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Abstract

Inspired by linguistic theory and recent work
exploring linguistic biasing of neural networks,
we propose a “Universal Grammar” (UG) pre-
training paradigm for transformer-based neu-
ral networks, preparing the network to learn
language more effectively, especially in low
data volume scenarios. We accomplish this
“universal” pretraining with a combination of
synthetic language-like sequences created with
a context-free grammar, biological sequence
sources like protein amino acids, and material
sources like crystal structures. Experiments
with the BabyLM Challenge datasets show im-
proved language acquisition in English, Dutch,
and Chinese with our MissUniverse models,
compared to not using “UG” pretraining. This
pretraining paradigm has interesting implica-
tions for both the future of language models,
and potentially how we think about human Uni-
versal Grammar.

1 Introduction

Children demonstrate a reasonable mastery over
their native language around age five (Gleitman
and Newport, 1995), a skill that continues to ex-
pand into a proficiency over complex grammati-
cal constructions, a wider vocabulary, and even an
awareness of what language to use in which social
contexts for specific conversational goals (Clark,
2024). All of this is achieved despite children be-
ing exposed to no more than 50M words by age
five (Warstadt and Bowman, 2024; Frank, 2023),
and less than 100M words by age 13 (Gilkerson
et al., 2017). In contrast, large language models
(LLMs) often need to train on orders of magnitude
more data to even broach human proficiency. To
further highlight this divide between the language-
acquisition efficiency of humans and LLMs, bilin-
gual children—those who acquire two languages
from an early age as their two first languages—have
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Figure 1: Eval loss curves comparing different data
sources to induce a “Universal Grammar” in stage 1
pretraining, for multilingual models.!

an overall reduced input of both languages due to
their inputs being split between the two languages;
despite this, research has found that bilingual chil-
dren utilize vocabulary diversity and syntactic com-
plexity as rich as their monolingual counterparts
(Nicoladis and Jiang, 2018; Korade et al., 2024).

Observation of children’s remarkable language-
learning ability led to the notion of the Poverty
of the Stimulus (PotS) (Chomsky, 1965, 1981b;
Lightfoot, 1989; Crain, 1991). In brief, PotS raises
the paradoxical problem that the inputs children
receive are not sufficient enough to specify the
correct grammar that children ultimately converge
upon, rather than the numerous other possible gram-
matical explanations for the language inputs. A
solution to this problem has come to be known as
“Universal Grammar” (UG), which has largely been
defined variously over the years by Noam Chomsky
as the biological grammar possessed by all humans
(Roberts, 2017). While this theory has received its
criticisms (Evans and Levinson, 2009; Tomasello,
2009; Ambridge and Lieven, 2014), we take its
core notions as inspiration for our BabyLM.

'Only the competition MissUniverse models were run for
the full 10 epochs; all others underwent early stopping when
loss plateaued.
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Building on the tradition of inducing syntac-
tic biases in LLMs (Gessler and Schneider, 2023;
Mueller and Linzen, 2023; Hu et al., 2025), we aim
to induce an analogous “UG” state for an artificial
neural network, inspired by hierarchical fundamen-
tals and Merge operations proposed in human theo-
retical UG (Chomsky, 1995). To achieve this, we
extend the “pre-pretraining" methodology of Hu
et al. (2025) and pretrain on data that demonstrates
hierarchical structures and geometric folding. Our
work diverges from the human-centric limitation
of traditional conceptualizations of UG in that our
data takes inspiration not only from human lan-
guage, but also from biological and physical “lan-
guages” and their associated “syntax.” Recent work
has found LLMs develop non-trivial, deep repre-
sentations of human language through training on
unlabeled text (Hewitt and Manning, 2019; Kul-
mizev et al., 2020; Li et al., 2021a; Liu et al., 2026);
the same mechanisms that have enabled its success
in human language have also been shown to be
applicable in biological processes such as proteins
(Rao et al., 2021; Jumper et al., 2021; Lin et al.,
2023Db) as well as physical materials such as crys-
tal structures (Antunes et al., 2024; Zimmermann
et al., 2025; Zhang et al., 2026).

By pretraining on data sources that demonstrate
hierarchical syntax, we aim to induce in our model
its own “UG”, one that is not limited only to human
language, but which nevertheless demonstrates
structural properties that are analogous to the ba-
sic principles of syntax in human language, such
as Internal and External Merge (Chomsky, 1995).
By focusing on data that demonstrates hierarchi-
cal structures wherein long-distance elements are
folded into a close proximity or in which certain
elements combine only with other elements, we
seek to induce the basic fundamentals of syntax as
the models’ own UG that might enable it to better
acquire a variety of human languages.

While our artificial “UG” proposal here is in-
spired by the theory of human UG, it should by no
means be taken as an endorsement of that theory for
either humans or ANNs. We merely draw the anal-
ogy between a theoretical framework that has been
proposed for humans, and a training paradigm for
transformer-based ANNs: if human languages all
share the same basic linguistic principles, can we
prime a neural network to be quicker at acquiring
such principles before exposure to natural language
ever occurs?

2 Background

2.1 Linguistic Principles

In the field of linguistics, a well-known framework
of syntax is generative Minimalist Syntax, which
has developed out of the foundational theories of
Noam Chomsky (1957; 1981a; 1986; 1965). This
constituency-based family of grammatical theories
is built on the binary-branching X-bar theory and
its core operations of External Merge and Internal
Merge (also known as “Move”). These Merge op-
erations serve to connect elements; External Merge
involves the formation of phrases when heads take
their arguments and specifiers (e.g., the verb “eat”
taking “apples” as its argument to form the verb
phrase “eat apples”), while Internal Merge involves
the movement of formed phrases to new landing
spots in the syntax (e.g., “What did you see them
eat what?”). After all operations are applied in the
course of derivation, the sentence is then linearized
when read from left-to-right along the leaf nodes.

2.2 LLMs are capable of discovering syntax

The interpretability field of LLMs has amassed a
number of converging studies that indicate mod-
els’ ability to discover syntax, such as the work of
Hewitt and Manning (2019) who found that depen-
dency structures are recoverable from the contex-
tualized representations of sentences while other
work, such as Liu et al. (2026), find that LLMs dis-
play behaviors reflecting tree-like representations
of constituency.

Within the space of multilingual models, several
studies have converged upon evidence that multi-
lingual models share an abstract, conceptual repre-
sentation space; Starace et al. (2023) found linguis-
tic information, such as part-of-speech, to have
shared representations across languages, which
Brinkmann et al. (2025) further expanded by find-
ing morphosyntactic concepts such as grammatical
number, gender, and tense to be shared across lan-
guages. Models furthermore have been discovered
to display similar behavior in their representations
across various layers. Several researchers have
found early layers constitute an input space that
aligns to either the input language or the semantics;
middle layers focus on task-solving and convert the
representations into a shared abstract concept space,
which often is more aligned to English representa-
tions; and late layers finally convert the concepts
back into the output language (Zhao et al., 2024;
Wendler et al., 2024; Tamo et al., 2026).
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Models’ ability to converge upon shared, univer-
sal grammatical features and to furthermore share
abstract representations are indicative of models’
abilities to not only extract syntax, but to create
their own iteration of a Universal Grammar-like
functionality if trained upon enough data.

2.3 Syntactic Induction in LLMs

Previous research in LLMs has sought to induce
syntactic biases within models during pretraining
(Zhou et al., 2020; Xu et al., 2021; Bai et al., 2021;
Li et al., 2021b; Zhang et al., 2022; Gessler and
Schneider, 2023; Yang et al., 2026). Given that
models are able to extract core grammatical con-
cepts across languages if provided enough unla-
beled training data, we seek to discover whether
inducing the basic fundamental operations of syn-
tax within models can provide the Universal Gram-
mar tools, and reduce the necessary monolingual
and multilingual training data while achieving im-
proved performance. Our work in particular builds
off the research of Hu et al. (2025), which found
that a stage of pretraining on the context-sensitive,
hierarchical formal language of k-Shuffle Dyck
conferred an inductive bias that reduced the neces-
sary token budget by 33%.

Using the methodology of Hu et al. (2025), we
seek to pretrain our models on a variety of different
training data sources that demonstrate hierarchi-
cal structures, geometric folding akin to Internal
Merge, and mildly context-sensitive grammars in
an attempt to induce in our models a UG similar to
what is postulated to exist in humans.

3 Data

The inspiration for our data comes from linguistic
and non-linguistic grammars, similar to Papadim-
itriou and Jurafsky (2023) who pretrained on mu-
sic. Hu et al. (2025) found that among their set
of synthetic formal languages, the best data for
pre-pretraining was the context-sensitive k-Shuffle
Dyck language. This parallels human language,
which generally falls within the mildly context-
sensitive tier of grammar (Joshi et al., 1990).

However, syntax is found not only in human
language, but in nature as well. In this section, we
describe the three datasets we use for pretraining
to induce a syntactic bias within our models.

3.1 Proteins

Proteins are three-dimensional structures that are
the result of a linearized amino acid chain, which

will always? fold in a specific configuration depend-
ing upon the chemical bonds that form between the
atoms (Anfinsen, 1973). However, searching the
space of all possible folding configurations would
take an exorbitant time; despite this, proteins are
able to fold into their specific shape in mere mil-
liseconds or less (Dill et al., 2007), and this near
instantaneous folding of a seemingly innumerable
space of possibilities has come to be known as the
Levinthal Paradox (Levinthal, 1968).

Early research identified computational linguis-
tics as a means to solve this problem. Dill et al.
(2007) developed their Zipping and Assembly
Mechanism by Dynamic Programming (ZAMDP),
inspired by the computational linguistic methods
of CKY algorithm and chart parsing, to solve lo-
cal problems in order to achieve a global structure
for protein and RNA secondary structures. They
further observe that basic biopolymer structures,
such as [ hairpins in protein structures or the stem
loops of secondary RNA structures, demonstrate
simplistic context-free grammars with recursively
nested links. More complex structures, such as pro-
tein configurations like helix bundles and [ sheets
along with RNA secondary pseudoknots, demon-
strate crossing dependencies like that observed in
Dutch. In this regard, proteins are mildly context-
sensitive, similar to human language.

