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Abstract

Construction grammar posits that language
learners acquire constructions (form-meaning
pairings) from the statistics of their environ-
ment. Recent work supports this hypothesis
by showing sensitivity to constructions in pre-
trained language models (PLMs), including one
recent study (Rozner et al., 2025) demonstrat-
ing that constructions shape RoBERTa’s output
distribution. However, models under study
have generally been trained on developmen-
tally implausible amounts of data, casting doubt
on their relevance to human language learning.
Here we use Rozner et al.’s methods to evalu-
ate construction learning in masked language
models from the 2024 BabyLLM Challenge. Our
results show that even when trained on devel-
opmentally plausible quantities of data, models
learn diverse constructions, even hard cases
that are superficially indistinguishable. We fur-
ther find correlational evidence that construc-
tional performance may be functionally rele-
vant: models that better represent constructions
perform better on the BabyLLM benchmarks. !

1 Introduction

Construction Grammars (CxG, Goldberg 1995,
2003, 2006; Fillmore 1988; Croft 2001) define
constructions as form-meaning pairings and typ-
ically assume few innate constraints on the inven-
tory of constructions (constructicon). Thus, a cen-
tral question in CxG concerns how learners might
abstract constructions over time from experience
with language (distributional learning; Goldberg
2003; Bybee 2006; Tomasello 2005; Diessel 2004,
2019). Some studies have demonstrated the feasi-
bility of distributional learning of constructions in
simplified settings (Casenhiser and Goldberg, 2005;
Dunn, 2017). Recent advances in statistical model-
ing of language (Zhao et al., 2025) have produced
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Idiom keep your nose clean

much less He has not been put on trial

let alone (let alone/much less) found guilty
Comparative Correlative The more the merrier

Conative He kicked at the ball

Way-manner We made our way home

Causative-with She loaded the truck with books

Figure 1: Examples of the evaluated constructions. Bold
reflects fixed words and italics reflect schematic slots
constrained to a set of words.

pretrained language models (PLMs) that directly in-
stantiate (to a good approximation) the probability
distribution over strings (and thus, much of linguis-
tic usage), and a growing literature has explored the
use of PLMs as tools for testing usage-based lin-
guistic theories (Piantadosi, 2024; Goldberg, 2024;
Milliere, 2024; Weissweiler et al., 2025).
Recently, motivated by collostructional analy-
sis (Stefanowitsch and Gries, 2003) and causal ap-
proaches to model study (e.g., Feder et al., 2021),
Rozner et al. (2025) hypothesized that construc-
tions should modulate affinities (statistical inter-
actions) between words in PLMs’ output distribu-
tions. For example, in the /et alone example in
Figure 1, RoBERTa assigns 99% probability to
both words when either is masked. Rozner et al.
hypothesized, following related arguments in lin-
guistics (Croft and Cruse 2004, p. 248-53; Hoff-
mann 2022, p. 169), that such affinity patterns
might hold of constructions more generally. They
developed causal probing methods and deployed
them on RoBERTa (Liu et al., 2019), showing that
diverse construction types are in fact represented
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in the distribution (cf. Zhou et al., 2024; Bonial
and Tayyar Madabushi, 2024; Scivetti et al., 2025;
Weissweiler et al., 2024).

Nonetheless, studies of PLM construction learn-
ing have largely used models trained on develop-
mentally implausible quantities of training data.
For example, though the RoBERTa model used
by Rozner et al. is less performant than many of
the models studied in prior work, it is still trained
on roughly 160GB of text (~30B words), much
more than the 100 million word upper bound es-
timated for humans by age 13 (Hart et al., 1997;
Gilkerson et al., 2017). This limits the degree to
which patterns of model learning can support in-
ferences about human learning (Warstadt and Bow-
man, 2022; Frank, 2023), and it remains an open
question whether models trained on developmen-
tally plausible quantities of data can learn construc-
tions (van Schijndel et al., 2019; Yedetore et al.,
2023; Mahowald et al., 2024; Milliere, 2024).

In this work, we address the particular question
of whether there exist settings—namely choices of
architecture, training parameters, and word quan-
tity (< 100M)—in which statistical learners ac-
quire constructions from developmentally plausible
quantities of data. We evaluate eight models from
the 2024 BabyLLM Challenge (Hu et al., 2024b),
using the experiments from Rozner et al. as a test
suite for constructional knowledge. All evaluations
are done in the masked language setting (i.e. with
bidirectional context). Some of the models per-
form quite well, indicating that developmentally
plausible quantities of data are indeed sufficient
to recover knowledge of many constructions, as
predicted by the usage-based view. We further find
correlational evidence that constructional perfor-
mance may be functionally relevant: models that
better represent constructions perform better on the
BabyLM evaluations.

