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Abstract

The BabyLM Challenge asks models to learn
from developmentally plausible data, but how
closely the standard corpus resembles the lan-
guage infants actually hear has not been mea-
sured. We compare the Strict-Small corpus
against SEEDLingS, a corpus of day-long
home recordings from 44 infants with 358,300
hand-annotated noun tokens, over the 299
words the two share. Corpus word frequen-
cies match real infant input only moderately
(Spearman’s p = 0.42; all correlations re-
ported here are Spearman rank correlations),
and real input frequency predicts human age
of acquisition (AoA) far better (p = —0.79)
than the training corpus’s own frequencies do
(p = —0.48).

Breaking the corpus down by source locates
the gap. CHILDES tracks real infant input at
p = 0.55 while the five other sources fall be-
tween 0.14 and 0.31, and the pooled corpus
falls below CHILDES alone. The sources are
not ordered by how speech-like they are: writ-
ten text ranks above adult conversation. What
separates them is child-directedness.

Against this we set a curriculum interven-
tion. We order the corpus by the AoA of the
words each sentence contains, derived from
the MacArthur—Bates Communicative Devel-
opment Inventory (CDI), train GPT-2 Small
on it and on a content-matched shuffled base-
line, across three seeds and three training bud-
gets up to 100M words. The curriculum re-
liably produces a model whose acquisition
order matches the human one (p = 0.63—
0.78 against 0.09-0.22), but the curriculum en-
codes human AoA at p = 0.96 by construction
and the alignment falls to p ~ 0.3 once presen-
tation order is partialled out. It confers no ad-
vantage on BLiMP at any budget. Improving
what a corpus contains may matter more than
the order in which it is presented.

1 Introduction

A central goal of the BabyLM Challenge is to
close the data-efficiency gap between human and
machine language learners by using developmen-
tally plausible training corpora (Warstadt et al.,
2023; Hu et al., 2024; Charpentier et al., 2025).
Most gains so far have come from changes to
model architectures or training objectives rather
than to the data itself (Charpentier et al., 2025).
One exception is the use of variation sets—
consecutive rephrasings common in child-directed
speech—which improved some evaluation scores
under certain conditions, though the effect varied
across benchmarks (Haga et al., 2024). This mo-
tivates investigating other structural properties of
child input.

We focus on the order in which words are
learned. Age of acquisition (AoA) is a well-
documented regularity in early word learning:
children tend to acquire concrete, frequent words
such as mama, ball, and dog before abstract
words, and early vocabulary is strikingly consis-
tent across children (Frank et al., 2017). The
BabyLM 2026 evaluation suite includes an AoA
task (Choshen et al., 2026) based on the method
of Chang and Bergen (2022). This method tracks
word surprisal across training checkpoints to es-
timate a model’s implicit AoA and compares
the resulting order with human norms from the
MacArthur-Bates Communicative Development
Inventory (CDI). The task therefore allows us
to test directly whether a vocabulary curriculum
shifts a model’s learning trajectory toward the hu-
man order.

This paper makes two contributions. First, we
audit the developmental plausibility of the Strict-
Small corpus itself, comparing its lexical statis-
tics against SEEDLingS, a corpus of real infant in-
put (Bergelson and Aslin, 2017; Bergelson et al.,
2019; Kalenkovich et al., 2025). The comparison
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requires no model and no training. We find that the
corpus reproduces real input frequency only mod-
erately, that real input frequency is a far better pre-
dictor of human AoA than any in-corpus measure,
and, breaking the corpus down by source, that a
single child-directed component carries most of
what fidelity the corpus has while pooling the re-
maining sources reduces it.

Second, we test the intervention this audit bears
on. We construct an AoA-staged curriculum,
train it against a content-matched shuffled baseline
across three seeds and three training budgets, and
measure where each model’s word-learning order
falls relative to children’s. The curriculum reli-
ably reproduces human AoA order; we then show
that most of this is the ordering reproducing itself,
and that none of it reaches grammatical compe-
tence. Prior work using distributional measures
has found that language model learning trajecto-
ries do not track children’s (Ficarra et al., 2025);
our result is compatible with that once the mechan-
ical component is removed.

Read together, the two contributions suggest
that the composition of a developmentally plausi-
ble corpus is a more consequential design choice
than the order in which its contents are presented.

