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Abstract

This report summarizes the findings from the
4th BabyLM Challenge. The BabyLM Chal-
lenge is a shared task aimed at closing the data-
efficiency gap between human and machine
language learners. This year, the challenge was
held as part of the 2nd BabyLM Workshop. We
retained the text-only evaluation tracks, Strict
and Strict-Small, while allowing multimodal
data and interactive training within these tracks.
We also introduced a new Multilingual track,
where language models were required to per-
form well on BabyLM evaluations in English,
Dutch, and Mandarin Chinese. We observe that
GPT-BERT remains a strong architectural foun-
dation for sample-efficient pre-training, and
that more training epochs, recursion/looping,
and data preprocessing generally improve per-
formance. This year’s winning submissions
to the new multilingual track also show that
LLM-generated parallel data can be effective at
improving multilingual capabilities in low-data
settings.

1 Introduction

In recent years, the trend has been toward ever-
larger-scale language model (LM) training. This
leads to LM methods research often being consid-
ered the domain of industry research. Further, LM
methods research is also often considered irrelevant
to the study of language learning and processing
in humans, as the number of words required to
train a state-of-the-art model is orders of magni-
tude greater than the number of words a human
would hear in their lifetime.

To advance the science of language modeling at
the academic scale and create more cognitively

plausible LMs, the BabyLM Challenge encour-
ages researchers to train language models with
the amount of language typical of human lan-
guage acquisition. This paper presents and ana-
lyzes the main findings from the fourth iteration of
the BabyLM Challenge.1 We also describe partici-
pating systems and some key takeaways from the
BabyLM Workshop, to which participants could
submit papers without submitting to the challenge.

The objective of the BabyLM Challenge is to
train a model with 100M words or fewer. For en-
trants wishing to work at an even smaller scale, we
also organized a 10M-word track. The challenge
explicitly refrains from restrictions on anything
other than the word count. In doing so, we hope to
encourage new approaches that improve LMs’ sam-
ple efficiency and reveal why standard LLMs are so
data hungry. The previous year’s interaction track
has been folded into these tracks. This year, we
additionally introduce a multilingual track inspired
by BabyBabelLM (Jumelet et al., 2026a). The mul-
tilingual track encourages authors to train efficient
models that perform well in three languages (En-
glish, Dutch, and Mandarin Chinese) within the
same fixed word budget as the monolingual tracks.

Summary of takeaways. BabyLMs continue to
improve at cognitive-alignment and NLP tasks in
the Strict and Strict-Small tracks. Statistical anal-
yses of challenge contributions show that mod-
els with longer sequences, more training epochs,
and more layers tend to perform better. Data pre-
processing and specific model architectures (e.g.,

1For findings from previous years, see Warstadt et al.
(2023); Hu et al. (2024); Charpentier et al. (2025).
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GPT-BERT) also boost overall performance. In
the multilingual track, we observe overall higher
scores in English and Dutch, with models’ perfor-
mance on Chinese slightly underpowered based
on their overall capabilities. The BabyLM work-
shop contributions explored a range of topics, with
particular emphasis on multilingual analysis and
data-efficient learning via architectural and training
innovations. Overall, we were pleased to see an
increase in the number of BabyLM participants,
indicating growing interest in the intersection of
cognitive modeling and data-efficient pretraining.

2 Competition Details

2.1 Data

Text-only Corpora. We provided updated ver-
sions of the BabyLM corpora used in the previ-
ous challenges, with 10M-word and 100M-word
datasets for the Strict-Small and Strict tracks
(Choshen et al., 2026). These corpora included
child-directed speech from CHILDES; dialogue
from the spoken portion of the British National
Corpus and Switchboard; children’s stories from
Project Gutenberg; movie and television subtitles
from OpenSubtitles; and articles from Simple En-
glish Wikipedia.

Dataset Revision. The main change from previ-
ous years was detoxification of the training data.
This revision followed prior work identifying po-
tentially toxic content in the BabyLM corpus and
toxic generations during interactive training (Sal-
han et al., 2025; Trhlík et al., 2026).

Multimodal and Multilingual Data. Partici-
pants could use multimodal training data within
the relevant track’s word budget. The new Multi-
lingual track focused on English, Dutch, and Chi-
nese, using data from BabyBabelLM (Jumelet et al.,
2026a). Participants could choose their own mix-
ture of these languages, subject to the total data
budget and language-specific Byte Premium adjust-
ments.

