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Abstract

We present three BabySteps systems that
strengthen baselines for data-constrained pre-
training in the strict-small (10M words) and
strict (100M words) NLP tracks of the 2026
BabyLM Challenge. Across our GPT-BERT ex-
periments, optimizer choice and learning-rate
tuning produced our largest gains, highlight-
ing the importance of well-tuned baselines for
evaluating progress in sample-efficient pretrain-
ing. The curriculum, synthetic-data, teacher-
supervision, and corpus-mixing interventions
that we tested did not improve the final aggre-
gate score.

We also test whether the official GPT-2
checkpoint is a sufficiently strong reference
for causal language modeling. A 127.6M-
parameter Llama-style decoder trained with
Muon and Liger-optimized kernels obtains a
seven-suite NLP average of 56.18, compared
with 52.79 for our completed reevaluation of
the official BabyLM GPT-2 strict checkpoint,
and scores higher on all seven categories. This
is not a controlled architectural ablation: ar-
chitecture, optimizer, implementation, and hy-
perparameters change together. Instead, it pro-
vides a stronger practical causal baseline. In
addition, we report failed data interventions, a
numerical failure caused by batches with no su-
pervised target tokens, and substantial variance
between small evaluation suites.

1 Introduction

The BabyLM Challenge (Warstadt et al., 2023;
BabyLM Organizing Committee, 2026) asks
whether language models can be made dramati-
cally more sample-efficient by restricting pretrain-
ing to developmentally plausible budgets of 10M
(strict-small) or 100M (strict) words. Plausible ap-
proaches to sample-efficient pretraining include:
curate a better corpus, order it like a curriculum,
generate synthetic text targeted at the evaluations,

* Equal contribution.

or distill knowledge from a teacher. We pursued
those intuitions, and this paper is in part a report
on how they failed for us.

Our results point to a broader lesson about base-
line quality. Within GPT-BERT (Charpentier and
Samuel, 2024), we obtained larger and more re-
liable gains from Muon-family optimization and
learning-rate tuning (Jordan et al., 2024; Si et al.,
2025) than from any of the data-centric interven-
tions we tested. Separately, we found that the offi-
cial GPT-2 baseline was not a strong representation
of what a modern causal decoder could achieve.
We therefore trained a Llama-style causal model
(Touvron et al., 2023) using Muon and a Liger-
optimized implementation (Hsu et al., 2024), pri-
marily to provide a stronger practical control rather
than to propose an architectural innovation.

We make three contributions:

• Across our experiments, Muon-family opti-
mization and learning-rate tuning produced
our strongest results; none of the tested data
interventions improved the final scores.

• We introduce a modern Llama-style causal
baseline that improves the completed official
GPT-2 strict result from 52.79 to 56.18 NLP
average and outperforms it on every individual
NLP benchmark.

• We document evaluation and reproducibility
pitfalls that can materially distort conclusions
at BabyLM scale.

We submit BabySteps MurphysLaw-10M-
mixed, a strict-small GPT-BERT trained with
AdaMuon; BabySteps SidBert-100M-mixed,
a strict GPT-BERT trained with Muon; and
BabySteps Chatty BERT, a strict Llama-style
causal decoder trained with Muon using memory-
efficient fused kernels.
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2 Method

2.1 Model families

2.1.1 GPT-BERT reconstruction
Two of our three submissions use GPT-BERT
(Charpentier and Samuel, 2024), which trains a
single transformer under a mixture of masked-
language-modeling and causal objectives and can
subsequently be evaluated in either causal or
masked-next-token-prediction (MNTP) modes. We
reimplemented the training loop—on both single
and multi-GPU runs—using the published baseline
configurations (the “reconstruction” in our inter-
nal naming), matched the BabyLM baseline model
sizes for each track, and verified the implementa-
tion by reproducing baseline-level zero-shot scores
before changing the optimization recipe.

