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Abstract

Small language models are often trained un-
der tight data budgets, where the choice of
pretraining corpus may matter as much as
model size or training recipe. We compare two
contrasting corpora at matched 10-million-
and 37-million-word budgets: the 1911 Ency-
clopaedia Britannica and the BabyLM 2026
strict pretraining corpus. For each corpus,
we train teacher models, distilled 58-million-
parameter Baby-Llama students, and no-
distillation student ablations, using the same
model families, training recipes, and evalua-
tion protocol across corpora. Across BLiMP,
BLiMP Supplement, EWoK, Entity Tracking,
and COMPS, the corpora produce different
skill profiles rather than a single quality rank-
ing. BabyLM 2026 is consistently stronger
on linguistic acceptability benchmarks, while
Britannica is often stronger on Entity Track-
ing, a synthetic state-tracking task. The con-
trast appears across teacher and student mod-
els and at both budgets, with the cleanest
cross-seed replication in the distilled student
comparison. Targeted controls show that the
central contrast persists after matching train-
ing exposure and at a longer diagnostic con-
text; direct teacher ensembling also does not
reproduce the 10M Britannica student’s En-
tity Tracking behavior. Entity Tracking mag-
nitudes nevertheless remain sensitive to train-
ing dynamics. For this corpus pair, corpus
choice can therefore produce different relative
skill profiles at small scale, motivating multi-
benchmark evaluation when comparing pre-
training data.

1 Introduction

Frontier language models are trained on hundreds
of billions to trillions of tokens (Hoffmann et al.,
2022; Touvron et al., 2023; Brown et al., 2020).
At that scale, corpus effects are entangled with
large heterogeneous mixtures, filtering pipelines,
and training recipes. In our setting, by contrast, a

model’s entire pretraining history comprises only
tens of millions of words from one corpus. Re-
curring properties of that corpus—such as reg-
ister, discourse structure, and sentence length—
therefore make up a larger share of what the model
observes and may have a more visible effect. Yet
prior small-model work (Warstadt et al., 2023;
Timiryasov and Tastet, 2023) often varies the cor-
pus alongside the budget, tokenizer, or evalua-
tion pipeline, making it difficult to attribute per-
formance differences to the source data itself.

Our objective is to test whether changing
the pretraining corpus under a matched proce-
dure produces a uniform performance difference
or changes the model’s relative strengths across
skills. We use small models as controlled ex-
perimental probes of this question, not as pro-
posed deployment systems. We compare two con-
trasting corpora at matched 10-million- and 37-
million-word budgets: the 1911 Encyclopaedia
Britannica, a single-source formal encyclopedia,
and the BabyLM 2026 strict corpus, a heteroge-
neous mixture of child-directed speech, dialogue,
simple Wikipedia, and transcribed speech. For
each corpus, we first train larger teacher language
models directly on that corpus. We then train
58-million-parameter Baby-Llama student mod-
els (Timiryasov and Tastet, 2023), either with
knowledge distillation (KD)—Ilearning from both
the text and the teachers’ predictions—or with-
out it. “Matched” means that corresponding mod-
els across the two corpora use the same archi-
tecture, tokenizer-training procedure, optimization
recipe, and evaluation protocol; only the source
data and the vocabulary learned from it differ.
Consequently, the comparison matches source-
word budget and procedure, but not the resulting
vocabulary or token count.

We evaluate the models zero-shot, without
task-specific training, on five benchmarks. The
Benchmark of Linguistic Minimal Pairs (BLiMP)
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and its Supplement test grammatical acceptabil-
ity (Warstadt et al., 2020; BabyLM Challenge Or-
ganizers, 2026); Elements of World Knowledge
(EWoK) probes basic world knowledge (Ivanova
et al., 2024); Entity Tracking tests state track-
ing and reference resolution in synthetic discourse
(Kim and Schuster, 2023); and Conceptual Min-
imal Pair Sentences (COMPS) probes semantic
property knowledge (Misra et al., 2023). Across
this suite, neither corpus dominates (Figure 1).
BabyLLM 2026 is consistently stronger on BLiMP
and its Supplement, while Britannica is often
stronger on Entity Tracking. This pattern appears
in the teachers before distillation, persists in the
students, and holds most clearly in the matched
distilled-student comparisons at both budgets.
Our contributions are threefold. First, we
provide a paired corpus comparison across two
data budgets, two training seeds, teacher and
student models, and distilled and non-distilled
students, supplemented by a matched-exposure
control.  Second, we document a replicated
cross-benchmark ranking reversal: BabyLM 2026
is stronger on linguistic acceptability, whereas
Britannica is often stronger on synthetic state
tracking. This shows, for this corpus pair, that
changing the pretraining data can alter rela-
tive strengths rather than producing a uniform
performance shift.  Third, by observing the
contrast in teachers before distillation and in
students trained without it, while separately
measuring corpus-dependent KD effects, we
distinguish the central corpus result from a
distillation artifact. Reporting only BLiMP would
therefore produce a clean but partial ranking.
This is especially relevant to cognitively moti-
vated, data-limited modeling, where acquisition
should be evaluated as a profile of emerging
capabilities rather than a single aggregate score.
Our code and configurations are available at
https://github.com/EdoardoVaira/
babylm-corpora-skills, and
the  Britannica corpus at https://
huggingface.co/datasets/EdoVaira/
Encyclopedia-Britannica.

2 Related work

The effect of pretraining data composition on
model behavior has been studied extensively at
large scale. Li et al. (2024) introduce a con-
trolled benchmark for dataset experiments with

412M-7B parameter models; Penedo et al. (2024)
show that aggressive quality filtering yields large
gains for billion-token models; Longpre et al.
(2024) systematically vary data age, domain cov-
erage, quality, and toxicity; and Albalak et al.
(2024) survey the broader data-selection literature.
These studies share a common finding—data qual-
ity and composition matter—but they operate at
web-corpus scale with models far larger than those
studied here, where corpus identity is entangled
with filtering, mixing, and scaling choices.

At smaller scale, targeted data has supported
strong results. Eldan and Li (2023) show that a
constrained synthetic story corpus can train mod-
els below 10M parameters to generate coherent
English. Gunasekar et al. (2023) train competi-
tive models from 7B tokens of textbook-style data,
and the Phi family (Abdin et al., 2024) extends
this curated-data approach to billion-scale models.
The BabyLM Challenge (Warstadt et al., 2023)
established matched-budget developmentally mo-
tivated pretraining as a testbed for small lan-
guage models, and BabyLlama (Timiryasov and
Tastet, 2023) showed that a 58M student can per-
form strongly after distillation from corpus-trained
teachers. We use the BabyLM 2026 strict corpus
(BabyLLM Challenge Organizers, 2026) as one side
of our comparison. However, prior small-model
work typically trains on a single corpus or varies
the corpus alongside the budget, tokenizer, or eval-
uation pipeline, so corpus-specific effects are con-
founded with other design choices.