2 Methods

Affinity measures Rozner et al. developed two
affinity methods (see also Wu et al., 2020; Hoover
et al., 2021) and used them to show that construc-
tions manifest as constraints in a ROBERTa’s output
distribution. Their affinity measures use bidirec-
tional context (constructions often depend on subse-
quent context), so in this study we test only models
that support masked language modeling.

Given a string, s, s \ Z is defined as the string
with the word indices in Z masked, and 732\I is the

probability distribution given by the model for the
ith position in the masked string, s \ Z. Global
affinity is then defined simply as the probability
assigned to a word given bidirectional context:

P ()

Local affinity measures pairwise interactions by
comparing the change in a model’s output distribu-
tion for a masked position, when another word in
the context is also masked, using Jensen-Shannon
Divergence (JSD; Lin 1991):

aig = ISD(P 15y, Pilji )

Evaluations Evaluations follow Rozner et al. in
using affinity to characterize how well the con-
structions in Figure 1 are reflected in models’ out-
put distributions. Most evaluations look for high
global affinities where constructions should con-
strain word distributions. Local affinity is used to
characterize long-range dependency in the CEC in
§ 3.1. These tests span a wide variety of previously-
studied constructions, from fixed (specific-word)
to schematic (abstract category), enabling evalua-
tion across degrees of grammatical abstraction: (i)
distinguishing the causal excess construction from
other constructions with the same surface form, (ii)
distinguishing literal from figurative usages in po-
tentially idiomatic expressions, (iii) recognizing the
fixed (substantive) word constraints in Six construc-
tions from the Construction Grammar Schematic-
ity corpus (CoGS, Bonial and Tayyar Madabushi
2024), and (iv) recognizing the abstract (schematic)
category constraints of the noun-preposition-noun
construction (NPN; e.g., day after day, where the
bolded slots must be identical nouns) and the com-
parative correlative (CC).

BabyLMs used for evaluation We test models
from the strict and strict-small tracks of the 2024
BabyLLM Challenge, in which models were limited
to 100M or 10M words, but had no other restric-
tions on training nor data. For both tracks, we test
the best-performing model, GPT-BERT (Charpen-
tier and Samuel, 2024), which is a hybrid model
that uses both causal and masked language model-
ing. We select three additional models from both
tracks—roughly the next-best-performing models
that also support masked language modeling. This
gives us one GPT-BERT, two LTG-BERT, and one
RoBERTa model for each of the two tracks, so eight
total BabyLMs: GPT-BERT oM and GPT-BERTqgpm
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(Charpentier and Samuel, 2024), LTG-BERTqem
and LTG-BERTqgy (the 2024 BabyLM baselines;
Hu et al. 2024]3), BERTtimew@M and BERTtimemM
(Theodoropoulos et al., 2024), and RoBERTa archi-
tectures ELI5199y and QE CLqqym (Lucas et al., 2024,
Nguyen et al., 2024). We additionally test four non-
BabyLM models in order to provide an estimate of
ceiling performance in our evaluations (subscripts
indicate large or base version): RoBERTa, (same
as tested by Rozner et al.), RoBERTag, BERT_, and
BERTg (Liu et al., 2019; Devlin et al., 2019). See
Appendix B for more details, including Table 2 for
model descriptions.

3 Experiments and Results

Results for all experiments are given in Table 1.
Examples of the constructions are found in Fig-
ure 1, and additional experiment details are in Ap-
pendix C.

3.1 Superficially indistiguishable
constructions: the CEC vs. EAP/ AAP

The causal excess construction (CEC; I was so
happy that I cried) is superficially indistinguish-
able from epistemic and affective adjective phrases
(EAP, AAP; I was so certain/happy that I saw you)
but admits only so as the adverb: “I was *very
happy that I cried” has an entirely different mean-
ing (Kay and Sag, 2012). Therefore, models that
have learned the CEC should assign high affinity to
so in the CEC but not in the EAP/ AAP. Prior work
argued for the difficulty of distinguishing the CEC
from the EAP/AAP (Zhou et al., 2024), but Rozner
et al. show that the CEC is well-distinguished in
the distribution: simply thresholding global affinity
scores from RoBERTa, at 0.78 (i.e., no classifier is
trained) correctly characterizes 98% of examples
in the Zhou et al. CEC dataset.