2.2 Strict & Strict-Small Tracks

Track Overview. The Strict-Small and Strict
tracks required submissions to be trained on
datasets of at most 10M and 100M words, re-
spectively. Participants could use either the pro-
vided BabyLM corpus or construct their own train-
ing datasets (provided they adhered to the word

limit). Participants could use any model architec-
ture that could assign log-likelihoods or pseudo-
log-likelihoods to strings of text. We evaluated
both tracks on language-only tasks. This year, we
also merged the Multimodal and Interaction tracks
from previous BabyLM offerings into the Strict
and Strict-Small tracks.

Interactive Training. Participants could use an
external model in their submission model’s train-
ing pipeline. Like last year’s Interaction track,
the external model could provide scalar rewards
or natural language feedback, or generate training
examples conditioned on the submission model’s
outputs. External models were restricted to a pre-
defined list, but their training and fine-tuning were
otherwise unrestricted. External model training
text counted toward the word budgets for the re-
spective tracks. The constraints also required that
the submission model could not access the external
model’s tokenizer, weights, hidden states, or output
distribution.

Training Duration Limitations. We restricted
competition submissions to at most 100M words
of cumulative training exposure for Strict-Small
and 1B words for Strict, counting repeated passes
over the same input. For models that generated text
during training, the exposure budget also includes
their generated output. These limits corresponded
to ten epochs over a dataset at the full word budget.

Intermediate Checkpoints. Following last
year’s setup, we asked participants to submit
intermediate model checkpoints at increasing
word-exposure intervals. Specifically, we required
checkpoints every 1M words through 10M words
and every 10M words through 100M words; for
Strict, we also required checkpoints every 100M
words through 1B words.

2.3 Multilingual Track

The Multilingual track was introduced this year, in
which participants trained the BabyLM model on
a mixture of languages. We limited the number
of languages to keep the competition format com-
putationally feasible on smaller hardware. With a
similar compute budget as the Strict track of 100M
tokens, participants were free to define a mixture
of English, Chinese, and Dutch data. Models were
scored based on the average performance across
these three languages.
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2.4 Evaluation

Evaluation for the Strict and Strict-Small tracks
remained similar to prior editions. We divided
tasks into two groups: NLP tasks that could be
measured against ground truth, such as GLUE and
BLiMP, and Human-like tasks, which were corre-
lated with human judgments. From previous edi-
tion’s results, it became clear that these human-like
correlations are quite unstable and caused some
models to score highly on the leaderboard by pure
chance. Leaderboard winners are now decided
only based on NLP task performance. Evalua-
tion of the multilingual track was leveraged from
BabyBabelLM, which contains both zero-shot and
fine-tuning evaluation tasks for the three languages
of the track. Tasks include language-specific lin-
guistic evaluation (Warstadt et al., 2020; Suijker-
buijk et al., 2025; Liu et al., 2026; Jumelet et al.,
2026b), classification tasks (Adelani et al., 2024),
and question-answering (Romanou et al., 2024).

Hidden tasks. We supplemented the released
evaluation suite with hidden tasks to assess gener-
alization beyond the public evaluations. Across all
three tracks, we introduced Global-PIQA (Chang
et al., 2026), which tested physical commonsense
reasoning using parallel and non-parallel evaluation
sets. We used the English tasks for Strict and Strict-
Small, and the English, Dutch, and Chinese tasks
for the Multilingual track. For the Multilingual
track, we also introduced part-of-speech probing,
released two weeks before the submission dead-
line. Linear probes trained on Universal Dependen-
cies annotations assessed the part-of-speech infor-
mation available in model representations across
languages (Nivre et al., 2020; Ravishankar et al.,
2019). For Chinese, we added the Hanzi-structure
and Hanzi-pinyin tasks, which use minimal pairs
to assess models’ knowledge of character structure
and phonology, respectively (Song et al., 2026).

Multilingual reading-time evaluation. We in-
troduced new evaluations on eye-tracking data us-
ing the Multilingual Eye-Tracking Corpus (MECO)
(Siegelman et al., 2022). Models were evaluated
on how their surprisals improve prediction of hu-
man first-pass reading times, controlling for word
length, frequency, and sentence position. Models
were evaluated on first language (L1) MECO data
for Dutch, Chinese, and English, and second lan-
guage (L2) English.

