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Abstract

We evaluate five decoder-only Transformers
trained in the BabyLM 2026 Strict-Small set-
ting. In a closely matched training compari-
son, Causal-30M and Hybrid-30M share archi-
tecture, initialization, data, tokenization, opti-
mization settings, seed, and training exposure.
Causal-30M reaches lower held-out causal next-
token loss. Their benchmark results come from
different evaluation pipelines—server-held-out
evaluation for Causal-30M and preliminary lo-
cal evaluation for Hybrid-30M—so we report
them descriptively and do not treat their bench-
mark differences as an objective-level ranking.
A larger 64.57M-parameter hybrid configura-
tion improves the preliminary NLP Average
and substantially improves Entity Tracking, but
its gains are not uniform across evaluation cat-
egories.

Separately, we compare architecture- and
exposure-matched dense and fake-quantized
ternary models. In this single-seed comparison,
Ternary-30M averages 42.90 across the eight
categories measured for both models, against
43.45 for Dense-30M, retaining 98.73% of the
dense model’s measured aggregate. The two
models use different peak learning rates, so this
result describes the tested training recipes, not
the effect of ternarization alone. Overall, the ex-
periments show benchmark-specific trade-offs
across objectives, model configurations, and
weight representations. The ternary experiment
measures capability retention under fake quan-
tization and does not assess packed storage or
specialized low-bit inference.

1 Introduction

Progress in language modeling has been driven
by scale: larger models, larger datasets, and
more compute. Transformers made large-scale
sequence modeling more parallelizable (Vaswani
et al., 2017). Scaling studies described predictable
relationships among language-modeling loss, pa-
rameter count, training data, and compute (Kaplan

et al., 2020; Hoffmann et al., 2022). Many con-
temporary modeling choices were developed and
tested with billions or trillions of training tokens.
When data is scarce, however, those choices may
not transfer cleanly: additional capacity may be un-
derused, alternative objectives may redistribute the
available learning signal, and low-precision weight
constraints may impose a greater optimization cost.

The BabyLM Challenge is a shared setting for
studying these questions under a restricted pretrain-
ing budget. Its evaluation suite spans grammati-
cal, conceptual, downstream, and developmentally
motivated behavior, picking up differences that
language-modeling loss alone can miss (Warstadt
et al., 2025; Hu et al., 2024; Choshen et al., 2026).
Previous BabyLM systems and related work on
data-efficient pretraining have improved perfor-
mance through architectural changes, knowledge
distillation, shorter training sequences, and mod-
ified objectives (Samuel et al., 2023; Charpentier
and Samuel, 2023; Timiryasov and Tastet, 2023;
Press et al., 2021; Charpentier and Samuel, 2024).

GPT-BERT is especially relevant: it combines
causal and masked language modeling in a single
Transformer and outperformed its causal-only and
masked-only variants in the 2024 BabyLM setting
(Charpentier and Samuel, 2024). Whether hybrid
training helps across other small-model configura-
tions and evaluation dimensions is not yet settled.

We study five GPT-style, decoder-only Trans-
formers in the BabyLM 2026 Strict-Small setting.
The experiments fall into two groups. The first
examines pretraining objective and model config-
uration. Causal-30M and Hybrid-30M each have
29.22M parameters and are matched in architecture,
initialization, corpus, tokenizer, context length, op-
timization settings, seed, and training exposure.
Causal-30M uses next-token prediction; Hybrid-
30M alternates between causal and bidirectional
masked-language-modeling updates. This compari-
son evaluates the complete hybrid recipe: attention



visibility, input corruption, prediction targets, and
loss-bearing positions all differ, not just the loss
function. We also evaluate Hybrid-65M, a larger
hybrid configuration. It is wider and shallower than
Hybrid-30M and uses different attention-head ge-
ometry, so it tests a different configuration rather
than isolating parameter count.

The second group examines fake-quantized
ternary training. Ternary networks represent
forward-pass weights using three scaled levels (Li
et al., 2016; Ma et al., 2024), while related BitNet
work applies low-bit linear layers to Transformer
language models (Wang et al., 2023). These meth-
ods are motivated by the potential to reduce storage
and arithmetic costs.

We compare Dense-30M and Ternary-30M, two
29.66M-parameter causal Transformers matched in
architecture, corpus, tokenizer, context length, seed,
and training exposure. Ternary-30M ternarizes its
attention and feed-forward projections during the
forward pass but keeps full-precision latent weights
for optimization. This experiment measures capa-
bility retention under a ternary constraint. It does
not evaluate bit-packed storage or specialized low-
bit inference.