Both GPT-BERT submissions use the mixed ob-
jective family and are evaluated in MNTP mode.
In our sweeps, this combination provided the
strongest overall balance across the 2026 evalu-
ation suites, although causal-focus configurations
remained competitive on several individual bench-
marks.

2.1.2 Modern causal baseline: Llama with
Liger

The third system, BabySteps Chatty BERT, is a
decoder-only Llama-style model (Touvron et al.,
2023). Despite its leaderboard name, it is not
a BERT-family model, and we added a disguise
emoji to point to that. We trained it from scratch
on the 100M-word BabyLM 2026 Strict corpus to
test whether the official GPT-2 baseline accurately
represents the performance attainable by a modern
causal decoder under the same data restriction. Our
goal with Chatty BERT was to provide a stronger
practical baseline rather than to propose a novel
architecture.

The model contains 127.6M parameters, 12
transformer layers, a hidden dimension of 896,
an intermediate dimension of 2,304, 14 attention
heads, and a maximum context length of 1,024
tokens. It uses a 16,384-entry byte-level BPE vo-
cabulary with tied input and output embeddings.

We used the Hugging Face Llama patch pro-
vided by Liger Kernel (Hsu et al., 2024), enabling
its optimized implementations of rotary positional
embeddings, SwiGLU, and RMSNorm. We did not
enable Liger’s cross-entropy or fused linear cross-
entropy kernels. This implementation made the
Llama–Muon configuration a practical 100M-word

baseline on a single GPU by reducing the mem-
ory and execution overhead associated with these
operations.

The single largest and most reliable improve-
ment over the AdamW-trained baselines came from
the optimizer. We use Muon (Jordan et al., 2024),
which orthogonalizes momentum updates for hid-
den weight matrices, and AdaMuon (Si et al.,
2025), an adaptive variant, with a separate auxiliary
learning rate for the non-matrix parameters (embed-
dings, norms, head). Track-level winners differed:
at 10M words, AdaMuon with learning rate 0.02
and auxiliary rate 0.006 was best; at 100M words,
Muon with learning rate 0.005 and auxiliary rate
0.007 was best, and the 100M scale showed a sharp
cliff at higher rates (a 3 × 10−5 finetuning learn-
ing rate was already enough to partially degenerate
some GLUE tasks on a sibling run). All final mod-
els use seed 42 and identical data ordering to their
development runs.

2.2 Tail-weight averaging
For the strict-small entry we submit the average
of the weights over the final 20% of training steps
rather than the last checkpoint. On the twin de-
velopment run this left zero-shot scores essentially
unchanged (±0.3 BLiMP) but improved finetuned
SuperGLUE by +1.6 points (70.1 vs. 68.5 average),
and the improvement was stable across finetuning
learning rates and seeds. The 100M entry uses final
weights, as tail averaging did not help at that scale
in our sweeps.

2.3 Training configuration and checkpoints
MurphysLaw trains for 9,914 steps at 16,384 to-
kens per step (≈10 epochs of the official strict-
small corpus); SidBert trains for 12,330 steps at
131,072 tokens per step on the official strict corpus.
The Llama submission trains for 13,510 steps at
131,072 tokens per step (≈10 epochs of the official
strict corpus). The models save the word-count
milestone checkpoints required by the 2026 chal-
lenge: 19 for strict-small and 28 for strict. We
publish these as revisions of the submission reposi-
tories, with the final weights on main, giving 20
and 29 published model states, respectively. We
evaluate them with the official fast pipeline, and
the same milestone checkpoints drive the Age-of-
Acquisition analysis (Chang and Bergen, 2022;
Frank et al., 2017). Finetuning for SuperGLUE
follows the official pipeline; the best strict-small
recipe was learning rate 8–9× 10−5 with seed 44,
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while SidBert used 2–3 × 10−5 with seed 42 and
Llama used 3× 10−5 with seed 42.

3 What did not work

Because the negative results consumed most of the
project, we summarize them here; Table 2 gives rep-
resentative numbers. All were evaluated on BLiMP
(Warstadt et al., 2020) and BLiMP-Supplement un-
der the official pipelines of their respective years.

