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Abstract

The linguistic competence of today’s neural-network-based language models has given

rise to a new paradigm in cognitive modeling: Since human language processing is

thought to be partially predictive in nature, the processing effort associated with a

linguistic unit –a phoneme in a phonological word, a word in sentence, or a sentence in

a document– can be approximated by the probabilistic predictions of a language model.

The measure or correlate of processing effort is the negative logarithmic probability of

the linguistic unit in context, or its surprisal. Surprisal mirrors how well the linguistic

unit in question fits the language model’s training data, i.e., how likely the unit is given

the training data and the context units. While there is broad evidence for a correlation

of processing effort and surprisal, the nature of today’s transformer-based language

models, who during training are exposed to several orders of magnitude more data

than a human during language acquisition, has led to a disconnect between a model’s

linguistic competence and its applicability to cognitive modeling. In this thesis, I

explore several strategies to obtain plausible surprisal estimates from language models

by controlling the model’s training data. I show that the disconnect a model’s linguistic

competence and cognitive plausibility is most severe in the case of reading times, even

if the language model is trained on a developmentally plausible corpus. I then develop

a framework in which a language model can serve as an approximation of an average

reader of scientific literature in a diachronic setting. Finally, a study on cross-linguistic

surprisal of personal pronouns provides an example of a research question that can

be tackled with surprisal from a large multilingual model. Throughout the thesis, I

highlight avenues for future research that involve tightly controlling inductive biases in

the training data, tokenization, and model architecture, as well as methods to test if a

language model actually acquired the linguistic structure under consideration.
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Zusammenfassung

Die sprachliche Kompetenz der heutigen, auf neuronalen Netzwerken basierenden

Sprachmodelle hat zu einem neuen Paradigma in der kognitiven Modellierung geführt:

Da die Verarbeitung menschlicher Sprache als teilweise prädiktiv angesehen wird, kann

der mit einer sprachlichen Einheit verbundene Verarbeitungsaufwand –ein Phonem in

einem phonologischen Wort, ein Wort in einem Satz oder ein Satz in einem Dokument–

durch die probabilistischen Vorhersagen eines Sprachmodells approximiert werden.

Das Mass oder Korrelat des Verarbeitungsaufwands ist die negative logarithmische

Wahrscheinlichkeit der sprachlichen Einheit im Kontext, oder ihr Surprisal. Surprisal

spiegelt wider, wie wahrscheinlich die Einheit angesichts der Trainingsdaten und des

Kontexts ist. Zwar gibt es zahlreiche Belege für eine Korrelation zwischen Verar-

beitungsaufwand und Surprisal, doch hat die Natur der heutigen transformerbasierten

Sprachmodelle zu einer Diskrepanz zwischen der sprachlichen Kompetenz eines Mod-

ells und seiner Anwendbarkeit auf die kognitive Modellierung geführt. In dieser Arbeit

untersuche ich verschiedene Strategien, um plausible Schätzungen von Surprisal aus

Sprachmodellen zu erhalten. Ich zeige, dass die Diskrepanz zwischen der sprachlichen

Kompetenz und der kognitiven Plausibilität eines Modells im Fall der Lesezeiten am

grössten ist, selbst wenn das Sprachmodell auf einem entwicklungsplausiblen Korpus

trainiert wurde. Anschliessend entwickle ich einen Rahmen, in dem ein Sprachmod-

ell als Annäherung an einen durchschnittlichen Leser wissenschaftlicher Literatur in

einem diachronen Kontext dienen kann. Schliesslich liefert eine Studie zur sprachüber-

greifenden Überraschung von Personalpronomen ein Beispiel für eine Forschungsfrage,

die mit Hilfe von Surprisal aus einem grossen mehrsprachigen Modell angegangen

werden kann. Über die gesamte Arbeit zeige ich Wege für zukünftige Forschung auf,

die eine Kontrolle des induktiven Biases in den Trainingsdaten, der Tokenisierung und

der Modellarchitektur beinhalten.
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1
Introduction

1.1 Motivation

The primary definition of the term language model language model (LM), as given

by, e.g., H. Li (2022), is that of a probability distribution over sequences of (natural)

language. This is with good reason: All modern LMs are trained to predict words from

other words, and virtually all modern LMs based on the transformer architecture (

Vaswani et al., 2017) predict structured sequences of words, i.e., phrases, sentences,

paragraphs or documents. While this definition is correct in a mathematical sense, it ab-

stracts away from the actual modeling decisions, such as the LM’s architecture, training

algorithm, training data and its tokenization, 1. For most of the history of language mod-

eling, none of these parts of a LM was thought or conceived of as representative of the

human language faculty in a meaningful way. N-gram models, which dominated in the

language modeling community for 30 years, are first and foremost large lookup tables

of counts combinations of words, or n-grams, with some statistical machinery to handle

out-of-distribution n-grams on top. The underlying assumptions, 1) the upper bound on

a meaningful context size for a word’s probability, and 2) the statistical independence of

n-grams, were a consequence of limited computational resources. Even when estimated

1 Tokenization algorithms can be seen as LMs because they too maximize the probability of a sequence

of linguistic units, e.g., via a unigram LM in the SentencePiece tokenizer (Kudo and Richardson,

2018)
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2 I N T RO D U C T I O N

from large amounts of texts, n-gram counts are notoriously unreliable, and much of

the improvement in LM quality came from improvements in n-gram smoothing and

the handling of out-of-vocabulary tokens. Whatever the nature of the human language

faculty, the human brain clearly does not store n-gram counts, and humans are (mostly)

able to relate the current word (e.g., while reading) to a long context, if only through a

compressed representation of this context. Modeling this conditioning on a compressed

representation of a long context became possible with the advent of Recurrent Neural

Networks (Elman, 1990) and, more importantly, the rapid improvements in computa-

tional power and efficiency required to train them. These recurrent models were in term

superseded by the transformer architecture (Vaswani et al., 2017), which in turn was

superseded by large language models (LLMs). LLMs are no longer exclusively trained

on a language modeling task, but also adapted to a wide range of tasks after the initial

pre-training2 to instruction following (instruction tuning), or to use intermediate steps

when exposed to a difficult problem (chain-of-thought reasoning). Their previously

unheard-of abilities in a wide range of language tasks (see, e.g., Annepaka and Pakray

2025) have made them interesting objects of study by cognitive scientists, and they

certainly capture important aspects of human language processing (see Futrell and

Mahowald (2025) for a recent overview). This has led some researchers to assume

that transformer-based LMs are also good models of human cognition and language

processing, e.g. Piantadosi (2023), a statement which has been strongly rejected by

others (Chomsky, 2023; Katzir, 2023; Kodner et al., 2023). In the last few years, the

field has partially moved away from relying on transformer-based LMs pre-trained

on the entire internet to evaluate theories about human language processing (Timkey

and Linzen, 2023; Mueller and Linzen, 2023), but transformer-based LMs are still

widely used in research that makes use of surprisal theory (Levy, 2008; Hale, 2001a),

as they provide a straightforward way to estimate word probabilites and in contrast to,

e.g., neural parsing models, can be trained on raw text data. Except for the brief period

around 1990, when progress in model architecture was coming from the cognitive

sciences, cognitive modeling has always been somewhat of an afterthought of model

2 An LM trained only on a language modeling task is also called a foundation model.
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architecture, which is mainly driven by the available hardware (it is no coincidence

that transformers lend themselves to distributed training on tens of thousands of GPUs).

While it is refreshing to see progress and independent thought on the architectural side,

linguistic research that makes use of information-theoretic concepts like surprisal is

still reliant on good estimates of in-context word probabilities. This thesis represents

an attempt of finding cognitively plausible language modeling approaches that work

for a number of linguistic research questions, spanning historical linguistics, linguistic

typology and psycholinguistic modeling. I will put special emphasis on how modeling

decisions affect the comparability and applicability of probability distributions induced

by LMs, and which changes in the modeling decisions are required to answer specific

linguistic research questions.

1.2 Research Questions

My thesis investigates language modeling decisions for 3 distinct linguistic research

questions. In each of them, I set out my choices of model architecture, training data

and tokenization in order to obtain surprisal values that are both cognitively plausible

and comparable across different architectures, languages, or different registers and

diachronic stages of the same language. I evaluate LM surprisal as a correlate of human

language processing effort and the interplay of model size and pre-training regime with

the explanatory power of surprisal. It does so in two fundamentally different ways:

Surprisal as a predictor of psycholinguistic measures or its psychometric predictive

power (PPP). Here surprisal is used as one of many predictors of some psycholinguistic

response measure in a statistical model, e.g., reading times. The quality of fit of surprisal

to the psycholinguistic measure is expressed as the difference in log-likelihood between

a baseline model without surprisal as a predictor and the full model. This aspect is

treated in Chapter 3, answering

RQ1: Can neural LMs be considered good models of human linguistic competence

when exposed to similar constraints as a human during language acquisition?
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Surprisal as a measure of processing effort in the absence of experimental data. If

psycholinguistic measures of processing effort are impossible or too costly to collect

(e.g, for historical data or in a large multilingual corpus), surprisal can serve as a proxy

measure. In a statistical model surprisal takes the place of the response variable, and

linguistic features of the linguistic material are used as predictors. This aspect is treated

in Chapters 4-6, answering the following research questions:

RQ2: Can surprisal from LMs recover cross-linguistic differences in the structuring of

pronoun systems? (Chapter 4)

RQ3: Does scientific English become "less optimal" over time with respect to the

memory-surprisal trade-off, when controlling for (a LM’s) vocabulary, tokenization and

training budget? (Chapters 5-6)

1.3 Contributions

My work so far was rooted in surprisal theory. Surprisal theory posits that human

processing effort when encountering a word is proportional to the word’s predictability

in context, or surprisal. I have used surprisal as a correlative of online measures of

human processing effort (Steuer et al., 2023), but the largest part of my work was on

obtaining meaningful and cross-lingually comparable surprisal estimates from LMs. I

have either trained these LMs myself, or chose them according to the criteria of the

project, e.g., to make surprisal estimates comparable across languages (Talamo et al.,

2025a) or across different time periods of the same language ( Steuer et al., 2024a;

Steuer et al., under review). In these studies, my aim was to explain synchronic and

diachronic variation through adaptations to processing effort, and to reformulate facts

we already know about language(s) with surprisal theory.

The main content of this thesis is based on the following four publications:

Steuer, Julius, Marie-Pauline Krielke, Stefania Degaetano-Ortlieb, Elke Teich, and

Dietrich Klakow (under review). “Modeling the Memory-Surpisal Trade-Off over
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Time: Communicative Efficiency Decreases with Lexico-Grammatical Change in

Scientific English”. In: Submitted to ACL Rolling Review.

Talamo, Luigi, Julius Steuer, and Annemarie Verkerk (2025). “They saw it, onu,它,

coming: An information theoretic study of cross-linguistic variation in personal

pronouns,” in: Linguistics, to appear.

Steuer, Julius, Marie-Pauline Krielke, Stefan Fischer, Stefania Degaetano-Ortlieb,

Marius Mosbach, and Dietrich Klakow (May 2024). “Modeling Diachronic Change

in English Scientific Writing over 300+ Years with Transformer-based Language

Model Surprisal”. In: Proceedings of the 17th Workshop on Building and Using

Comparable Corpora (BUCC) @ LREC-COLING 2024. Ed. by Pierre Zweigen-

baum, Reinhard Rapp, and Serge Sharoff. Torino, Italia: ELRA and ICCL, pp. 12–

23. URL: https://aclanthology.org/2024.bucc-1.2.

Steuer, Julius, Marius Mosbach, and Dietrich Klakow (Dec. 2023). “Large GPT-like

Models are Bad Babies: A Closer Look at the Relationship between Linguistic

Competence and Psycholinguistic Measures”. In: Proceedings of the BabyLM

Challenge at the 27th Conference on Computational Natural Language Learning.

Ed. by Alex Warstadt, Aaron Mueller, Leshem Choshen, Ethan Wilcox, Chengxu

Zhuang, Juan Ciro, Rafael Mosquera, Bhargavi Paranjabe, Adina Williams, Tal

Linzen, and Ryan Cotterell. Singapore: Association for Computational Linguistics,

pp. 142–157. DOI: 10.18653/v1/2023.conll-babylm.12. URL: https://aclantholo

gy.org/2023.conll-babylm.12.

1.4 Outline

In Chapter 2 I will first provide an introduction to the transformer architecture, decoder-

only LMs, their usual training procedure and the relationship between model size, model

quality and cognitive plausibility. I will then introduce several surprisal-based measures

of processing effort and their role in the evaluation of the linguistic competence of a

https://aclanthology.org/2024.bucc-1.2
https://doi.org/10.18653/v1/2023.conll-babylm.12
https://aclanthology.org/2023.conll-babylm.12
https://aclanthology.org/2023.conll-babylm.12
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LM. Finally, I will relate these concepts to the main content of this thesis in Chapters

4-6. I will discuss future research directions at the end of Chapters 3, 4 and 6, and again

in my conclusion.



2
Background

This chapter introduces the definitions, concepts, and techniques central to the research

presented in this thesis. Concepts specific to only one of the four chapters will be

discussed in the respective chapter, e.g., the mathematical definition of the memory-

surprisal trade-off (Hahn et al., 2021) in Chapter 6 or the personal pronouns in Chapter

4.

2.1 Decoder-only language models

The original transformer architecture as introduced by Vaswani et al. (2017) consists of

two basic building blocks: an ENCODER that converts a sequence of word embeddings

SENC = w1, w2, ..., w|SEnc| representing any length of sequentially ordered text into

contextualized embeddings S ′ = w′
1, w

′
2, ..., w

′
|S| through a self-attention mechanism,

and a DECODER that uses cross-attention to simultaneously attend to S ′ as well as

words generated up to timestep t, SDEC = u1, u2, ..., ut−1 when generating word ut. At

training time, the ground truth (word embeddings) of the decoded sequence is masked

at indices i > t− 1, preventing the flow of information from future timesteps 1.

The original transformer architecture was developed for a machine translation

setting in which the encoder reads in the source sentence and the decoder produces

the translation. For pure language modeling analogous to n-gram and recurrent neural

1 This is the principal difference to masked LMs like BERT (Devlin et al., 2019)

7
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models – with which this thesis is mainly concerned – the transformer architecture was

simplified to only include the decoder with its self-attention mechanism. Examples for

(open-source) decoder-only LMs are Pythia (Biderman et al., 2023), mGPT (Shliazhko

et al., 2022) and Llama 3 (Grattafiori et al., 2024). These models have in common their

pre-training task, next-word prediction, which will be explained in the next section.

When training a decoder-only transformer LM from scratch, we begin by initializ-

ing its parameters θTF randomly2, that is, the embedding layer, the attention module and

feedforward networks. A forward pass through the model of a sequence S entails the

retrieval of the query, key and value vectors of each ui ∈ SDEC and arranging them into

matrices Q,K, V . In the first decoder layer, these vectors are retrieved from the word

embedding table, in higher layers they are replaced by the last layer’s contextualized

embeddings. Attention scores are then computed by multiplying the Q and K matrices,

scaling them by the square root of the key dimension
√
dk, and multiplying the V matrix

with the softmax of the resulting vector:

Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (2.1)

with softmax applied to the ith element of a vector z defined as

softmax(z)i =
ezi∑|z|
k=0 e

zk
(2.2)

In practice, this operation is performed multiple times per input: for each attention head

hi, there is a set of matrices WQ
i ,WK

i ,W V
i that project the input embeddings to the

dimensions dq, dk, dv of the query, key and value vectors (in practice, dq = dk = dv).

This allows the model to attend to different features of the input sequence, but requires a

merging operation of the heads: After each attention layer, the heads hi are concatenated

to a matrix H and then projected to the hidden dimension dmodel of the decoder:

MultiHead(Q,K, V ) = HWO (2.3)

2 There are multiple ways to arrive at a good initialization of a model’s parameters, which is beyond

the scope of this thesis.
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With WO ∈ Rhdv×dmodel . The output of the attention layer is then passed to a feedforward

network, which projects each position first to a hidden dimension dFFN and then to

dmodel, with a ReLU function in between:

FFN(x) = max(0, xW1 + b1)W2 + b2. (2.4)

Layer-wise application of θTF , that is, MultiHead() and FFN(), yields the contextual-

ized embeddings S ′
DEC = u1, u2, ..., u|S|.

2.2 Language model training

In principle, every ui ∈ S ′
DEC could be the input to what is called the language

modeling head, that is, a fully connected feedforward network LM() with randomly

initialized parameters θLM that projects ui to a vector of the size of the vocabulary

|V | by multiplying it with the embedding matrix WE ∈ Rdmodel×|V ]. Usually, the

contextualized embedding of the last input token is passed on to LM().

LM(ui) = uiW
E (2.5)

Then, softmax is applied to transform the resulting vector into a probability distribution

over the vocabulary:

ŷ = softmax(z) (2.6)

This probability vector is the basis for the calculation of the language modeling loss L

by plugging it into the loss function J (), commonly cross-entropy:

L = J (ŷ) = − log ŷi+1 (2.7)

Where i+ 1 is the index in the vocabulary of the next word in the ground truth. This

loss function is – apart from the base of the logarithm – identical to surprisal, which for

surprisal theory has the additional advantage that a LM is trained on the same objective
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as it is evaluated on. The loss L is then fed to a Backpropagation ( Rumelhart et al.,

1986)3 algorithm, e.g., AdamW (Loshchilov and Hutter, 2019).

2.3 Information-theoretic measures of human process-

ing effort

2.3.1 Surprisal as a metric of lexical and syntactic expectancy

Surprisal theory Levy (2008) and Hale (2001b) posits that the processing difficulty

encountered by a human hearer or reader is proportional to the negative logarithmic

probability of a word given the t preceding words:

surp(wn|wn−t, ..., wn−1) = − log2 p(wn|wn−t, ..., wn−1) (2.8)

Surprisal as derived by Levy (2008) is a measure of syntactic reanalysis, quanti-

fying the shift in probability mass of a distribution over possible parses based on the

requirements of the next word. If word wn is predictable from its context wn−t, ..., wn−1,

the conditional probability in the above formula is expected to be large, corresponding to

a small surprisal value. For example, in a sentence containing a fixed expression such as

German Die Bank musste Insolvenz anmelden ’The bank had to file for bankruptcy’, the

surprisal of anmelden ’file for, register’, is expected to be low since it is the only possible

continuation. Correspondingly, the processing difficulty encountered by a human is

predicted to be low. If the number of possible continuations given the preceding context

of words is large, that is, if the context contains little information about upcoming words,

the probability of the actual next word is expected to be low, corresponding to a high

surprisal value. Sticking to our example, a sentence like Die Bank musste Geld ... ’The

bank had to ... money’ has multiple possible continuations (auszahlen ’pay’, überweisen

’transfer’, zurückstellen ’set aside’, ...), each of which would receive a large share of the

3 Rumelhart independently developed Backpropagation for neural networks, but he was not the first to

do so: (LeCun, 1988) credits Pontryagin with the first discovery of the algorithm.
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probability mass. This formal definition of surprisal is based on the assumption that the

underlying stochastic process operates on syntactic representations of the input, mean-

ing that the words of the sentence and their lexical content are important only inasmuch

they change the probability distribution over possible parses. While it is common in

computational studies of (human) language processing to use surprisal estimates from

(large) LMs as a predictor of psycholinguistic measures that are assumed to correlate

with human syntactic language processing Oh and Schuler (2023a) and Wilcox et al.

(2020), there is a growing body of evidence that LM surprisal primarily captures lexical

expectancy effects Arehalli et al. (2022) and J. Huang et al. (2023), while there is

a growing body of evidence for a logarithmic effect of a word’s predictability given

context on processing effort Meister et al. (2021), Shain et al. (2022), and Wilcox et al.

(2023b).

2.3.2 Estimating surprisal with causal language models

The conditional next-word probabilities are obtained by first passing a prefix of words

(that is, the words wn−t, ..., wn−1) to the actual transformer model θTF, which yields

a vector representation or embedding hn−1 of the prefix. This prefix is then passed to

a feedforward neural network θLM, which projects hn−1 to a vector zn−1 of the size

of the model’s vocabulary. This vector is transformed into a probability distribution

over the vocabulary by applying the softmax function, i.e., ŷn = softmax(zn−1). The

surprisal of wn is then obtained by indexing the resulting probability vector ŷn with the

id i assigned to wn by the models’ tokenizer and taking the negative logarithm of the

indexed probability:

surp(wn|wn−t, ..., wn−1) = − log2 ŷ
i
n (2.9)

We then calculate average surprisal Ŝt at context size t over all wn ∈ W :

Ŝt =
1

|W |

|W |∑
n=0

surp(wn|wn−t, ..., wn−1) (2.10)
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2.3.3 Psychometric predictive power of language model surprisal

Introduced by Frank and Bod (2011), psychometric predictive power (PPP) measures

how much the likelihood of a statistical model – in most cases, and also in this thesis, a

linear mixed model (LMM) – describing some cognitive response measure improves

when computational estimates of that cognitive measure are added to it as predictor

variables. In this thesis, and much of the recent psycholinguistic literature, the response

measure is reading times either collected in a self-paced reading setting or in an eye-

tracking study, and the added predictor is surprisal, or a derived measure like entropy

(surprisal’s expected value) or an UID measure as in Meister et al. (2021).

The first step in the process is the fitting of base model LMM0 that predicts

the reading time response measure RT from a set of control variables, e.g. word

length (in characters) length(w), word unigram surprisal (as estimated from a corpus)

log(freq(w)), and word position in a stimulus pos(w, s). On top of these control vari-

ables, aLMM allows us to incorporate random intercepts that control for the effect of

the individual stimulus (the sentence in question), word, and participant. Usually, these

will be nested, i.e., each participant sees multiple stimuli that each have multiple words
4 Using the lmerTest R package (Kuznetsova et al., 2017), LMM_0 can be defined as:

LMM_0 <- lmer(

log(RT) ~

log_2(freq(w)) + length(w) + pos(w, s)

+ (1|word)

+ (1|participant/stimulus),

data = .)

The base model is then compared to an augmented model LMM_1, which differs from

LMM_0 in having at least one more predictor variable, e.g., the surprisal of the word in

context surp(w|c):

4 Of course, words can occur multiple times across stimuli.
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LMM_1 <- lmer(

log(RT) ~

surp(w|c) + log(freq(w)) + length(w) + pos(w, s)

+ (1|word)

+ (1|participant/stimulus),

data = .)

After fitting bothLMMs to the data, they are assigned a likelihood, more precisely

the sum of log-likelihoods of the individual data points given the model. If LMM_1

is assigned a lower log-likelihood than LMM_1, contextual surprisal increases the

likelihood of the data given the model, i.e., it has greater explanatory power than

LMM_1. The relative difference in log-likelihood is calculated as

∆LL = LL(LMM_1)− LL(LMM_0) (2.11)

Since the two LMMs differ only in one parameter (contextual surprisal), we can

compare their log-likelihoods directly without recourse to a an adjusted measure like

the Akaike information criterion. If ∆LL is positive, contextual surprisal (or any other

variable used in its stead) improves the fit of the model to the data and we conclude that

LMM_1 is to be preferred over LMM_0.

The relationship of surprisal and reading times has been corroborated by a long

list of studies, starting with Goodkind and Bicknell (2018) over Meister et al. (2021),

Wilcox et al. (2020), and Shain et al. (2022) to Wilcox et al. (2023a). Outside of

English, the same effect was found in a multilingual dataset by Wilcox et al. (2023b),

and several studies Meister et al. (2021), Shain et al. (2022), and Wilcox et al. (2023b)

provided evidence both for the importance of the next-word prediction task and the

logarithmic nature of the effect. Arehalli et al. (2022) and Oh et al. (2022) showed that

incorporating a parsing training objective or generally a syntactic inductive bias that

goes beyond the surface form of sentences improves the fit of surprisal to reading times.
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2.3.4 Bigger is not always better

Until the advent of GPT2 (Radford et al., 2019), PPP correlated positively with LM

quality (in terms of perplexity, the exponential of average surprisal) and therefore,

usually model size (Wilcox et al., 2020; Wilcox et al., 2023a). It became clear at an

early point that the very large context windows (compared to human attention spans) of

decoder-only transformer LMs represent a challenge to applying surprisal from these

models to cognitive modeling (e.g., Kuribayashi et al. 2022). At the same time, it was

widely recognized that the absence of an explicit syntactic bias in the training data

lead to a substantial underprediction the effect on reading times of rare syntactically

ambiguous constructions like garden-path sentences (Arehalli et al., 2022; K.-J. Huang

et al., 2023). Byung-Doh Oh and William Schuler established a negative correlation of

the PPP of surprisal for human reading times in LMs larger than GPT2-small (Oh and

Schuler, 2023b; Oh and Schuler, 2023a). It has since become clear that this effect is to

a large part explained by the fact that larger models tend to overpredict low-frequency

tokens, and this effect scales with model size (Oh et al., 2024)5. Similarly, Aoyama and

Wilcox (2025) found that the effect of deteriorating PPP is driven by the emergence of

attention heads specialized on syntactic structure during training, but did not identify

the exact reason for this deterioration. However, previous research by Chen et al. (2024)

showed that these specialized heads enable the acquisition of grammatical structure as

measured by BLiMP (Warstadt et al., 2020a), highlighting the interplay of PPP and a

model’s linguistic competence.

