
found that the PPC method is better-performing, more stable and faster than PC for
training transformer-based LMs.

5.6 Additional Experiments

This section is a follow-up to Chapters 5.4 and 5.5. In Chapter 5.4 (and (Pinchetti
et al., 2022)), I show that using the KL-divergence modification for parallel predictive
coding (PPCKL) outperforms the standard parallel predictive coding method (PPC)
for transformer LMs. Furthermore, in Chapter 5.5, I show that the PPC (PPCKL)
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method significantly outperforms PC (PCKL) for both conditional and masked LMs.
In this section, I present additional experiments that aim to determine whether this
promising training method PPCKL can outperform backpropagation (BP) for train-
ing transformer LMs across two architectures, with new hyperparameter choices, and
whether it can scale well. More specifically, I also consider a masked transformer
LM architecture (BERT) (Devlin et al., 2019) in addition to the GPT-1 (Radford
et al., 2018) conditional transformer LM architecture used by Pinchetti et al. (2022).
Furthermore, I investigate the effects of previously untested hyperparameters such
as batch size and layer normalisation, and scalability to larger models and longer
training. The scalability to larger models is both in terms of model depth via more
transformer blocks, and model width via larger hidden size and more transformer
self-attention heads.

These experiments provide a more complete understanding of the performance of
the PPCKL method when compared to BP. The results show the benefits of larger
batch sizes, the importance of choosing whether or not to use layer normalisation,
and how PPCKL scales versus BP to larger transformer LMs and with more training.

5.6.1 Method

The method used in this section is parallel predictive coding with the KL-divergence
modification, as detailed in Section 5.4.2. Unless otherwise specified, all implementa-
tion details match those described in Section 5.4.2.

In this section, I use both masked and conditional LM variants. The conditional
LM (CLM) is based on the GPT-1 (Radford et al., 2018) transformer architecture
(detailed in Section 5.4.2 and depicted in Figure 5.4), whereas the masked LM (MLM)
is based on BERT, and is obtained by removing the conditional attention mask from
the CLM. This means that Equation 5.4:

AttnWeightsn×n := Softmaxdim=2(AttnScoresn×n +Mn×n)

simplifies as:

AttnWeightsn×n := Softmaxdim=2(AttnScoresn×n) (5.8)

The two models differ in their training objectives – the training objective of the CLM
is next-token-prediction, whereas the MLM is based on the masking training objective
of BERT. The masking training objective is given by reconstructing randomly masked
tokens in a sentence. The particular procedure follows BERT (Devlin et al., 2019),
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where 15% of the sentence tokens are randomly selected, and then replaced randomly
as follows: 80% chance of <mask>, 10% chance of random token, and 10% chance
of being unchanged. The target sequence is the same length as the input sequence,
but it replaces all non-<mask> tokens with <mask>, and all <mask> tokens with
the original tokens that were masked. Hence, predicting the target is equivalent to
reconstructing the masked tokens in the input. Finally, the input and target sequences
are prepended by an <sos> token and appended by an <eos> token.

The model’s training data, input size (34), vocabulary and optimiser (AdamW)
are the same as in Section 5.4.2. The loss function L is the cross-entropy loss between
the output (as described in Section 5.4.2) and the target which depends on whether
the LM is masked or conditional (see Section 2.1.2).

Layer normalisation is used by default, as described in Section 5.4.2, but it is
unclear if it should be used when training via PPC. I will explore this in the hyper-
parameter experiments in Section 5.6.2 below.

5.6.2 Experiments and Results

There are several limitations of my work on conditional LMs (Pinchetti et al., 2022)
which these experiments aim to address. I classify these limitations into three cate-
gories: 1) extended hyperparameter search, 2) other LM variants, and 3) scalability
of the method.

The need for extended hyperparameter search comes from the assumption of the
batch size being 8 (Pinchetti et al., 2022). In this section, I will explore the effect
of larger batch sizes on the performance of the models. Another consideration is
whether the default inclusion of layer normalisation (Ba et al., 2016) should be kept
for predictive coding. Layer normalisation could be problematic because it introduces
inter-dependencies across the input similar to the softmax function, which Pinchetti
et al. (2022) have shown to need special modifications for predictive coding.

All hyperparameter search is done both for the conditional LM used by Pinchetti
et al. (2022), and for the corresponding masked LM (Devlin et al., 2019). This allows
for comparison between the two models in the context of predictive coding.

Finally, exploring the scalability is necessary because Pinchetti et al. (2022) use
a transformer model with only one transformer block and one head, trained on only
two epochs. Here I explore larger models with longer training times to see how the
predictive coding method would scale versus BP.
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Experimental Setup Here I give additional details about the experiments and
models being used.

For the expanded hyperparameter search experiments, I search over the weight
learning rate and the inference learning rate (as in Section 5.4), but also the batch size
and the inclusion of layer normalisation (yes or no). Here I assume two transformer
blocks and five training epochs unless specified otherwise. This is an increase from
one transformer block and two training epochs in my previous work (Pinchetti et al.,
2022) (see Section 5.4) because it also serves to inform the subsequent scalability
experiments.

Following the expanded hyperparameter search and commentary, I run scalabil-
ity experiments by assuming the best batch size and layer normalisation from the
previous experiments, and by searching over the other hyperparameters. The only
exception to this is the experiments with longer training times which is many times
more computationally demanding. For that experiment, I assume the best hyperpa-
rameters from the experiments with fewer epochs. For all scalability experiments,
I assume two transformer blocks, one attention head, a hidden size of 128 and five
training epochs unless specified otherwise. I run 3 seeds for each parameter scalability
experiment, to account for per-seed variations.

Initial results suggest that the transformer models by (Pinchetti et al., 2022) are
under-trained when training on 5 instead of 2 epochs for 1-transformer-block condi-
tional LM trained with PPCKL vs BP, with the original batch size of 8. There is a
significant improvement in performance from 165.1 ppl to 138 ppl, which highlights
the need to use more training epochs. Five training epochs are still within my compu-
tational budget, so I am going to use 5 training epochs as default in all experiments.
Similarly, I choose to use two instead of one transformer block by default, which also
fits within the computational budget. This has the benefit of producing results that
are more relevant for real-world scenarios where larger models are commonly used.

All hyperparameter search is done via grid search with wide enough hyperparam-
eter ranges.

For PPCKL, the hyperparameter search is over four hyperparameters: weight
learning rate (lrweights), inference learning rate (lrinference), number of inference steps
(T), and batch size. Unless otherwise specified, I search over the following values
for lrinference: {0.25, 0.5, 1.0}. The hyperparameter ranges for lrweights and batch size
depend on the experiment, but are always a geometric progression with a ratio of 2.
The hyperparameter range for T depends on the experiment but is always a range of
consecutive positive numbers.
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For BP, the hyperparameter search is over two hyperparameters: the learning
rate (lr) and the batch size. For each experiment and variable, the range of values is
always a geometric progression with a ratio of 2.

Hyperparameter Search Results These experiments explore the effects of larger
batch sizes and the disabling of layer normalisation in transformers trained with
PPCKL. The default model depth is two transformer blocks, but I additionally do a
wide hyperparameter search across batch size values for models with one transformer
block. This is followed by a more precise hyperparameter search for models with two
transformer blocks.

Figure 5.8: Results across batch sizes for 1-transformer-block conditional LM trained
with PPCKL (with layernorm) vs BP (with layernorm) on 5 epochs.

Larger batch sizes for conditional LMs: This experiment explores a wide range of
batch sizes between 8 and 512, for training 1-transformer-block conditional LMs on
5 epochs with PPCKL vs BP. Figure 5.8 illustrates the need for larger batch sizes
than the batch size of 8 used by Pinchetti et al. (2022). The best results show similar
performance between PPCKL and BP, with 139.2 vs 135.5 ppl, but only when the
batch size is 128 for PPCKL. Comparing the curves across the batch sizes, the BP
curve is flatter, whereas the PPCKL achieves its significantly best results with a batch
size of 128. This highlights the need for PPCKL to do a hyperparameter search for
the batch size around 128, which I explore in the layer normalisation experiments.
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Figure 5.9: Results across batch sizes for 1-transformer-block masked LM trained
with PPCKL (with layernorm) vs BP (with layernorm) on 5 epochs.