To quantify whether this distinction is also
learned by BabyLMs, we use the same dataset and
compute a receiver operating characteristic (ROC)
curve for CEC vs. EAP/AAP classification using
global affinity on so as the classifier score (again,
the contextual probability of so is directly treated as
the classification score). We report CEC AUC, the
area under curve, which reflects how likely models
are to assign higher affinity to so in the CEC than
in the EAP/AAP. We also report a CEC so-that
score, the percentage of multi-that examples (e.g.,
I was so happy that, I won thats I smiled) where
so has higher local affinity for the causal thats than

any distractor that. A higher score reflects that
a model’s distribution for so exhibits the correct
(potentially long-range) dependency.

Results The CEC is well-learned by
GPT-BERTq0om especially, but also by several
other models. Moreover, so-that accuracy tends
to be relatively high even on models that poorly
Classify the CEC (e.g., ELI5100M and LTG-BERT1gm
have AUC < 0.5 and are thus worse than random),
suggesting that models may learn to attend to
the correct that (i.e. learn what long range
dependencies to attend to) before learning to
put most probability mass on so (i.e. become
“confident” that the CEC requires so).

3.2 Figurative vs. literal usages

Rozner et al. show that global affinity provides sig-
nal in discriminating literal and figurative usages in
potentially idiomatic expressions, possibly because
the non-compositionality of figurative use leads to
greater constraint and thus higher affinity (e.g., one
can spill the beans but in the same context, one
would not spill the water, so beans should have
high affinity). Following their approach, we com-
pute Idioms AUC using global affinity to classify
figurative vs. literal usages of potentially idiomatic
expressions in MAGPIE, a corpus of ~50,000 sen-
tences (Haagsma et al., 2020). Higher scores reflect
that models on average recognize greater constraint
in figurative usages. In humans, the long tail of id-
ioms is acquired after other constructions (Sprenger
et al., 2019; Carrol, 2023); here we are interested
in corresponding model behavior.

Results Whereas GPT-BERT1goy achieves fairly
good performance on many of our constructional
evaluations (Table 1), performance on the MAG-
PIE dataset is barely above chance (AUC 55.3).
Perhaps more interesting is that many BabyL.Ms
are substantially below chance: the worst model,
BERTtimeqgem, provides a classification signal
nearly as good as RoBERTag if the classifier is
flipped. Why might this be the case? Though
humans (and to some extent RoBERTa) recognize
noncompositional uses and their triggering con-
texts, our results suggest that BabyLLMs trained on
less data have not yet learned the long tail of idioms.
It makes sense that uncommon, non-compositional
usages would be surprising to a BabyLLM trained
on less data and that they would thus exhibit low
affinities.
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Classification Accuracy

Global Affinity on Fixed Slots Schem. Slots

BabyLM CEC Idioms Much Less Let Alone Con Way Caus CC CC NPN
- dj/
Model Nf:l:gm AUC tiloat AUC much less let alone at way  with  the : d{/ (3;:‘(:::)
GPT-BERT10om  75.7 55.3 623 522
LTG-BERT1gem  64.0 84.2 83.9 39.9 22.4 7.7
BERTtimeqgem  63.1 85.0 87.1 34.4 10.4 5.0
ELI5100m 59.4 46.5 71.0 37.1 4.1 1.8
GPT-BERT oM 70.4 85.2 87.1 41.7 59 2.6
BERTtimeqom 61.0 74.8 83.9 34.5 4.5 3.0
QE CLiom 58.8 60.6 80.6 40.5 4.2 1.9
LTG-BERT0m 57.6 41.1 67.7 36.6 5.6 0.2 0.2 52 242 291 309 307 0.3
RoBERTaL
RoBERTag
BERT,
BERTs

Table 1: Results. All scores between 0 and 100. Blue scores are classifier accuracy; green shows average affinities, except for CC
adj/adv. Left to right: BabyLM Macro-Avg reported on HuggingFace; AUC for classifying CEC vs. EAP/AAP using global aff
on so; so-that: % of multithat sentences where so has higher local aff with the causal that than any other that; Idioms: AUC for
classifying potentially idiomatic expressions as figurative vs. literal using global aff; Fixed Slots: Avg global aff for indicated
fixed slot; Schem-CC: For the adj/adv slot, the % of probability mass that the model places on comparative adj/adv; Schem-NPN:

Avg global aff for nouns in NPNs with P=upon

3.3 Fixed slots in partially substantive
constructions

Rozner et al. compute global affinity on the
fixed words in ~50 examples of each of six par-
tially schematic constructions (see Figure 1) from
the Construction Grammar Schematicity corpus
(CoGs; Bonial and Tayyar Madabushi, 2024) and
show that the fixed words often have high global
affinities, since the constructional context con-
strains them. We evaluate whether BabyLMs learn
to assign high affinities to fixed words in these con-
structions and whether there are any differences in
degree of acquisition.

