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Abstract

Training language models and examining their
linguistic behaviors have been a common pro-
tocol in computational linguistics for studying
linguistic phenomena and modeling human lan-
guage processing. However, work in this area
is often limited to proof-of-concept demonstra-
tions with arbitrary model configurations, with-
out considering hyperparameter sensitivity, an
important source of variation in model perfor-
mance. In this work, we replicate three prior
studies (Chang and Bergen, 2022; Hu et al.,
2020b; Kuribayashi et al., 2024) with hyperpa-
rameters varied within a practical range, and
show that modest hyperparameter changes can
alter some qualitative conclusions about mod-
els’ linguistic abilities and even reverse the
ranking of model performance. Our results
highlight the risk that prior work may have
reflected optimization artifacts rather than the
genuine inductive biases of model classes, and
that hyperparameter sensitivity should receive
more attention as a factor that can meaningfully
influence model behavior. We suggest future
work to report the variation of performance
across the configuration space to enhance the
reliability and generalizability of conclusions.

Code: § compling-wat/tune-linguistic-lms.

1 Introduction

Language models (LMs) have increasingly become
a subject of linguistically motivated experiments on
a wide range of topics from low-level fine-grained
learning curves of grammar rules to high-level
simulation of typological distribution of language
structures (Regier, 2005; Wilcox et al., 2020; Misra
and Mahowald, 2024; Yang et al., 2025, inter alia).
One appeal of LM-based linguistic experiments
stems from their enabling of controlled ablation of
learning scenarios (Warstadt and Bowman, 2022)
and precise tracking of learning dynamics. Thus,
a considerable portion of work involves training
models from scratch under controlled conditions.

These studies provided new perspectives on how
models acquire and understand word and grammar
rules, on cross-architecture comparisons of linguis-
tic ability, and on comparisons between human and
model cognition.

Such experiments can often be limited to demon-
strating the proof of concept with an arbitrary
model instance, or training without model tuning.
However, it is commonly accepted in the machine
learning domain that hyperparameters including
learning rate, initialization, optimization settings,
and type of computation, affect the training dynam-
ics and final behavior (Larochelle et al., 2007; Choi
et al., 2019; Dodge et al., 2019; Shi et al., 2020, in-
ter alia). Meanwhile, the concept of reproducibility
has been a guiding principle in machine learning
(Goodman et al., 2016; Belz et al., 2021). Much
recent machine learning research cannot achieve
solid reproducibility when performed with arbi-
trarily chosen hyperparameters (Bouthillier et al.,
2019). Under-reporting or arbitrarily choosing hy-
perparameters will hinder the genuine observation
of the model’s behavior and the generalization the
research claims, since the quantitative evaluation
partly reflects the effect of hyperparameters.

In this paper, we systematically examine how hy-
perparameter variation influences linguistically ori-
ented findings in neural networks. We revisit three
representative linguistically motivated experiments
on LMs, ranging from low-level word-learning
curves to syntactic knowledge, and then to the typo-
logical distribution of linguistic features: (A) word
acquisition patterns, (B) syntactic generalization
ability, and (C) word order preferences. In each
experiment, we conduct a systematic grid search
to monitor the extent to which their reported ef-
fects are sensitive to hyperparameter changes. We
identify which findings are most fragile under hy-
perparameter variation—whether in the ranking
of model abilities or in the sign and significance
of statistical tests—and offer recommendations on
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designing experiments and reporting results to sup-
port more stable conclusions. We summarize our
contributions as follows:
1. We replicate three established studies in com-

putational linguistics and find that part of their
conclusions exhibit low stability under modest
variations, suggesting that limited hyperparam-
eter variation can already shift some linguistic
outcomes.

2. Through discussions on the effect of hyperpa-
rameter tuning, types of fragile conclusions, and
suggestions for stable conclusions, we offer rec-
ommendations for future work to improve the
reliability and generalizability of findings in lin-
guistically motivated experiments with LMs.

2 Related Work

Linguistically-motivated studies with language
models. The intersection of linguistics and lan-
guage modeling has produced a broad body of
research evaluating whether neural networks cap-
ture linguistic structure from natural language data.
Studies have examined phonological patterns, mor-
phological productivity, syntactic competence, and
semantic composition (Alper and Averbuch-Elor,
2023; Ismayilzada et al., 2025; Mitchell and La-
pata, 2010, inter alia). Common approaches in-
clude probing tasks, targeted syntactic evaluations,
psycho-linguistically inspired behavioral tests, or
verification related to information theory rules
(Marvin and Linzen, 2018; Futrell et al., 2019;
Meister et al., 2021; Xu et al., 2025, inter alia). Ex-
tending these efforts, computational studies have
further investigated whether neural models exhibit
linguistic competence by linking next-word pre-
diction probabilities to human behavioral and cog-
nitive measures such as surprisals, frequency ef-
fects, and neural responses (Portelance and Jasbi,
2024a; Beinborn and Hollenstein, 2023). These
findings suggest a degree of alignment between
model predictions and human processing, and typ-
ically hypothesize that training yields stable and
well-formed linguistic representations. Most of
them rarely consider how optimization settings may
influence the observed linguistic patterns.
Hyperparameter tuning. Hyperparameter tun-
ing strongly affects neural model behavior and ob-
servations from model training (Larochelle et al.,
2007; Choi et al., 2019; Dodge et al., 2019; Shi
et al., 2020, inter alia). Small changes in learn-
ing rate, initialization, optimizer, etc., are crucial

factors in determining whether the model will fall
into a local minimum and whether high accuracy
can ultimately be achieved (Bishop, 2006; Arnold
et al., 2024; Franceschi et al., 2024, inter alia). Re-
cent empirical work has criticized drawing firm
conclusions from models trained with arbitrary hy-
perparameters, emphasizing instead the need to
examine how tuning choices affect performances
(Larochelle et al., 2007; Choi et al., 2019; Dodge
et al., 2019). Cooper et al. (2021) further argues
that the process of hyperparameter optimization
itself is worth systematic study.