1. In the most closely matched training com-
parison, Causal-30M reaches lower held-out
causal next-token loss than Hybrid-30M. The
models’ benchmark outputs came from dif-
ferent evaluation pipelines, so we treat their
benchmark rows as provisional observations,
not a controlled ranking of objectives.

2. Hybrid-65M improves on Hybrid-30M in val-
idation loss, preliminary NLP Average, Entity
Tracking, and several other evaluations, but
the gains are uneven. Hybrid-65M also differs
in width, depth, and attention-head geometry.
This comparison describes a larger configura-
tion, not an isolated effect of parameter count.

3. In a single architecture- and exposure-
matched comparison, Ternary-30M retains
98.73% of Dense-30M’s mean across the eight
categories measured for both models. The
runs use different peak learning rates, so the
result describes the tested dense and ternary
training recipes rather than the effect of ternar-
ization alone.

Together, these experiments show that training
objective, model configuration, and weight repre-

sentation lead to different trade-offs across evalua-
tion dimensions under a restricted data budget.

2 Related Work

Data-efficient pretraining. BabyLM provides
a shared setting for comparing language models
trained on developmentally plausible, restricted
corpora (Warstadt et al., 2025; Hu et al., 2024).
Previous results show that performance under these
constraints depends on architecture and training
procedure as well as parameter count (Warstadt
et al., 2025; Hu et al., 2024). LTG-BERT optimized
the Transformer architecture and pretraining recipe
for a 100M-word corpus (Samuel et al., 2023),
while ELC-BERT introduced learned connections
to earlier layer outputs and won the original Strict
and Strict-Small tracks (Charpentier and Samuel,
2023). Baby Llama instead used knowledge distil-
lation from an ensemble trained on the same small
corpus (Timiryasov and Tastet, 2023). Our work
complements these system-level contributions by
using matched model pairs to examine particular
training and weight-representation choices rather
than optimizing a single leaderboard submission.

Causal and hybrid objectives. Causal language
modeling predicts the next token from left context.
BERT-style masked modeling reconstructs cor-
rupted inputs using bidirectional context (Devlin
et al., 2018). GPT-BERT showed that causal and
masked language-modeling objectives can share a
single Transformer stack and beat its causal-only
and masked-only variants in the 2024 BabyLM set-
ting (Charpentier and Samuel, 2024). Our causal–
hybrid comparison revisits this question with mod-
els matched in architecture, parameter count, cor-
pus, tokenizer, context length, optimization set-
tings, seed, and training exposure. We evaluate
the complete hybrid recipe, not one component of
masked training in isolation. Our procedure is an
independent implementation, not an exact replica-
tion of GPT-BERT, so differing outcomes suggest
that hybrid performance depends on the specific
recipe and model configuration.

Low-bit and ternary models. Ternary Weight
Networks introduced scaled three-level weights as
an alternative to full-precision and binary networks,
with potential reductions in storage and arithmetic
cost (Li et al., 2016). More recent work has ap-
plied low-bit training to Transformers. BitNet in-
troduced 1-bit BitLinear projections for language



Source Objective/scale Dense/ternary

SimpleWiki 3,622,739 3,624,923
Gutenberg 3,424,991 3,424,824
BNC Spoken 1,299,294 1,299,971
OpenSubtitles 1,199,672 1,199,986
Switchboard 217,758 217,758

Total 9,764,454 9,767,462

Table 1: Whitespace-delimited word counts for the two
corpus generations, before end-of-text markers are in-
serted. The objective/scale and dense–ternary groups
are compared only within their own corpus generations.

models (Wang et al., 2023), while BitNet b1.58
extended this approach to ternary weights and re-
ported performance comparable to full-precision
Transformers with the same model size and training
exposure (Ma et al., 2024). These studies motivate
our dense–ternary comparison, but our scope is
narrower: we measure capability retention under
fake-quantized ternary forward passes while retain-
ing full-precision latent weights. We do not claim
the storage, latency, or energy benefits of a packed
low-bit deployment.