2.5 Baselines

Similar to the evaluation, baselines for the Strict
and Strict-Small tracks are mostly the same as in
the last iteration, except for removing GPT-BERT
as a baseline. We have retrained the naive, au-
toregressive GPT-2 Small baseline (Radford et al.,
2019) using the same recipe, but with the revised
dataset. As a result of the merging of the Interac-
tion track with the Strict and Strict-Small tracks
this year, we have also retrained the Interaction
baselines from the Third BabyLM Challenge (Char-
pentier et al., 2025) on the updated dataset.

For the Multilingual track, we re-use the autore-
gressive GPT-2 Small training recipe but vary the
dataset construction process. Our primary baseline
for the track mixes the BabyLM corpora for En-
glish, Dutch, and Chinese (Jumelet et al., 2026a)
such that each language occupies a similar propor-
tion after Byte-level Premium adjustments. For
each language dataset, we subsample the necessary
number of words while preserving the proportion of
tokens contributed by each constituent data source
for the language. We then train a BPE tokenizer on
this data mixture and train the model without any
further interventions in terms of language ordering.
This is a naive baseline intended to provide partici-
pants with the resources and utilities to process and
mix the datasets.

3 Submissions

We received 44 Challenge submissions, 8 ARR
submissions, and 58 workshop submissions. Out
of these, we accepted 36 Challenge submissions
(81.8%), 7 ARR submissions (87.5%), and 35
workshop papers (60.3%). This number of sub-
missions marks a stark increase compared to prior
editions, which we take as a sign of the commu-
nity growing and there being a strong interest in
the Challenge as a way to test data-efficient lan-
guage modeling in a controlled environment, and
the Workshop as a place to explore broader scien-
tific questions related to this topic.

4 Analysis of Challenge Results

The BabyLM Challenge submissions explore a
wide range of strategies for improving language
modeling under strict data and compute constraints.
We survey the challenge submissions, followed by
a quantitative analysis of leaderboard scores.
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Figure 1: Comparison between models’ scores on BLiMP and GLUE vs. Human scores reported for these tasks.
Scores are shown for the Strict and Strict-Small tracks. We visualize these two tasks, as they have been used
consistently through all iterations of the BabyLM challenge. For overall scores, see fig. 3. All leaderboard
submissions are considered here.

4.1 Survey

Architecture. Submissions investigated mixture-
of-experts models (Mustafa et al., 2026; Jain et al.,
2026; Bohn et al., 2026), recurrent and weight-
tied architectures (Furr, 2026; Miles, 2026; Gülba-
har et al., 2026; Kamzela et al., 2026; Fan et al.,
2026), higher-order attention (Chan, 2026), and
parameter-efficient embedding and projection lay-
ers (Mosquera-Gómez et al., 2026). Other ap-
proaches included a horizontal spiking architecture
that operates without attention (Chiang, 2026) and
input-dependent routing over earlier-layer represen-
tations (Wang, 2026). Furr (2026) demonstrated
grammatical-discrimination capabilities with about
10M parameters and a fixed-size recurrent state,
although its gains did not consistently extend to
semantic or entity-tracking tasks. Gülbahar et al.
(2026) explored recursive Transformers that in-
crease computational depth without proportionally
increasing the number of parameters.

Several papers examined whether additional re-
current computation could compensate for limited
parameters or data (Hotta et al., 2026; Haller et al.,
2026; Fan et al., 2026). The results depended on the
task and comparison budget. For example, Miles
(2026) reported lower validation bits per byte with
looped depth, but the downstream gain was small
relative to its uncertainty, and training took longer.
Hotta et al. (2026) found a text-only BLiMP ad-
vantage for recurrence under matched inference
compute, but recurrence did not clearly mitigate
the performance decline associated with their mul-
timodal training condition. These findings motivate

distinguishing parameter efficiency, data efficiency,
and computational cost.

Training Objective and Optimization. Sub-
missions explored auxiliary objectives (Palomino,
2026; Benedikt et al., 2026), preference optimiza-
tion (Štěpánková et al., 2026; Mishra and Roy,
2026), adaptive teacher feedback based on correc-
tions to student-generated text (Islam et al., 2026),
and optimizer and learning-rate choices (Satheesh
et al., 2026). Other work combined masked and
causal language modeling in a multilingual OLMo2
model (Wei, 2026), introduced objectives for syn-
tagmatic and paradigmatic relations (Yang et al.,
2026b), or varied the balance between replaced-
token detection and masked language modeling
(Mikat and Fahim, 2026). Štěpánková et al. (2026)
investigated how preference-data selection affected
downstream performance, while Mishra and Roy
(2026) applied preference post-training after down-
stream performance had saturated. The evidence
did not uniformly favor additional objectives or
feedback; the data2vec auxiliary did not yield sig-
nificant task-level gains in the controlled compar-
ison of Benedikt et al. (2026), and the official-
corpus baseline retained the highest overall score
in Islam et al. (2026).