Recently, the advent of LLMs has allowed
the field to advance in leaps and bounds, with
AlphaFold v2 winning the 2024 Nobel Prize
for Chemistry for solving the Levinthal Paradox.
Countless scores of LLMs have demonstrated re-
markable potential for models to assist with protein
structures (Jumper et al., 2021; Baek et al., 2021;
Rao et al., 2021; Viget al., 2021; Wang et al., 2022;
Lin et al., 2023b; Fang et al., 2023). Even more no-
tably, the protein language model ESM2 (Lin et al.,
2023b) masks out 15% of amino acids in a protein’s
amino acid chain, and trains the model to predict
the missing acid, which requires the model to create
complex, contextualized representations of the pro-
tein, similar to how LLMs develop rich representa-
tions of sentences(Brinkmann et al., 2025; Hewitt
and Manning, 2019; Nikolaev and Pad¢, 2023; Ka-
math et al., 2024). These well-contextualized rep-
resentations of the linearized chain of amino acids
provide the necessary information for a secondary
model, ESMFold, to efficiently predict three dimen-

*Prions are an exception to this as they are misfolded
proteins that induce misfolding in adjacent proteins. For dis-
cussion, see Ezzat and Espay (2023).

704



sional protein structures.

Dataset Because ESM2 and ESMFold (Lin et al.,
2023b) demonstrate that linearized amino acid
chains of proteins encodes the information nec-
essary to predict complex protein folding, we use
the Huggingface protein dataset released by the
ESM2 team (Lin et al., 2023a). This protein dataset,
built off of the UniRef dataset (Suzek et al., 2015),
is composed of clustered sequences according to
length and similarity, increasing variation while
limiting redundancy. For training budgets, we sub-
sampled the data to 1M sequences or less and fil-
tered to sequences that could fit within a 1024 to-
ken context window, resulting in a total of 966,428
sequences.

3.2 Crystal Structure

The biomedical field is not the only area to lever-
age LLMs’ remarkable abilities for syntax discov-
ery. The materials science field has also demon-
strated LLMs’ potential within the realm of crystals
and chemistry (Jablonka et al., 2023; Zimmermann
et al., 2025; Khastagir et al., 2025; Zhang et al.,
2026). Among this research includes the explo-
ration of LLMs as a means to identify new, three di-
mensional crystalline materials—structures which
are composed of a repeating minimal unit of atoms
in a three dimensional space—with various chemi-
cal properties for use in batteries, semiconductors,
solar cells, and more (Khastagir et al., 2025). Un-
like many protein models, many crystal generation
models utilize an autoregressive (AR) task to gener-
ate plausible novel crystalline structures (Antunes
et al., 2024; Khastagir et al., 2025).

Because crystals represent three dimensional
structures that are formed according to a chemi-
cal syntax with possibly infinitely repeating forms,
reminiscent of human language’s ability for recur-
sion, we select crystals as another dataset for pre-
training to inject syntax.

Dataset Antunes et al. (2024) trained their crystal
generative model CrystalLLM model on Crystallo-
graphic Information Files (CIFs), which contains
structural information about the material, including
a tabular list of atom’s element and their xyz coordi-
nates. We use the dataset from CrystaLLM,> which
is composed of data from the Materials Project
(Jain et al., 2013), OQMD (James E. Saal, 2013),

3https://github.com/lantunes/CrystaLLM#
obtaining-the-training-data

and NOMAD (Scheidgen et al., 2023). We used
the linearized list of atoms, and a standard BPE
tokenizer trained on a subsample of the data.*

3.3 Synthetic Language

While Hu et al. (2025) used formal languages for
pretraining, we were inspired by simple context-
free grammars (CFGs) for creating language-like
sequences, and added high-level distributional pat-
terns to mimic the mild context-sensitive patterns
found in natural language, like vocabulary fre-
quency distributions, morphological patterns, and
semantic clustering. We outline the pertinent fea-
tures in the following sub-sections. Using the full
system, we generate 1,000,000 sequences with a
mean length of 20.5 words (ranging from 7 to 26
words each).

Grammar rules The context-free grammar rules
are SVO (Subject-Verb-Object) with head-initial
tree branching, and includes clause, inflection, and
tense syntactic phrase options; preposition phrases;
adverbs; adjectives; determiner+noun phrases; and
sentential-level conjunctions. The tree depth is
limited to 12 levels, for compute purposes. We also
did some exploration into including an alternate
SOV word order, outlined in section 5.2.

Zipfian distribution The base vocabulary size is
set to 1,000 nonce words with English phonotactics.
About 60% of the words were monosyllabic, and
40% bisyllabic.

The words were assigned to the different syn-
tactic categories, and Zipfian frequencies assigned
to them, with boosts depending on how often the
CFG rules use the category (see Table 5 in the Ap-
pendix). Thus, we create a plausible distribution
of higher and lower frequency words within the
sequences.

Morphological connections Within our base lex-
ical vocabulary (adjectives, adverbs, nouns, and
verbs) we took 30% of each category to transform
with morphological affixes (again, English plausi-
ble phonotactically). The morphological items re-
ceived a frequency assignment of 10% of the target

*Early tests with the xyz coordinates showed poor perfor-
mance, so we omitted the coordinates. However, we recognize
that CrystaLLM and other previous work used customized
tokenizers with the xyz coordinate information. Future work
can explore whether coordinates and other spatial information
can be beneficially worked into our UG pretraining through ad-
ditional preprocessing, tokenization, or other such measures.
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frequency for the lexical category, so the morpho-
logical rule is present but does not overwhelm the
vocabulary. This expansion added about 500 words
to the base vocabulary.

Agglutination While languages like English and
Chinese largely rely on strict word order and mini-
mal morphological affixation, other languages are
highly agglutinative. To mimic agglutination, we
introduced a post-lexical fusion effect.

We create a small set of templates for items
that can be fused together, like verb-object and
determiner-noun, with a corresponding rate of ap-
plication (e.g., 15%). For example, words like “the”
“cat” might be concatenated with an optional link-
ing vowel such as “o0”, resulting in the newly fused
word “thecat” or “theocat”.

Semantic clustering To artificially create seman-
tic clustering effects, we assign 4-5 arbitrary se-
mantic fields to our lexical categories. An example
of semantic fields for adjectives would be physical
(e.g., size/color), evaluative (e.g., good/bad), emo-
tional (e.g., sad/happy), temporal, and quantitative
(e.g., amount).

We assign a compatibility matrix to the different
semantic fields to identify which ones “go together”
(e.g., object nouns with physical adjectives), and
assign probability weights of high (0.9), medium
(0.7-0.8), or default (0.3) for the different semantic
field combinations.

At sequence generation, when a word is chosen
its semantic field becomes an active context, and
the frequency for the next word is multiplied by the
semantic weights of its matrix field assignments,
as illustrated in 1.

W = fzipf + (fzipf * wsem) (1

Thus, if a word would otherwise receive a fre-
quency score of 0.5 but it falls within a high compat-
ibility semantic field, it receives a final frequency
weight of 0.5 (base Zipfian) + (0.5 base Zipfian
* (0.9 compatibility weight) = 0.95, whereas one
that falls within a low compatibility semantic field
receives a final weight of 0.5 + (0.5 * 0.3) = 0.65.

CFG feature ablation Ablation experiments
with the different CFG features—morphological
affixation, agglutination, semantic clustering—
showed that a CFG using all of our linguistically-
inspired features had better loss curves when train-
ing on subsequent BabyLM data than CFG using
only one or a subset of features (see Figure 2).

We generated 1,000,000 sequences of 20.5 aver-
age word length using this system.

4 Method

4.1 Stages

Following Hu et al. (2025), we approached training
in two stages: stage 1, in which we train on the
non-human language data sources in order to in-
duce a “UG” state, and stage 2, which trains on the
BabyLM datasets for natural language learning.

We performed experiments on the multilingual
BabyLM challenge sets (English, Dutch, and Chi-
nese), with results reported in section 5, along with
some testing on the BabyLM strict track (100M
token) dataset and strict-small (10M), which are
reported in the Appendix.

Our challenge track models take the
MissUniverse moniker, while all others represent
experiment ablations and explorations.

4.2 Tokenizers

For the sake of simplicity in these experiments,
we used a custom BPE tokenizer that is trained up
front before beginning stage 1 or stage 2 training.
The tokenizer is trained from the stage 1 data (e.g.,
CFG, proteins, crystals, or a mix thereof) and a
subset of stage 2 data (i.e., BabyLM data) so that
the same tokenization and vocabulary embeddings
can be used for both stages.’

For English and Dutch, we use whitespace sep-
aration and lowercase normalization, and for Chi-
nese we use NFC unicode normalization and byte
fallback for the BPE tokenizer. Our vocabulary
size is approximately 8,000 tokens.

We also include a test with a custom shared tok-
enizer, trained on all data sources (CFG, proteins,
crystals, English, Dutch, and Chinese)®, and in-
creased the vocabulary size to 32,000. The results
for this shared tokenizer test are available in the
Appendix.

4.3 Models

Our models implement GPT-2 (Radford et al.,
2019) as a base architecture as it fits well on a single

>Future research may consider experimenting with tok-
enizer adaptation between stages so that the network could be
trained with a stage 1 tokenizer for non-language data before
being adapted to a stage 2 tokenizer for natural language data.

®We used ratios according to our most multilingual test
case for this tokenizer: approximately 30% allocated to CFG,
proteins, and crystals (in a 1:1:0.5 ratio themselves, by se-
quence count) and 70% allocated to a 1:1:1 mix of English,
Dutch, and Chinese.

706



GPU, allowing for a high degree of experimenta-
tion with low computational costs.” We performed
tests on both large (approximately 0.7B param) and
small (124M param) GPT-2 model sizes,? the latter
of which is reported in the Appendix.