2 Related Work

Curriculum-learning approaches have appeared re-
peatedly across BabyLLM iterations but have not
produced consistently strong aggregate results
(Warstadt et al., 2023; Hu et al., 2024; Charpen-
tier et al., 2025). CLIMB (Diehl Martinez et al.,
2023) explored vocabulary, data and objective cur-
ricula together and reported no reliable gain over a
non-curriculum baseline; Salhan et al. (2024) ap-
plied cognitively motivated curricula across lan-
guages with similarly mixed results. ConcreteGPT
(Capone et al., 2024) ordered training data accord-
ing to lexical concreteness ratings (Brysbaert et al.,
2014), but it did not derive its ordering from child
acquisition data or organize the data into devel-
opmental stages. Variation sets, by contrast, im-
proved some benchmarks—including BLiMP and
GLUE, but not EWoK—depending on their pro-
portion in the training data (Haga et al., 2024). Our
curriculum instead uses lexical acquisition order
derived directly from CDI production norms, and
our finding that it confers no benchmark advantage
is consistent with this broader pattern.

For evaluation, Chang and Bergen (2022) intro-

duced a method for deriving model-internal AoA
from surprisal trajectories across training check-
points, and established that both model and hu-
man AoA are strongly conditioned by word fre-
quency. The 2026 challenge adopts this method as
an AoA task evaluated against CDI norms (Frank
et al., 2017; Choshen et al., 2026). We apply
the same core procedure using context sentences
drawn from the training corpus itself rather than
the evaluation pipeline’s released context set (§6).
Ficarra et al. (2025) take a distributional approach
to the same question and report that model learn-
ing trajectories do not correlate with children’s.
Our contribution is not to revisit whether such
alignment exists, but to ask what a corpus inter-
vention can do about it, and to measure the corpus
these interventions are applied to against a record
of what infants actually hear.

We do not compare our models with the
field-wide competition baseline (Charpentier and
Samuel, 2024). Because our research question
concerns the effect of word order within an other-
wise fixed data-and-architecture setup, our control
is a model with the same architecture and training
content but a shuffled presentation order.

3 Method

3.1 AoA Curriculum and Baseline

We derive human AoA norms from the CDI pro-
duction data distributed with the BabyLM 2026
evaluation package (Frank et al., 2017). The
dataset provides, for each of 504 words, the pro-
portion of children producing that word at each
age from 16 to 30 months. We define a word’s
human AoA as the earliest age at which produc-
tion reaches 50%. Words that never reach 50% are
assigned an AoA of 31 months as a proxy for late
acquisition, mirroring the 50%-of-range criterion
later used for the model.

We score every sentence in the six Strict-Small
source files—CHILDES, BNC-Spoken, Switch-
board, Gutenberg, OpenSubtitles, and Simple
Wikipedia; 1,104,106 sentences in total—using
the mean AoA of the words covered by the CDI.
Sentences containing no CDI words are assigned
an AoA of 31.

We group the scored sentences into five stages
based on mean sentence AoA (Table 1) and con-
catenate them in stage order. We repeat the earlier
stages to up-weight simpler vocabulary, reflect-
ing its prominence in early child-directed speech.
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Stage AoArange Sentences Reps.
1 <18 mo. 13,314 x3
2 19-21 mo. 33,922 X2
3 22-24 mo. 99,499 x1
4 25-27 mo. 192,727 x1
5 >28 mo. 764,644 x1

Table 1: Curriculum stages based on mean sentence
AoA. Stage 5 contains 69% of all sentences. Because
the CDI covers only 504 words, many lexically simple
sentences are assigned to this stage solely because they
contain no CDI word (§6).

Within each stage, sentences are shuffled, so that
stage membership is the only ordered variable and
the curriculum does not also order the data by
source corpus. The resulting curriculum contains
1,164,656 lines and 10,421,796 words, drawn
from a unique corpus of exactly 10M words.

To isolate the effect of presentation order, the
flat-shuffle baseline contains the identical multi-
set of lines, including the same sentences and per-
stage repetitions, but is shuffled randomly using
seed 1337. The two conditions therefore have
identical word frequencies, vocabularies, and cor-
pus sizes.