Data composition and curricula. Submissions
examined multilingual language allocation and tar-
geted data design (Mori et al., 2026), tokeniza-
tion, packing, and curriculum learning (Yang et al.,
2026a), code-switching curricula (Rooryck et al.,
2026; Huang et al., 2026), meaning-preserving
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rewrites (Wu et al., 2026), and concise parallel
text generated by an LLM (Edman and Fraser,
2026). Hwang et al. (2026) compared mixed multi-
lingual training with a curriculum that began with
monolingual exposure. Mixed training performed
better in all 15 matched configurations, and sev-
eral language-dominant mixtures exceeded the bal-
anced baseline; these comparisons used one run
per configuration. Rodriguez et al. (2026) com-
bined curriculum pretraining with layer repetition
at inference.

Tokenization and representation. Submissions
studied subword segmentation learned during
language-model training (Meyer, 2026), seman-
tically informed morphological tokenization for
English (Rodriguez, 2026), and character-level
tokenization in Qwenfant (Edman and Fraser,
2026). Other papers investigate how models can
acquire particular capabilities or representations,
including dynamic concept computation (yizhe xu
et al., 2026), linguistic parameters (Chesi et al.,
2026), reducible-loss spans and self-generation
(Kalfus and Goyal, 2026), and practical life skills
(Štěpánková et al., 2026). Finally, several sub-
missions examine broader questions about data-
efficient learning, including whether looped com-
putation can substitute for parameters (Fan et al.,
2026), whether recurrent depth is beneficial under
data limitations (Haller et al., 2026), whether layer
duplication can improve small models (Rodriguez
et al., 2026), how relational inductive biases affect
learning (Yang et al., 2026b), and how dense su-
pervision and curriculum-guided rebalancing can
improve small-data pretraining (Mikat and Fahim,
2026).

Together, these submissions span architec-
tural, data, objective, tokenization, and training-
procedure interventions for studying how much
language learning can be achieved from limited
exposure. The highest-scoring Challenge submis-
sions span several approaches to improving learn-
ing under limited data. These papers illustrate the
breadth of the Challenge: improving small lan-
guage models can involve changing the model’s
computational structure, the representation of its
input, the composition and ordering of its experi-
ence, or the optimization procedure used to learn
from that experience.
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Figure 2: Approaches to the challenge broken down by
score. Submissions that use more than one approach are
counted multiple times.

4.2 Quantitative Analysis

We conduct various ‘meta-analyses’ on the models
submitted to the BabyLM Leaderboard to gain an
understanding of the types of submissions people
have made this year, and which model properties
drive strong performance. Participants had to enter
various model parameters and experimental design
choices, which we can leverage to plot and fit cor-
relations between these properties and leaderboard
scores. We hope this will inspire next year’s partic-
ipants to set up their experimental design.

Figure 1 shows the GLUE performance set out
against BLiMP performance for the Strict and
Strict-Small models. Models are set out against
a Human and LLM ‘skyline’. While strong GLUE
performance remains challenging for models of
this size, this result does show that their linguis-
tic abilities are on par with Llama3-70B, a model
several orders of magnitude larger.

In Figure 2 we show a breakdown of model
scores by Contribution Type, using contribution
type categories from previous BabyLM findings
papers. The majority of model submissions intro-
duced architectural innovations, resulting in a wide
range of model scores. Curriculum learning re-
mains popular, while data augmentation and data
preprocessing both see a strong set of model contri-
butions. Contribution Type alone, however, is not
sufficient to explain model results in detail, so we
also conduct a broader linear modeling analysis.