Alternative and curriculum corpora. TinySto-
ries (Eldan and Li, 2023) substantially underper-
formed the standard corpus at 10M words (47–51
BLiMP vs. ≈70). A hand-built Gutenberg corpus
ordered by U.S. reading level (grades 1–4 → 5–8
→ 9–adult), motivated by curriculum learning, per-
formed no better, and grammar-textbook corpora
were worse still. Reordering the corpus or loop-
ing epochs within grade bands did not change the
result. This is consistent with previous BabyLM
findings, in which curriculum learning was widely
explored but generally did not improve aggregate
performance over non-curriculum baselines (Oba
et al., 2023; Hu et al., 2024; Charpentier et al.,
2025).

Synthetic data generation. Generating corpus
text targeted toward evaluation-like linguistic phe-
nomena, including minimal-pair-style sentences
and prompt variations, reached at best 55.7 BLiMP,
well below training on the standard corpus. A
smaller 1% synthetic augmentation produced a
more localized benefit: it improved BLiMP and
BLiMP-Supplement to 72.5 and 70.3, respectively,
but reduced entity tracking from 28.0 to 22.1 and
SuperGLUE from 69.9 to 64.6, lowering the over-
all NLP average from 53.6 to 52.1. This result
should not be interpreted as evidence that synthetic
data is uniformly ineffective. Prior work indicates
that its value depends strongly on the generation
procedure, linguistic diversity, and proportion of
natural text (Charpentier et al., 2025; Kang et al.,
2025).

In our experiments, targeted synthetic augmen-
tation improved the linguistic phenomena it most
closely resembled, but these gains did not general-
ize across the broader evaluation suite.

Teacher-supervised objectives. A distillation-
adjacent scheme in which a teacher reweights the
student’s loss toward syntactically informative to-
kens plateaued at 66–67 BLiMP, a few points below

the plain GPT-BERT reconstruction, and hybridiz-
ing it with nanochat-style (Karpathy, 2025) training
schedules did not close the gap (best 65.8/60.0).

Corpus mixing trade-offs. Dialogue-rich cus-
tom mixtures (our “Benchmark Target Mix” fam-
ily) did improve zero-shot suites (+1.7 selective
zero-shot average) but cost ≈3.5 points of finetuned
SuperGLUE relative to the official corpus at 10M—
a trade that loses under the challenge’s aggregate.
This was the closest any data intervention came to
helping, and it still lost to the official corpus.

4 Results

4.1 Strict-small (10M): candidate selection
Table 3 compares the checkpoint-eligible finalists
from our development sweeps under MNTP evalu-
ation. The submitted model wins on the challenge-
relevant aggregate despite not winning every col-
umn: the Benchmark Target Mix-family models
buy zero-shot supplement and EWoK (Ivanova
et al., 2024) points at the cost of SuperGLUE
(Wang et al., 2019), while the official-corpus
AdaMuon model has the best Global-PIQA and
finetuning behavior. Its Age-of-Acquisition corre-
lation with child CDI data is −0.151 (p = 0.039)
over the 19 checkpoints.

4.2 GPT-BERT Strict (100M)
Table 4 reports the 100M sweep for GPT-BERT
Mixed Focus. The submitted configuration (Muon,
lr 0.005) dominates its siblings on every aggregate:
+2 finetuned SuperGLUE over the next-best run
and the best zero-shot scores of the entire campaign
(80.2 BLiMP, 73.6 Supplement). The finetuning
learning-rate cliff observed on the sibling run (par-
tial task collapse at 3 × 10−5) did not appear for
this model, whose 2× 10−5 and 3× 10−5 recipes
tie at 73.4–73.5. Table 4 also shows variant SidBert
models: identically-configured, identically-seeded
retrains with milestone checkpointing enabled; and
Section 5 quantifies the reproduction fidelity we
expect from such retrains.