3 Data and Tokenization

3.1 Training corpora

We train all models on restricted natural English
corpora assembled from five sources distributed
with BabyLM 2026: Simple English Wikipedia,
Project Gutenberg, BNC Spoken, OpenSubtitles,
and Switchboard (Choshen et al., 2026). We ex-
clude CHILDES, synthetic or teacher-generated
text, and all BabyLM benchmark data from pre-
training. This corpus-construction choice is not
a claim that child-directed speech is unimportant.
The objective and scale experiments—Causal-30M,
Hybrid-30M, and Hybrid-65M—use the final cor-
pus generation. The Dense-30M and Ternary-30M
comparison uses a slightly earlier generation drawn
from the same source mixture. Table 1 gives the
composition of both corpora.

We normalize text with Unicode NFKC, then
normalize common typographic punctuation, re-
move control characters and source metadata, and
collapse whitespace. We extract text using source-
specific processing rules, merge short units into
medium-length blocks, and deduplicate at the block
level after normalization. Blocks are shuffled with
seed 1337 and split roughly 98/1/1 into training,
validation, and test sets. No normalized block ap-
pears in more than one split. Only the training split

goes to the optimizer; the validation split measures
pretraining loss, and the test split is held out from
both training and model selection.

The final corpus has 9,799,922 whitespace-
delimited words after end-of-text markers are in-
serted. The optimizer split gets 9,607,048 words,
with 99,498 and 93,376 words set aside for valida-
tion and testing. The earlier dense–ternary corpus
has 9,789,053 words total, 9,592,958 of them in
the optimizer split. The two generations differ in
corpus construction details, so we do not interpret
performance differences between the two experi-
mental groups as controlled effects.

3.2 Tokenization

We train byte-level variants of byte-pair encoding
tokenizers from scratch on the training split of each
corpus (Sennrich et al., 2015). This avoids relying
on a tokenizer pretrained on additional text. In our
tokenizer reports, no unknown tokens occur in the
training, validation, or test splits. Both tokenizers
preserve capitalization and punctuation and encode
each end-of-text marker as a single token. They
do not automatically insert beginning- or end-of-
sequence tokens.

The objective and scale experiments use a vocab-
ulary of 8,192 tokens. Their training split contains
14,421,277 BPE tokens, corresponding to 1.501
BPE tokens per whitespace-delimited word. The
tokenizer reserves special tokens for padding, un-
known inputs, end of text, masking, and sequence
separation. The mask token is used during the
masked-language-modeling steps of the hybrid ob-
jective.

The dense–ternary comparison uses a 16,384-
token byte-level BPE tokenizer trained on its cor-
responding corpus generation. Its training split
contains 13,336,022 BPE tokens, corresponding to
1.390 BPE tokens per whitespace-delimited word.
This tokenizer reserves special tokens for padding,
unknown inputs, and end of text. It does not reserve
masking or separator tokens because both models
in this comparison use causal language modeling.

The two tokenizer settings do not constitute a
controlled vocabulary-size experiment. In addition
to vocabulary size, the experimental groups dif-
fer in corpus generation, context length, dropout,
batching, and model configuration. We therefore
restrict causal comparisons to models that share the
same corpus and tokenizer.



4 Models and Training

We train five GPT-style, single-stack Transform-
ers with pre-LayerNorm residual blocks. Each
model uses learned token and absolute positional
embeddings, scaled dot-product self-attention, ex-
act GELU activations, and feed-forward layers four
times wider than the residual stream. The token em-
beddings and language-modeling head share their
weights. Linear projections and the output head
have no bias. LayerNorm has a learned scale but
no bias.

We initialize embedding and linear weights from
a normal distribution with standard deviation 0.02.
For the output projections of the attention and feed-
forward sublayers, we reduce the initialization stan-
dard deviation to 0.02/

√
2L, where L is the num-

ber of Transformer layers. The five model configu-
rations are listed in Table 2.

4.1 Training objectives
Causal-30M, Dense-30M, and Ternary-30M are
trained with standard autoregressive language mod-
eling. For a token sequence x1:T , the objective
is

Lcausal = − 1

T − 1

T−1∑
t=1

log p(xt+1 | x≤t).

A causal attention mask prevents tokens from
attending to later positions, and the loss is averaged
over all valid next-token predictions.

Hybrid-30M and Hybrid-65M split their train-
ing between causal language modeling and bidirec-
tional masked language modeling. The assignment
is deterministic. Update s uses the masked objec-
tive when

(7919s mod 10000) < 5000.

Over 36,648 optimizer updates, this gives 18,322
masked updates and 18,326 causal updates.