Results RoBERTa converges to nearly 100% affin-
ity on all fixed words except the conative and way-
manner; Rozner et al. note that the conative is
relatively rare and that way-manner allows other
completions. BabyLLMs place nontrivial probability
on both ar and way but still less than the RoBERTa
and BERT models, suggesting that the idiomatic
form of the construction may require greater ex-
posure to become entrenched. CC and causative-
with are acquired by a number of models, whereas
let-alone and much-less appear harder to learn. We
look more closely at this latter divergence in § 3.6.

3.4 Category constraint in the comparative
correlative

Using comparative correlative examples from
CoGS we compute the percentage of each model’s
top-p (p=0.85) completions for the CC adj/adv slot

that are comparative (e.g., The more the merrier).
This score represents global affinity at a category
level, rather than for a single word. The high scores
on numerous models indicate that the abstract cat-
egory constraint that the slot be an adjective or
adverb is well-learned. In some cases, the abstract
constraint seems to be better captured than the fixed
word constraint on the (CC the).

3.5 Generalization of the form of the NPN

The noun-preposition-noun construction (NPN) is
a schematic construction (slots are not constrained
to be fixed words, but rather to categories of word—
namely two matching nouns and a preposition), so
a PLM that shows high affinity for the noun slot
has generalized an abstract constraint. Following
Rozner et al. we aim to test generalization to un-
seen NPNs by generating a new dataset of 400
NPN sentences (100 nouns, singly-tokenized in
all BabyLLMs for fair comparison, using each of 4
prepositions: after, upon, by, to), and the last au-
thor, blind to affinity scores, rates the acceptability
of each sentence. We report average global affinity
for nouns in the NPN with upon as the preposition
(NPN noun, upon) where acceptability is > 4 and
where the particular NPN is seen O times in the
GPT-BERTgem training corpus (see Appendix C.5
for additional details and results). High affinities
reflect that models learn that each noun slot must
match the other noun; average affinity on the noun
slot of 81% for unseen NPNs in GPT-BERT oM 1S a
strong signal of acquisition.
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3.6 Much less and let alone: A brief corpus
analysis

Table 1 shows that both let-alone and much-less
are hard for most of the BabyLMs except for
GPT-BERT, which much better learns let-alone than
much-less. This is interesting because these con-
structions have similar semantics. Suprisingly, a re-
view of the GPT-BERT ey training data shows that
the bigram much less occurs almost twice as often
as let alone (765 vs. 439). However, closer exami-
nation reveals that the bigram much less occurs in
other settings (e.g., John worked much less than
Mary). We use RoBERTa (which reliably distin-
guishes constructional usages of both let-alone and
much-less; see Table 1) to classify usage (global
affinity > 0.9 on both words). Whereas almost all
of the let alone usages are constructional; only 100
(~13%) of the much less usages are. Thus, con-
structional usage of much less is both less frequent
and more confusable with other usages, likely im-
peding acquisition relative to let alone.

3.7 Better construction learning is associated
with better downstream performance

To assess the functional relevance of construction
learning, we include the BabyLM macro average
in the first column (see Table 3 for details of this
score). We compute the correlation of each con-
struction score with the BabyLM macro average
and then average, giving an average correlation of
r = 0.78£0.10 SD, which shows that performance
on the constructional tests in the masked language
setting correlates with BabyLM performance.

4 Related Work and Discussion

Prior work on grammatical knowledge in cogni-
tively plausible models has tended to focus on
syntactic minimal pairs (Warstadt et al., 2023;
Wilcox et al., 2025; Bunzeck et al., 2025; Mar-
vin and Linzen, 2018) using datasets like BLiIMP
and CLAMS (Warstadt et al., 2020; Mueller et al.,
2020). Studies of more complex constructions have
tended to use probing and prompting (Rozner et al.
2025; see also Weissweliler et al., 2023; Milliere,
2024 for discussion). More recently, BabyLM-like
models have been trained on curated corpora to
test how relatively rare constructions are acquired
from limited data (e.g., Misra and Mahowald, 2024;
Leong and Linzen, 2024). Though prior work has
questioned whether complex constructions can be
learned from cognitively plausible quantities of

data (van Schijndel et al., 2019; Yedetore et al.,
2023; Mahowald et al., 2024; Milliere, 2024), our
results provide evidence that even difficult con-
structions can be acquired from developmentally
plausible quantities of data and that the extent of
acquisition correlates with general performance.