Larger batch sizes for masked LMs: This experiment explores a wide range of
batch sizes between 8 and 512, for training 1-transformer-block masked LMs on 5
epochs with PPCKL vs BP. The results in Figure 5.9 show that larger (than 8) batch
sizes shrink the difference between PPCKL and BP. In the best batch size values,
PPCKL and BP perform similarly, with 273.5 vs 274.0 ppl. Here, the best batch
sizes for PPCKL are 64 and 128, while other batch sizes produce much worse results.
In contrast, BP appears more stable across the batch size choice, with only small
differences between batch size values of 16, 32, 64 and 128. I will investigate below
to confirm if 128 is the best value for PPCKL in the layer normalisation experiments
below.

LayerNorm investigation for conditional LMs: This experiment explores Layer-
Norm vs no-LayerNorm for conditional LM (2-transformer-block), trained with batch
sizes of 64, 128, and 256, on 5 epochs. The results in Table 5.9 show that layer nor-
malisation helps for both PPCKL and BP, with 153.8 vs 179.6 ppl and 131.9 vs 142.4
ppl, respectively. The results on BP are expected because LayerNorm was developed
to improve performance for BP (Ba et al., 2016). Here, the best results for PPCKL

are obtained with a batch size of 128, which matches the best batch size value from
the “larger batch sizes” experiment.
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LayerNorm No LayerNorm
PPCKL 153.8 179.6

BP 131.9 142.4

Table 5.9: Model: 2-transformer-block conditional LM, trained with 64, 128, and
256 batch sizes, on 5 epochs. Comparison between LayerNorm and No LayerNorm
for PPCKL and BP in terms of perplexity (lower is better). Note: BP uses a full
hyperparameter search with more batch sizes.

LayerNorm investigation for masked LMs: This experiment explores LayerNorm
vs no-LayerNorm for masked LM (2-transformer-block), trained with batch size =
64, 128 and 256, on 5 epochs. The results in Table 5.10 show that for PPCKL, no
LayerNorm is better than using LayerNorm, with 119.4 vs 278.5 ppl. In contrast,
for BP, using LayerNorm is better than not using it, with 145.6 vs 251.7 ppl. This
is expected because LayerNorm was developed to improve performance for BP (Ba
et al., 2016). Surprisingly, the best PPCKL model outperforms the best BP model
with 119.4 vs 145.6 ppl. I explore whether these PPCKL results scale with larger
models and additional training time in the “Scalability Results” paragraphs below.
Similarly to the conditional LM experiment, the best results for PPCKL are obtained
with a batch size of 128.

LayerNorm No LayerNorm
PPCKL 278.5 119.4

BP 145.6 251.7

Table 5.10: Model: 2-transformer-block masked LM, trained with 64, 128 and 256
batch sizes, on 5 epochs. Comparison between LayerNorm and No LayerNorm for
PPCKL and BP in terms of perplexity (lower is better). Note: BP uses a full hyper-
parameter search with more batch sizes.

The best batch size value for PPCKL is 128, both for masked and conditional
LMs, regardless of whether one uses LayerNorm or no-LayerNorm. This repeats the
conclusion of the batch sizes experiments, but also extends it to two transformer
blocks instead of only one. Therefore, in subsequent experiments, I can and will
assume a batch size of 128 for PPCKL. This partially compensates for the computa-
tional increase in PPCKL versus BP introduced by the additional hyperparameters
of inference learning rate (lrinference) and number of inference steps (T ).

Furthermore, the hyperparameter search experiments also confirm that the best
value for lrinference is 0.5. This is because all experiments have considered the values
0.25, 0.5 and 1.0, and the best performance of PPCKL is achieved for 0.5 for all of
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them. The subsequent experiments still explore all three values of lrinference, but they
also confirm that 0.5 is the best one. Therefore, lrinference = 0.5 can be assumed in
situations where computational resources are limited.

Conclusion of experiments In summary, I have established the best values for the
training batch size (128) and whether to use LayerNorm when training conditional
and masked LMs with PPCKL. LayerNorm improves the performance for conditional
LMs, but not for masked LMs, which informs the LayerNorm choice for the scalability
experiments that follow. Additionally, the best value for the inference learning rate
(lrinference) in these experiments is 0.5, which can help in experiments with longer
training times. In terms of performance, PPCKL and BP are similar, with BP be-
ing better for conditional LMs, whereas PPCKL is better for masked LMs. The
performance is further examined in the scalability experiments below.

Scalability Results: Larger Models Here, I present the results of the experi-
ments with multiple transformer blocks, with increased hidden size, and with multiple
attention heads, for both masked and conditional LMs. These experiments aim to test
how the PPCKL method scales against BP for larger transformer models. I assume
the best batch size and layer normalisation choice from the hyperparameter search,
to save computational resources.

Multi-transformer-block experiments for conditional LMs: The results in Table 5.11
show that BP outperforms PPCKL across all model depths (1, 2, and 3 transformer
blocks). Furthermore, the performance of PPCKL does not scale well with multi-
ple transformer blocks as it decreases from 140.3 to 153.8 to 167.4 ppl. In contrast,
BP improves in performance from 135.6 to 131.7 to 131.4 ppl, respectively. This
means that additional modifications to the PPCKL training method may be needed
to improve the scaling of conditional LM performance with model depth.

1-block 2-block 3-block
PPCKL 140.3 153.8 167.4

BP 135.6 131.7 131.4

Table 5.11: Multi-transformer-block experiment for conditional LMs. Model: one-
head conditional LM, with 128 hidden size, trained on five epochs. Comparison
between PPCKL and BP in terms of perplexity (lower is better). The results are the
average of 3 seeds.

Multi-transformer-block experiments for masked LMs: The results in Table 5.12
show that PPCKL and BP are similar in performance for masked LMs with 1, 2 and
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3 transformer blocks, and both scale well in terms of depth (number of transformer
blocks).

1-block 2-block 3-block
PPCKL 286.6 150.4 140.7

BP 277.1 144.7 138.5

Table 5.12: Multi-transformer-block experiment for masked LMs. Model: one-
head masked LM, with 128 hidden size, trained on five epochs. Comparison between
PPCKL and BP in terms of perplexity (lower is better). The results are the average
of 3 seeds.

Increased hidden size for conditional LMs: The results in Table 5.13 show that
both PPCKL and BP improve with increasing the hidden size (h=128 to h=256) for
conditional LMs, from 153.8 to 143.4 ppl, and from 131.7 to 120.0 ppl. Unfortunately,
PPCKL is significantly worse than BP for all considered hidden sizes, and the gap in
performance remains when increasing the hidden size.

h=128 h=256
PPCKL 153.8 143.4

BP 131.7 120.0

Table 5.13: Experiment: increased hidden size (128 and 256) for conditional LM.
Model: two-block, one-head conditional LM, trained on five epochs. Comparison
between PPCKL and BP in terms of perplexity (lower is better). The results are the
average of 3 seeds.

Increased hidden size for masked LMs: The results in Table 5.14 show that PPCKL

outperforms BP across hidden sizes (h=128 and h=256) for masked LMs. Unfortu-
nately, both PPCKL and BP struggle to make significant improvements in perfor-
mance from 128 to 256 hidden size. The performance of PPCKL and BP degrades
with increasing the hidden size, with 154 vs 156.3 ppl, and 144.7 vs 155.5 ppl, respec-
tively. This could mean that for the transformer only some combinations of hidden
size, number of heads and number of transformer blocks are optimal for scaling the
model size.

Multi-head experiments for conditional LMs: The results in Table 5.15 show that
BP outperforms PPCKL for both 1 and 2-attention-head models. The performance
of BP improves with the number of heads, from 131.7 to 116.5 ppl for 1 and 2
heads, respectively, which is expected from the higher capacity of the larger model.
Unfortunately, the performance of PPCKL does not improve from 1 to 2 attention
heads, with 153.8 and 154.1 ppl, respectively. This repeats the negative conclusions
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h=128 h=256
PPCKL 150.4 156.3

BP 144.7 155.5

Table 5.14: Experiment: increased hidden size (128 and 256) for masked LM.
Model: two-block, one-head masked LM, trained on five epochs. Comparison be-
tween PPCKL and BP in terms of perplexity (lower is better). The results are the
average of 3 seeds.

from other conditional LM scalability experiments and suggests that the PPCKL

method may need additional adaptations for conditional LM scalability.