3.2 Model and Trajectory Evaluation

We train GPT-2 Small models with 124M param-
eters from scratch on each corpus with the stan-
dard GPT-2 tokenizer and AdamW. Training uses
a cosine learning-rate schedule with 1% warmup,
a learning rate of 5 x 10~%, and an effective batch
size of 32 sequences of 512 tokens. Each corpus
is presented in its own fixed order, so that presen-
tation order is the only respect in which the two
conditions differ.! Every condition is trained with
three random seeds (42, 43, 44), and we report the
mean and standard deviation across seeds rather
than a single run.

We report three training configurations. The
first trains for one full pass over the Strict-Small
curriculum (1,056 steps). The second repeats that
curriculum for ten epochs (10,556 steps), and the
third trains for one full pass over the Strict 100M
curriculum (10,814 steps). The second and third
hold total optimisation roughly constant while
varying whether the additional compute buys rep-
etition or new data. Word budgets are counted in

'The version of this work submitted for review used a
training script that shuffled the corpus at load time, which
neutralised the ordering manipulation in both conditions. All
results reported here use the corrected configuration.

words rather than tokens, using each corpus’s mea-
sured tokens-per-word ratio, and checkpoints are
saved at the word-exposure intervals the challenge
requires (Choshen et al., 2026).

For each CDI word, we sample up to 20 cor-
pus sentences containing that word. Of the 504
CDI words, 502 occur in at least three corpus sen-
tences; vagina and teddybear are excluded. At
each checkpoint, we compute the summed teacher-
forced surprisal, in bits, of the word’s subword to-
kens and average it across sentences to obtain a
learning curve for each word.

Because a model’s surprisal on a word falls as
it learns that word, the checkpoint at which the
surprisal drops marks the model’s acquisition of it.
We define a word’s model AoA as the first check-
point at which its surprisal falls halfway between
its value at initialisation and its minimum value.
This mirrors the CDI's 50%-of-range criterion, al-
lowing the human and model measures to be de-
fined analogously. We take the reference point at
initialisation rather than at the first training check-
point because a curriculum has, by then, already
taught the words it front-loads: their surprisal has
little room to fall further, so they never cross the
threshold and are recorded as acquired last when
they were in fact acquired first. An untrained ref-
erence makes the criterion well defined for every
word regardless of when it is taught. Words that
never cross the threshold are censored one check-
point past the last. We report the Spearman cor-
relation between model and human AoA, as well
as a partial correlation controlling for log corpus
frequency, a known confound in both measures.
We treat o = 0.05 as the significance threshold
throughout.

3.3 SEEDLingS Ecological Validation

To assess how closely the training corpus re-
flects real infant experience, we compare it with
SEEDLingS, a longitudinal corpus of day-long
home recordings from 44 infants between 6 and
17 months of age (Bergelson and Aslin, 2017;
Bergelson et al., 2019). Its publicly released noun-
annotation dataset (Kalenkovich et al., 2025) con-
tains 358,300 hand-annotated noun tokens with
lemmatized global_basic_level labels. We use
each lemma’s token count as a measure of its fre-
quency in real infant input. This comparison re-
quires no model and no training: it relates two fre-
quency distributions over the same vocabulary.
Matching these lemmas to the CDI words in
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our analysis yields 299 words with at least 10
SEEDLIingS tokens. Over this set, we calculate
three Spearman correlations: the correlation be-
tween training-corpus frequency and real input
frequency; the correlation between human AoA
and real input frequency; and the correlation be-
tween human AoA and training-corpus frequency.
All analyses use log frequencies. Corpus fre-
quency is the number of sentences containing the
word. Lines in the CHILDES portion begin with
a speaker code, which the tokenizer would other-
wise read as an ordinary word, so these prefixes
are stripped before counting.

We then repeat the same three correlations sep-
arately for each of the six source corpora, which
asks not whether the corpus as a whole diverges
from real infant input but which of its components
do. Because the sources differ in size, we report
the number of matched words behind each corre-
lation. We run this breakdown on both the Strict-
Small corpus and the larger Strict corpus, where
the same words are estimated from roughly ten
times as much text.

4 Results

4.1 How Far Is the Corpus from Real Infant
Input?

Table 2 presents the SEEDLingS comparison
across the 299 matched CDI nouns. Two findings
stand out.

First, word frequencies in the Strict-Small cor-
pus correlate only moderately with frequencies in
real infant input (p = 0.42). The corpus therefore
approximates the overall scale of early linguistic
experience but not its lexical distribution.