Following Hu et al. (2025), we used a max input
length of 1024 to take advantage of potential long
distance dependencies in protein sequences. Since
the individual CFG and crystal sequences were
often much shorter, we packed multiple “sentences’
into the input. We found this improved results over
training on too many padding tokens.’

i

4.4 Task

We trained our models on a standard autoregres-
sive task, focusing on the effects of the stage 1
data pretraining. We selected the autoregressive
architecture as our underlying base because its uni-
directional nature mimics how humans process lan-
guage inputs incrementally, building expectations
of the sentence’s syntactic structure as we process
the linearized outputs of a speaker or text (Marslen-
Wilson, 1975; Konieczny, 2000; van Gompel and
Pickering, 2007). Furthermore, GPT2 specifically
has been found to be a better predictor of online
human language processing (Lee et al., 2024).'0

We leave experimentation with masked language
modeling tasks to future research.

Evaluation We primarily evaluate our UG pre-
training method on a multilingual mixture of En-
glish, Dutch, and Chinese datasets with the pro-
vided BabyLLM evaluation pipelines. When rele-
vant, we compare our models to vanilla GPT2 base-

"Initial experiments suggest that our approach of pretrain-
ing on non-human language data—including synthetic CFGs,
protein sequences, and crystal CIF sequences—should extend
to other small language models like the Phi family of models
(Javaheripi et al., 2023); however, due to resource constraints,
we focus our experimentation on the GPT-2 architecture.

8While the aim was for 1B param and 124M param sizes,
due to implementing a more limited vocabulary size in order
to train better on our pretraining data mixes, our true “large”
model size was 706.7M parameters. Likewise, the 124M
parameter model is truly 98M parameters. For reference pur-
poses in this paper, we use “0.7B param” for our large GPT-2
model size, and “124M param” for our small GPT-2 model
size.

"When stage 1 data sources were mixed in a single model,
packing was heterogeneous.

""While humans receive and produce language incremen-
tally, research suggests that they build hierarchical expec-
tations during processing and utilize hierarchical planning
during production (Lee et al., 2013). Future work could con-
sider exploring how unidirectional and bidirectional training
objectives or a combination of the two affect syntactic bias
induction.

lines that trained from random initialization solely
on natural language, without interrupted staged
training.

5 Results

We report the by-language results of our MissUni-
verse models in Table 1,'! and compare our models
to two baselines: a vanilla GPT2 model trained
on the full 100M BabyLLM token budget (random
init 100M) and a vanilla GPT2 model trained on
an amount of natural language data equivalent to
the roughly 70M tokens the MissUniverse models
(random init 70M).

From Table 1, we can observe that few instances
of our MissUniverse models outperform the 100M
baseline overall, with the exceptions of our CFG-
protein and protein-crystal mix for Chinese evals.
That being said, several of our MissUniverse mod-
els outperform the 70M baseline, which trained
on an equivalent amount of natural language data.
When examining the overall multilingual zero-shot
average (see Table 2), only MissUniverse-c-p
outperforms the equivalent 70M baseline while still
falling short of 100M tokens of natural language
training.

We might conclude from this that only the CFG-
protein mix confers a linguistic bias that exceeds
what can be learned from 70M tokens alone, and
that this linguistic boost does not surpass what
could have been learned from utilizing the 30M
tokens on natural language. However, two key
observations stand out. First, when the over-
all score is calculated using zero-shot and fine-
tuning results (Table 2), all MissUniverse mod-
els exceed both baselines with the exception of
MissUniverse-c-p, which still outperforms the
70M baseline. Second, we observe that in Table
1, many of our models outperform the baselines
when the benchmark is not evaluating grammat-
ical knowledge. In Table 2, we split evaluations
into grammatical (BLiMP and MultiBLiMP, when
relevant) and non-grammatical (HellaSwag, Wino-
grande, GlobalPIQA, XStoryCloze, and XCOMPS,
when relevant). Upon doing so, we find that stage
1 pretraining by and large confers a notable bene-
fit when the evaluation is not testing the model’s
grammatical ability, with our models exceeding
even the 100M baseline for Chinese (p-cr) and
English (c-p-cr and c-p).

""Note that random init 7@M-multi is averaged from two
runs.
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Multilingual Model (NL Evals) | Avg (NL) | BLIMP MultiBLiMP HellaSwag Winogrande XStoryCloze(NL) XCOMPS GlobalPIQA | FineTune
random init 10@M-multi 53761 | 73.151 87.77% 26.751 49887 47.60 51417 39.14% 37.79%
random init 70M-multi 53.14 72.34 86.25 26.53 49.59 47.99% 51.19 38.10 36.63
MissUniverse-c-p-cr 52.94 71.61 85.16 26.48 50.041x 48.371x 50.77 38.12t 37.18}
MissUniverse-c-p 53.05 72.44% 85.20 26.65F 49.631 50.39t% 50.95 36.11 36.85t
MissUniverse-p-cr 52.92 72.09 84.94 26.29 50211 49.157x 50.12 37.61 38.277*
MissUniverse-c-cr 52.94 71.37 85.33 26.65t1 50.041+ 48.991x 51.501% 36.68 38.091*
Multilingual Model (ZH Evals) | Avg (ZH) | BLIMP HellaSwag Winogrande XStoryCloze XCOMPS(Zho) GlobalPIQA | Finetune
random init 10@M-multi 47471 74.27% 26.761 49.38 46.67 52.56 35.15¢ 39.99
random init 7@M-multi 47.45 72.32 26.74 51.07% 47.33% 52.58% 34.64 40.61%
MissUniverse-c-p-cr 47.19 72.69% 26.64 48.06 48.847% 52.701% 34.18 40.611*
MissUniverse-c-p 47.67t+ | 73.831 26.851% 49.63% 47.917x 51.18 36.651* 39.86
MissUniverse-p-cr 47471~ | 71.77 26.92f% 49.79% 48.847% 52.33 35.15t* 40.51%
MissUniverse-c-cr 46.85 72.761 26.891x 49.96% 47.521% 51.25 32.74 40.06%
Multilingual Model (EN Evals) | Avg (EN) | BLIMP MultiBLiMP HellaSwag Winogrande XStoryCloze GlobalPIQA | Finetune
random init 10@M-multi 524871 65.301 83.641 26.72 51.361 49.77% 38.081 41.041
random init 70M-multi 51.44 64.46 81.82 26.84x 51.36% 49.54 34.62 40.60
MissUniverse-c-p-cr 51.661 64.33 79.61 26.881% 49.22 49.857* 40.08fx 42.641%
MissUniverse-c-p 52.09+ 64.21 81.17 26.771x 51.20 49.691 39.52t% 41.941%
MissUniverse-p-cr 51.33 64.741 80.00 26.57 51.28 49.23 36.15t 42.98Fx
MissUniverse-c-cr 52.011 64.17 82.73t 26.79% 49.79 49.46 39.111% 43.057%

Table 1: Multilingual zero-shot evaluation results for Dutch (NL, top), Chinese (ZH, middle), and English (EN,
bottom). Average reports the zero-shot average per language. Best performers are underlined, and those that beat
or tie with random init (70M) are marked with a T while those that beat or tie with random init (100M) are

marked with *.

We postulate that this may be due to stage 1
acquiring some of the basic operations of syntax,
thus freeing up some of the model’s resources in
stage 2 for world-knowledge acquisition, though
this seems to come at the cost of more language-
specific syntactic acquisition. It is possible that
the lagging grammatical knowledge is due to our
models needing to learn not just three grammars,
but five or even six grammars: the grammar of
our CFG, of proteins, and of crystal structures, in
addition to the three natural languages. To test this,
we conduct two follow-up experiments: we reduce
the number of grammars the model is exposed to
in stage 1 training (Section 5.1), and we reduce the
number of languages in stage 2 down to a single,
monolingual condition (Section 5.2).

5.1 Single-Source Stage 1

To reduce the number of grammars the models are
exposed to, we limit the number of stage 1 inputs
to a single non-language source. We additionally
include a new CFG that includes both SVO and
SOV word order in order to see if that improves the
models’ performance on Dutch, which has varied
word-order.

As Table 3 demonstrates, this method did not
drastically impact scores. English scores remain
relatively unchanged, with several models beating
the 70M baseline but not the 100M. Chinese and
Dutch show slight changes: previously no model
beat any baseline for Dutch, while protein and
shuffle-dyck are able to exceed the 70M baseline.
For Chinese, previously two models (CFG-protein

and protein-crystal) outperformed both baselines,
whereas for single-source only shuffle-dyck is
able to tie with the 70M. Overall, we do not find
reducing the number of input sources for stage 1
to simplify the system enough for our multilingual
models to excel over the baselines for zero-shot
results.'?

5.2 Monolingual Stage 2

As a second follow-up exploration, we reduce the
number of languages the model trains on. Rather
than focusing on multilingual models as our Mis-
sUniverse models did, we instead turn our atten-
tion to the effects of stage 1 training effects on
monolingual models. For baseline comparisons,
we trained a vanilla GPT2 baseline on 100M to-
kens of a single language: English, Chinese, Dutch.
We then initiated stage 1 training on a data mix
of CFG, proteins, and crystals, as well as single-
source inputs, including shuffle-dyck. Because
Dutch demonstrates SOV and has some measure
of flexible word-ordering, we additionally included
single-source CFGs that were SVO, SOV, and a
mix of the two.

When we compare the results of Table 4 to those
in Table 1 and Table 3, we find a large increase in
the number of models that exceed a model that was
trained on 100M of natural language data. Pre-
viously, only the CFG-protein and CFG-crystal

"’In this follow-up experiment, we did not fine-tune the
new single-source models due to compute restraints. Fu-
ture research may consider exploring the differences between
multi-source and single-source stage 1 training on fine-tune
evaluations.
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Multilingual Avgs NL Avgs ZH Avgs EN Avgs
Model Overall Zero-shot | Gram Other | Gram Other | Gram Other Gram Other
random init 100M-multi | 44.727 51.371 | 76.95t  42.237 | 80.761 42.96%1 | 74.271  42.10 74471 41.48%
random init 70M-multi | 44.31 50.81 75.44 42.01 79.30  42.68 | 72.32 42.47x | 73.14 40.59
MissUniverse-c-p-cr 44.761x 50.72 74.68 42.161 | 78.39 42761 | 72.691  42.08 71.97 41.511x
MissUniverse-c-p 44.56t 51.05t 75.37 42.371~ | 78.82 42751 | 73.837  42.44} | 72.69 41.801%
MissUniverse-p-cr 44.991%  50.70 74.71 42121 | 78.52  42.681 | 71.77 42.611% | 72.37 40.817
MissUniverse-c-cr 44.901x 50.72 75.25 41.95 78.35 4277t | 72.67F  41.67 73457 41.29%

Table 2: Multilingual averages, with the Overall including fine-tune evals in addition to zero-shots. Zero-shot
evals are further sub-divided into grammatical benchmarks (BLiMP and MultiBLiMP when available) and non-
grammatical “other” benchmarks (HellaSwag, Winogrande, XstoryCloze, XCOMPS when available, and Glob-
alPIQA). Best-performing models are underlined; models that outperform or tie with the 70M baseline are denoted
with  while those that outperform the 100M baseline are marked with *.