Prior work has considered the patterns of acqui-
sition of syntactic capacities over model training
(Zhang et al., 2021; Warstadt and Bowman, 2022;
Wilcox et al., 2025). In this work, we see that when
compared to RoOBERTa, a larger model trained on
300 — 3000x more data, BabyLMs show diver-
gences in their acquisition of different construc-
tions. In more recent work Bunzeck et al. (2025)
report that the distribution of constructions (basic
sentence types; e.g., wh-question, copula, impera-
tive) does not substantially impact learning trajecto-
ries when models are evaluated on lexical, syntac-
tic, and semantic minimal pairs; although Bunzeck
and Zarriel3 (2024) provide evidence that the shape
of learning curves does vary across different syntac-
tic phenomena in BLiMP. In this study we do find
a correlation between corpus composition and per-
formance on much less and let alone, which makes
sense, given that substantive constructions with
fixed words must be seen to be learned. The low
AUC we observe in BabyLLMs for classifying poten-
tially idiomatic expressions likely reflects the same
effect: learning the long tail of idioms requires
exposure. Future work should investigate the inter-
play between corpus composition and acquisition
dynamics across the spectrum of constructions.

5 Conclusion

Models trained on cognitively plausible quantities
of data acquire diverse constructions. This result
provides empirical support for the feasibility of
distributional learning. Moreover, we found that
differences in construction acquisition in BabyLMs
exhibit some similarities to human learning. Prior
studies of BabyLMs have tended to focus on sim-
pler constructional distinctions via minimal pairs;
here we used targeted distributional evaluation to
study acquisition of more complex constructions.
Given that acquisition correlates with other func-
tional behaviors, future work should examine ac-
quisition dynamics, including interactions between
simple and complex constructions during learning.
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Limitations

This is a computational modeling study and thus
comes with the usual caveats: the “subjects” are
models, and inferences to humans should be drawn
with care. This study improves on the cognitive
plausibility of prior work only in the amount—but
not the kind—of linguistic experience; some re-
cent findings suggest that content may play surpris-
ingly little role in shaping LMs’ linguistic abstrac-
tions (Feng et al., 2024). 100M words corresponds
roughly to the number of words seen by a 13 year-
old, and we consider it likely that 13 year-olds have
acquired many of the constructions we study in this
paper, except possibly rare idioms, though further
work might compare the course of acquisition in
humans and BabyLMs.

We evaluated only models that support bidirec-
tional context, which is implausible for process
models of language comprehension (e.g., Frazier
and Fodor, 1978), as the constructions we evalu-
ate depend on subsequent context. Models also
differ from humans in other important ways includ-
ing learning dynamics and architecture (see e.g.,
Frank, 2023). Though likelihood scores over entire
sentences do correlate with human grammatical-
ity judgements (Hu et al., 2024a), no direct work
has yet been done to correlate bidirectional affinity
scores with human behaviors.

Our study focused on whether model distribu-
tions reflect certain formal and semantic distinc-
tions between constructions, but does not allow us
to conclude that models “know” constructions in
every sense relevant to humans (e.g., that they can
recognize and reason about their truth conditions;
see e.g., Zhou et al. 2024; Weissweiler et al. 2022
for countervailing evidence). While we leave study
of these dimensions of semantic knowledge to fu-
ture work, we believe that the ability to make the
distinctions we study is a critical component of
grammar learning and highly relevant to the distri-
butional hypothesis for human language acquisition
(see e.g., Tomasello, 2005, p. 30).

Finally, we have framed our study against the
theoretical background of construction grammar
because we are motivated by considerations about
learning that arise from that background. Our re-
sults do not in themselves argue for CxG over other
theories of natural language syntax, and we do
not mean to imply that our findings cannot be ac-
commodated by other views of the nature of human
linguistic knowledge. We have simply provided evi-

dence that much constructional information is avail-
able to a sufficiently performant statistical learner,
as is typically required by CxG theories.
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A Methodological Details

Experiments were run either on an M3 Macbook
Pro or on a single Nvidia RTX A6000 cluster GPU.
Classification of idioms (MAGPIE) is the only ex-
periment requiring any meaningful amount of com-
putation and takes roughly 3 hours on a single RTX
GPU.

B BabyLM Supplement

Table 2 gives details for all models tested, and Ta-
ble 3 reproduces each BabyLM’s scores that make
up the macro average score reported in Table 1.

The 2024 BabyLLM Challenge is the second it-
eration of the BabyLM Challenge (Warstadt et al.,
2023). There were 18 models submitted to the
strict track and 32 submitted to the strict small
track. Of these models many support only au-
toregressive modeling and are thus not suited to
testing using the bidirectional methods developed
by Rozner et al. (in general, identifying construc-
tions depends on bidirectional context). The best-
performing model in both the strict and strict-small
tracks was GPT-BERT, a hybrid GPT (autoregres-
sive)/ BERT (masked language model; MLM) ar-
chitecture (Charpentier and Samuel, 2024), which
was based on LTG-BERT (Samuel et al., 2023). As
GPT-BERT can be run as an MLM it can be evalu-
ated using Rozner et al.’s approach.