Second, real input frequency predicts human
AoA much more strongly (p = —0.79, p < 107%3)
than the training corpus’s own frequencies do for
the same words (p = —0.48). The frequency sig-
nal most strongly associated with children’s acqui-
sition order, how often they hear a word, is there-
fore only weakly represented in the corpus from
which a curriculum must be built.

4.2 Which Sources Diverge?

Table 3 repeats the comparison for each source cor-
pus separately. Two further findings stand out.
First, CHILDES stands apart. Its word frequen-
cies correlate with real infant input at p = 0.55
on the Strict corpus, against 0.27 £+ 0.06 for the
five remaining sources. The same ordering holds

Comparison (n = 299 nouns) p P

Corpus vs. real input freq. 042 5.8x1074
Human AoA vs. real input freq. —0.79 4.6x107%*
Human AoA vs. corpus freq. —0.48 3.2x107'8

Table 2: Ecological validation against real infant input.
Values are Spearman correlations of log frequencies
across CDI nouns matched to a SEEDLingS lemma
with at least 10 tokens. The corpus only moderately
reproduces real input frequency (row 1), while real in-
put frequency is much more strongly associated with
human AoA than corpus frequency is (rows 2 and 3).

Strict-Small Strict
Source n p n p
CHILDES 298 048 298 0.55

Simple Wikipedia 261  0.29 298 0.29

OpenSubtitles 291  0.28 298 0.30
Gutenberg 264 0.25 293 0.31
BNC-Spoken 234 020 282 0.29
Switchboard 63 0.09 192 0.14
All pooled 299 042 299 045

Table 3: Correlation between each source corpus’s
word frequencies and real infant input frequency, com-
puted separately per source. n is the number of CDI
nouns clearing the matching threshold in that source.
CHILDES is markedly closer to real infant input than
any other source, and the pooled corpus falls below
CHILDES alone.

on Strict-Small, and CHILDES frequencies also
predict human AoA far better (p = —0.63) than
any other source. This is what one would expect
of the only component that is itself child-directed
speech.

Second, pooling lowers fidelity rather than rais-
ing it. The full corpus reproduces real input fre-
quency at p = 0.45, below CHILDES alone at
p = 0.55. Adding the non-child-directed sources
therefore moves the corpus away from the distribu-
tion infants receive, even as it adds data.

The remaining five sources are not ordered by
how speech-like they are. Written text (Guten-
berg, p = 0.31) sits above adult conversation
(BNC-Spoken, p = 0.29), and the lowest value be-
longs to a spoken corpus rather than a written one.
What separates the sources is child-directedness,
not spokenness. We note that Switchboard is the
smallest source and clears the matching threshold
for only 63 words on Strict-Small, so its value
there is the least reliable in the table.
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4.3 Does Ordering the Corpus Help?

Table 4 reports the curriculum and baseline mod-
els across the three training configurations. In ev-
ery configuration the curriculum-trained model’s
acquisition order aligns closely with human AoA
order, and the flat-shuffle baseline’s does not. On
one pass over Strict-Small the curriculum reaches
p = 0.77 £ 0.02 against 0.09 £ 0.03 for the base-
line; the gap persists at ten epochs (0.63 £ 0.02
against 0.16 + 0.02) and on the 100M corpus
(0.78 +0.01 against 0.22 £ 0.02). Seed variability
is small throughout, and the difference is signifi-
cant at the level of training runs in all three config-
urations (p < 107°).

This alignment is, however, largely mechani-
cal. The curriculum is constructed by ordering
sentences by the AoA of the words they contain,
so the position at which a word first appears in the
training stream is itself almost perfectly correlated
with its human AoA (p = 0.96). The model in
turn acquires words roughly in the order it encoun-
ters them (p = 0.78 on one pass). Table 5 partials
out corpus position: the residual alignment with
human AoA falls to p = 0.32, and takes similar
values at ten epochs (0.25) and on 100M words
(0.29). Most of what the headline correlation mea-
sures is therefore the curriculum reproducing the
ordering it encodes, though a smaller association
survives that presentation order alone does not ex-
plain.

The ordering also does not transfer to grammat-
ical competence. On BLiMP the curriculum and
baseline models are indistinguishable in every con-
figuration, with differences of —1.00, —0.10 and
—0.19 points (all p > 0.16; Appendix A). The
differences are uniformly small, uniformly nega-
tive, and shrink as training increases. We find no
evidence that ordering the corpus by age of acqui-
sition improves what the model learns about lan-
guage, at any of the three budgets.

