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Abstract

We expand the BabyLM paradigm by post-
training small, English and German LMs
(trained on only 10M words) with the simple,
counting- and alphabet-based LMentry bench-
mark, for which we create a novel, German
variant. We find that our BabyLMs outper-
form much larger, supposedly generalist mod-
els on this highly simplistic benchmark when
replacing subword units with character tokeniza-
tion. This gap can only be closed by further
post-training generalist LMs on more LMentry-
style data. Our findings underline how even
a small amount of language-only pre-training
data in combination with a suitable tokenization
scheme can provide useful inductive biases for
task-specific post-training.

1 Introduction

In the last three years, the BabyLLM challenge
(Warstadt et al., 2023; Hu et al., 2024; Charp-
entier et al., 2025) has developed into a research
paradigm that investigates small LMs trained in data-
scarce settings (only 10M/100M words), enabling
researchers to identify which architectural decisions
and types of training data support specific capabil-
ities. To date, this paradigm has mostly been re-
stricted to genuine language modeling; approaches
like post-training or evaluation on non-linguistic,
knowledge-heavy tasks have been regarded largely
out of scope. However, a major source of fascina-
tion that surrounds LLMs stems from the fact that
these models develop aspects of knowledge and
reasoning that exceed the text generation capabili-
ties one would intuitively expect from their training
objectives. Unfortunately, for truly large LLMs
it is difficult to study how these abilities emerge,
since they are trained on enormous datasets, which
complicates precise ablations and interventions.
We extend the BabyLLM scope to rudimentary
tasks and show that such small models are not only
useful to study language per se, but can also shed

light on the emergence of simplistic knowledge and
basic reasoning abilities. We do so by investigat-
ing the ability of BabyLMs to learn elementary
counting/spelling tasks from the English LMentry
benchmark (Efrat et al., 2023) and a newly created
German variant. In stark contrast to LLMs, we
pre-train on an extremely small corpus of 10M
words and then go beyond the established BabyLM
paradigm by post-training our models on the LMen-
try benchmark. As tokenization has been shown
to both influence performance on mathematical
tasks (Golkar et al., 2023; McCoy et al., 2024)
and BabyLM benchmarks (Goriely et al., 2024;
Bunzeck et al., 2025a), we compare subword and
character-based models.

We find that post-trained character BabyLMs
achieve impressive performance on LMentry, out-
performing comparable subword LMs at almost all
tasks. This profound performance gap also per-
sists when comparing our BabyLMs against small
off-the-shelf LLMs (SmolLM?2 and Llama-3.2). Al-
though trained on trillions of tokens and post-trained
across a wide variety of tasks, they underperform
our task-specific models drastically. Only when ad-
ditionally trained on LMentry do they reach similar
benchmark scores to our BabyLMs. This shows
how powerful BabyLMs can be when tokeniza-
tion and task-specific post-training are matched
carefully, and also calls for a reconsideration of
fine-tuning often being considered unnecessary in
the age of off-the-shelf models, while aligning with
growing interest in subword-less language models
(Pagnoni et al., 2025; Minixhofer et al., 2025).

2 Related work

The term BabyLM is commonly used for LMs
trained on very little, developmentally plausible
data (Huebner et al., 2021; Warstadt et al., 2023).
The major, self-imposed limitation in training
BabyLMs therefore differs from other small LMs,



e.g. SmolLM, which are small in parameter size,
but trained on enormous amounts of curated data
(Allal et al., 2025). Standard evaluation tasks for
such BabyLLMs are not downstream-oriented, but
rather linguistic/cognitive in nature. As of 2025,
the evaluation pipeline (Charpentier et al., 2025)
consists of zero-shot minimal pairs tasks for syn-
tax, semantics and world knowledge (e.g., BLiMP,
Warstadt et al., 2020; COMPS, Misra et al., 2023;
EWoK, Ivanova et al., 2024). In further tasks,
model probabilities are correlated with cognitive
measures like word-level age of acquisition (Chang
and Bergen, 2022). The only downstream evalua-
tion involves classical fine-tuning on (Super)GLUE
(Wang et al., 2018, 2019). This diverges from cur-
rent standard practices and evaluations in language
modeling, for example instruction tuning (Wang
et al., 2022) and post-training (Kumar et al., 2025)
on tasks formulated in natural language.