On a masked update, each token other than
padding, end-of-text, and mask tokens is selected
independently with probability 0.15. If no token is
chosen in a sequence that has eligible tokens, one
eligible position is forced so that the sequence still
contributes to the loss. Of the selected tokens, 80%
are replaced by the mask token, 10% by a token
sampled from the non-special vocabulary, and 10%
are left unchanged (Devlin et al., 2018). Atten-
tion is bidirectional on these updates, and only the
selected positions contribute to the loss.

This experiment compares causal training
against the complete hybrid recipe. The hybrid con-
dition changes the attention pattern, input corrup-
tion, prediction targets, and number of loss-bearing
positions; it does not just swap the loss function.
Causal-30M and Hybrid-30M otherwise share the
same architecture, initial parameters, corpus, to-
kenizer, context length, optimizer, learning rate,
seed, and total exposure.

The runs share a seed but are not paired
minibatch-for-minibatch. Generating masked in-
puts draws extra random numbers, so the se-
quence of sampled training windows eventually di-
verges. We call the comparison seed- and exposure-
matched, not example-order-matched.

4.2 Fake-quantized ternary training
Dense-30M and Ternary-30M share the same archi-
tecture, corpus, tokenizer, context length, batching
configuration, seed, and training exposure. Archi-
tecturally, Ternary-30M differs by applying fake-
quantized ternary weights to its attention and feed-
forward projections (Li et al., 2016). The runs also
use different peak learning rates, as reported below.

For each output channel i, we first compute the
mean absolute magnitude of its full-precision latent
weights:

mi =
1

Ni

∑
j

|wij |.

The ternarization threshold is then set to

∆i = 0.7mi.

Weights at or below ∆i in magnitude are mapped
to zero. The remaining weights are represented by
their sign and a channel-specific scale,

αi =

∑
j |wij |I[|wij | > ∆i]∑

j I[|wij | > ∆i]
,

with the denominator clamped to at least one.
The forward-pass weight is

w̃ij = αi sign(wij)I[|wij | > ∆i] ,

which takes one of three values: {−αi, 0,+αi}.
During backpropagation, a straight-through estima-
tor passes gradients to the underlying full-precision
latent weights (Bengio et al., 2013).

We apply this transformation to the combined
query, key, and value projection, the attention out-
put projection, and both feed-forward projections in



Model Params Layers Width Heads MLP width Context Dropout Objective

Causal-30M 29.22M 16 368 8 1,472 512 0.1 Causal LM
Hybrid-30M 29.22M 16 368 8 1,472 512 0.1 Causal + MLM
Hybrid-65M 64.57M 12 640 10 2,560 512 0.1 Causal + MLM
Dense-30M 29.66M 16 352 4 1,408 256 0.0 Causal LM
Ternary-30M 29.66M 16 352 4 1,408 256 0.0 Causal LM + ternary proj.

Table 2: Model configurations. Causal-30M and Hybrid-30M share the same architecture and parameter count.
Dense-30M and Ternary-30M form a separate architecture-matched pair. Hybrid-65M is both wider and shallower
than Hybrid-30M; it is a larger configuration, not a controlled change in parameter count alone.

every Transformer layer. Token and positional em-
beddings, LayerNorm parameters, activations, soft-
max operations, and the tied language-modeling
head stay dense. Ternary-30M has 29,658,464
trainable parameters: 23,789,568 in ternarized pro-
jection matrices and 5,868,896 in dense compo-
nents.

The ternary experiment measures how much
model quality survives the forward-pass weight
constraint. It does not assess a complete low-bit
deployment. Training still uses full-precision latent
weights and optimizer state, checkpoints are not bit-
packed, and inference uses no specialized ternary
kernels. We make no claims about deployment-
level memory, latency, throughput, or energy sav-
ings.

4.3 Optimization

All models are trained with AdamW (Loshchilov
and Hutter, 2019), using β1 = 0.9, β2 = 0.95, and
gradient clipping at a global norm of 1.0. Weight
decay of 0.1 applies to linear weight matrices. Em-
beddings, LayerNorm parameters, biases, and the
tied output head do not receive weight decay.

The learning rate increases linearly during the
first 2% of optimizer updates and then follows a
cosine decay schedule, ending at 10% of its peak
value. Training uses bfloat16 automatic mixed pre-
cision with full-precision parameters and optimizer
state. We do not use gradient accumulation. Ev-
ery run uses seed 1337. Table 3 summarizes the
model-specific optimization and training-exposure
settings.