5 It is conceivable that this effect sets in earlier than the purported "ideal" size of GPT2-small as it is

connected to the general training regime of transformer LMs. I am however not aware of any research

into this direction.
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2.4 Evaluating the linguistic competence of a model

2.4.1 Why should we care?

Piantadosi (2023) argued for taking LMs as good theories of human language processing,

because they definitely can use language to solve a wide range of tasks. Of course this

was not well received by Chomsky (2023) and, e.g., Katzir (2023), who argue that

there is a principal problem with the way in which LMs learn language. This criticism

is mostly directed towards (very) large LMs, the likes of GPT4 or Llama 3; smaller

models of a few hundred million parameters trained on developmentally plausible data,

as introduced in the BabyLM challenge ( Warstadt et al., 2023a), have largely been

welcomed and are now used to answer a variety of research questions ( Futrell and

Mahowald, 2025). Still, the debate on the significance of very large models for human

language processing is ongoing, mostly revolving around the way in which the linguistic

capabilities of a model are to be evaluated. To name one example, Dentella et al. (2023)

showed that LLMs are significantly outperformed by humans if asked to evaluate the

grammaticality of a sentence by generating an answer instead of evaluating surprisal,

as is done, e.g., in the now ubiquitous BLiMP Warstadt et al. (2020a). In their reply,

J. Hu et al. (2024) criticized their approach on the grounds that this evaluation strategy

notoriously understimates both LLMs’ and humans’ linguistic capacities. This claim

was in turn rejected by Leivada et al. (2024), who showed that relying on sequence

surprisal alone outside of the typical minimal pair setting drastically decreases LLM

performance on grammaticality judgment tasks. Whatever the outcome of this debate, it

is clear that there is still some resistance in the linguistic community to accept LLMs as

a means to the end of understanding human language processing, based on their very

nature of statistical models of text. At the same time, the reliance on neural LMs of

some kind for linguistic modeling is accepted, provided that they plausibly represent

aspects of the human language faculty.
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2.4.2 Evaluating the linguistic competence of a language model

While in principle all linguistic tasks that can be solved by a LM can be considered eval-

uations of its linguistic competence (question answering, summarization, spellchecking,

etc.), in the psycholinguistic literature this term has a somewhat narrower meaning.

This thesis, in Chapter B, adopts the definition of linguistic competence by Mahowald

et al. (2023) and joins to it the dimension of processing effort. Mahowald et al. (2023)

recognize two dimensions of linguistic competence:

Formal linguistic competence is defined as the "capacity required to produce and

comprehend a given language, i.e., the ability to distinguish grammatically correct

from incorrect formations, based either on "knowledge of and flexible use of linguistic

rules" or "non-rule-like statistical regularities" (Mahowald et al., 2023). An example

for the former mechanism would be the regular formation of past tense verbs in English

(look:looked), and for the latter the formation of irregular or ablauting past tense verbs

(go:went,tread:trod).

Functional linguistic competence is defined as "non-language-specific cognitive func-

tions that are required when we use language in real-world circumstances" (Mahowald

et al., 2023) , i.e., the ability to perform cognitive tasks with language. GLUE is an

example for a benchmark that test this dimension of linguistic competence, with some

if its tasks (CoLA (Warstadt et al., 2019)) also testing for aspects of formal linguistic

competence.

The dichotomy between formal and functional linguistic competence can be un-

derstood in terms of Wittgenstein’s definition of the meaning of a word as its use in a

language (Wittgenstein, 1953). The debate on whether statistical learners (i.e. LMs)

can learn the meaning of a linguistic unit (word, phrase, text, etc.) in Wittgenstein’s

sense is still ongoing, with much division between positions that strongly deny that

LMs can have such a property (Bender and Koller, 2020) and positions that advocate

that they might have it, e.g., under the condition that the LM’s predictions are grounded

in extralinguistic reality (Bisk et al., 2020).
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It is common to evaluate on combinations of the three tasks covering both types

of linguistic competence, but not on all three at the same time: Meister et al. (2021)

looked at the correlation of various formalizations of the uniform information density

(UID) hypothesis, reading times and human acceptability judgments, but leaves out

an evaluation of formal linguistic competence. This, however, is understandable given

their problem setting: it would have been difficult to align, e.g., the BLiMP stimuli to

their graded measures of language processing effort and acceptability, as the main focus

of their work was not LM quality. Similarly, the first iteration of BabyLM Challenge

focused on the two forms of linguistic competence introduced by Mahowald et al.

(2023), with my work ( Steuer et al., 2023) pointing out that it is necessary to also

evaluate a model’s PPP.





3
Large GPT-like Models are Bad Babies: A

Closer Look at the Relationship between

Linguistic Competence and Psycholinguistic

Measures

As part of the BabyLM challenge (Warstadt et al., 2023b; M. Y. Hu et al., 2024), in

this work we looked into modeling constraints of LMs that are supposed to reflect

the linguistic competence of a single human by pre-training a series of decoder-only

LMs on a developmentally plausible corpus, varying model size and the number of

training steps. Research on the cognitive plausibility of language models (LMs) has

so far mostly concentrated on modeling psycholinguistic response variables such as

reading times, gaze durations and N400/P600 EEG signals, while mostly leaving out the

dimension of what Mahowald et al. (2023) described as formal and functional linguistic

competence, and developmental plausibility. We address this gap by training a series of

GPT-like LMs of different sizes on the strict version of the BabyLM pre-trained corpus,

evaluating on the challenge tasks (BLiMP, GLUE, MSGS) and an additional reading

time prediction task.

The content in this chapter is based on:

Julius Steuer et al. (Dec. 2023). “Large GPT-like Models are Bad Babies: A Closer Look

at the Relationship between Linguistic Competence and Psycholinguistic Measures”.

In: Proceedings of the BabyLM Challenge at the 27th Conference on Computational

19
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Natural Language Learning. Ed. by Alex Warstadt et al. Singapore: Association for

Computational Linguistics, pp. 142–157. DOI: 10.18653/v1/2023.conll-babylm.12.

URL: https://aclanthology.org/2023.conll-babylm.12

Julius Steuer conceptualized the research, conducted experiments and led the paper

writing. Marius Mosbach and Dietrich Klakow developed the initial research questions,

and Marius Mosbach helped with the paper writing.

3.1 Introduction

In recent years several approaches have been taken to test LMs for cognitive plausibility.

This is usually done by using output probabilities of the LM as a predictor for a model’s

preference towards certain linguistic structures (Roark et al., 2009; Wilcox et al., 2020).

Another strain of research uses the output probabilities as a correlate of psycholinguistic

measures, e.g., N400 and P600 EEG signals (Heilbron et al., 2019 and recently J. Li

and Futrell, 2023) and (self-paced) reading times (Fernandez Monsalve et al., 2012).

A natural question that arises is whether cognitive plausibility should be attributed to

the model architecture itself, or to the training regime in combination with the training

dataset. Little research has been done on the actual neurological plausibility of large

language models (LLMs), but Schrimpf et al. (2021) showed that the architecture

of BERT-like models is already plausible for the next word prediction task before

training: model predictions with only the language modeling head trained are already

predictive of human brain activity during reading and correlate well with the predictions

of the fully trained model. In contrast, no correlation between brain activity and model

predictions was found for models trained on GLUE (A. Wang et al., 2019), a natural

language understanding (NLU) benchmark. This finding may mirror an underlying

difference in language processing between formal and functional linguistic competence

as introduced by Mahowald et al. (2023) and discussed in Chapter 2.4.2. Our study,

however, does not attempt to find arguments in favour of either position, but to study

the implications of this dichotomy for the paradigm of cognitive modeling.

https://doi.org/10.18653/v1/2023.conll-babylm.12
https://aclanthology.org/2023.conll-babylm.12
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Figure 3.1: Our results show that LM performance on the BabyLM challenge tasks is nega-

tively correlated with perplexity on the development set of the BabyLM corpus

(lower perplexity leads to higher performance). In contrast, a positive correlation

(Spearman’s ρ = 0.4784, p < 0.05) was found between LM perplexity and the fit

of LM surprisal to self-paced reading times from the Natural Stories corpus (Futrell

et al., 2021) in terms of the difference in log-likelihood between a basline linear

mixed-effects model and a model using LM surprisal as a predictor. Lines were

fitted with 3 (challenge tasks) or 6 (reading times) degrees of freedom to the LMs’

average performance on the task. See Section 3.6 for detailed results.

As stated earlier, the output probabilities of LMs lie at the basis of the application of

LMs to cognitive language modeling, usually in the form of a probability distribution

over a vocabulary of word forms given either surrounding words (masked language

modeling) or preceding words (causal language modeling). Evidence for the use of

surprisal (a word’s negative logarithmic probability in context) instead of the actual

probability comes from logarithmic effects of contextual probabilities on processing

difficulty (Shain et al., 2022). Another approach is to evaluate the output probabilities

of a LM over a number of classes that may or may not apply to the input sequence,



22 L A R G E G P T- L I K E M O D E L S A R E B A D B A B I E S

usually after fine-tuning the LM. The reliance of research in this direction on the

output probabilities of LMs has already been criticized from multiple sides. There

is a growing body of evidence that the performance of a LM in the typical language

modellng task, next word prediction, and measures of formal linguistic competence

are not correlated. J. Hu et al. (2020) found no correlation between LM perplexity and

measures of formal linguistic competence, while K.-J. Huang et al. (2023) argue that

LM surprisal should not be assumed to be a good predictor of psycholinguistic measures

of processing difficulty that require more than just lexical information. This lack of

correlation with psycholinguistic measures becomes more prominent with the increasing

size of LMs ( Oh and Schuler, 2022), and especially so in extreme cases of human

processing difficulty: Arehalli et al. (2022) showed that surprisal from LSTM-based

LMs underestimates garden-path effects on reading times, while successfully predicting

reading times for most non-garden-path sentences. This finding has been corroborated

for transformer-based LMs such as GPT-2 (Jurayj et al., 2022) and BERT (Irwin et al.,

2023).

3.2 BabyLM

The BabyLM challenge (Warstadt et al., 2023a) introduces a novel constraint to cog-

nitively plausible language modeling by limiting the token budget for LM pre-trained

to 100 million (100M) tokens, roughly the same amount of tokens a 13-year old child

has seen during language acquisition (Gilkerson et al., 2017). While the focus of the

challenge is on the pre-trained procedure, the evaluation pipeline consists of the BLiMP

(Warstadt et al., 2020a), MSGS (Warstadt et al., 2020b) and GLUE benchmarks, each

of which aims to test for a specific dimension of linguistic competence.

BLiMP tests for formal linguistic competence by comparing model predictions at a

critical word in pairs of grammatically acceptable and unacceptable sentences, with the

sentence pair only differing with respect to a single feature, e.g., whether a determiner
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agrees with its antecedent in gender or not. A model succeeds at the task if it assigns a

higher probability to the critical word in the acceptable sentence.

GLUE is a benchmark that requires fine-tuning1 of the LM. It tests for a wide range

of NLU problems, e.g., question answering, natural language inference and linguistic

acceptability judgements, and hence can be regarded as a proxy for the functional

linguistic competence of a LM.

MSGS is a benchmark of binary classification tasks that tests whether a LM prefers sur-

face generalizations over syntactic generalization by first fine-tuning on data consistent

with both types of generalization. At inference time, items are consistent with only one

type, potentially revealing a bias towards either generalization type.

Previous studies mainly provided insights into the relationship of pre-trained token

budget and measures of formal and functional linguistic competence. Y. Zhang et al.

(2021) showed that encoder-only LMs already perform well on formal tasks such as

BLiMP at a budget of 10-100M tokens, while requiring substantially larger token bud-

gets to perform well on functional tasks such as GLUE. While this research established

correlations for pre-trained token budgets, similar relationships for model size at a

fixed token budget have not yet been investigated. This study is dedicated to finding a

relationship between model size and performance on these tasks, while simultaneously

addressing the dimension of processing effort, which is not covered by the challenge

tasks. This is done using the strict version of the BabyLM corpus, mainly because

there is evidence that the fit with psycholinguistic measures profits from token budgets

far larger than the 100M tokens in the corpus (Oh and Schuler, 2023a).However, we

also implicity evaluate on models that are trained on token budgets of 10M tokens,

corresponding rather to the strict-small track in Section 3.7.

1 During fine-tuning, we train all parameters of the pre-traineded LM as well as a randomly initialized

classifier on top of the LM.
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3.3 Research questions

The starting point of our work is Y. Zhang et al. (2021)’s finding of an earlier saturation

effect (in terms of pre-trained tokens) for BLiMP as opposed to (Super)GLUE. If

performance on BLiMP is already close to the optimum after pre-trained for 100M

tokens, we suspect that a model with relatively small capacity is sufficient to reliably

learn the required syntactic and semantic features. In contrast, the larger pre-trained

token budget and model size needed for GLUE should also require a model with higher

capacity.

Studies on reading time prediction generally use causal LMs trained on a next-word

prediction task instead of masked LMs (Oh and Schuler, 2022; Arehalli et al., 2022;

Jurayj et al., 2022) because of their closer similarity to human language processing.

Although masked LMs such as BERT show some word order effects (Papadimitriou

et al., 2022) and even garden-path effects ( Irwin et al., 2023), they are cognitively

implausible in the sense that they process all words in a sequence simultaneously when

predicting a word at a masked position, rather than processing language sequentially.

This autoregressive property mirrors human language processing, and is therefore de-

sirable in studies with the primary goal of modeling human reading behaviour. We

therefore employ decoder-only, GPT-like LMs (Radford et al., 2019) in our study, i.e.,

we want to answer the following research questions:

Research Question A: Are GPT-like models cognitively plausible in the sense that they

are able to acquire (a degree of) formal and functional linguistic competence, while

being also predictive of human processing effort?

Research Question B: Can such LMs be trained on the same data as a child has

available during language acquisition (100M tokens)?
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3.4 Previous work

Do we need transformers for cognitive plausibility? Despite promising findings by

Hosseini et al. (2021), it has yet to be determined whether transformers, and decoder-

only transformer LMs in particular, are cognitively plausible in the sense that they

are data-efficient enough to acquire human-like2 linguistic competence. Indeed, there

are results that seem to partially contradict the necessity of LLMs with wide context

windows in order for a model to exhibit human-like processing behaviour. Kuribayashi

et al. (2022) showed that reducing context length of LLMs improves the fit of a LMM

on gaze durations, with surprisal from a bigram GPT-2 model as a predictor yielding the

largest log-likelihood reduction over the baseline model. Wilcox et al. (2020) failed to

identify a relationship between psychometric predictive power (PPP) (∆ log-likelihood)

and syntactic generalization, concluding that different models are needed for modeling

human processing effort versus syntactic generalization.

Linguistic competence vs. psycholinguistic measures It has long been clear that LM

capacity, and subsequently LM perplexity, does not necessarily correlate with human-

likeness (Kuribayashi et al., 2021). LLMs such as GPT-3 in particular were found to

have considerable disadvantages when it comes to predicting psycholinguistic measures

from their next-word predictions: Oh and Schuler (2022) found an inverse relationship

between both perplexity and LLM capacity, versus fit to human reading times. The

authors of this study hypothesize that this is because transformers have access to the

full sequence context, and are trained on large enough corpora to make use of the

information that they contain. This relationship between model perplexity and reading

times is however not intrinsic to transformer-based LMs: J. Hu et al. (2020) found a

similar relationship for LSTM LMs, though small GPT-like models have an advantage

over recurrent models.The impact of LM size on linguistic competence was investigated

by Eldan and Y. Li (2023), who found that relatively small GPT2-like models (<10M

parameters) manage to produce fluent English and can be trained on relatively small

2 Here, we do not use "human-like" to imply human-level performance, but rather that the model is

subject to similar processing constraints as a human.
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corpora with a reduced vocabulary. Their study also shows that the relationship still

holds for small models, while also identifying trade-offs between model width (hidden

size) and depth (number of decoder layers).As for training dataset size, Oh and Schuler

(2023a) found that surprisal from transformer-based LLMs gives the best fit to reading

times at about 2B train tokens, across a wide range of model sizes. The corpus used

in their study is very large (300B tokens), allowing for extensive training of a model

without repeating any data. Reaching the same number of update steps with the much

smaller BabyLM corpus would require training for multiple epochs.

Single- vs. multi-epoch training Since the BabyLM training data is substantially

smaller than the 2B tokens suggested by Oh and Schuler (2023a), training our models

in a multi-epoch setting cannot be avoided. Previous research has shown that repeating

the training data can have adverse effects: Xue et al. (2023) compared single-epoch

vs. multi-epoch training in a limited data setting and show that multi-epoch training

leads to overfitting, with little performance being gained after the first epoch. They also

find that regularization can only partially alleviate the overfitting problem, with dropout

having the largest effect. Not having to repeat the training data is advantageous for

downstream tasks and psycholinguistic modeling, if a certain amount of training data

is available: Oh and Schuler (2023a) found that reading time fit deteriorates after 2B

tokens over a wide range of model sizes. However, it is not clear if repeating the training

data would lead to an even stronger deterioration. If the corpus is substantially smaller

than 2B tokens, repeating the training data could have a different effect, especially if

the optimum of the reading time fit depends on the availability of the 2B tokens.

3.5 Methodology

Modeling We use the OPT architecture by S. Zhang et al. (2022a) with a language

modeling head for pre-trained. Following our intuition that BLiMP should require

much smaller model sizes than MSGS and GLUE, we train a series of OPT models

of different sizes, varying only model width (hidden size) and model depth (number
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Figure 3.2: Task performance by model size (higher numbers are better). Baselines can be

found in Appendix B.3.

of decoder layers). In total we train 24 models varying over 4 hidden sizes lhidden ∈

{192, 384, 768, 1536} and 6 numbers of decoder layers (ldecoder ∈ {1, 2, 4, 8, 16, 24}).

We also adjust the dimension of the feedforward layers such that the size of the output

vector lforward = 3 × lhidden. Table B.1 in Appendix B shows the resulting model

sizes. The models and all code for pre-trained are implemented with PyTorch (Paszke

et al., 2019) and HuggingFace transformers (Wolf et al., 2020a), starting from their

implementation of OPT. We also trained a new tokenizer on the training set of the

BabyLM corpus, using the same vocabulary size |V | = 50272 as the original OPT

tokenizer. We report all results as averages over 3 random seeds (see Appendix B for

full results and standard error).

Training Following the Shortformer pipeline (O. Press et al., 2021), each model is

trained for one epoch with an initial sequence length of 64, followed by 4 epochs

with the full sequence length of 256. The full sequence length of 256 was chosen as a

compromise between the relatively short test items in the challenge tasks (up to 128

tokens) In order to ensure that the model generalizes to longer sequences we use ALiBI

(O. Press et al., 2022) instead of learned positional embeddings. This also ensures that

our models generalize to the longer sequences in the Natural Stories corpus. We trained

each model on a A100 GPU with 40 GB VRAM and an effective batch size of 128,

using gradient accumulation for models that could not fit the full batch size. We used

AdamW (Loshchilov and Hutter, 2019) as our optimizer with an initial learning rate of

0.001 and weight decay of 0.001 with 2000 linear warm-up steps. We use a dropout of

0.1 following the default HuggingFace transformers parameters for OPT.
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Pre-training experiments We also experimented with changes to the pre-trained

regime. We trained models on multiple permutations of the training dataset: ordering

sequences according to length (number of words), word length (number of characters),

sequence-level perplexity from a 3-gram LM trained on the same data, and different

orderings of the subcorpora as in Mueller and Linzen (2023). None of these approaches

resulted in significant performance gains in terms of perplexity and performance on the

challenge tasks over a baseline model trained on the concatenated BabyLM corpus with

subsequent shuffling of the sequences.

Evaluation We evaluated all models on the downstream tasks of the BabyLM challenge.

While these three tasks test for the linguistic competence of a model, they do not quantify

the cognitive effort associated with language processing. We therefore also evaluate all

models on a reading time prediction task. For each model, we calculated surprisal on

the items of the Natural Stories Corpus (Futrell et al., 2021). This corpus was chosen

because its domain is close to at least one of the BabyLM subcorpora (Children’s

Stories). We fitted linear mixed model (LMM) models with random intercepts for

subject, word and item (the id of the story); surprisal, word frequency, word length

and sentence position as predictors and log-normalized reading times as the response

variable. The exact formula is

lmer(log(reading_time) ~ word_surprisal + len(word) + log(word_frequency) +

position + (1|word) + (1|subject) + (1|item), data = .)

For the reading time analysis we report the difference in log-likelihood between the mod-

els with surprisal as a predictor over a baseline model with only the control predictors.

For all other tasks we report accuracy.

Code We used the evaluation code provided by the organizers of the BabyLM challenge3,

with some modifications to load custom models. The evaluation pipeline is based on the

LM-Eval framework by Gao et al. (2021). Fine-tuning on GLUE and MSGS was done

with the default hyperparameter settings, but we reduced the number of fine-tuning

epochs to 3 as we did not observe any improvements after 3 epochs. The LMM models

3 https://github.com/BabyLM/evaluation-pipeline

https://github.com/BabyLM/evaluation-pipeline
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Figure 3.3: Task performance by hidden size, number of layers and task.

were fitted using the lmerTest R library (Kuznetsova et al., 2017) via the pymer4 Python

package ( Jolly, 2018). The code to pre-trained and evaluate all models is publicly

available on GitHub4. The model with the highest BLiMP accuracy and detailed results

for the LMM models are made available at the same location, alongside instructions on

how to run the training and evaluation pipelines.

3.6 Results

Fine-tuning GLUE Fine-tuning on GLUE was overall very unstable and often failed

to outperform the baseline. This was mainly due to the one-size-fits-all approach

to the fine-tuning hyperparameters; we repeated several more fine-tuning runs with

different hyperparameter settings on some of the GLUE tasks, and found that, e.g., RTE

profited from a longer warm-up period (which is in line with the findings of Mosbach

et al. (2021) for BERT-like models), but most other sub-tasks fine-tuned with the

same hyperparameters showed a drop in performance. While we could have optimized

hyperparameters for all sub-tasks, the main objective of the BabyLM challenge is to

improve the pre-trained part of the NLP pipeline. Thus, we decided to fine-tune with

the default hyperparameters, only adjusting the number of epochs as we found that the

fine-tuning runs already converged after a few epochs.

Model size Figure 3.2 shows the relationship between model size and task performance:

While GLUE (Spearman’s ρ = 0.7739, p < 1−4) and MSGS (ρ = 0.7148, p < 1−4)

4 https://github.com/uds-lsv/babylm

https://github.com/uds-lsv/babylm


30 L A R G E G P T- L I K E M O D E L S A R E B A D B A B I E S

performance scales with model size, BLiMP performance plateaus after reaching a

model size of about 50M parameters (ρ = 0.8835, p < 1−4). In contrast, reading time

fit was negatively correlated with model size (ρ = −51.39, p < 0.05). All correlations

are statistically significant with p < 1−4. No single model performed best on all three

challenge tasks, with large differences in the size of the best model. Figure 3.1 shows

that similar correlations hold for model perplexity and task performance (BLiMP:

ρ = −0.9765, p < 1−4, GLUE: ρ = −0.8287, p < 1−4, MSGS: ρ = −0.8661,

p < 1−4); negative correlations mean that lower perplexity leads to higher performance.

We found strong positive correlations (pictured in Figure B.2 in Appendix B.1) between

performance on the challenge tasks (BLiMP and GLUE (ρ = 0.8784), BLiMP and

MSGS (ρ = 0.9182) and GLUE and MSGS (ρ = 0.815) generally with p < 1−4).

Model width vs. depth While BLiMP performance was not found to be strongly corre-

lated with either the number of decoder layers or hidden size, GLUE and MSGS showed

some variability based on the number of layers. For GLUE the only configuration that

showed a monotonic improvement in performance was a hidden size of 1536, with

models with more decoder layers achieving higher accuracy in this setting. For MSGS

we observed a drop in performance for the models with 24 decoder layers at the largest

hidden sizes (384, 768). Overall, the effect of hidden size and number of layers was

minor when compared to overall model size. In contrast, the best fit on the reading

time data was achieved with the second smallest model with only 2 decoder layers and

a hidden size of 192. Figure 3.3 illustrates this trend: for the challenge tasks, perfor-

mance increases with the number of layers (though not monotonically), whereas ∆

log-likelihood of the LMM models decreases with the number of layers at lhidden = 192

and, to a lesser extent, at lhidden = 384, while deeper models with more decoder layers

and larger hidden sizes perform considerably worse.