Knowledge distillation (KD) is a standard
model-compression technique (Hinton et al.,
2015; Bucila et al., 2006); in our setting, it is part
of the BabyLlama-style training recipe rather than
the main object of study. We adopt the BabyL-
lama distillation recipe and S8M student architec-
ture (Timiryasov and Tastet, 2023). Within each
matched comparison, we substitute the source cor-
pus while keeping the model family, tokenizer-
training procedure, training recipe, and evaluation
protocol fixed. Our contribution is not the generic
observation that language models depend on their
training corpus, which is long established. Rather,
we use a paired small-model design to character-
ize a replicated reversal in the relative corpus rank-
ing across acceptability and state-tracking evalua-
tions.
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3 Datasets

We use two pretraining corpora at matched word
budgets: the 1911 Encyclopaedia Britannica
and the BabyLM 2026 strict pretraining corpus
(BabyLM Challenge Organizers, 2026). Table 1
summarizes their key properties.

3.1 Corpora

We chose Britannica because it is expert-edited
with a consistent formal register, covers a wide
range of topics, and provides a clear stylistic
contrast to heterogeneous small-model pretraining
corpora. We use the article volumes of the 11th
edition (1911), scraped as volumes 1-28 and ex-
cluding the index volume. The source is digitally
accessible, has a clear temporal boundary on its
knowledge scope, and is public domain.

The BabyLLM 2026 strict corpus provides the
contrasting side of the comparison. It is a het-
erogeneous mixture of child-directed speech, di-
alogue, simple Wikipedia, transcribed speech, and
other text. We use the larger Strict vari-
ant rather than Strict-Small because only
Strict is large enough to support both a 10M-
word and a 37M-word matched track from a single
source.

The two corpora differ sharply in discourse
structure. Britannica consists of long formal ar-
ticles, for example:

“QUINSY, a common term for acute
suppurative tonsillitis...”

BabyLLM 2026 contains many short utterances and
dialogue turns, for example:

“*MOT: does the monkey know how to
drive the train?”

These differences in register, document length,
sentence length, and topical continuity are the in-
tended source of variation in our comparison.

3.2 Preparation and splits

We scrape Britannica articles from Wikisource,
convert the scraped JSON to plain text, and apply
a Britannica-specific cleanup step that normalizes
Unicode, whitespace, quotes, dashes, and punc-
tuation spacing, and removes bracketed numeric
reference markers and g.v./cf. parentheticals. For
BabyLM 2026, we use the official Hugging Face
release, whitespace-normalize each source row,

and apply the same document-boundary token
convention as for Britannica.

Both corpora are split into matched 10M-word
and 37M-word training tracks, with approximately
2M-word and 1M-word validation splits respec-
tively. Splits are formed by shuffling source docu-
ments with data-split seed 42, accumulating whole
documents until the target word count is reached,
and inserting explicit boundary tokens (<s> and
</s>) between documents. Because whole doc-
uments are preserved, actual word counts can
slightly exceed the nominal targets. The 10M
training split is nested inside the 37M training split
for each corpus; validation documents for the sep-
arate 10M-budget run can therefore appear in the
37M training split. Validation splits are used only
for training monitoring; all reported scores come
from external zero-shot benchmarks. Appendix E
reports the BabyLLM 2026 split manifests, and Ap-
pendix C reports token counts for all tracks.

3.3 Tokenization and sequencing

We train a separate 16,000-token byte-pair encod-
ing (BPE) tokenizer on each track’s training split,
following the BabyLlama recipe (Timiryasov and
Tastet, 2023). The tokenizer-training proce-
dure is fixed, but vocabularies and token counts
are corpus-specific; we therefore treat this as
a matched-procedure comparison rather than a
shared-vocabulary study. Because training uses
fixed 128-token slices, matched source-word bud-
gets do not imply matched token budgets. In
these splits, BabyLM 2026 yields about 1.37x
as many BPE training tokens as Britannica at
both budgets, reflecting both corpus-specific BPE
segmentation and BabyLM’s many short source
segments, which introduce far more document-
boundary markers.

The tokenized text is segmented into 128-token
slices. Longer documents span multiple slices,
while shorter documents can share a slice with
neighbors. During training, the slice start is ran-
domly offset within a 128-token window; during
validation, slices are deterministic and contiguous.
Any final incomplete slice is discarded rather than
padded.

4 Model architecture and training

To separate corpus effects from artifacts of a sin-
gle architecture or distillation pipeline, we train
three kinds of models per corpus: (i) larger teacher



Statistic Brit. 10M  Brit. 37M  BabyLM 10M  BabyLM 37M
Train documents 9,181 34,295 1.17M 4.30M
Mean document words 1,089 1,079 8.6 8.6
Median document words 318 318 5 5
Mean sentence words 20.3 20.2 7.5 7.5
Word types 239k 532k 170k 344k
Tokenizer tokens / word 1.42 1.42 1.95 1.95

Table 1: Corpus properties for the matched 10M- and 37M-word training splits. Britannica is a single-source
formal encyclopedia corpus; BabyLM 2026 is a heterogeneous mixture of child-directed speech, dialogue, simple
Wikipedia, transcribed speech, and other text. Sentences are segmented on terminal punctuation. Token counts use
each track’s corpus-specific tokenizer and include document-boundary tokens.

Llama GPT-2 GPT-J
Layers 24 24 24
Attention heads 8 16 16
Hidden dimension 1024 1536 1536
Intermediate dimension 3072 6144 6144
Parameters 360M 705M 705M
Epochs 4 6 4
Effective batch size 128 256 128
Peak learning rate 3x107* 2.5x107* 25x107*

Table 2: Teacher architectures and training recipes. All
teachers share a cosine learning-rate schedule with 300
warm-up steps. GPT-J is trained only at the 10M bud-
get.

models trained directly on the corpus, (ii) S8M-
parameter Baby-Llama students distilled from an
ensemble of corpus-matched teachers, and (iii)
58M students trained without distillation on the
same data. All models are trained from scratch
on 128-token sequences with the corpus-specific
tokenizer for that track. Although the architec-
tures support a maximum context of 256 tokens,
we use this extended capacity only for the diag-
nostic context-length check in Section 5.1. We run
the full matched sweep with training seeds 2023
and 43, separate from the data-split seed, and eval-
uate all models zero-shot. Absolute-score tables
use seed 2023 for readability, while Table 3 reports
the paired corpus effects for both seeds and their
across-seed variability.

4.1 Teacher models

We train multiple teacher architectures on each
corpus to verify that corpus effects are not spe-
cific to a single architecture. At the 10M bud-
get, we use three teachers (Llama-360M, GPT-2-
705M, GPT-J-705M); at 37M, we use two (Llama-
360M, GPT-2-705M). Table 2 summarizes the ar-
chitectures and training recipes. All teachers use
a cosine learning-rate schedule with 300 warm-up
steps; validation loss is computed after each epoch
on a fixed random subset of 8,192 sequences.

4.2 Student models

All 58M students share a single Llama-based
architecture: 16 transformer layers, 8 attention
heads, hidden dimension 512, and intermediate
dimension 1024 (~58M parameters). Each is
trained from scratch for 6 epochs with effective
batch size 32, peak learning rate 2.5 x 1074, a co-
sine schedule with 200 warm-up steps, and weight
decay 0.1. As with the teacher runs, validation loss
is computed after each epoch on a fixed subset of
8,192 validation sequences.