1-head 2-head
PPCKL 153.8 154.1

BP 131.7 116.5

Table 5.15: Experiment: multiple attention heads (1 vs 2) for conditional LMs.
Model: two-transformer-block conditional LM, with 128 hidden size, trained on five
epochs. Comparison between PPCKL and BP in terms of perplexity (lower is better).
The results are the average of 3 seeds.

Multi-head experiments for masked LMs: Table 5.16 shows that BP slightly out-
performs PPCKL for both 1 and 2 attention heads. Both PPCKL and BP improve
in performance from 1 to 2 attention heads: from 150.4 to 123.3 ppl, and from 144.7
to 119.7 ppl, respectively. This shows that for PPCKL masked LMs scale better than
conditional LMs in terms of the number of attention heads.

1-head 2-head
PPCKL 150.4 123.3

BP 144.7 119.7

Table 5.16: Experiment: multiple attention heads (1 vs 2) for masked LMs. Model:
two-transformer-block masked LM, with 128 hidden size, trained on five epochs. Com-
parison between PPCKL and BP in terms of perplexity (lower is better). The results
are the average of 3 seeds.

Conclusion of experiments In summary, PPCKL scales similarly to BP for masked
LMs, but worse for conditional LMs. This means that additional modifications to the
PPCKL training method may be needed to achieve better scalability for conditional
LMs. Overall, PPCKL performs similarly to BP in the masked LM experiments,
but it underperforms BP in the conditional LM experiments. This together with the
scalability conclusions means that PPCKL does not work well for conditional LMs.
This can be explained by interference between the conditional attention mask and
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the PC layer located at the softmax function directly after the mask. Unfortunately,
this cannot be fixed by moving the PC layers elsewhere because PPCKL functions
differently from PPC only if the PC layers are used at the softmax function (Pinchetti
et al., 2022), and because initial experiments suggest that PPC (non-KL) does not
perform well for transformers regardless of PC layer placement. Future research can
look into other ways to solve the performance problem of PPCKL for conditional
LMs.

Scalability Results: Longer Training Here I present the results of the exper-
iments with a larger number of training epochs, for both masked and conditional
LMs. These experiments aim to determine whether the PPCKL method scales well
versus BP with longer training. These results are obtained via focused hyperparam-
eter searches around the best hyperparameters for 2-transformer-block 1-head LMs
trained on 5 epochs in the hyperparameter search experiments above.

Longer training for conditional LMs: The results in Table 5.17 show that BP
outperforms PPCKL both with 5 and 60 training epochs. Both PPCKL and BP
improve with more epochs, but the effect for BP is more significant, with 131.7 to
106.2 (19.4% improvement) ppl, versus 153.8 to 136.4 (11.3% improvement) ppl for
PPCKL. The graphs in Figure 5.10 show that BP produces much better results than
PPCKL throughout all 60 epochs. This means that further improvements may be
needed to the PPCKL method for training conditional LMs.

5 epochs 60 epochs
PPCKL 153.8 136.4

BP 131.7 106.2

Table 5.17: Experiment: longer training for conditional LMs. Model: two-
transformer-block, one-head conditional LM, trained on 5 vs 60 epochs. Comparison
between PPCKL and BP in terms of perplexity (lower is better). The results are the
average of 3 seeds for 5 epochs and 1 seed for 60 epochs.

Longer training for masked LMs: The results in Table 5.18 show that PPCKL

outperforms BP for both 5 and 60 training epochs. Both methods improve signifi-
cantly in performance from 5 to 60 epochs, with 55.5% improvement for PPCKL and
64.1% improvement for BP. These performance improvements are larger than those
for the conditional LM (above), which may be because the masked LM is an optimised
architecture (BERT), whereas the conditional LM is a derivative of the masked LM
obtained via a conditional LM mask, hence not necessarily optimised. The graphs in
Figure 5.11 show that the results of PPCKL diverge from those of BP when trained
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Figure 5.10: Experiment: longer training for conditional LMs. Model: two-
transformer-block one-head conditional LM, trained on 60 epochs. Comparison be-
tween PPCKL and BP in terms of perplexity (lower is better).

on up to 60 epochs. Further improvements to the PPCKL method may be needed to
improve the training performance and stabilise the training in order to scale to longer
training.

5 epochs 60 epochs
PPCKL 150.4 67.0

BP 144.7 52.0

Table 5.18: Experiment: longer training for masked LMs. Model: two-transformer-
block, one-head masked LM, trained on 5 vs 60 epochs. Comparison between PPCKL

and BP in terms of perplexity (lower is better). The results are the average of 3 seeds
for 5 epochs and 1 seed for 60 epochs.

Figure 5.11 also shows that during training PPCKL exhibits unstable behaviour
beyond 35 epochs, with spikes above 500 perplexity. To investigate this phenomenon,
I ran the same training configuration with three additional seeds. The results in
Figure 5.12 show that the other seeds are much more stable during training, with
fewer spikes and one seed having no spikes at all. Also, all seeds continue improving
throughout the training and perform similarly, with 70.3, 65.8, and 67.6 ppl, respec-
tively, versus 67.0 ppl for the original seed. This means the spiking phenomenon is
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Figure 5.11: Experiment: longer training for masked LMs. Model: two-transformer-
block one-head Masked LM, trained on 60 epochs. Comparison between PPCKL and
BP in terms of perplexity (lower is better).

less pronounced on average and does not affect the training process or outcome.
Conclusion of experiments In summary, training on 60 epochs highlights the prob-

lems of PPCKL with scalability. BP scales better with more epochs than PPCKL

and performs better with 60 training epochs, both for conditional and masked LMs.
The results also confirm the conclusions of the other scalability experiments, namely,
that PPCKL performs better against BP for masked LMs, than for conditional LMs.

5.6.3 Conclusion

In this work, I studied the scalability of the best predictive coding method (PPCKL)
for training conditional and masked transformer LMs, as determined by Sections 5.4
and 5.5. I showed that the PPCKL method is more suitable for training masked
transformer LMs like BERT (Devlin et al., 2019) than conditional transformer LMs
like GPT (Radford et al., 2018). I compared PPCKL to backpropagation (BP) when
using more transformer blocks, more attention heads, a larger hidden size, or more
training epochs. The model scalability results showed that PPCKL scales similarly
to BP for masked LMs, but worse for conditional LMs. On the other hand, the data
scalability results showed that both LM variants scale worse for PPCKL than for
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Figure 5.12: Experiment: three additional seeds for masked LMs. Model: two-
transformer-block one-head Masked LM, trained on 60 epochs.

BP. Further improvements to the PPCKL method may be needed to ensure better
scalability, on par with BP.

The results also highlighted that the choice of some hyperparameters for PPCKL

is stable across experiments. These hyperparameters include the batch size, the in-
ference learning rate, and the choice of layer normalisation. These choices can save
valuable computational resources when using PPCKL for training transformer LMs.

5.7 Conclusion

In this chapter, I explored training LMs by using alternative methods to BP which are
more biologically plausible. These methods are based on the predictive coding theory
of the brain and rely only on local computations, like the brain. I showed the first-
ever results of applying biologically plausible predictive coding methods for training
LMs, for both RNN and transformer architectures. I showed how to implement pre-
dictive coding for those architectures, what key hyperparameters and what predictive
coding methods work best for them. In particular, I showed that predictive coding
methods with the KL-modification (Pinchetti et al., 2022) significantly outperform
the standard predictive coding methods for training transformer LMs. Furthermore,
when using the KL-modification, the PPC method outperforms PC for transformer
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LMs. When compared to BP, I showed that PPC is significantly better for simple
RNN LMs, whereas PPC matches the performance of BP for small transformer LMs.
Unfortunately, the data and model scalability results showed that PPC has poor scal-
ability when compared to BP for transformer LMs, especially for conditional LMs.
However, for simple RNN architectures, PPC scales similarly to BP with model and
data size.

Future work can look into ways to improve the scalability of PPC and other predic-
tive coding methods for complex architectures. Furthermore, future work can intro-
duce architectures optimised for predictive coding, similar to Millidge et al. (2023c).
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Chapter 6

Conclusion

In this thesis, I have made research contributions to the question of producing LMs
that are more human-like in three important aspects. First, to understand natural
language, by doing commonsense reasoning on the task of hard cases of pronoun res-
olution; second, to explain their decisions in natural language (producing NLEs) on
commonsense reasoning tasks; and third, to be trained via more biologically plausible
methods based on the predictive coding theory of the brain. These methods may be
the future of deep learning beyond backpropagation by being more biologically plau-
sible and performing better via specialised neuromorphic hardware (Millidge et al.,
2022).