Possible confounds The reading time analysis suffers from several potential confound-

ing factors: Firstly, the domain of the training data differs considerably from the data

in the Natural Stories corpus. While the training data also contains some longer texts

(Wikipedia, Children’s Stories), most of the corpora are more representative of spoken

language (Open Subtitles, BNC Spoken, CHILDES). In addition, most sequences are
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relatively short, with a median sequence length of 8 in the Open Subtitles corpus, which

accounts for >50% of the training data. This is considerably less than the median

sequence length of 22 in the Natural Stories corpus. Another confounding factor might

be the difference in exposure to language data of the model and that of the participants

of the original reading time study. Futrell et al. (2021) do not provide demographic data

of their participants, but since data collection was done via Amazon Mechanical Turk

we can safely assume that the mean age of the participants was higher than 13, meaning

that they were exposed to considerably more language data than the 100M tokens in

the BabyLM corpus. Although a recent study by Oh and Schuler (2023a) showed that

reading time fit (in terms of ∆ log-likelihood) from transformer models still profits from

pre-trained data multiple orders of magnitude larger than our corpus, with an optimum

at 2B tokens, this is partially alleviated in this study by the multiple-epoch training

regime, totalling about 500M tokens seen by each of our models. Since Oh and Schuler

(2023a) found that training on more unseen tokens after reaching the optimum leads to

a quick deterioration of reading time fit proportional to model size, it is unclear what

impact repeating the training data would have on the reading time fit.

3.7 Reading time prediction in a multi-epoch setting

Experimental setup In order to evaluate whether the negative correlation is an artifact

of the domain mismatch between the BabyLM corpus and the items in the Natural

Stories corpus or the repetition of the training data before reaching the optimal token

budget, we conduct two additional experiments: First, we retrain all models on the

BabyLM corpus for a single epoch, saving intermediate checkpoints at 100, 500, 1000,

2000 and 3000 training steps. Then, we use the intermediate models to fit LMM models

to the reading time data, using the same formula as given in Section 3.5. Second, we

replicate these experiments on Wikitext-103, a corpus of similar size that does not have

the same limitations of the BabyLM corpus (i.e. an average sequence length and a

domain closer to the Natural Stories corpus). The models trained on Wikitext-103 serve
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Figure 3.4: Reading time fit in terms of ∆ log-likelihood over a base model without surprisal as

a predictor, on the BabyLM and Wikitext-103 data after 500, 1000, 2000 and 3000

training steps (1/8, 1/4, 1/2 and 3/4 of an epoch) and 1 and 5 epochs.

as a control for the experiments on the BabyLM corpus and were not included in the

final submission. Since the results indicate that larger models yield a worse reading

time fit, we restrict the experiment to small models (1-4 layers, all hidden sizes) and

larger models with the smallest and largest hidden size (192 and 1536). The models

are trained with the same hyperparameter settings as the original models, but sequence

length is not reduced in the first epoch.

Results Figure 3.4 shows a somewhat different picture for the models trained on

Wikitext-103, with reading time fit of smaller models increasing over the whole pre-

trained procedure, while models with lhidden > 192 almost never improve over the

baseline model. In contrast, the reading time fit of the LMs trained on the BabyLM

data improves significantly over the baseline for shallower models (< 2 decoder layers),

while staying roughly constant for deeper and wider models (16, 24 decoder layers).

However, the relationship between the number of training steps and reading time fit is

not monotonic, with a slight decrease after training for 4 more epochs for the best model.

While the models trained on the Wikitext-103 dataset yield a better fit to reading times

in terms of ∆ log-likelihood, the basic finding on the BabyLM data is corroborated:

exposing a transformer model to multiple repetitions of the training data before reaching
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the optimal token budget does not lead to a decrease in reading time fit, but also does not

improve over the single epoch setting in a meaningful way. The results also show that

the improved reading time fit for lhidden = 192 cannot be attributed to smaller model

size alone, as the deepest model with that hidden size, 24*192 shows an improved fit

over the baseline, while 1*384, a model with a comparable number of parameters, but

a larger hidden size, does not. In conclusion, we did not find a degradation of reading

time fit when repeating the training data, with similar effects of LM size on reading

time fit for Wikitext-103 and the BabyLM corpus (see Table B.2 in Appendix B.3 for

Spearman’s ρ’s and p-values). We also found The BabyLM corpus to be advantageous

for this task in the sense that – in contrast to Wikitext-103 – reading time fit from all

models improved over the baseline LMM model.

3.8 Discussion

Correlation between BLiMP, GLUE & MSGS The experiments presented in Section

3.6 provide evidence for a correlation between LM performance on BLiMP, GLUE and

MSGS tasks when pre-training on the BabyLM corpus. This correlation is in accordance

with established effects of training dataset size (Y. Zhang et al., 2021), and interactions

of train corpus size and model capacity (Eldan and Y. Li, 2023, Kaplan et al., 2020).

However, no single model achieves the highest score on all three tasks: BLiMP shows

diminishing returns for model sizes larger than 50M tokens, while the best model on

MSGS (16*1536) is substantially smaller than the best model on GLUE (24*1536).

This discrepancy between the best model on the BabyLM challenge tasks and on the

reading times prediction task is illustrated by Figure 3.5. The correlation between

BLiMP/MSGS and GLUE may be an artifact of the sub-optimal fine-tuning on GLUE,

failing to outperform the baseline model. It cannot be ruled out that the results would

change when determining the optimal hyperparameters for each sub-task individually.

However, even if the correlation were an artifact of the pre-training data, the findings of

a negative correlation between model size and reading time fit would still hold.
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Figure 3.5: Performance of the best models by task. Reading times ∆ log-likelihoods are

normalized in the interval [0, 1].

Cognitive plausibility The best fit on self-paced reading times from the Natural Stories

corpus was obtained with the second-smallest model, with models with lhidden > 192

only slightly improving over the baseline. The second suite of experiments in Section 3.7

confirms that this is not solely caused by the multi-epoch training regime necessitated

by the small token budget. The reason for the mismatch between measures of cognitive

plausibility (reading times) and measures of formal (BLiMP, MSGS) and functional

linguistic competence (GLUE) is rooted in the interaction of pre-training regime and

model size: While it is feasible to train a model that performs comparatively well on all

four tasks on a budget of 100M tokens, the sweet spot for model size and dataset size is

reached much earlier for the reading time prediction task than for the BabyLM challenge

tasks. This problem could easily be resolved by using one model when modeling reading

times (or any other psycholinguistic measure), and another model when either of the

forms of linguistic competence is the aim. This might be a valid and promising approach

in a situation where the understanding of the research object does not depend on the

connectedness of its experimental analoga. In the case of our research object – the human

language faculty – it may not be necessary to find a single analogon that accounts for all

its components, but since we know that the human language faculty is part of a unified

cognitive system (with specialized sub-units) performing the tasks which the modern

language modeling pipeline of pre-training and fine-tuning splits up into individual
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modules, it would be worthwhile to move in the direction of a unified approach that

accounts for both forms of linguistic competence and empirical evidence of processing

effort. This could be achieved through adjustments to the pre-training regime (in terms

of data, modeling objective etc.), as suggested by the BabyLM challenge, or through

adjustments to the model architecture.

Size of transformer models The results of the reading time prediction study on the

BabyLM corpus indicate that it in fact has an advantage over Wikitext-103, although the

LMs trained on the latter achieve larger ∆ log-likelihoods on average: Since the largest

models fail to improve over the baseline model if trained on Wikitext-103, it is possible

that some properties of the language in the BabyLM corpus facilitate the learning

mechanism that actuates the correlation of LM surprisal and reading times. The reason

for the worse fit of surprisal from the larger models may be that both Wikitext-103

and the BabyLM corpus are not large enough to induce the learning bias needed to

give good predictions of reading times in larger models, with Figure 3.4 showing that

the results on the BabyLM corpus are much less stable than on Wikitext-103 and the

improvements over the baseline much less sharply linear. In summary, our results lead

to the following answers to our research questions:

Result: Research question A GPT-like LMs can be cognitively plausible and display

formal and functional linguistic competence, although not both at the same time...

Result: Research question B ...under the constraint of a developmentally plausible

training dataset.

3.9 Conclusion

Our study highlights the challenges of training a LM that performs well on tasks

requiring some degree of formal and functional linguistic competence as defined by

Mahowald et al. (2023), while also being predictive of the psycholinguistic measure

of reading times. We find that small, shallow models of less than 5M parameters yield

the best fit to the psycholinguistic measure, while performance on BLiMP, GLUE and
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MSGS improves with increasing model size, although to a different degree for each of

the tasks. This has implications for research on cognitively or developmentally plausible

models of human language processing: in the case of a small, domain-specific training

corpus it is not feasible to pre-train an LLM that displays formal linguistic competence

and performs well on a reading time prediction tasks, a conclusion also drawn by

Wingfield and Connell (2022). Consequently, research in this direction has concentrated

on fine-tuning pre-traineded LLMs on domain-specific data, e.g., Skrjanec et al. (2023).

A promising approach to a unified architecture could be relegating special tasks (such

as classifying a sequence as in GLUE) to adapters (Houlsby et al., 2019), sub-networks

within a pre-traineded LM. This approach is common in multilingual language modeling

(Pfeiffer et al., 2022a; Alabi et al., 2022), where its success is partially attributed to its

ability to separate general linguistic knowledge from language-specific information. A

similar modeling decision may be necessary for cognitively plausible language models.

While this chapter considered LMs as models of the language faculty of a single hu-

man, Chapter 4 looks at LMs as models of a single or multiple languages, i.e., languages

as abstract objects separate from their realization in any speaker. This includes a change

in the scope of our research questions: While we have so far considered differences in

linguistic competence and processing effort between speakers and language structures,

we will now move on to differences in the organization of the pronominal systems

between languages. This is still a synchronic comparison, but it makes use of surprisal in

a very different way: Instead of using surprisal as an explanans of observed differences

in language processing, we correlate surprisal with the properties of personal pronouns

(such as gender and number) to recover general facts about the structure of a language.

3.10 Limitations

The results of the paper mainly hold for decoder-only transformer LMs. While these

LMs are closer to human language processing in the sense that they process language

incrementally, this has some disadvantages for reading time predictions, since humans

do not attribute equal importance to each word, skipping some words in the process, and
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typically integrate words from the left- and right-hand context of a fixated word. While

the first point can be addressed by explicitly modelling skipping behaviour (Hahn and

Keller, 2016), the second could require a solution closer to masked language models.

A second limitation is the focus on self-paced reading time as the psycholinguistic

response variable. Since the setup of self-paced reading studies, with the participants

observing a single word at a time, distorts the natural reading process, the measure

itself may be not that cognitively plausible. This could be addressed by repeating

the experiments on corpora from eye-tracking studies such as the Dundee corpus (

Kennedy and Pynte, 2005). There is evidence that much larger models than those

tested in the current study still improve the fit to total reading times in less restricted

experimental settings (Varda and Marelli, 2023). The latter study also shows that the fit

to psycholinguistic measures varies over languages and writing systems.

Another option is modelling brain activity patterns directly by predicting N400

and P600 EEG signals, which have the additional advantage of providing a means of

decomposing LM surprisal without the proxy of linguistic structure, as shown by J. Li

and Futrell (2023).
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3.11 Future Work

As already hinted on in Section 3.9, there are multiple promising approaches to make

LMs more human-like. While it has become clear that the limitation of exposure to

linguistic data during pre-training is crucial, I will set out breifly other aspects of

LM training data and architecture that promise to increase the human-likeness of the

language a LM acquires, as measured by its formal and functional linguistic competence

and PPP.

3.11.1 Syntax-aware language models

One option is the explicit inclusion representations of syntactic structure as inductive

bias in the training data, e.g., by training an LM like Transformer Grammars (Sartran

et al., 2022) on linear representations constituency-parsed data. This approach might

suffer from data sparsity, as gold standard constituency parses are difficult to come by,

at least for languages other than English. My expection is that a LM trained in this way

could be more sensitive to syntactic ambiguities and therefore better predict reading

times of, e.g., garden-path sentences, which are notoriously difficult to predict even for

LMs jointly trained on a language modeling and parsing task (Arehalli et al., 2022;

K.-J. Huang et al., 2023).

3.11.2 Classification vs. generation

When comparing a LM’s PPP and its performance on classification tasks like CoLA (

Warstadt et al., 2019), this comparison is usually made between two instances of the

same model: PPP is evaluated on surprisal estimates obtained from the pre-trained model

(that was only trained on a language modeling task). In contrast, classification tasks in

their classical configuration require a new set of weights θCL called the classification

head that projects a contextualized embedding (of class token in encoder-only models or
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of the sequence-final token in decoder-only models) to the number of classes. This new

set of weights is either trained jointly with the weights of the transformer θTF, modifying

both in the process, or only θCL is trained while the weights of the transformer are

frozen. In both cases, the different kinds of linguistic competence are distributed over

disjoint parts of the same model: Task knowledge resides either in the classification head

θCL, or jointly in the updated transformer weights θ′TF and the classification head, and

there is no model that would possess both types of linguistic competence as discussed

in Section 3.1. While it would be possible to use the fine-tuned transformer θ′
TF

with

the language modeling head θLM, previous work has shown that full fine-tuning of a

LM deteriorates its language modeling quality (Mosbach et al., 2020), which directly

impacts formal linguistic competence, since benchmarks like BLiMP use surprisal to

distinguish between grammatical and ungrammatical sequences. The deterioration of

LM quality could be counteracted by reformulating a classification task as a sequence

to sequence task, or by jointly training on the classification task and on a language

modeling task.

3.11.3 Models with human-like memory limitations

An important limitation of the cognitive plausibility of transformer LMs is their large

context window: Even the LMs in this study where trained on sequences of 128 tokens,

and usually (maximum) context sizes are much larger. This is corroborated by the

findings of Kuribayashi et al. (2022) and indirectly Oh et al. (2024), although this

study did not explicitly model the effect of context size on reading time fit. However,

even limiting the context size to a more human-like value (as was done in the study on

personal pronouns described in Chapter A) is clearly far removed from how humans

process language: In transformers the context is either present or absent, and never

subject an actual memory limitation5. This could be addressed by combining a decoder

with a small context window of n tokens with an embedding model that compresses

5 Of course any individual model might not be able to make use of all the information in its context

window, e.g., because it is too small or was trained on insufficient data.
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contexts longer than n tokens into a vector representation, which is then passed to the

decoder alongside the fully attended context. This could also be achieved by applying

different types of attention to the context, as is done in the Perceiver architecture (Jaegle

et al., 2021).

3.11.4 Syntactic structure through inductive bias

Applying a specific LM architecture – be it of the transformer kind or other – to the study

human language or, as in the case of BabyLM, human language acquisition, always has

the disadvantage of requiring the researcher to subscribe to certain assumptions about

the human language faculty that are forced upon them by that architecture. Thus, the

incentive to use an architecture that makes as little assumptions about the data it sees as

possible is easily explainable. It is maybe from this point of view that a position like

that of Piantadosi (2023) or Futrell and Mahowald (2025) becomes understandable to

people such as myself, who start out from linguistic theories and see LMs as a somewhat

misused tool to (in)validate these theories. In the absence of a model-intrinsic syntactic

(or other) bias, the actual language data a LM is exposed to during training becomes the

focus of investigation. In this context questions of compositional generalization become

relevant, and I would like to build on previous work in this direction (J. Hu et al.,

2020; Mueller and Linzen, 2023; Leong and Linzen, 2023). I am also interested in

the apparent disjunction of syntactic and semantic knowledge in LMs (see Weissweiler

et al. (2023) for a treatment if English comparative correlatives), which also hearkens

back to my point about the disjunction of formal and functional linguistic competence

in LMs I raised in Section 3.11.2. It seems to me that the kind of statistical learning that

is inherent to transformer LMs works differently for syntactic and semantic knowledge,

and investigating both in the same model might not be justified.
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They saw it, onu,它, coming: An information

theoretic study of cross-linguistic variation in

personal pronouns

In this study, we applied a pre-trained multilingual LM, mGPT (Shliazhko et al., 2022),

in a comparative study of personal pronouns in a parallel corpus (mini-CIEP+, Verkerk

and Talamo 2024) of 17 languages from 8 language families. The reasons for choosing

a pre-trained model instead of, e.g., training our own model on the parallel data are

twofold: Firstly, most of the data in the corpus is still under copyright, and training a

LM on it, strictly speaking, would be illegal. Secondly, using a model that was pre-

trained on a large corpus ensures LM quality, which is particularly important when we

consider longer context sizes. We complement the results for the multilingual model

with results for multilingual model with monolingual models for 4 languages that we

trained on wiki-40B (Guo et al., 2020). We aim to capture the predictability of personal

pronouns using the information theoretic measure of surprisal, which characterizes

the information value of a word given its preceding context. We compute the surprisal

of personal pronouns in these languages at different context sizes. Then, Bayesian

Regression models are fitted with surprisal-based response variables and a range of

independent variables, including the frequency of the pronoun and various morpho-

syntactic parameters (syntactic role, number, person, and others). These parameters are

extracted from grammars and from mini-CIEP+, which is automatically annotated in

the Universal Dependencies framework using pre-trained models.

41
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The content in this chapter is based on:

Luigi Talamo et al. (2025a). “They saw it, onu,它, coming: An information theoretic

study of cross-linguistic variation in personal pronouns,” in: Linguistics, to appear

Luigi Talamo and Annemarie Verkerk conceptualized the research and led the

paper writing. Luigi Talamo collected the dataset of relevant pronouns in miniciep+ and

fitted the regression models. Julius Steuer selected the information-theoretic response

measures and calculated surprisal values.

4.1 Introduction

4.1.1 Rationale

Cross-linguistic work on independent personal pronouns (you, me, she, them, ...) has

focused on pronominal paradigms and associated universals (Joseph H. Greenberg,

1963; Cysouw, 1997; Mühlhäusler, 2001; Cysouw, 2009)1, diachronic patterns regarding

strong vs. weak forms and the development of pronominal clitics and bound affixes

(also known as concord, Heine and Song (2011) and Konnerth and Sansò (2021)), their

interaction with wider nominal morpho-syntax ( Louagie and Verstraete, 2015) and

usage-based accounts focusing on pragmatics (Langacker, 2007; Gardelle and Sorlin,

2015). These foci emerge from the deictic nature of pronouns, as they point towards

referents previously established in discourse and change their referent depending on

the context. Especially interesting from a typological perspective is how the usage of

personal pronouns interacts with their function, both from the perspective of information

structure as from the perspective of communicative efficiency. Arnold and Zerkle (2019)

capture two main viewpoints on the "why" of personal pronouns: (1) The "pragmatic

selection models", which work on the premise that personal pronouns are selected

in discourse because of the nonlinguistic representation of the referent’s status as

1 Joseph H. Greenberg (1963) states: "Universal 42: All languages have pronominal categories involving

at least three persons and two numbers."
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"accessible", "salient", "prominent", or "in focus" (Arnold and Zerkle, 2019, p. 2), and

(2), the "rational models", where the choice for personal pronouns is rooted in a need

for efficient communication, being maximally informative while using efficient forms –

personal pronouns are often very short. The main concern of Arnold and Zerkle (2019)

is which model does a better job at explaining the the choice language users make

between personal pronouns and other (types of) nominal items used for reference. This

is highly interesting from a pragmatic and psycholinguistic perspective, but given the

very limited work in these disciplines on non-European and non-WEIRD 2 languages,

it is also Eurocentric. It is guided by the idea that a speaker has to encode the referent

either using a nominal form or a pronoun, given that this is compulsory in English and

other well-studied European languages. Many languages of the world manage referent

tracking by indexing referents on the verb exclusively ( Dryer, 2013a) and have no

obligatory overt pronominal or nominal referents. Nevertheless - they tend to have

personal pronouns (Joseph H. Greenberg, 1963; Cysouw, 1997), but simply use them

far less frequently and for different purposes (Siewierska, 2012). In all likelihood, the

usage of personal pronouns in these languages is nevertheless rooted in their inherent

referential function, information structure, and communicative efficiency. We want to

assess this both from a cross-linguistic as well as an information-theoretic perspective.

While it would be optimal to conduct psycholinguistic experiments across a range of

diverse languages, we instead conduct a token-based corpus study (see Levshina 2022b)

across seventeen languages (given data availability, see below). We use the information

theoretic metric surprisal (Hale, 2001b; Levy, 2008) to approximate accessibility in

context. Surprisal measures how predictable a token is given its preceding context:

when the token is unpredictable, surprisal is high; when it is predictable, surprisal is

low. Predictability in context is directly related to cognitive effort; and correspondingly,

a lot of work has gone into relating surprisal to various measures of cognitive effort in

humans. Demberg and Keller (2008a) find that surprisal (lexical predictability) mediates

self-paced reading time and Smith and Levy (2013) expand this finding to fixation time

in eye-tracking experiments. Frank (2013) find that surprisal predicts the "strength" of

2 WEIRD stands for Western, Educated, Industrial, Rich, Democratic (Henrich et al., 2010)
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the N400 effect; words with higher surprisal have more negative N400s. Arnold and

Zerkle (2019)’s account of the choice between pronouns and full nominal referents

is rooted in predictability: personal pronouns are expected to be highly predictable

because they are given; their referent should be accessible in the (immediate) context.

More recent work has shown that items that are more accessible from the context have

lower surprisal (Zarcone et al., 2016; Aina et al., 2021), and that this effect is modulated

by the distance of the pronoun from a context item, i.e., the size of the preceding

context. Hence, we expect surprisal to correlate with accessibility. In this paper, we are

concerned with linguistic predictors of surprisal, given that pronouns are used in highly

divergent ways across the seventeen sampled languages.

4.1.2 The 101 on personal pronouns

What makes personal pronouns so special is that, compared with other lexical items

that refer to beings or things, their referent is not stable but rather changes throughout

any sizable chunk of spoken discourse or text: they are deictic terms. In spoken but

also in written language, personal pronouns are one of the main strategies through

which speakers and writers enable hearers and readers to keep track of entities without

using full or proper nouns whenever they need to refer to an entity (Arnold and Zerkle,

2019). This is especially true for third person pronouns, which are used to refer to

participants that have been mentioned previously – they are used as anaphoras that refer

back to antecedents. However, first and second person pronouns are used for referring

to previously established referents and for perspective taking too, especially in written

dialogues. In spoken discourse, the speaker may talk about themselves using first person

pronouns such as I or me, whereas the listener would refer to the speaker using the

second person pronoun you (and would in turn use I or me to refer to themselves). Both

hearer and speaker may use third person pronouns such as she or them to refer to people

that are not part of the speech situation. The distinction in what we call person, then, is

rooted in the triadic nature of communication: deictic resolution of roles taken by the

speaker, hearer, and relevant other third parties (Helmbrecht, 2004, p. 11). Pronouns
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also frequently encode syntactic role, number, gender, and other categories. These are

properties that flag useful information about the referent: are they agents or patients,

was it one entity or several? Feminine or masculine? Animate or inanimate? But the

usage of personal pronouns is not the only way to resolve deictic argument tracking

and co-reference: the usage of independent pronouns interacts with bound pronominal

affixes. Many languages have obligatory bound pronominal affixes on predicates that

indicate person, number, as well as other categories. For subjects, Dryer (2013a)

lists 437 languages that have "subject affixes on verbs", making this by far the most

common strategy for expressing pronominal subjects. The other strategy for expressing

pronominal subjects is by using independent pronouns, either obligatorily (in Dryer’s

sample, 82 languages), optionally (61 languages), or in a different place compared to

full noun phrases (67 languages). This implies that many languages may exclusively use

bound pronominal affixes for pronominal reference, a characteristic that has been called

"pro-drop" (Helmbrecht, 2004, p. 55), or leave coreference resolution up to context,

which has been termed "null-subject" (Camacho, 2013). It also implies that in such

languages, independent subject pronouns are used in a very different way compared

to languages with obligatory overt subject pronouns: in the later type, these will be far

more frequent, while in the former type, independent pronouns may be used only for

specific pragmatic reasons (see for example Länsisalmi (2001)). We will observe the

consequences of this later on. Personal pronoun systems vary greatly when it comes to

the parameters they encode; here we quickly mention a few very common ones, while in

Section 4.2.1 we review all that matter for the sampled languages: alternative morpho-

phonological forms (such as clitics or stressed pronouns), syntactic role, position, person,

number, gender, and clusivity. As for person, third person pronouns are different from

first and second pronouns: first and second pronouns (almost) exclusively have human

or animate referents and are first on the person hierarchy, while third person pronouns

can also refer to inanimates and are used as anaphors, they refer to participants that were

mentioned earlier in discourse (Helmbrecht, 2004, pp. 28, 50). Concerning syntactic

role, subject pronouns are more common than direct object pronouns (Helmbrecht, 2004,

pp. 28–29). In addition, speech act type is an important determinant: in expressions of
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internal mental states such as wishes, obviously first person pronouns are commonly

used; while in speech acts that center on the hearer, such as questions, we frequently

find second person pronouns. In this study, we do not further consider speech act

types. Number has been discussed extensively in the literature in terms of markedness

with reference to the number hierarchy ( Joseph Harold Greenberg, 1966, p. 31):

singular < plural < dual < trial, where singular is unmarked and markedness increases

as one moves to the right. Note that this characterization is rooted in part in frequency

(across nominal, pronominal and verbal marking of number), where singular is the most

common category, plural the second-most, etc. Lastly, politeness, where some languages

(64 out of 207 in Helmbrecht 2013) encode social hierarchies in their pronominal

paradigms (see for example Levshina 2017). An example is Dutch, whose speakers use

jij "2SG.FAMILIAR" vs. u "2SG.HONORIFIC" in different social contexts. In addition,

Helmbrecht (2013) lists seven languages where pronouns are avoided for reasons of

politeness; we sample two of these, Japanese and Indonesian. Again, we will observe

the impact of this linguistic behavior later on; and we discuss further details in Section

4.2.