Distilled students. We follow the BabyLlama
recipe (Timiryasov and Tastet, 2023; Hinton et al.,
2015; Bucila et al., 2006). The student is trained
against both next-token labels and soft targets ob-
tained by averaging the raw logits of two corpus-
matched teachers (Llama + GPT-2 by default, or
Llama + GPT-J for the alternate-teacher 10M vari-
ant), then applying temperature 7' = 2. Teacher
logits are computed on the same training batches
seen by the student. The loss is

L=aLeg+(1—a)T?Lg,

with &« = 0.5, where Lcg is cross-entropy on
the next-token labels and Lk is the KL diver-
gence between the student’s softened distribu-
tion and the softened distribution of the aver-
aged teacher logits. In the implementation, the
model-provided cross-entropy is averaged over
non-masked tokens, while the KL term uses Py-
Torch’s bat chmean reduction (summed over to-
ken positions and divided by batch size).

No-distillation baseline. At both word budgets,
we additionally train a student with the same ar-
chitecture, optimizer, schedule, and number of
epochs, but using plain cross-entropy on next-
token labels with no teacher signal. This lets us
separate corpus effects from distillation effects.



4.3 Compute

All runs use a single NVIDIA A40 graphics
processing unit (GPU) with 16-bit floating-point
(fp16) training. At 10M words, training takes
roughly 1-2 hours for a Llama teacher, 3—4.5
hours for a GPT-style teacher, and 4-6 hours for a
distilled 58M student; no-distillation students omit
teacher forward passes and take roughly 0.5-0.8
hours. At 37M words, training scales to roughly
4-6 hours for a Llama teacher, 11-16 hours for a
GPT-2 teacher, about 15-20 hours for a distilled
58M student, and 2—2.5 hours for a no-distillation
student.

5 Experimental results

5.1 Evaluation suite

We evaluate every trained model on a zero-shot
suite drawn from the BabyLM 2026 strict eval-
uation pipeline (BabyLM Challenge Organizers,
2026), which extends the BLiMP-only protocol
used in earlier BabyLM Challenge editions. The
main text focuses on five metrics:

* BLiMP (Warstadt et al., 2020) — 67 minimal-
pair tasks targeting syntax, semantics, and
morphosyntax.

* BLiMP Supplement (BabyLM Challenge
Organizers, 2026) — an extension of BLiMP
with additional and more diverse minimal-
pair tasks.

* EWoK (Ivanova et al., 2024) — minimal-pair
world-knowledge probes.

e Entity Tracking (Kim and Schuster, 2023)
— a synthetic state-tracking benchmark in
which a context describes a sequence of op-
erations on entities (e.g. boxes containing ob-
jects), and the model must select the contin-
uation that correctly describes the resulting
state.

* COMPS (Misra et al., 2023) — minimal-pair
semantic plausibility.

For all benchmarks, higher scores indicate bet-
ter performance. Because our main protocol uses
128-token training sequences and a tokenizer-
declared context window of 128 tokens, we ap-
ply left-truncation to the zero-shot evaluation in-
puts. To check whether the Entity Tracking re-
sults are driven by left-truncation (since prompts

at higher operation counts can exceed 128 to-
kens), we additionally re-evaluate all models at
256-token context—the maximum supported by
the models’ position embeddings.! The full 256-
token Entity Tracking results are reported in Ap-
pendix B; the Britannica-vs-BabyLLM ranking and
the student-vs-ensemble patterns reported below
hold at both context lengths. We also run the
BabyLM reading benchmark, which reports cor-
relations against eye-tracking (Eye) and self-paced
reading (SPR) data; scores are low overall and do
not change the main corpus-tradeoff conclusion,
so we report them only in Appendix A.

5.2 Main results: different corpora, different
skills

Figure 1 gives the seed-2023 skill profiles. We
next test whether the paired corpus effects repli-
cate under seed 43. Table 3 reports BabyLM 2026
minus Britannica for every matched model family
under both seeds, so positive BLiIMP/Supplement
values indicate a BabyLM advantage, while neg-
ative Entity Tracking values indicate a Britannica
advantage.

All 20 matched BLiMP comparisons favor
BabyLM 2026 across the two seeds. Eighteen
of 20 Entity Tracking comparisons favor Bri-
tannica; the two reversals are the seed-43 37M
GPT-2 teacher and 10M no-KD student. Every
matched KD-student comparison preserves both
directions. For the default Llama+GPT-2 KD stu-
dents, the paired effects computed from the un-
rounded benchmark-subtask accuracies (mean =+
sample standard deviation over two seeds) are
+7.64+0.79 BLIMP, +10.83 +0.86 Supplement,
and —19.63 £ 3.73 Entity Tracking at 10M; at
37M they are +10.55 + 0.33, +-7.08 £ 1.89, and
—4.88 £ 0.25, respectively. Because these sum-
maries use unrounded accuracies, they can dif-
fer by 0.01 from averages reconstructed from the
rounded table entries. These standard deviations
summarize two runs and therefore provide only a
limited estimate of training variability. Separately,
paired hierarchical-bootstrap 95% confidence in-
tervals over benchmark-subtask groups and paired
items exclude zero for all three metrics at both
budgets and both seeds (Appendix F); these in-

I'The 256-token setting is diagnostic rather than the main
protocol: all models were trained on 128-token slices. The
Llama-based models use rotary position embeddings (RoPE),
while GPT-2 teachers use learned absolute position embed-
dings; some GPT-2 teacher rows, especially at 10M, are
therefore sensitive to positions 128-255.
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Figure 1: Skill profiles of the seed-2023 experimental sweep on five zero-shot metrics. Each panel shows one met-
ric; bars give the mean accuracy per (corpus, budget) combination, and circles mark individual models (3 teachers
+ 3 students at 10M; 2 teachers + 2 students at 37M). The Britannica corpus produces higher Entity Tracking in the
main matched comparisons; the BabyLM 2026 corpus produces higher BLiIMP, BLiMP Supplement, and (slightly)
COMPS; EWoK is essentially tied. Table 3 reports the paired effects for both training seeds.

ABLiMP ASupp AEntity
Budget Matched model family 52023 s43 52023 s43 52023 s43
10M Llama-360M teacher +8.19  +797 +7.65 +1046 —838 —8.05
10M GPT-2-705M teacher +7.73  +8.19 +7.78 +521 —-8.02 -1649
10M GPT-J-705M teacher +5.99 +7.22 41196 +553 —-1229 —4.59
10M Baby-Llama-58M student (KD, Llama+GPT-2)  +7.07 +8.19 +10.23 +11.44 —-22.27 —17.00
10M Baby-Llama-58M student (KD, Llama+GPT-J)  +691 4641 +10.15 +11.75 —-22.58 —5.49
10M Baby-Llama-58M student (no KD) +6.88 4897 4995 +11.09 —-297 4649
37T™M Llama-360M teacher +8.76  +8.83  +3.71 +4.72 =234 —1.52
37T GPT-2-705M teacher +10.16  +9.61 +8.87 4490 —13.70 +7.44
37M Baby-Llama-58M student (KD, Llama+GPT-2) +10.32 +10.79 +5.74 +842 —-470 —5.06
37M Baby-Llama-58M student (no KD) +9.91 +9.66 +860 +536 —549 —-12.23

Table 3: Paired corpus effects under both training seeds. Deltas are BabyLM 2026 minus Britannica for the same
model family and source-word budget. Positive BLiIMP/Supplement values favor BabyLLM 2026; negative Entity

Tracking values favor Britannica.

tervals quantify evaluation-set uncertainty condi-
tional on each checkpoint, not training variability.
Appendix A reports the seed-2023 absolute scores.