6.1 Main Contributions

The main contributions of this thesis are split into three chapters: 3. Hard Cases of
Pronoun Resolution, 4. Transfer Learning of Natural Language Explanations, and 5.
Predictive Coding for Language Models.

Hard Cases of Pronoun Resolution I have presented two important contribu-
tions to solving hard cases of pronoun resolution. My first work is based on my
proof-of-concept work that inspired two influential works by Kocijan et al. (2019b,a).
In the proof-of-concept work, I have constructed synthetic pronoun resolution datasets
from available text corpora and have used them to train LMs to resolve pronouns on
the Winograd Schema Challenge (WSC) (Levesque et al., 2012) dataset. In addition,
I have presented improvements to the model selection procedure and the loss function
for training conditional LMs for pronoun resolution. I have shown that my best model
matches the state-of-the-art at the time while using ≈100 times fewer parameters.
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In my second work (Yordanov et al., 2020), I have compared all existing categories
of training objectives for pronoun resolution. I have answered the question of whether
the training objective matters for performance and stability, and have shown that this
depends on whether one targets the same or a different pronoun resolution dataset.

Transfer Learning of NLEs I have presented my contribution to transfer learning
of NLEs, namely, my work on few-shot out-of-domain transfer learning of NLEs in
a label-abundant setup (Yordanov et al., 2022). It focuses on transfer learning of
NLEs between different domains (different tasks): from abundant NLEs on the parent
task, to a child task where only a few training NLEs are available. Furthermore, it
assumes abundant training labels for both parent and child tasks, which can help
with task performance. I have identified four training methods in this setup, and have
compared them on two child tasks: hard cases of pronoun resolution, in particular
on WinoGrande (Sakaguchi et al., 2020), and commonsense validation, in particular
on ComVE (Wang et al., 2020). I have comprehensively evaluated all methods via
human evaluation, which is the gold standard of NLE evaluation. The results have
demonstrated a successful transfer learning of NLEs in this setting. Furthermore,
they have shown that the best training methods are those that do a separate fine-
tuning on the few NLEs of the child task. Finally, I have explored the scalability
of the best method for each task in terms of LM size and number of training NLEs,
which I have shown to be overall good.

Predictive Coding for LMs I have presented my contributions to applying pre-
dictive coding methods for training RNN and transformer LMs, which include my
transformer LM experiments that are part of two published works: (Pinchetti et al.,
2022) and (Salvatori et al., 2024). In this thesis, I have shown the first-ever application
of biologically plausible predictive coding methods to training LMs. I have explored
ways to implement predictive coding methods for training LMs and have compared
those methods to training with backpropagation (BP). I have found the best hyper-
parameters and ways to implement predictive coding for both RNN and transformer
LMs. I have shown that the KL-modification by Pinchetti et al. (2022) improves
the performance of predictive coding methods for transformer LMs (Pinchetti et al.,
2022). I have further shown that the PPC (Salvatori et al., 2022b) method outper-
forms PC (Whittington and Bogacz, 2017) for transformer LMs. Finally, I have shown
that PPC performs on par with BP for small transformer LMs, and better than BP
for vanilla RNNs.
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Additionally, I have studied the scalability of the PPC method in terms of data and
model size, and have concluded that their scalability is similar for simple RNN LMs,
but worse for transformer LMs, and especially for conditional transformer LMs. This
means that further improvements to the PPC method are needed for more complex
architectures, which would unlock applications for training state-of-the-art LMs.

6.2 Discussion

A natural question is why I do not combine the ideas of Chapters 3 and 4 with the
predictive coding ideas of Chapter 5. The reason is the poor scalability of the re-
sults in Chapter 5 (Section 5.6.2), which means that medium-sized and large LMs are
currently out of reach for predictive-coding-based training, as training those would
lead to poor downstream task performance. For example, based on the poor perplex-
ity that I obtained for LMs trained with predictive coding, I expect that the WSC
pronoun resolution performance of such a model to be 50% (chance) (corresponding
to Chapter 3) and the generated NLEs for it to not make sense (corresponding to
Chapter 4) due to the poor task (WSC) accuracy of the model.

6.3 Outlook

Some of my research has already led to works by others. E.g. Kocijan et al. (2019b)
and Kocijan et al. (2019a) improve upon the pronoun resolution results and data
creation method of my proof-of-concept work on the Winograd Schema Challenge
(WSC) presented in Section 3.2. Since the WSC is already solved (Kocijan et al.,
2023), the new research focus would have to be on evaluating and improving models
on higher-quality pronoun resolution benchmarks such as WinoGrande (Sakaguchi
et al., 2020).

For transfer learning for NLE generation, future work can improve the few-shot
transfer learning performance by improving its few-shot efficiency and NLE quality.
Present-day SOTA LMs can already produce NLEs with few or zero training examples.
Their massive pre-training can be viewed as a parent task with abundant explanations,
and thus transfer learning of NLEs can be formulated for that setup. Future work
can also look at the faithfulness of NLEs produced by those large LMs.

For predictive coding, future work can look into improvements in the PPC method
for deeper and larger models, especially for more complex architectures such as trans-
formers. This will then enable combining the ideas for pronoun resolution and NLE
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generation in Chapters 3 and 4 with predictive coding in Chapter 5. Future re-
search can also be done for using predictive coding for transfer learning in general,
which I do not explore in this thesis. Finally, additional performance improvements
can come from natively implementing existing architectures such as RNNs (Millidge
et al., 2023c), or by creating new predictive-coding-optimised architectures.

On the hardware side, chips can be developed to power predictive coding methods
such as PPC. As suggested by Song (2021) and Salvatori (2022), those chips would
use a large number of low-performance (possibly analogue) computing units that take
advantage of the local computation properties of predictive coding methods. Code
libraries can be created to enable layer parallelization and localised computation on
that hardware.
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Appendix A

Appendix to Solving the Winograd
Schema Challenge

A.1 Performance Across Dataset Parameters

These are the additional results on the effect of dataset parameters (window size,
front-extension size, and back-extension size) on the quality of the data and the
resulting performance of using the data for training for pronoun resolution.

Dataset Details The window size is the only parameter that affects the number
of generated examples. The default window size 15 yields 5,50M pairs (as before).
There is a noticeable effect when increasing the window size to 18, which yields 6,76M
pairs (22.7% more); also, decreasing the window size to 15 yields 4,09M pairs (25.7%
less).

Experimental Setup I consider the effect of increasing and decreasing each of the
three dataset parameters. For this, I consider the following values: window size of
12, 15 (default), and 18; front context extension up to 3, 5 (default), and 7; and back
context extension up to 9, 12 (default), and 15. There are seven datasets in total, as
listed in Table A.1: one for the default parameter choices (15-5-12) and two for each
parameter.

For quality evaluation, I test the pre-trained GPT model on each of the datasets,
similar to Table 3.1, and report the maximum of the partial and full scoring accuracy.

For performance evaluation, I use Project Gutenberg as the data source and train
on a random sample of 200,000 examples from each dataset as in the loss selection
experiment (Table 3.2), due to computation constraints. To account for the different
number of training examples with window size, for window sizes 12 and 18 I use
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randomly sampled datasets of proportional size: 148,658 and 245,458, respectively.
This should provide a fair representation of the performance differences to be expected
with the choice of window size.

I train the models using the best loss configuration (PS – partial single) from
the loss selection experiment (Table 3.2) and do a hyperparameter search over the
learning rate values: lr ∈ [7.8125× 10−6, 3.125× 10−5, 1.5625× 10−5] informed by the
loss selection experiment.

Window
size

Front
context

extension
(up to)

Back
context

extension
(up to)

GPT
accuracy

full/partial

DPR
(train)

accuracy

15 5 12 0.890 0.655
12 5 12 0.887 0.651
18 5 12 0.893 0.650
15 3 12 0.888 0.657
15 7 12 0.890 0.638
15 5 9 0.889 0.637
15 5 15 0.890 0.650

Table A.1: Performance of the PS model configuration when trained on 200,000
examples from datasets with different parameters: window size, front-extension size,
and back-extension size. The first line shows the dataset with default parameters. The
best values are marked in bold: GPT accuracy (lower is better); and DPR accuracy
(higher is better).