Our work lies at the intersection of the two lines
of research above. Rather than proposing new
methods or tuning algorithms, we revisit three es-
tablished linguistically motivated experiments un-
der controlled hyperparameter variation, and assess
which conclusions remain stable and which shift
once tuning is taken into account.

3 Experiment

This section documents the replication procedure
on our machine, the observed results when train-
ing across several groups of hyperparameters, and
discussions of their stability under hyperparameter
changes across the three chosen experiments.

3.1 Experiment A: Word Acquisition Patterns

The language-acquisition ability of neural net-
works, especially their word-acquisition patterns,
is an indicator of their linguistic ability (Portelance
and Jasbi, 2024b). Learning theory has classified
the acquisition of word-level patterns as distribu-
tional learning since it relies on the distributional
statistics of input texts (Lenci, 2018; Boleda, 2020).
Discussions have been made on the divergence of
models and humans in how they learn languages
(Huebner et al., 2021; Chang and Bergen, 2022;
Evanson et al., 2023), and exclusive patterns that
machines learn expressions (Misra and Mahowald,
2024; Constantinescu et al., 2024).

We first replicate the word acquisition experi-
ment of Chang and Bergen (2022), which com-
pares neural models’ word acquisition patterns with
humans’. Four model architectures (LSTM, bi-
directional LSTM, BERT, GPT-2) trained on a mix-
ture of BookCorpus and WikiText-103 are evalu-
ated on their word learning curves. During training,
the models’ checkpoints are recorded at a specified
frequency for further analysis, including fitting the
learning curve, recording output token probabili-
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Figure 1: Learning curves of the word ‘eat’ for the
LSTM model trained on each configuration.

ties, and calculating age-of-acquisition indicators.
The details of data, model, and training procedure
are in Appendix A.1.

The conclusions of this paper can be summa-
rized into the following ones: (A1) identified fac-
tors can predict words’ age of acquisition (AoA) in
language models, by the effects of five predictors
(lexical class, word length, and concreteness), and
language models exhibit a different learning pat-
tern from children; (A2) language models acquire
unigram and bigram statistics early in training.

Hypothesis and metrics. For each word to be
evaluated, its AoA is defined to be the midpoint
of a sigmoid curve fitted over the word surprisals
obtained on all saved checkpoints. A likelihood ra-
tio test is conducted on five quantitative indicators,
log-frequency, mean length of utterance (MLU),
n-chars, concreteness, and lexical classes, to assess
the significance of each predictor in predicting the
AoA. A set of Kullback–Leibler divergence curves
between the model’s word predictions and the uni-
gram and bigram probabilities of the words is plot-
ted to determine the acquisition trend of unigrams
and bigrams.
Replication. We replicated the main results of this
paper, including the surprisal curve and the five
predictors in predicting the AoA for the specific
word ‘eat’. Results are in Figure 1.

Results across configurations. We sampled four
sets of configurations on which we trained the mod-
els. Since the training data is extensive, the training
time varies from 2 to 14 days per model on four
A40 GPUs, depending on the number of layers and
hidden dimension size.

For the case study word “eat,” these configura-
tions produce sigmoid functions that are mostly
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(b) Config 2.
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(c) Config 3.

102 103 104 105 106

Steps (log10)

0

2

4

6

8

10

12

14

KL
 / 

Cr
os

s-
En

tro
py

Bigram
Unigram
Uniform
True token (loss)

(d) Config 4.

Figure 2: Curves of KL-divergence between the real
distributions and learned predictions during training
across different configurations.

similar, consistent with Chang and Bergen (2022)’s
characterization (A1) that neural models exhibit
staged acquisition of lexicons. Hyperparameters
primarily shift the position and the slope of the
curves’ transitions. Examination of finer-grained
conclusions about how predictors contribute to the
AoA shows relatively robust findings as well, with
effects varying only in significance, not in sign, as
shown in Table 1.

Regarding the claim about the unigram and bi-
gram learning curves (A2), our hyperparameter
variation also shows that the initially observed pat-
tern holds across all our experiments, as illustrated
in Figure 2. The KL-divergence curves between
the model predictions and the unigram and bigram
probabilities both increase after decreasing, match-
ing the claim that the models always first overfit
on unigrams and bigrams. As references, the curve
for the uniform distribution keeps increasing, while
that for the one-hot distribution, which equals the
cross-entropy loss, remains decreasing.

Observations from experiment A provide suffi-
cient evidence on the stability of its conclusions,
though a limited hyperparameter space is explored.
These observations align with Michaelov et al.
(2025)’s finding that language models’ behavior
during word acquisition, which is a procedure
highly dependent on the distributional statistics of
training data, is consistent across model architec-
tures.
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Config PPL Log-freq MLU n-chars Concreteness Lexical class R2 HP

Base 54.80 *** (-) *** (-) *** 0.93
1 42.43 *** (-) ** (-) *** 0.88 Dropout -
2 38.75 *** (-) * (+) ** (-) *** 0.88 #layers +
3 31.43 *** (-) * (+) *** (-) * 0.88 #layers +, Batch size +
4 35.73 *** (-) * (+) ** (-) *** 0.91 Layer size +, LR -
Children *** (-) *** (+) ** (+) *** (-) *** 0.43

Table 1: Coefficients in experiment A. Perplexity, significant predictors, and R2 are reported in the original
experiment and in the other four sets of configurations. Significant predictors are marked by asterisks (p < 0.05 *; p
< 0.01 **; p < 0.001 ***). Signs of coefficients are notated in parentheses. The R2 denotes the adjusted R2 in a
regression using all five predictors. The HP records the differences in hyperparameters between the corresponding
setting and the base setting, with colors separating the model parameter and training parameter.

3.2 Experiment B: Syntactic Generalization
Ability

We then move to the syntactic generalization exper-
iment, where neural models are evaluated on their
syntactic abilities to judge unseen ungrammatical
syntactic tests. The general evaluation procedure is
to train LMs on a natural language corpus, evaluate
them on proposed syntactic test suites, and com-
pare their performances. Recent research assessing
the linguistic ability of neural language models has
also increasingly focused on their syntactic skills,
with the aim of understanding whether and how
such models acquire human-like grammatical com-
petence (Gulordava et al., 2018; Hu et al., 2020a;
Gauthier et al., 2020; Wilcox et al., 2021; Finlayson
et al., 2021).

