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Abstract

Many of the thousands of attested languages share common configurations of features, creating a spectrum from
typologically very rare (e.g., object-verb-subject word order) or impossible languages to very common combinations
of features (e.g., subject-object-verb word order). One central question is under what conditions such typological
tendencies can be predicted, and specifically whether the learning bias of language models (LMs) is sufficient to
reproduce such patterns. In this study, we add one dimensionality to such analysis — the learning scenario for LMs
— to explore its interaction with the inductive bias of LMs. Specifically, as a first study, we examine the effect of
curriculum learning (CL), as a developmentally motivated learning scenario, i.e., starting with simpler sentences
rather than randomly-ordered input. We expand existing LM-based exploration (El-Naggar et al., 2025a,b) with a
simple CL variant and find that CL substantially impacts the apparent inductive bias of LMs.

Keywords: Artificial languages, curriculum learning, generalization

1. Introduction

Natural languages (NLs) exhibit a range of proper-
ties, including different word order configurations,
raising the question: which, if any, types of lan-
guages are easier for language models (LMs) to
learn (Cotterell et al., 2018; Mielke et al., 2019;
White and Cotterell, 2021; Borenstein et al., 2024;
Arnett and Bergen, 2025)? Related questions
include why some grammatical feature combina-
tions are typologically common while others are
rare (Dryer and Haspelmath, 2013), and to what ex-
tent LMs’ domain-general learning biases replicate
these linguistic tendencies (Chomsky et al., 2023;
Xu et al., 2025). Existing studies have reported that,
for example, the inductive bias of a specific class
of LMs aligns with typological commonality, and
the properties of such typologically-aligned models
(e.g., working memory limitations) could partially
explain such typological tendencies (Kuribayashi
et al., 2024; El-Naggar et al., 2025a,b). Although
such computational simulations of language learn-
ability can serve as proof-of-concept for the idea
that learning biases shaping language (Culbert-
son et al., 2012), LMs’ and humans’ language ac-
quisition settings are generally different (e.g., the
amount of data), and to make such simulations
more relevant to human language science, it is nec-
essary to align LM training scenarios with humans’
ones (Warstadt and Bowman, 2022).

One factor that is relevant to human language ac-
quisition and overlooked in existing LM-based sim-
ulations of typological patterns is the order of data
presentation. For example, children with severe
working memory limitations may take in relatively
simple sentences first through language acquisi-
tion (Hudson Kam and Newport, 2005; Kam and
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Newport, 2009). Such effects have typically been
simulated with curriculum learning (CL) in computa-
tional simulations, which present training data from
simpler to more complex sentences.

In this study, we explore one basic CL setting
in the LM-based simulation of typological patterns.
That is, our research question is what kind of lan-
guage is easier for LMs to learn under CL. As
an initial foray, we adopt a simple length-based
CL (Spitkovsky et al., 2009) and replicate exist-
ing studies (EI-Naggar et al., 2025a,b) to analyze
interaction effect between CL and LMs’ inductive
biases over diverse word orders. Our experimen-
tal results demonstrate that the word-order pref-
erences indeed change with the CL setting, and,
somewhat surprisingly, the CL-based results de-
viate more from typological commonality, which
raises several implications (§ 5).

2. Background

Artificial Language Learning Artificial lan-
guages (ALs) are often used in the evaluation of
LMs as they allow for more targeted evaluation of
specific linguistic features. Typical investigations
include analyzing what kind of structure LMs can
model, using ALs of varying complexities (Suz-
gun et al., 2019; Weiss et al., 2018; EI-Naggar
et al., 2022; Kallini et al., 2024; Someya et al.,
2024; Delétang et al., 2023). In addition to formal
languages (e.g., Dyck languages), more linguisti-
cally grounded ALs, such as PCFG-based ones,
have been developed to evaluate LM word-order
inductive biases (White and Cotterell, 2021). El-
Naggar et al. (2025a,b) extended PCFG-based ALs
to generalized categorial grammar (GCG)-based
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man ga met Lisa o man ga whom Lisa ga met walked
NP NPSBJ\NE(S\NPSBJ)/NPOBJ NP NPOBJ\N>P NP NPSBJ\N<P(NPSBJ\NPSBJ)/(S/NPOBJ) NP NPSBJ\NP(S\NPSBJ)/Npr; S\NPsg,
NPsgy NPogy NPsgy NPsgs  (S/NPosy)\NPsgy
S\NPgg, S/NPogy
>
S NPsgy\NPsgy
(a) Example with 5 words (train) NPss, S
(b) Example with 7 words (train)
man ga whom Lisa ga met met Judy o