Results Dataset quality can be judged by the accuracy of the pre-trained GPT
model, where lower accuracy means higher quality (more difficult dataset). The
results in Table A.1 show that the datasets differ very little in terms of this quality
measure. As expected, the examples with smaller window sizes yield slightly higher
quality (88.7% vs 89.0% accuracy), and larger window sizes yield lower quality (89.3%
vs 89.0% accuracy). The choices of front context extension and back context extension
have less impact on quality in terms of GPT accuracy, and no effect for larger than the
default values. At first glance, shorter context sizes (in dataset configurations 15-3-12
and 15-5-9) may seem to slightly improve quality (less GPT accuracy). However, the
lower GPT accuracy may be due to insufficient context – with critical information
missing to disambiguate the pronoun, rather than a higher quality of examples.

The results in Table A.1 also show the pronoun resolution performance when
training on each dataset. Overall, the DPR (train) accuracy is insignificantly different
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True: agreed to suspend our evening lecture tours, and spent most of our
time in wandering from store to store.

False: agreed to suspend our evening lecture tours, and spent most of our
time in wandering from store to time.

True: experience logically required three divine persons, of one and the same
divine essence. economic trinity required essential trinity.

False: experience logically required three divine persons, of one and the same
divine essence. economic trinity required essential essence.

True: what did her action; her manner of living; even her existence; matter
to any living soul?

False: what did her action; her manner of living; even her existence; matter
to any existence soul?

True:
and the grandfather of an emperor. As a father, he has a considerable
pension from the emperor of Germany; and as a grandfather, he has
been honour

False:
and the grandfather of an emperor. As a father, he has a considerable
pension from the pension of Germany; and as a grandfather, he has
been honour

True: The Bible is infallible it has no authority. this we deny. Inspiration is
not infallibility, but inspiration is authority.

False: The Bible is infallible it has no authority. this we deny. Inspiration is
not infallibility, but bible is authority.

Table A.2: Gutenberg Synthetic: 5 random examples

for the dataset configurations, except for 15-7-12 and 15-5-9, where the accuracy is
significantly smaller (63.8% and 63.7% vs ≥ 65% for the others). This may be because
these two combinations represent a context shift towards the front of the sentence,
which is unnatural to the target dataset (DPR).

A.2 Random Examples From Each Dataset

Here are five random examples (sentence pairs) from each dataset. These random
examples serve to illustrate the quality and type of the data from each dataset.

Gutenberg Synthetic See Table A.2.

Wikipedia Synthetic See Table A.3.

Gutenberg Synthetic Filtered See Table A.4.

Wikipedia Synthetic Filtered See Table A.5.
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True:
Channel Islands and the Isle of Man. It is the national organisation
of Quakers living in Britain. Britain yearly meeting refers to both the
religious gathering and the organisation.

False:
Channel Islands and the Isle of Man. It is the national organisation of
Quakers living in Britain. Organisation yearly meeting refers to both
the religious gathering and the organisation.

True: English legal system to refer to a junior barrister undertaking paid
written work on behalf of a more senior barrister.

False: English legal system to refer to a junior barrister undertaking paid
written work on behalf of a more senior undertaking.

True:
Ah Quee Street was established when Kapitan Chung, Keng Quee
donated his beach Street shophouse to be demolished to create the
street that bears his name

False:
Ah Quee Street was established when Kapitan Chung, Keng Quee
donated his beach Chung shophouse to be demolished to create the
street that bears his name

True: close into the core this counter jet is so much dimmer than the main
jet that it is invisible in radio waves.

False: close into the core this counter jet is so much dimmer than the main
counter that it is invisible in radio waves.

True:
there are subcutaneous air sacs in the lower body and along the sides.
Other air sacs are located between the sternum and the pectoral mus-
cles and between the

False:
there are subcutaneous air sacs in the lower body and along the sides.
Other air sides are located between the sternum and the pectoral
muscles and between the

Table A.3: Wikipedia Synthetic: 5 random examples
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True:
throwing out all the alfalfa roots and thorough hoeing during the grow-
ing season and keeping the alfalfa mowers from sawing off the tops of
them, the trees may.

False:
throwing out all the alfalfa roots and thorough hoeing during the grow-
ing season and keeping the hoeing mowers from sawing off the tops of
them, the trees may.

True: soon we were among rocks and before us a line of breakers backed by
frowning rocks, very dreadful to behold.

False: soon we were among rocks and before us a line of breakers backed by
frowning breakers, very dreadful to behold.

True:
he could have made a fortune. They crowded into his room and sat
on his bed. The bed collapsed, and Cowan was hurled to the floor and
killed again

False:
he could have made a fortune. They crowded into his room and sat
on his bed. The room collapsed, and Cowan was hurled to the floor
and killed again

True:
he set out with his host by way of the Campagna, towards the kingdom
of Apulia, and Campagna; and very soon he had a large part thereof
at his

False: he set out with his host by way of the Campagna, towards the kingdom
of Apulia, and way ; and very soon he had a large part thereof at his

True:
enzymes contained in the seeds or fruit from which the oils are ex-
pressed, hence the necessity for separating oils and fats from adhering
albuminous matters as quickly as possible.

False:
enzymes contained in the seeds or fruit from which the oils are ex-
pressed, hence the necessity for separating seeds and fats from adher-
ing albuminous matters as quickly as possible.

Table A.4: Gutenberg Synthetic Filtered: 5 random examples
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True: both hairless and powderpuff varieties can appear in the same litter.
The look of the powderpuff varies according to how it is groomed.

False: both hairless and powderpuff varieties can appear in the same litter.
The look of the litter varies according to how it is groomed.

True:
the program enabled users to divide documents into groups, display
the groups on a disk and then the documents in the selected group,
and set up a template for each

False:
the program enabled users to divide documents into groups, display
the groups on a disk and then the users in the selected group, and set
up a template for each

True:

formally set up within Cambridge assessment, with responsibility for
developing and administering admissions tests. The thinking skills
admissions testing, TSAT, unit was responsible for administering the
thinking skills

False:

formally set up within Cambridge assessment, with responsibility for
developing and administering admissions tests. The thinking skills
tests testing, TSAT, unit was responsible for administering the think-
ing skills

True:
is a retired Canadian professional ice hockey forward who predomi-
nantly played his career in Europe, winning the elite ice hockey league
title in his last season with the Nottingham Panthers.

False:
is a retired Canadian professional ice hockey forward who predomi-
nantly played his career in Europe, winning the elite hockey hockey
league title in his last season with the Nottingham Panthers.

True:
at the University of Oxford, the School of Interdisciplinary Area Stud-
ies, SIAS, School of Interdiscplinary Area Studies, Oxford and St
Antony’s College specialise

False:
at the University of Oxford, the School of Interdisciplinary Area Stud-
ies, SIAS, University of Interdiscplinary Area Studies, Oxford and St
Antony’s College specialise

Table A.5: Wikipedia Synthetic Filtered: 5 random examples
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Appendix B

Appendix to Comparing Training
Objectives for Pronoun Resolution

B.1 Best Hyperparameters

See Table B.1 for the best hyperparameters for each model.

B.2 WSC Preprocessing

When evaluating the CSS and the MAS model on the WSC dataset, I noticed a
problem with the dataset, which interfered with locating the candidates in the text.
The problem is that, in some WSC examples, the given candidate options do not
match word-by-word the candidates as they appear in the text. For example,

Madonna fired her trainer because couldn’t stand her boyfriend.

Candidates: Madonna, The trainer.

In this example, I resolve this problem by manually replacing the candidate option
“the trainer" with “her trainer", to match exactly the candidate as it appears in the
text. By following this procedure, I manually modified all 88 problematic examples
in WSC (out of 273 examples in total). Note that this problem does not exist for

Model epochs batch size learn. rate
WG-SR 12 8 5e-6
BWP 8 16 5e-6
CSS 12 8 2.5e-6
MAS 12 16 5e-6

Table B.1: The best hyperparameters for every model.
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WinoGrande and DPR. Furthermore, in real-world applications, such a problem does
not exist, since the candidates are not provided and have to be extracted automatically
from the text. Detected candidates thus match the spans in the text.