One target domain for this kind of post-training
are elementary counting and spelling abilities, as
these remain a challenge for small LMs. A sim-
ple benchmark is LMentry, which tests for basic
word-level knowledge and elementary reasoning
abilities beyond language (like counting, finding
first/last letters/words, etc.). Efrat et al. (2023)
report that especially base models, but also large
instruction-tuned models (175B parameters) fre-
quently fail such tasks, which are easily solved by
adult humans. Due to this basic task nature, we
identify LMentry as a highly suitable challenge
for BabyLMs that bridges the gap between the
aforementioned linguistic tests and downstream
tasks. Interestingly, a frequently identified problem
in mathematical and character-based evaluations
is tokenization: scientific reasoning (Golkar et al.,
2023), I&TgX and STEM tasks (Altintas et al., 2025),
or the correct disambiguation of existing and non-
words (Goriely et al., 2024; Bunzeck et al., 2025a)
benefit tremendously from replacing subwords with
open-vocabulary language modeling.

Concurrent to our work, Moroni et al. (2025)
present Multi-LMentry, an extension of LMentry
for nine typologically diverse languages (including
German), and confirm that state-of-the-art multilin-
gual LL.Ms also fall short of human performance
(compared to L2 speakers of Basque), especially
for non-English data. However, in contrast to our
approach, they only evaluate models of different
sizes in a zero-shot setting, and do not addition-
ally fine-tune any models on their custom LMentry
datasets.

3 Methods

Pre- and post-training We train small Llama
models on 10M tokens of English (Charpentier
et al., 2025) or German (Bunzeck et al., 2025b)
data with the transformers library (Wolf et al.,
2020). For each language, we pre-train a BPE
model and a character model (see Appendix C for
a comparison of tokenizer quality). We then post-
train the models on 80% of the English LMentry
data (700k words) or the novel, German LMentry
dataset (500k words). As is common in instruction-
tuning, we convert LMentry to question-answer
pairs and further train the base models with next-
token-prediction on these. The held-out 20% are
used for evaluation. We post-train both English and
German models for each singular task individually,
and two additional models on all tasks. Full details
are presented in Appendix A.

German LMentry dataset creation We create
a German variant of LMentry (Efrat et al., 2023)
by combining templates for question types with
different words/numbers, resulting in questions of
the following kind: Von den Zahlen 510 und 610,
welche ist grofler? (Of the numbers 510 and 610,
which is larger?, cf. Appendix E for an overview
of all tasks and possible answers). Word lists for
the tasks were generated with ChatGPT-4o, inde-
pendently of the English data. While we used no
formal validation for our dataset, the items were
checked by the authors, who are all native speak-
ers of German. For tasks that require additional
linguistic information (e.g. rhyming word) we do
not create German variants due to a lack of readily
available rhyming dictionaries and similarity mea-
sures. All in all, our dataset contains 19 tasks with
3000 examples each (like English LMentry). We
share our dataset on HuggingFace.

Evaluation We evaluate our models in the LMen-
try question-answer setup on the held-out 20% of
the dataset. We use outlines (Willard and Louf,
2023) to constrain text generation to answers al-
lowed for the respective task (cf. Appendix E for
possible completions and D for free-form genera-
tion). To assess our models on a more standard
BabyLM benchmark, we also evaluate them on
MultiBLiMP (Jumelet et al., 2026b), which con-
tains linguistic minimal pairs with matched gram-
matical and ungrammatical sentences. We report
accuracies for correct preferences across the whole
English and German datasets. Further, we compare
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Figure 1: LMentry results for English self-trained models.
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Figure 2: LMentry results for German self-trained models.