We select three additional models for both
tracks to give eight total BabyLM models for
evaluation. For both tracks, we take the next
top-performing MLMs (i.e., excluding purely au-
toregressive models), though we additionally ex-
clude DeBERTa models because their tokenization
scheme was not easily adapted to work with the
experiment pipeline. As this would have given us
four LTG-BERT-style models for the strict track, we
include a slightly worse-performing RoBERTa ar-
chitecture for the final strict model. Models are
obtained from HuggingFace (Wolf et al., 2019)
at https://huggingface.co/spaces/babylm/
leaderboard-2024, accessed March 18, 2025.

In the 2024 BabyLM Challenge, submissions
were limited to a total quantity of words but were
not subject to any other limitations on training ap-
proaches. The best-performing BabyLM model,
GPT-BERT, though limited to 100M or 10M words
for the strict and strict-small tracks, still trained for
many epochs over the same data (Hu et al., 2024b;
Wilcox et al., 2025). In the 2025 BabyLLM Chal-
lenge, a limit is placed on the the number of times

data can be seen (Charpentier et al., 2025). For
this study, as we are not treating PLMs as models
of the learning process, but only as lower bounds
on the linguistic knowledge that can be acquired
from particular quantities of input, the particular
details of training (e.g., more epochs) were not at
issue. Nonetheless, such divergences are interest-
ing and would be relevant to any subsequent work
that looks more closely at, e.g., the mechanisms or
trajectories of acquisition.

C Evaluations

As the methods developed by Rozner et al. (2025)
are for singly-tokenized words, all words evaluated
using either affinity method are singly-tokenized.
This constraint affects only the results for figurative
vs. literal usage and NPN generalization studies,
details of which we provide here.

C.1 CEC vs. EAP/AAP

Rozner et al. hypothesize that, as so is necessary
in the CEC but not in the EAP/AAP (*It was very
big that it fell over), PLMs might identify this con-
straint in their output distribution. Rozner et al.
find that global affinity in ROBERTa_ on so in fact
robustly distinguishes the CEC from EAP/AAP and
that in multi-that sentences (e.g., I was so happy
that I won that I smiled), the distribution for so is
always more affected by the causal that.

The CEC dataset has 323 possible examples. Af-
ter cleaning and labeling, we have 292. Four are
invalid, leaving us with a total of 22 EAP, 73 AAP,
and 193 CEC (288 total). Rozner et al. identify
a couple mislabeled examples, and we use their
corrected labels.

The accuracy we report for RoBERTa, is slightly
lower than that reported by Rozner et al.. As we
use a HuggingFace FastTokenizer, our evaluation
included 15 examples that were omitted in Rozner
et al.’s original study. As these omitted examples
had more awkward punctuation (tokenization is-
sues were what led to their omission in the original
study) that might have made them harder to cor-
rectly classify.

CEC multithat for so-that local affinity study
We use the 31 entry multi-that dataset from Rozner
et al..

C.2 Figurative vs. literal usages

Here we provide two examples drawn from the
MAGPIE dataset for nuts and bolts (same as
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Training Data

Model Arch. #Par. Words Source HuggingFace ID
GPT-BERTweon o1 gery 119M 100M BabyLM, FineWeb-Edu, Itg/gpt-bert-babylm-base
GPT-BERT eu 30M 10 M Cosmopedia Itg/gpt-bert-babylm-small
LTG-BERT+06m _ 9M 100M babylm/ltgbert-100m-2024
LTG-BERTi  — CCERT g9y oM DOYIM babylm/ltgbert-10m-2024
BERTtimesqom 9% M 100M nikitastheo/BERTtime-Stories-
LTG-BERT BabyLM, TinyStories, 100m-nucleus-1
BERTtimeqom 24 M 10M GPT-Neo completions nikitastheo/BERTtime-Stories-
10m-nucleus-1-balanced
ELI5100m RoBERTa 44M 100M BabyLM + reddit ELI5 3van/RoBERTa_100M_ELI5_
CurriculumMasking
QE CLien RoBERTa 43 M 10M BabyLM - filtered QE jdebene/BabyLM2024
RoBERTaL ROBERTa 304M  ~30B Bookscorpus, English Wiki, FacebookAl/roberta-large
RoBERTag 86M ~30B cc-news FacebookAl/roberta-base
BERT, BERT 304M  ~3B Bookscorpus, English Wiki,  google-bert/bert-large-cased
BERTs 86 M ~3B openwebtext, stories google-bert/bert-base-cased
Table 2: Model Details
Evals reported by BabyLM 2024
Model BliMP BLiMP (Super) EWoK Macro
Supple- GLUE Avg
ment