4.1.3 Theory, aims and expectations

Given cross-linguistic differences in the usage of pronouns, as well as expected dif-

ferences in usage within pronominal paradigms, we wish to investigate if a general

information-theoretic measure, surprisal, can capture aspects of information status,

namely, givenness. While independent personal pronouns are always given ( Helm-

brecht, 2004, p. 29), we expect surprisal of a pronoun to fluctuate depending on both

cross-linguistic and paradigmatic differences just discussed. In a way, then, we want

to test whether surprisal reflects what we know from a typological and linguistic per-

spective. While surprisal in our study is used as a global, observed measure that is to be

explained by typological properties of a language, in the psycholinguistic literature it is

commonly employed as an explanans of processing effort on the level of the individ-

ual, see Section 4.1.1 and for example, the recent series of studies that aim to predict
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reading times from language model surprisal (Oh and Schuler, 2023a; Wilcox et al.,

2020; Arehalli et al., 2022; J. Huang et al., 2023). While these studies differ from

our approach by employing surprisal as a predictor and not a measure of processing

difficulty, the linking hypothesis between surprisal and processing difficulty remains

the same: A linguistic structure receives high surprisal if it is difficult to process (e.g.,

a low-frequency lexeme, a syntactic structure with multiple levels of recursion, or a

long dependency between a pronoun and its referent), and low surprisal if it is easy to

process (see for further details Section 4.3). Surprisal is inherently linked to frequency;

all other things being equal, lexical items that appear more frequent will have lower

surprisal. Frequency, at least for independent personal pronouns, is inherently linked

to all of the aspects shortly discussed above (person, number, etc.) and to a range of

further dimensions, unpacked in Section 4.2.1 below. We predict a strong correlation

between surprisal and frequency, and wish to observe if other, related dependencies also

hold; these are further discussed in Section 4.3.3 on linear models.

Since frequency is so important, our data source is chosen such that it allows for

direct comparison: a parallel corpus called mini-CIEP+ (Verkerk and Talamo 2024, see

Section 4.2.2 below). This corpus is fully annotated in the Universal Dependencies (UD)

(De Marneffe et al., 2021), and we rely on several layers ofUD annotation to extract

the relevant linguistic information. We take ten languages from different branches of

Indo-European, namely Irish (Celtic), Dutch (Germanic), Italian (Romance), Alba-

nian (Albanian), Greek (Hellenic), Lithuanian (Baltic), Ukrainian (Slavic), Armenian

(Armenian), Persian (Iranian), and Hindi (Indo-Aryan). Then we add languages from

seven different families: Arabic (Semitic), Basque (Isolate), Hungarian (Uralic), In-

donesian (Austronesian), Japanese (Japonic), Mandarin Chinese (henceforth: Mandarin,

Sino-Tibetan), and Turkish (Turkic). This brings our sample to seventeen languages,

related only at a deep level, but with a strong bias towards Europe. Unfortunately this

bias cannot be avoided in this study, as mini-CIEP+ is built on translations and the

version used does not feature any languages spoken outside of Eurasia/Papunesia. The

premise of our study, then, is to do quantitative typology on the basis of well-established

typological categories, in the same vein as Say (2014), Levshina (2017), Naranjo and
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Becker (2018), Gerdes et al. (2019), Masini and Mattiola (2019), Levshina (2022a),

Talamo and Verkerk (2022), Levshina et al. (2023), Jing et al. (2023), Talamo et al.

(2025b), Tao et al. (2024), and many others. Similar to some of these studies, this study

is highly exploratory in nature. While we have some general ideas on which pronouns

are more surprising than others, and how this could be related to accessibility from an

information processing perspective, we basically see this study as an exploration of

possible patterns, not as a test of any function- or theory-driven hypotheses. We are

aware of several limitations of our study. These include the language sample, which

mostly features synthetic languages from Eurasia and a possible overestimation of rates

of pronoun usage. Furthermore, there are a host of other factors that will interact with

the study of surprisal of personal pronouns (some of these are reviewed in Section 4.2

and Section 4.6.4 on limitations) that we do not include here. As for the predictors of

surprisal, we look here at the surprisal of a pronoun given the preceding seven words. In

Appendix E, we additionally look at surprisal as a function of context size, from n = 1

to n = 127 preceding words, operationalized as the area under the curve (AUC). These

are admittedly relatively simple metrics that may not capture well what surprisal could

tell us about pronoun usage and the accessibility of referents. We hope, however, that

this study can shed first light on the divergent use of personal pronouns across languages,

and how that usage may be explained in information-theoretic terms. We leave for future

work studies of languages whose type we were unable to sample altogether, such as

polysynthetic languages.

4.2 Data

4.2.1 Data from grammars: typological parameters

Drawing on the literature on personal pronouns and person marking, we prepared

a typology of personal pronouns in the relevant languages. The parameters that we

found to be relevant are shown in Table 1 (for a more detailed overview on all sampled
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languages, see Appendix A in the Supplementary Materials). We have extracted values

for these parameters from up-to-date reference grammars and through consulting native

speakers and language experts. We do not go over all parameters in full, for reasons of

space, but highlight those we think merit discussion. Independent personal pronouns

are distinguished from another personal marker strategy, bound pronominal markers

or index marking, by the notion of independent form. Independent form is defined in

Siewierska (2012, pp. 17–22) on a morphological and prosodic basis: independent

forms are forms that are morphologically and prosodically independent. Semi-bound

forms, or "clitics", stand in between independent personal pronouns and bound index

markers, in that they form a "phonological unit with a word (their host)" (Siewierska,

2012, p. 26), but in certain constructions they are realized as independent forms. For the

purpose of the present paper we consider both independent and semi-bound personal

pronouns and we refer to them collectively as "personal pronouns". However, as (

Siewierska, 2012, p. 26) points out, the distinction between bound index markers and

semi-bound clitics is sometimes blurred (for a recent discussion, see Haspelmath (2023)

on Romance object clitics). In five languages of our sample, a set of personal markers

are clearly described as clitics in the consulted grammars for Albanian Camaj and

Fox (1984, p. 94), Arabic Badawi (2016, pp. 51–53), Greek Holton (2012, pp. 114–

115), Indonesian Sneddon and Adelaar (2010, pp. 165–167), and Italian Maiden and

Robustelli (2014, pp. 93–100). Clitics are often described in grammars as "weak" or

"unstressed forms"; however, since Siewierska (2012) definition of independent form

does not include the phonological nature of the marker, stress or its absence is not a

sufficient condition for qualifying a form as independent or dependent. Accordingly,

weak or unstressed forms can be independent forms. In our sample, Dutch (Donaldson,

2008, pp. 66–69) and Irish (Stenson, 2019, pp. 157–161) have unstressed forms which

cannot be defined as clitics. Albanian uses clitics for the dative and the accusative; these

forms are indeed unstressed, but they are only used for three specific constructions:

the double object, in preverbal position and for the object argument of an imperative

( Camaj and Fox, 1984, pp. 94–95). In contrast, Irish has two sets of independent

personal markers, a set of personal pronouns and a set of augmented personal pronouns,
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which "are used whenever one would put stress on an English pronoun" (Stenson, 2019,

p. 160). The set of non-augmented personal pronouns thus qualify as unstressed forms,

but are not restricted to certain positions or constructions and the opposition between

the two sets is of a contrastive nature. Aside from morphological and phonological

form, there is a third aspect that may license an alternate set of pronouns, namely,

its discourse function. This opposition is commonly referred to in the grammars as

"emphatic vs. non-emphatic" or "intensive vs. non-intensive" pronouns. According to

Siewierska (2012, pp. 67–68), the term "emphatic" should be restricted to pronouns

performing exclusively an emphatic function. The only candidate in our sample with

such pronouns might be Basque, whose intensive (emphatic) forms are "most typically

used when the pronoun is in focus" and "may also be used as topicalized noun phrases

[and] are frequently preceded by ordinary pronouns" ( Trask, 2003, p. 152). Since

the languages of our sample display a maximum of two sets of personal pronouns,

we have decided to conflate the phonological, morphological and discourse aspect

into a single parameter, "alternative form" in Table 4.1, and list there if such sets are

attested. As for the encoding of the syntactic roles of personal pronouns, languages

of the sample use two strategies: case marking and adpositions. Here we have used

grammars to investigate which strategy is used, typically making use of a synoptic

table giving a list of the pronouns along with their morpho-syntactic features. Since

the distinction between syntactic roles is not always clear in grammars, most notably

for indirect object and oblique pronouns, we have opted to consider only a binary

opposition: subject vs. non-subject pronouns. For instance, since Italian uses three

different independent forms for subject, object and indirect object and prepositions

for oblique argument, we have coded its encoding of the syntactic roles as "case

marking" for both subjects and non-subjects and as "adpositional marking" for non-

subjects. Most languages have a pronominal case system, five do not (Indonesian,

Irish, Japanese, Mandarin, Persian). Note that even for these five, subject and non-

subject roles are annotated in the parallel corpus, making case a parameter available

for all languages. In six languages of the sample, Armenian (colloquial varieties:

Dum-Tragut (2009, p. 307)), Hindi (colloquial varieties), Hungarian, Indonesian, Irish
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and Persian, the adposition may be fused with the personal pronouns, giving rise to

inflectional adpositions. This happens under different morpho-syntactic conditions in

different languages. In Armenian (colloquial varieties), Hindi (colloquial varieties),

Hungarian, Indonesian and Persian bound personal forms are still transparent; for

instance, colloquial Hindi, mujha-ko "to me" vs. tuma-ko "to you" (Aarushi Singhal,

p.c.); Hungarian, iránt-em "towards me" vs. iránt-ed "towards you" (Rounds 2009: 145-

150); Indonesian, kepada-ku "to me" vs. kepada-mu "to you" (Sneddon and Adelaar,

2010, pp. 166–167). In Irish the paradigm of the inflectional adpositions is "not entirely

predictable, but some general patterns can be discerned" i.e., chugam "toward me"

vs. chugat "toward you" ( Stenson, 2019, p. 219). Another parameter that figures

prominently in the relevant literature is the expression of pronominal subjects; we

follow here the typology proposed by Dryer (2013a), which is reduced to four types

relevant for our sample and is slightly adapted as follows: (1) independent forms in

subject position that are normally if not obligatorily present; (2) dependent forms

(affixes) on verbs; (3) optional independent forms in subject position; and (4) mixed:

more than one of the above types with none dominant. Most of the languages of our

sample belong to the first or to the second type, two languages of our sample, Mandarin

and Japanese, belong to the third type, i.e., they have optional independent forms in

subject position but without verb affixation (Jiang (2016, pp. 508–509); Kaiser et al.

(2013, p. 137)), and another language, Irish, belongs to the fourth type, since verbal

suffixes can sometimes replace pronouns in subject position (Stenson, 2019, pp. 26–37).

The position of the pronouns with respect to its predicate is also relevant here; since

existing typological datasets (Dryer, 2013b; Dryer and Gensler, 2013) and consulted

grammars do not distinguish between pronominal and non-pronominal arguments, we

have extracted from mini-CIEP+ the frequency of personal pronouns in pre-verbal and

post-verbal positions; see Appendix A.3 for more information. Following Dryer (2013c),

we have classified languages as "no dominant (order)" if "text counts reveal [...] the

frequency of the two orders is such that the more frequent order is less than twice as

common as the other" (see also Talamo and Verkerk (2022, p. 180) for a discussion).

This classification in Table 4.1 is given as an approximation, in the language modeling
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experiments we conduct, the ratio of preverbal versus postverbal pronouns is taken.

Finally, Table 1 includes four morpho-syntactic parameters: person, number, gender

and clusivity. Another feature that would have been relevant is politeness (Helmbrecht,

2004; Helmbrecht, 2013). We have decided to not consider it in this study as in several

languages, polite forms are homophones with non-polite forms; for example, Italian

lei can be both 3SG.F "she" or 2SG.POLITE "thou". These pronouns are included

in our study, but the parameter "politeness" is not coded for. In addition, there are

several languages in which terms of address like "sir", "chief" and the like are used as

replacements of pronouns for reasons of politeness (Helmbrecht, 2013); see Luong

(1990) for an example and Chao (1956) for an influential study that covers polite terms

of address and pronouns in Mandarin). Including these and coding for polite vs. regular

pronouns is left for future studies. Another relevant factor would have been the position

the pronoun has in a coreference chain, whether the pronoun is an anaphor or a cataphor,

and if the former, the length to its antecedent. A possible resource in order to conduct a

study that would take coreference into account is CorefUD, a multilingual collection

of corpora with a standardized format for coreference resolution that can be used to

generate new annotations (Nedoluzhko et al., 2022). Again, we leave this for further

study.
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4.2.2 Extracting data from mini-CIEP+: the UD framework

The data source for the current study is mini-CIEP+ (full name: mini Corpus of Indo-

European Prose Plus, Verkerk and Talamo 2024). This is a parallel corpus featuring the

first 15% of ten texts of prosaic nature (nine novels and one diary). It is a derivative work

of the Corpus of Indo-European Prose Plus (CIEP+), from which the authors sampled

a legally-sharable portion. We have sampled from mini-CIEP+ seventeen languages

from different families; thirteen languages have at least eight texts out of the ten parallel

texts; two languages (Armenian, Japanese) have six texts and one language, Basque,

has seven texts. Whereas languages with six texts already reached a comparable size,

we supplemented one language, Irish, which has five texts, with five non-parallel texts

(four texts originally written in Irish and one in English: Verkerk and Talamo 2024).

mini-CIEP+ has been automatically parsed so that it has annotation in line with the

Universal Dependencies (UD) framework (De Marneffe et al., 2021). This has been

done using Stanford Stanza v. 1.8.0 (Qi et al., 2020) with models trained on UD v. 2.13

( Zeman et al., 2023). This annotation concerns: parts of speech (UPOS), language-

specific parts of speech (XPOS), lemmatization, morpho-syntactic features (verbal

and nominal categories: Universal Features) and syntactic dependencies (Universal

Relations). All levels of UD annotation work at the token level, describing syntactic

relations between tokens and providing lexical and morpho-syntactic information on

each token. This has some consequences in the annotation of syntactic role given that

there are two different strategies; case marking results in one token, while adpositional

marking results in two tokens, the adposition and the pronoun. For example, the comita-

tive/instrumental of the first person singular is benimle (case marking) in Turkish and

met mij (adpositional marking) in Dutch. The UD annotation treats the first strategy as

one single token and the second strategy as two tokens; in both cases, it is the personal

pronoun form that receives annotation for the syntactic relation, the oblique object. In

order to implement the parameters discussed in the previous section we have exploited

all levels of UD annotation; this allowed us to reduce noise (such as non-pronouns

mistaken for pronouns by the parser). The implementation of parameters varies from
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language to language, basically based on how large the pronoun paradigm is consid-

ering inflecting adpositions; Appendix A.3 in the Supplementary Materials includes a

full overview of our methodology. The default procedure, which is applied to roughly

half of the languages, is to extract tokens matching a list of pronoun forms collected

from grammars and other sources. We filter on their UPOS label and generate lists

of tokens with their morpho-phonological form, syntactic role and morpho-syntactic

features. Finally, forms are filtered on the basis of their syntactic role, keeping only

verbal arguments. However, sometimes it was not possible to include all pronominal

forms, more specifically, when the language has inflectional adpositions, leading to a

proliferation of the pronominal forms. In this case, we conduct the corpus query on the

basis of the UPOS annotation layer and manually check the extracted tokens in order to

remove non-pronominal forms. As for the alternative form of the personal pronouns,

we have distinguished independent forms from clitics using the annotation provided

in the Universal Features. Where this information was not available, like for Albanian

and Greek, we have used lists of clitics taken from grammars. Similarly, lists of forms

have been used for distinguishing stressed and unstressed pronouns in Dutch and Irish,

and emphatic from non-emphatic pronouns in Basque. For the reasons discussed in the

previous section, we have merged these three parameters into a single parameter, mark-

ing independent, unstressed and non-emphatic forms as "standard" and clitic, stressed

and emphatic forms as "alternative". As for syntactic roles, the relevant annotation level

is the so-called Universal Relations. As stated in the guidelines, the UD framework

assumes the following clause arguments: subject (nsubj), object (obj), indirect object

(iobj) and oblique (obl). Furthermore, several languages use relation subtypes, which are

a subset of syntactic relations providing further information; for instance, more than half

of the languages in our sample use the label "obl:agent" to identify the agent of a passive

construction. In order to ensure comparability across languages, we have conflated these

subtypes with their relation type (for example, "obl:agent" with "obl"). Furthermore,

for the reasons already expressed in the previous section, we have chosen to contrast

subject with non-subject pronouns, conflating direct objects with indirect objects and

obliques. As for the morpho-syntactic features, for most languages Universal Features
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provided information on clusivity, gender, number and person; where this information

is not available, as in the case of Japanese for number, person and gender, we have

filled these parameters using a list of forms annotated for these categories. Finally, we

have extracted the position of the personal pronoun with respect to its predicate, i.e.,

whether the token pronoun is preverbal or postverbal. A data row, to which we add the

information-theoretic complexity measures discussed in the following section, looks

like this for Italian lo "3SG.M.OBJ.ENCL":

token position altform synrole person number gender clusivity

lo pre alt non-subj third sing Masc non-clusive

4.3 Information-theoretic metrics and computational

models

4.3.1 Importance of context for pronoun surprisal

As becomes clear from the examples in Chapter 2.3, the exact form a pronoun takes

depends heavily on its context. This may be the words following the the pronoun (as in

L"homme est allé chercher ses enfants dans l"école maternelle ("The man has picked

up his children from kindergarten"), where the possessive pronoun ses agrees with its

head enfants in number), or the words preceding it (in the English translation of our

example, the pronoun his agrees with its antecedent man in gender and number). In our

study, we consider only those differences in predictability that stem from information

in the preceding context, in line with surprisal theory and the incremental, left-to-

right nature of human language processing while reading. The degree to which the

surrounding context is relevant for the predictivity of a pronoun will differ from language

to language, depending on how many categories it marks on the pronoun and on modality,

register, and position with a text or spoken discourse. While first and second person
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pronouns do not as frequently agree with their antecedent as third person pronouns,

they may be highly predictable in discourse, e.g., second person pronouns may have

high predictability in a dialogical context, whereas first person pronouns may have high

predictability in a first-person narrative. A third axis on which the predictability of a

pronoun may vary is the amount of material intervening between it and its antecedent.

This may be an arbitrary number of words (or sentences, or paragraphs), and surprisal

theory stipulates that increasing context should on average decrease surprisal, that is,

if we add context to a pronoun like ihn, we would expect surprisal to decrease by

a certain amount when averaging over many contexts. We aim to capture a general

surprisal as well as the decrease in surprisal with increasing size of the preceding context

(see Section 4.3.1 and Appendix A.5). We measure surprisal different context sizes

t ∈ {1, 3, 7, 15, 31, 63, 127}. Obviously, there will be some kind of relation between

surprisal values calculated for the same token under different context sizes; and it would

be rather tedious to discuss results for all seven different windows. Therefore we pick

surprisal with t = 7 as the main analysis that we discuss. We believe this is appropriate

given that this is the size of a short sentence, in line with human processing capabilities

(see for example Bamman et al. 2020 on coreference resolution in pronouns in English

literature). In addition, in we assess how surprisal changes as context size increases. We

do this by plotting context sizes sequentially which results in the so-called surprisal

reduction curve; we measure the AUC. This captures a summary measure of sensitivity

of the pronoun to the increasing context size. Due to space constraints in the original

paper, these analyses (methods and results) are included in Appendix A.5 and only

shortly discussed in the following section.

4.3.2 Surprisal of personal pronouns

We calculate average surprisal Ŝt at context size t over all wn, where wn is an instance

of a personal pronoun P , with NP the number of instances of that pronoun in the

corpus. P refers to the instances of a personal pronoun in the corpus that share a unique
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combination of grammatical properties as described in Section 2.2. The general formula

for the average surprisal of P at context size t is then given as:

Ŝt(P ) =
1

NP

∑
wn∈P

surp(wn|wn−t, ..., wn−1) (4.1)

In theory, mGPT could extend to much longer contexts than any of our context sizes

t ∈ {1, 3, 7, 15, 31, 63, 127}. Since we want to control for the amount of information

in the context, we restrict the number of context tokens to exactly t, and extract the

probability distribution for the tth token, that is the personal pronoun at position t of

the corpus. We are aware of the fact that using a multilingual model such as mGPT

to estimate these entropies may bias next-word probabilities for languages that are

underrepresented in the training data in unpredictable ways. In order to evaluate whether

our results hold for entropies estimated with monolingual models trained on a similar

number of tokens, we conduct a series of controlled pre-training experiments using the

Wiki-40B dataset (Guo et al., 2020) (see Appendix A.4 in the Supplementary Materials).

4.3.3 Linear mixed models

On the basis of the typological survey described in Section 4.2.1, we identified the

following linguistic variables that are relevant for all sampled languages (see for further

details below): Person, number, case, and position:

Person. This variable can take the values "first", "second", "third" in all sampled

languages. In the statistical models, which will be further discussed below, we take

"third" as the reference category. We do this while this enables us to compare first

and second person pronouns to third person pronouns easily; as third person pronouns

have been argued to be different in nature from first and second person pronouns (see

Introduction).

Number. This variable can take the values "singular" and "plural" in all sampled

languages. Additionally, Arabic and Lithuanian have a category "dual". For these

languages we subsume "dual" and "plural" under a single variable "non-singular". We

take "singular" as the reference category.
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Case. This variable is taken from the syntactic dependencies annotation of the corpus.

We only differentiate the subject forms ("subj") from the non-subject forms ("non-subj"),

because the non-subject forms are annotated quite differently between languages in

the UD framework (see above). Most languages in our sample have an accusative

pronominal case marking system, which of course greatly overlaps in the sense that

(for example) "subj" forms are nominative forms like I and not accusative forms like

me (despite for mistakes introduced by dependency parsing, which are unfortunately

unavoidable). Indonesian, Irish, Japanese, Mandarin, and Persian do not have a pronom-

inal case marking system, but are treated exactly the same way as languages that do: by

fully relying on the syntactic annotation of the pronouns as "subj" or "non-subj". We

take "subj" as the reference category.

Position. To capture potential differences related to word order, we code whether the

pronoun appears before the root verb of the clause ("pre") or after the verb ("post"). We

take "pre" as the reference category. In addition, 4.1 listed if the pronominal subject is

obligatorily expressed or not (Dryer’s 2013 typology). This is captured by a continuous

measure, namely:

Frequency. This variable corresponds to the frequency of the pronoun with the same

combination of the variables relevant for that language (person, number, gender, etc.),

so as to effectively deal with syncretism. For example, zij (and unstressed counterpart

ze) in Dutch can refer to the 3SG.F form (Zij is een ingenieur "She is a engineer) and to

the 3PL form (Zij maken lawaai "They are making noise"). For the first example; zij is

annotated as "third person", "singular", and "feminine", and for this token, would be

associated with the frequency of zij forms which are the same. Correspondingly in the

second example, the frequency of zij forms that are "third person" and "plural" is taken.

This variable effectively captures the frequency of pronouns, creating a continuous

assessment of the obligatoriness of expressing both the subject and the non-subject

pronouns. For a given corpus, we calculate relative frequencies by summing the absolute

frequencies of each pronoun form with the same combination of all relevant variables

and dividing these by the total corpus size in terms of pronoun tokens; then take the
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natural logarithm. Then there are variables which matter only for a subset of the sampled

languages:

Gender. Most sampled languages have a pronominal gender marking system. In Al-

banian, Arabic, Armenian, Hindi, Irish, Italian, Japanese, Lithuanian, Mandarin, and

Ukrainian, the opposition is between "masculine" and "feminine". In Dutch and Greek,

the opposition is between "masculine", "feminine", and "neuter". Basque, Hungarian,

Indonesian, Persian and Turkish do not have a pronominal gender marking system.

Gender is only relevant for third person pronouns in the languages of our sample; with

the exception of Japanese, in which gender is relevant for all three persons (Kaiser et al.,

2013, pp. 137–142). Accordingly, we add "ungendered" as a variable for pronouns that

are not gendered and make this the reference category, so we can observe the behavior

of gendered pronouns.

Clusivity. This is only relevant for very few languages: Indonesian and Mandarin have

an "inclusive" vs. "exclusive" opposition in first person pronouns. Clusivity, like gender,

is not relevant for all pronouns: in the languages of our sample that have clusivity, it is

only relevant for first person pronouns. Therefore we add "not clusive" as a variable

for pronouns that are neither "inclusive" nor "exclusive" and make this the reference

category.