Because the BabyLM split yields 1.37x as
many BPE tokens per matched word budget, we
also run a 10M matched-exposure control cover-
ing the Llama and GPT-2 teachers used by the
default KD student, that KD student, and the no-
KD student. We retain the BabyLM split and tok-
enizer but cap each model at its Britannica coun-
terpart’s optimizer-step count, thereby matching
schedule length and approximately matching 128-
token sequence presentations. BabyLLM remains
ahead on BLiMP and Supplement in all four con-
trolled models. Britannica remains ahead on En-
tity Tracking in both controlled teachers and the
KD student; the no-KD comparison reverses to
a small 1.28-point BabyLM advantage, consis-
tent with that row’s seed sensitivity above. Ap-
pendix D gives the design and results. This control
matches total training exposure, not the number of
unique tokens in the two corpora.

Tables 4 and 5 zoom in on the 58M students at
both budgets.

Three further points are visible in these tables.
First, the 58M students are competitive with the
larger teachers on BLiMP: at 10M, the no-KD stu-
dent exceeds all three Britannica teachers (63.01
vs. 61.45-62.61) and is within 0.45 points of
the best BabyLM 2026 teacher (69.89 vs. 70.34).
Thus, the corpus comparison remains informative
even though the students are substantially smaller
than the teachers.

Second, within the two 10M KD configura-
tions, swapping GPT-J for GPT-2 as the second
teacher changes student BLiMP by less than 0.7
points on either corpus and does not alter the
BLiMP/Supplement versus Entity Tracking pat-
tern. In this comparison, the corpus-associated
differences are larger than those between the two
teacher pairs.

Third, the cross-over persists at 37M. In the
KD students, BabyLM 2026 gains a further ~5
BLiMP points over its 10M student (71.76 —



Model BLiMP Supp EWoK Entity COMPS
Britannica 10M
Baby-Llama-58M (KD, Llama+GPT-2) 64.69 46.60 49.81 37.10 51.23
Baby-Llama-58M (KD, Llama+GPT-J) 64.19 46.27 51.02 37.26 51.21
Baby-Llama-58M (no KD) 63.01 47.45 50.84  26.11 50.63
BabyLM 2026 10M
Baby-Llama-58M (KD, Llama+GPT-2) 71.76  56.83  50.08 14.83 52.00
Baby-Llama-58M (KD, Llama+GPT-J) 71.10 5642 5026 14.68 52.22
Baby-Llama-58M (no KD) 69.89 5740 5097 23.14 51.68

Table 4: Seed-2023 zero-shot evaluation of 58M students at matched 10M-word budget on the Britannica and
BabyLM 2026 corpora. KD labels name the two-teacher ensemble used for distillation; “no KD” is the matched
non-distilled baseline. Bold marks the best entry per metric across both corpora.

Corpus Model BLiMP Supp EWoK Entity COMPS
Britannica 37M KD, Llama+GPT-2 6595 51.08 50.36 21.80 53.42
Britannica 37M no KD 64.66 47.87 50.58  22.22 53.27
BabyLM 2026 37M KD, Llama+GPT-2 76.27 56.82 5124 17.10 54.66
BabyLM 2026 37M no KD 7457 5647 5093 16.73 54.18

Table 5: Seed-2023 zero-shot evaluation of 58M Baby-Llama students at the larger 37M-word budget. KD rows use
the Llama+GPT-2 two-teacher distillation ensemble; no-KD rows use the same architecture and training schedule
without teacher logits. Bold marks the best entry per metric across both corpora.

76.27) while Britannica gains ~1 point (64.69
— 65.95). On Entity Tracking, the Britannica
KD student drops from 37.10 to 21.80, while
the BabyLM 2026 KD student improves slightly
(14.83 — 17.10), leaving Britannica ahead by ~5
points. The 37M no-KD students show the same
corpus direction (22.22 vs. 16.73 on Entity Track-
ing), confirming that the larger-budget contrast is
not created by distillation alone. EWoK is essen-
tially tied across corpora and budgets; COMPS
shows a small consistent BabyLM 2026 advan-
tage.

5.3 Ablations and analysis

Effect of distillation. Table 6 reports the paired
effect of distillation: KD score minus no-KD score
on the same corpus and budget.

For the default Llama+GPT-2 KD rows at 10M,
distillation improves BLiMP by ~1.7-1.9 points
on both corpora and helps COMPS slightly. At
10M it is also mildly negative on Supplement
and EWoK regardless of corpus. The striking re-
sult is Entity Tracking, where the effect is large
but opposite-signed: +10.99 on Britannica ver-
sus —8.31 on BabyLM 2026. Distillation there-
fore amplifies the corpus-level Entity Tracking
contrast rather than reducing it: a ~3-point Bri-
tannica advantage between the no-KD students

(26.11 vs. 23.14) grows to a 22-point gap once
distillation is applied (37.10 vs. 14.83). At 37M,
the KD effect on Entity Tracking is much smaller
on both corpora (—0.42 on Britannica, +0.37 on
BabyLM 2026), so the dramatic Entity Tracking
amplification is specific to the 10M setting.

On BabyLM 2026, the no-KD baseline scores
23.14 on Entity Tracking (above the 20% chance
level), but KD pulls the student down to 14.83 (be-
low chance), suggesting that the distillation signal
can move the student’s preferences away from the
correct continuation on this corpus. On Britan-
nica, by contrast, the KD student reaches 37.10,
roughly 11 points higher than either individual
teacher (Llama 26.13, GPT-2 25.38).

Ensemble baseline and the role of data budget.
A natural hypothesis is that the Britannica KD stu-
dent simply inherits the predictions of the teacher
ensemble: even when each teacher individually
scores around 26, their logit mean might concen-
trate more reliably on the correct option. We test
this directly by scoring Entity Tracking with the
per-token logit mean of each KD student’s two
corpus-matched teachers, using the same evalua-
tion pipeline. Table 7 reports the result.

At 10M, the ensemble scores well below the KD
student in every configuration: the Llama+GPT-2
ensemble reaches 25.15 versus 37.10 for the stu-



Corpus ABLiMP ASupp AEWoK AEntity ACOMPS
Britannica 10M +1.68 -0.85 -1.03  +10.99 +0.60
BabyLLM 2026 10M +1.87 -0.57 -0.89 -8.31 +0.32
Britannica 37M +1.29  +3.21 -0.22 -0.42 +0.15
BabyLLM 2026 37M +1.70  +0.35 +0.31 +0.37 +0.48

Table 6: Effect of knowledge distillation on the 58M student, expressed as KD score minus no-KD score on the
same corpus and word budget. Positive values indicate that distillation helps.