5 Discussion

Taken together, the two analyses point the same
way. Ordering the corpus by age of acquisition re-
liably produces a model whose acquisition order
matches the human one, but most of that match
is the ordering reproducing itself, and none of it
reaches grammatical competence. Meanwhile the
corpus being ordered is only a moderate approxi-
mation of the language infants actually hear. The
lever that was available to us turns out to matter

Corpus / schedule Condition p partial
10M, 1 pass Curriculum 0.77 £0.02  0.82
Flat-shuffle 0.09 +£0.03 —0.06
10M, 10 epochs Curriculum 0.63 £+ 0.02 0.58
Flat-shuffle 0.16 £ 0.02 0.03
100M, 1 pass Curriculum 0.78 £+ 0.01 0.81
Flat-shuffle 0.22 £ 0.02 0.09

Table 4: Spearman correlations between model AoA
and human CDI AoA, as mean =+ standard deviation
over three random seeds. The partial column controls
for log corpus frequency. In every configuration the
curriculum-trained model aligns with human AoA or-
der and the baseline does not.

10M
1 pass

10M
10 ep.

100M
1 pass

Corpus position vs. human AoA 0.96 0.96 0.97
Model AoA vs. corpus position 0.78 0.53 0.79
Model AoA vs. human AoA 0.80 0.57 0.81

Residual, controlling position 0.32 0.25 0.29

Table 5: How much of the curriculum’s AoA alignment
is attributable to presentation order. The curriculum
encodes human AoA almost perfectly by construction
(row 1) and the model largely follows the order it is
given (row 2). Controlling for corpus position leaves
a smaller residual association (row 4). All values are
Spearman correlations over seed-averaged model AoA;
p < 1078 for every residual.

less than the material it was applied to.

The sub-corpus breakdown locates the gap more
precisely. It is not that the corpus is uniformly un-
like infant input; it is that one component resem-
bles it and the rest do not, and that pooling them
together moves the whole further away. Nor is the
difference explained by how speech-like a source
is: written text ranks above adult conversation, and
the lowest source is spoken. What distinguishes
CHILDES is that it is addressed to children. This
bears on how such corpora might be assembled.
If the objective is a developmentally plausible cor-
pus, the sampling weights across registers are a de-
sign parameter, and one that could be set against a
measured distribution of real input rather than by
availability.

We do not read this as an argument that child-
directed speech should simply crowd out the other
sources. Infants hear a great deal of speech not ad-
dressed to them, and day-long recordings capture
that mixture as it actually occurs; this is precisely
why SEEDLingS, rather than CHILDES alone, is
the appropriate reference. The finding is not that

183



the corpus should contain more CHILDES, but
that its mixture does not match the mixture infants
receive, and that the mismatch is measurable.

Two caveats attach to the curriculum result. The
first is that our curriculum is built from CDI norms
and then evaluated against CDI norms, so a posi-
tive correlation is close to guaranteed; the position-
controlled analysis is what separates the mechani-
cal part from the remainder. The second is that
the residual we do observe, at p ~ 0.3 across all
three configurations, is not itself explained. It is
stable under a tenfold change in either data or com-
pute, which suggests it reflects something about
the words rather than about the training budget, but
we have not isolated what.

We therefore read the result as informative
rather than encouraging. AoA curricula reproduce
the order they encode and, on the evidence here,
buy nothing beyond it. Improving the developmen-
tal fidelity of the training corpus itself may matter
more than reordering its existing contents.

6 Limitations

The residual is unexplained. Partialling out
corpus position leaves an association between
model and human AoA of p ~ 0.3 in every config-
uration (Table 5). We do not know what produces
it. It is stable under a tenfold change in either
training data or compute, which argues against its
being an artefact of training budget, but we have
not established whether it reflects properties of the
words themselves or a residual frequency effect
that the position control does not absorb. The two
controls we report, for frequency and for position,
were applied separately rather than jointly.

Circular construction. The curriculum is built
from CDI norms and evaluated against CDI norms,
so some positive correlation is guaranteed by con-
struction. This is why we report the position-
controlled analysis alongside the raw correlation,
and why we do not treat the headline value as
evidence that the curriculum induces human-like
learning. A design that ordered the corpus by a
measure independent of the evaluation would test
the underlying claim more directly.