Alternative form. Some languages have pronominal clitics; these are Albanian, Arabic,

Greek, Indonesian, Italian, and Persian. Dutch has a set of unstressed pronouns. Basque

has emphatic pronouns and Irish has a set of stressed pronouns. As the reference

category, we take independent forms for languages with pronominal clitics, the stressed

pronouns for Dutch, the non-emphatic pronouns for Basque and the unstressed pronouns

for Irish. Our statistical model takes into account all variables discussed so far, except for

inflectional adpositions and politeness. Only a small set of languages have inflectional

adpositions: Arabic, Hungarian, Irish, and Persian. At the time of writing, this is

something that cannot be easily extracted from the UD-annotated data. Politeness is

excluded for reasons explained in Section 4.2 We leave the analysis of these parameters

to further work. We include both a multi-language model with the variables that are

present in all languages (person, number, case, position, frequency) and language
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individual models, where the relevant remaining variables are also included. Models

are fitted using brms Bürkner (2017)’s Bayesian multilevel models, which uses STAN

(Carpenter et al., 2017) for Bayesian inference in R (R core team, 2024). The main

models have language-specific intercepts and slopes for frequency, which is the variable

we suspect is most closely associated with surprisal:

surpisal7 <- brm(formula= surprisal_7 ~ synrole + number + person + rel_freq +

position + (1+rel_freq|lang), family = gaussian(identity))

Aside from this multi-language model, we include individual models for each

language in order to sensibly model the variables listed in (6-8) above. These cannot

be included in the multi-language model as the variables are not relevant for certain

languages, whose data would be deleted before model fitting. The models for Irish and

Indonesian are given below in order to exemplify what these look like:

surprisal7_Irish <- brm(formula= surprisal_7 ~ synrole + number + person +

rel_freq + gender + position + form, family = gaussian(identity))

surprisal7_Indonesian <- brm(formula= surprisal_7 ~ synrole + number + person

+ rel_freq + position + clusivity, family = gaussian(identity))

4.4 General results

4.4.1 Size of the paradigm

Rather than extracting the paradigm size from grammars, we have opted for a corpus-

based approach in the computation of this parameter, which is given in Table 4.1 and

plotted in Figure 4.1. In our approach, a distinct form of the paradigm is operationalized

as a unique combination of values from some of the parameters discussed in Section

4.2.1: person, number, case, gender, clusivity and alternative form, plus the graphemic

form of the personal pronoun.
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Figure 4.1: Size of the paradigm of the personal pronouns, as operationalized by our corpus-

based approach. Languages with inflectional adpositions are highlighted in blue.

As shown in Figure 4.1, languages vary quite considerably in the size of the

personal pronoun paradigm; the highest number of forms is found in languages with

inflectional adpositions. As expected, languages with a high number of morphological

cases i.e., at least six cases, also appear in the top part of the list, while languages with

few or no morphological cases are placed at the bottom. A notable exception is Persian,

a language with inflectional adpositions; however, unlike the other three languages with

inflectional adpositions, the pre-trained UD model for Persian is able to split the token

into the adposition and the clitic object pronoun, thus drastically reducing the number

of forms.

4.4.2 Frequency of personal pronouns

The bar plots in Figures 4.2a and 4.2b show the relative frequencies of personal pronouns

in the sampled languages. For a better visualization, we calculate percentages by taking

the number of pronoun tokens in the corpus, and dividing that by the total size of the

corpus in tokens, and multiplying that number by 100. We start with Figure 4.2a, which

shows relative frequencies of the personal pronouns according to syntactic role and in

relation to the typology of Dryer (2013a). With respect to corpus size, Irish has the

highest percentage of personal pronouns (7%), while Japanese has the lowest (0.4%).

The ranking reflects to a certain extent this typology: a language with obligatory subject
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(a) Frequency of the personal pronouns with respect

to the mini-CIEP+ corpus size, with the ratio

between subject and non-subject pronouns and

indicating types for the expression of pronominal

subject taken from Dryer (2013a).

(b) Frequency of the personal pronouns with respect

to the mini-CIEP+ corpus size, with the ratio

between first, second and third person.

pronouns (Dutch) ranks second; with the exception of Arabic, languages with subject

indexing on the verb (the "affixes on verb" type) occupy the lower ranks and languages

of the mixed and optional type show, as expected, a mixed behavior. Dutch has the

highest relative frequency of subject pronouns (5.1%) and Greek, a language of the

"affixes on verb" type, the lowest (0.04%). As for the ratio of subject and non-subject

pronouns, seven languages of the sample have more non-subject pronouns than subject

pronouns, and nine languages more subject pronouns than non-subject. The greatest

discrepancy is found in Greek, where non-subject pronouns are twenty times more

frequent than subject pronouns and in Mandarin, where subject pronouns are five times

more than non-subject pronouns. Two languages, Armenian and Lithuanian, have a

quasi 1:1 ratio, with a slight predominance of subject pronouns. Figure 4.2b shows

the ratio between the different values for person; across languages, the third personal

pronoun (mean across languages: 1.8%) is more frequent than the first personal pronoun

(mean: 1%), which in turn is more frequent than the second personal pronoun (mean:

0.3%). Individual languages support the 3>1>2 hierarchy, with the alternative hierarchy
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1>3>2 in Basque, Hindi, Japanese, Persian and Turkish. Accordingly, the first personal

pronoun is always more frequent than the second personal pronoun. The lowest relative

frequency for the third personal pronoun is found in Japanese (0.1%) and the highest

in Arabic (5.5%), while Hindi has the highest relative frequency for the first personal

pronoun (2.7%) and Greek the lowest (0.09%). Finally, Irish has the highest relative

frequency for the second personal pronoun (0.83%) and Hungarian the lowest (0.01%).

4.4.3 Personal pronoun length: surprisal

It is well-known since Zipf’s seminal studies ( Zipf, 1935; Zipf, 1949) that word

frequency negatively correlates with word length i.e., shorter words tend to be more

frequent. Levshina (2022a) additionally finds a correlation between word length and

bigram surprisal, i.e., words with higher bigram surprisal tend to be longer. In Arnold

and Zerkle (2019)’s review of rational models, the choice for pronouns is rooted in part

in their length, as they are typically shorter than full nominal referents. We test this by

performing a Pearson’s correlation test with personal pronoun length as the predictor.

We have included in the analysis all languages of our sample with the exception of

Japanese and Mandarin, as these languages are written in logographic and syllabic

scripts, not alphabetic ones. Pronoun length consists of the number of the characters

encoded in Unicode format and computed using the R (R Core Team 2024) function

nchar(). Pearson’s correlations are performed using the R function cor(), checking the

significance with the cor.test() function. Across all languages i.e., using a multi-language

correlation, the correlation between average surprisal based on the preceding seven

tokens and personal pronoun length is significant (p < 0.05) but quite low (Pearson"’s

ρ = 0.229, df = 1269). It is positive, such that pronouns with a longer form as measured

in number of characters also have a higher surprisal. For individual languages, this

general pattern holds, with the exception of six languages: Armenian, Basque, Dutch,

Greek, Indonesian and Persian. There is quite a lot of variation in the strength of the

correlations; only one language, Arabic, has a negative correlation between surprisal
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Figure 4.3: Posterior densities of the fixed effects of the multi-language LMM. Main intercept

is excluded as they are removed much further from 0 ( Estimate 3.23; CI: 2.37,

4.49).

and pronoun length. For further information, see Appendix A.6 in the Supplementary

Materials.

4.5 Multi-language LMM

We first discuss the fixed effects from the models introduced in Section 4.2.1, and

then the random effects. We take surprisal based on the preceding seven tokens as the

response variable and determine relevance of predictors by asserting whether the 95%

confidence interval (CI) excludes zero using Figure 4.3 (and similar figures below).

Relative frequency has relevant coefficient estimates, meaning that less relative frequent
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Figure 4.4: Posterior densities of the random slopes of the multi-language LMM.

pronouns (as relative frequency is logged) have greater surprisal (Estimate: 0.52; CI:

0.30, 0.75), as expected. As for the position of the pronoun with respect to the verb,

postverbal pronouns have lower surprisal when compared to preverbal pronouns (Esti-

mate: -1.39; CI: -1.49, -1.28). We observe across languages relevant negative coefficient

estimates of the first (Estimate: -0.51; CI: -0.58, -0.43) and second (Estimate: -1.04;

CI -1.17, -0.90) person pronouns, implying that both first and second person pronouns

are less surprising than third person pronouns. Furthermore, when compared to subject

pronouns, non-subject pronouns have lower surprisal (Estimate: -0.18; CI: -0.27, -0.09).

Lastly, non-singular pronouns show lower surprisal than singular pronouns (Estimate:

-0.22; CI: -0.32, -0.12).

Since the frequency of personal pronouns is so varied across languages (see Figure

4.2a), we estimated both random intercepts and slopes on relative frequency. The

estimates for the random slopes are given in Figure 4.4. The estimates from the model

are offsets from the fixed estimate also included in the model. Summing over the fixed

estimates (see "Average" in Figure 4.4) and the random slope offsets, we see that

languages differ quite widely in the effect relative frequency has on surprisal. In all

languages with the exception of Arabic (negative correlation) the effect is positive. Since

the predictor is logged, this implies that less frequent pronouns are more surprising,

all other things being equal. But in Irish, with the highest random slope estimates, the

effect is much more pronounced than in Indonesian, which has the lowest. There is no
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obvious relationship between Figure 4.2a-4.2b and Figure 4.4, except that languages

with fewer pronouns overall (Basque, Hungarian and Japanese), tend to have more

pronounced effects of frequency. Interestingly, as shown in Figure 4.1 and discussed

in Section 4.4.1, Basque, Hungarian and Japanese are among the languages with the

highest number of forms per paradigm: 67, 81 and 99, respectively. The languages with

the lowest slope estimates (Indonesian, Ukrainian, Mandarin) have (in our sample),

medium pronoun use and small paradigm size, but belong to different types.

4.5.1 Individual language LMM

We now turn to the results of the individual language models. For the predictors shared

by all languages (person, number, syntactic role, position, relative frequency), we ask

if individual languages show differences as compared with the multi-language LMM

Gender, clusivity and alternative form are discussed in separate sections. As observed

for the multi-language models, surprisal is generally well-explained by the linguistic

predictors. Nevertheless, for nearly half of the languages of the sample we observe only

few relevant coefficient estimates; these languages are Hindi, Hungarian, Indonesian,

Japanese, Lithuanian, Persian and Turkish.

4.5.2 Relative frequency, person, number, syntactic role, position

We find that relative frequency is a relevant variable with positive coefficients across 14

languages out of 17, confirming the negative correlation (as relative frequency is logged)

between relative frequency and surprisal also observed in the multi-language model.

Exceptions are Arabic (Estimate: -0.69; CI: -0.77, -0.60) and Indonesian (Estimate:

-0.11; CI: -0.18, -0.03), for which we find relevant negative coefficients. We do not

find relevant coefficients in Japanese. The cross-linguistic differences in strength of this

relationship (see Figure 4.4) are also observable in the language individual LMMs. In

Appendix A.7 (see the Supplementary Materials) this is clearly illustrated. Appendix A.7
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(a) Dutch (b) Albanian

Figure 4.5: Posterior densities of the fixed effects of two LMMs; A: Dutch; B: Albanian

presents an overview of the relationship between surprisal and frequency in individual

languages. It allows the reader to assess the mean surprisal of individual pronouns

in each language and its relationship with frequency. In addition, in Figure 4.5, the

estimates of the predictors for Dutch (4.5a) and Albanian (4.5b) are plotted. Here, we

can observe that the effect for relative frequency in Dutch (Estimate: 1.14; CI: 1.08,

1.20) is much bigger than that in the Albanian model (Estimate: 0.36; CI: 0.30, 0.43).

All languages have relevant CIs for the position of the pronoun, with the exception

of Indonesian and Japanese; in the latter language, this variable is not included in

the multi-linear model, as pronouns always precede. Opposite to the multi-language

model, in the individual models the effect is negative for all languages (postverbal

pronouns have less surprisal than preverbal ones) but for Irish (Estimate: 6.35; CI: 5.22,

7.49), Italian (Estimate: 0.94; CI: 0.56, 1.32) and Mandarin (Estimate: 0.66; CI: 0.39,

0.94), meaning that, especially in Irish, preverbal pronouns have lower surprisal than

postverbal pronouns. In Irish, the "runaway" estimates for position probably have to

do with the fact that almost all pronouns are post-verbal, Irish being a predominantly

verb-initial language. Regarding both first and second person pronouns, the multi-

language model had negative coefficient estimates, with first person pronouns having a

more negative coefficient than second person pronouns. In general, then, third person

pronouns (the reference category) have higher surprisal than first or second person

pronouns. Across languages, however, this does not hold at all. We find non-relevant

posterior estimate distributions for both the first and the second person in Albanian,
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(a) Indonesian (b) Mandarin

Figure 4.6: Posterior densities of the fixed effects of two LMMs; A: Indonesian; B: Mandarin.

Arabic, Italian, Japanese, Lithuanian, and Ukrainian. For the remaining languages, we

observe several types:

• Both first and second person pronouns have positive coefficients (only Irish).

• Positive coefficient estimates for second person pronouns, negative coefficients

for first person pronouns: Indonesian (see Figure 4.6); this is also the case for

Hungarian (the estimates for the first person pronoun include zero in Hungarian).

• Positive coefficient estimates for first person pronouns, negative coefficients for

second person pronoun: Armenian (the estimates for the second person pronoun

include zero in this language), Dutch (see Figure 4.5).

• Both first and second person pronouns have negative coefficients. This is almost

true for Basque, Japanese, and possibly Turkish; however, estimates for the first

person pronoun include zero in all of the three languages. Hindi and Mandarin

(see Figure 4.6 B), and Persian are good examples of this.

With the exception of Albanian, Armenian, Hungarian, Turkish and Ukrainian,

the number predictor is relevant in the individual LMMs of eleven languages; we can

observe here the following two types:

• Non-singular pronouns are more surprising than singular pronouns. This is line

with the multi-language model (see Figure 4.4), and occurs in three languages:
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Indonesian (Estimate: 1.05; CI: 0.52, 1.60, see Figure 4.6a), Irish (Estimate: 4.87;

CI: 4.11, 5.63) and Mandarin (Estimate: 2.09; CI: 1.81, 2.38, see Figure 4.6b).

• Non-singular pronouns have less surprisal than singular pronouns. This happens

in seven languages, but with estimates that are less far removed from zero: Basque

(Estimate: -2.76; CI: -3.59, -1.96), Dutch (Estimate: -1.57; CI: -1.82, -1.32, see

Figure 4.5a), Greek (Estimate: -0.41; CI: -0.77, -0.04), Hindi (Estimate: -0.53;

CI: -0.84, -0.23), Italian (Estimate: -1.56; CI: -2.09, -1.02), Lithuanian (Estimate:

-0.40; CI: -0.63, -0.17) and Persian (Estimate: -0.58; CI: -1.00, -0.15).

As for syntactic role, its estimates are not relevant in the individual LMMs for Armenian,

Greek, Hindi and Japanese; we have again two types here:

• Non-subjects pronouns have less surprisal, as in Albanian (Estimate: -1.03; CI:

-1.62, -0.43; see Figure 4.5b), Arabic (Estimate: -1.32; CI: -1.86, -0.81), Basque

(Estimate: -1.64; CI: -2.34, -0.95), Italian (Estimate: -2.95; CI: -3.89, -2.00),

Mandarin (Estimate: -3.57; CI: -3.98, -3.17, see Figure 4.6b), Persian (Estimate:

-1.08; CI: -1.36, -0.80) and Ukrainian (Estimate: -0.59; CI: -0.90, -0.27). This

group of languages follow the trend evident in the multi-language model (see

Figure 4).

• Non-subject pronouns have greater surprisal. Languages belonging to this group

are Dutch (Estimate: 0.32; CI: 0.16, 0.48, see Figure 4.5a), Hungarian (Estimate:

0.56; CI: 0.04, 1.06), Indonesian (Estimate: 1.34; CI: 0.44, 2.25, see Figure 4.6a),

Irish (Estimate: 2.24; CI: 1.80, 2.68), Lithuanian (Estimate: 0.50; CI: 0.29, 0.71)

and Turkish (Estimate: 1.77; CI: 1.51, 2.0).

4.5.3 Gender

With respect to gender, we have relevant coefficients in three languages out of nine;

exceptions are Arabic, Greek, Hindi, Italian, Japanese and Lithuanian. These three

languages can be organized into the following types:
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• Positive coefficient estimates for the feminine and the masculine gender: Dutch

(feminine: Estimate: 0.81; CI: 0.58, 1.03; masculine: Estimate: 1.79; CI: 1.55,

2.02; see Figure 4.5a) and Ukrainian (feminine: Estimate: 0.58; CI: 0.14, 1.03;

masculine: Estimate: 0.49; CI: 0.10, 0.89).

• Positive coefficient estimates for the neuter gender: Ukrainian (Estimate: 1.33;

CI: 0.62, 2.06).

• Negative coefficient estimates for the neuter gender: Dutch (Estimate: -1.24; CI:

-1.50, -0.98; see Figure 4.5a).

• Positive coefficient estimates for the feminine gender. This happens only in Irish

(Estimate: 5.54; CI: 4.48, 6.55).

4.5.4 Clusivity

Only two languages of our sample have clusivity, Indonesian and Mandarin. We ob-

serve a single type, with negative coefficients for both the inclusive and exclusive

personal pronouns. In Mandarin, the coefficients for the exclusive personal pronouns

encompasses zero, but they are far removed from zero for inclusive personal pronouns

(Estimate: -8.23; CI: -9.77, -6.70, see Figure 4.6b). In Indonesian, the coefficients are

less far removed from zero (see Figure 4.6a), but they are relevant for both the inclusive

(Estimate: -1.75; CI: -2.73, -0.78) and the exclusive (Estimate: -0.93; CI: -1.58, -0.31)

personal pronouns.

4.5.5 Alternative form

Among the languages with alternative form, the individual LMM for Dutch (stressed vs.

unstressed forms) does not have relevant coefficient estimates. With respect to the clitic

pronouns we have two types:
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• Pronominal clitics have negative coefficient estimates: Albanian (Estimate: -4.52;

-5.11, -3.93; see Figure 4.5b) and Greek (Estimate: -1.93; -3.18, -0.68 ).

• Pronominal clitics have positive coefficient estimates: Italian (Estimate: 2.47; CI:

1.53, 3.38) and Persian (Estimate: 1.09; CI: 0.28, 1.90).

For stressed vs. unstressed forms we find that stressed forms have positive coefficient

estimates in Irish (Estimate: 4.24; CI: 3.07, 5.48). Finally, for emphatic vs. non-emphatic

forms we find that emphatic forms have positive coefficient estimates in Basque (Esti-

mate: 4.24; CI: 1.45, 7.06).

4.5.6 Some possible patterns and their tentative explanations

Here, we speculate on (explanations for) certain cross-linguistic patterns that we find; a

comprehensive summary of the results is presented in Section 4.4-4.5. First, Dutch and

Ukrainian are the only languages of the sample to show relevant coefficient estimates

for gender; together with Greek, they are also the only languages to feature a third value

for gender, neuter. The four-value system for gender (feminine, masculine, neuter, non-

gendered) of these languages perhaps leads to more uncertainty as compared to the three-

value system (feminine, masculine, non-gendered) of the other gendered languages.

This uncertainty may translate into an effect of gender on surprisal. While this effect is

always positive for the feminine and masculine pronouns, raising their surprisal with

respect to the non-gendered pronouns, it can be either positive or negative for the neuter

pronouns; in Dutch, neuter pronouns are less surprising than non-gendered pronouns,

while in Ukrainian we observe the opposite effect. Clusivity is negatively correlated with

surprisal in both Mandarin and Indonesian, which could be explained by the fact that the

inclusion/exclusion of the listener in the discourse is highly predictable from the context.

We also observe that inclusive pronouns are less surprising than exclusive pronouns,

but unfortunately this is limited to Indonesian, as there are no relevant coefficients

for exclusive pronouns in Mandarin. As for languages with alternative forms (clitic,

stressed and emphatic forms), we suspect that the positive correlation with surprisal
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might be a by-product of the manipulation of information structure. Although we

have posited a distinction between stressed (phonetic) and emphatic pronouns, stressed

pronouns in Irish and emphatic pronouns in Basque are found in strategies that modify

the information structure of the sentence. Stressed pronouns are used in Irish with the

"same effect as contrastive stress in English" and are found in cleft sentences (Stenson,

2019, p. 160), while emphatic pronouns in Basque are used when the pronoun is in

focus or in topicalized noun phrases (see Section 4.2.1). The same reasoning applies to

clitic forms. Coefficient estimates for surprisal and clitic forms are far removed from

zero in Albanian, Greek, and Italian, with a substantial difference: estimates are negative

for Albanian and Greek but positive for Italian and Italian. These three languages have

clitic doubling, as in the following examples:

(1a) Albanian (IE, Albanian: Camaj and Fox 1984, p. 95)
Zefi më e dha librin.
Zefi DAT.3SG ACC.3SG.M give.PST book.ACC.SG.M
"Zefi gave me the book"

(1b) Italian (IE, Romance: Maiden and Robustelli 2014, p. 359)
Un caffè lo prenderei proprio volentieri!
A coffee(M.SG) 3SG.M take.COND just love
A coffee I"d just love!

(1c) Greek (IE, Greek: Holton 2012, p. 511)
Ton sunántisa ton adelphó tis prochthís.
CC.3SG.M meet.PST the brother.ACC.SG.M her yesterday.
"I met her brother yesterday."

This strategy is widespread in Albanian Camaj and Fox (1984, pp. 94–95), where

the nominal object of a ditransitive construction is obligatorily indexed on a clitic, as in

Example (1a) ; note also that the clitic forms are frequently combined, resulting in a

single form, for instance in Example (1a) më e > ma. The Albanian parser is able to

decompose the single form into two clitic forms, so the computational model has access

to both forms. The obligatoriness of the clitic doubling strategy for the ditransitive
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construction in Albanian is a possible explanation for the negative correlation with

surprisal, which is further reinforced by the frequent combination of the two clitics: not

only the reader or hearer speaker expects two clitics, but the recipient clitic "prompts"

the appearance of the object clitic later on in the sentence. In Greek and in Italian the

clitic doubling strategy is restricted to constructions changing the information structure

of a declarative sentence, that is, to cleft sentences, right and left dislocations and

hanging topics ( Holton 2012, pp. 255–266; Maiden and Robustelli 2014, pp. 359–

365). However, in Greek clitics are less surprising than non-clitic pronouns, while in

Italian they are more surprising. Comparing Greek with Italian, Greek has a much more

flexible word order (Holton 2012, p. 518; see also Lascaratou 1998, Talamo and Verkerk

2022), which favors the above-mentioned constructions; possibly, Greek clitics are less

surprising than independent forms for this reason. By contrast, strategies manipulating

the information structure are less common in Italian and, consequently, clitic pronouns,

as the alternative forms in Basque and in Irish, are perceived as surprising, still with

coefficients not as far removed from zero.

4.6 Discussion and conclusion

4.6.1 Summary

We start our discussion by addressing, from a quantitative perspective, one of the

few typological proposals on personal pronouns: Dryer (2013a)’s typology on the

expression of pronominal subject. Our data support the relevance of two of the four

categories described there, "affixes on verb" and "obligatory pronouns", while the other

two categories, "mixed" and "optional pronouns", seem problematic. In the "mixed"

category, we encounter a language like Irish, which uses subject pronouns as frequently

as languages with "obligatory pronouns", such as Dutch and Indonesian. At the same

time, Ukrainian, another "mixed" language, has very few subject pronouns, more or

less the same percentage as observed in languages with "affixes on verb". As for



4.6 D I S C U S S I O N A N D C O N C L U S I O N 75

Figure 4.7: Overview of the estimates of the effect of all variables on the surprisal of personal

pronouns from single-language linear mixed-effects models and the multilingual

model. Only effects of interest are shown, i.e., where the 95 % CI of the coefficient

estimates does not include zero.

the languages with "optional pronouns", the two languages in our sample with this

classification (Mandarin and Japanese) behave quite differently: Mandarin has the

highest percentage of subject pronouns in the languages of the sample, while Japanese

has a percentage of subject pronouns similar to languages with "affixes on verbs". While

Dryer (2013a)’s typology may make sense from a morphosyntactic perspective, it

does not necessarily make sense from a token-based perspective (see Levshina 2022b).

We call out for a systematic cross-linguistic study of the use of personal pronouns,

considering the impact of verbal person-number agreement, politeness strategies, and

other factors.

Beyond the crude data count and focusing on independent and semi-bound personal

forms, we have tried to offer a first insight into the behavior of personal pronouns on the

information theoretic measure surprisal across different languages. We employ two key
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response variables, surprisal as calculated with a preceding context size of seven tokens

and AUC (see Appendix A.5). For surprisal with context size seven, the multi-language

model has relevant but weakly supported predictors, which are not always matched

by results from the individual languages models. As shown in Figure 4.7, the only

coefficient estimate which is relevant for both the multi-language and the individual

language models is relative frequency: pronouns with higher relative frequency are

less surprising. This relation is supported in 14 out of 17 languages of the sample; at

the same time, there are pronounced differences in the strength of this relation (see

Figure 4.5 and Appendix A.6). In most languages (13/17), postverbal pronouns have

lower surprisal than preverbal ones. It would be interesting to find out if this set of

pronouns are also non-subject pronouns, where the reduction in surprisal could be

rooted in cues on whether a pronoun is coming follows from the valency of the verb.