I use this modified version of WSC only for the CSS and MAS models, because they
require precise candidate localization. For WG-SR and BWP, I use the unmodified
WSC version. The edited dataset can be found in the code repository1.

1https://github.com/YDYordanov/WS-training-objectives
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Appendix C

Appendix to Transfer Learning of
Natural Language Explanations

C.1 Datasets

WinoGrande. Because of the lack of a publicly available test set (testing happens
through its leaderboard,1 which has submission limitations), I do a random split of
the original WinoGrande training dataset into 39,130 training instances (called WG-
train) and 1,268 validation instances (called WG-dev). For testing, I use the original
WinoGrande development set, which I denote by WG-test.

I created the small-e-WinoGrande dataset by manually constructing NLEs for
100 examples from WG-train, 50 examples from WG-dev, and 100 examples from
WG-test. Example:

The geese prefer to nest in the fields rather than the forests because in
the predators are very visible.
Options: fields, forests. Answer: fields.
NLE: The fields are more open spaces than the forests, hence predators
are more visible there.

ComVE. Originally, ComVE (Wang et al., 2020) consists of three tasks: A, B, and
C, where only tasks A and C are relevant to this work. ComVE-A is the classification
task of identifying which statement out of a pair of statements does not make sense.
The ComVE-C task provides only the statement that does not make sense (from
the pair) and requires the model to generate an NLE for why that is the case. To
form a classification task with explanations, I merge tasks A and C by matching the

1https://leaderboard.allenai.org/winogrande/submissions/public
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nonsensical statements, as done by Majumder et al. (2022). The resulting task can
be described as “given a pair of sentences, identify which one does not make sense,
and explain why”, which I refer to simply as ComVE. The resulting ComVE dataset
consists of 10,000 training, 1,000 validation, and 1,000 test instances. Each instance
consists of a pair of statements, a label, and three human-generated NLEs. I use
all three NLEs per example only in the full test set. For training, I use up to one
NLE per example, assuming a strict few-shot regime where each NLE annotation is
expensive to get. For human evaluation, I randomly sample the test dataset down to
100 instances, to save human-annotation costs.

C.2 Training Details

For all models, I fix the batch size to 16 and do a grid search over the learning rate
values and the number of training epochs. For all WinoGrande models, I search over
the learning rate values of 3e-4, 1e-4, and 3e-5, whereas for ComVE I search over 1e-3,
3e-4, 1e-4, and 3e-5. For e-SNLI, I train the models on 1, 2, 3, and 5 epochs. For
WinoGrande, I train the models on 1, 2, 3, 5, 7, 9, and 11 epochs, and for ComVE,
I train on 1, 2, 3, 5, 7, 10, and 13 epochs. When few-shot fine-tuning with NLEs, I
train the models on 1, 2, 3, 5, 7, 10, 13, 17, 21, and 26 epochs. Multi-task learning
always uses the hyperparameter range of the larger dataset.

The selection criteria for each model, along with the best hyperparameters are
given in Table C.1. Note that the WG-dev accuracy in Table C.1 is much higher than
the corresponding WG-test accuracy in Table 4.3, because WG-dev is sampled from
the training dataset of WinoGrande, whereas WG-test is the original WinoGrande
development set, which is filtered to increase its difficulty (Sakaguchi et al., 2020).

C.3 Human Evaluation

As suggested by Kayser et al. (2021), for each example, the annotators are provided
with two (shuffled) NLEs, one from a model and one ground-truth from the test set.
This serves to mentally ground the annotator’s score of the model-generated NLE.

Additionally, there are multiple checks placed in the data collection form to ensure
high-quality annotations. Most notably, in each group of 10 instances, at least 90%
of the labels have to be answered correctly, and at least 90% of the ground-truth
NLEs have to be annotated by Yes or Weak Yes. The final check requires that at
most 80% of the model-generated NLEs should be annotated by Yes or Weak Yes. I
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Models Num
epochs

Learning
rate Criterion Best

value
e-SNLI 3 3e-4 e-SNLI dev NLE ppl 2.192
(e-SNLI, SNLI) 3 3e-4 e-SNLI dev NLE ppl 2.199
WinoGrande Models
(e-SNLI, WinoGrande) 5 1e-4 WG-dev acc 83.2%
e-SNLI–WinoGrande 7 3e-4 WG-dev acc 81.0%
WinoGrande 5 1e-4 WG-dev acc 85.1%
CD–fine-tune 21 3e-4 WG-dev NLE ppl 4.665
CD–union 5 1e-4 WG-dev NLE ppl 4.945
WT5–fine-tune 11 3e-4 WG-dev acc 80.8%
WT5 5 1e-4 WG-dev acc 83.4%
M1 3 3e-5 WG-dev NLE ppl 4.815
M2 10 3e-4 WG-dev NLE ppl 4.401
M3 5 1e-4 WG-dev NLE ppl 5.419
M4 17 3e-4 WG-dev NLE ppl 5.022
ComVE Models
(e-SNLI, ComVE) 3 3e-4 ComVE dev acc 82.8%
e-SNLI–ComVE 7 3e-4 ComVE dev acc 86.8%
ComVE 5 3e-4 ComVE dev acc 88.4%
CD–fine-tune 13 3e-4 ComVE dev NLE ppl 5.170
CD–union 5 1e-4 ComVE dev NLE ppl* 9.294
WT5–fine-tune 10 3e-4 ComVE dev acc 87.0%
WT5 5 1e-4 ComVE dev acc 84.4%
M1 5 1e-4 ComVE dev NLE ppl 7.886
M2 5 1e-3 ComVE dev NLE ppl 4.958
M3 1 1e-3 ComVE dev NLE ppl 7.970
M4 5 1e-3 ComVE dev NLE ppl 5.002

Table C.1: Best hyperparameters for all trained models (including the intermediary
models), along with the corresponding criterion used for model selection, and the
best dev result value w.r.t. that criterion. The datasets in brackets denotes the
model obtained by fine-tuning T5 on the union of those datasets; dataset1–dataset2
denotes subsequent fine-tuning on dataset1, then on dataset2. *–subject to the dev
accuracy being large enough (> 75%).

included this check to ensure that the annotators are more critical, and I estimated
this threshold manually. These are reasonable assumptions for both WinoGrande and
ComVE, judging by the quality of the ground-truth and model-generated NLEs.

I had 130 annotators for ComVE and 113 for WinoGrande. Most of the annota-
tors annotated only ten model-generated NLEs each. To further ensure high-quality
annotations, I re-annotated all the instances of the annotators who annotated many
instances (more than 60 for WinoGrande and more than 100 for ComVE) but selected
more than five wrong shortcomings from a sample of ten random instances, after man-
ual inspection. I found two such annotators for ComVE and one for WinoGrande.
The annotators were paid $1 per 10 pairs of NLEs.

Below are full-page screenshots of the data collection forms that I used for Wino-
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Grande (Figure C.1) and ComVE (Figure C.2).

C.4 Examples of Model-Generated NLEs

In the twelve tables below Figure C.2 are the answers and NLEs for each child task
(WinoGrande and ComVE) and for all eight compared models on the first six examples
(out of the 100 that were evaluated). The first six tables present six examples for
WinoGrande, whereas the second six tables are for ComVE.
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Figure C.1: WinoGrande data collection template. There are two explanations per
task.
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Figure C.2: ComVE data collection template. There are two explanations per task.
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WinoGrande schema: The car was a pleasure to drive but the red car was
not as the blue car was very expensive. Options: blue, red. Ground-truth: blue.

Model Output

CD–fine-tune Prediction: red. NLE: The blue car is expensive and the blue
car is more expensive.

CD–union Prediction: red. NLE: The blue car is more expensive than the
red car, hence it is more expensive to drive.

WT5–fine-tune Prediction: red. NLE: The car is described in more detail than
in the second sentence. Blue

WT5 Prediction: blue. NLE: Red is a different color than blue.

M1 Prediction: red. NLE: The car was a pleasure to drive but the
blue car was not as the blue car was very expensive.

M2 Prediction: red. NLE: The red car is more expensive than the
blue car.

M3 Prediction: blue. NLE: The blue car is a pleasure to drive and
the red car is very expensive.

M4 Prediction: blue. NLE: The car is a pleasure to drive but the
red car is red.

WinoGrande schema: Logan ended the one-side relationship they were having
with Robert, which made feel relieved. Options: Logan, Robert.
Ground-truth: Logan.