GPT-BERT10em  86.1 76.8 81.5 58.4 75.7

LTG-BERT10em  69.2 66.5 68.4 51.9 64

BERTtimeioen  65.6 65 72.7 49.2 63.1

ELIS5100m 60.2 56.8 67.7 53 59.4

GPT-BERTiev  81.2 69.4 76.5 54.6 70.4

BERTtimeion  63.2 59.3 71.1 50.4 61

QE CLyom 61.9 58.3 64.4 50.8 58.8

LTG-BERT1ov  60.6 60.8 60.3 48.9 57.6

Table 3: BabyLM scores

Rozner et al.):

Literal usage: They would include orders for rou-
tine raw materials such as steel stock; screws; nuts
and bolts; lubricants and fuel oil.

Figurative usage: Jay comes from a different end
of the spectrum to Dave Ambrose, but the two both
like to talk nuts and bolts.

Magpie has 48,395 unique sentences with a to-
tal of 129,397 words used in potentially idiomatic
expressions that are labeled as figurative or literal
uses (average of 2.6 words per sentence/ example).
Of the 48,395 examples, we omit 3,944 sentences
that do not have > 99% confidence in annotation.
This leaves us with 44,451 sentences with a total
of 119,401 words. Among those 119,401 words,
2,016 have wrong offsets, giving us 117,385 words
for the analysis. Of the 45,450 (117,385) sentences
(words), 10,313 (23,484) are labeled as literal and
34,138 (95,917) are labeled as idiomatic.

For the result presented in the main paper, we

omit from consideration any word or sentence that
could not be processed for any model (43,124
words). In general, such processing failures are
a result of differences in tokenization behavior: the
Rozner et al. methods are developed for singly-
tokenized words and each BabyLLM has a different
set of singly-tokenized words. This allows us to
make a fair comparison across all models. This
leaves us with 74,261 words for the analysis in the
main paper.

Whereas Rozner et al. omit sentences with fewer
than 10 words of context and words with less than
four characters, we include all data. The 69.2 score
for ROBERTa, matches their corresponding result:
they report an AUC for the whole dataset of 0.71
with omission and 0.69 without omission. This
correspondence suggests that even with this study’s
restriction to a common vocabulary over all models,
the underlying trend in classification behavior is
not substantially affected.
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Model 50th %ile  80th %ile  CC-score
GPT-BERT00m 2.2 3.1 99.7
LTG-BERT00m 2.6 8.5 96.5
BERTtimemeM 4.6 259 93.8
ELI5 00m 15.6 185.8 81.8
GPT-BERT1om 2.6 6.2 96.4
BERTtimemM 8.6 48.9 77.1
QE CLiom 59.6 818.0 49.1
LTG-BERTem 18.3 157.7 30.7
RoBERTa, 2.1 2.6 99.9
RoBERTag 2.2 34 99.5
BERT, 2.1 2.7 99.9
BERTs 2.5 54 98.2

Table 4: CC: Average number of words (sorted by model
likelihood) needed to get to nth %-ile of output distribution for
CC adj/adv slot. CC-score same as in Table 1 for comparison.

C.3 Fixed slots in partially substantive
constructions

Examples of the six partially substantive construc-
tions (from Bonial and Tayyar Madabushi 2024),
with fixed words italicized. (These are the same as
in Figure 1.)

Causative-with: She loaded the truck with books.
Comparative correlative: The more the merrier.
(In our analysis the two the words are considered
as a single class.)

Conative: He kicked at the ball.

Let-alone: None of these arguments is particularly
strong, let alone conclusive.

Much-less: He has not been put on trial, much less
found guilty.

Way-manner: We made our way home.

C.4 Category constraint in the comparative
correlative

We replicate the procedure of Rozner et al.: Using
the 54 CC examples from the CoGS dataset, we
mask each comparative adjective/adverb, obtain
the set of highest probability outputs at the masked
position that sum to 85% probability mass, and
calculate a comparative score: the percentage of
this set that is a comparative adjective/adverb.

To calculate the percentage of the output distribu-
tion nucleus that is a comparative adj/adv, we order
the outputs by probability and iterate through them
until reaching a total probability mass of p > 0.85
(a nucleus using 0.85). Rozner et al. use a nucleus
of 0.98, but since the BabyLM models have out-
put distributions with much higher entropy than
RoBERTa (see Table 4), we consider a smaller
nucleus to avoid summing probabilities over the
whole vocabulary.