NP NPSBJ\NE(NPSBJ\NPSBJ)/(S/NPOBJ) NP NPSBJ\NP(S\NPSBJ)/NPIC))BJ (S\NPsgy)/NPog; NP NPOBJ\N<P

NPsgy NPsg, (S/NPOBJ)\NPSB>J NPogy
S/NPog,
NPsgy\NPsg, g o
NPsgy (S/NPOBJ)\NPS;\J
S/NPogj

(c) Example with 9 words (Mebpium test)

Figure 1: Examples of sentences and their GCG derivation (somewhat simplified for space limitations).

ALs, which support a broader range of grammatical
phenomena. ALs are also often used to test LM
generalization under controlled conditions (Weiss
et al., 2018; Suzgun et al., 2019; EI-Naggar et al.,
2022, 2023, 2025b).

Curriculum Learning Research has long ques-
tioned whether the order in which training data is ex-
posed to neural network models affects their learn-
ing (Elman, 1991, 1993; Rohde and Plaut, 1999;
Krueger and Dayan, 2009; Bengio et al., 2009). El-
man (1991, 1993) introduced the idea of “starting
small” and conducted experiments where RNNs
were trained in phases to learn English sentences,
where sentence complexity was increased in each
phase. The starting small hypothesis has been
revisited in several NLP applications, like learning
and generalization of grammatical patterns (Rohde
and Plaut, 1999), unsupervised dependency pars-
ing (Spitkovsky et al., 2009) and in a reinforcement
learning framework (Krueger and Dayan, 2009),
and even in visual applications like shape recogni-
tion (Bengio et al., 2009).

3. Experimental Settings

3.1.

We first briefly introduce the base datasets adapted
from prior works (El-Naggar et al., 2025a,b). A
set of GCG grammars is first defined via multi-
ple independent word-order parameters generat-
ing 96 languages for the GCG-based AL corpus.
For example, one AL follows Japanese-like (head-
final), and another follows English-like (mostly
head-initial) word order. Specifically, there are 7
binary parameters to determine (i) subject—verb or-
der, (ii) object—verb order, (iii) subject—object order,

Original Setting

(iv) complementizer—clause, (v) noun-adposition,
(vi) noun-adjective, and (vii) position of relativizer.
These configurations are denoted as a sequence
of digits (e.g., 0001010). Configurations with more
0s tend to be head-final, while the ones with more
1s are head-initial. The binary parameter controls
the directional slash of specific rules in the GCG
grammar. Examples of the sentence "Kim said
that John touched Lisa" in grammars 0000000
(Japanese-like) and 0101101 (English-like) are:"

0000000: Ken ga John ga Lisa o touch that said
0101101: Ken ga said that John ga touch Lisa o

Note that the ALs have case markers for subject
(ga) and object (0). Figure 1 shows more exam-
ples of sentences derived by 0101101 (English-
like) GCG grammar. Note that sentences are first
generated fully randomly, and then grammatical
(parsable) ones are selected based on the GCG
parser, where GCG parser configurations differ in
different word order configurations.

In each AL, the training data consists of 80K
sentences with 3-8 words (uniform length distribu-
tion), and the LMs’ inductive biases are evaluated
on three types of evaluation sets: (i) SHORT test
set with the same length distribution as the train-
ing data, (ii) Mebium test set with longer length
distribution than the training set (9-10) to test gen-
eralization, and (iii) LoNG test set that has further
longer sentences created by several heuristics (11-
20). 2 We follow this data split, but change how

"Note that while the words in the ALs are pseudo-
words, real English words are used in these examples
for readability.

2These are available at
https://github.com/nadineelnaggar/
gcg-based-artificial-languages
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the training data is presented to the model and
observe its effect on word-order preferences. We
define ORIGINAL setting as the model training using
this base dataset with a randomized data order.