With this motivation, Hu et al. (2020b) evaluate
syntactic generalization – applying learned gram-
mar rules to new contexts across a diverse range of
neural architectures, including LSTMs and Trans-
formers on 34 syntactic tests based on English. By
plotting the relationship between test perplexities
and models, they reveal differences in syntactic
generalization ability across architectures. Details
of data, model, and training procedure are in Ap-
pendix A.2.

Conclusions from this paper can be summarized
into that, (B1) the results dissociate model perplex-
ity and performance in the syntactic generalization
task, suggesting that the two metrics represent com-
plementary features of a language model’s syntac-
tic knowledge, and (B2) model architecture plays a
more critical role than training data scale in yield-
ing correct syntactic generalization.

Hypothesis and metrics. Besides obtaining the
test set perplexity after training on next-token-
prediction tasks, each model checkpoint is eval-
uated on a syntactic test suite involving 34 tests

proposed by Hu et al. (2020b). Each test judges
whether a model can distinguish ungrammatical
sentences by producing higher surprisals from
grammatical ones. The accuracy on all tests de-
fines the syntactic generalization (SG) score for
that model checkpoint for further analysis. The SG
scores and perplexities are averaged across three
training runs with three random seeds for each train-
ing configuration.

Results across configurations. Although the paper
does not release the complete code or the training
configuration, we seek to match the numbers and
procedures described in the paper. We ensured
the number of tokens and UNK tokens in data pre-
processing matched those reported in the paper,
detailed in Appendix A.2. We randomly selected
five configurations from a commonly used param-
eter space. For each configuration, the model is
trained three times with different random seeds un-
til convergence on the validation set. All training
instances yield validation-set perplexities similar
to or smaller than those reported in the paper. Be-
sides, a GPT-2 pretrained model (Radford et al.,
2019) is loaded from Hugging Face’s open-sourced
weights1 and tested on one L40S GPU, yielding
similar SG scores (originally 0.7511, ours 0.7423).
The evidence above confirms our replication is reli-
able.

Figure 3 shows the relationship between test per-
plexities and syntactic generalization (SG) scores
across all hyperparameter configurations for LSTM
and GPT-2. Same as Hu et al. (2020b), we observe
that perplexities and SG scores are not monoton-
ically related, since checkpoints with similar per-
plexities can exhibit markedly different SG scores
(e.g., Configurations 1, 4, and 5 for LSTM LG, and
Configurations 3, 4, and 5 for GPT-2 LG). This

1https://huggingface.co/openai-community/gpt2
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Figure 3: Test perplexities and SG scores for LSTM and GPT-2 on all configurations, each dot denoting one distinct
training instance. Red dots indicate the results reported in the original paper. Same as Hu et al. (2020b), since
GPT-2’s losses have been converted from token-count-based into word-count-based, the perplexities of GPT-2 will
increase in numbers, and thus perplexities are not directly comparable among model architectures.

confirms the original paper’s claim that perplex-
ity and SG behave as complementary indicators of
model quality rather than a single goodness metric,
marking the stability of the coarse claim (B1).

In contrast, conclusion B2 is not fully preserved
in our results. We fitted a linear regression model
with model architecture class, data size, and model-
specific configuration names (i.e, LSTM-1 and
GPT-2-1 treated as distinct levels) as independent
variables to predict SG scores, using all training in-
stances as independent data points. Across configu-
rations, both data size and model architecture show
strong associations with SG scores. With GPT-2
as the base architecture level and LG as the base
data size level, the model predicts a 0.6764 (***)
SG score. Switching the architecture to LSTM
will result in 0.0569 (**) less SG score unit; while
changing the data size to MD, SM, and XS will
respectively lead to 0.0679 (*), 0.1238 (***), and
0.1991 (***) less SG score unit (adjusted R2 =
0.85). These coefficients suggest that across these
five hyperparameter variations, SG varies signifi-
cantly with both data size and architecture, unlike
what was observed in the original paper.

Results above show that experiment B is partially
sensitive to hyperparameter variations. Across its
conclusions, the coarse one claiming the specific
linguistic ability is a distinct metric from the per-
plexity in next-token-prediction task still holds,
echoing existing debate on the divergence of gen-
eral model performance evaluation and specific lin-
guistic abilities. (Beinborn and Hollenstein, 2023;

Millière, 2024) In contrast, model ranking by lin-
guistic ability can be easily affected by hyperpa-
rameter tuning, since well-chosen hyperparameters
lead to better-trained models. Examining the model
performances, it can be inferred that the conclusion
difference is likely due to the under-trained mod-
els in the original paper. Our LSTMs’ perplexities
are notably lower and SG scores are higher than
those reported in the original paper, possibly due to
differences in the training framework, the GPU, or
the hyperparameter choice, leading to under-tuned
models.

3.3 Experiment C: Word Order Preference

Human languages exhibit a bias in part-of-speech
orderings; e.g., SOV is more frequent than SVO.
Recent research claims that neural networks ex-
hibit human-like word-order preferences. White
and Cotterell (2021) and Kuribayashi et al. (2024)
demonstrated that cognitive-driven neural net-
works, such as those with memory limits, can
learn languages whose word order occurs more
frequently in human languages.

We replicate the setup of (Kuribayashi et al.,
2024) to test whether different model architectures
exhibit preferences over word orders that align with
humans, denoted by their empirical distribution in
natural languages. We interpret such preferences
as a consequence of inductive bias, where architec-
tural constraints restrict the hypothesis class (i.e.,
the set of functions a model can represent) prior
to learning to prevent overfitting on training data
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(Shalev-Shwartz and Ben-David, 2014).
Due to the lack of natural language data for most

word orders, all neural models were trained on 64
artificial languages, each with a distinct word or-
der. After training, the final test perplexity for each
model is documented. A correlation between the
perplexity and the real-world frequency of each
word order taken from WALS (Dryer and Haspel-
math, 2013) is then calculated as the indicator of
the similarity to human preferences. The details
of data, model, and training procedure are in Ap-
pendix A.3.