Every 250 updates, we estimate validation loss
on 20 batches sampled from the held-out validation
split. Each configuration reuses the same valida-
tion windows at every evaluation. We use causal
next-token loss as the common validation metric
for all models; masked-language-modeling loss
is excluded. This tests the same prediction task
across configurations, but it is not objective-neutral:

Causal-30M optimizes causal prediction at every
update, while the hybrid models do so on roughly
half of theirs.

4.4 Training exposure

Training examples are contiguous token windows
with starting positions sampled with replacement
from the optimizer split. Table 3 summarizes the
resulting training exposure. Causal-30M, Hybrid-
30M, and Hybrid-65M use exact exposure counts
reconstructed from the sampled token windows.
Dense-30M and Ternary-30M use estimates based
on the corpus-level words-per-token ratio.

All runs targeted a ceiling of 100M whitespace-
word exposures. The optimizer splits contain fewer
than 10M words, so this budget amounts to more
than ten exposure-equivalent passes. Batches are
also sampled with replacement rather than drawn as
ordered sweeps through the corpus. We report both
word exposure and exposure-equivalent passes and
do not call the runs ten literal epochs.

Except for AoA, all benchmark results use the
final checkpoints at roughly 100M exposures; we
do not select checkpoints by minimum validation
loss. Causal-30M, Hybrid-30M, and Hybrid-65M
were trained on an NVIDIA H100 NVL. The meta-
data for the earlier Dense-30M and Ternary-30M
runs did not record the exact GPU. The two exper-
imental generations also differ in context length,
tokenizer, dropout, and batching, so we do not com-
pare their training times or memory consumption
directly.

5 Evaluation

We use the BabyLM 2026 evaluation suite
(Choshen et al., 2026). BLiMP and its Supple-
ment test linguistic knowledge through minimal-
pair judgments (Warstadt et al., 2019). EWoK
tests physical and social world knowledge (Ivanova
et al., 2024). COMPS tests conceptual properties
and property inheritance (Misra et al., 2022). Entity



Model Peak LR Batch Tok./step Steps BPE positions Word exposures Equiv. passes

Causal-30M 3×10−4 8 4,096 36,648 150,110,208 99,984,450 10.407
Hybrid-30M 3×10−4 8 4,096 36,648 150,110,208 99,987,918 10.408
Hybrid-65M 3×10−4 8 4,096 36,648 150,110,208 99,987,918 10.408
Dense-30M 3×10−4 32 8,192 16,970 139,018,240 99,999,545† 10.424†

Ternary-30M 2×10−4 32 8,192 16,970 139,018,240 99,999,545† 10.424†

Table 3: Optimization and training-exposure settings. Word-exposure counts for Causal-30M, Hybrid-30M, and
Hybrid-65M are reconstructed exactly from the sampled token windows. Values marked with † are estimates based
on the corpus-level words-per-token ratio. Dense-30M and Ternary-30M use different peak learning rates, so their
comparison does not isolate weight representation alone.

Tracking evaluates whether models track chang-
ing information about entities across discourse,
while GlobalPIQA tests cultural commonsense rea-
soning. The (Super)GLUE category summarizes
seven fine-tuning tasks. Reading measures how
much model surprisal improves the prediction of
human reading times. Age of Acquisition (AoA)
compares word-learning trajectories across training
with human acquisition data.

Aggregation. Let N be the seven conventional
NLP categories: BLiMP, BLiMP Supplement,
EWoK, Entity Tracking, COMPS, GlobalPIQA,
and (Super)GLUE. The reported aggregates are

NLP =
1

7

∑
c∈N

sc,

HumanLike =
sReading + sAoA

2
,

Overall =

∑
c∈N sc + sReading + sAoA

9
.

The aggregation script assigns zero to missing
categories. AoA is unavailable for Dense-30M and
Ternary-30M, so their Overall scores are incom-
plete and cannot be compared directly with com-
plete nine-category scores. For this pair, we use the
mean over the eight available categories as the pri-
mary aggregate and report the zero-filled Overall
score only to match the leaderboard calculation.

Checkpoints and provenance. Final-checkpoint
evaluations use the last saved state of each run
rather than a checkpoint selected according to vali-
dation loss or downstream performance. AoA uses
19 checkpoints distributed across pretraining and is
available only for Causal-30M, Hybrid-30M, and
Hybrid-65M.