In the individual language models, we mostly find splits between groups of languages

such that, for example, first and second person pronouns are more surprising than third

person pronouns in Irish, but less surprising in Hindi, Mandarin and Persian (plus

borderline cases). This is the case for all linguistic predictors: we do not observe any

effect which is consistently present and of the same polarity across all languages. We

find more interesting coefficient estimates when looking at features which are shared

only by a subset of the sample; Dutch and Ukrainian have relevant coefficients for

gender, and clusivity has a strong effect on surprisal in Indonesian and Mandarin. The

three types of alternative forms have an effect on surprisal: phonological forms in Irish,

morphological forms in Albanian, Greek and Italian and focus forms in Basque. In the

remainder of this section we address some of the limitations of the present study, such

as the impersonal usage of personal pronouns, their speech act types and the presence

of verbal indexing (Section 4.6.4); in Section 4.6.2, we conclude the paper by going

beyond surprisal and addressing venues for further research.
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4.6.2 Conclusions: moving from surprisal to accessibility

Typological work on personal pronouns tells us that pronouns are accessible in context,

and that the usage of pronouns differs radically across languages. The usage of personal

pronouns is rooted in grammar, but at the same time, different pronouns abide by

different types of rules: subject pronouns may be "dropped" in languages with verb

agreement, but object pronouns may be obligatorily present. In addition, usage of

pronouns may be entirely different across speaker communities: in some cultures, they

are avoided entirely. Rational models (see overview in Arnold and Zerkle 2019) posit

that speakers and writers make choices on how to encode referents, and that these

choices are rooted in efficiency. In this paper, we have not compared personal pronouns

to other types of (nominal) referents, but rather we have tried to assess variation between

and within languages when it comes to the surprisal of personal pronouns. What we

can say is that frequency is a universal predictor of surprisal, and position (pre- or

postverbal) is another relevant predictor for most languages. However, we did not find

other predictors that are consistently relevant across languages. The linguistic predictors

we find evidence for point at local effects, patterns that are found only in a few or a single

language. Many parameters are involved here –we have tried to capture the most salient

ones, but we leave to further study the impact of those we have not included as well as

their interactions. In short: our findings speak towards the highly varied use of pronouns

across these different seventeen languages, with respect to using personal pronouns per

se, but also with respect to different pronouns within a single language. While pronouns

might always be accessible in context for readers and other language users, they do

not behave unitedly when we study their predictability in terms of surprisal. Especially

low-frequency pronouns may be very surprising. It will be worth unpacking variation

between and within languages further in future studies, above all by focusing on other

strategies for encoding referents (full noun phrases, terms of address, see Helmbrecht

2013). Pairing quantitative studies with experimental and qualitative ones will shed

further light on the interaction between frequency and usage patterns. Ultimately, we

hope to establish more exactly what such patterns of usage imply for accessibility in



78 C RO S S - L I N G U I S T I C VA R I AT I O N I N P E R S O N A L P RO N O U N S

terms of human processing, and if and how we can relate these to predictability in

computational terms.

4.6.3 Conclusions: Multilingual LMs in typoligical research

As to the applicability of multilingual LMs to our research question, we have shown

that by relating surprisal from mGPT to properties of personal pronouns, we can recover

much of the differences between pronominal systems in the languages in our corpus,

which was possible precisely because of the multilingual nature of the LM. Thus, we

conclude that multilingual LMs trained on a large amounts of text data hold some

promise for synchronic or typological studies, although future work should evaluate the

impact of the distribution of languages in the training data on cross-lingual similarities

(see also the next section). The two following Chapters 5-6, in contrast, will deal with a

diachronic research question that requires careful control of the pre-training data and

tokenization, which we have left out in this chapter.

4.6.4 Limitations

Relevant factors that were not considered for annotation were already discussed in

part earlier; these include politeness and coreference resolution. Another factor that

is likely to impact personal pronoun usage, at least for some languages, is impersonal

usage (Kitagawa and Lehrer 1990; also see the title of the paper). For example, De

Hoop and Tarenskeen (2015) show that in Dutch declaratives, a little over 40% of the

usage of je "2SG, unstressed" is generic (impersonal) in the same sense as you in the

English sentence "You/One would think that he would have understood by now." It is

unclear how much the impersonal use of pronouns has affected our analysis. Siewierska

(2012, Ch. 5.5) notes that the impersonal use of second person pronouns is well-spread

throughout Europe and also attested in Mandarin; however, as we have reported in

Section 4.4.2, first and third person pronouns are more frequent than second person
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pronouns in most languages of the sample, and first person pronouns are more frequent

than second person pronouns in all languages of the sample. Speech act type – whether

the sentence or clause that the personal pronoun finds itself in is commissive, directive,

assertive or part of other illocutionary acts – is another variable that highly impacts

referent choice. As stated in the Introduction, in expressions of internal mental states

such as wishes (expressive acts), obviously first person pronouns are used; while in

speech acts that center on the hearer, such as requests or commands (directive speech

acts), we find second person pronouns. Here we should also reflect on the genre and

stylistic choices made by the authors and translators of the source material in mini-

CIEP+. More specifically, two texts of mini-CIEP+ are narrated using almost exclusively

the first person, namely, Anne Frank’s diary and Coelho’s The Zahir; in contrast, novels

such as Süskind’s Perfume, Eco’s The Name of the Rose and Kazantzakis’s Zorba

the Greek are told in the third person and contain a great deal of dialogue. Dialogue

in novels may be closer to spoken discourse. However, rational use of third person

pronouns is often overruled in prose: proper names like Alice are still used instead of she

or her, even if it is clear that the sentence described her actions, state of being, or things

that happen to her. It would be highly interesting to see future cross-linguistic work on

personal pronouns that takes into account medium, genre, and ultimately, illocutionary

act. With the exception of Indonesian, Japanese and Mandarin, all languages in our

sample use verbal affixes to signal the morpho-syntactic properties of the subject to a

certain extent. As we have discussed in the Introduction, the most obvious limitation

of a token-based study such as ours is that it cannot take into account morphological

marking. Furthermore, languages heavily vary with respect to the information encoded

by verbal affixes (see Berdicevskis et al. 2020 on the trade-off in Slavic). The verbal

affixes of Ukrainian index referent for number and gender in the past tense:

(2a) Ukrainian (IE, Slavic: Pugh and I. Press 1999, p. 225)
Boris chitav.
Boris read.PST.M.SG
"Boris read, was reading"
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(2b) Ukrainian (IE, Slavic: Pugh and I. Press 1999, p. 225)
Vona umylasya.
She wash.PST.F.SG
"She washed (herself)"

while the other languages of the sample index person and number with different

numbers of forms in their paradigm. For instance, the present tense in Dutch has three

different verbal affixes: a zero form for 1SG, -t for 2SG and 3SG, and -en for 1PL, 3PL

and possibly for the 2SG (Donaldson, 2008, p. 170). In contrast, the present tense in

Italian has different forms for each combination of person and number in the paradigm,

for a total of six forms: -o for 1SG, -i for 2SG, a zero form for 3SG, -iamo for 1PL,

-te for 2PL and -no for 3PL, plus three distinct verbal thematic vowels between the

verbal root and the verbal affixes, with their selection dependent on the specific verb

Maiden and Robustelli (2014, pp. 219–221). The extent to which verbal indexing is

informative about person, number, gender and other features of the referent is thus

highly language specific. Furthermore, in many languages verb paradigms are suppletive

or irregular, their number ranging from very few verbs (Albanian: Camaj and Fox

1984, pp. 229–232; Hindi: Kachru 2006, pp. 79–82; Persian: Yousef 2018, pp. 159,

182) to several verbs (Armenian: Dum-Tragut 2009, pp. 277–284; Dutch: Donaldson

2008, pp. 191–205; Greek: Holton 2012, pp. 196–206; Hungarian: Rounds 2001,

pp. 269–278; Irish: Stenson 2019, pp. 83–91; Italian: Maiden and Robustelli 2014,

pp. 224–240; Ukrainian: Pugh and I. Press 1999, pp. 209, 219–230); this suggests that

referent resolution is not always straightforward in languages with sizable paradigms.

Aside from the lack of annotation for possibly relevant variables and unresolved cross-

linguistic differences in the informativity of verbal indexing, a methodological note

should be made on the statistical modeling. In order to avoid problems with multiple

testing, we opted for two relatively simple models that center on explaining surprisal

and AUC in terms of linguistic predictors. In the multi-language models, we only added

random intercepts and slopes for relative frequency, because of a priori beliefs that

this is one of the strongest predictors of surprisal. But it would have been possible to

add random intercepts (and slopes) for other variables, interactions between predictors
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(person and number, for example), and possibly predictors not discussed above. We

have refrained from doing this given the explorative nature of this study, and leave

further exploration of both cross-linguistic and language individual patterns to further

study A further limitation of our study is that personal pronouns are studied in isolation,

i.e., without reference to average surprisal for all tokens in the studied corpora, or with

respect to other strategies for reference to entities or things: nominal phrases. Given

that the interaction between personal pronouns and verbal number-person agreement

impacts information structure, it is highly likely that there is a correlation with the

(frequency of) use of overt noun phrases to establish reference. This is yet another

worthy topic of further research. Finally, while our sample was chosen with the goal of

maximizing geographic and genealogical diversity, we want to point out that it does

not allow for the evaluation of geographical or genetic effects on pronoun surprisal.

Although 10 out of 17 languages belong to the Indo-European language family, they

all represent primary branches of that family, and the geographical distance between

them varies considerably. For future work, we would expect that languages with a low

geographic and genealogical distance are similar in their use of personal pronouns,

resulting in similar effects of pronoun features on surprisal.
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4.7 Future Work

Apart from the directions already set out throughout this chapter, I see two more general

research questions that arise from our decision to use a multilingual corpus and a

multilingual transformer LM.

4.7.1 Impact of source language & translation

The first relates to the nature of our corpus. From the 10 books considered in this study,

one was originally written in Spanish (A Hundred Years of Solitude), two in Portuguese

(The Alchemist, Zahir), one in Italian (The Name of the Rose), two in English (Alice in

Wonderland, Through the Looking Glass), one in Dutch (The Diary of a Young Girl),

one in French (The Little Prince), one in German (Perfume), and one in Greek (Zorba

the Greek). To what degree the original language of a book impacts pronoun use in

the translation is a question that we have evaded, under the tacit assumption that this

effect would "average out" over the 8 different original languages. The primary avenue

to address the effect of the original language is to adapt our statistical analysis by

grouping translated books with the same original language together and contrast them

with untranslated books that were originally written in that language, and fitting LMMs

on both groups.

4.7.2 In what sense are "multilingual" LMs multilingual?

However, this only addresses the discrepancy between original and translated evaluation

data. A related effect stems from the multilingual nature of mGPT: All 61 languages

in the pre-training data share the parameter space, and it is reasonable to assume that

the dominant languages in the pre-training data shape the LM’s linguistic capabilites.

This was noted early on in the history of multilingual LMs, e.g., for mBERT ( Wu

and Dredze, 2020), although to my knowledge there is little research into the exact
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makeup of the parameter space of a multilingual model. While there are LMs that

explicitly separate parameter spaces of individual languages, e.g., by using adapters (

Pfeiffer et al., 2022b)3 or language-specific tokenizers (Rust et al., 2021), it is not a

priori clear if this approach is more cognitively plausible than a shared parameter space.

A related but divergent research question is how transformer LMs recover linguistic

information throughout the forward pass; this could be answered by probing the hidden

representations of intermediate layers, e.g., for the properties of a personal pronoun that

we considered in this study.

4.7.3 Morphologically adequate tokenization

Previous work from multiple research directions indicates that the default tokenization

strategy for (multilingual) LMs does not leverage much of the information contained

in the syntactic and morphological structure of the languages in the training data:

Nair and Resnik (2023) pointed out that reading time fit to surprisal of high-fertility

words4 (that is, words that are split into multiple subword tokens by the tokenizer) is on

average worse than for words that are not split, and find that morphologically aware

tokenizers potentially provide better surprisal estimates for high-fertility words. This

result has been corroborated outside of the language modeling context by Beinborn

and Pinter (2023), who similar to Hofmann et al. (2021) indicate that a broader

coverage of derivational morphology correlates with psycholinguistic measures; see

also Batsuren et al. (2024) for a more recent work. While Zouhar et al. (2023) showed

that BPE tokenization is a fairly good approximation for at least some languages, work

on morphologically complex languages like Finnish and Turkish (Ismayilzada et al.,

2024) shows that the default tokenization strategy is not optimal if one desires the

LM to display compositional generalization at least on the morphological level - a

capacity that humans surely possess. This has implications for linguistic research: If

a researcher is interested in a specific linguistic phenomenon, say, gender agreement

3 But see Alabi et al. (2024) for the effect of the dominant language of the "adapted" model
4 I use "word" here to refer to whitespace-delimited character sequences in an alphabetical script.
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between adjectives and nouns, the way in which this task is solved by a LM will in part

depend on its tokenizer: If, in an extreme case, all adjectival forms in the experimental

stimuli are part of the tokenizer’s vocabulary (i.e., they are not split into subwords),

the LM need have learnt the gendered property of each form during training. In the

opposite case, the tokenizer always splits adjectival forms into a stem (consisting of any

number of subwords) and the gender affixes. In this case the LM has to rely entirely on

a learnt compositional generalization mechanism (apart from heuristics, e.g., frequent

associations of specific adjective stems and affixes in the training data). While in practice

most tokenizers will lie in between these extremes, it is crucial to know which strategy a

LM learns, and whether that strategy aligns with the cognitive theory that is supposed to

be tested. It would be worthwhile to evaluate which tokenization strategy best represents

human language in this regard, or indeed for any other linguistic phenomenon.



5
Modeling Diachronic Change in English

Scientific Writing over 300+ Years with

Transformer-based Language Model Surprisal

This work began as an attempt to addresses two challenges to applying surprisal theory

to diachronic development of scientific English in the Royal Society Corpus (Fischer

et al., 2020a). Firstly, surprisal is strongly correlated to model and training data size, as

evidenced by, i.a., Kaplan et al. (2020) and Scao et al. (2022) or more recently and on

smaller scales Wal et al. (2025)1, as surprisal is exactly the function optimized by most

LM training algorithms. Since the amount of available text data increases exponentially

over time, surprisal from periods further in the past will necessarily be higher than

surprisal on periods closer to the present. The second factor, tied to first, is the drastic

expansion of the scientific vocabulary, which biases the quality of a tokenizer trained

naively on the entire corpus in question towards later periods. We address these by

using a shared vocabulary and employing a robust training strategy that includes initial

uniform sampling from the corpus and continuing pre-training on specific temporal

segments. We then conduct an empirical analysis highlighting the predictive power

of surprisal from transformer-based LMs, particularly in analyzing complex linguistic

structures like relative clauses.

1 These scaling laws do not necessarily hold true when it comes to modeling human linguistic compe-

tence; this is discussed in more detailed in Chapters 2.3.4 and 3.

85
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5.1 Introduction

Language models, particularly those rooted in machine learning and neural networks,

have revolutionized the way we analyze and understand the intricacies of linguistic

change (Kim et al., 2014; Hamilton et al., 2016; Dubossarsky et al., 2019). Different

models, such as n-gram, LSTM or transformer models, offer diverse possibilities for

analyzing language variation and change due to their underlying architectures. N-gram

models are usually based on rather small and fixed-size context windows, excelling in

capturing local patterns of variation. Transformer models, instead, employ attention

mechanisms and deep neural networks capturing long-range dependencies and global

context in language data. While they are less efficient in terms of training compared to

n-gram models, they excel at capturing complex syntactic and semantic relationships,

making them well-suited for analyzing possibly broader and more complex linguistic

trends.

Various studies, especially concerned with lexical semantic change, already employ

transformer-based models successfully (Giulianelli et al., 2020). However, comparability

of the models over time is not a trivial task as the data sets often vary greatly in terms

of corpus and vocabulary size, especially for historical material where the data cannot

be extended. In this paper, we apply transformer-based models to explore diachronic

linguistic change in 300 years of English scientific writing. In particular, we create

models of surprisal (the predictability of a word given its previous context, Shannon,

1948), which are comparable over time. Surprisal models allow us to investigate how

change in language use is possibly driven by optimization effects, given that surprisal

is proportional to cognitive effort (Hale, 2001a; Levy, 2008). A major assumption for

the evolution of scientific writing is that it becomes more informationally dense over

time (Biber and Gray, 2016) due to the increasing specialization and diversification of

scientific disciplines. On the other hand, conventionalization effects are at play which

modulate the informational load. This balance between highly informative content

and conventionalized ways of expression allows for an optimal code for expert-to-

expert communication ( Degaetano-Ortlieb and Teich, 2019). Our overarching aim
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is to create robust diachronic language models capable of capturing and quantifying

optimization effects in language use. We begin by outlining previous research on

changes in English scientific writing, emphasizing the use of information-theoretic

notions (specifically surprisal) to capture changes related to efficiency in communication.

We continue by elaborating on the challenges in using models with restricted window

sizes (n-gram models) and the motivation to apply transformer-based models as well

as the challenges associated with the implementation of these models to diachronic

data. Next, we describe the dataset used in our study and discuss the methods we

adopt for modeling changes over time using transformer-based models. Working with

historical linguistic data presents unique challenges, and we address some of these

in detail (vocabulary shifts and train set bias). In our analysis section, we assess our

transformer-based surprisal models, comparing surprisal trends with those found in

earlier studies. We supplement this with a focused study on relative clauses, which

require understanding long-range dependencies. These dependencies can be effectively

captured by transformer-based models as they consider larger context windows.

The contributions of this study lie in addressing key modeling challenges inherent

in historical data analysis, however, our approach has broader applications, extending

to other areas where resources are limited.

5.2 Previous Work and Rationale

Diachronic change in the English scientific register has received ample attention in

previous work. Earlier, descriptive (Halliday, 1988; Halliday and Martin, 1993) as well

as corpus-based studies (e.g., Biber et al., 1999; Biber and Gray, 2011; Biber and Gray,

2016) report on a central mechanism in scientific language which shifts grammatical

complexity from the clausal level (subordination and coordination) to the phrasal level

(see also Hundt et al., 2012) leading to an increasingly nominal instead of verbal style.

Another central development in the scientific register is the conventionalization of

lexico-grammatical features, which has been detected to be a necessary condition for

innovation on the one hand and grammaticalization on the other (Bybee, 2010; Schmid,
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1994). Innovation is probably the most obvious mechanism, as a natural reaction to the

need to create new vocabulary for newly arising concepts. Furthermore, diversification

of certain features in increasingly distinct contexts has been observed to be at play in the

course of the creation of new scientific disciplines and the formation of their respective

sublanguages (Halliday, 1988; Harris Sabbettai, 1991).

While the mentioned studies are either qualitative in nature or at most frequency-

based, more recent studies have employed information-theoretic measures such as

n-gram-based surprisal to detect diachronic changes in the register (Degaetano-Ortlieb

and Teich, 2016; Degaetano-Ortlieb and Teich, 2018; Teich et al., 2021). Surprisal

is formalized as the negative log probability of a unit in context Surprisal(uniti) =

−log2P (uniti|Context), which results in bits of information (Shannon, 1948). The

motivation to abandon a mere frequency-based approach in favor of n-gram-based

surprisal is the assumption that linguistic change underlies the rational strive for com-

municative efficiency. Since surprisal is a widely-used measure of information, which

has been shown to be correlated with cognitive effort in online language processing (e.g.,

Levy, 2008; Demberg and Keller, 2008b) it is well suited to giving a communicative

explanation for changes in the lexical as well as grammatical level. Degaetano-Ortlieb

and Teich (2019), for instance, show that in scientific writing certain grammatical

patterns become less surprising over time, i.e., increasingly conventionalized in their

contexts, while specific lexical items show a trend toward “innovation and increase in

expressivity” (Degaetano-Ortlieb and Teich, 2019, p. 26) indicated by phases of high

surprisal when new concepts enter the language and phases of stability/consolidation

when items of lexical usage become conventionalized in their contexts. An example

of the interplay between lexical innovation and grammatical consolidation is the noun

– preposition – noun pattern (e.g., oxide of iron) becoming extremely predictable as a

grammatical pattern while serving as a “habitual host for lexical innovation and termi-

nology formation” Degaetano-Ortlieb and Teich (2019, p. 26). The mentioned studies

give a plausible explanation for the underlying motives of language change, however,

their underlying 4-gram language models (i.e., surprisal based on a word’s predictability

given its previous three words as context) are fairly restricted in terms of context size.
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While the narrow context of only three preceding words is well suited for detecting opti-

mization of shorter linguistic units such as the above-mentioned noun-preposition-noun

pattern, it is less well suited for drawing conclusions about the diachronic development

of linguistic structures exceeding this window size. A possible solution to this is to

replace the n-gram with a model covering a larger context window such as an LSTM (

Hochreiter and Schmidhuber, 1997) or Transformer (Radford et al., 2018), which is the

approach we present in the present paper. However, applying such models, especially

transformer-based ones, poses several challenges (e.g., varying corpus and vocabulary

sizes or selection of data for modeling). In this paper, we work towards addressing

some of these challenges (cf. Section 6.5). While there is a growing body of research

on which language model architecture to choose if restricted to a limited compute

budget (e.g., Scaboro et al., 2021) or a specific dataset size (e.g., Hoffmann et al.,

2022), it is less clear what approach one should take if either one’s compute budget or

dataset size is very small. This becomes especially pressing in the case of historical

corpora as there are only limited ways of extending the data. While it is possible to

train large language models on historical English data (e.g., Hosseini et al., 2021),

doing so might be undesirable for a number of reasons. When the reason for training a

language model is to create a computational model which serves as an approximation –

ideally a cognitively plausible one – of a speaker of a specific time period, the option of

training the language model on large-scale text data is not available, since the training

data should, for example, be restricted to a time period preceding any text from that

time period, with the basic assumption that a speaker did not have access to future text

productions. This is of course a simplified assumption; in the case of written text, it is

plausible to assume that every reader has access to some amount of data that lie in the

future from the perspective of any given text. However, there are domains in which this

amount can plausibly be assumed to be small, such as scientific English writing.
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5.3 Data and Methods

5.3.1 The Royal Society Corpus

We use the Royal Society Corpus (RSC) Fischer et al. (2020b) and Kermes et al.

(2016) as a data set. The RSC is based on the Philosophical Transactions and the

Proceedings of the Royal Society of London. In total, it comprises 295 895 749 tokens

and 47 837 texts, which were published between 1665 and 1996. The RSC incorporates

a comprehensive set of metadata such as text categories (e.g.„ articles, abstracts),

authorship, title, publication date, and historical periods (ranging from decades to

half-centuries), along with linguistic annotations at multiple layers including tokens

(featuring to some extent both normalized and original forms), lemmas, and parts

of speech, utilizing TreeTagger (Schmid, 1994), and Universal Dependency parsing

achieved by Stanza ( Qi et al., 2020) with combined models. Given that the texts

underwent OCR, several preliminary procedures were employed to counteract OCR

inaccuracies to the greatest extent feasible (for an in-depth explanation, refer to Kermes

et al., 2016; Menzel et al., 2021).

5.3.2 Problems for diachronic language modeling

Previous research on the diachronic linguistic development of English scientific writing

(Degaetano-Ortlieb et al., 2018; Degaetano-Ortlieb and Teich, 2018; Degaetano-Ortlieb

and Teich, 2019) has employed surprisal derived from n-gram language models as a

proxy of a model’s linguistic knowledge. The hypothesis is that as syntactic structures

are conventionalized (i.e., become more predictable) over time, surprisal from n-gram

language models fitted to texts from successive time slices of the RSC decreases. While

previous work indeed found such an effect (Krielke, 2021), n-gram language models

are only a good approximation for local effects and ideally, a more cognitively plausible

model should have access to the full sentence-level context. A possible solution is to
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replace the n-gram by a neural language model with a larger context window (LSTM or

transformer). However, for historical data such as the RSC, this is far from trivial as

the number of texts and the number of tokens per year decrease exponentially as we go

back in time. In such a setting, it becomes increasingly difficult to train and compare

language models for two reasons:

1. Vocabulary Shift. When sampling from periods t and t+1, the sets of word types

or vocabularies V t, V t+1 will be partially disjoint, i.e., Vt ∩ V t+1 6= ∅. When

training language models M t, M t+1 on t and t+ 1, the probability distributions

PMt , PMt+1 cannot be directly compared since they are defined over different

sets of events.

2. Train Set Bias. Let Ct be the set of texts from period t. Since |Ct| << |Ct+1|,

M t+1 will see much more training data than M t when naively sampling from

the corpus. The probability estimates derived from M t+1 will be tighter than

those derived from M t as a function of the train set size, if the vocabulary stays

constant, i.e., for an identical prefix w0...i−1 we expect that PMt+1wi|w0...i−1 ≥

PMtwi|w0...i−1.

5.3.3 Approach

Continuous Pre-training While vocabulary shifts can be addressed by sharing a unified

vocabulary over all models, train set bias requires sampling the train set such that M t

and M t+1 are trained on a similar number of tokens, which is problematic because for

earlier periods we may have only very little data. In order to alleviate the effects of trains

set bias, we make use of the default NLP pipeline of pre-training a transformer model

on a more general dataset D0
PT sampled uniformly from the each time period Ct, and

then continue pre-training on the documents of a specific year Ct. In our experiments

we use the the smallest version decoder-only OPT architecture (S. Zhang et al., 2022b),

with randomly initialized weights.
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Pre-training Dataset We sample a pre-training dataset D0
PT from all documents in

the corpus such that an equal number of tokens is sampled from the documents Ct.