Model Output

CD–fine-tune Prediction: Robert. NLE: Logan ended the one-side relationship
they were having with Robert, which made Logan feel relieved.

CD–union Prediction: Logan. NLE: Robert has a one-sided relationship
with Logan, which makes him feel relieved.

WT5–fine-tune Prediction: Logan. NLE: The Logan
WT5 Prediction: Logan. NLE: Robert

M1 Prediction: Robert. NLE: Logan ended the one-side relationship
they were having with Robert, which made Logan feel relieved

M2 Prediction: Logan. NLE: The fact that Logan ended the one-
sided relationship with Robert makes him feel relieved.

M3 Prediction: Robert. NLE: Logan’s feelings are relieved because
he ended the relationship with Robert.

M4 Prediction: Logan. NLE: Logan ending a one-side relationship
makes Logan feel relieved.
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WinoGrande schema: Fiction books were interesting and easy to read for Logan
but not Brett because enjoyed real tales. Options: Logan, Brett.
Ground-truth: Brett.

Model Output

CD–fine-tune
Prediction: Brett. NLE: Fiction books were interesting and easy
to read for Logan, but Brett enjoyed real tales more than fiction
books.

CD–union
Prediction: Brett. NLE: Fiction books were interesting and easy
to read for Logan, while real tales were more difficult to read for
Brett.

WT5–fine-tune Prediction: Logan. NLE: There is nothing to indicate that he is
enjoying real stories or that he has been referred to as ’Boy’

WT5

Prediction: Logan. NLE: The Logan may not be Logan. Brett
may not be Brett. Logan may not be Logan. Brett may not be
Brett. Logan may not be Logan. Brett may not be Brett. Logan
may not be Logan. Brett may not be Brett. Loga [. . . ]

M1 Prediction: Brett. NLE: Fiction books were interesting and easy
to read for Logan but not Brett because Brett enjoyed real tales

M2 Prediction: Brett. NLE: Fiction books are not real tales.

M3
Prediction: Logan. NLE: Fiction books are interesting and easy
to read for Logan, so Logan is more likely to enjoy real tales than
Brett.

M4 Prediction: Logan. NLE: Fiction books are not real tales.

WinoGrande schema: Erin ordered a martini when Tanya only ordered a tonic
water with lemon, because was pregnant. Options: Erin, Tanya.
Ground-truth: Tanya.

Model Output

CD–fine-tune Prediction: Tanya. NLE: Erin ordered a martini when Tanya
ordered tonic water with lemon because she was pregnant.

CD–union Prediction: Erin. NLE: Erin ordered a martini when Tanya or-
dered a tonic water with lemon, because Erin was pregnant.

WT5–fine-tune Prediction: Erin. NLE: The Tanya is pregnant. Tanya is preg-
nant. Tanya

WT5

Prediction: Tanya. NLE: Erin and Tanya are two different peo-
ple. Erin and Tanya are two different people. Erin and Tanya are
two different people. Erin and Tanya are two different people. Erin
and Tanya are two different peo [. . . ]

M1 Prediction: Tanya. NLE: Erin ordered a martini when Tanya
only ordered a tonic water with lemon, because was pregnant.

M2
Prediction: Tanya. NLE: Erin ordering a martini implies Erin
ordering a martini, and Tanya ordering a tonic implies Erin is preg-
nant.

M3 Prediction: Tanya. NLE: Erin ordered a martini

M4

Prediction: Erin. NLE: Erin ordering a martini implies Erin is
pregnant. Erin ordering a tonic water implies Erin is pregnant. Erin
ordering a martini implies Erin ordering a martini. Erin ordering a
tonic water implies Eri [. . . ]
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WinoGrande schema: The game on television was very important for Ian but
not Dennis because was into music instead. Options: Ian, Dennis.
Ground-truth: Dennis.

Model Output

CD–fine-tune
Prediction: Dennis. NLE: The game on television was very im-
portant for Ian but not for Dennis because he was into music in-
stead.

CD–union
Prediction: Dennis. NLE: The game on television was very im-
portant for Ian, but not for Dennis, because he was into music
instead.

WT5–fine-tune

Prediction: Dennis. NLE: He is playing music instead of playing
music instead of playing music instead of playing music instead of
playing music instead of playing music instead of playing music
instead of playing music inste [. . . ]

WT5

Prediction: Dennis. NLE: The Ian can’t be Dennis. Dennis can’t
be Ian. Dennis can’t be Ian. Dennis can’t be Dennis. Dennis can’t
be Ian. Dennis can’t be Ian. Dennis can’t be Dennis. Dennis can’t
be Ian. Dennis can’t be Dennis [. . . ]

M1 Prediction: Dennis. NLE: The game on television was very im-
portant for Ian but not Dennis because he was into music instead.

M2
Prediction: Dennis. NLE: The game on television is more impor-
tant for Ian than Dennis because Dennis is more likely to be into
music instead.

M3 Prediction: Dennis. NLE: The game on television is very impor-
tant for Ian

M4 Prediction: Dennis. NLE: The game on television is very impor-
tant for Ian, so he is not into music.

WinoGrande schema: It was easier for the diner to follow their budget than the
food truck because the had more money to spend. Options: diner, food truck.
Ground-truth: diner.

Model Output

CD–fine-tune Prediction: diner. NLE: The diner has more money to spend
than the food truck.

CD–union Prediction: diner. NLE: The diner has more money to spend
than the food truck, so it is easier for them to follow their budget.

WT5–fine-tune Prediction: diner. NLE: food truck
WT5 Prediction: food truck. NLE: diner

M1 Prediction: diner. NLE: The diner had more money to spend
than the food truck.

M2 Prediction: diner. NLE: The diner has more money to spend
than the food truck.

M3 Prediction: diner. NLE: The diner has more money to spend
than the food truck.

M4 Prediction: diner. NLE: More money to spend is a rephrasing of
more money to spend.
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ComVE Statement 1: He inserts his thumb into the car ignition switch.
Statement 2: He inserts the keys into the car ignition switch. Nonsensical
statement: Statement 1.

Model Output

CD–fine-tune Prediction: Statement 1. NLE: A thumb is not inserted into the
car ignition switch.

CD–union

Prediction: Statement 1. NLE: It’s not a car ignition switch, it’s
a car ignition switch, it’s a car ignition switch, it’s a car ignition
switch, it’s a car ignition switch, it’s a car ignition switch, it’s a car
ignition switch, [. . . ]

WT5–fine-tune Prediction: Statement 1. NLE: SIDEWALK INSTALLS THE
KEYS INTO THE CAR INFUSION SHUT.

WT5 Prediction: Statement 1. NLE: the keys are not the same as the
thumb

M1 Prediction: Statement 1. NLE: One cannot insert his thumb into
the car ignition switch.

M2 Prediction: Statement 1. NLE: One cannot insert his thumb into
the car ignition switch.

M3 Prediction: Statement 1. NLE: You can’t use your thumb to
insert keys into the car ignition switch.

M4 Prediction: Statement 1. NLE: A thumb is not used to insert
keys into a car ignition switch

ComVE Statement 1: She was met with an accident and was rushed to the
hospital Statement 2: She was met with an accident and was rushed to the
library Nonsensical statement: Statement 2.

Model Output
CD–fine-tune Prediction: Statement 2. NLE: The library is closed to the public

CD–union Prediction: Statement 2. NLE: She was met with an accident
and was rushed to the library

WT5–fine-tune Prediction: Statement 2. NLE: She was met with an accident
and was rushed to the hospital 1 explanation:

WT5 Prediction: Statement 2. NLE: .

M1 Prediction: Statement 2. NLE: The library is not the only place
where a person can have an accident.

M2 Prediction: Statement 2. NLE: A library is not a hospital.
M3 Prediction: Statement 2. NLE: A library is not a hospital.
M4 Prediction: Statement 2. NLE: A library is not a hospital.
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ComVE Statement 1: She came off sailing across the pacific ocean Statement
2: She came off walking across the pacific ocean Nonsensical statement:
Statement 2.

Model Output

CD–fine-tune Prediction: Statement 2. NLE: She came off sailing across the
pacific ocean

CD–union

Prediction: Statement 2. NLE: She came off sailing across the
pacific ocean Sailing across the pacific ocean Sailing across the pa-
cific ocean Sailing across the pacific ocean Sailing across the pacific
ocean Sailing across the pac [. . . ]

WT5–fine-tune Prediction: Statement 2. NLE: She came off sailing across the
pacific ocean Sentence 1:

WT5 Prediction: Statement 2. NLE: .