The reported results do not all have the same
evaluation provenance. Causal-30M’s results come
from the server-held-out evaluation. The Hybrid-
30M and Hybrid-65M scores are preliminary local

aggregates assembled from artifacts spanning two
evaluator revisions. Causal-30M and Hybrid-30M
are closely matched at the training level, but their
benchmark results were not produced by a com-
mon evaluation pipeline. Comparisons between
the server and local scores are therefore descriptive
rather than definitive leaderboard rankings.

6 Results

Table 4 reports the available evaluation results.
Causal-30M, Hybrid-30M, and Hybrid-65M make
up the objective and model-configuration compar-
ison at the training level, although their reported
benchmark results do not share the same evaluation
provenance. Dense-30M and Ternary-30M form
a separate architecture- and evaluation-matched
comparison using a different corpus generation, to-
kenizer, and context length. We interpret results
within each experimental group. Cross-group dif-
ferences are not controlled effects.

6.1 Causal versus hybrid training

Causal-30M and Hybrid-30M are our most closely
matched training comparison. They share architec-
ture, parameter count, initialization, corpus, tok-
enizer, context length, optimization settings, seed,
and total word exposure. Their intended experimen-
tal difference is the objective recipe: Causal-30M
uses causal language modeling on every update,
whereas Hybrid-30M alternates between causal and
masked-language-modeling updates. The hybrid
condition also changes attention visibility, input
corruption, prediction targets, and the number of
loss-bearing positions.

On the common held-out causal next-token met-
ric, Causal-30M reaches a final validation loss of
3.5421, compared with 3.7891 for Hybrid-30M.
The tested causal recipe therefore produces better
held-out causal next-token predictions in this run.
This is not an objective-neutral measure of general



Model BLiMP Supp. EWoK Entity COMPS GPIQA (S)GLUE Read. AoA NLP Human Overall

Objective and model-configuration comparison: 8k BPE, context 512
Causal-30M 66.04 52.79 50.95 19.97 51.93 35.64 64.20 0.63 17.96 48.79 9.29 40.01
Hybrid-30M† 63.73 50.03 51.00 16.46 51.23 36.64 64.53 0.73 -11.83 47.66 -5.55 35.83
Hybrid-65M† 65.27 51.87 50.51 31.30 51.64 34.67 65.82 0.37 3.54 50.15 1.95 39.44

Dense–ternary comparison: 16k BPE, context 256
Dense-30M 68.33 55.61 52.23 19.93 51.70 36.62 62.97 0.19 – 49.63 – 38.62‡

Ternary-30M 65.90 54.63 52.17 20.45 51.63 35.58 62.62 0.18 – 49.00 – 38.13‡

Table 4: Available BabyLM evaluation results. Causal-30M was evaluated using the server-held-out pipeline.
Results marked with † are preliminary local results assembled from evaluation artifacts spanning two evaluator
revisions. Dense-30M and Ternary-30M were not evaluated on AoA; their displayed Overall scores assign zero to
the missing category and are incomplete aggregates (‡). Boldface identifies the numerically higher value within the
evaluation-matched dense–ternary comparison and does not indicate statistical significance.

model quality, since causal prediction is optimized
on every Causal-30M update but only roughly half
of Hybrid-30M’s updates.

The benchmark outputs did not come from a
common evaluation pipeline. Causal-30M was
evaluated through the server-held-out pipeline,
whereas Hybrid-30M was evaluated locally using
preliminary artifacts spanning two evaluator revi-
sions. We report both rows but treat the numerical
gap between their Overall scores as descriptive, not
as a controlled causal–hybrid effect.

In the displayed results, Causal-30M is nu-
merically higher on BLiMP, the BLiMP Supple-
ment, Entity Tracking, COMPS, and AoA, whereas
Hybrid-30M is numerically higher on EWoK, Glob-
alPIQA, (Super)GLUE, and Reading. These task-
level patterns come from mismatched evaluation
pipelines and are therefore descriptive. The prelim-
inary Hybrid-30M AoA value of −11.83 accounts
for most of the displayed Overall difference. This
value has not been verified under a common frozen
evaluator revision, so we treat it and aggregates
derived from it as provisional.

6.2 Larger hybrid configuration

Hybrid-65M has 64.57M parameters, about 2.21
times as many as Hybrid-30M. It also differs in
width, depth, and attention-head geometry, so this
is a comparison between model configurations
rather than a controlled change in parameter count
alone.