Sampling 105 tokens yields |D0
PT | ≈ 2×106. We derive a unified vocabulary by training

a BPE tokenizer with |V | = 5× 104 on DPT . We then pre-train on D0
PT , obtaining a

set of pre-trained weights θPT . Surprisal for words that are split into subwords by the

tokenizer is calculated by summing their respective log probabilities.

Pre-training on Individual Years We sample datasets Dt
PT for each year t in the

corpus. Each Dt
PT consists of the documents from a period of k years prior to t such

that starting from t0 = t− k:

Dt
PT =

t−1⋃
t′=t0

Ct′ (5.1)

We then initialize the model with θPT and fine-tune on Dt
FT until validation loss

converges. Hyperparameters for continuous pre-training can be found in Table 5.1. This

results in a similar number of training steps (300-400) on each Dt
PT , independent of

|Dt
PT |.

Hyperparam Value

Batch Size 128

Learning Rate 1−3

Warmup Linear, 10%

Optimizer AdamW

Table 5.1: Pre-training hyperparameters

Implementation We used HuggingFace Transformers (Wolf et al., 2020b) to train the

BPE tokenizer and to pre-train and fine-tune the OPT model. The source code will be

made available on GitHub alongside instructions to replicate the result upon publication.
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Figure 5.1: Surprisal on nouns, adjectives, relative pronouns (’which’+’that’ with XPOS tag

’WDT’) and conjunctions/particles as defined by the UPOS annotations of the RSC.

Error bars show standard error.

5.4 Analyzing Linguistic Change

One main assumption regarding the development of scientific English is a balance

between informationally dense scientific content and conventionalized scientific style

(cf. Degaetano-Ortlieb and Teich, 2019). In fact, it has been shown that scientific

English changes from a verbal involved style with embedded clausal structure (see

Example (1)) toward a heavy nominal style with long nominal phrases (see Example (2))

and predictable grammatical structures (Biber and Gray, 2016; Degaetano-Ortlieb and

Teich, 2019).

(1) And if the greatest part of these Vessels are Arteries, or other Vessels, that immediately

receive liquors from them; I may prove, I think, from another Experiment, made by

Injection into a part of the Arteria praeparans, before I began to expand the Body of

the Testis; whereupon opening the part, which I saw discoloured, I found, that many
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of these Tubes had received some of the fine particles of that matter, which I tinged my

injected Spirit with. (King and de Grieff, 1669)

(2) On the other hand, a clear red-green stripe pattern of predominantly positive or

negative response emerges in the vertical motion signal. (Zanker, 1996)

We start by testing whether the results obtained by transformer-based surprisal models

are in line with previous findings. We employ the Mann-Kendall trend test (in the

Python implementation by Hussain and Mahmud (2019)) to confirm visually salient

increases or decreases of surprisal (either on specific words or averaged over POS

tags). In particular, we report the direction of the trend (increasing, decreasing, or

no trend), its slope s and the p-value p associated with it. Figure 5.1 shows surprisal

of the lexical word classes nouns and adjectives as well as the grammatical function

words relative pronouns (e.g., which, that) and conjunctions/ particles (e.g., and, to).

The surprisal values are calculated as the mean surprisal of all words belonging to a

class per decade, determined by the word’s POS tag in the CoNLLU. From the 1800s

onward we can see an increase in surprisal for word classes associated with nominal

style, nouns (s = 0.0181, p < 0.001) and adjectives (s = 0.174, p < 0.001). Function

words, instead, show a steady decrease during the 17th up to the 1840s (s = −0.01,

p < 0.001) followed by a slight but not significant increase from the 1930s onward

(s = 0.0093, p = 0.2097). Thus, while nouns and adjectives in general carry more

information (higher surprisal, between 7.5 - 12 bits) on average, function words carry

much less information (between 3-5 bits). While these findings are in line with the

general trend observed in previous work (cf. Kermes and Teich, 2017), we should

state that considering average lexical surprisal of words belonging to specific word

classes only shows a very aggregated picture as a result of the confluence of different

factors, e.g., word frequency, vocabulary diversity, collocational distributions of words

per decade.
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Figure 5.2: Average surprisal and frequency of nouns contributing to the surprisal increase and

related to the chemical revolution. Error bars show standard error over documents.

5.4.1 Modeling Convention and Innovation with Surprisal

A more thorough inspection at the lexical level (nouns and adjectives in Figure 5.1)

seems to indicate a wave-like tendency with periods of alternating peaks (e.g., 1680,

1750, 1790, 1890, 1990) and troughs (e.g., 1730, 1780, 1820, 1910) in surprisal. Con-

sidering that peaks in surprisal indicate an increase in the use of unpredictable words

given their previous context and troughs stand for more predictable usages, the observed

changes could be related to discoveries triggering new vocabulary in the corpus at hand,

especially at points with abrupt changes such as in the 1790s for nouns. In fact, this peak

coincides with the chemical revolution where the 100-year-old phlogiston theory was

replaced by the evidence around the discovery of oxygen and hydrogen. Troughs, on

the other hand, reflect periods of consolidation, where new vocabulary is integrated into

language use possibly becoming established terminology (cf. Degaetano-Ortlieb and

Teich, 2019). To test this assumption, we further inspect the nouns contributing most
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to the surprisal increase in the 1790s (see Figure 5.2 showing surprisal and frequency).

At their first mentioning in the 1790s, these nouns are relatively high in surprisal, but

strongly decrease in the decade 1800, when their frequency increases, stabilizing at a

mid-surprisal range in the coming decades (1800-1840). This is clearly an indication

of a point in time (1790s) of innovation in terms of the use of new lexemes followed

by a period of conventionalization, where new terminology was established in the new

chemistry field. Thereafter, the chemical elements oxygen (s = 0.031, p < 0.001),

hydrogen (s = 0.0424, p < 0.001), and nitrogen (s = 0.0188, p < 0.05) show a

continuous increase in surprisal, with a clear peak from the 1970s to the 1990s. This

tendency seems to indicate two distinct mechanisms that might have an impact on the

nouns’ surprisal: (1) given that the frequency is not decreasing until the 1960s, the nouns

might be used in more diverse contexts which would explain their increase in surprisal

(e.g., thought that/permeable to/the ketonic oxygen with high surprisal of oxygen >10

bits), (2) in the period of the 1970s to the 1990s, their frequency decreases, which might

explain their even stronger increase in surprisal in that later period.

5.4.2 Modeling Surprisal for Long-Range Dependencies

In this second analysis, we focus on relative clause (RC), which inherently involve long

dependencies (see Example (3)), necessitating models that can appropriately handle

such complexities. In this regard, transformer-based models are arguably more effective

than n-gram or LSTM models as they can make use of very long contexts, offering

deeper, context-sensitive analysis that is crucial for accurately capturing the nuanced

aspects of these linguistic structures.

(3) The protein, for which the detailed biochemical pathway analysis conducted by the

researchers identified several novel interaction partners, exhibits properties consistent

with increased metabolic resistance.



5.4 A N A LY Z I N G L I N G U I S T I C C H A N G E 97

Surprisal of Relativizers: We start by considering the surprisal of the relative pronouns

in Figure 5.1, which show a clear turn in 1920, while conjunctions and particles seem to

stabilize in surprisal for more than 100 years between 1800 and 1920. Interestingly for

relativizers, the development until the 19th century is not exactly in line with previous

research on the diachronic development of relativizer informativity (cf. Krielke, 2021),

which reports on an overall slightly increasing surprisal of relativizers (which and that).

Krielke (2021) explains the upward trend with the frequency decrease of relativizers in

scientific writing. However, they report on an increasing conventionalization of which as

the preferred relativizer in scientific writing occurring in increasingly uniform contexts

accounting for some very low surprisal values. An explanation for the differences in our

results might be the different modeling of surprisal since Krielke (2021) uses a 4-gram

surprisal model based on probability estimates of relativizers within 50-year periods.

As our estimates are based on a dynamic context size and models are more precise in

terms of surprisal prediction in different time slices due to the balanced vocabulary size

of each slice, we can assume that our results reflect changes in relativizer informativity

more reliably. Moreover, the increase in surprisal in the 20th century in our data may

have two mutually non-exclusive explanations: (a) relativizers become less frequent

in the 20th century, and (b) they occur in increasingly diverse contexts as a reaction to

specialization, e.g., they might follow a higher diversity of nouns, which are also less

predictable (cf. Figure 5.1).

Relativizers in Context: We furthermore inspect more thoroughly the reasons for

the increasing surprisal values of relativizers in the 20th century by examining a) the

frequency distributions of relativizers over time (Figure 5.3) as well as the immediate

lexical contexts of relativizers (that and which, Table 5.2). The frequencies show that the

overall strongest decrease in relativizers over time happens roughly in the 19th century.

This shows that the sudden increase in surprisal of relativizers in the 20th century does

not seem to be motivated by a major frequency drop but rather by a specialization of

contexts that relativizers tend to occur in. The most frequent part-of-speech 3-grams

preceding the relativizers that and which reflect this: that in the decade 1990 mostly

occurs after complex noun phrases (Table 5.2), which can be assumed to decrease the
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predictability of the relativizer. The preceding contexts of which are more predictive

since they introduce either prepositional RSCs (e.g., the way in which) or restrictive

RSCs separated from the matrix clause with a comma (e.g., the experiment, which).

What is interesting here is the fact that the more predictable which steadily drops in

frequency while that steadily increases from 1900 onward. This could explain the

overall increase in surprisal since the strongly conventionalized which becomes less

influential in the average surprisal while that becomes less predictable in context and

more frequent.

Figure 5.3: Distribution of relativizers in the RSC.

While this kind of pattern-based context analysis would also be possible using

4-grams, our surprisal model should also account for larger contexts and better surprisal

estimates compared to the 50-year-based 4-gram surprisal model used in previous

studies allowing more reliable interpretations of diachronic trends.

Surprisal in Long-Range Dependencies; Here we ask whether syntactic context has

an influence on the predictability of syntactic elements relying on longer distances to

their syntactic heads. As a plausible measure to define syntactic context, we make use

of the well-established metric dependency length (DL) describing the distance from an

element X to its syntactic head (Heringer et al., 1980; Hudson, 1995). We apply this

metric to measure the distance between the head noun of an RSC and its embedded verb

to find out whether the distance correlates with the predictability of the embedded verb.

One assumption could be that the closer the relevant information (head noun) is located
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freq. trigram example

3034 IN DT NN of the acid that

2893 DT JJ NN the muriatic acid that

1627 NN IN NNS number of experiments that

1473 IN JJ NNS in various instances that

1415 DT NN NN the iron particles that

6392 DT NN IN the way in which

3123 JJ NN , unique solution, which

2866 JJ NN IN special case in which

2818 NN NN , length scale which

2722 DT JJ NN the complex plane which

1767 ( CD ) (3.1) which

Table 5.2: POS trigrams preceding that and which

to the upcoming dependent (embedded verb) the lower the surprisal of the upcoming

word:

(4) The woman who ate the sandwich was hungry. (DL = 2)

(5) The woman whom the manager of operations wanted to talk to was upset. (DL = 10)

We start by inspecting the diachronic development ofDL and the surprisal of embedded

verbs in RSCs by decades (see Figure 5.4).DL and surprisal are negatively correlated,

i.e. the opposite of our assumption is the case: in decades where the embedded verb on

average is further away from its syntactic head the verb’s average surprisal is lower, and

in decades where the verb is closer to its syntactic head the verb is more surprising:

(6) The questions that we might ask are not easy to answer. (DL = 4)

(7) The questions that lie on the table are not easy to answer. (DL = 2)
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One explanation is that at the point of encountering the relativizer the entropy (i.e.

uncertainty about the rest of the sentence, Hale, 2006) is higher than at a later point in

the relative clause.

Figure 5.4: Average surprisal on the verb in the RSC and dependency length to its head noun

in the RSC. Negative correlation for surprisal and dependency length (Spearman’s

ρ = −0.35, p < 0.05).

To get a better intuition about the reasons for the lower predictability in shorter

syntactic contexts and the higher predictability in longer syntactic contexts, we extract

the most surprising contexts of embedded verbs in RSCs in 1990 plus the least surprising

contexts in 1820. Example (8) reflects two aspects we have mentioned so far. First,

the conventionalized pattern of prepositional RSCs (i.e. determiner noun preposition)

contexts not only seem to increase the predictability of the upcoming relativizer but

also that of the embedded verb. Second, surprisal at the main verb (participle) in the

RSC might be reduced due to being in a highly predictable passive construction (has

been + participle).

(8) the first case in which a quantitative attempt has been made (Surprisal = 0.0142)

Conversely, the high-surprisal contexts are extremely short where the head noun is

directly followed by the relativizer and the embedded verb (Example (9)).

(9) recordings in the region of the pontine nuclei that VERB (Surprisal = 9.9998)



5.4 A N A LY Z I N G L I N G U I S T I C C H A N G E 101

The latter, high-surprisal cases syntactically belong to the subject RC type, while

the first, low surprisal cases belong to the oblique relative clause type. The negative

correlation between surprisal andDL can thus also be explained with Hale’s Entropy

Reduction Hypothesis (ERH, Hale, 2006) – uncertainty about the rest of the sentence

tends to decrease as new words are introduced, and the degree of this reduction aligns

with the information that the word conveys within the context of the current sentence (cf.

Frank, 2013, p. 476). Thus, a high surprisal value at the verb of a subject RC directly

following the relativizer is equivalent to a strong reduction of uncertainty about the rest

of the sentence since at this point the relativized grammatical relation can be resolved.

The low surprisal at the embedded verbs of RCs extracted from other positions (e.g.,

oblique) implies that entropy reduction here is much lower since a lot of information

for disambiguation about the rest of the sentence has been given before.

For comparison, we consider the 1820s whereDL is comparatively long, while

surprisal is fairly low. Example (10-a) shows a particularly long dependency relation

between the head noun (bundles) and the embedded verb (composed) with extremely

low surprisal.

(10) denote the bundles of fibres of which the brain is composed (Surprisal = 0.1132)

Since the immediate left context (i.e. the brain is) of composed is not particularly

predictive, while the head noun bundles is much more so, our surprisal estimates seem

to rely on a context beyond the immediately preceding 3-gram. Thus, our modeling

approach allows us to capture long-range syntactic relations. Together with the fact that

our results align with observations from psycho-linguistic studies (e.g., Frank, 2013),

we conclude that our methodology for generating diachronically comparable surprisal

estimates provides plausible metrics to investigate the interplay between information

content and syntactic context in diachronic language change.
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5.5 Conclusion

We demonstrated the efficacy of transformer-based surprisal models in analyzing di-

achronic linguistic change, highlighting their capacity to accommodate long-range

dependencies and global context. The application of these models to historical data is

not without challenges given the exponential increase in texts and tokens over time,

leading to partially disjoint vocabularies and non-comparable probability distributions

across different periods. Significant disparities in training set sizes between time periods

further complicate the modeling process. To address this, we implement two key strate-

gies: (1) sharing a unified vocabulary over all models, (2) pre-training on a more general

dataset sampled uniformly from the whole corpus and then continue pre-training on

documents of a specific year. Our models also uniquely incorporate a temporal aspect,

restricting training data to texts published before the target period (which can be adapted

for other research questions).

Our empirical analysis, compared against prior studies using n-gram models on

the Royal Society Corpus, revealed both corroborative and novel insights. Specifically,

the examination of linguistic phenomena, such as relative clauses, underscored the

superiority of transformer-based models in predicting changes not solely based on

changes related to frequency distributions. These models, with their broader contextual

awareness, facilitated a more nuanced exploration of communicative efficiency, aligning

with theoretical frameworks like Hale’s Entropy Reduction Hypothesis. The inclusion of

DL annotations further enriched our analysis, allowing for a more granular examination

of syntactic structures. This provided deeper insights into the adaptive mechanisms of

language, reflecting shifts in complexity and efficiency within scientific discourse.

This study should be considered to be the groundwork for Chapter 6, where we

use the methodology laid out here to estimate the memory-surprisal trade-off (Hahn

et al., 2021) of different periods of the RSC.
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Modeling the Memory-Surpisal Trade-Off over

Time: Communicative Efficiency Decreases

with Lexico-Grammatical Change in Scientific

English

In this paper, we apply the methodology developed in the previous chapter to explore

the influence of diachronic variation of the memory-surprisal trade-off (MST) in the

scientific English of the Royal Society Corpus (RSC), spanning from the 18th century

to modern time. In order to assess the impact of intra-linguistic variation (register),

we compare scientific English with “general language” using parts of the Corpus of

Historical American English (COHA). We observe a clear diachronic effect for scientific

English towards decreased efficiency as scientific texts shift from verbal to nominal

style and the lexicon in the scientific domain expands, while in general language the

effect is less pronounced.

The content in this chapter is based on:

Julius Steuer et al. (under review). “Modeling the Memory-Surpisal Trade-Off over

Time: Communicative Efficiency Decreases with Lexico-Grammatical Change in Scien-

tific English”. In: Submitted to ACL Rolling Review

Julius Steuer and Marie-Pauline Krielke conceptualized the research and led the

paper writing. Julius Steuer trained the LMs and ran the evaluation. Stefania Degaetano-

103
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Ortlieb, Elke Teich and Dietrich Klakow helped set out the research agenda, suggested

new directions and gave feedback during the experimental phase.

6.1 Introduction

The development of scientific English over the last 300 years was characterized by a shift

from more intricate sentence structure with a high degree of clausal embedding towards

increasingly informationally packed noun phrases, shorter sentences, and decreasing

dependency length (DL). These changes have led to the conclusion that scientific

English has become syntactically less complex at sentence level and more complex at

noun phrase level over time (Juzek et al., 2020; Krielke et al., 2022; Krielke, 2024). At

the same time, scientific English has expanded its vocabulary drastically from ca. 1900

onward, as seen, e.g., in the exponential increase of noun types in the RSC (Fischer

et al., 2020a) (see Figure 6.3).

In this paper, we set out to model the impact of lexical expansion and syntactic

change on communicative efficiency in terms of the memory-surprisal trade-off (MST,

Hahn et al., 2021). The MST unifies two competing approaches to communicative

efficiency: Surprisal theory ( Levy, 2008), focusing on expectation-based efficiency,

assumes that a word wt becomes easier to predict the more context information (e.g.,

preceding words w1, ..., wt−1) is available. Dependency Locality Theory (Gibson, 2000)

assumes that memory-based efficiency is optimized if words that are close to each other

in a dependency tree (see Figure 6.1) are also close to each other in the surface form

of a sentence, i.e., if dependency lengths between words on average are small. The

MST combines these approaches by positing that for a given language, the actual word

order in a sufficiently large corpus balances the requirements of predictive processing

(surprisal theory) and communicative efficiency (dependency locality) by optimizing the

amount of information that needs to be stored in memory to reach an average surprisal

level. In their seminal paper, Hahn et al. (2021) showed that the syntax of a typologically

diverse set of languages is optimized with respect to this trade-off.



6.2 R E L AT E D W O R K 105

The skin , in which the three - week old featus of a cow is normally wrapped

det

acl:relcl

punct case

obl

det

nummod

punct

compound

amod

nsubj:pass

case

det

nmod

aux:pass

advmod

root

(a)

Typical integumentary coverage of the three - week bovine fetus

amod

amod

root

case

det

nummod

punct

compound

compound

nmod

(b)

Figure 6.1: Dependency structures of (a) noun phrase with relative clause postmodification (15

words) and (b) noun phrase with multiple premodication (9 words).

We ask whether the communicative efficiency of scientific English as measured by

the MST changes over time due to linguistic change, and if so, whether it becomes better

or worse and which factors are most influential. We also ask whether any changes in

MST are register-specific, i.e., whether scientific English is affected more than general

English, and whether the language of different scientific disciplines reacts differently

(due to domain-specific lexical expansion).

6.2 Related Work

6.2.1 Diachronic development of scientific English

In the past 300 years, scientific English has undergone substantial changes on the lexical

and grammatical levels (e.g., Banks, 2003; Halliday, 1988). Lexis is continuously

expanded with new technical terms (Halliday and Martin, 1993; G. Wang et al., 2023),

and due to the increasing shared background knowledge within individual scientific

disciplines, grammatically explicit constructions such as clausal subordination (Example

in Figure 6.1a) become less frequent (Hundt et al., 2012; Krielke, 2024) in favor of a

dense, implicit nominal style with heavy noun phrase constructions (Biber and Gray,

2011; Biber and Clark, 2002) (cf. Example in Figure 6.1b).

According to rational communication, diachronic change is a continuous process of

adapting the linguistic system to emerging communicative needs while holding process-
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ing effort stable. Information-theoretic approaches (Degaetano-Ortlieb and Teich, 2022)

have shown that periods of lexical expansion are associated with increased surprisal

(and thus increased processing load), (e.g., Steuer et al., 2024b), while grammatical

conventionalization leads to optimization of expectation-based processing for increas-

ingly predictable grammatical constructions ( Degaetano-Ortlieb and Teich, 2022;

Degaetano-Ortlieb et al., 2019; Teich et al., 2021; Bizzoni et al., 2020).

To cognitively assess syntactic phenomena, dependency locality (the distance

between syntactically related words) has been used to approximate the processing

difficulty of working memory (Gibson, 1998; Gibson, 2000; Lewis and Vasishth, 2005).

While overall, languages tend to minimize the length of their syntactic dependencies

(Futrell et al., 2015; Liu, 2008) compared to random baseline word orders, this also

applies diachronically ( Gulordava and Merlo, 2015; Lei and Wen, 2020) and in

specific registers (Juzek et al., 2020; Krielke, 2024). In the present paper, we set out to

measure communicative efficiency by applying the MST over time as well as by register

(scientific vs. non-scientific language).

6.2.2 Memory-surprisal models

Hahn and Futrell (2020) extend expectation-based processing models (Levy, 2008)

and lossy compression theory (Cover and Thomas, 2006) to propose an information-

theoretic framework for memory efficiency in language. They define memory efficiency

as a trade-off between surprisal and memory usage where reducing average surprisal

per word requires storing more information about past context. Applying this to 54

languages, they find that word order optimizes processing efficiency under memory

constraints, supporting the idea that syntax facilitates efficient online processing. Hahn

et al. (2021) extend the notion of the MST proposing the Efficient Tradeoff Hypothesis,

which suggests that word order in natural language is shaped by pressures to optimize

this tradeoff. They further derive that languages achieve more efficient tradeoffs when

they exhibit information locality, i.e. predictive information about a word is concentrated

in its immediate preceding linguistic context. While these approaches have proven a
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cross-linguistic tendency to order words and morphemes to achieve a maximally efficient

tradeoff between memory and surprisal, to date, the approach has not been applied to

intralinguistic or diachronic studies.

6.2.3 Intuition

Figure 6.2 illustrates the relationship between MST curves and area under the curve

(AUC) for five years from the RSC: the curve for the last year (1900) starts at the

highest unigram surprisal and then converges to the highest surprisal level after the

maximum amount of memory bits, resulting in the highest AUC value. Conversely, the

first year (1820) starts at the lowest unigram surprisal and reaches the lowest surprisal

level overall after the maximum number of memory bits, resulting in the lowest AUC

and thus a more optimal MST. Between those years, 1950 still follows the (expected)

trend of increasing unigram surprisal, but intersects the MST curve of 1850, leading to

a lower AUC and a temporary increase in optimality w.r.t. the MST.

6.3 Rationale and Hypotheses

Over time, scientific English has shifted toward a nominal style with high lexical density

and syntactic conventionalization, promoting local but implicit dependencies. Simul-

taneously, vocabulary growth increases lexical variability, suggesting an interaction

between lexis and grammar. Nominal constructions reduce the efficiency of memory-

based prediction due to implicit dependencies, whereas verbal constructions support

explicit, less local dependencies and benefit more from memory. As vocabulary expands,

the average lexical surprisal rises, implying that the minimum achievable surprisal in

later periods exceeds that of earlier ones.

Specifically, we expect that changing preferences for specific syntactic construc-

tions will lead to different shapes of the MST. For instance, a language variety (e.g.,

register and/or period) with a high usage of subordinate constructions leads to longer
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Figure 6.2: MST curves (1820-1990) and their respective areas under the curves (AUC). MST

curves where extended to the maximum per-document memory in the RSC.

dependencies generating longer predictive contexts (e.g., Figure 6.1a). Such construc-

tions benefit from higher memory usage to predict the next word, since more memory

helps to reduce surprisal. In contrast, varieties using highly dense constructions (e.g.,

Figure 6.1b), less memory should be enough on average to predict the next word, while

more memory should not necessarily improve the prediction. To quantify the quality of

the MST over time, we calculate the AUC of the memory–surprisal graph per decade in

scientific and general English. We compare the AUCs calculated for both corpora per

50-year periods to find out if optimization on memory efficiency develops differently in

scientific vs. general English. For a more fine-grained analysis, we calculate the MST

for word classes (nouns, verbs, other) and compare the AUCs respectively. Since the
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AUC can only give us a reduced picture of the actual shape of the MST, we also consider

the actual MST graphs and interpret their slopes. If a graph flattens at a low memory

budget, this means, more memory does not contribute to improving the prediction of

the next word. If a graph decreases steadily, this means that every further token held

in memory improves the prediction of the next word further. @Based on the attested

developments in scientific English, we form the following hypotheses:

H1.1: Impact of average surprisal We expect the MST to deteriorate (i.e. increasing

AUC) in both RSC and COHA (scientific vs. "general" English) due to the general

increase in surprisal through vocabulary expansion.