3.2. Curriculum Learning Setting

To examine the CL effect on LMs’ inductive biases,
we introduce the CL setting in which the training
data is presented based on a specific strategy. As
a case study, we explore the widely-used token
length-based CL, and thus our questions will be:
do LMs prefer specific word order configurations
independently of the ordering of training data? Or
more generally, how reproducible are existing find-
ings under different LM training scenarios? We do
not aim to find the best, optimal learning scenario
to control LMs’ learning preferences or to perform
a comprehensive analysis, trying every possible
learning strategy.

Specifically, we split the base training data into
six parts (lengths of 3, 4, 5, 6, 7, and 8) with the
same number of sentences in each part. LMs
are trained sequentially in stages corresponding to
each training data part. That is, the first training
stage is with sentences of length 3, and the sec-
ond stage will be with sentences of length 4, and
so on. To avoid catastrophic forgetting of previous
data, we sample 5% of the data from each past
part and inject it into the current part. For example,
the data in the third stage consists of length-3 (5%),
length-4 (5%), and length-5 (90%) sentences. For
a fair comparison with the ORIGINAL setting, the
total number of training sentences is set to match
the base dataset (80K). For each of 96 ALs in the
base dataset, we created a CL trained model.

4. Experiments

We adopt three evaluation settings and replicate El-
Naggar et al. (2025b). For non-CL, ORIGINAL set-
tings, results are excerpted from that study for a
comparison, and our new ClL-based results are su-
perimposed on them. We focus on RNN, LSTM,
and Transformer LMs.

Model Training. For the CL settings, we adopt
the same setting as the original ones, except for
CL (see Appendix C for hyperparameter details).
We train LMs with three different random seeds
for each model, using the Fairseq toolkit (Ott et al.,
2019). Under CL, LMs are trained for 2 epochs
in each stage, except the last, and the optimizer
(e.g., learning rate scheduler) is inherited across
all the stages. At the last stage, an early-stopping
criterion of 5-epoch patience is adopted (i.e., if the
validation PPL is not improved for 5 epochs, the
training stops), following the non-CL settings.
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Evaluation. The SHORT test set evaluates the
LMs’ in-distribution modeling ability, and Mebium
and LonG ones evaluate the out-of-distribution gen-
eralization ability of LMs. Note that the sentences in
the SHORT test sets are unseen in the training data.
We report average perplexity (PPL) among three
runs for each word order configuration. We also
report typological alignment (TA) scores — Pear-
son’s correlation coefficient between model’s av-
erage PPL and the frequency of respective word
order configurations in the world (Kuribayashi et al.,
2024; El-Naggar et al., 2025a,b). A negative TA
score reflects a better alignment of a LM’s learning
preference with typological tendencies, i.e., typo-
logically common word orders are easier to learn
for the LMs. Our focus is on how the language-
learning curriculum (ORIGINAL vs. CL) affects their
learning preferences (PPLs and TAs).

4.1.

PPL variations and CL. We first evaluate LMs
based on perplexity (PPL) on the SHORT, MEDIUM,
and LoNG test sets. Figure 2 shows the general
PPL tendencies (y-axis) over different word order
configurations (x-axis) in each test set. Here, PPLs
from LMs without CL are also shown with smaller,
semi-transparent markers.® As a quick check, we
first confirm that word order preference still varies
even when data are presented in a comprehen-
sive way with CL. Compared to the original results
(smaller, semi-transparent markers in Figure 2), we
observe that LMs with CL tend to exhibit worse PPL
on SHoRT tests, but comparable or better PPL on
MEebium and LoNG tests, suggesting less overfitting
to short sentences and a positive effect of CL for
length generalization.

Experiment 1: PPLs

Typological variations and CL. Table 1 aggre-
gates the results of our CL-based LMs, and the TA
score is also computed. To summarize the results,
first, the TA scores, especially in RNN/LSTM re-
sults on MEDIUM/SHORT sets, substantially change
with and without CL, and this basically leads to
a worse TA. Second, the TA scores in LONG set
are still significantly negative; that is, typologically
common word order configurations facilitate gen-
eralization to longer sentences, regardless of CL.
Therefore the learning setting does affect the re-
sults, and in our case, this impact was not equally
strong nor random across models/conditions, but
rather altered specific results on individual ALs and
test sets. Further experimentation with different ap-
proaches to CL, such as ordering by construction

3These scores without CL are exactly the same as
those reported in EI-Naggar et al. (2025b). Our CL results
are comparable with their study as the adaptation of CL
is the only difference.
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(c) Lona test (length 11-20).