4.3 A stronger causal baseline
The official leaderboard row for
gpt2-baseline-strict was incomplete,
with several missing evaluations represented as
zero. We therefore reevaluated the official check-
point using the BabyLM 2026 strict full-evaluation
data, the causal backend, batch size 64, and the
main model revision. Table 5 compares this
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MurphysLaw SidBert Llama

Track strict-small strict strict
Words 10M (official) 100M (official) 100M (official)
Objective mixed mixed causal
Optimizer AdaMuon Muon + AdamW Muon + AdamW
LR / aux LR 0.02 / 0.006 0.005 / 0.007 0.01 / 1e-4
Steps × tok/step 9,914 × 16,384 12,330 × 131,072 13,510 × 131,072
Final weights tail-avg (20%) last step last step
Milestones 19 (1M–100M) 28 (1M–1000M) 28 (1M–1000M)
Eval mode MNTP MNTP causal
FT recipe 8–9e-5, s44 2–3e-5, s42 3e-5, s42

Table 1: Submission configurations. Milestone counts exclude the final model state published on main.

Intervention (10M) BLiMP Supp.

TinyStories corpus (20 ep) 47.3 45.3
Gutenberg curriculum corpus ≈66 ≈55
Synthetic generation (best) 55.7 51.4
Teacher-supervised (best) 67.3 53.0
nanochat schedule (best) 57.0 41.0
Hybrid teacher+nanochat 65.8 60.0

GPT-BERT recon. + AdaMuon 71.6 63.9

Table 2: Representative development results for data-
and objective-centric interventions versus the submit-
ted optimizer-centric recipe (official corpus). Earlier
rows use the evaluation pipeline of their year; the final
row is the submitted strict-small model under the 2026
pipeline.

completed evaluation with the official Chatty
BERT submission.

Chatty BERT improves the seven-suite NLP av-
erage by 3.39 points and outperforms GPT-2 on
every benchmark category. The largest gains oc-
cur on BLiMP, BLiMP-Supplement, and Super-
GLUE, suggesting that the modern training recipe
particularly improves linguistic competence and
downstream transfer. Improvements on EWoK and
entity tracking are smaller, and the absolute entity-
tracking scores remain low for both models. Thus,
strengthening the causal baseline does not remove
the broader difficulty of learning persistent entities
and world structure from limited text.

The comparison should not be interpreted as iso-
lating a uniquely Llama-specific architectural ad-
vantage. Chatty BERT jointly changes the model
architecture, normalization and feed-forward de-
sign, positional encoding, optimizer, implementa-
tion stack, and tuned hyperparameters. Its role is
instead to demonstrate that the official GPT-2 result
is not a sufficient control for claims about the limits
of causal modeling.

5 Evaluation pitfalls

Validation loss does not rank configurations well.
We selected hyperparameters by benchmark score,
not held-out MLM loss: across a 10M learning-rate
grid, validation loss correlates with BLiMP only
through broken extremes (Spearman −0.91 overall,
−0.40 among the four best), preferring lr 0.005
over the lr 0.02 recipe we submitted, and is unin-
formative among identically-configured replicas.

Identical retrains are not bit-identical. Our
submission process required retraining models
with checkpointing enabled, holding configura-
tion, data order, and seed fixed. The retrain re-
produced BLiMP to within 0.1 points, but the 82-
item BLiMP-Supplement moved by 4.5 points and
entity tracking (Kim and Schuster, 2023) by 1.9—
consistent with GPU nondeterminism amplified by
small suite sizes. Repeating this across 18 identi-
cal runs, the seven-suite NLP average spans 56.6–
57.9, while evaluation itself is deterministic given
fixed weights. Small-suite deltas under a few points
should not be read as real effects at these scales, in
our submission or anyone else’s.