the performance of our models with the consider-
ably larger base and instruction-tuned versions of
the multilingual Llama-3.2-1B model (Meta Al,
2024). As ablations, we additionally also post-train
two models from the SmolLM?2 family (Allal et al.,
2025) on LMentry, in the same manner as our own
models. We focus on the 135M and 360M variants,
as the former is (roughly) parameter-matched to
our BabyLMs, while fine-tuning the latter is still
not overly resource-demanding. Finally, Appendix
F presents further results for base and instruction-
tuned variants of SmolLM2 and Llama-3.2-3B.

4 Results

General results We present the results for all
tasks visually in Figures 1 and 2, and numerically
in Table 1. (While we did not run multiple seeds,
a binomial 95% CI with n=600 held-out items
per task roughly corresponds to +4%. Therefore,
differences under approx. 5% are not interpreted).

Unsurprisingly, our non-post-trained base mod-
els (gray markers) do not perform exceptionally well
on LMentry, very rarely surpassing an accuracy
of 50% for specific tasks. In general, fine-tuning
with LMentry data then consistently improves per-
formance for BPE and character models, both for
the English and the German data. However, the

magnitude of the improvement due to fine-tuning
differs drastically between BPE and character mod-
els: whereas the former exhibit modest improve-
ments (between 2-10%), the improvements for the
character models are much higher, sometimes reach-
ing close to perfect accuracy. As the base models
(pre-trained only on 10M words of English/German
BabyLLM data) feature only very small performance
differences between BPE and character tokeniza-
tion, this enormous discrepancy in improvement
suggests that the character models do not learn
the abilities tested by LMentry (and exemplified
through only 2400 examples per task) during pre-
training, but pick them up much better than the BPE
models in our post-training regimen.

Individual tasks With regard to the individual
tasks it can be said that overall trends are gener-
ally stable across base/post-trained models and the
different tokenization schemes. Challenging tasks
(like word after, word before or last word)
exhibit similarly bad performance across all model
types and for both languages. In contrast, per-
formance on the remaining tasks varies between
almost perfect scores (80-100%) for many of the
post-trained characters models and somewhat worse
(60-80%) scores for the BPE models.



Task | English | German
| Char BPE Llama-3.2-1B | Char BPE Llama-3.2-1B
| Single Full | Single Full | Base Instruct | Single Full | Single Full | Base Instruct
smaller number 0.88 0.89 0.60 0.60 | 047 0.57 0.86 0.86 0.58 0.55 | 0.40 0.61
bigger number 0.95 0.94 0.38 024 | 0.61 0.44 0.94 0.87 0.51 0.49 | 0.52 0.38
last letter 0.99 0.77 0.26 029 | 0.27 0.31 0.99 0.91 0.39 0.30 | 0.27 0.22
first letter 1.00 1.00 0.29 039 | 0.22 0.29 1.00 1.00 0.22 029 | 0.21 0.14
more letters 0.95 0.79 0.63 0.56 0.51 0.58 0.98 0.95 0.61 0.60 0.49 0.53
more letters length diff 1 0.93 0.78 0.52 0.53 0.49 0.54 0.93 0.89 0.59 0.55 | 047 0.48
more letters length diff 3plus 0.99 0.87 0.55 0.55 0.52 0.65 1.00 0.97 0.64 0.65 | 0.46 0.57
less letters 0.90 0.82 0.55 0.59 | 0.50 0.41 0.96 0.95 0.62 0.60 | 0.54 0.48
less letters length diff 1 0.88 0.83 0.59 0.60 | 048 0.42 0.95 0.90 0.59 0.60 | 0.1 0.47
less letters length diff 3plus 0.97 0.90 0.64 0.66 | 0.49 0.44 0.99 0.97 0.69 0.67 | 0.53 0.42
word before 0.27 0.36 0.22 0.25 0.16 0.21 0.12 0.22 0.12 0.15 | 0.12 0.11
word after 0.24 0.35 0.24 0.25 0.17 0.21 0.16 0.21 0.14 0.13 | 0.08 0.11
first word 0.92 0.95 0.56 054 | 0.19 0.19 0.98 0.99 0.42 047 | 0.18 0.09
last word 0.55 0.77 0.37 028 | 0.19 0.24 0.55 0.90 0.31 0.29 | 0.10 0.08
first alphabetically 0.93 0.99 0.57 0.57 | 0.39 0.54 0.92 0.98 0.66 0.65 | 0.49 0.44
first alphabetically same first 0.80 0.95 0.56 0.53 0.49 0.46 0.79 0.91 0.57 0.54 | 049 0.44
first alphabetically cons. first 1.00 1.00 0.60 056 | 0.52 0.52 1.00 1.00 0.63 0.64 | 0.64 0.51
first alphabetically far first 1.00 1.00 0.63 0.55 0.38 0.57 0.98 0.98 0.71 0.63 | 0.51 0.54
first alphabetically diff. first 0.94 0.99 0.59 0.55 0.46 0.49 0.97 0.97 0.74 0.66 0.38 0.59
rhyming word 0.80 0.82 0.58 0.58 0.51 0.51 - -
rhyming word orthographically diff. 0.89 0.87 0.59 0.59 0.51 0.51
rhyming word orthographically sim. 0.78 0.83 0.55 0.59 0.51 0.51 -
least associated word 0.23 0.92 0.26 0.26 0.22 0.22 -
most associated word 0.50 0.94 0.32 0.29 0.22 0.22 -