Figure 2: Distributions of perplexities and typological plausibility across languages. The error bars indicate
max and min PPLs within three runs. The smaller, semi-transparent markers correspond to the results
without CL, which is excerpted from EI-Naggar et al. (2025b).

complexity as opposed to token length, may shed
further light on the interactions between models,
learning scenarios and inductive bias.

Inter-model correlations. Figure 3 shows inter-
correlation of PPL-vectors over 96 word orders from
different LMs and CL settings. Note that the orthog-
onal elements in the matrices show the average
correlation between PPL-vectors from the same
LM architecture, but with different seeds. First,
PPL correlation between the same model with and
without CL is generally smaller than the seed vari-
ance (respective orthogonal elements), showing
that CL does affect the word order preference of
LMs. Second, CL has different effects depending
on LM architectures; for example, in SHORT test,
LSTM vs. LSTM (CL) shows nearly zero correla-
tion (0.036), in Mepium test, RNN vs. RNN (CL)
shows a small correlation (0.145), while in LonGg
test, Transformer vs. Transformer (CL) shows a rel-
atively small correlation (0.276). This demonstrates
subtle and non-obvious interactions between word
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order preferences, model architectures, and learn-
ing scenarios.

4.2. Experiment 2: Targeted Evaluations

We also replicate the targeted evaluations con-
ducted in EI-Naggar et al. (2025b) (see details in
their Sections 6 and 7).

4.2.1. PPLs in Targeted Generalization Sets.

We measure PPLs on the test data with specific
complex constructions. Here, the generalization is
evaluated on unbounded dependency structures,
specifically recursive relative clauses (RECURSIVE),
where relative clauses are nested, and embed-
ded relative clauses (EMBEDDED), where a relative
clause is embedded in a subordinate clause. En-
glish examples are as follows:

Recursive Relative Clauses: fruits ga which
pasta ga which John ga promised nibbles
received wall o



SHORT

Model CL SOV OSv SsSvO O0OvVS VSO VoS TA |
Trans. (ElI-Naggar et al., 2025b) 41.8 41.6 42.3 42.6 42.7 43.3 -27.71
Trans. v 50.2 48.8 49.3 52.6 53.3 53.4 —22.3f
LSTM (EI-Naggar et al., 2025b) 38.7 38.8 38.7 38.4 39.1 38.5 -14.2
LSTM v 44 .4 44.9 445 43.9 442 44 .4 16.1
RNN (EI-Naggar et al., 2025b) 40.4 41.0 40.6 39.7 40.1 39.7 13.0
RNN v 45.9 47.4 451 44.5 45.0 44.8 14.2
NL (Prob. 1) 0.54 0.04 0.23 0.01 0.12 0.05 -
(a) SHORT test set.
MEDIUM
Model CL Sov osv SVO OvS VSO VOS TA |
Trans. (EI-Naggar et al., 2025b) 65.2 63.5 64.2 65.9 66.1 65.0 -104
Trans. v 63.2 61.8 62.9 62.8 68.9 64.7 -5.9
LSTM (EI-Naggar et al., 2025b) 85.9 91.7 88.0 97.5 92.9 979 -31.0f
LSTM v 956 1023 1019 1124 1198 1177 —20.1f
RNN (El-Naggar et al., 2025b) 67.8 67.9 66.7 69.6 69.0 69.4 -174
RNN v 80.3 84.5 89.7 76.6 91.7 78.1 21.2
NL (Prob. 1) 0.54 0.04 0.23 0.01 0.12 0.05 -
(b) MeDIUM test set.
LoNnG
Model CL SOV osv SVO ovS VSO VOS TA |
Trans. (EI-Naggar et al., 2025b) 102.3 99.4 97.9 1040 107.6 979 —-19.2
Trans. v 95.1 1129 83.1 89.9 106.2 96.2 —18.0f
LSTM (EIl-Naggar et al., 2025b) 1319 1415 160.7 2055 180.9 207.5 —33.4f
LSTM v 113.8 122.0 119.3 153.6 151.9 163.7 —32.3f
RNN (El-Naggar et al., 2025b) 91.8 94.6 93.2 1180 109.0 1142 —-43.1f
RNN v 102.9 107.2 113.0 1176 1137 1178 -20.2f
NL (Prob. 1) 0.54 0.04 0.23 0.01 0.12 0.05 -

(c) LoNG test set.