Conclusions of this experiment include (C1) ty-
pologically frequent word orders tend to have lower
perplexity, and (C2) this relationship is better es-
timated by LMs with cognitively plausible biases,
specific parsing strategies, and memory limitations.
Due to computational constraints, we focus on the
experiment related to memory limitations in C2,
which assumes that the simple recurrent neural net-
work (SRN), the most memory-limited model, has
the most human-like word-order preference, LSTM
is in the middle, and Transformer is the least.
Hypothesis and metrics. The original experiment
adopts Pearson’s r correlation of the grammar’s
negative test perplexity obtained from training and
the real-world data distribution in WALS, as the
indicator of the model’s human-like preference. A
higher correlation is assumed to indicate that a
model prefers frequent word-order patterns in nat-
ural languages. However, during replication, we
found that most of the correlations reported in the
paper or in our replication have high p-values, indi-
cating insignificance (see Appendix D). Continuing
to use Pearson’s r thus does not yield meaningful
comparisons. We hence adopted a linear regression,
defined as follows, to determine whether a model
assigns lower PPLs to typologically frequent word
orders.

Test Perplexity = β0

+ β⊤
MM+ βFF

+ β⊤
FM (F ◦M)

+ β⊤
d d+ β⊤

dM (d ◦M)

+ ϵ,

where d denotes the 6-digit feature vector (exclud-
ing the third digit), each as a 2-level categorical
variable; F the frequency as a continuous value,
M the model-class categorical indicator, and β

the associated coefficients. The term d ◦ M de-
notes the element-wise interactions between the
grammar-digit features and the model class. βF
and βFM capture the frequencies’ effect on the
training perplexity, and how this effect varies across
each model architecture. βd and βdM encode the
effect of each specific grammar switch digit’s ef-
fect on the test-set perplexity, and how well each
model can make use of this digit. Thus, the paper’s
research questions can be translated to (C1) if more
frequent word orders are preferred by language
modes (βF , βFM < 0), and (C2) if memory-more-
limited models capture the natural word order dis-
tributions better than memory-less-limited models
(|βF,SRN | > |βF | > |βF,Trans|, where the vertical
bars stand for absolute value). These paper-related
coefficients βM , βF , and βFM will be focused on
in the replication. Finer-grained analysis on the
switch digit’s effect is detailed in Appendix E.4.

Replication. We first replicate the experiments
by running the code released by Kuribayashi et al.
(2024) on our machine. The resulting perplexi-
ties reached the same level as those reported in
the original paper, and the coefficients exhibited
similar magnitudes, signs, and statistical signifi-
cance. Details of replication can be referred to in
Appendix A.3.

Results across configurations. Across all con-
figurations in Table 2, β0 denotes the perplexity
levels when LSTM is set as the base architecture
level. βSRN and βTrans correspondingly show that
switching the model architecture to SRN will gen-
erally increase the test-set perplexities, while for
Transformer, the perplexities decrease. Meanwhile,
out of four configurations where βF and βFM are
significant, most of them are negative, indicating
that increasing the frequency variable decreases
test-set perplexity. This aligns with the original pa-
per’s claim (C1) that languages with more frequent
word orders in WALS are easier for language mod-
els. However, given the lack of significance across
the remaining configurations, the results from ei-
ther the original paper or the replication run are
considered to support this claim. Besides, since
the significant negative terms appear only in con-
figurations 1 and 4 for SRN and configuration 6 for
LSTM (at the base architecture level), it is hard to
argue that C1 is robust across hyperparameters.

The claim (C2) concerns architecture-specific
word-order preferences, where memory-limited
models exhibit more human-like preferences and
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Config β0 βSRN βTrans βF βF,SRN βF,Trans HP

Base 9.03 (***) 20.75 (***) 1.39 (*)
Repl 6.35 (***) 13.93 (***) 0.29 (*) -7.59 (*)
1 6.47 (***) 16.78 (***) 0.23 (***) -7.35 (*) Batch size +
2 6.44 (***) 14.86 (***) Dropout -
3 6.24 (***) 2.12 (***) 0.36 (***) Early-stop +
4 6.47 (***) 16.78 (***) -7.35 (*) Layer size +
5 7.12 (***) 20.27 (***) -0.58 (*) #layer +
6 42.86 (***) 108.43 (***) -32.42 (***) -25.93 (***) 29.57 (**) LR -
Best 6.24 (***) 0.29 (***)

Table 2: Estimated coefficients related to the original paper’s conclusion for all configurations in Experiment C.
Coefficients with no significance are denoted as ‘-’. Significance codes: ‘***’ for p < 0.001, ‘**’ for p < 0.01, and
‘*’ for p < 0.05. ‘Repl’ denotes the replication experiment. All adjusted R2’s are above 0.9. The HP records the
differences in hyperparameters between the corresponding setting and the base setting, with colors separating the
model parameter and training parameter.

correspond, in our linear regression, to the
frequency-model interaction terms (βFM ). In our
results, SRNs show stronger negative associations
with perplexity across several configurations (1 and
4), whereas LSTMs and Transformers do not show
significant effects in these settings. The expected
order made by the assumption that LSTMs’ nega-
tive effect should be greater than Transformers’ is
seldom presented, except in configuration 6. Con-
figuration 6 also reverses the expected order be-
tween SRN and LSTM. Moreover, this expected or-
der is not presented among the best configurations
selected based on average validation-set perplexi-
ties over all languages (configuration 3 of LSTM, 3
of SRN, and 5 of Transformer), further undermin-
ing the original paper’s conclusion C2.

The instability of experiment C mainly results
from that its metrics involve model ranking and
depend heavily on the Pearson correlation, a sta-
tistical test that requires checking the significance.
However, the original paper’s omission of p-values
has led to the misreporting of insignificant results,
which plausibly explains the high instability ob-
served across hyperparameter settings.