MultiBLiMP I

0.80 [ 0.99 098 |

079 T - 0.82 ] 093 0.88

Table 1: Full accuracies for all tasks (best performing models marked in boldface type), “Char” and “BPE” refer to

our post-trained BabyLMs.

Single- vs. full-task tuning Table 1 shows that
especially the character models fine-tuned on the
full LMentry data often underperform those trained
on only a single task. Many of the tasks where
the full fine-tune is superior to the task-specific
fine-tune are those that feature a larger number of
possible answers (cf. Appendix E) and are therefore
more complex. It is plausible that these tasks
therefore benefit from the models being exposed to a
wider variety and higher number of similar/related,
yet different tasks. For the BPE models, these
patterns are less pronounced or stable, which also
aligns with their general performance deficits.

Task-specific vs. off-the-shelf models In com-
parison to the explicitly not LMentry-tuned Llama-
3.2-1B model, we find that our small character LMs
outperform it on LMentry tasks in English and Ger-
man, despite Llama featuring over eight times more
parameters than our BabyLMs and being trained
on considerably more data (cf. Appendix B). The
general instruction-tuning applied for Llama-3.2
has no straightforward effect on LMentry perfor-
mance and does not lead to overall improvement.
Interestingly, the larger Llama models reach almost
perfect accuracies on MultiBLiMP, which shows
that their linguistic capability is much higher than
that of our BabyLMs (which perform well above
the chance baseline, but fall 10-25% short of the
Llama models). These results also hold for even
larger models (1.7B/3B parameters, Appendix F).

Fine-tuning of non-BabyLLMs Table 2 reports
results for two models from the SmolLM?2 family
(Allal et al., 2025), SmolLM2-135M and SmolLLM2-
360M, which were post-trained on the (full) En-
glish/German LMentry datasets in the same man-
ner as our BabyLMs, both in their base and al-
ready instruction-tuned versions. Importantly, the
SmolLM models are pre-trained on English data
only, so the German tasks require additional cross-
lingual transfer and adaptation to the novel, but
closely related language.