H1.2: Impact of register We expect the MST to deteriorate (i.e. increasing AUC) more

strongly in the RSC than for COHA due to a stronger vocabulary increase in scientific

English.

H2: Difference between POS The vocabulary expansion affects the MST of nouns (i.e.

increasing AUC) more than other POS, especially in scientific English.

H3: Effects of nominal style on shape of the MST curves Over time, we expect to

find a weaker surprisal reduction with more bits of memory, especially in the RSC.

6.4 Data

6.4.1 Royal Society Corpus

We use two English diachronic corpora covering the time between 1750 and 2000.

For scientific English we use the Royal Society Corpus (RSC) (Fischer et al., 2020a),

consisting of the publications of the Royal Society of London with 47K documents and

300M tokens. We evaluate the evolution of the MST in 3 sub-samples, given that the

RSC was split into subjournals around the 1900: (1) RSC encompasses all documents

from 1665 to 1900, and from 1900 onward (2) RSC-A includes the Proceedings and

Transactions of the Mathematical, Physical and Engineering Sciences, and (3) RSC-B

containing publications of the Proceedings and Transactions of the Biological Sciences.



110 M O D E L I N G T H E M E M O RY- S U R P I S A L T R A D E - O F F I N T H E ROYA L S O C I E T Y C O R P U S

Figure 6.3: Increase of types per part-of-speech (POS) in the RSC over time; "Other" contains

all POS except nouns and verbs.

Documents from a forth category containing, e.g., obituaries were excluded from the

analysis.

6.4.2 Corpus of Historical American English

For general English, we use a reduced version (masked words) of the multi-genre,

diachronic COHA corpus (Davies, 2021). The full COHA comprises over 475 million

words spanning the 1820s to 2010s. To make the linguistic annotation comparable in

both corpora, we parse and POS-tag the corpus with the Stanza software package (Qi

et al., 2020), using the default English parser.

6.4.3 Corpus subsampling

We follow the diachronic language modeling approach introduced by Steuer et al.

(2024b) by subsampling train sets of approximately identical size for each year in a

corpus (see Table C.1 in Appendix C.1). For the tokenization methods not based on
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subwords, we apply a post-processing step that reduces the number of vocabulary items

to obtain approximately similar vocabulary sizes of ≈ 80.000. For each tokenization

method, we choose a separate threshold frequency tREPL that any token in the train

set must exceed to be included in the tokenizer’s vocabulary. We split the train set by

white spaces and replace all words that occur only tREPL times in the train set by an

"unknown" token that corresponds to its POS tag as given by the UPOS column in the

conllu file. Then, we replace all out-of-vocabulary (OOV) items in the validation and

test sets in the same way.

6.5 Methods

6.5.1 Tokenization

We tested several tokenization methods for both corpora. These methods are described

in detail in Appendix C.1. For the results in the main paper, we used a lempos-based

tokenization: We first split the train corpus by whitespaces, and then replace each word

with a concatenation of its lemma form as given by the UPOS tag as given by the

respective columns of the conllu file. In case the absolute frequency of a word did not

exceed the threshold value tREPL it is replaced by its UPOS tag. We then replace OOV

items in the validation and test set in the same way. The final tokenizer (used for all

models trained on that corpus) is trained on the concatenated train sets of each corpus.

This dampens the effect of the exponential increase of noun types in the RSC, and

allows a closed, word-based vocabulary sampled equally from all years of the corpus.

6.5.2 Language models

For each tokenization method, we use Hugging Face transformers (Wolf et al., 2020a)

to train the base version of the OPT architecture (S. Zhang et al., 2022a) on each subset

of the training corpus (i.e., the train set of pretainging to a single year in either RSC or
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Figure 6.4: Memory-surprisal trade-off curves for 10 years from the RSC. Surprisal was aver-

aged over documents and cross-validation folds. Each dot on a curve corresponds

to a surprisal - memory pair, starting with unigram surprisal and no memory. All

curves where extended to the maximal amount of memory available.

COHA) for 10 epochs with a batch size of 256, a learning rate of 5× 10−5 and a linear

learning rate warmup over 50% of training steps. Word-level models were trained with

a context window of 32, and the BPE model with a context window of 64. Training

was done on a cluster of 8 Nvidia A100 GPUs with 40GB of memory and took about 2

hours per model. We then used the LMs to estimate surprisal values on all documents

from each test year of the two corpora. The code



6.5 M E T H O D S 113

6.5.3 Surprisal estimation

For each context size T ranging from T = 0 (unigram surprisal) to TMax = 20, we

estimate average surprisal ŜT on a document D of |D| words following Hahn et al.

(2021):

ŜT =
1

|D| − T

|D|∑
t=T

− log2 p(wt|wt−T , ..., wt−1) (6.1)

We estimate p(wt|wt−T , ..., wt−1) directly from a transformer model averaging ŜT on

the documents from a single year over 5 models trained on different cross-validation

splits as described in Section 6.4. Since the model may overfit for larger values of T

due to data sparsity, we stop estimating ŜT if ŜT > ŜT−1 and substitute ŜT−1 for ŜT .

Since we want to compare the MST of different POS tags, we calculate ŜT for a a given

set of POS tags P = {p1, ..., p|P |} and a subset of words DP ⊆ D as:

ŜP
T =

1

|DP | − T

|DP |∑
t=T

− log2 p(wt|wt−T , ..., wt−1) (6.2)

6.5.4 AUC calculation

We then use surprisal estimates ŜP
T to calculate mutual information IPT for each context

size T as IPT = ŜP
T−1 − ŜP

T , and memories MP
T as

∑T
t=0 tI

P
T . We chose the following

POS tag sets: Nouns (UPOS = "NOUN"), verbs (UPOS = "VERB") and other (all other

POS). After estimating ŜP
T s and IPT , we calculate the area under the memory-surprisal

trade-off curve (AUC) by applying the trapezoidal rule using the corresponding function

of the scikit-learn Python package (Pedregosa et al., 2011).
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Figure 6.5: Effects of part of speech, journal and time on AUC for the period from 1820 to

1996. Reference levels for factor variables are "other" (POS) and "coha" (journal).

Significance levels: ’***’ p < 0.001, ’**’ p < 0.01, ’*’ p < 0.05, ’x’ p >= 0.05.

Error bars show standard error of the coefficient estimate.

6.5.5 Statistical modeling

To assess the temporal development of the MST in the two corpora, we fit linear mixed-

effects models (LMEs) via the lmerTest R package with AUC as response variable and

average per-document 7-gram surprisal (surprisal estimated from the transformer model

with 6 words in the context), journal, period, and POS as dependent variables. As we

calculate the AUC for each document in the corpus, we include the document ID as a

random effect nested in the corpus variable. We fit a separate LME for each tokenization

method. We used the following formula to fit all regression models:

lmer(auc ~ year * pos * journal + surprisal-7 * year + (1|corpus/doc_id), data = .)

We normalized auc, year and surprisal-7 to the interval [0, 1]. We chose "coha" (that

is, the whole COHA corpus) as the base level of the journal variable, and "other" (not

noun or verb) as the base level of the POS variable.
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6.6 Analysis

6.6.1 Effect of surprisal

Overall, the observed effects are in line with our expectations. We find the strongest

effect for 7-gram surprisal (Estimate: 0.8525; confidence interval (CI): 0.8492, 0.8557;

t = 522.77). A positive estimate corresponds to an increase in AUC, i.e., a worse MST,

while a negative estimate corresponds to a decrease in AUC and a better MST compared

to the base level of the variable. Given the fact that AUC is correlated with the surprisal

values at different memory budgets, the strong association between the predictor and

response is plausible. Figure 6.5 is a detailed overview of all effects of interest, besides

surprisal. We also see main effects of POS, with both nouns (Estimate: 0.44; CI: 0.43,

0.45; t = 96, 17) and verbs (Estimate: 0.27, CI: 0.26,0.28; t = 61.47) having on average

higher AUCs than other POS, which is in line with their generally higher surprisal.

6.6.2 Effect of RSC subjournals

Comparing the language of the three subjournals of the RSC to COHA, we find a

mixed picture. AUC is higher for the early RSC (up until 1900), though this effect is

small (Estimate: 0.03; CI: 0.002,0.06; t = 2.11), while we find no significant effect for

RSC-B. For RSC-A we find a large negative effect (Estimate: -0.1, CI: -0.11, -0.09;

t = −15.41), showing that the language of this subjournal is optimized w.r.t. the MST

compared to general English.

6.6.3 Effect of time

AUC increases gradually over time (main effect of the "Year" variable; Estimate: 0.0798,

CI: 0.0731, 0.0866; t = 23.26). We find significant interactions of time and POS, with
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Figure 6.6: Average slope of the MST curve at equidistant memory intervals of 1 bit.

both nouns (Estimate: -0.15; CI: -0.17, -0.14; t = −32.94) and verbs (Estimate: -0.11;

CI: -0.12, -0.1; t = −24.96) showing a markedly slower increase in AUC than other

POS. This effect is stronger in the RSC than in COHA, with triple interactions between

time, POS and journal indicating a slower increase for nouns compared to other POS in

RSC (Estimate: -0.7; CI: -0.10, -0.04, t = −4, 41), RSC-A (Estimate: -0.04; CI: -0.07,

-0.03; t = −4.37), and RSC-B (Estimate: -0.05; CI: -0.07, -0.03; t = −3.82).

6.6.4 Effect of POS

Apart from the main effect of POS, we also find significant interactions of POS and

journal: Verbs generally have a higher AUC than other POS in RSC (Estimate: 0.16; CI:

0.12, 0.2; t = 7.95), RSC-A (Estimate: 0.19, CI: 0.17, 0.21; t = 21.33), and RSC-B

(Estimate: 0.06; CI: 0.04, 0.08; t = 5.19) compared to COHA, while nouns are overall

associated with lower AUC. This is in line with our findings for the interaction of time,

POS and journal: Not only do nouns in the RSC generally have a lower AUC (see

Section 6.6.1), but the increase in AUC over time is not as large as may be expected

based on the overall increase. Thus, while the number of nominal vocabulary items
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increases drastically over time in the RSC, the syntax of scientific English is still in

some sense optimized w.r.t. the MST for nouns and verbs.

6.7 From AUC to Shape of the MST curves

6.7.1 Effect of nominal style

In the previous section, we have analyzed the overall development of optimality in the

two corpora as measured by the AUC. However, the AUC is only an approximation

of optimality, given that MST curves whose AUC is compared are parallel in time.

Furthermore, even when two curves do not cross, the degree to which more bits of

memory reduce surprisal is not covered by the AUC. We will therefore analyze in more

detail the individual shapes of the MST curves as well as the surprisal reduction rate

per every additional bit of memory.

Looking at Figure 6.4, we see that the MST curves show different shapes in

different years. Especially for nouns in the RSC, MST curves show an interesting

picture: While surprisal in the first 100 years (1820 - 1920) continuously drops per

additional bit of memory, in the last 60 years, surprisal shows very little reduction with

less than 5 bits of memory. A similar trend can be observed for verbs in the RSC and

other POS, however, not as pronounced as for nouns. At the same time, nouns show

a decreasing unigram surprisal, which is surprising given the fact that the number of

nominal vocabulary items increases over time. It shows, however, that in the case of

nouns, the increase in AUC over time is not owed to increasing surprisal but instead

to the decreasing surprisal reduction per bit of information held in memory. A meta-

interpretation of this would be that increasingly dense structures as typical for nominal

style lead to a decreasing information gain through additional memory, or in other

words: If information is packed in dense constructions, only locally placed information

helps reduce surprisal of the next word, while with less dense constructions, longer

context windows are beneficial for prediction of the next word.
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6.7.2 Effect of NP density

This interpretation is backed by the calculation of the average slope of the memory-

surprisal curves at equidistant memory intervals of one bit (see Figure 6.6). For nouns,

less and less information is gained (or surprisal reduced) per additional bit of memory for

each step of 20 years. Compared to verbs and other POS, this is especially pronounced.

Comparing RSC and COHA, the slope of the MST curves levels out faster for COHA

than for the RSC, i.e., the LMs trained on the RSC data can make use of more bits

of memory. This difference may be a result of generally longer sentence lengths in

scientific English than in general English. Comparing POS, in both corpora, the temporal

effect is strongest for nouns and especially pronounced in the RSC. For verbs, the slope

is fairly similar across time in the RSC, indicating that there has been less change in

predictive contexts of verbs than for nouns. This is plausible given that most changes in

scientific English are known to have affected the structure of noun phrases, which have

become increasingly dense over time.

6.8 Conclusion

We examined the communicative efficiency of scientific vs. general English over time, as

measured by the Memory-Surprisal Tradeoff (MST). Our central question was whether

MST optimality has changed diachronically and, if so, whether such changes vary

across registers. This inquiry was motivated by the well-documented shift in English

toward nominal rather than verbal style, manifested in complex, informationally dense

noun phrases. While the Efficient Tradeoff Hypothesis predicts that more optimal

orderings with respect to locality should yield more efficient MSTs, our findings

indicate the opposite: denser encodings and vocabulary expansion over time appear

to reduce optimality. Specifically, we identified two key factors: growing vocabulary

size leads to higher average lexical surprisal, and less predictive contexts result in less

efficient memory usage. The observed trends in AUC values suggest a general decline
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in optimality over time. However, this interpretation must be qualified, as vocabulary

growth is an inherent feature of language evolution. Although our subsampling strategy

was designed to mitigate the influence of vocabulary size on surprisal estimates, the

overall trend persists. This raises important questions regarding the comparability

of surprisal values across historical stages. To address this, we also analyzed the

average slope of the MST curves, capturing the information gained per bit of memory

independently of absolute surprisal levels. This analysis revealed that for short memory

contexts (1 – 3 bits), the tradeoff remains relatively stable over time, suggesting that

efficiency has declined primarily for longer contexts. We interpret this as evidence that

English has become less optimal in terms of long-range predictability, consistent with a

broader shift toward shorter, denser encodings.

6.9 Limitations & future work

There are several limitations to our study. First, our analysis of scientific English

distinguishes between three journals within the RSC (RSC, Journal A and Journal B). It

is important to note that these journals reflect both different disciplines (biology and

mathematics) and represent different time periods (Journals A and B are only published

from 1900 onward, RSC contains all earlier publications). A more detailed analysis

of the three journals could reveal variation among scientific disciplines. Furthermore,

more fine-grained distinctions by topic, author, or subfield could give additional insights

into how efficiency varies along these lines. Second, our comparison contrasts these

journals with the entirety of COHA, rather than with more carefully matched subsets

of general English. A more nuanced comparison might better isolate register-specific

effects. Third, we did not investigate which specific documents or genres are driving

the observed increase in surprisal over time, nor did we examine which texts could

be considered particularly (non-)optimal w.r.t. the MST. Addressing these points in

future work would provide a more detailed understanding of the interaction between

register, vocabulary growth, and communicative efficiency. Finally, although Scientific

English may appear less optimal, in our surprisal models, we have not accounted for
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the factors of specialization and background knowledge. This is because our modeling

is based on the entire corpus, which may mask discipline-specific effects. These effects

could become apparent if we were to model each discipline separately. Additionally,

psycholinguistic studies on expert text processing would be necessary to draw more

definitive conclusions.
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Here follows a short summary of my research objectives set out in Chapter 1.2.

I will first discuss the contributions to each of the research objectives, and close with

some general points on the application of LMs to linguistic research questions.

7.1 Cognitive modeling on small scales

Running counter to the general finding in the world of (large) LMs that an increase

in model and data size improves performance in textual downstream tasks, this trend

generally does not hold for PPP, and particularly and perhaps surprisingly also not in

case of a developmentally plausible pre-training corpus as in Chapter 3. In the light

of the findings of Oh et al. (2024), I suspect that the effect of low-frequency tokens

is exacerbated by the small pre-training corpus and the multi-epoch training regime,

a hypothesis that should be tested in future work. I take this to mean that smaller,

121
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syntactically informed models should be used to shed light on the actual processing

mechanism in the human brain, which indeed has become more frequent in recent years

(Oh et al., 2022; Timkey and Linzen, 2023).

7.2 Using multilingual LLMs for typological research

In our study on cross-lingual pronoun surprisal in Chapter 4, we were able to recover

properties of personal pronouns in 14 languages by correlating LM surprisal with the

pronouns’ properties. This shows that multilingual models can be useful for typologists,

especially when surprisal on sequences from low-resource languages is required. In

contrast to the study in Chapter 3, this displayed some of the benefits of scaling

model and data size. However, the translated nature of our multilingual corpus and the

predominance of English in the training data of the LM is a potential double confound:

Since most of the translations have English as their source language, it is conceivable

that in combination with the predominantly English LM some of the syntactic features

of languages other than English are skewed into this direction. This could be evaluated

in two ways: Firstly by including English in our analysis and extending our comparison

of for multi- and monolingual models, and secondly by inspecting the parameter space

of the multilingual LM for shared representations between languages.

7.3 Diachronic language modeling reveals optimization

processes

In Chapter 5, I established a framework for diachronic language modeling that accounts

for the increase of training data and lexical items over time, and makes surprisal values

comparable. In Chapter 6, I then compared the MST of texts from different time periods

of the RSC based on surprisal values estimated in the way described in Chapter 5. On

the surface, the language in the RSC becomes less optimal over time (after controlling
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for the increase in surprisal). A closer look on different POS reveals that the decrease in

"optimality" is slowed down by changes involving noun phrases, pointing to ongoing

optimization processes that go beyond the MST. However, the assumption of an average

reader is too simplistic and needs to be complemented by LMs trained on subsets of the

corpus that represent different scientific audiences, similar to Skrjanec et al. (2023).

7.4 The importance of choosing the right LM

To sum up, for any linguistic research question that can be tackled with LMs, it is

important to know the requirements of the task/the system one wants to model. This

requires a conscious choice of pre-training data, model size and architecture in order

to obtain good surprisal estimates. Sometimes one can get surprisingly far with big

off-the-shelf models, as with mGPT in the typological study in Chapter 4, underscoring

the utility of multilingual models for research in low-resource languages. If one is

interested in comparing LM performance on syntax (or any other task) to humans, one

should probably train their own model on an appropriate corpus (e.g., BabyLM), ideally

with some kind of syntactic bias (Linzen and Baroni, 2021; Mueller and Linzen, 2023),

a memory capacity closer to humans (Kuribayashi et al., 2022; Timkey and Linzen,

2023) or careful manipulations of the training data that enforce a LM to generalize

on the syntactical level ( Leong and Linzen, 2024). Finally, this thesis showed that

settings like modeling diachronic changes indeed require careful experimental designs

and strict control of the training data and tokenization. As computational linguists, our

main interest should be in language, and we should not mistake a LM for a model of

language based on its perceived competence in language tasks (or rather, tasks that

humans usually solve with language). Instead we should choose the LM as represented

by a combination of architecture, training data and training method according to our

hypothesis, and then use the LM to test that hypothesis. This is not to say that the

reverse procedure is invalid: Its limitations lie in the statistical nature of the learning

algorithm and the (purposefully) general architecture of transformers. Properties of

language discovered in this way are necessarily confined to what is recoverable from



124 C O N C L U S I O N

language data via statistical learning, and we should keep in mind that language data,

for all its richness, is not the mirror image of the human language faculty.
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A.1 Appendix A

The pronominal systems: data from grammars. An extended version of Table 1, provid-

ing details on alternative forms, case and adpositional marking, expression of pronomi-

nal subject, pre/post verbal position, person, number, gender, clusivity and additional

notes. https://zenodo.org/records/15064869

A.2 Appendix B

Pre/post verbal position: data from mini-CIEP+. Frequency tables for the pre/post verbal

positions of personal pronouns in the mini-CIEP+ corpus. https://zenodo.org/records/

15064883

A.3 Appendix C

UD implementation of the pronominal systems. The document describes the imple-

mentation of the personal pronominal system and its features using several layers of

annotation from the Universal Dependencies framework: universal parts of speech,
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language-specific parts of speech, universal features, syntactic dependencies as well as

lists of word forms and lemmas. https://zenodo.org/records/15064946

A.4 Appendix D

Comparison of surprisal from mGPT and surprisal from monolingual models trained

on the Greek, Italian, Turkish and Ukrainian sections of theWiki-40b dataset. https:

//zenodo.org/records/12633172

A.5 Appendix E

Data analysis using the area under surprisal curve. As an alternative measure, we

introduce the area under surprisal curve (AUC). We perform a multi-linear regression

model using AUC and the data discussed for surprisal with context 7. https://zenodo.

org/records/15131405

A.6 Appendix F

Data files containing Rdata from the brm analysis and results, pronoun frequency

with respect to the size of individual language mini-CIEP+ corpora, surprisal/AUC

correlations with word length, coefficient tables, heatmap with estimates and coefficients

for the brms model. https://zenodo.org/records/15064756

A.7 Appendix G

Interactive plot displaying the interaction between surprisal and frequency for each

language of the sample. https://zenodo.org/records/15064733
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B.1 Validation perplexity

Figure B.1: Validation perplexity by configuration and epoch on the development set of the

BabyLM corpus.
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B.2 OPT models

ldecoder lhidden Parameters (non-embedding)
1 192 0.74
2 192 1.19
4 192 2.07
8 192 3.85
16 192 7.41
24 192 10.9
1 384 2.37
2 384 4.14
4 384 7.69
8 384 14.79
16 384 28.99
24 384 43.18
1 768 7.09
2 768 14.18
4 768 28.35
8 768 56.70
16 768 113.41
24 768 170.11
1 1536 30.69
2 1536 59.00
4 1536 115.69
8 1536 229.01
16 1536 455.67
24 1536 682.32

Table B.1: OPT models sizes in million parameters by hidden size and number of decoder

layers. The number of parameters does not include the embedding table, which is

always of the size lemb × |V | = 768× 50272 = 38.608.896, as in OPT-128m.
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B.3 Detailed resutls: Reading time experiments

Corpus Step Spearman’s ρ p-value

babylm 500 -0.5913 0.0097
babylm 1000 -0.6285 0.0052
babylm 2000 -0.7833 0.0001
babylm 3000 -0.7874 0.0001
babylm 1 -0.7915 0.0001
babylm 5 -0.614 0.0067

wikitext-103 500 0.0815 0.7478
wikitext-103 1000 -0.4241 0.0794
wikitext-103 2000 -0.7482 0.0004
wikitext-103 3000 -0.7441 0.0004
wikitext-103 1 -0.7172 0.0008
wikitext-103 5 -0.7523 0.0003

Table B.2: Spearman’s ρ of model size (in terms of number of parameters) and ∆ log-likelihood

over the baseline LME model. Steps 1 and 5 refer to the first and fifth epoch.

B.4 Detailed results: BabyLM challenge tasks

Figure B.2: Correlation of LM performance on BLiMP vs. GLUE, BLiMP vs. MSGS, GLUE

vs. MSGS.





Corpus Tokenizer Tokens tREPL |V |

RSC
Lempos

2.5M
1 79K

Word 1 74K
BPE 0 100K

COHA
Lempos

3.5M
1 83K

Word 3 98K
BPE 0 100K

Table C.1: Corpus sizes and data preprocessing parameters. 10% of the sampled tokens were

used as a development set.

C
RSC MST

C.1 Tokenization Methods

In order to mitigate the problem of vocabulary expansion, we employ and independently

evaluate three tokenization strategies, which all drastically reduce the number of tokens

in the vocabulary and do not require a model whose parameters are mostly in the

embedding layer (which would happen in case of a vocabulary of about 500K tokens,

as in COHA).

Word-level tokenization: This is the simplest tokenization approach and requires

a few tweaks to work. We use word-level tokenization with replacement of out-of-

vocabulary (OOV) items instead of a subword tokenization method because words that
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are split into many subtokens due to high tokenizer fertility would be assigned higher

surprisal values by default. The surprisal of these de-facto OOV items would artificially

inflate our AUC measure and obscure the impact of word order on AUC.

Lempos tokenization: This tokenization approach is derived from word-level

tokenization, but reduces the size of the unigram vocabulary even further by replacing

word forms with a combination of the corresponding lemma and UPOS tag.

BPE tokenization: We use the default implementation of the BPE algorithm in the

Hugging Face tokenizers Python package to train a tokenizer with a vocabulary size

of 100K on the subsampled version of each corpus. We did not replace OOV words,

as those are handled by the tokenization algorithm. An overview of the tokenization

methods, thresholds and examples of a tokenized sentence can be found in Table C.1.

C.2 Consistency across tokenization methods

We re-fitted all LMMs with surprisals and AUCs from language models trained on

word-level and BPE-tokenized versions of the subsampled corpora. We found that,

while effect sizes vary greatly between tokenizations, the direction of the effects is

consistent. See Figure C.1 for a detailed overview of the LMM coefficients for all three

tokenization methods.
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Figure C.1: LMM coefficients for AUC, surprisal from language models trained on lempos,

word-level and BPE tokenizations. Non-significant effects in parentheses.
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