In Table 1 we show the β coefficients of a lin-
ear model fitted on the normalized average NLP
task scores of the 118 BabyLM submissions in the
Strict and Strict-Small tracks. Significant variables
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Figure 3: Connection between NLP task performance
and “Cognitive tasks”. Cognitive tasks are correlated
with human scores and include reading time prediction
and age-of-acquisition.

are highlighted, indicating various model proper-
ties driving strong performance. Max Sequence
Length is positively correlated with performance,
as is the number of training epochs and the num-
ber of layers (more so than the number of param-
eters). Out of the Contribution Types, Data Pre-
processing is the only significant factor. Model
Type again shows, as in similar years, that the hy-
brid GPT-BERT model (Charpentier and Samuel,
2024), which combines the strengths of decoder
and encoder models, remains a very strong model
architecture. Encoder models outperform decoder
models; encoder-decoder models perform poorly.
Most contributions used the AdamW optimizer, but
none of the optimizer types had a significant effect.

Finally, we look at the connection between NLP
task performance and the Human-like (Cognitive)
tasks in Figure 3. Measuring ‘human likeness’ re-
mains a challenge for evaluation; many of the tasks
we considered for this did not work well at the
BabyLM scale, and the remaining few tasks we do
have turned out to be brittle and prone to noisy arti-
facts. Neither Strict nor Strict-Small models show
a significant effect of NLP Task performance on
cognitive task performance. Improving Cognitive
evaluation remains an open question that we look
forward to addressing in next year’s edition.

4.3 Multilingual Track

For the Multilingual Track, we compare model per-
formance cross-lingually. Figure 4 shows language

Variable Value n β p

Batch Size -0.12 0.16
Learning Rate 0.19 0.17
Max Seq Length 0.22 0.02
PFLOPS -0.03 0.72
Token Set Size -0.07 0.44
# Training Epochs 0.27 <0.01
# of Attention Heads 0.16 0.20
# of Layers 0.20 0.03
# of Parameters (M) 0.05 0.66

Architectural 62 -0.24 0.20
Controlled experiments 37 -0.08 0.70
Curriculum learning 19 0.34 0.21
Data augmentation 13 -0.18 0.50
Data preprocessing 11 0.72 0.03
Dataset creation 7 0.01 0.97
Hyperparameter tuning 6 0.16 0.67
Linguistic bias 17 -0.21 0.37
Teacher models 4 -0.08 0.89

Main Contribution

Training objective 27 -0.02 0.95
Decoder 68 -0.07 0.70
Encoder 36 0.57 <0.01
Encoder-Decoder 8 -1.48 <0.01Model Type

GPT-BERT 6 0.97 <0.01
AdamW 71 0.24 0.30
LAMB 26 -0.11 0.64
Muon 10 -0.12 0.65
MuonAdamW 8 -0.40 0.19

Optimizer

Other 3 0.39 0.39
strict 35 0.27 <0.01Track strict-small 83 -0.27 <0.01

Table 1: Linear model predicting z-scored NLP Average
for 118 BabyLM Strict and Strict-Small submissions
(R2 = 0.62). Continuous predictors are z-scored; cate-
gorical coefficients are deviations from the mean across
levels.

averages against overall multilingual averages. It
can be seen in this figure that across all models, per-
formance on Dutch and English is slightly above av-
erage, whereas Chinese is below average. Whether
this is driven by easier language transfer between
English and Dutch requires a broader experimen-
tal setup, though. In next year’s edition, we will
consider ways to incorporate a broader set of lan-
guages while keeping the track computationally
light enough to make it easy to participate.

4.4 Challenge: Winning Submissions

Strict-Small Track Winner. Satheesh et al.
(2026) achieved the highest score on the Strict-
Small track with the BabySteps model. These mod-
els are based on GPT-BERT. Via various ablation
studies, they find that a well-tuned baseline model
can perform exceptionally well without any out-of-
the-ordinary interventions to the training data or
method. Muon-family optimizers (AdaMuon for
Strict-Small, Muon for Strict) and careful learning
rate tuning yielded the largest and most reliable
gains, whereas curriculum learning, synthetic data,
distillation, and data mixing did not reliably im-
prove the overall score.
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Figure 4: Model performance of the multilingual track submissions, with average language performance set out
against overall multilingual average performance. Scores below the diagonal have skewed performance towards that
language.

Strict Track Winner. Satheesh et al. (2026) also
achieved the highest score on the Strict track. The
architecture and methods for their submission to
this track were largely identical to those of the
strict-small track. We note that RecGPT (Gülbahar
et al., 2026) came a close second. It is a decoder-
only model that reuses one Transformer block re-
currently to spend more computation per token
without adding parameters. It also factorizes the
vocabulary embeddings and uses a loss term that
predicts the next hidden state.

