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Abstract
This paper introduces the Project LINNA: “Towards a linguistic-based inductive bias for neural language modeling”,
carried out at the CiTIUS Research Center of the Universidade de Santiago de Compostela, and funded by a
‘Consolidación Investigadora’ grant. The project aims to foster research towards more human-like language
models by exploring new architectures and training methods and by using developmentally plausible data for
training and evaluation. In this context, we plan to provide the scientific community with a new suite of resources
and models, including diverse multilingual datasets and model weights, as well as empirical results regarding
data-efficient language modeling.
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1. Introduction

Current language models (LMs) based on artificial neural networks are able to generate high-quality
text [1], and perform remarkably well in a variety of language processing tasks. The fact that these
models are trained on simple objectives, such as predicting words in context, and that the generated
text is not a simple copy of the training data [2], has revived the classic nature-nurture debate [3, 4].
On the one hand, some cognitive scientists argue that “modern language models implement genuine
theories of language” [5, 6], while on the other hand, an opposing position claims that LMs are purely
computational tools of no value for the scientific study of human language [7, 8, 9]. In an intermediate
position, several researchers from different fields argue that while these computational tools are not
plausible models of human language, they can be useful for cautiously informing models of how human
language works [10, 11, 12, 13], since, among other things, they allow exploring the extent to which
linguistic regularities can be generalized from data without explicit linguistic knowledge [14].

What is clear is that current LMs based on neural networks are significantly less efficient than the
biological mechanism inherent in humans, which requires substantially less data to acquire natural
languages [15, 9]. In this regard, humans possess an inductive bias that enables the efficient acquisition
of linguistic regularities, while making it difficult to learn structures that do not adhere to natural
language principles. Recent studies suggest that, at least in the USA, children are exposed to at most 8
million words per year, reaching roughly 100 million words by age 12 in the best-case scenario [16].
In contrast, the original English BERT model [17] was trained on approximately 3.3 billion words (4.3
billion tokens), while current LLMs like GPT-5 are estimated to be trained on about 114 trillion tokens.1
In this light, the poverty of the stimulus argument [4] seems to remain highly relevant [18, 19].

Furthermore, in addition to the large amount of data required to computationally model human
language, training current LMs involves tuning several billion parameters, resulting in extremely
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complex architectures and computationally expensive models. In this context, recent research has
shown that a significant part of a pre-trained language model (about 70% of the attention heads and 20%
of the hidden layers for in-context learning) can be removed with minimal impact on its performance
[20]. It has also been shown that pre-training a model using psycholinguistic strategies, e.g., cloze tasks,
can improve its alignment with reading time prediction and generalization [21].

Given these observations, this project aims to explore different methods to create a Language-
Independent Neural Network Architecture (LINNA) by pruning and distilling a linguistically diverse
multilingual model. The resulting weights of this language-independent architecture are used as a
proxy for a linguistic-based inductive bias to train monolingual LMs using small-scale training data and
strategies motivated by child language acquisition [22].

The hypothesis behind this approach is that a linguistically diverse multilingual model, pre-trained
with a balanced set of languages from a variety of linguistic families and structures, can effectively
encode some universal linguistic properties in its internal representations. By pruning and distilling the
model using linguistic-based tasks, we aim at reducing the information overlap that exists across the
network and to build a language-independent architecture whose weights can be seen as a proxy for a
linguistic-based inductive bias.2 The project is partially inspired by the BabyLM Challenge [23, 24].3

2. Objectives

The main objective of the project is to explore different methods aimed to create a language-independent
neural network architecture whose weights could function as a proxy for a linguistic-based inductive
bias. To achieve this goal, we have defined the following specific objectives:

• Curate a multilingual corpus by selecting a set of languages from different families and with
divergent linguistic properties.

• Explore methods to train, prune and distill neural language models with a linguistically diverse
multilingual corpus and linguistic-based datasets, and remove their language-specific vocabulary
to create (partially) language-independent (LINNA) models.