Seed Budget Teacher pair/context Teacher ensemble KD student Student — Ensemble
2023 10M Llama+GPT-2 @ 128 tokens 25.15 37.10 +11.95

43 10M Llama+GPT-2 @ 128 tokens 29.15 35.58 +6.43
2023 10M Llama+GPT-2 @ 256 tokens 15.83 38.96 +23.13
2023 10M Llama+GPT-J @ 128 tokens 31.29 37.26 +5.97
2023 10M Llama+GPT-J @ 256 tokens 26.94 37.71 +10.77
2023 37M Llama+GPT-2 @ 128 tokens 23.85 21.80 —2.05
2023 37M Llama+GPT-2 @ 256 tokens 27.02 22.05 —4.97

Table 7: Direct ensemble comparison for the Britannica Entity Tracking models. All entries are macro averages:
accuracy is first computed for each benchmark subtask (UID group) and then averaged. For the ensemble, each
candidate completion is scored by the per-token logit mean of the two Britannica-trained teachers used during KD
training. Main rows use seed 2023; the seed-43 row repeats the default 10M Llama+GPT-2 check. At 10M, the
student exceeds the ensemble in every configuration; at 37M, the ensemble exceeds the student at both context

lengths.

dent (a +11.95 gap), and the Llama+GPT-J en-
semble reaches 31.29 versus 37.26 (+5.97). Re-
peating the default Llama+GPT-2 check under
seed 43 gives the same direction (29.15 versus
35.58, a +6.43 gap). Direct logit averaging at
evaluation time therefore does not explain the be-
havior learned by the KD student; the simple “KD
inherits the ensemble” account is insufficient.

The picture reverses at 37M. The Llama+GPT-
2 ensemble scores 23.85 at 128-token context
and 27.02 at 256-token context, exceeding the
KD student (21.80 and 22.05). The student-over-
ensemble lift observed at 10M is therefore budget-
specific rather than a generic property of Britan-
nica + KD.

The 37M no-KD rows confirm a ~5.5-point
Britannica Entity Tracking advantage without dis-
tillation at the larger budget. Unlike at 10M, where
KD amplifies the Entity Tracking gap from ~3 to
~22 points, at 37M the gap is comparable with
and without KD (22.22 vs. 16.73 without KD;
21.80 vs. 17.10 with KD). The KD advantage on
BLiMP also narrows slightly at 37M: the no-KD
students score 74.57 (BabyLM) and 64.66 (Bri-
tannica), versus KD students at 76.27 and 65.95,
yielding KD lifts of 4+1.70 and +1.29. These are
comparable to the 10M lifts (+1.87 and +1.68), so
the KD benefit on linguistic acceptability is stable

across budgets, while the dramatic Entity Tracking
amplification is specific to 10M.

More broadly, comparing the 10M and 37M stu-
dents across both KD and no-KD conditions, the
larger-budget setup improves BLiMP and COMPS
on both corpora. The main skill-profile contrast is
preserved at the larger budget and is visible in the
no-KD baseline, supporting an association with
the pretraining data rather than an effect created
solely by distillation.

What Entity Tracking measures. Because En-
tity Tracking is the strongest single metric favor-
ing Britannica, it is worth being precise about
what it tests. The benchmark measures state-
tracking and reference resolution over synthetic
discourse—not encyclopedic factual knowledge.
The Britannica advantage should not be read as
stronger world knowledge. A more plausible in-
terpretation is that the structural regularities of
formal encyclopedia prose (long descriptive pas-
sages, frequent third-person reference, stable top-
ical focus) better match the discourse-level pat-
terns probed by the benchmark. We do not have
a mechanistic account and treat this as an observa-
tion worth further investigation.



6 Conclusion

Our paired comparison reveals a replicated rank-
ing inversion rather than a single corpus ordering:
BabyLLM 2026 is stronger on linguistic acceptabil-
ity, while Britannica is often stronger on Entity
Tracking. The contrast appears in teachers and
distilled students, at both budgets, and—for both
teachers and the distilled student—after matching
total training exposure at 10M.

Distillation improves BLiMP but is not uni-
formly beneficial, and the no-distillation baselines
show that it does not create the broad corpus con-
trast. Reporting only BLiMP would therefore
favor BabyLM 2026 throughout, whereas Entity
Tracking would often favor Britannica. Multi-
benchmark evaluation is necessary to reveal these
different skill profiles. For cognitively motivated
small-model research, limited pretraining experi-
ence should therefore be evaluated through the
profile of capabilities that emerges, not only a sin-
gle aggregate score.

Entity Tracking measures synthetic state
tracking, not encyclopedic knowledge. With
only two corpora, we cannot identify whether
register, discourse structure, repetition, or
another property causes the differences;
targeted corpus manipulations are needed.
All code and configurations are available at
https://github.com/EdoardoVaira/
babylm-corpora-skills; the
Britannica  corpus is at  https://
huggingface.co/datasets/EdoVaira/
Encyclopedia-Britannica.

Limitations

Our comparison is between two corpora; with
n = 2, the relationship between corpus struc-
ture and skill profile is suggestive rather than con-
clusive. The student-side ablations use a single
58M-parameter architecture, a single distillation
recipe inherited from BabyLlama, and zero-shot
evaluation; whether the skill-profile contrast car-
ries over to other student sizes, distillation setups,
or evaluation paradigms is open. The full matched
sweep uses two training seeds. Table 3 reports
both runs and their paired effects; with only two
seeds, the reported sample standard deviations re-
main limited estimates of training variability. The
matched distilled-student comparisons preserve
the acceptability-versus-Entity-Tracking direction
in every case, while two seed-43 Entity Tracking

rows outside the KD comparisons reverse direc-
tion, so we treat Entity Tracking magnitudes as
seed-sensitive. The no-KD baseline was run at
both 10M and 37M; at 37M the Entity Tracking
corpus gap is similar with and without KD (~5.5-
point Britannica advantage), suggesting that the
dramatic 10M KD amplification (Section 5.3) is
budget-specific rather than a generic property of
distillation. Source-word matching does not imply
token-budget matching under corpus-specific BPE
tokenization; Appendix C reports the difference.
Our seed-2023 matched-exposure control equal-
izes optimizer steps and total sequence presenta-
tions at 10M but retains the larger unique BabyLM
corpus; it is therefore not a trim-matched corpus
study, and its training variability is not separately
estimated. The Entity Tracking benchmark is syn-
thetic, and we caution against reading its scores as
evidence about open-world knowledge.

Ethics Statement

The 1911 Encyclopaedia Britannica contains his-
torically dated viewpoints and outdated factual
content; models trained on it may reproduce these
characteristics, and the comparison reported here
should not be taken as endorsement of the corpus
as training data for downstream user-facing appli-
cations. The small models studied here are not
intended for deployment as general-purpose lan-
guage models. The skill-profile finding is observa-
tional; we caution against using it to motivate cor-
pus selection in safety-relevant applications with-
out further targeted evaluation.

Acknowledgments

This work was partially supported by Veten-
skapsradet, the Swedish Research Council, regis-
tration number 2021-04533.