Sparse and proxy norms. The CDI covers only
504 words. Consequently, any sentence contain-
ing none of these words is assigned to the latest
AoA bin regardless of its actual complexity; such
sentences constitute roughly 58% of the curricu-

lum, and the majority of stage 5 (Table 1). Extend-
ing the vocabulary coverage with the reading-AoA
norms of Kuperman et al. (2012) could produce
more precise later stages, but this extension fell
outside the scope of the present study.

Operationalization of model AoA. Our
definition—the first checkpoint at which surprisal
crosses the 50%-of-range threshold from an
untrained reference—is one of several possible
choices. It may be sensitive to the number of
context sentences used, up to 20, and to the
particular contexts selected, which differ from
the official pipeline’s fixed, released context set.
We note that the choice of reference point is not
innocuous: measuring the range from the first
training checkpoint rather than from initialisation
inverts the measure for precisely those words a
curriculum front-loads (§3.2).

SEEDLingS matching. The ecological com-
parison is based on 299 CDI nouns matched
by lemma to the SEEDLingS noun annotations
(Kalenkovich et al., 2025). It therefore covers only
nouns, the category annotated in the dataset, rather
than the complete set of CDI words. Lemma-level
token counts are also a coarse proxy for the fre-
quency of a word in an individual child’s input.
Nevertheless, the analysis draws on real longitu-
dinal recordings from 44 infants rather than on
corpus-derived proxies.

Uneven source sizes. The per-source break-
down estimates each correlation from the text
available in that source, and the sources differ
by two orders of magnitude in size. Switch-
board clears the matching threshold for only 63 of
the 299 words on Strict-Small, so its value there
should be read as the least reliable in Table 3; the
larger Strict corpus mitigates but does not remove
this.

Scope. All experiments are in English. The cur-
riculum results cover the Strict-Small and Strict
corpora; we make no claims about the Multilin-
gual track, and we do not compare against the offi-
cial competition baseline, which we did not run.

Ethical Considerations

All training corpora come from the officially dis-
tributed BabyLM Strict-Small release. The CDI
norms come from Wordbank’s public developmen-
tal data (Frank et al., 2017), and the SEEDLingS
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noun annotations are available as a public, de-
identified, CC-BY release (Kalenkovich et al.,
2025). No new human-subject data were collected,
and we did not access the raw recordings. We train
and release only small, 124M-parameter models
and make no claims regarding deployment.

Code and data availability. All corpus-
construction, training and analysis code, together
with the derived result files underlying every
reported correlation, is available at https:
//github.com/imrulhuda/babylm-aoca-audit.
The SEEDLingS noun annotations are obtained
from the CC-BY release of Kalenkovich et al.
(2025); the BabyLM corpora are used as dis-
tributed by the challenge organisers.
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A Zero-Shot Linguistic Evaluation

Table 6 reports filtered BLiMP accuracy for every
model discussed in §4.3: two conditions, three ran-
dom seeds, and three training configurations. We
report BLIMP alone; the remaining zero-shot tasks
in the challenge suite were not rerun for these mod-
els.

Two observations follow. First, accuracy rises
with training as expected, from 60 on a single pass
over Strict-Small to 69 at ten epochs and 75 on
the 100M corpus, against a chance level of 50.
The models underlying the curriculum comparison
are therefore trained well past the point at which
BLiMP is uninformative.? Second, the curriculum
and baseline models are indistinguishable at every
budget. The differences are —1.00, —0.10 and
—0.19 points, none significant at n = 3 per con-
dition (p = 0.169, 0.850, 0.447), and they narrow
as training increases.

2For reference, the version of this work submitted for re-
view reported 55.99 on a single, shorter run; see §3.2.

Corpus / sched. Condition s42  s43  s44 mean

10M, 1 pass Curriculum 59.29 60.15 60.84 60.09
Flat-shuffle 61.42 61.54 60.31 61.09
10M, 10 ep. Curriculum 68.86 69.04 67.90 68.60
Flat-shuffle 69.34 68.43 68.32 68.70
100M, 1 pass  Curriculum 75.40 75.10 74.97 75.16

Flat-shuffle 75.11 75.70 75.22 75.34

Table 6: Filtered BLIMP accuracy (%) at the final
checkpoint, by condition, seed and training configura-
tion. Chance is 50. Accuracy increases with training
budget, and the curriculum confers no advantage over
the shuffled baseline in any configuration.
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