Within the preliminary local evaluation outputs,
the larger model raises the Overall aggregate from
35.83 to 39.44 and reduces final validation loss
from 3.7891 to 3.6122. The clearest gain is on En-
tity Tracking, which increases from 16.46 to 31.30.
Hybrid-65M also scores higher on BLiMP, the
BLiMP Supplement, COMPS, (Super)GLUE, and

AoA. Its NLP Average rises from 47.66 to 50.15,
the highest displayed NLP Average among the
three objective and model-configuration runs. Be-
cause both hybrid aggregates are assembled from
preliminary local outputs, these differences should
also be interpreted descriptively.

The gains are uneven. Hybrid-65M scores below
Hybrid-30M on EWoK, GlobalPIQA, and Reading.
Its preliminary Overall value is numerically below
Causal-30M’s server-reported value, although their
unmatched evaluation provenance prevents inter-
preting this difference as a ranking. Causal-30M
has a Human-like Average of 9.29, compared with
1.95 for Hybrid-65M.

As a sensitivity calculation, excluding AoA
gives means of approximately 43.93 for Hybrid-
65M and 42.77 for Causal-30M over the remaining
eight displayed categories. The ordering of the dis-
played aggregates reverses when AoA is removed.
The two rows have different evaluation provenance,
so this calculation shows how sensitive the aggre-
gate is to AoA. It does not establish an evaluation-
matched ranking between the models.

6.3 Dense versus ternary training

Dense-30M and Ternary-30M share the same archi-
tecture, parameter count, corpus, tokenizer, context
length, batching configuration, seed, and training
exposure. The main differences are the ternary
forward-pass projections and the lower peak learn-
ing rate used for Ternary-30M.

AoA was not evaluated for either model. Across
the eight categories measured for both, Dense-30M
averages 43.45 and Ternary-30M averages 42.90.
In this single comparison, the ternary configura-
tion retains 98.73% of the dense model’s measured
aggregate. Table 4 also reports the leaderboard-
style Overall values obtained by assigning zero to



missing AoA, but we do not use those incomplete
aggregates for comparison.

Dense-30M is numerically higher on seven of
the eight available categories and has a lower final
validation loss (3.9703 versus 4.0296). Ternary-
30M is slightly higher on Entity Tracking. The
models use different peak learning rates and only
one seed, so the remaining gap cannot be attributed
to ternarization alone.

7 Discussion

Causal and hybrid training. Causal-30M
reaches lower held-out causal next-token loss than
the closely matched Hybrid-30M configuration. In
this run, the tested causal recipe produces better
causal predictions, but the metric is not objective-
neutral: Causal-30M optimizes causal prediction
at every update, while Hybrid-30M does so on
roughly half of them.

The displayed benchmark patterns are also
mixed. Causal-30M is numerically higher on sev-
eral categories, particularly AoA. Hybrid-30M is
higher on EWoK, GlobalPIQA, (Super)GLUE,
and Reading. The causal results are server-reported
and the hybrid results are preliminary local out-
puts spanning two evaluator revisions, so these dif-
ferences are descriptive, not evaluation-matched
evidence of objective superiority.

Our experiment evaluates the complete hybrid
recipe, not masked modeling in isolation. Hybrid
training changes attention visibility, input corrup-
tion, prediction targets, and the number of loss-
bearing positions all at once. Our procedure is
also an independent implementation, not an exact
replication of GPT-BERT. The differing outcomes
suggest that hybrid performance depends on ar-
chitecture, masking procedure, objective schedule,
and evaluation protocol (Charpentier and Samuel,
2024; Hu et al., 2024).

Model configuration and aggregate sensitivity.
Within the preliminary local evaluation, Hybrid-
65M improves on Hybrid-30M in validation loss,
NLP Average, Entity Tracking, and several other
categories. It scores lower on EWoK, GlobalPIQA,
and Reading. These differences cannot be at-
tributed to parameter count alone: Hybrid-65M is
also wider, shallower, and uses different attention-
head geometry. The result therefore describes a
larger hybrid configuration rather than an isolated
scaling effect.