References

Marah Abdin, Sam Ade Jacobs, Ammar Ahmad Awan,
Jyoti Aneja, Ahmed Awadallah, Hany Awadalla,
Nguyen Bach, Amit Bahree, Arash Bakhtiari, Harki-
rat Behl, Alon Benhaim, Misha Bilenko, Jo-
han Bjorck, Sébastien Bubeck, Martin Cai, Caio
César Teodoro Mendes, Weizhu Chen, Vishrav
Chaudhary, Parul Chopra, and 68 others. 2024. Phi-
3 technical report: A highly capable language model
locally on your phone. Preprint, arXiv:2404.14219.

Alon Albalak, Yanai Elazar, Sang Michael Xie, Shayne
Longpre, Nathan Lambert, Xinyi Wang, Niklas


https://github.com/EdoardoVaira/babylm-corpora-skills
https://github.com/EdoardoVaira/babylm-corpora-skills
https://huggingface.co/datasets/EdoVaira/Encyclopedia-Britannica
https://huggingface.co/datasets/EdoVaira/Encyclopedia-Britannica
https://huggingface.co/datasets/EdoVaira/Encyclopedia-Britannica
https://arxiv.org/abs/2404.14219
https://arxiv.org/abs/2404.14219
https://arxiv.org/abs/2404.14219

Muennighoff, Bairu Hou, Liangming Pan, Hae-
won Jeong, Colin Raffel, Shiyu Chang, Tatsunori
Hashimoto, and William Yang Wang. 2024. A sur-
vey on data selection for language models. Preprint,
arXiv:2402.16827.

BabyLM Challenge Organizers. 2026. Babylm 2026
strict pretraining corpus and evaluation pipeline.
https://babylm.github.io/. Pretraining
corpus available at https://huggingface.
co/datasets/BabyLM-community/
BabyLM-2026-Strict; evaluation pipeline
available at https://github.com/
babylm-org/babylm-eval.

Tom B. Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, Sandhini Agarwal, Ariel Herbert-Voss,
Gretchen Krueger, Tom Henighan, Rewon Child,
Aditya Ramesh, Daniel M. Ziegler, Jeffrey Wu,
Clemens Winter, and 12 others. 2020. Lan-
guage models are few-shot learners.  Preprint,
arXiv:2005.14165.

Cristian Bucila, Rich Caruana, and Alexandru
Niculescu-Mizil. 2006. Model compression. In
Knowledge Discovery and Data Mining.

Ronen Eldan and Yuanzhi Li. 2023. Tinystories: How
small can language models be and still speak coher-
ent english? Preprint, arXiv:2305.07759.

Suriya Gunasekar, Yi Zhang, Jyoti Aneja, Caio
César Teodoro Mendes, Allie Del Giorno, Sivakanth
Gopi, Mojan Javaheripi, Piero Kauffmann, Gustavo
de Rosa, OIlli Saarikivi, Adil Salim, Shital Shah,
Harkirat Singh Behl, Xin Wang, Sébastien Bubeck,
Ronen Eldan, Adam Tauman Kalai, Yin Tat Lee,
and Yuanzhi Li. 2023. Textbooks are all you need.
Preprint, arXiv:2306.11644.

Geoffrey Hinton, Oriol Vinyals, and Jeff Dean. 2015.
Distilling the knowledge in a neural network.
Preprint, arXiv:1503.02531.

Jordan Hoffmann, Sebastian Borgeaud, Arthur Men-
sch, Elena Buchatskaya, Trevor Cai, Eliza Ruther-
ford, Diego de Las Casas, Lisa Anne Hendricks,
Johannes Welbl, Aidan Clark, Tom Hennigan, Eric
Noland, Katie Millican, George van den Driess-
che, Bogdan Damoc, Aurelia Guy, Simon Osindero,
Karen Simonyan, Erich Elsen, and 3 others. 2022.
Training compute-optimal large language models.
Preprint, arXiv:2203.15556.

Anna A. Ivanova, Aalok Sathe, Benjamin Lipkin,
Unnathi Kumar, Setayesh Radkani, Thomas H.
Clark, Carina Kauf, Jennifer Hu, Pramod RT,
Gabriel Grand, Vivian Paulun, Maria Ryskina, Ekin
Akytirek, Ethan Wilcox, Nafisa Rashid, Leshem
Choshen, Roger Levy, Evelina Fedorenko, Joshua
Tenenbaum, and Jacob Andreas. 2024. Elements
of world knowledge (ewok): A cognition-inspired
framework for evaluating basic world knowledge in
language models. Preprint, arXiv:2405.09605.

Najoung Kim and Sebastian Schuster. 2023. En-
tity tracking in language models. Preprint,
arXiv:2305.02363. ACL 2023.

Jeffrey Li, Alex Fang, Georgios Smyrnis, Maor Ivgi,
Matt Jordan, Samir Gadre, Hritik Bansal, Etash
Guha, Sedrick Keh, Kushal Arora, Saurabh Garg,
Rui Xin, Niklas Muennighoff, Reinhard Heckel,
Jean Mercat, Mayee Chen, Suchin Gururangan,
Mitchell Wortsman, Alon Albalak, and 40 others.
2024. DataComp-LM: In search of the next genera-
tion of training sets for language models. Preprint,
arXiv:2406.11794.

Shayne Longpre, Gregory Yauney, Emily Reif, Kather-
ine Lee, Adam Roberts, Barret Zoph, Denny Zhou,
Jason Wei, Kevin Robinson, David Mimno, and
Daphne Ippolito. 2024. A pretrainer’s guide to
training data: Measuring the effects of data age,
domain coverage, quality, and toxicity. Preprint,
arXiv:2305.13169. NAACL 2024.

Kanishka Misra, Julia Taylor Rayz, and Allyson Et-
tinger. 2023. Comps: Conceptual minimal pair
sentences for testing robust property knowledge
and its inheritance in pre-trained language models.
Preprint, arXiv:2210.01963. EACL 2023.

Guilherme Penedo, Hynek Kydlicek, Loubna Ben Al-
lal, Anton Lozhkov, Margaret Mitchell, Colin Raf-
fel, Leandro von Werra, and Thomas Wolf. 2024.
The FineWeb datasets: Decanting the web for the
finest text data at scale. Preprint, arXiv:2406.17557.

Inar Timiryasov and Jean-Loup Tastet. 2023. Baby
llama: knowledge distillation from an ensemble of
teachers trained on a small dataset with no perfor-
mance penalty. Preprint, arXiv:2308.02019.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier
Martinet, Marie-Anne Lachaux, Timothée Lacroix,
Baptiste Roziere, Naman Goyal, Eric Hambro,
Faisal Azhar, Aurelien Rodriguez, Armand Joulin,
Edouard Grave, and Guillaume Lample. 2023.
Llama: Open and efficient foundation language
models. Preprint, arXiv:2302.13971.

Alex Warstadt, Aaron Mueller, Leshem Choshen,
Ethan Wilcox, Chengxu Zhuang, Juan Ciro, Rafael
Mosquera, Bhargavi Paranjabe, Adina Williams, Tal
Linzen, and Ryan Cotterell, editors. 2023. Proceed-
ings of the BabyLM Challenge at the 27th Confer-
ence on Computational Natural Language Learning.
Association for Computational Linguistics, Singa-
pore.