Table 1: Average PPLs within each base word order group and Pearson’s correlation coefficient (TA)
between PPL and typological frequency. Negative TA scores are highlighted in bold. Statistical significance

(p<0.05) is marked with . NL is the percentage of natural languages possessing each word order.

Embedded Relative Clause: fruits ga which
John ga said that pasta ga nibbles received
wall o

In the RECURSIVE test set, two relative clauses
are nested. In the EMBEDDED test set, a relative
clause is embedded in a subordinate clause, e.g.,
“he said”. Through randomly sampling lexical items
for the above two fixed construction templates, 500
examples for each construction are generated in
each of 96 word order variations. Note that the re-
sulting sentences are longer than 8 tokens (training
data). PPLs are measured in each targeted test set,
and these are aggregated as the TA score, correla-
tion between average PPL over three model with
different random seeds and word order frequency
across 96 languages.

Table 2 (left-side) shows results with and with-
out CL. CL typically yields comparable or slightly
worse TA scores, while the relative order of TA
scores among conditions is basically preserved,
e.g., Transformer in EMBEDDED Yields the lowest
TA, while RNN in REcURsIVE yields the highest TA
with or without CL.

4.2.2. Grammaticality Judgments.

We also perform grammaticality judgment evalu-
ation with two test suites: (i) case-type accuracy,
and (ii) verb-type accuracy. English-like (0101101)
examples are as follows:

Case-type judgment: *

4ga and o in the examples are subject and object case
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Figure 3: Correlation of word order preference between different models xCL. Transformer (CL), for
example, denotes Transformer-based LM trained with CL. Orthogonal elements denote seed variance,
i.e., average correlations between the same model but different seeds.

ReEcursivE EMBEDDED Case Judgment Verb Judgment
Model CL TA (}) TA (}) Acc. (1) Corr. (1) Acc. (1) Corr. (1)
Trans. (EI-Naggar et al., 2025b) —5.1 —23.5" 977415 0.14 81.0+14.7 0.27f
Trans. v 55 —19.2"  96.3+3.1 0.01  74.4+222 0.26'
LSTM (El-Naggar et al., 2025b) 9.2 —37 97.241.4 0.03 85.1+£9.6 0.28'
LSTM v 16.2 0.4 95.6+1.9 -0.317  78.1+11.7 0.321
RNN (EI-Naggar et al., 2025b) 12.9 —18.1%1  97.44+1.4 0.21"  77.4415.5 0.23"
RNN v 17.0 —18.9" 92.645.8 0.10"  63.04+25.1 0.31f

Table 2: Correlation between PPLs and word-order frequencies in targeted generalization sets (Re-
cursive/Embedded) and correlation between accuracy and word-order frequencies in grammaticality
judgment tests. Statistical significance (p<0.05) is marked with 7.

« fluffy soft and intelligent mango ga con-
trols owl o o

« *fluffy soft and intelligent mango o controls
owl o

Verb-type judgment: °

* scooter ga which green machine ga es-
corts walk

 *scooter ga which green machine ga
evolves walk

For the case-type judgment, a randomly selected
grammatical case marker is replaced with an un-
grammatical one, e.g. “ga” is replaced with “0” or
vice versa. For verb-type judgment, a transitive
verb in a grammatical sentence is replaced with an
intransitive verb, resulting in the sentence becom-
ing ungrammatical (marked with * in the examples

markers, respectively.
Sescorts and evolves in the examples are transitive
and intransitive verbs, respectively.
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above). For each word order, 500 items are sam-
pled from the Mebium test set, and their ungram-
matical variants are created by applying specific
modifications. Should there be more than one po-
tential replacement candidate in a sentence, one
is chosen at random. We report accuracy (Acc.) of
grammatical judgments and correlation (Corr.) with
typological commonality — the higher the better.

Table 2 (right side) shows the results. CL consis-
tently worsened the accuracies, and the typological
alignments are also weakened (Case-type judg-
ment) or comparable (Verb-type judgment). The
non-positive effect of CL is similar to the other ex-
periments.