• Select a set of languages to train the LINNA models, including both languages present in the
initial pre-training and other languages from different families.

• Define a set of linguistic phenomena (semantic and syntactic) to evaluate the models, and compile
and create datasets for the target languages.

• Design controlled evaluations to assess the models’ capabilities and compare their performance
to that of other models trained from scratch.

While these specific objectives are designed to achieve our main goal, they will also produce a set of
resources, models, and empirical results of interest to the scientific community.

3. Methodology

To achieve both the specific objectives and the main objective of the project, we propose to adopt
an interdisciplinary set of methodologies that come from both theoretical linguistics (e.g., linguistic
universals and variation) and psycholinguistics (cloze tasks, acceptability judgments, etc.), as well as
recent advances in AI and deep learning (Transformers, distillation and pruning, etc.). In addition to the
management tasks (including research meetings, data management, dissemination activities, etc.), the
project is divided into the following 6 work packages (WPs), each of them composed by several tasks:

2We use inductive bias to refer to the assumptions a model relies on to generalize to unseen data. Thus, we assume that the
resulting language-agnostic model may constitute a form of linguistic-based inductive bias, as it derives from representations
learned across typologically diverse languages during pre-training.

3https://babylm.github.io/index.html
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1. Compilation of a linguistically diverse corpus: Curating a set of linguistically diverse
languages from different families and with sufficient of training corpus available.
Summary of tasks: In this work package, we will analyze a set of structural properties of
languages (such as SVO vs. SOV, agglutinative vs. fusional, and ergative-absolutive vs. nominative-
accusative) using The World Atlas of Language Structures (WALS).4 Our purpose it to explore the
availability and licenses of resources for a preliminary set of selected languages. Then, we will
compile a balanced and linguistically diverse multilingual corpus, while keeping some target
languages for monolingual model training (WP 4) out of the main corpus. For instance, we might
choose Georgian as an example of an ergative language for pre-training (WP 2), while using
Basque (also ergative) only to train and evaluate the monolingual models (WPs 5-7).

2. Training encoder and decoder multilingual models: Exploring neural architectures (e.g.,
LSTMs, Transformers) to train encoder and decoder models of different sizes using the multilin-
gual corpus.
Summary of tasks: This work package focuses on processing and dividing the corpus into train-
ing, development, and test splits, specifically taking into account its multilingual configuration.
Building on this setup, we will train and evaluate encoder and decoder models. Moreover, we
will measure performance using metrics like perplexity and loss function.

3. Create language-independent models (LINNAs): Applying pruning and distillation tech-
niques on the multilingual models to obtain the linguistic-based weights.
Summary of tasks: We will begin by compiling available datasets for multilingual evaluation of
the linguistic abilities of language models, focusing on lexical semantic tasks [25, 26, 27], syntactic
analysis [28, 29], and agreement using control dependencies [30]. Next, we aim at using the
collected datasets to prune the multilingual models via structural pruning approaches [31, 20].
Furthermore, we will compare distillation techniques (in English), such as the standard approach
used for Transformer models [32] and psycholinguistic-based distillation using a cloze prediction
tasks [21], e.g., with the Provo Corpus [33]. After selecting the best performing method, we will
apply it to other languages and remove the models’ vocabulary, resulting in smaller models.

4. Target language selection: Selecting a set of languages to train the LINNA models, including
both the languages of the initial pre-training (WPs 1 and 2) and other languages from different
families, e.g. Basque (ergative), Galician (SVO), or Japanese (SOV), considering the availability of
linguistic resources especially for languages not spoken by the research team.
Summary of tasks: WP 4 will start by using the outcomes of WP 1 and of recently released
resources [34] to select languages with available data for both training and evaluating language
models. We will select some languages present in the initial pre-training, and others not seen by
the pre-trained models. Then, we will compile training data for the target languages and divide
them into splits of different sizes, while also exploring the possibilities of building code-mixing and
code-switching data for Galician-Spanish. After that, we will define a set of syntactic and semantic
phenomena to evaluate the models, specifically looking at tasks related to lexical semantics
(ambiguity, compositionality and idiomaticity, etc.) and to syntax (e.g., subject-verb agreement,
inflected infinitive) including agreement with control verbs. Finally, we will compile available
datasets for the target languages, including JBLiMP for Japanese [35], the linguistic evaluation
suite for Basque [36], MultiBLiMP [29], and available resources for Galician [26, 37, 38, 30, 39, 40].