Multiling Model | Multiling Avg | NL Avg ZH Avg EN Avg
rand init 10eM 51.37t 53.761  47.47t  52.48%
rand init 7oM 50.81 53.14 47.45 51.44

CFG (SVO) 50.14 52.40 46.60 51.05¢
CFG (SV0-S0V) 50.70 52.21 47.43 52.201
protein 50.9171 53191 4742 51.75¢
crystal 50.54 52.55 46.38 52.35¢%
shuffle-dyck 50.8371 53.52f 4745t  51.08

Table 3: Single source multilingual zero-shot evalua-
tion results for Dutch (NL, top), Chinese (ZH, middle),
and English (EN, bottom). Best models are underlined.
Those that beat or tie with the random init baselines
are marked with { for random init (7@M) and x for
random init (100M).

MissUniverses outpaced their 100M baseline and
only for Chinese. However, if the model’s required
training is reduced from learning three languages
to learning merely one, the benefits of the syntactic
induction begin to outpace the benefits of training
on an extra 30M tokens of natural language data.

By reducing the models’ natural language ac-
quisition demands, the benefits of multi-source
stage 1 training become more prevalent, particu-
larly for Dutch, which exceeds the baseline for all
but the SVO-protein mix. Interestingly, we find
the SVO-cr mix to benefit all three languages eval-
uated in BabyLM.

We postulate the strength of SVO-cr across Chi-
nese, English, and Dutch is due in part to the
linguistically-informed nature of the CFG, espe-
cially for these languages that demonstrate SVO
order. It is possible that the CFG is closer in na-
ture to the syntax demonstrated in the natural lan-
guage data, thus conferring a greater benefit. Ev-
idence of this hypothesis comes from the SVO,
SOV, and mixed SVO-SOV comparisons in Dutch,
a language with flexible word-order (Dryer, 2013).
By training on a CFG that has both SVO and SOV
word-order, the Dutch zero-shot average increases
by roughly 3% compared to either word-orders

Monolingual Model | ZH Avg EN Avg NL Avg
rand init 100M 48.89 52.12 55.32
SVO-p-cr 48.85 51.80 56.14%
SVO-p 48.72 52.00 54.75
p-cr 47.55 52.03 56.14%
SVO-cr 49.66x  52.50x  55.71x
CFG (SVO) 49.29x  52.30x  54.08
CFG (SOV) 54.42
CFG (SVO-S0V) 55.77x
protein 48.16 52.62% 54.42
crystal 49.11x  51.98 55.80%
shuffle-dyck 49.29% 51.95 56.20%

Table 4: Monolingual zero-shot evaluation results,
trained on Chinese (ZH), English (EN), or Dutch (NL)
in stage 2. Best models are underlined, and those that
beat or tie with the random init baseline are marked with
ax.

alone.

In sum, we find that when the language require-
ments of stage 2 are reduced, the benefits of our
UG-induction method through stage 1 training
emerge more clearly. Future research may con-
sider exploring whether the benefits of stage 1 UG-
induction emerges in bilingual models, or if the
induction is best limited to monolingual models
when the token budget is capped at 100M tokens.

6 Discussion

For multilingual models, our “UG” pretraining con-
fers a benefit on non-grammar-focused zero-shot
evals but not grammar ones, perhaps still suffering
from the 30M loss of natural language data. When
the model is given additional training time via fine-
tuning (a “stage 3” of training), our MissUniverse
models catch up and surpass the baselines, even
100M. When “stage 3” isn’t available (i.e., zero-
shots), reducing the number of input sources in
stage 1 is not enough to surpass what would have
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been gained by just giving the model an extra 30M
tokens of natural language. However, if the model
is required to only acquire one language, then again
we see the benefits of stage 1 training.

6.1 Universal Grammar

While we refer to a Universal Grammar style bi-
asing throughout this work, we do not imply that
our CFG, crystals, and protein mixes are actually
representative of the UG in humans, if one exists.
Instead, this work explores what a UG-like bias
could look like in artificial neural networks using
synthetic language-like sequences and biological
data sources that demonstrate properties similar
to Merge and Move (e.g., protein folding). With
this biasing, we achieve high performance in non-
grammatical tasks, monolingual settings, and fine-
tuning on downstream tasks.

However, the success of non-language sources
for network biasing raises some interesting ques-
tions regarding the human brain bias for language.
Perhaps the theorized human Universal Grammar
may also be better described as a primed state for
generalized downstream learning, akin to our stage
1 pre-trained models, rather than an explicit frame-
work of language patterns.'3

6.2 Future Steps

There are several avenues for future looking re-
search. One, exploring what about each stage 1
source confers which benefits. We already postu-
late that the CFG may confer more benefits when
its word order is aligned to the target language, but
further investigation is needed. Likewise, which
grammatical operations did the stage 1 sources help
with, and did it hurt? Why does protein perform
well for Dutch but poorly for Chinese?

In continued regards to the biological sources,
it is unclear whether the performance boost often
seen by adding crystals to proteins is due to addi-
tional structural complexity, or whether the crystals
merely had a regularization effect.

Other aspects of language modeling and acqui-
sition, like tokenizer adaptation from stage 1 to
stage 2, incorporating a masked language model-
ing task, or dynamically changing task objectives to
more closely mimic human cognitive development
(Thelen and Smith, 1994), we similarly believe are
promising future avenues for investigation.

3 After all, if these patterns occur in other biological se-
quences then perhaps UG is less about language than it is
about truly universal patterns.

7 Conclusions

It has already been demonstrated in the litera-
ture that LL.Ms share grammatical representations
across multiple languages (Starace et al., 2023;
Wendler et al., 2024; Zhao et al., 2024; Brinkmann
et al., 2025). And Dhaliwal et al. (2026) find that
adding additional languages to training improves
model performance, particularly for low-resource
languages. We hypothesize that by training on our
data mixes, which are not derived from any hu-
man language but which never the less demonstrate
structured data with basic syntactic foundations
that are shared with human languages, we prime
our models to a non-language-specific “UG”-like
state that enables the models to better perform on
a variety of languages, despite the reduced natural
language input, and learn downstream (fine-tuning)
tasks better.

Our results align with previous literature finding
success in biasing neural networks towards linguis-
tic patterns with careful pretraining of the network
(McCoy et al., 2020; Mueller and Linzen, 2023; Pa-
padimitriou and Jurafsky, 2023; Lindemann et al.,
2024; Hu et al., 2025; Petty et al., 2025; Aryabumi
et al., 2025; Kim et al., 2024).

Despite seeing less natural language data, our
results pretraining on different sources of syntax
demonstrate just how “universal” a UG really can
be, and suggest interesting future research at the
intersection of language, networks, and the natural
world.

Limitations

As much as we promote here a “Universal Gram-
mar" pretraining, the synthetically generated CFG
we created is still somewhat English-centric, with
an SVO head-right grammatical structure and using
English phonotactic nonce words. While we be-
gin early explorations into word order alternations,
future research in this area should still address a
wider variety of grammatical structures to more
closely match existing human linguistic typology.

Our tests were limited to the languages pre-
sented, and it is possible that upon further testing,
our results may not hold cross-linguistically with a
wider set. Initial tests with Farsi (see Appendix sec-
tion E) merit further investigation regarding word
order influence.

We also were not able to test every possible bi-
ological source sequence fully. Virus genome se-
quences for example, may be an area of potential
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study, or may not prove beneficial despite similar
syntactic properties in genome sequences.

The results we present here are limited to autore-
gressive language modeling, and may or may not
hold with a masked language modeling task.

Likewise, compute resources and timing con-
straints limited our ability to test full ablations.
Some variations may change our existing compar-
ative rankings, and as discussed briefly in the Ap-
pendix, our results here may not hold equally well
with smaller (124M parameter) models. We have
also not had the chance to fully test models larger
than 0.7B parameters, similarly limiting the extent
of our findings. We hope to test this method on
larger models in the future.
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A Context-Free Grammar Details

Tables 5, 6, 7, and 8 provide additional details for
the creation of the context-free grammar.

Note, the compatibility matrices and semantic
fields outlined do not represent real word meanings
or assignments, but imagined groupings. All words
are assigned randomly to different syntactic cate-
gories and imaginary semantic groups that may be
loosely represented by the categories presented in
these tables.

Category Frequency boost
Determiners 10.0x
Nouns 8.0x
Tense/Inflection 6.0x
Verbs 5.0x
Conjunctions 3.0x
Complementizers 2.0x
Prepositions 1.5x
Adjectives/Adverbs 1.5x

Table 5: CFG syntactic categories and their frequency
multipliers.

B Ablations
B.1 CFG feature ablations

Eval loss curves on CFG feature ablations showed
most efficient training using all developed CFG
features (Figure 2).

—— plain CFG
+morphology
—— +semantics
—— +agglutination
—— +reduplication
—— +agglut+redup
+morph+sem
—— +all features

Eval / Loss

[ 100 200 300 400 500 600
Step

Figure 2: Eval loss curve ablations for CFG features,
for stage 2 training with English BabyLM data.

B.2 Data mixing ablations

We also experimented with different proportions
of CFG, protein, and crystal mixes. We present a
subset of those results for comparison in Appendix
F, Table 10.