M1 Prediction: Statement 2. NLE: A person can’t be sailing and
walking at the same time.

M2 Prediction: Statement 2. NLE: sailing is not the same as walking

M3 Prediction: Statement 2. NLE: Sailing and walking are two dif-
ferent things.

M4 Prediction: Statement 2. NLE: sailing is not the same as walking

ComVE Statement 1: Leena daily eats two bananas which are good for health.
Statement 2: Leena eats almost 1000 bananas daily as his morning breakfast.
Nonsensical statement: Statement 2.

Model Output

CD–fine-tune Prediction: Statement 2. NLE: Leena eats two bananas a day
which are good for health.

CD–union Prediction: Statement 2. NLE: Bananas are good for health and
you can’t eat them in the morning.

WT5–fine-tune Prediction: Statement 2. NLE: Leena daily eats two bananas
which are good for health 1 explanation:

WT5 Prediction: Statement 2. NLE: .

M1
Prediction: Statement 2. NLE: Leena daily eats two bananas
which are good for health. is same as Leena eats almost 1000 ba-
nanas daily as his morning breakfast

M2 Prediction: Statement 2. NLE: The bananas are good for health.

M3 Prediction: Statement 2. NLE: The bananas are not good for
health, they are good for health.

M4 Prediction: Statement 2. NLE: The bananas are good for health.
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ComVE Statement 1: The fire will burn you if you touch it. Statement 2:
The fire will cool you if you touch it. Nonsensical statement: Statement 2.

Model Output

CD–fine-tune Prediction: Statement 2. NLE: The fire will burn you if you
touch it.

CD–union Prediction: Statement 2. NLE: The fire will burn you if you
touch it and will cool you if you touch it

WT5–fine-tune Prediction: Statement 2. NLE: The fire will burn you if you
touch it.

WT5 Prediction: Statement 2. NLE: the fire will burn you if you touch
it.

M1 Prediction: Statement 2. NLE: The fire will burn you is not the
same as the fire that will cool you.

M2 Prediction: Statement 2. NLE: The fire will burn you if you
touch it

M3 Prediction: Statement 1. NLE: Fire can’t burn you
M4 Prediction: Statement 2. NLE: The fire will burn you.

ComVE Statement 1: Salsa is for hair Statement 2: Brushes are for hair
Nonsensical statement: Statement 1.

Model Output
CD–fine-tune Prediction: Statement 1. NLE: Salsa is for hair
CD–union Prediction: Statement 1. NLE: Salsa is for hair
WT5–fine-tune Prediction: Statement 1. NLE: SENTENCE 1:
WT5 Prediction: Statement 1. NLE: :

M1 Prediction: Statement 1. NLE: Brushes are for hair is not the
same as a Salsa

M2 Prediction: Statement 1. NLE: Salsa is for hair

M3 Prediction: Statement 1. NLE: Brushes are for hair is a rephras-
ing of brushes are for hair.

M4 Prediction: Statement 1. NLE: Salsa is for hair
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Appendix D

Appendix to Predictive Coding for
RNN-Based Language Models

D.1 Statistical Significance

The results in Table D.1 show the statistical significance across the seeds of all com-
parisons of PPC vs BP that use multiple seeds (3 seeds). All tests show that all com-
parisons apart from the 3-layer comparison are statistically significant with p < 0.05.

Experiment:
data sizes

Two-sample t-test:
one-/two-tailed

p-values

Paired-samples t-test:
one-/two-tailed

p-values
train-S 0.00006 / 0.00012 0.00369 / 0.00738
train-M 0.00244 / 0.00489 0.01574 / 0.03147
train-L 0.00051 / 0.00102 0.00635 / 0.01271
train-XL 0.00036 / 0.00071 0.00394 / 0.00788
Experiment:
hidden sizes
h=64 0.00070 / 0.00139 0.00845 / 0.01690
h=128 0.00244 / 0.00489 0.01574 / 0.03147
h=256 0.00011 / 0.00021 0.00324 / 0.00648
Experiment:
num layers
1 layer 0.00002 / 0.00004 0.00146 / 0.00292
2 layers 0.00244 / 0.00489 0.01574 / 0.03147
3 layers 0.18358 / 0.36717 0.25070 / 0.50141

Table D.1: Comparing PPC vs BP via statistical significance tests. Both one-tailed
and two-tailed p-values are reported, for two statistical significance tests.
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Appendix E

Appendix to Predictive Coding
beyond Gaussian Distributions

E.1 Training Details

Here are the hyperparameter ranges and best values used for each model:

For BP : lrweight ∈ {0.0004, 0.0008, 0.0016, 0.0032, 0.0064}.
Best value: lrweight = 0.0016.

For PCF : T ∈ {4, 5, 6, 7, 8},
lrinference ∈ {0.001953125, 0.00390625, 0.0078125, 0.015625, 0.03125},
lrweight ∈ {0.0002, 0.0004, 0.0008, 0.0016, 0.0032, 0.0064, 0.0128}.
Best values: T = 4, lrinference = 0.015625, lrweight = 0.0064.

For PCFKL
: T ∈ {4, 5, 6, 7, 8}, lrinference ∈ {0.25, 0.5, 1.0},

lrweight ∈ {0.000025, 0.00005, 0.0001, 0.0002, 0.0004, 0.0008, 0.0016}.
Best values: T = 5, lrinference = 0.5, lrweight = 0.0008.

The total training time of the hyperparameter search is approximately 94 hours
on one Nvidia Titan RTX GPU.
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Appendix F

Appendix to A Stable, Fast, and
Fully Automatic Learning Algorithm
for Predictive Coding Networks

F.1 Hyperparameters

Here are the hyperparameter ranges used for grid search for each model:
Masked LM:

• BP: batch_size ∈ {32, 64, 128, 256, 512},

lr ∈ {0.0002, 0.0004, 0.0008, 0.0016, 0.0032, 0.0064, 0.0128}.

Best combination: batch_size = 256, lr = 0.0032.

• PC: T ∈ {5, 6, 7, 8, 9, 10, 11, 12},

lrinference ∈ {0.015625, 0.03125, 0.0625},

lr ∈ {0.0001, 0.0002, 0.0004, 0.0008}.

Best combination: T = 8, lrinference = 0.03125, lr = 0.0004.

• PPC: T ∈ {4, 5, 6, 7, 8},

lr ∈ {0.0004, 0.0008, 0.0016, 0.0032}.

Best combination: T = 6, lr = 0.0008.

Conditional LM:

• BP: batch_size ∈ {32, 64, 128, 256, 512},

lr ∈ {0.0002, 0.0004, 0.0008, 0.0016, 0.0032, 0.0064, 0.0128}.

Best combination: batch_size = 64, lr = 0.0016.
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• PC: T ∈ {7, 8, 9, 10, 11, 12},

lrinference ∈ {0.00390625, 0.0078125, 0.015625, 0.03125},

lr ∈ {0.0001, 0.0002, 0.0004, 0.0008}.

Best combination: T = 10, lrinference = 0.0078125, lr = 0.0004.

• PPC: T ∈ {3, 4, 5, 6},

lr ∈ {0.0008, 0.0016, 0.0032, 0.0064, 0.0128}.

Best combination: T = 4, lr = 0.0032.

F.2 Per-Seed Results

Conditional LM results:
PC: [201.096, 206.322, 198.798, 187.0, 214.385, 213.66, 218.577, 221.076, 219.609,
182.898]
PPC: [137.086, 138.435, 235.153, 160.08, 139.284, 140.68, 149.148, 237.234, 281.977,
133.098]
BP: [112.655, 113.454, 113.454, 113.235, 113.726, 115.153, 112.391, 112.877, 113.359,
112.921]
Masked LM results:
PC: [503.548, 1042.125, 1158.864, 909.209, 557.766, 1155.093, 1176.144, 901.295,
507.916, 1162.502]
PPC: [93.998, 93.899, 93.449, 137.027, 94.491, 108.241, 92.411, 97.724, 156.112,
94.504]
BP: [83.619, 147.775, 787.334, 133.073, 358.486, 455.535, 92.951, 95.322, 152.135,
135.3]
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