5. Training monolingual models from the LINNA models: Using the training corpora released
in WP 4 and the various LINNA models from WP 3, train monolingual models with different
amounts of training data and with strategies motivated by child language acquisition.
Summary of tasks: In this phase, we analyze the training corpora and explore curriculum
learning strategies, ranking sentences according to their syntactic and lexical complexity (e.g.,
based on average dependency length and on normalized word frequency). Using this rank, we aim
to define complexity levels for each language. We will also train and evaluate tokenizers for each
of the target languages. Moreover, we will conduct continual pre-training of the original models

4https://wals.info/
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(WP 2) with those target languages not seen in the initial pre-training. Then, we will perform
continual pre-training of the LINNA models using standard encoder and decoder approaches,
varying the number of training epochs and the levels of corpus complexity. Finally, we explore
the possibility of training small bilingual Galician-Spanish models.5

6. Linguistic evaluation of monolingual models: Designing controlled evaluations and system-
atic analyses to assess each model’s capabilities and compare their performance to models trained
from scratch across all target languages.
Summary of tasks: In the last work package, we will define metrics and evaluation procedures
for each linguistic phenomenon, and run the evaluation of all models. Apart from training metrics
(e.g., perplexity), we will evaluate syntactic and semantic capabilities using standard methods (e.g.,
Targeted Syntactic Evaluation [28], Word-in-Context for lexical semantics [25], or vector-based
compositionality prediction [41]). We also intend to incorporate evaluation frameworks like PD
accuracy for syntax [42], and substitutivity probes for semantic compositionality [27]. For each
language, we will carry out systematic analysis of the impact of the (i) amount of training data,
(ii) training procedures, and (iii) pre-trained model. Additionally, we would like to perform an
initial evaluation of small bilingual Galician-Spanish models, aiming at observing if they produce
human-like bilingual behavior. For example, we want to see if they produce similar patterns of
code-mixing and code-switching as those observed in Galician-Spanish human speakers.

4. Expected outcomes

We expect that our project will contribute both new theoretical outcomes and a diverse collection of
resources and models for the community. To this end, we defined specific milestones for each of the
previously mentioned work packages:

• WP1: Release of a linguistically diverse multilingual corpus.
• WP2: Release of a variety of linguistically diverse multilingual models.
• WP3: Release of (i) datasets for evaluating and pruning language models based on linguistic

phenomena, and (ii) several LINNA models.
• WP4: Release of (i) training corpora with different sizes, and (ii) evaluation resources for the

target languages.
• WP5: Release, for each of the target languages (i) tokenizers, (ii) standard monolingual models,

and (iii) models trained using linguistically motivated methods.
• WP6: Release of (i) new metrics for the linguistic evaluation of language models, and (ii) results

of the systematic analyses performed.

Crucially, a key goal is to fill a gap in current resources by creating developmentally plausible datasets
for Galician, which is missing from major datasets in this area [34].

5. Further work

As this project progresses, we are identifying several lines for future work, one of them related to
bilingual scenarios already under initial development. In addition to exploring new methodologies,
we see two clear paths forward. First, we aim to evaluate models’ performance in bilingual scenarios,
specifically by addressing Galician and Spanish code-switching and code-mixing. By comparing model
outputs to empirical data, we seek to better understand how models deal with structural patterns
when working with more than one language, and whether their behavior is similar to that of bilingual
speakers. Second, we plan to explore multimodal models that incorporate acoustic and visual inputs,
simulating the human acquisition process more realistically.
5Given the focus on moderate-scale models and datasets, the project is computationally feasible using the resources available
at our research centre.
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