C BabyLM English: Strict

Like Hu et al. (2025), our pretraining paradigm
achieved lower loss faster than natural language
training for our 0.7B strict (100M) models (see
Figure 1). In particular, our stage 1 UG pretrain-
ing paradigm achieved a noticeable improvement
in loss curves compared to three baselines: a ran-
dom initialization baseline (i.e., skipping stage 1
pretraining and only training directly on BabyLM
data for the full 1B total tokens seen), training on
BabyLLM natural language in both stage 1 and stage
2, and the Shuffle-Dyck pretraining language used
in Hu et al. (2025), demonstrating the benefits of
these rich sources of syntax for UG.

Mixing proteins and crystals in a 1:1 ratio
resulted in good performance on the English
BabyLM eval pipeline, as did CFG and proteins
(Table 10). Crystal data did not appear to dif-
fer greatly from Shuffle-Dyck as a solo source
for stage 1 training. When mixed in a 2:2:1 ra-
tio with CFG and proteins, it performed well with
our 0.7B model, but still not as high as either pro-
teins+crystals or CFG+proteins.

D Small Models (124M params)

D.1 Small model size

Our early experiments were on the largest mod-
els we could run with our compute resources—the
nearly 0.7B param size of GPT2—and showed
high separation between the stage 1 pretraining
data conditions. However, we also ran tests on the
same 100M dataset size in a smaller 124M param-
eter GPT2 model. In an attempt to match posted
BabyLM GPT2 2025 baselines, we also dropped
the sequence packing stage 2 training.'*

In the smaller model, the CFG and protein data
sources did not appear to hold the same perfor-
mance gain from our specialized data mixes (see
Figure 3) and Table 10 in Appendix F). Two-stage
training on natural language (BabyLM data) in both
stages performed the best for the Strict dataset

“The pulled config for the BabyLM GPT?2 baseline indi-
cated a max sequence length of 1024. As such, we kept the
long max sequence in place for these 124M tests.
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motion | cognition | creation | interaction | change | perception
living 0.9 0.8 - 0.9 - 0.9
objects 0.6 - 0.8 - - -
places 0.7 - - - - -
abstract - 0.9 - - 0.7 -
substances - - - - 0.8 -
Table 6: CFG noun-verb compatibility matrix for semantic clustering

physical | evaluative | emotional o — e
living 0.8 - 0.7 e
objects 0.9 0.8 . — shuffle-dyck
places 0.8 - "
abstract - 0.9 0.8 %

Table 7: CFG noun-adjective compatibility matrix for
semantic clustering

Pattern | Application Rate
VDN 0.15
PDN 0.12
DN 0.3
TV 0.21

Table 8: CFG agglutination template. Linking mor-

9% 9% 9% 5.5 5 % 33

phemes are [, 7, 7, ’a’, ’0’, ’i’], with blanks represent-
ing bare concatenation.

size,!> followed by Shuffle-Dyck stage 1 train-
ing, then our CFG+protein+crystal mix. Interest-
ingly, in the smaller size, CFG+protein+crystal
did better than only CFG+protein, which per-
formed better in the larger model size.

Likewise, the 124M model with the Strict-Small
dataset for stage 2 training showed slightly higher
performance with CFG+protein+crystal com-
pared to CFG+protein.'®

D.2 Strict-Small

For the Strict-Small test with a model size of 124M
parameters, we also pulled the stage 1 training
down to 500 steps (approximately 16.5M tokens)'”.

We compared stage 1 training mixes of

SOur 124M model two-stage training with BabyLM data
did still adhere to the 100M token budget.

*We do not include comparisons with BabyLM in both
stages for the Strict-Small exploration because we did not
limit stage 1 training to only 3M tokens, thus BabyLLM in both
stages would have just been additional training beyond the
10M English token budget.

17Since our stage 1 training is already over the Strict-Small
challenge token budget, we did not submit this version to the
formal challenge

IS
o

IS
o

w
@

w
o

0 200 400 600 800
Step

Figure 3: Eval loss curves comparing stage 1 data mixes
for the 124M param model size for strict track (100M).

—— random init

55 — «fg

—— protein

—— cfg+protein+crystal
—— cfg+protein

—— shuffle dyck

Eval / Loss

0 100 200 300 400 500 600
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Figure 4: Eval loss curves comparing stage 1 data mixes
for the 124M model size on the strict-small 10M dataset.

CFG, proteins, shuffle dyck, CFGt+protein,
CFG+protein+crystals, and random init (i.e.,
no stage 1 training).

For this small model and dataset size, stage 1
training only on proteins performed dramatically
better in the eval loss curve during training (see
Figure 4), but not noticeably better in eval results
(Table 10 in Appendix F). We saw somewhat simi-
lar behavior in ablations with our full 0.7B model
on the larger Strict dataset, where the loss curves
looked good for protein only but were not borne
out in eval results (though the difference in loss
curves was not so stark in the larger model ablation
tests). From this we emphasize the need to look
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closely at downstream eval in addition to rapid loss
improvement.

As a further note on these Strict-Small tests, in
keeping with our goal of creating a theoretical “UG”
network state before language training begins, we
did not limit stage 1 training to 30% of a total
10M token budget. Instead, stage 2 only was con-
sidered the language acquisition test for the small
network, and used the entire 10M budget. This
setup more closely mimics stage 1 as analogous to
a “hardcoded" or “biological" bias towards syntac-
tic structures.

D.3 Discussion

Our 124M models performed several points lower
than our 0.7B parameter models for the strict track.
One explanation for improved performance of 0.7B
param model compared to 124M param model
when trained on our UG-inducing datamixes is the
complexity of the data and the models’ ability to
extract said linguistic data. Matarazzo and Torlone
(2025) report the Scaling Law of LLMs, noting
that as models increase in parameter size, so do
their linguistic capabilities as the greater number of
parameters enables the model to better capture and
model the linguistic relations within the data. As
such, larger models often achieve greater linguistic
performance than their smaller counterpart models
(Matarazzo and Torlone, 2025), a finding backed by
smaller models performing worse than their larger
counterparts on multilingual tasks (Wang et al.,
2025; Gurgurov et al., 2026).

In light of this, we postulate that the larger num-
ber of parameters in the 0.7B sized GPT2 model
better enables the model to take advantage of the
shared UG principles in the data mixes in the first
stage, then focus on vocabulary and knowledge
acquisition in stage 2.

The higher success with larger models vs.
smaller ones show we still have progress to be
made with regards to network size and shape, con-
sidering that current LLMs have 1 trillion or more
parameters (Kretschmann). Compare this to the
human brain, which has between 61B and 99B neu-
rons (Goriely, 2024), of which, only 5% of gray
matter is used in language processing (Wolna et al.,
2026).

E Additional Languages

We began investigating additional languages from
the BabyBabel datasets (Jumelet et al., 2025),

choosing Farsi'® as it has a canonically SOV word
order and fits nicely with the word order explo-
ration. However, as seen in Table 9, it does not
follow expected patterns with an SOV CFG.

Monolingual Model | ZH Avg EN Avg NL Avg | FA Avg
rand init 100M 48.89 52.12 55.32 50.11
SVO-p-cr 48.85 51.80 56.14x | 49.10
SVO-p 48.72 52.00 54.75 49.56
p-cr 47.55 52.03 56.14x | 49.82
SVO-cr 49.66x  52.50x  55.71% | 49.76
CFG (SVO) 49.29%  52.30x  54.08 49.47
CFG (Sov) 54.42 48.49
CFG (SVO-S0V) 5577« | 48.77
protein 48.16 52.62x 5442 48.93
crystal 49.11% 51.98 55.80x | 50.34%
shuffle-dyck 49.29%  51.95 56.20%

Table 9: Zero-shot evaluation results for monolingual
models trained on Chinese (ZH), English (EN), Dutch
(NL), or Persian/Farsi (FA) in stage 2. Best models are
underlined, and those that beat or tie with the random
init baseline are marked with a .

While Dutch shows a performance boost from a
CFG word order well aligned with its own distribu-
tion, Farsi poses a challenge to this explanation. It
is the SVO word-order that outperforms the other
two CFGs, despite Farsi being canonically SOV.
Perhaps the child-directed language included in the
dataset includes instances of SVO order, though
this requires a thorough investigation of the rel-
ative prevalence of each word-order in the Farsi
BabyBabel data to answer.

F Full Tables

8We would like to acknowledge and thank Zahra Mirrazi
for advising us on the syntax of Farsi in various domains.
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Model (0.7B params Strict) Text Avg BLiMP BLiMP Supp. EWoK Entity Tracking Comps
CFG only 50.172 67.07 61.64% 51.02 18.48% 52.65
protein only 49.806 65.85 61.84x 50.18 18.94% 52.22
crystal only 50.88x 66.92 64.12% 52.72% 17.48% 53.16
CFG+protein 50.794 66.63 63.45% 52.43% 18.26% 53.2
protein+crystal 51.376 67.91 64.85 52.5% 18.12x 53.5
CFG+crystal 51.024x 68.02 62.95% 52.07% 18.39x 53.69
CFG2+proteini+crystali 49.174 64.04 60.83% 50.4 17.33% 53.27
CFG2+protein2+crystali 50.814 65.97 62.35% 52.88 19.39 53.48
BabyLM both 48.188 63.19 57.93 50.4 18.97 50.45
random init 50.844 71.06 60.3 52.04 16.29 54.53
Model (124M params Strict) Text Avg BLiMP BLiMP Supp. EWoK Entity Tracking Comps
CFG+protein 49.234% 63.9 57.34% 52.55 17.96% 54.42
CFG+proteintcrystal 49.27% 63.09 58.53% 52.11 18.35% 54.27
shuffle dyck 48.56 64.26 56.75% 51.11 16.25 54.43
BabyLM both 50.444 64.66 59.96 53.41 19.45 54.74
random init 49.038 65.38 54.16 52.88 17.85 54.92
Model (124M params Strict-small) | Text Avg BLiMP BLiMP Supp. EWoK Entity Tracking Comps
CFG+protein 47.1 61.3 57.97x 494 17.11 49.72
CFG+protein+crystal 47.84 62.28 57.97% 51.34% 17.59 50.02%
shuffle dyck 46.794 62.85 53.14 51.37 16.74 49.87
random init 47.808 63.94 57.08 50.2 17.89 49.93
CFG only 47.232 60.94 58.62 49.73 16.8 50.07%
crystal only 47.23 62.6 56.91 50.09 16.73 49.82
protein only 46.512 60.45 54.06 49.72 17.81 50.52

Table 10: Data mix eval results (0.7B param model + 100M strict track top; 124M param model + 100M strict track
middle; 124M param model + 10M strict-small track bottom). The random init comparison ran over the full English
data (100M or 10M, depending). For the 0.7B param strict models, two versions of the cfg+protein+crystal mix
are included: one with a ratio of 2:1:1, and the other with 2:2:1. All other instances of cfg+protein+crystal are
with the 2:2:1 ratio. Best models are underlined, and those that outperformed random init are marked with a *.