Training and evaluation code, exact configura-
tion files, and launch scripts for the submitted mod-
els are available in our public repositories. We note
that this repository is designed to run from PyTorch,
while the original GPT-BERT code is designed to
run on Slurm, so this is another contribution that
may be helpful for future competition participants.
1 Because the repository also contains exploratory
experiments conducted before and after model se-
lection, we provide a paper-specific reproduction
index that maps each reported model to its corre-
sponding training configuration, evaluation recipe,
and released weights.

1https://github.com/JorgeCMurillo/
babylm-baby-steps
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GPT-BERT Mixed Focus Model (10M, MNTP) BLiMP Supp. EWoK Entity PIQA SG Avg.

MurphysLaw (AdaMuon, official) 71.6 63.9 51.9 28.0 36.2 69.9† 53.6
AdaMuon, MixBlend corpus 71.5 70.2 53.5 20.8 33.7 65.4 52.5
Muon, Benchmark Target Mix corpus 70.7 68.5 56.1 19.3 34.3 65.2 52.4
Muon, 1%-augmented corpus 72.5 70.3 51.2 22.1 31.7 64.6 52.1

Table 3: Strict-small finalists (development sweep, MNTP). SG = finetuned SuperGLUE; Avg. is the mean of the
six columns, not including COMPS. †SuperGLUE for the submitted configuration measured on its identically-
configured development twin (69.9–70.1 across the 8–9e-5 / seed-44 recipes); official-pipeline finetuning of the
submitted weights uses the same recipe.

GPT-BERT Mixed Focus Model (100M) BLiMP Supp. SG NLP

Muon lr .005 (sub.) 80.2 73.6 73.5 57.3
Muon lr .005 (var. 1) 79.5 71.8 73.0 57.9
Muon lr .005 (var. 2) 79.4 70.9 71.6 56.0
Muon lr .01 76.6 62.4 70.3 53.8
AdaMuon lr .02 76.6 64.8 70.1 53.9

Table 4: Strict-track sweep (MNTP; SG = finetuned SuperGLUE average; NLP = six-suite mean). The AdaMuon
recipe that wins at 10M loses at 100M, where lower-rate Muon dominates. Additionally, we show identical-training
submission variants, displaying the GPU-based nondeterminism inherently present in training and evaluating at this
scale (var 1. = identical training process, var. 2 = two-GPU distributed training).

6 Discussion and Limitations

6.1 The importance of strong baselines

Our results support a broader but still qualified con-
clusion: BabyLM comparisons are highly sensitive
to the strength of the baseline. Within GPT-BERT,
optimizer choice and learning-rate tuning produced
larger and more consistent gains than the multiple
data interventions we tested. Across causal de-
coders, replacing the official GPT-2 reference with
a modern Llama–Muon implementation raised the
strict NLP average by 3.39 points and improved
every individual benchmark.

These findings do not imply that data design or
architectural innovation is unimportant. Rather,
they show that gains attributed to novelty can
be overstated when the comparison is made only
against an outdated or undertuned reference imple-
mentation. A strong BabyLM control should ide-
ally include both the official baseline and a tuned
modern baseline trained under the same data and
token restrictions.

6.2 Systems efficiency versus sample efficiency

It is also useful to distinguish statistical sample ef-
ficiency from systems efficiency. Liger kernels do
not change the number of words observed by the
model, and our experiment does not establish that
they improve learning per token. Their benefit is
practical: reduced memory pressure and improved
throughput make Muon training and broader hy-

perparameter exploration easier under a fixed hard-
ware budget. Because the Llama and GPT-2 sys-
tems differ in several respects, a clean architectural
ablation would need to hold parameter count, tok-
enizer, data order, optimizer, token batch, learning-
rate schedule, and total training compute constant.

6.3 Limitations
Our exploration of data interventions, though broad,
was not exhaustive, and most sweeps used a single
seed. The Llama–GPT-2 comparison is a com-
parison between practical training recipes rather
than a controlled architectural ablation: architec-
ture, optimizer, hyperparameters, and implementa-
tion differ simultaneously. Small evaluation suites
also show substantial run-to-run variation, so dif-
ferences of only a few points should be interpreted
cautiously. We primarily optimized the learning
rates. Finally, Age-of-Acquisition correlations are
reported as produced by the official pipeline, and
we do not attempt to interpret their sign.
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Model BLiMP Supp. EWoK Entity COMPS PIQA SG NLP avg.