For each sampled word, we substitute it into the
original sentence and use Spacy (Honnibal et al.,
2020) to check whether it is a comparative adverb
or comparative adjective. Whereas Rozner et al.
use the transformer version of Spacy’s tagger, we
use the small, non-transformer model since the
higher entropy distribution in the BabyLLMs causes
us to calculate for many more possible fills. Given
that the tagger module sees the whole sentence (and
may already “know” the CC construction), it may
be biased to label words as comparative even if
they are not. The final score is the proportion of
the sample (the 85% nucleus) that is a comparative
adjective or adverb.

Of the 108 (= 54 x 2) candidate slots, across all
twelve models, an average of 5.7 words cannot be
processed (due to multi-tokenization).

C.5 Generalization of the form of the NPN

NPN dataset generation We follow Rozner
et al.’s procedure in generating a new NPN dataset
(below adapted from their Appendix). We use GPT-
4 via the OpenAl API, version gpt-4-0613, temper-
ature 0.7, max tokens 100. Total cost to produce
400 sentences is less than $5. We prompt as fol-
lows, where “{phrase}” is the particular targeted
NPN (e.g., day by day):

An NPN construction is one like "day
by day" or "face to face". It has a re-
peated singular noun with a preposition
in the middle. Other prepositions are
also possible: "book upon book", "week
over week", "year after year". Please
use "{phrase}" in an NPN construction,
placing "{phrase}" in the middle of the
sentence. Make sure the sentence estab-
lishes a context in which the noun makes
sense. Please provide only the sentence
in the response.

We verify that each generation matches the desired
form noun+prep+noun.

To obtain acceptability judgements, we ran-
domly sort all sentences and the last author an-
notates with a score between 1 and 5, inclusive.

Results In the main text we reported only the av-
erage affinity score for NPNs using upon as prepo-
sition. In Table 5 we report average scores for

* all NPNs (all four prepositions: upon, after,
by, to),
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upon

by to

Model All
GPT-BERT100m

Freq Acc All

Acc All Acc All Freq Acc

LTG-BERT60m - 392 418 451 49.6 31.1 383 382
BERTtimejgon = 38.7 428 457 217 203 228 33.8 427 447 83 10.5 103
ELI5100m 0.2 0.2 0.2 0.2 0.2 0.2 0.7 0.3 0.8 0.2 0.2 0.2
GPT-BERT oM 19.3 17.7 232 14.8 13.8 173  26.1 297 354 9.2 11.8 11.7
BERTtimesoum 26.0 29.7 30.2 14.7 12.5 153 33,6 450 458 2.8 34 34
QE CL1om 0.6 0.5 0.5 0.3 0.1 0.1 1.3 0.2 2.2 0.2 0.2 0.2
LTG-BERT1ouM 0.4 0.3 0.3 0.1 0.0 0.0 0.5 0.2 0.6 0.3 0.3 0.3
RoBERTa.

RoBERTag

BERT.

BERTg

Table 5: Results for NPN. All includes all 100 NPNs for each. Freq limits to acceptability > 4 and further restricts to NPNs that
occur 0 times in the GPT-BERT v dataset. Acc limits to NPNs with acceptability > 4. Freq tends to have worse performance
than Acc because it excludes NPNs that models were more likely to have seen, even if they are just as acceptable.

» all NPNs with acceptability > 4 and fil-
tered to those which occur zero times in the
GPT-BERT gev training data (same as in Ta-
ble 1)

* all NPNs when filtered to acceptability > 4.

(It is possible that some of the NPNs which have
zero-frequency in the GPT-BERT ey training data
have non-zero-frequency in the other models’ data.)

When filtering to acceptable NPNs, we have
upon: 72, after: 76, by: 64, to: 52. Of these 264,
219 are seen zero times in GPT-BERTqggm’s training
data.

Our results for ROBERTa, generally agree with
the prior results of Rozner et al.: NPNs with
upon are most well-generalized. Our results seem
to show better generalization for NPNs using to,
which could result from using the simpler common
vocabulary across the BabyLLMs.

Our overall NPN results show (i) gradient gen-
eralization of all NPNs, and (ii) sensitivity to ac-
ceptability (more acceptable have higher affinity),
agreeing with Rozner et al.’s results. In general, re-
moving NPNs that were in GPT-BERT ey s training
data reduces average affinity scores. This makes
sense given that there is overlap in the datasets for
most of the models that were trained (all contain
some part of the BabyLLM dataset). This implies
an increase in affinity for NPNs that are observed
in the training data. This could be either an effect
of memorization or it could reflect that NPNs in
the training data have some underlying property
that makes them more acceptable to the models, as
measured by affinity.

D Use of AI Assistant

ChatGPT was used to produce initial versions of
some python matplot code. Any code produced was
subsequently adapted, reviewed, and/or modified.
ChatGPT was not used to write any part of this

paper.
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