Multilingual Model (NL Evals) Avg POS(NL) MNLI(NL) SIB200(NL) Belebele(NL) ARC(NL) TruthfulQA(NL) BMLama(NL) INCLUDE(NL)
random init 10@M-multi 37.79t 92.041 43.86 56.00 2273t 27.71% 16.07 18.05 25.891
random init 70M-multi 36.63 91.82 43.92¢ 56.50% 21.59 23.75 18.75% 19.78x 16.96
MissUniverse-c-p-cr 37.1871 91.26 45.951% 52.50 21.02 25.83t 16.96x 12.67 31.251*
MissUniverse-c-p 36.85+1 91.841 43.921% 48.00 20.45 25.831 17.86x 17.47 29.461%
MissUniverse-p-cr 38.271% | 92.501% 40.48 64.501* 19.89 26.88F 22.32%% 13.74 25.897%
MissUniverse-c-cr 38.097% | 92.251% 42.85 62.007% 20.45 24.79% 20.541 16.80 25.00
Multilingual Model (ZH Evals) Avg POS(ZH) MNLI(ZH) XNLI(ZH) SIB200(ZH) Belebele(ZH) ARC(ZH) TruthfulQA(ZH) BMLama(ZH) INCLUDE(ZH)
random init 10@M-multi 39.99 88.651 45.78t 42.75 76.501 17.61 28.961 2232 13.25¢ 24.11
random init 7@M-multi 40.61x 88.20 44.26 43.90x 74.00 23.86% 26.46 27.68% 11.26 25.89%
MissUniverse-c-p-cr 40.61% 87.88 45.38t 44.707% 75.00% 23.30% 27.08F 20.54 13.081 28.577
MissUniverse-c-p 39.86 88.711x 46.061% 43.40% 66.00 25.571% 24.17 25.00% 13.991x 25.891%
MissUniverse-p-cr 40.51x | 89.02f% 46.961% 47.75%% 72.00 26.141% 22.71 27.681% 17.14%% 15.18
MissUniverse-c-cr 40.06% 88.941% 48.487* 42.95% 70.00 21.02% 23.94 28.571x 13.417% 23.21
Multilingual Model (EN Evals) Avg | POS(EN) MNLI(EN) XNLI(EN) SIB200(EN) Belebele(EN) ARC(EN) TruthfulQA(EN) BMLama(EN)

random init 10@M-multi 41.04t 90.17 46.571 45.40 59.50t 21.02 26.251 2143 17.96

random init 70M-multi 40.60 90.34x 44.31 45.45% 55.50 21.59% 2542 18.75 23.43%
MissUniverse-c-p-cr 42.641% 89.31 44.09 45.807% 62.507% 21.02% 26.887% 38.391% 13.16
MissUniverse-c-p 41.941% 89.95 46.571* 44.45 62.507% 24.43% 24.58 24.111% 18.961*
MissUniverse-p-cr 4298t | 90.32% 44.997% 52.501% 66.007% 21.02% 21.46 27.681% 19.871x
MissUniverse-c-cr 43.051* 90.14 44.657 46.157% 72.007* 21.02% 26.257 26.797 17.38

Table 11: Multilingual fine-tune evaluation results for Dutch (NL, top), Chinese (ZH, middle), and English (EN,
bottom). Averages are calculated for the MissUniverse models, as well as two single-source stage 1 models that
outperformed three of the MissUniverse models). Best performers are underlined.
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Multilingual Avgs NL Avgs ZH Avgs EN Avgs

Model Fine-tune | Synt-Sem  Other | Synt-Sem Other | Synt-Sem Other | Synt-Sem  Other
random init 10@M-multi 39.621 61.901 29.147 67.957 27.74% 59.06F 30.46 60.717 29.2371
random init 7@M-multi 39.33 61.53 28.89 67.87 26.22 58.79 31.52% | 60.03 28.94

MissUniverse-c-p-cr-multi | 40.161% 61.70% 29.987x | 68.617x  26.707 59.321%  31.26% | 59.73 32.391%
MissUniverse-c-p-multi 39.567 61.861 29.07¢ 67.88¢ 26.517 59.391%  30.10 60.327 30.927%
MissUniverse-p-cr-multi 44.997x 63.06t%  30.011% | 66.49 28.871x | 61.241x  30.14 62.60t%  31.211x
MissUniverse-c-cr-multi 40.397% 62.05tx  30.19fx | 67.55 28.261x | 60.12fx  30.03 60.317 32.691%

Table 12: Fine-tune evals sub-divided into syntax-semantics benchmarks (POS, MNLI, and XNLI, when relevant)
and world-knowledge “other” benchmarks (SIB200, Belebele, ARC, TruthfulQA, BMLama, and INCLUDE, when
relevant). Best-performing models are underlined; models that outperform or tie with the 70M baseline are denoted
with T while those that outperform the 100M baseline are marked with *.

Multilingual Model (NL Evals) Avg  BLIMP(NL) MultiBLIMP(NL) HellaSwag(NL) Winogrande(NL) XStoryCloze(NL) XCOMPS(NL) GlobalPIQA(NL)
random init 100M-multi 53.761 73.75% 87.77t 26.75t% 49.881 47.60 51417 39.147
random init 7@M-multi 53.14 72.34 86.25 26.53 49.59 47.99% 51.19 38.10
protein-multi 53.191 72.06 84.81 26.46 49.22 48.227x 51.487« 40.091%
shuffle-dyck-multi 53.521 70.97 85.63 26.21 49.05 50.15% 51.51% 41.141%

CFG (SOV & SVO)-multi 52.21 68.98 85.59 26.23 50.291* 49.541% 50.14 34.70
crystal-multi 52.55 71.94 84.86 26.48 49.30 48.687% 50.90 35.70

CFG (SV0)-multi 52.40 69.47 83.35 26.30 48.60 48.681% 50.81 39.611%
Multilingual Model (ZH Evals) Avg BLiMP(ZH) HellaSwag(ZH) Winogrande(ZH) XStoryCloze(ZH) XCOMPS(ZH) GlobalPIQA(ZH)
random init 10@M-multi 47.47t 74.27% 26.761 49.38 46.67 52.56 35.157
random init 70M-multi 47.45 72.32 26.74 51.07x 47.33% 52.58% 34.64
protein-multi 47.42 71.86 26.58 S1.28}x 46.59 52.57x 35.65T
shuffle-dyck-multi 47.457¢ 70.73 26.837 50.95% 48.30F* 51.71 36.171*

CFG (SOV & SVO)-multi 47.43 72.24 26.871% 49.71% 47.451% 52.617* 35.701
crystal-multi 46.38 7248t 26.801x 50.62% 47.21% 51.95 29.21

CFG (SVO)-multi 46.60 69.32 26.52 49.71% 46.98% 51.88 35.171x
Multilingual Model (EN Evals) Avg BLiMP(EN) MultiBLIMP(EN) HellaSwag(EN) Winogrande(EN) XStoryCloze(EN) GlobalPIQA(EN)
random init 10@M-multi 52.487 65.30% 83.641 26.72 51.36F 49.77+ 38.081
random init 7@M-multi 51.44 64.46 81.82 26.84 51.36% 49.54 34.62
protein-multi 51.75t 66.271% 81.04 26.901 50.29 49.851% 36.141
shuffle-dyck-multi 51.08 64.961 80.13 26.881x 48.06 49.38 37.071

CFG (SOV & SVO)-multi 52.20t 64.501 80.00 26.981x 51.28 49.38 41.051*
crystal-multi 52.35¢ 64.36 82.081 27.161% 50.70 49.23 40.551%

CFG (SVO)-multi 51.05 63.68 79.35 26.51 SL61t* 50.001% 35.121

Table 13: Multilingual zero-shot evaluation results for Dutch (NL, top), Chinese (ZH, middle), and English (EN,
bottom) for single-source stage 1 training. Models appear in order of highest multilingual zeroshot average (top
within each language) to lowest. Single-source stage 1 models that outperform all other models in this table and
those in Table 1 are underlined. Those that beat or tie with the random init baselines (see Table 1 for random init
values) are marked with { for random init (7@M) and x for random init (100M).