4 Discussion

4.1 Effects of Hyperparameter Tuning on
Conclusions

Since experiments A and C are inappropriate
for further analysis due to either stability or
instability across hyperparameters, we chose a
hyperparameter-sensitive experiment, experiment
B, to further examine the variance in evaluation
metrics related to linguistic findings as the hyperpa-

rameters change. Besides, analysis on experiment
B would benefit from generalization since it trains
the model on real-world datasets.

A Bayesian optimization (Snoek et al., 2012;
Murphy, 2012) is performed based on a Gaussian
process2, fit to the five existing training runs. The
metric for determining the best model is average
validation perplexity on the XS data size. In each
optimization iteration, the configuration that maxi-
mizes the acquisition function, defined by the ex-
pected improvement (EI), is chosen as the next con-
figuration to train on. The Bayes tuning continues
for five iterations per model (denoted configura-
tions 6 to 10). Model perplexities and SG scores on
each configuration are detailed in Appendix E.2.

A likelihood-ratio test is performed to assess the
effect of hyperparameters on the models’ syntactic
ability by iteratively comparing a full model and a
reduced model that preserves all other hyperparam-
eters except the one being tested. Table 3 presents
the signs and significance of each hyperparame-
ter as a predictor of the SG scores of each model
architecture. For both models, the number of lay-
ers (LSTM layers or Transformer blocks), dropout
rate, and the initial learning rates are significant
predictors of the model’s SG score.

4.2 Effects of Early Stopping vs. Convergence

Research performing linguistic-driven experiments
trains models with different numbers of steps, ei-
ther with a fixed number of epochs (Aurnhammer
and Frank, 2018; Chang and Bergen, 2022; Kurib-

2The Gaussian process is built with Matérn kernel follow-
ing the default of the wandb package (Biewald, 2020).
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Figure 4: The dynamics of test-set perplexities SG scores with respect to the training procedure. Early stopping is
decided by convergence on validation-set, with the best checkpoint loaded. LSTM Config 9 misses a 1/4 XS point
since the corresponding training instances converge within three epochs.

Hyperparameter Sign and Significance

Hidden Size
Embedding Dimension
Number of Layers *** (+)
Dropout Rate *** (-)
Initial Learning Rate *** (+)

Hyperparameter Sign and Significance

Hidden Size
Number of Layers *** (+)
Number of Heads
Dropout Rate *** (-)
Attention Dropout Rate
Initial Learning Rate *** (+)

Table 3: Hyperparameters as significant predictors of
SG scores, in LSTM model (up) and GPT-2 model (bot-
tom). Signs determined by the sign of coefficients in the
overall regression, and significance by the likelihood
ratio test.

ayashi et al., 2024, inter alia), or until the train-
ing converges on the validation set (White and
Cotterell, 2021; Hu et al., 2020b; Wilcox et al.,
2020, inter alia). However, whether a researcher
can freely choose to train for a certain number of
epochs or to train until convergence is under dis-
cussion.

This section further examines experiment B on
the training dynamics, focusing on changes in their
evaluation metrics. Based on the results from the
Bayes tuning above, we compare their SG scores at
the 1/4, 2/4, and 3/4 positions, as well as at the final
checkpoints. The visualization is shown in Figure 4.
The trajectories of the points demonstrate that as
the training procedure continues, the SG scores
for each data size generally increase, though in
occasional cases, the scores at the final checkpoints
are lower than those at the 3/4 checkpoints. The
divergence across data sizes differs the most among
these trajectories, as SG scores and perplexities
diverge significantly at the early checkpoints but
converge by the final checkpoints. Analysis on
the divergence across runs can be affected by the
choice of training epochs. Additionally, the SG
scores for each epoch quantile are indicated by
horizontal lines. Choosing to train for a certain
number of epochs (e.g., 1/4) before convergence
can mislead to a fake observation that LSTMs and
GPT-2 have similar SG scores.
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4.3 Suggestions on Experiments for Stability
across Hyperparameters

On tuning. Hyperparameters can act as a sub-
stantial source of variability besides commonly ac-
cepted sources like random seeds or training data
order. Empirical conclusions should be tuned over
several rounds to produce better-trained models
that better reflect the learning potential of specific
model architectures. In addition, it is worth not-
ing that the number of training epochs affects the
model’s behavior.
Fragile conclusion. Our results reveal a gradient
of sensitivity to hyperparameters across linguistic
phenomena. Fine-grained lexical findings, such as
staged acquisition and frequency effects, remain
stable across a wide range of training configura-
tions. Models’ syntactic ability ranking shows mod-
erate sensitivity. Typological word-order claims,
which rely on subtle interactions among architec-
tures, grammatical rules, and statistical tests, are
the most sensitive to hyperparameter sweeps. This
pattern suggests that claims relying on higher-order
interactions require stronger robustness checks than
claims based on lower-level distributional signals.
Reporting standard. Experimental reports should
document the hyperparameter range faithfully, tun-
ing procedures, and other relevant sources of ran-
domness (e.g., seeds, initialization, hardware), e.g.,
as the best practices Ulmer et al. (2022) suggest for
research in the NLP field. Architectural differences
should be interpreted cautiously since they are not
stable across hyperparameters. In addition to re-
porting best-performing checkpoints, researchers
should report how conclusions vary under tuning.
Additionally, statistical analyses should report their
significance faithfully.

5 Conclusion and Discussions

This work advocates for the consideration of hy-
perparameter stability in linguistically motivated
experiments with language models. Our claim has
been supported by the replication of three represen-
tative research studies and rigorous examination
of the variance of their conclusions across differ-
ent hyperparameters: we find that the results from
the experiments above are all affected, to some
extent, by hyperparameter choices, and that some
observations alter or reverse the original conclu-
sion. From the perspective of experimental design,
linguistically-driven experiments that observe mod-
els’ distributional learning signals, such as word

learning curves, tend to be stable. Rankings of
model capabilities and significance of statistical
tests are more sensitive to hyperparameter choices,
which are common metrics for higher-level signals
such as syntactic ability or language-typological
preferences. Conclusions related to training trajec-
tories are particularly sensitive to variation induced
by hyperparameter choices. To improve the repro-
ducibility of future experiments, we suggest future
work to view hyperparameter choice as a source of
variation equally important as other sources, such
as random seed and GPU type, and conclude from
adequately trained models and robustness checks
across settings.