In general, the LMentry-tuned non-BabyLMs
perform very well across all tasks, reaching full
accuracy on many of them. Our LMentry-tuned
BabyLM:s only beat them on a very small selection
of tasks: for the alphabetical-ordering family, first-
letter/first-word and German MultiBLiMP, our mod-
els outperform the size-matched SmolLM2-135M.
Against the 360M models, only three winning tasks
survive, all in German: first alphabetically
(0.98 vs 0.95), same first (0.91vs0.79)and cons.
first (1.00 vs 0.93), as well as MultiBLiMP (0.82
vs 0.64, but unsurprising as the SmolLLM training
data is English-only). For the same-size compari-
son, this means that our BabyLMs only win on tasks
that depend solely on character-level ordering and
no additional world knowledge. These advantages
further diminish with more parameters and only re-
main for German tasks which require cross-lingual
transfer and are therefore even more challenging.



Task | English | German
‘ SmolLM2-135M SmolLM2-360M ‘ SmolLM2-135M SmolLM2-360M
\ Base Instruct Base Instruct \ Base Instruct Base Instruct
smaller number 0.98 0.99 1.00 1.00 0.98 0.99 1.00 1.00
bigger number 0.98 1.00 1.00 1.00 0.98 1.00 1.00 1.00
last letter 0.93 0.96 0.98 1.00 0.94 0.95 0.98 0.99
first letter 0.99 1.00 1.00 1.00 0.77 0.99 0.98 0.99
more letters 0.99 0.99 1.00 1.00 0.82 0.99 1.00 1.00
more letters length diff 1 0.99 1.00 0.99 1.00 0.81 0.87 0.97 0.96
more letters length diff 3plus 0.99 1.00 1.00 1.00 0.83 0.99 1.00 1.00
less letters 0.99 0.99 1.00 1.00 091 0.99 1.00 1.00
less letters length diff 1 0.97 0.98 0.99 1.00 0.83 0.91 0.98 0.96
less letters length diff 3plus 1.00 1.00 1.00 1.00 0.95 0.99 1.00 1.00
word before 0.85 0.88 0.91 0.94 0.59 0.77 0.84 0.85
word after 0.96 0.95 0.97 0.99 0.84 0.91 0.97 0.98
first word 0.80 0.92 0.91 0.85 0.82 0.99 0.92 0.95
last word 0.97 0.99 0.98 0.99 0.84 0.91 0.94 0.93
first alphabetically 0.96 0.94 0.99 0.99 0.86 0.85 0.92 0.95
first alphabetically same first 0.91 0.91 0.95 0.94 0.67 0.71 0.78 0.79
first alphabetically cons. first 0.92 0.92 0.96 0.97 0.84 0.84 0.93 0.92
first alphabetically far first 1.00 0.99 1.00 1.00 0.86 0.87 0.98 0.98
first alphabetically diff. first 0.97 0.96 0.99 0.99 0.90 0.85 0.99 0.97
rhyming word 0.93 0.95 0.98 0.97 - -
rhyming word ortho. different 0.93 0.95 0.98 0.96 -
rhyming word ortho. similar 0.94 0.95 0.99 0.98 -
least associated word 1.00 1.00 1.00 1.00 - - -
most associated word 1.00 1.00 1.00 1.00 - - -
MultiBLiMP ‘ 0.90 0.89 0.93 0.91 ‘ 0.65 0.64 0.64 0.64

Table 2: Full accuracies for SmolLM2 finetuned models on the English and German LMentry benchmarks, best
results per language marked in boldface. Tasks unavailable for German are marked with -.

5 Discussion and conclusion

Our study is among the first to show that the capa-
bilities of BabyLLMs can extend way beyond “core”
language learning when post-trained with narrow,
task-related data. This aligns with a concurrent
push for data-efficient post-training (cf. Luo et al.,
2025; Allal et al., 2025) and the comparability of
BabyLMs with larger LMs (e.g., Trhlik et al., 2026).
Additionally, it opens promising avenues for future
research, like a) investigating how pre-training and
post-training interact in extreme low-data regimes,
i.e. what must be learned during pre-training for
post-training to succeed at all, or b) looking at what
structures (missed by current evaluations) character-
level models acquire that enable their post-training
efficiency.