Model (NL Evals) Avg BLiMP(NL) MultiBLIMP(NL) HellaSwag(NL) Winogrande(NL) XStoryCloze(NL) XCOMPS(NL) GlobalPIQA(NL) | Piga-par(NL) Piga-nonpar(NL)
sharedtok CFG-multi 0.5305¢ 0.7272 0.8683 0.2600 0.4979« 0.4729 0.5155¢ 0.3718t 0.2136f 0.531%
sharedtok protein-multi 0.53711 0.7262 0.8726t 0.2601 0.4864 0.4853 % 0.5179% 0.41121% 0.2524 0.57f%
sharedtok crystal-multi 0.53341 0.7525 0.87641 0.2605 0.4938 0.4807% 0.5227+% 0.34741 0.1748 0.52¢
sharedtok shuffle-dyck-multi 0.5275 0.7315 0.8687 0.2573 0.5095¢* 0.4752 0.5182f 0.3323¢ 0.1845 0.48
sharedtok random init 70M-multi 0.5277 0.7351 0.8713 0.2644 0.5012 0.4814 0.5134 0.3273 0.1845 0.47
sharedtok random init 10@M-multi | 0.53861 0.7362 0.8820 0.2618 0.4971 0.4783 0.5189 0.3959 0.2718 0.52
sharedtok MissUniverse-c-p-cr 0.5299 0.7293 0.8593 0.2609 0.4889 0.4745 0.52431% 0.37211 0.1942f 0.551%

ili Model (ZH Evals) Avg BLiMP(ZH) HellaSwag(ZH) Winogrande(ZH) XStoryCloze(ZH) XCOMPS(ZH) GlobalPIQA(ZH) | Piga-par(ZH) Piqa-nonpar(ZH)
sharedtok CFG-multi 0.4678 0.7092 0.26541% 0.4897% 0.4721 0.5284f 0.3418% 0.2136% 0.471%
sharedtok protein-multi 0.47861+ 0.75161% 0.26711% 0.5021% 0.4652 0.5244f 0.36121% 0.25241% 0.471%
sharedtok crystal-multi 0.4750 1% 0.7225 0.2698% 0.4955% 0.4628 0.5331+ 0.36621% 0.25241% 0.487%
sharedtok shuffle-dyck-multi 0.4615 0.6936 0.26661% 0.4913% 0.4667 0.5188 0.33181% 0.2136% 0.451%
sharedtok random init 70M-multi 0.4713 0.7231 0.2659 0.5070 0.4776 0.5226 0.3314 0.2427 0.42
sharedtok random init 100M-multi | 0.4721 0.7445 0.2651 0.4889 0.4807 0.5415 0.3120 0.2039 0.42
sharedtok MissUniverse-c-p-cr 0.4703 0.7297t 0.2651 0.4823 0.4737 0.5189 0.35211% 0.1942 0.511%

ili Model (EN Evals) Avg BLiMP(EN) MultiBLIMP(EN) HellaSwag(EN) Winogrande(EN) XStoryCloze(EN) GlobalPIQA(EN) | Piga-par(EN) Piqa-nonpar(EN)
sharedtok CFG-multi 0.5185 0.6573 0.8208 0.26641% 0.50041 0.4892 0.3771 0.1942 0.567*
sharedtok protein-multi 0.5217 0.6692t 0.8221 0.2629 0.4889 0.4961% 0.3911% 0.2621 0.52%
sharedtok crystal-multi 0.5207 0.6474 0.8247 0.2677t% 0.50541% 0.4977% 0.3814 0.2427 0.52%
sharedtok shuffle-dyck-multi 0.5167 0.6387 0.8065 0.2647+% 0.49791 0.4961% 0.3961% 0.2621 0.53%
sharedtok random init 70M-multi 0.5260 0.6633 0.8299 0.2646 0.4930 0.5039 0.4011 0.2621 0.54
sharedtok random init 10@M-multi | 0.5270 0.6711 0.8390 0.2644 0.5037 0.4930 0.3908 0.2816 0.50
sharedtok MissUniverse-c-p-cr 0.5159 0.6486 0.8272 0.26511% 0.4938% 0.4992% 0.3614 0.2427 0.48

Table 14: Shared tokenizer evaluation results for multilingual zero-shot evals in Dutch (NL, top), Chinese (ZH,
middle), and English (EN, bottom). Averages are calculated from the listed evals. Best performers are underlined,
and those that beat random init are marked with a x. Note: these results do not include the finetuning eval tasks.
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Model (ZH Evals) Avg BLiMP(ZH) HellaSwag(ZH) Winogrande(ZH) XStoryCloze(ZH) XCOMPS(ZH) GlobalPIQA(ZH) | Piqa-par(ZH) Piga-nonpar(ZH)
random init 7@M-zH 0.4678 0.7172 0.2630 0.4897% 0.4768% 0.5228 0.3373 0.1845 0.49%
random init 100M-ZH 0.47031 0.72411 0.26711 0.4798 04737 0.5348t 0.34201 048
CFG (SOV & SVO) 7eM-ZH 0.47251% 0.6982 0.26907% 0.49461% 0.49301% 0.5193 0.36117x 0.46
CFG (SOV & SVO) 10eM-ZH 0.47581% 0.7284i% 0.27231x 0.5078t% 0.4760t 0.5186 0.35171% 0.22331% 0.48x
i Model (EN Evals) Avg BLiMP(EN) MultiBLimP(EN) HellaSwag(EN) Winogrande(EN) XStoryCloze(EN) GlobalPIQA(EN) | Piga-par(EN) Piga-nonpar(EN)
rand init 7@M-EN 0.5074x 0.6142 0.8013x 0.2702% 0.5062% 0.4814 0.3711% 0.2621% 0.48x
rand init 100M-EN 0.5068 0.63421 0.7987 0.2684 0.4979 0.48531 0.3562 0.2524 0.46
CFG (SOV & SVO) 7@M-EN 0.5063 0.63451% 0.80131% 0.2655 0.4889 0.49151% 0.3562% 0.2524% 0.46%
CFG (SOV & SVO) 100M-EN 051121+ 0.6429++ 0.81301% 0.2696% 0.4979+ 0.4985++ 0.3455 0.3010% 0.39
Multilingual Model (NL Evals) Avg BLiMP(NL) MultiBLIMP(NL) HellaSwag(NL) Winogrande(NL) XStoryCloze(NL) XCOMPS(NL) GlobalPIQA(NL) | Piga-par(NL) Piga-nonpar(NL)
random init 7@M-NL 0.5297 0.7129% 0.8366 0.2644 0.4938 0.4899 0.5040 0.4061 0.2621% 0.55
random init 100M-NL 0.53761 0.7078 0.8494+ 0.26611 051611 0.49231 041611 0.26211 0.571
CFG (SOV & SVO) 7@M-NL 0.5264 0.7004 0.8250 0.2640 0.5103t 0.4876 0.3961 0.2621% 0.53
CFG (SOV & SVO) 10@M-NL 0.5282 0.7116% 0.84601 0.26791 0.4782 0.4992% 0.3954 0.3107% 0.48
il Model (FA Evals) Avg MultiBLiMP(FA)  HellaSwag(FA) Winogrande(FA) XStoryCloze(FA) XCOMPS(FA) GlobalPIQA(FA) | Piqa-par(FA) Piga-nonpar(FA)
random init 7@M-FA 0.4755% 0.6753 0.2642 0.4901 0.5170% 0.5207% 0.3859% 0.2718% 0.50%
random init 100M-FA 0.4734 0.6792 0.2669t 0.5033t 0.5139 0.5207t 0.3567 0.2233 0.49
CFG (SOV & SVO) 7@M-FA 0.4705 0.6784% 0.2637 0.4942 0.5178 0.5232tx 0.3459 0.2718t% 0.42
CFG (SOV & SVO) 100M-FA 0.48061* 0.69761 0.2663t 0.5058tx 0.5209% 0.5070 0.3858% 0.2816% 0.49+%

Table 15: Multilingual zero-shot evaluation results for Dutch (NL, top), Chinese (ZH), English (EN), and additional
evals for Persian (FA, bottom) using SOV-SVO stage 1 mix and 70M tokens of natural language as well as 100M to
accommodate for the fourth language. Best performers are underlined, and those that beat random init (70M)
are marked with a T while random init (100M) winners are noted with x. Note: these results do not include the

finetuning eval tasks.