Multilingual Track Winner. Edman and Fraser
(2026) win the Multilingual track with Qwenfant-
0.4B. Their performance appears to come primarily
from data preprocessing: they pack training exam-
ples, use an LLM to summarise them into more
concise text, and translate the summaries to pro-
duce parallel English, Dutch, and Chinese data. In
addition, they use a relatively large Qwen-3 archi-
tecture and a character-level vocabulary. They also
use LoRA-style fine-tuning, rather than the more
typical full-rank fine-tuning.

5 Analysis of Workshop Papers

The BabyLM Workshop extended the Challenge’s
focus on data-efficient language learning to cog-
nitive modeling and related methodological ques-
tions, including studies outside the competition’s
training constraints. The papers examined how mul-
tilingual experience, model structure, and training
signals affect learning from limited data, and how
standard benchmark results relate to more targeted
measures of linguistic and developmental behavior.

5.1 Highlighted Workshop Papers

Multimodality. TinyLibrary used illustrated chil-
dren’s books to investigate age-based curricula for
small vision-language models (Varghese, 2026).
Ordering training material by its intended reader
age did not show a reliable advantage over random
ordering, suggesting that reader age alone is an
insufficient guide to model learning difficulty.

Multilinguality. The release of BabyBabelLM
(Jumelet et al., 2026a) and the introduction of the
multilingual challenge (Choshen et al., 2026) pro-
vided a setting for studying cross-linguistic learn-
ing. Workshop papers also addressed language-
specific questions of corpus construction. Haider
and Can (2026) examined how mixing Modern
Standard Arabic and Dialectal Arabic affected
learning under different tokenization schemes. Puli-
paka and Barak (2026) used IndicTrans2 to trans-
late the English BabyLM corpus into Hindi and
Telugu, then trained language models on the re-
sulting corpora, testing translation as a means of
extending BabyLM-style training to additional lan-
guages.

Tokenization. Badawy et al. (2026) compared
BPE with morphology-aware tokenization for Ara-
bic. Their experiments did not show consistent
downstream improvements over BPE, even when
a segmentation constraint substantially reduced
perplexity. Similarly, Li et al. (2026) found that
reweighting BPE merges using association mea-
sures changed segmentation without reliably im-
proving held-out bits per byte or grammatical eval-
uation.
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Architectures and adaptive training. Rela-
tional BabyLM separated object-level and rela-
tional information using a Dual Attention Trans-
former and investigated an auxiliary next-latent
prediction objective (Brasoveanu et al., 2026). The
architectural change contributed more strongly to
grammatical generalization than the auxiliary ob-
jective. Another work, ARMOR-DP, adjusted lan-
guage sampling using per-language validation loss
as the weakest language changed during training.
Its dynamic sampling achieved a better trade-off
between overall performance and balance across
languages than a fixed sampling strategy that fa-
vored one language (Liao et al., 2026). The Arabic
studies of Haider and Can (2026) and Badawy et al.
(2026) also show how BabyLM’s multilingual ex-
tension supports research beyond the languages
included in the main Challenge.

5.2 Creative Approaches

Cross-linguistic learning. Theodoropoulos et al.
(2026) examined cross-linguistic effects in bilin-
gual models trained on phonemic input. Ren (2026)
tested transfer from a previously learned language,
finding no uniform advantage for typologically
closer language pairs. Mita et al. (2026) intro-
duced typological flexibility into symbolic pre-
pretraining, retaining average grammatical gains
while avoiding some construction-specific degrada-
tions associated with fixed structural priors.

Tokenization and representation. Li et al.
(2026) found that reweighting BPE merges using
association measures changed segmentation with-
out reliably improving held-out bits per byte or
grammatical evaluation. ? found that prosodically
annotated phonemic input produced the strongest
taxonomic organization among the input represen-
tations they tested. Finegan-Dollak (2026) found
that representation standardization improved lexi-
cal similarity for models trained on large corpora
but reduced performance for models trained at cog-
nitively plausible data scales.

Data composition. Perdijk et al. (2026) intro-
duced StoriesFTW, a synthetic Dutch children’s sto-
rytelling corpus evaluated using human and model
judgments. Vaira et al. (2026) compared BabyLM
and encyclopedia corpora at matched word bud-
gets, finding that BabyLM data favored linguistic
acceptability while encyclopedia text often favored
entity tracking.