The displayed aggregate ranking is also sensi-
tive to AoA. Hybrid-65M has the highest prelimi-
nary NLP Average, whereas Causal-30M has the
highest reported Overall score. When AoA is ex-
cluded, their displayed ordering reverses. The two
rows have unmatched evaluation provenance, so
this does not establish a model ranking. Instead,
it shows that Overall is strongly influenced by the
developmental component. AoA is only one devel-
opmental measure, so these results do not support
broader claims about cognitive plausibility.

Ternary capability retention. Ternary-30M re-
mains numerically close to Dense-30M, retain-
ing 98.73% of its measured eight-category aggre-
gate. Dense-30M still has lower validation loss
and higher scores on seven of the eight available
categories. The models use different peak learn-
ing rates and only one seed, so the remaining gap
cannot be attributed to ternarization alone.

This result is about capability retention under
fake-quantized forward passes, not deployment effi-
ciency. Training keeps full-precision latent weights,
several components stay dense, and the implemen-
tation uses neither packed ternary storage nor spe-
cialized inference kernels. Establishing practical
benefits will require matched optimization settings,
multiple seeds, and a deployment-aware implemen-
tation.

8 Conclusion

We trained five compact Transformers under
BabyLM Strict-Small. Causal-30M achieved the
lowest causal validation loss, Hybrid-65M pro-
duced the highest preliminary NLP Average and
sharply improved Entity Tracking, and Ternary-
30M retained 98.73% of Dense-30M’s measured
eight-category aggregate. Together, these results
show that training objective, model configura-
tion, and weight representation produce distinct
strengths under restricted data.

9 Limitations

Our experiments have several limitations. First,
each model configuration was trained with a single
random seed, so we cannot estimate run-to-run vari-
ance or establish statistical significance. Although
Causal-30M and Hybrid-30M are tightly matched
in architecture, data, tokenizer, optimization, and
training exposure, their reported benchmark results
differ in provenance: Causal-30M was scored using
the server-held-out evaluation, whereas the hybrid



scores are preliminary local aggregates. The exact
magnitude of the reported performance difference
should therefore be interpreted cautiously. The lo-
cal hybrid results were assembled from artifacts
spanning two evaluator revisions. In addition, the
causal and hybrid runs are matched in seed and total
exposure but not minibatch-for-minibatch: masked-
input construction consumes additional random
numbers, causing their sampled training windows
to diverge. They are also matched in word exposure
rather than in the number of loss-bearing prediction
targets.

The Hybrid-30M and Hybrid-65M comparison
does not isolate model scale. Hybrid-65M is si-
multaneously larger, wider, shallower, and config-
ured with different attention-head geometry. Simi-
larly, the dense–ternary comparison does not isolate
weight representation completely because Ternary-
30M uses a lower peak learning rate than Dense-
30M. Age of Acquisition was not evaluated for
either model in this pair, so their displayed Overall
scores are incomplete aggregates that assign zero to
the missing category. The two experimental groups
also use different corpus generations, tokenizer vo-
cabulary sizes, context lengths, dropout settings,
and batching configurations; consequently, com-
parisons across groups are descriptive rather than
controlled. The training corpora exclude CHILDES
and therefore omit a major source of child-directed
speech, limiting their developmental and domain
diversity.

Our ternary experiment evaluates fake-quantized
forward projections rather than an efficient de-
ployment implementation. Training retains full-
precision latent weights, several model components
remain dense, checkpoints are not bit-packed, and
no specialized ternary inference kernels were evalu-
ated. We therefore make no empirical claims about
storage reduction, inference latency, throughput, or
energy consumption.

Finally, the exposure accounting is not equally
precise across the two experimental generations.
For Causal-30M, Hybrid-30M, and Hybrid-65M,
we reconstructed the sampled token windows and
obtained exact counts just below 100 million
whitespace-word exposures. For Dense-30M and
Ternary-30M, the reported value of 99,999,545 ex-
posures comes from an earlier procedure that mul-
tiplies the processed-token count by the corpus-
level words-per-token ratio. It should therefore be
treated as an estimate rather than an exact word-by-
word count. These exposure budgets correspond

to approximately 10.41–10.42 exposure-equivalent
passes over the optimizer splits, not ten literal
epochs, because examples are sampled with re-
placement.

Exact block-level deduplication was performed
within each corpus generation, and no exact
normalized-block overlap was found between its
training, validation, and test splits. We did not,
however, conduct an exhaustive semantic-overlap
analysis against every evaluation item. These lim-
itations restrict our conclusions to the configura-
tions, seeds, and evaluation procedures examined
here.
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