Model (M ZH) Avg  BLiMP(ZH) HellaSwag(ZH) Winogrande(ZH) XStoryCloze(ZH) XCOMPS(ZH) GlobalPIQA(ZH) | Piga-par(ZH) Piga-nonpar(ZH)
random init 100M-ZH 0.4889 0.7765 0.2749 0.4988 0.4853 0.5423 0.3557 0.2913* 0.42
CFG+protein+crystal-zH | 0.4885 0.7712 0.2749% 0.4806 0.5309% 0.4915 0.3818x 0.2136 0.55%
CFG+protein-ZH 0.4872 0.7756 0.2759% 0.4674 0.4814 0.5520% 0.3707* 0.2913* 0.45%
proteintcrystal-zH 0.4755 0.7880% 0.2721 0.4930 0.4915% 0.5506% 0.3667 0.2233 0.51%
CFG+crystal-zH 0.4966+ 0.7948 0.2716 0.4922 0.4930% 0.5416 0.3862 0.2524 0.52%
CFG-ZH 0.4929x 0.7557 0.2759 0.5128 0.4892 0.5528% 0.3714x 0.2427 0.50%
protein-zH 0.4816 0.7777% 0.2694 0.4918 0.4807 0.5434x 0.3268 0.2136 0.44%
crystal-zH 0.4911 0.7781% 0.2729 0.5012% 0.4884 0.5443% 0.3614x 0.2427 0.48%
shuffle-dyck-zH 0.4929+ 0.7951 0.2695 0.4926 0.4845 0.5496% 0.3659% 0.2718 0.46%
Model (Monoli 1 EN) Avg  BLiMP(EN) MultiBLimP(EN) HellaSwag(EN) Winogrande(EN) XStoryCloze(EN) GlobalPIQA(EN) | Piga-par(EN) Piga-nonpar(EN)
rand init 100M-EN 0.5212 0.6598 0.8351 0.2672 0.5144 0.5046 0.3462 0.2524 0.44
CFGtproteintcrystal-EN | 0.5180 0.6665% 0.8247 0.2642 0.4889 0.5031 0.3608 0.2816% 0.445%
CFG+protein-EN 0.5200 0.6610% 0.8364x 0.2643 0.4880 0.5093% 0.3612x 0.2524% 0.47%
protein+crystal-EN 0.5203 0.6643% 0.8312 0.2638 0.4872 0.5039 0.3712% 0.2524% 0.49%
CFG+crystal-EN 0.5250% 0.6752% 0.8299 0.2642 0.4988 0.5062% 0.3759% 0.2718 0.48%
CFG-EN 0.5230% 0.6590 0.8390% 0.268 1% 0.5128 0.4930 0.3661% 0.2621% 047
protein-EN 0.5262 0.6654 0.8325 0.2676x 0.4979 0.5031 0.3907 0.2913* 0.49%
crystal-EN 0.5198 0.6554 0.8351x 0.2636 0.5128 0.5054x 0.3464% 0.2427 0.45x%
shuffle-dyck-EN 0.5195 0.6619% 0.8208 0.2636 0.5004 0.5138% 0.3562% 0.2524x 0.46%
Model (] i NL) Avg BLiIMP(NL) MultiBLIMP(NL) HellaSwag(NL) Winogrande(NL) XStoryCloze(NL) XCOMPS(NL) GlobalPIQA(NL) | Piga-par(NL) Piga-nonpar(NL)
random init 100M-NL 0.5532 0.7711 0.9091 0.2674 0.5161 0.4930 0.5187 0.3970 0.2039 0.59
CFGtprotein+crystal-NL | 0.5614% 0.7977* 0.8945 0.2666 0.4839 0.5101% 0.5317x 0.4452% 0.3204x 0.57
CFG+protein-NL 0.5474 0.7727% 0.8953 0.2672 0.4856 0.4954x 0.5342x 0.3811 0.2621 0.5
protein+crystal-NL 0.5614x 0.7786% 0.9163% 0.2651 0.4872 0.4992x 0.5374x 0.4458% 0.2816% 0.61%
CFG+crystal-NL 0.5571x 0.7818x 0.9232% 0.2686x 0.4856 0.4985% 0.5108 0.4309% 0.2718x 0.59%
CFG-NL 0.5408 0.7371 0.9005 0.2665 0.5021 0.4822 0.5155 0.3818 0.2136% 0.55
CFG (SOV)-NL 0.5442 0.7631 0.9099% 0.2679 0.4889 0.4930% 0.5153 03714 0.2427x 0.50
CFG (SOV & SVO)-NL 0.5577x 0.7945% 0.9245x% 0.2712% 0.4740 0.5023% 0.5210% 0.4164x 0.2427% 0.59%
protein-NL 0.5442 0.7416 0.8846 0.2682x 0.4930 0.4830 0.5137 0.4254% 0.3107x 0.54
crystal-NL 0.5580% 0.7832x 0.9215% 0.2672 0.5054 0.4907 0.5309% 04068 0.2136% 0.60%
shuffle-dyck-NL 0.5620 0.7842x 0.9224x 0.2676x 0.5103 0.4938 0.5101 0.4457 0.2913 0.60%
Model (Monoli 1 FA) Avg MultiBLIMP(FA) HellaSwag(FA) Winogrande(FA) ~ XStoryCloze(FA) XCOMPS(FA)  GlobalPIQA(FA) | Piga-par(FA)  Piga-nonpar(FA)
random init 10@M-FA 0.5011 0.7634 0.2691 0.5198 0.5070 0.5455 0.4017 0.2233 0.58%
CFG+protein+crystal-FA | 0.4910 0.7716% 0.2661 0.5049 0.5054 0.5259 0.3720 0.2039 0.54
CFG+protein-FA 0.4956 0.7720% 0.2650 0.4934 0.5147% 0.5370 0.3914 0.2427% 0.54
proteintcrystal-FA 0.4982 0.7744x 0.2680 0.5082 0.4954 0.5369 0.4061x 0.2621% 0.55
CFG+crystal-FA 0.4976 0.7611 0.2679 04810 0.5132% 0.5367 0.4259% 0.2718* 0.58%
CFG-FA 0.4947 0.7822 0.2707 0.4852 0.5163% 0.3767 0.2233% 0.53
CFG (SOV)-FA 0.4849 0.7630 0.2655 0.4860 0.4985 0.3618 0.2136 051
CFG (SOV & SVO)-FA 0.4877 0.7466 0.2666 0.4909 0.5101x 0.3816 0.2331% 0.53
protein-FA 0.4893 0.7262 0.2697 0.5247 0.5147% 0.3718 0.2136 0.53
crystal-FA 0.5034x 0.7779% 0.2690 0.5148 0.5054 0.4109% 0.2718% 0.55

Table 16: Zero-shot evaluation results for monolingual models trained on Chinese (ZH), English (EN), Dutch (NL),
or Persian/Farsi (FA) in stage 2. Best models are underlined, and those that beat or tie with the random init baseline
are marked with a *.
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Model (: i NL) Avg BLiMP(NL) MultiBLIMP(NL) HellaSwag(NL) Winogrande(NL) XStoryCloze(NL) XCOMPS(NL) GlobalPIQA(NL) | Piga-par(NL) Piga-nonpar(NL)
sharedtok random init 7@M-NL 55.17 78.92% 92.11 26.77% 49.55% 49.23% 5141 38.17 2233 54.00
sharedtok random init 10@M-NL 55.371 78.46 92.491 26.60 48.97 48.07 52.921 40.111 26211 54.00
sharedtok CFG+protein+crystal-NL | 55.341 78.32 92.02 26.58 48.89% 49.15% 52211 40.18t% 21.36 59.00fx
sharedtok CFG-NL 55.801* 7847 92.45% 26.61% 49.46% 48.92% 53.51F% 41171 22.331 60.001*
sharedtok protein-NL 55.181 78.74x 92.28f 26.51 48.97x 49.691% 51.861 38.231 18.45 58.001%
sharedtok crystal-NL 54.92 78.28 92.75%% 26.38 49.961% 48.61x 51.75% 36.68 21.36 52.00
sharedtok shuffle-dyck-NL 55.02 78.76% 92.111 26.36 49.961x% 49.54t% 52.161 36.24 17.48 55.00f
Model (: i ZH) Avg BLiMP(ZH) HellaSwag(ZH) Winogrande(ZH) XStoryCloze(ZH) XCOMPS(ZH) GlobalPIQA(ZH) | Piga-par(ZH) Piga-nonpar(ZH)
sharedtok random init 7@M-ZH 48.26 77.14 26.96 47.65 48.07 54.56% 35.20% 20.39 50.00%
sharedtok random init 100M-ZH 48.521 78.131 27.17% 48.89t 48.761 53.52 34.62 25.241 44.00
sharedtok CFG+protein+crystal-zZH | 47.52 76.95 27.041 47.57 47.29 52.60 33.68 21.361 46.00%
sharedtok CFG-ZH 48.65(x  77.29% 27.01 49.96% 4776 54.28% 35.621* 25.24t% 46.00%
sharedtok protein-zH 48.451 78.291% 27.08% 47.57 48.141 53.96% 35.681% 21.361 50.001%
sharedtok crystal-zH 48.941% 77.23f 27.04% 49.967% 48.991* 53.78 36.651* 23.301 50.001%
sharedtok shuffle-dyck-zH 48.261 78.191% 27.38fx 41.57 4745 54.29% 34.68% 21.361 48.00%
Model (] i Avg BLiMP(EN) MultiBLimP(EN) HellaSwag(EN) Winogrande(EN) XStoryCloze(EN) GlobalPIQA(EN) | Piga-par(EN) Piga-nonpar(EN)
sharedtok rand init 7@M-EN 52.83 68.29 84.55% 2647 49.55 50.54% 37.61 26.21 49.00
sharedtok rand init 100M-EN 53.38t 69.08¢ 83.90 26.75+ 50.62¢ 4985 40,08t 28.16¢ 52.00f
sharedtok CFG+protein+crystal-EN | 52.481 68.02 83.77 26.40 50.70f 48.37 37.611 26.211 49.001
sharedtok CFG-EN 51.33 66.04 83.51 26.541 S51.85%% 49.30 30.73 18.45 43.00
sharedtok protein-EN 5216 67.45 81.56 26.28 49,881 49.69 38.111 26211 50.001
sharedtok crystal-EN 52.81 66.94 84.16% 26.15 49.631 50.39% 39.611 26.211 53.001%
sharedtok shuffle-dyck-EN 53.121 66.91 86.107% 26.87F% 50.621* 50.15% 38.081 28.161% 48.00

Table 17: Shared tokenizer monolingual zero-shot evaluation results for Dutch (NL, top), Chinese (ZH), English
(EN). Best performers are underlined, and those that beat random init (7@M) are marked with a T while those that
beat random init (100M) are marked with a *.

Model (NL Evals) Avg ARC(NL) Belebele(NL) BMLama(NL) MNLI(NL) Sib200(NL) TruthfulQA(NL) Include(NL) POS(NL)
MissUniverse-p-cr 38.27 26.88 19.89 13.74 40.48 64.50 22.32 25.89 92.50
MissUniverse-c-cr 38.09 24.79 20.45 16.80 42.85 62.00 20.54 25.00 92.25
MissUniverse-c-p-cr | 37.18 25.83 21.02 12.67 45.95 52.5 16.96 31.25 91.26
MissUniverse-c-p 36.85 25.83 20.45 17.47 43.92 48.00 17.86 29.46 91.84
Model (ZH Evals) Avg ARC(ZH) Belebele(ZH) BMLama(ZH) MNLI(ZH) Sib200(ZH) TruthfulQA(ZH) Include(ZH) POS(ZH)
MissUniverse-p-cr 40.51 22.71 26.14 17.14 46.96 72.00 27.68 15.18 89.02
MissUniverse-c-cr 39.70 23.96 21.02 13.41 48.48 70.00 28.57 23.21 88.94
MissUniverse-c-p-cr | 40.61 27.08 23.30 13.08 45.38 75.00 20.54 28.57 87.88
MissUniverse-c-p 39.86 24.17 25.57 13.99 46.06 66.00 25.00 25.89 88.71
Model (EN Evals) Avg ARC(EN) Belebele(EN) BMLama(EN) MNLI(EN) Sib200(EN) TruthfulQA(EN) POS(EN)
MissUniverse-p-cr 42.98 21.46 21.02 19.87 44.99 66.00 27.68 90.32
MissUniverse-c-cr 42.10 26.25 21.02 17.38 44.65 72.00 26.79 90.14
MissUniverse-c-p-cr | 42.64 26.88 21.02 13.16 44.09 62.50 38.39 89.31
MissUniverse-c-p 41.94 24.58 2443 18.96 46.57 62.50 24.11 89.95

Table 18: Multilingual finetuning evaluation results for Dutch (NL, top), Chinese (ZH, middle), and English (EN,
bottom). Averages are calculated from the listed evals. Best performers are underlined, and those that beat random
init are marked with a .
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