Limitations

Experiments. Our analysis is based on three repre-
sentative experiments, each tied to a single dataset
or grammar per phenomenon. While this covers
a broad range of linguistic claims, it does not cap-
ture the full diversity of tasks or datasets used in
LM-based linguistics.
Number of seeds. Experiment A runs on only
one seed, which may restrict our ability to estimate
variance in that setting.
Configuration space. Our sweeps explore hyper-
parameter sensitivity within a restricted configura-
tion space, since training on each hyperparameter
set is itself time-consuming. Some hyperparame-
ters that are already commonly considered to be
optimal for each model family (e.g., optimizer type,
LR schedule, and weight decay) are not covered.
This means our sweep does not cover the full range
of available training dynamics.
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Appendix

A Background of Each Experiment

A.1 Exp A: Word Acquisition

Data. The training data is a mixture of BookCor-
pus (Zhu et al., 2015) and WikiText-103 (et al.,
2016).3 The input sequences are paired and tok-
enized by a SentencePiece tokenizer (Kudo and
Richardson, 2018).
Training. Due to the size of the training data, the
training of this experiment takes days to finish. Be-
sides, since (Michaelov et al., 2025) confirms the
consistency of distributional signals over model
architectures, we only use one architecture, the
LSTM model, to replicate the experiment. For each
set of hyperparameters, an LSTM model is trained
on the dataset for 1M steps. All training instances
take place on 4 A40 GPUs, with AdamW as the op-
timizer and Lambda LR scheduler. The checkpoint
recording frequency is as described in Appendix C.
The optimization space involved in this experiment
includes the hyperparameters in Appendix B. We
trained the LSTM on four configurations.
Detail of analysis. The sigmoid function is fit-
ted through the SSlogis method in the R language.
During the determination of the signs and signif-
icance of predictors of AoAs, a likelihood ratio
test is performed between the full regression model
and a reduced model with all predictors except the
target single one. The signs of predictors are ob-
tained from the general linear regression. In the
KL-divergence curves, the unigram probability is
calculated by raw word frequency in the corpus,
while the bigram probability is calculated by the
conditional probability of a word depending on the
previous word.

A.2 Exp B: Syntactic Generalization

Data. The corpus used for training is the BLLIP
dataset (Charniak et al., 2000), divided into four
sizes: XS, SM, MD, and LG. For LSTM, the

3The exact versions of the two datasets
we adopted are recorded in the link
https://huggingface.co/datasets/compling/word-acquisition

41874

https://doi.org/10.18653/v1/2020.emnlp-main.614
https://doi.org/10.18653/v1/2020.emnlp-main.614
https://doi.org/10.18653/v1/2022.findings-emnlp.196
https://doi.org/10.18653/v1/2022.findings-emnlp.196
https://doi.org/10.18653/v1/2022.findings-emnlp.196
https://doi.org/10.18653/v1/2021.acl-long.38
https://doi.org/10.18653/v1/2021.acl-long.38
https://doi.org/10.18653/v1/2021.acl-long.38
https://doi.org/10.18653/v1/2021.acl-long.76
https://doi.org/10.18653/v1/2021.acl-long.76
https://doi.org/10.18653/v1/2021.acl-long.76
https://doi.org/10.1109/ICCV.2015.11
https://doi.org/10.1109/ICCV.2015.11
https://doi.org/10.1109/ICCV.2015.11


dataset is tokenized through a word tokenizer. The
same UNK removal procedure is performed on the
tokenized data as well. The vocab size after UNK
removal matches the vocab size reported in the pa-
per. For Transformer, the dataset is tokenized with
the pre-trained GPT-2 tokenizer with a fixed vo-
cab size. We verified that our word counts after
data segmentation and unkification, and our token
counts after tokenization, match the original paper.
Training. Two models, LSTM and GPT-2, are
trained with the Hugging Face Trainer,4 each on
one H100 GPU. Both models use the AdamW op-
timizer and the linear scheduler. Each model has
been trained three times on different random seeds
for each configuration. Parameter space is docu-
mented in Appendix B.

A.3 Exp C: Word Order Preference

Data. The training data are artificial languages gen-
erated from one probabilistic context-free grammar
(PCFG). This PCFG is designed to vary across six
types of generation rules, each denoted as a switch
(e.g., S → NP VP [d1 == 0] | VP NP [d1 == 1] is a
rule yielding the values ‘on’ and ‘off’ for switch S).
Thus, the grammar generates 26 = 64 languages,
each characterized by a distinct word-order. The
identifier of the language is thus denoted as a switch
vector b ∈ {0, 1}6, corresponding to the 7-digit
grammar name with the 3rd digit marginalized. For
each grammar, we sample 20,000 sentences to train
each model. Each of such training instances is re-
peated 3 times to reduce the effect of randomness.
Training. Three models, the simple recurrent
neural network (SRN), long short-term memory
(LSTM), and decoder-only Transformer (Trans-
former), are compared to verify this conclusion.
The SRNs are assumed to be the most memory-
limited, LSTMs in the middle, and Transformers
are assumed to be the least memory-limited. On
each grammar and each configuration, each model
is trained on three separate but equivalent datasets.
All models are trained with the AdamW optimizer
and the Inverse-Sqrt scheduler. Each training in-
stance is run on a single L40 GPU. The hyper-
parameters involved in the tuning space from the
fairseq training framework (Ott et al., 2019) are
detailed in Appendix B. By varying a single hyper-
parameter each time, we selected seven configs and
trained on them.5

4The original paper trains GPT-2 on the TensorFlow frame-
work.