Additionally, our results add to concurrent find-
ings on the effectiveness of subword-free tokeniza-
tion (Pagnoni et al., 2025; Moryossef et al., 2025;
Minixhofer et al., 2025), which aids tasks that re-
quire precise character-level understanding. The
much stronger performance of character-based mod-
els on LMentry suggests that working at a finer
granularity of input offers advantages in data-scarce
settings, potentially due to the models directly mod-
eling the structures that govern individual sym-
bols and their combinations. This confirms pre-
vious findings on math-based tasks (Golkar et al.,

2023; Altintas et al., 2025), where appropriate tok-
enization is equally important as in BabyLMs that
model linguistic processes below the syntactic level
(Goriely et al., 2024; Goriely and Buttery, 2025;
Bunzeck and Zarrie3, 2025; Fusco et al., 2025).

A final, equally important implication of our
findings is that the scaling paradigm or “bitter les-
son” in machine learning should be reconsidered
in light of task-specific demands. The idea that
bigger models and instruction-tuning on more com-
plex tasks always lead to better performance is
challenged by our results, especially when looking
at the off-the-shelf models we compare our re-
sults with. Even post-training on enormous, highly
varied instruction-tuning datasets featuring many
different tasks does not help LLMs to perform these
tasks. This finding is in line with the concurrent
Multi-LMentry (Moroni et al., 2025), which also
reports low accuracies for oftf-the-shelf models. In
contrast, a task-fitting architecture with a little task-
specific post-training pushes accuracies on many
tasks to almost optimal performance. While the
same tends to hold for larger models, as our abla-
tions show, we argue that small models may offer
a more efficient and computationally affordable
path to achieving specific types of reasoning when
optimized and post-trained correctly, and could, for
example, be deployed on-device instead of relying
on the availability of hosted models.



Limitations

Currently, our experiments are limited by only test-
ing one model size for our self-trained models. It
would certainly be interesting to test if models can
be downscaled even further, both parameter-wise
and with regard to pre-training data, while still
retaining this impressive performance. Further fu-
ture work could also expand upon our findings by
investigating the connection between pre- and post-
training in more detail. It still remains opaque how
both types of training push each other — does post-
training performance depend crucially on the pre-
training data? Is pre-training performance already
saturated with BabyLLM data or could this type of
developmentally plausible input be enhanced with
small amounts of synthetic or non-linguistic data?
How far do post-trained models generalize to novel
task types in LMentry style that they were not ex-
plicitly trained on? And what is the overall capacity
of BabyLMs — can they learn an infinite amount of
tasks via post-training, or are they saturated early?

A further limitation is the selection of languages
that we train our models on. For example, the study
of typologically more diverse languages would be
a worthwhile goal. While most of the tasks in
LMentry, e.g. those concerned with letter counting,
are not directly translatable to logographic writing
systems (like Chinese or Japanese) or even abjad
scripts (like Hebrew or Arabic), an extension to
other Indo-European languages is feasible (and
indeed possible, cf. Multi-LMentry by Moroni
et al., 2025, which was not yet released publicly
when we first created our German LMentry variant)
and would aid BabyLLM evaluation, especially in
light of the release of novel, linguistically-oriented
datasets like BabyBabelLM (Jumelet et al., 2026a).

Finally, it should also be noted that character-
based language modeling is not the only form of
vocabulary-free language modeling (Mielke et al.,
2021). Especially byte-level language models
have recently begun to receive increased attention
(Pagnoni et al., 2025; Moryossef et al., 2025), and
examples like Bolmo show that subword-based
models can be adjusted to the byte level with
only little additional training (Minixhofer et al.,
2025). It remains open to further inquiry if these
models are able to better pick up on the type of
fine-grained character-level knowledge needed for
LMentry tasks.
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A Pre- and post-training details

All our models share the following hyperparam-
eters: a hidden size of 768, an intermediate size
of 3072, 12 hidden layers and 12 attention heads.
The subword models feature a BPE vocabulary
of size 16,000 learned over the complete training
data, resulting in 137,841,408 parameters. The
character models feature a vocabulary of size 76,
resulting in 113,382,144 parameters. As for tok-
enization, we opted for the L1amaTokenizerFast
class from transformers, as it yielded the best
performance for our character-level models and
we noticed some performance drops when train-
ing with the comparable AutoTokenizerFast and
GPT2TokenizerFast.