GPT-2 strict 74.73 65.00 54.37 16.91 55.85 36.62 66.06 52.79
Chatty BERT (Llama) 80.57 69.88 55.39 19.60 58.01 39.62 70.19 56.18

Difference +5.84 +4.88 +1.02 +2.69 +2.16 +3.00 +4.13 +3.39

Table 5: Completed strict-track comparison between the official BabyLM strict GPT-2 checkpoint and Chatty BERT.
NLP average is the unweighted mean of the seven displayed benchmark categories.
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A Reproduction details

All models were trained on NVIDIA RTX 5090
GPUs. MurphysLaw and Chatty BERT were
trained on a single GPU, while SidBert was trained
on two GPUs using data parallelism. Submission
repositories publish the final weights on main
and each word-count milestone as a branch named
chck_{N}M, as required for the challenge’s fast
checkpoint evaluation and AoA analysis. Finetun-
ing used the official evaluation pipeline’s scripts
with per-task defaults, batch size 4 at 100M scale
to fit memory alongside concurrent jobs, and the
learning rates and seeds given in Table 1.

Objective focus and evaluation mode. The
sweeps reveal an interaction between training ob-
jective, evaluation mode, and scale rather than a
uniformly best objective family. At strict-small
scale, mixed-focus models evaluated with MNTP
generally provided the strongest balance across the
zero-shot suites, although the best causal-focus
configuration was competitive. At strict scale,
the result was less decisive: causal-focus models
evaluated with MNTP performed particularly well
on EWoK, entity tracking, and COMPS, whereas
mixed-focus models evaluated with MNTP attained
the strongest BLiMP and BLiMP-Supplement re-
sults and performed well under the broader submis-
sion evaluation. We therefore selected mixed-focus
training with MNTP evaluation for both submit-
ted models. This choice should be interpreted as a
submission-level model-selection decision rather

than evidence that mixed-focus training uniformly
dominates causal-focus training.

B Hyperparameter sweeps for 100M
track

829

https://arxiv.org/abs/1905.00537
https://arxiv.org/abs/1905.00537
https://arxiv.org/abs/1905.00537
https://aclanthology.org/2023.conll-babylm.1
https://aclanthology.org/2023.conll-babylm.1
https://aclanthology.org/2023.conll-babylm.1
https://doi.org/10.1162/tacl_a_00321
https://doi.org/10.1162/tacl_a_00321


Model Family LR Mode Blimp Blimp SUPP Ewok Entity Tracking Comps SelfPace R Eye Tracking

muon-10m-CAUSAL-auxlr0.001 0.001 causal 71.64 61.97 52.43 33.92 53.33 3.92 8.84
muon-10m-CAUSAL-auxlr0.001 0.001 mntp 71.50 64.15 52.99 41.38 53.08 4.40 9.55
muon-10m-CAUSAL-auxlr0.002 0.002 causal 72.20 62.52 51.84 19.57 53.03 3.52 9.06
muon-10m-CAUSAL-auxlr0.002 0.002 mntp 72.01 65.02 53.80 30.80 53.28 3.86 9.72
muon-10m-CAUSAL-auxlr0.003 0.003 causal 71.55 60.93 52.76 24.15 53.38 3.66 9.39
muon-10m-CAUSAL-auxlr0.003 0.003 mntp 70.40 63.07 53.70 30.72 53.28 4.03 10.03
muon-10m-CAUSAL-auxlr0.005 0.005 causal 73.73 59.91 52.39 14.63 52.89 3.53 9.52
muon-10m-CAUSAL-auxlr0.005 0.005 mntp 71.50 62.88 50.79 26.67 52.85 3.67 9.43
muon-10m-CAUSAL-auxlr0.01 0.01 causal 73.51 63.47 52.11 17.34 52.66 4.05 9.82
muon-10m-CAUSAL-auxlr0.01 0.01 mntp 71.57 61.71 51.85 32.77 53.05 4.80 10.26