Alex Warstadt, Alicia Parrish, Haokun Liu, Anhad Mo-
hananey, Wei Peng, Sheng-Fu Wang, and Samuel R.
Bowman. 2020. Blimp: The benchmark of linguis-
tic minimal pairs for english. Transactions of the

Association for Computational Linguistics, 8:377—
392.


https://arxiv.org/abs/2402.16827
https://arxiv.org/abs/2402.16827
https://babylm.github.io/
https://huggingface.co/datasets/BabyLM-community/BabyLM-2026-Strict
https://huggingface.co/datasets/BabyLM-community/BabyLM-2026-Strict
https://huggingface.co/datasets/BabyLM-community/BabyLM-2026-Strict
https://github.com/babylm-org/babylm-eval
https://github.com/babylm-org/babylm-eval
https://arxiv.org/abs/2005.14165
https://arxiv.org/abs/2005.14165
https://api.semanticscholar.org/CorpusID:11253972
https://arxiv.org/abs/2305.07759
https://arxiv.org/abs/2305.07759
https://arxiv.org/abs/2305.07759
https://arxiv.org/abs/2306.11644
https://arxiv.org/abs/1503.02531
https://arxiv.org/abs/2203.15556
https://arxiv.org/abs/2405.09605
https://arxiv.org/abs/2405.09605
https://arxiv.org/abs/2405.09605
https://arxiv.org/abs/2405.09605
https://arxiv.org/abs/2305.02363
https://arxiv.org/abs/2305.02363
https://arxiv.org/abs/2406.11794
https://arxiv.org/abs/2406.11794
https://arxiv.org/abs/2305.13169
https://arxiv.org/abs/2305.13169
https://arxiv.org/abs/2305.13169
https://arxiv.org/abs/2210.01963
https://arxiv.org/abs/2210.01963
https://arxiv.org/abs/2210.01963
https://arxiv.org/abs/2406.17557
https://arxiv.org/abs/2406.17557
https://arxiv.org/abs/2308.02019
https://arxiv.org/abs/2308.02019
https://arxiv.org/abs/2308.02019
https://arxiv.org/abs/2308.02019
https://arxiv.org/abs/2302.13971
https://arxiv.org/abs/2302.13971
https://aclanthology.org/2023.conll-babylm.0/
https://aclanthology.org/2023.conll-babylm.0/
https://aclanthology.org/2023.conll-babylm.0/
https://doi.org/10.1162/tacl_a_00321
https://doi.org/10.1162/tacl_a_00321

A Full Results and Split Manifests

The main text reports paired corpus deltas and the
58M student results. Tables 8 and 9 give the cor-
responding absolute zero-shot scores for the main
teacher, KD-student, and no-KD student models.
Reading columns report correlation scores for eye-
tracking (Eye) and self-paced reading (SPR); read-
ing scores were not collected for the 37M no-KD
rows.

B Entity Tracking at 256-Token Context

Entity Tracking prompts vary in length depend-
ing on the number of operations: at 4-5 ops,
prompts can reach ~200-250 tokens and so are
left-truncated when scored against the models’
128-token tokenizer setting. To check whether the
corpus and student-vs-teacher patterns reported in
Sections 5.2 and 5.3 are artifacts of this trunca-
tion, we re-evaluated every Entity Tracking row
at 256-token context—the maximum supported by
the models’ position embeddings. Table 10 reports
the comparison.

C Training Token Counts

Table 11 reports the number of BPE tokens pro-
duced by each track-specific tokenizer on the cor-
responding training split. Word budgets count
source words before inserting document boundary
markers. Token counts include the <s> and </ s>
markers that are present during training.

D Matched-Exposure Control

To test whether BabyLM 2026’s greater number
of token presentations explains the main 10M re-
sult, we retrain its seed-2023 Llama teacher, GPT-
2 teacher, Llama+GPT-2 KD student, and no-KD
student with the optimizer-step count capped at the
corresponding Britannica run. All other settings,
including the BabyLM split, tokenizer, architec-
ture, effective batch size, warm-up, and loss, are
unchanged. The caps are 3,472 steps for Llama,
2,604 for GPT-2, and 20,826 for each student.
This exactly matches optimizer steps and sched-
ule length and matches sequence presentations to
within 0.03%; because the BabyLM corpus con-
tains more tokens, it yields 2.91 effective epochs
for Llama and 4.37 for the other models rather
than 4 and 6. This is a matched-exposure control,
not a trim-matched corpus: the number of unique
tokens available during training still differs. Ta-
ble 12 reports the resulting scores.

Relative to the corresponding Britannica mod-
els in Table 8, the matched-exposure BLiMP dif-
ferences (BabyLM minus Britannica) are +7.46,
+6.53, +5.53, and +5.81 for the Llama teacher,
GPT-2 teacher, KD student, and no-KD student,
respectively; Supplement differences are +8.78,
+6.83, +9.79, and +8.91. Entity Tracking dif-
ferences are —5.61, —11.14, —20.70, and +1.28.
Thus the acceptability advantage remains in all
four families, while the Britannica Entity Tracking
advantage remains in both teachers and the central
KD comparison. The no-KD Entity Tracking row
is the exception and reverses slightly, consistent
with its reversal under seed 43 in Table 3.

E BabyLM 2026 Split Details

Table 13 reports the manifests produced by the
BabyLM 2026 split-preparation script.  Word
counts are counted before adding article/document
boundary tokens. Because the preparation script
keeps whole source documents, actual word
counts can slightly exceed the requested targets.

F Paired Evaluation-Set Uncertainty

For the default Llama+GPT-2 KD-student com-
parisons, we estimate evaluation-set uncertainty
with a paired hierarchical bootstrap. Each of
10,000 replicates first resamples benchmark sub-
tasks (the evaluation pipeline’s UID groups) and
then resamples paired items within each se-
lected group. We recompute the official macro-
average—the mean of subtask accuracies—and re-
port the BabyLM 2026-minus-Britannica differ-
ence. Pairing ensures that both models are com-
pared on the same resampled examples. These
intervals are conditional on a trained checkpoint
and are distinct from the across-seed variability re-
ported in Table 3. Table 14 reports the full inter-
vals.



Corpus Model BLiMP Supp EWoK Entity COMPS Eye SPR
Britannica 10M Llama-360M teacher 61.45 48.81 50.35  26.13 50.69 0.35 0.01
Britannica 10M GPT-2-705M teacher 62.61 46.83 51.04 2538 51.06 0.12 0.01
Britannica 10M GPT-J-705M teacher 62.43 4493  50.38 36.54 50.78 0.25 0.03
Britannica 10M Baby-Llama-58M student (KD, Llama+GPT-2) 64.69 46.60 49.81 37.10 5123 0.13 0.01
Britannica 10M Baby-Llama-58M student (KD, Llama+GPT-J) 64.19 46.27 51.02 37.26 51.21 0.17 0.00
Britannica 10M Baby-Llama-58M student (no KD) 63.01 4745 50.84 26.11 50.63 0.26 0.07
BabyLM 2026 10M Llama-360M teacher 69.64 5646 5042 17.5 5197 0.17 0.00
BabyLM 2026 10M  GPT-2-705M teacher 70.34  54.61 50.50 17.36 5222 0.18 0.03
BabyLM 2026 10M  GPT-J-705M teacher 68.42 56.89  50.69 24.25 52.02 0.34 0.02
BabyLM 2026 10M Baby-Llama-58M student (KD, Llama+GPT-2) 71.76  56.83  50.08 14.83 52.00 0.14 0.02
BabyLM 2026 10M Baby-Llama-58M student (KD, Llama+GPT-J) 71.10 5642 5026 14.68 5222 0.15 0.02
BabyLM 2026 10M Baby-Llama-58M student (no KD) 69.89 57.40 5097 23.14 51.68 0.10 0.08

Table 8: Full zero-shot results for the matched 10M-word corpus comparisons. KD student labels name the two-
teacher ensemble used for distillation.