5Embedding size and hidden size are bound to change

Detail of replication. A comparison of the test-
set perplexities between the original paper and the
replicated runs is presented in Table 4. The sizes of
the perplexities roughly match those in the original
paper.

Experiment SRN LSTM Transformer

Base 28.9020 8.8328 10.5339
Repl. 23.0733 7.7554 7.2007

Table 4: Test-set perplexities from replication of exper-
iment C, comparing with results open-sourced by the
original paper.

B Tuning Space

Random sampling space. The hyperparameter
configurations randomly sampled for three experi-
ments are recorded in Table 5.
Bayes tuning space. The Bayes tuning space of
experiment B is documented in Table 6.

C Implementation Difference in Each
Experiment

Data deduplication in Kuribayashi et al. (2024).
In Kuribayashi et al. (2024)’s data generation pro-
cedure, which is a direct reusing the open-source
PCFG and code from White and Cotterell (2021)’s
paper, around six hundred sentences out of 100,000
sentences were overlapping between the training
set and the test set during data generation. We
regenerated the same number of sentences after
adding a duplication removal procedure.
Checkpointing frequency in Chang and Bergen
(2022). Due to the storage limit, we slightly re-
duced the checkpointing frequencies to the follow-
ing ones.
• Checkpointing at every 100 steps during the first

1,000 steps.

• Checkpointing at every 500 steps during the first
10,000 steps.

• Checkpointing at every 5,000 steps during the
first 100,000 steps.

• Checkpointing at every 50,000 steps during the
first 1,000,000 steps.

D P-value in Experiment C and change of
the metric.

Kuribayashi et al. (2024) originally adopts Pear-

together.
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Config batch
size

learning
rate

number
layers

embedding
size

dropout

Replication 64 5e-4 3 768 0.1
1 64 5e-4 3 768 0.0
2 64 5e-4 3 1,536 0.3
3 256 5e-4 4 768 0.1
4 256 5e-5 4 1,536 0.3

(a) Configurations for experiment A, the word acquisition experiment.

Config embedding
size

hidden
size

num
layers

num
heads

dropout
attention
dropout

learning
rate

LSTM 1 128 512 4 - 0.1 - 5e-5
LSTM 2 64 256 2 - 0.0 - 1e-3
LSTM 3 256 256 2 - 0.1 - 5e-5
LSTM 4 128 512 2 - 0.1 - 1e-3
LSTM 5 256 256 4 - 0.1 - 1e-3
LSTM 6 128 512 2 - 0.1 - 9.05e-4
LSTM 7 64 512 2 - 0.1 - 9.83e-4
LSTM 8 64 512 2 - 0.0 - 9.79e-4
LSTM 9 256 512 2 - 0.0 - 9.85e-4
LSTM 10 256 512 3 - 0.0 - 9.9e-3
GPT-2 1 768 3,072 12 12 0.0 0.0 5e-5
GPT-2 2 384 1,536 4 4 0.3 0.0 1e-3
GPT-2 3 768 3,072 12 12 0.1 0.1 5e-5
GPT-2 4 384 1,536 12 12 0.1 0.1 5e-5
GPT-2 5 768 3,072 6 6 0.1 0.1 5e-5
GPT-2 6 1024 4,096 8 8 0.1 0.1 1e-6
GPT-2 7 786 3,072 12 12 0.1 0.1 1e-5
GPT-2 8 768 3,072 12 12 0.1 0.1 9.9e-5
GPT-2 9 768 3,072 8 6 0.1 0.1 6.2e-5
GPT-2 10 768 3,072 8 6 0.1 0.1 1e-6

(b) Configuration for experiment B, the syntax test experiment. The symbol‘-’ denotes not applicable hyperparameters to a
model. Configurations 6 to 10 are selected through Bayes tuning.

Config batch
size

dropout epoch
hidden

size
number
layers

learning
rate

Replication 256 0.3 10 512/64 2 5e-4
1 512 0.3 10 512/64 2 5e-4
2 256 0.1 10 512/64 2 5e-4
3 256 0.3 5000 512/64 2 5e-4
4 256 0.3 10 1024/128 2 5e-4
5 256 0.3 10 512/64 4 5e-4
6 256 0.3 10 512/64 2 5e-5

(c) Configurations for experiment C, the word order preference experiment. Since this experiment focuses on cross-model-
architecture comparison, each configuration is shared across models.

Table 5: Configurations of all experiments performed.
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Model Hyperparameter Space Type

LSTM

Embedding size {64, 128, 256} Discrete
Hidden size {256, 512} Discrete
Numebr of layers {2, 3, 4} Discrete
Dropout rate {0.0, 0.1, 0.2, 0.3} Discrete
Initial learning rate (1e-5, 1e-3) Continuous variable, log-uniformly sampled

GPT-2

Embedding size {384, 512, 768, 1024} Discrete
Number of layers {6, 8, 12} Discrete
Number of heads {6, 8, 12} Discrete
Dropout rate {0.0, 0.1, 0.2, 0.3} Discrete
Attention Dropout {0.0, 0.1, 0.2} Discrete
Initial learning rate (1e-6, 1e-4) Continuous variable, log-uniformly sampled

Table 6: Hyperparameter optimization space of experiment B during Bayes tuning.

son’s r between the grammars’ frequencies and
test perplexities on models as the indicator of the
models’ human-like word order preferences. Upon
checking the original data, we found that many cor-
relation tests yielded p-values > 0.05, indicating
statistical insignificance. Our replication with the
same methods also yields high p-values. Scatter
plots in Figure 5 provide further evidence of the
weak correlation. Thus, we would regard Pearson’s
r an insufficiently reliable metric in modeling this
research question.

However, an insignificant correlation between
two variables does not rule out their joint effect
on a third variable. Since the goal is to assess
how model architecture modulates the relationship
between typological frequency and perplexity, we
instead use the linear regression model described in
the main text, treating architecture and frequency
as predictors of test-set perplexity. This allows us
to directly estimate how architectural differences
affect the extent to which natural word-order fre-
quency predicts perplexity.