muon-10m-mixed-auxlr0.001 0.001 causal 69.85 59.51 51.25 27.45 52.58 4.03 9.66
muon-10m-mixed-auxlr0.001 0.001 mntp 72.22 60.74 50.14 40.49 52.99 4.38 10.21
muon-10m-mixed-auxlr0.002 0.002 causal 70.50 56.06 50.93 27.89 53.14 4.38 9.21
muon-10m-mixed-auxlr0.002 0.002 mntp 71.59 59.38 52.08 36.88 53.00 4.43 9.74
muon-10m-mixed-auxlr0.003 0.003 causal 69.82 57.89 51.51 29.10 53.25 3.95 9.74
muon-10m-mixed-auxlr0.003 0.003 mntp 71.72 61.52 52.99 38.29 53.34 4.51 10.49
muon-10m-mixed-auxlr0.005 0.005 causal 69.31 58.59 50.68 29.77 52.78 4.25 9.84
muon-10m-mixed-auxlr0.005 0.005 mntp 72.15 62.75 51.89 43.03 53.77 4.60 10.54
muon-10m-mixed-auxlr0.01 0.01 causal 70.04 60.19 51.46 33.35 52.56 3.68 9.74
muon-10m-mixed-auxlr0.01 0.01 mntp 71.33 62.84 52.86 35.27 52.93 4.01 10.50

Table 6: In the Strict Small 10M track, Hyperparameter sweep across different learning rates, before entity tracking
was updated to remove the non-nothing , and the addition of hidden task GlobalPiqa. We retain the original results
because they were the measurements available when the learning rates and model configurations were selected.

LR BLiMP BLiMP Supp. EWoK Entity Tracking COMPS SelfPace R Eye Tracking

Model focus: Causal | eval=causal
0.00025 75.53 62.69 53.21 31.98 55.92 3.52 10.17
0.0025 78.13 70.22 56.75 32.98 58.14 3.39 9.08
0.005 78.74 69.62 56.60 29.38 58.15 3.18 8.69
0.01 79.95 68.75 57.89 34.82 58.65 3.01 8.16
0.02 79.45 67.88 56.45 30.92 58.39 3.36 8.70

Model focus: Mixed | eval=causal
0.00025 73.41 58.84 52.47 40.22 54.91 3.04 10.06
0.0025 77.43 65.98 53.25 28.34 56.68 3.54 9.33
0.005 78.62 67.38 56.24 33.08 56.92 3.12 9.35
0.01 78.52 63.82 55.59 31.88 57.51 3.26 9.27
0.02 78.06 63.95 54.36 27.99 56.83 3.26 8.83

Model focus: Causal | eval=mntp
0.00025 73.25 62.25 53.62 30.36 55.29 3.52 9.86
0.0025 77.67 69.13 56.31 41.57 58.28 3.99 9.81
0.005 78.76 70.45 57.27 36.46 58.44 3.23 9.23
0.01 79.43 70.65 59.09 44.13 59.47 3.47 9.11
0.02 78.77 71.26 57.38 42.39 59.01 3.62 9.58

Model focus: Mixed | eval=mntp
0.00025 75.32 62.93 52.75 37.00 54.73 3.17 10.18
0.0025 79.50 73.26 54.72 40.81 57.52 3.27 9.43
0.005 80.23 73.62 56.25 41.46 58.72 3.26 9.45
0.01 79.90 73.63 57.48 41.00 59.01 3.14 9.63
0.02 79.16 71.33 55.26 44.59 59.40 3.61 10.33

Table 7: GPT-BERT Learning-rate sweep results for the BabyLM 100M track, before the entity tracking update
and addition of the Global PIQA task. We retain the original results because they were the measurements available
when the learning rates and model configurations were selected.
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