Corpus Model BLiMP Supp EWoK Entity COMPS Eye SPR
Britannica 37M Llama-360M teacher 65.52 5122 5080 19.34 53.11 041 0.02
Britannica 37M GPT-2-705M teacher 64.86 50.32  51.07 30.06 52.85 0.39 0.01
Britannica 37M Baby-Llama-58M student (KD, Llama+GPT-2) 65.95 51.08 50.36 21.80 5342 031 0.02
Britannica 37M Baby-Llama-58M student (no KD) 64.66 47.87 50.58 2222 53.27 - -
BabyLM 2026 37M  Llama-360M teacher 7428 5493  50.78 17.00 53.86 0.24 0.01
BabyLM 2026 37M  GPT-2-705M teacher 75.02 59.19 5193 16.36 54.82 0.19 0.02
BabyLM 2026 37M  Baby-Llama-58M student (KD, Llama+GPT-2) 7627 56.82 51.24 17.10 54.66 0.18 0.01
BabyLM 2026 37M Baby-Llama-58M student (no KD) 7457 5647 5093 16.73 54.18 - -

Table 9: Full zero-shot results for the matched 37M-word corpus comparisons. Reading scores for the 37M no-KD
runs were not collected; these models were evaluated only on the five core metrics.

Corpus Model ET @ 128 ET @ 256 A
Britannica 10M Llama-360M teacher 26.13 23.00 —3.13
Britannica 10M GPT-2-705M teacher 25.38 1348 —11.90
Britannica 10M GPT-J-705M teacher 36.54 32.08 —4.46
Britannica 10M Baby-Llama-58M (Llama+GPT-2) 37.10 3896 +1.86
Britannica 10M Baby-Llama-58M (Llama+GPT-J) 37.26 37.71 +0.45
Britannica 10M Baby-Llama-58M (no KD) 26.11 2334 =277
BabyLM 2026 10M  Llama-360M teacher 17.75 16.54 —1.21
BabyLLM 2026 10M  GPT-2-705M teacher 17.36 13.21 —4.15
BabyLM 2026 10M  GPT-J-705M teacher 24.25 2530  +1.05
BabyLM 2026 10M Baby-Llama-58M (Llama+GPT-2) 14.83 15.48  +0.65
BabyLLM 2026 10M Baby-Llama-58M (Llama+GPT-J) 14.68 14.74  40.06
BabyLM 2026 10M Baby-Llama-58M (no KD) 23.14 1892 —4.22
Britannica 37M Llama-360M teacher 19.34 2291  +43.57
Britannica 37M GPT-2-705M teacher 30.06 30.30 +40.24
Britannica 37M Baby-Llama-58M (Llama+GPT-2) 21.80 2205 40.25
Britannica 37M Baby-Llama-58M (no KD) 22.22 22.59  +40.37
BabyLM 2026 37M Llama-360M teacher 17.00 1596 —1.04
BabyLM 2026 37M  GPT-2-705M teacher 16.36 14.67 —1.69
BabyLM 2026 37M Baby-Llama-58M (Llama+GPT-2) 17.10 1942 4232
BabyLLM 2026 37M Baby-Llama-58M (no KD) 16.73 16.44  —0.29

Table 10: Entity Tracking accuracy at the 128-token (tokenizer-declared) and 256-token (position-embedding
maximum) context lengths. The 256-token setting is a diagnostic rather than the main protocol because all models
were trained on 128-token slices. Most student rows move modestly, and the Britannica-vs-BabyLM ranking holds
in every matched row at both context lengths. Some teacher rows, especially the 10M GPT-2 rows with learned
absolute position embeddings, are more sensitive to the diagnostic setting.



Corpus Budget Source words Boundary markers BPE train tokens Tokens / word

Britannica 10M 10,000,066 18,362 14,216,855 1.42
BabyLM 2026 10M 10,000,092 2,331,378 19,518,278 1.95
Britannica 3™ 37,002,217 68,590 52,559,454 1.42
BabyLM 2026 37M 37,002,217 8,605,126 72,172,588 1.95

Table 11: Training-token counts after corpus-specific BPE tokenization. The matched-word design follows the
BabyLM convention, but it does not match the number of BPE tokens seen per epoch. In these splits, BabyLM
2026 yields about 1.37x as many training tokens as Britannica at both budgets, reflecting both corpus-specific BPE
segmentation and BabyLM’s many short source segments, which introduce far more document-boundary markers.

BabyLM 2026 model Steps Eff.ep. BLIiMP Supp EWoK Entity COMPS
Llama-360M teacher 3472 291 68.91 57.59 50.60  20.52 51.51
GPT-2-705M teacher 2,604 4.37 69.14 53.66 50.12 14.24 51.65

Baby-Llama-58M student (KD) 20,826 4.37 70.22  56.39 50.95 16.40 51.66
Baby-Llama-58M student (no KD) 20,826 4.37 68.82  56.36 50.40  27.39 51.64

Table 12: Seed-2023 zero-shot results for the BabyLM 2026 10M matched-exposure control. Total optimizer steps
and approximately total 128-token sequence presentations match the corresponding Britannica models.

Split Train words Train docs Val words Valdocs Source rows consumed
BabyLM 2026 10M 10,000,092 1,165,689 2,027,481 236,073 1,401,762
BabyLM 2026 37M 37,002,217 4,302,563 1,003,428 116,690 4,419,253

Table 13: BabyLM 2026 strict split manifests. Both splits are deterministic random document-level cuts from the
same shuffled St rict source pool using seed 42.

Budget Training seed ABLIMP [95% CI] ASupp [95% CI] AEntity [95% CI]
TOM 2023 T7.07[+3.01, +11.11] +10.23 [+3.54, +16.49] —22.27 [—24.96, —19.22]
10M 43 +8.19 [+4.05, +12.36] +11.44[+3.32, +19.58] —17.00[—19.77, —13.96]
37M 2023 +10.32 [+7.21, +13.75] +5.74 [+0.47, +11.67] —4.70 [-7.07, —2.36]
37™M 43 +10.79 [+7.46, +14.53] +8.42 [+2.29, +14.24] —5.06 [—7.36, —2.89]

Table 14: Paired corpus effects and percentile 95% hierarchical-bootstrap confidence intervals for the default KD
students. Positive values favor BabyLM 2026; negative Entity Tracking values favor Britannica. All intervals
exclude zero. Bootstrap seed: 2026.
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