E Fine-grained Inspection on
Hyperparameters’ Effect on Model
Behaviors

E.1 Experiment A: Fitted Parameters of
Sigmoid Function

The fitted midpoints (Xmid) in Table 7 range by al-
most one log-step unit across configurations, while
the scale parameter varies subtly as well, with some
settings producing an earlier and steeper transition
(e.g., configurations 2 and 3) and others a later
transition. Thus, while the existence of a stable
acquisition stage for a given word is robust, the pre-

Config Upper Lower Xmid Scale

Replication 14.1073 8.4197 4.1340 0.3809
1 14.2582 8.7297 3.6408 0.3039
2 14.6603 8.4857 3.5512 0.3152
3 15.5302 7.6546 3.2575 0.4304
4 15.1542 8.1232 3.8027 0.4235

Table 7: In experiment A, parameters taken from fitted
sigmoid curves on tested configurations. ‘Upper’ and
‘lower’ indicate the max and min y-values on the curve.
‘Xmid’ denotes the x-value of the midpoint of the curve.
‘Scale’ is a factor describing the range of the x-axis. The
greater the ‘scale’ is, the flatter the curve will be.

cise inferred AoA is hyperparameter-dependent.

E.2 Experiment B: Effect of Tuning on SG
Scores

Figure 6 illustrates the SG score changes for the
five randomly chosen configurations and the Bayes
tuning. Following the plots in Hu et al. (2020b),
each point denotes the delta of the score on a spe-
cific test suite with the average score across all
models, configurations, and test suites. Although
the SG scores of models fluctuate on configurations
yielding high perplexities, they stabilize as config-
urations with lower perplexities are found. Thus,
the ranking of architectures in terms of syntactic
ability becomes easier to decide.

E.3 Experiment B: Syntax Ability by Test
Suite

The syntactic bars per ability for each model is
illustrated in Figure 7.
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Figure 5: An example of poor correlation with high p-values in Pearson correlation testing: WALS frequency and
model perplexity of grammars in Experiment C. The low correlation and high probability to reject the correlation
demonstrated by these scatter plots hinder both drawing a conclusion and observing a variance resulting from
hyperparameters.

E.4 Experiment C: Word Order Preference
by Switch

Table 8 presents the effect of a specific grammar
switch digit on the perplexity βd and its interaction
with the model architecture class βdM . A reference
to the meaning of each digit is presented in Table 9.
In most cases with LSTM as the base architecture
level, the effect of a single digit is not significant,
except in configuration 7, where tuning the switch
digit 1 on (VP NP) and digit 5 off (Adj N) decreases
test-set perplexity. The architecture SRN has signif-
icant effects on test-set perplexities with the digits
2 (predicate-object order), 5 (adjective-noun order),
6 (attribute clause), and 7 (case agreement) in most
cases. Switching the model architecture to Trans-
former does not present a significant effect within
our hyperparameter space.

F Generative AI Usage

We used GPT-5.2 to assist with writing. Generative
AI is only used to check the code and grammar.
Any AI-generated content is strictly reviewed, veri-
fied, and modified by a human, and never directly

appears in code or paper.

41878



Figure 6: SG scores of each configuration, ranked by validation set perplexity on XS set. Each point represents the
score delta relative to the average SG score across all models. Average validation-set perplexities are annotated over
the bars. Error bars represent 95% confidence interval through bootstrapping.

Config βd βdM HP

Base d6 × SRN∗(-), d7 × SRN∗(+)
Repl d2 × SRN∗∗∗(+), d5 × SRN∗∗(+), d6 × SRN∗∗(-), d7 × SRN∗∗∗(-)
1 d2 × SRN∗∗∗(+), d6 × SRN∗∗∗(-), d7 × SRN∗∗(-) Batch size +
2 d2 × SRN∗∗∗(+), d6 × SRN∗∗∗(-), d7 × SRN∗(-) Dropout -
3 Early-stop +
4 d2 × SRN∗∗∗(+), d6 × SRN∗∗∗(-), d7 × SRN∗∗(-) Layer size +
5 d2 × SRN∗∗∗(+), d7 × SRN∗∗(+) #layer +
6 d∗1(-), d∗∗5 (+)
Best LR -

Table 8: Estimated coefficients for all configurations on models’ grammar-digit preferences in Experiment C. β5•
summarizes the domain-model interactions (d1, . . . , d7 * model). Coefficients with no significance are denoted as
‘-’. Significance codes: ‘***’ for p < 0.001, ‘**’ for p < 0.01, and ‘*’ for p < 0.05. ‘Repl’ denotes the replication
experiment. All adjusted R2’s are above 0.9. The HP records the differences in hyperparameters between the
corresponding setting and the base setting, with colors separating the model parameter and training parameter.

Switch Digit b = 0 b = 1 Additional Description

1 S → NP VP S → VP NP -
2 VP → NP V VP → V NP -
3 S_Comp → S Comp S_Comp → Comp S Object clause
4 NP* → NP Prep NP* NP* → NP* Prep NP -
5 NP → Adj N NP → N Adj -
6 NP → VP Rel N NP → N Rel VP Attribute clause
7 N_Subj/Obj → N Subj/Obj N_Subj/Obj → Subj/Obj N Case agreement

Table 9: Grammar definition of the artificial language adopted in the word order preference experiment.

41879



Agreement

Center Embedding

Garden-Path Effects

Gross Syntactic State
Licensing

Long-Distance Dependencies

Circuit

0.0

0.2

0.4

0.6

0.8

1.0

SG
 sc

or
e 

(a
cc

)

model=lstm3 1 5 10 2 6 7 9 8 4

Agreement

Center Embedding

Garden-Path Effects

Gross Syntactic State
Licensing

Long-Distance Dependencies

Circuit

0.0

0.2

0.4

0.6

0.8

1.0

SG
 sc

or
e 

(a
cc

)

model=gpt210 6 2 7 4 1 5 3 8 9

Figure 7: SG scores per syntactic ability of each configuration, ranked by validation set perplexity on XS set.
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