5. Discussion

Overall, CL led to a slightly negative effect for typo-
logical alignment between learnability and typologi-
cal patterns, which leads to some interpretations.
First, the results empirically demonstrated the con-
siderable interaction effects between LMs’ word-



order preferences, or more generally, inductive bi-
ases, and how data are presented. It is worth revis-
iting LMs’ learning biases in developmentally moti-
vated language-learning scenarios. Second, if the
length-based CL we adopted is truly a good proxy
for human language acquisition, the alignment be-
tween LMs’ inductive biases and typological pat-
terns might have been overestimated in existing
non-CL studies. This view, more or less, challenges
the idea that learners’ biases shape language de-
sign and, indirectly, evokes the dominance of al-
ternative hypotheses associating language design
with cognitive-external factors, e.g., historical acci-
dents or geographical influence (Moravcsik, 1978;
Atkinson, 2011); see Culbertson et al. (2012) i.a.
for a more comprehensive overview. Third, other-
wise, if we stand on the premise of the learner’s
bias shaping language design, the weaker typolog-
ical alignment under the adopted length-based CL
raises the concerns that the length-based control
is too simplified CL strategy, given broader possi-
bility of CL implementations (Wang et al., 2022),
or CL alone is insufficient to simulate the plausi-
ble biases in language acquisition (Perfors, 2012).
These views at least poses the next question: are
there any other CL strategies or factors in addition
to CL leading to better simulating the emergence
of typological patterns?

6. Conclusion

In this paper, we revisit the prior work (EI-Naggar
et al., 2025b) by introducing one basic type of cur-
riculum learning (CL). In our experiments, we ablate
the CL effect on the inductive bias of RNN, LSTM,
and Transformer LMs towards different word-order
configurations. We confirm that the LMs’ word-
order preferences indeed change under CL, sug-
gesting that the order of the training data affects
apparent LM learning biases. Our results show
subtle and somewhat inconsistent interactions be-
tween individual ALs, model architectures, learning
scenarios, and inductive bias. In the future, we
can explore several directions to extend this line
of work and gain further insights. One of them is
to investigate different CL strategies, such as the
construction-complexity approach or model-based
control of working memory growth (Wang et al.,
2022; Mita et al., 2025).

Limitations

In addition to the future directions mentioned in § 6,
the definition of typological alignment should be
carefully addressed. For example, we have used
Pearson’s correlation to examine the relationship
between typological commonality and perplexity
in this study, following Kuribayashi et al. (2024)
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and El-Naggar et al. (2025b), but its validity should
be re-investigated. Finally, this study explanatorily
analyzed the effect of CL on LMs’ inductive bias
evaluation and does not derive any strong conclu-
sion like CL clearly promotes/hinders typological
alignment between LMs’ learning biases and ty-
pological commonalities. We rather hope that our
paper introduces and encourages this interdisci-
plinary exploration space combining LMs’ training
scenarios and typological alignment, particularly
given the progressive interdisciplinary integration
between language modeling and language science.
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A. Categorial Grammar

Categorial Grammar (CG) is a formalism consisting
of a lexicon, where each word is assigned a functor
category, and a set of rules that define how the cate-
gories combine with each other. CG was introduced
with the combinatory operation application, which
has forward and backward variants. Extensions
of CG have been introduced, such as combina-
tory categorial grammar (CCG) (Steedman, 1996)
and generalized categorial grammar (GCG) (Wood,
2014). El-Naggar et al. (2025b) use a GCG with
the following combinatory operations, which they
detail in their paper:

* Application (forward and backward variants)
» Coordination

» Composition (forward and backward variants)
» Weak Generalized Permutation

This GCG allows for the expression of mildly
context-sensitive constructions, like cross-serial
and unbounded dependencies (Briscoe, 1997,
2000). Furthermore, by using GCG-based ALs
in experiments, we are able to test a wider attested
range of word order configurations including VSO
and OSV base word order ALs.
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funny Kim and happy Sandy ga met Felix o and Tom and Jerry ga caused trouble o

(a) Example of two valid sentences are concatenated with a conjunction to create a longer one.
funny Kim and Tom and Jerry ga caused trouble o 'and happy Sandy ga met Felix o

(b) Example of how a valid sentence is embedded into another valid sentence to create a longer one.