Training mechanisms. Related Challenge work
by Hwang et al. (2026) examined how language
exposure distribution and order shaped multilin-
gual learning. Mixed multilingual training out-
performed a curriculum beginning with monolin-
gual exposure in all 15 matched configurations,
although each configuration was evaluated with a
single run. Veitsman et al. (2026) investigated pre-
pretraining on symbolic sequences, including mu-
sic, probabilistic grammars, and cellular automata.
Several sources improved subsequent language-
modeling loss, but these improvements did not con-
sistently translate into better downstream linguistic
performance. Maheshwari (2026) found that re-
ducing the number of causal-language-modeling
updates mitigated late-training declines in gram-
matical evaluation for RWKV-7 models. Because
update count and the learning-rate trajectory re-
mained coupled, the experiments did not isolate
the mechanism responsible for this benefit. Re-
lated Challenge work also examined practical-life-
skills post-training through preference-data selec-
tion (Štěpánková et al., 2026).

Architectures and resource efficiency. Work-
shop papers compared causal, hybrid, and simu-
lated ternary Transformers (Srivastav, 2026), and
studied how token mixers and generative objec-
tives interact under restricted data budgets (Laiten-
berger et al., 2026). Recursive approaches included
shared-weight computation for non-autoregressive
generation (Oytaç, 2026) and additional tied depth
in hybrid recurrent–attention models (Sasidhar,
2026). Related Challenge work investigated
whether looped computation could substitute for ad-
ditional parameters (Fan et al., 2026). HydraLLM
varied active model width through nested subnet-
works that shared parameters (Kemme et al., 2026).
Parameter Golf analyzed techniques from a sepa-
rate community competition constrained by model-
artifact size and training time (Paudel and She-
shappanavar, 2026). Taylor (2026) examined copy
mechanisms for data-efficient language modeling.
These studies addressed distinct constraints on data,
computation, and model size, requiring compar-
isons that account for their different training and
evaluation regimes.

Learning signals and context. Ploner and Akbik
(2026) randomized token prediction order to ex-
pose models to different conditioning contexts dur-
ing training. Öztürk et al. (2026) added sentence-
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level learning signals, but found that a learned
next-sentence representation had limited influence
on generation in their controlled tests. Kim et al.
(2026) likewise distinguished access to context
from its effective use: their small translation mod-
els could become strongly dependent on prompt
examples without gaining a consistent additional
benefit from relevant retrieval. Wasserman and
Beauchemin (2026) showed that single-token scor-
ing for a French-only BabyLM was sensitive to
tokenizer and answer-template choices, motivating
native-language evaluation and controls for scoring
artifacts.

Cognitively inspired learning and evaluation.
Huda (2026) identified differences in noun frequen-
cies between the training corpora and recorded in-
fant input, examining the developmental plausibil-
ity of the training distribution. Ding et al. (2026)
probed acquisition-order information in model rep-
resentations, finding that strong Challenge perfor-
mance did not necessarily correspond to better re-
covery of children’s word acquisition order.

Other studies tested specific learning behaviors
that broad benchmark averages can obscure. Ca-
cioli (2026) observed repetition priming without
the emergence of mutual exclusivity in the tested
text-only models. Bylinina (2026) used visually
grounded embedding initialization to test ostensive
word learning, finding improvements in property
knowledge that were not reflected in most grammat-
ical benchmarks. Zhang (2026) showed that high
aggregate accuracy on Japanese past-tense inflec-
tion concealed substantial errors in a rare irregular
verb class.

6 Conclusion

We were pleased to see an increase in the overall
number of BabyLM participants for this cycle, indi-
cating a growing interest in cognitive modeling and
data-efficient pretraining. We decided to include
a multilingual track after consulting the BabyLM
community, which made it clear that multilingual-
ism was a top priority. We anticipate including the
multilingual track in future versions of the chal-
lenge, and hope to grow the number of languages
offered. In a similar vein, discussions with the
community have highlighted model evaluation—
particularly generation— as an additional area of
interest. We anticipate addressing this in a future
iteration of the challenge.
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Doğa Oytaç. 2026. Trlm: Shared-weight recursive
reasoning for non-autoregressive language genera-
tion. In Proceedings of the 2nd BabyLM Workshop
at EMNLP 2026, Budapest, Hungary.
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