Figure 4. Examples of short templates (lengths 3-10) being combined to create longer templates (lengths
11-20). The first sentence is in blue, the second sentence is in green, and the conjunction is in orange.
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appears in SHORT and Mebium per
template on average.
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Figure 5: The number of occurrences of the different categories for all templates lengths 3-10 (a), the
templates used to create the long dataset (b), and all the generated long templates (c).
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(a) Template lengths 3-10 words
(SHORT and Mebpium).

(b) Sampled templates used to cre-
ate the LonGg dataset.

(c) All extended templates created
of lengths 11-20.

Figure 6: The average number of combinatory operations in the GCG derivation for the templates of
different lengths for the language configuration 0101101 by El-Naggar et al. (2025b).

B. Dataset Details templates are then parsed and assigned to
ALs where they produce a valid parse. Simi-
larly, all lengths are represented equally and
within each length all templates are repre-
sented equally. The lexicon is then randomly

sampled to create unique sentences.

B.1. Dataset Generation

The ORIGINAL, SHORT, MEDIUM and LoNG datasets
are the same ones used by El-Naggar et al.
(2025b).

* LoNG Dataset: To generate the LonG dataset,
the templates for the SHORT and MEeDIum
datasets are combined in 3 ways, as shown in
Figure 4:

» SHORT Dataset: The sentences in this dataset
are created by generating all possible cate-
gory combinations, which are referred to as
templates, of length 3 to 8 words. The tem-
plates are then parsed and assigned to the
ALs where they would produce a valid parse,
i.e. result in an S node spanning the input. All
lengths are represented equally in the dataset,
and within each length, the different templates
are also represented equally.

1. Appended end to end
2. Concatenated with a conjunction (Fig. 4a),
3. Embedded with a conjunction (Fig. 4b).

The resulting longer templates are parsed to
filter out ungrammatical ones. Because there
are millions of valid templates of length 11-20,
20K templates are randomly sampled, and for
each one, the lexicon is sampled. It is worth

* Mepium Dataset: Like the SHORT dataset,
this dataset is created by generating all pos-
sible templates of lengths 9-10 words. The
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(a) Transformer.
share-decoder-input-output-embed ~ True
Fairseq embed_dim 128
del hiden_size 512
mode layers 2
dropout 0.1
#params. 3,547K
algorithm AdamW
Optimizer learning rates 5e-4
betas (0.9, 0.98)
weight decay 0.01
clip norm 0.0
. type inverse_sqrt
Learning rate warmup updates 400
scheduler warmup init learning rate 1e-7
batch size 2,048 tokens
Training tokens-per-sample 128 tokens
sample-break-mode none
epochs 10
(b) LSTM.
share-decoder-input-output-embed  True
hiden_size 64
model layers 2
dropout 0.1
#params. 49K
algorithm AdamW
Optimizer learning rates 5e-4
betas (0.9, 0.98)
weight decay 0.01
clip norm 0.0
: type inverse_sqrt
Learing rate warmup updates 400
scheduler warmup init learning rate 1e-7
batch size 2,048 tokens
Training tokens-per-sample 128 tokens
sample-break-mode none
epochs 10

noting that for the English-like language config-
uration 0101101, the vast majority of the valid
extended templates will have been created by

(c) RNN.

Table 3: Hyperparameters of LMs.

concatenation with a conjunction (b) or embed-
ding with a conjunction (c). However, it may
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be possible for the end to end appending of
templates to result in valid templates in other
language configurations.



B.2. Dataset Statistics

We show the occurrences of the different cate-
gories in the templates in EI-Naggar et al. (2025b)
for lengths 3-10 in Figure 5a. The occurrences
of the templates used to create the LoNnG dataset
are shown in Figure 5b, and in Figure 5c for all
generated templates of length 11-20. We can see
in Figure 5 that the number of categories that ap-
pear in shorter sentences is smaller than in longer
sentences, and that the number of category occur-
rences increases with sentence length. We show
in Figure 6 the average number of different com-
binatory operations that are required to derive the
templates of different lengths.

C. Model Hyperparameters

We use exactly the same model hyperparameters
as El-Naggar et al. (2025b). These are summarised
in Table 3.
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