Our complete training run was conducted on
a NVIDIA GeForce RTX 4070 SUPER. We pre-
train all models for five epochs with a learning
rate of 3e-4 on 10M lexical tokens of BabyLM
data. The pre-training goal is the regular next-token
prediction goal of autoregressive LMs. We then
post-train the models for three epochs with a higher
learning rate (5e-4, to facilitate faster convergence)
on the LMentry data. The complete LMentry
datasets comprise 700k tokens (English) and 500k
tokens (German), with task-specific counts (for 2.4k
training examples) ranging from roughly 20k tokens
for, e.g., the first letter tasks to 48k tokens for
the most associated word task.

The post-training goal is also regular next-token
prediction, but on the question-answer pairs found
in LMentry, to induce this type of structure in our
BabyLMs. For further details and to ensure full
reproducibility, we also share our full pre- and post-
training code on GitHub. While pre-training ran
for 4-5h per model, the full post-training run took
an additional 2.5h per model.

B Data comparison

Table 3 presents the differences in dataset size
between our models and the other “small” mod-
els evaluated in this study. With regard to pre-

training tokens, the comparison models are trained
on data that is many orders of magnitude larger than
our BabyLLM datasets. Furthermore, our datasets
only comprise genuine language data, whereas the
SmolLM2 and Llama-3.2 pre-training corpora also
incorporate scientific papers, code or educational
textbooks (cf. Allal et al., 2025 and Meta Al, 2024).

With regard to post-training data, information
becomes more sparse. Whereas there is no compre-
hensive information of Meta’s post-training recipe
for the Llama-3.2 models, the SmolLM?2 model
family is post-trained on a vast array of datasets
that optimize for chat completions, instruction-
following, text rewriting, summarization, function
calling, and also math data (Feng et al., 2024; Allal
et al., 2025).

C Tokenizer analysis

We use two standard measures, fertility and PCW
(percentage of continued words), to evaluate the
compression of our own tokenizers and of our com-
parison models’ tokenizers (cf. Rust et al., 2021;
Penedo et al., 2025). We calculate the measures as
follows:

fertility = Nsubword tokens

Niexical words

Nwords split into more than one token

PCW =

Niexical words

We measure fertility and PCW for two test
datasets of 100,000 words per language, one sam-
pled from our pre-training data (English/German
BabyLLM), and one sampled from our post-training
data (English/German LMentry). Table 4 displays
these results for our own tokenizers as well as the to-
kenizers from the SmolLM2 and Llama-3.2 model
families (all different model sizes share the same
tokenizer).

Self-trained vs. off-the-shelf tokenizers Gen-
erally, our self-trained BPE tokenizers feature a
better compression than those from SmolLM?2 and
Llama-3.2. Despite our tokenizer being smaller
(16k tokens vs. 50k/128k), words are generally split
into fewer tokens and the percentage of continued
words is also lower. While this is not surprising for
the German data (where our tokenizer is the only
monolingual one), the efficiency of our tokenizer for
the English data is unexpected due to its smaller vo-
cabulary size and therefore less words being stored
holistically. One reasonable explanation could be a
better fit to the data, as the subword vocabularies
were induced over the pre-training data.
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| Data size (pre-training)

Data size (post-training)

10M words
600B tokens
600B tokens

Our BabyLMs
SmolLM2-135M
SmolLM2-360M

SmolLM2-1.7B 1T tokens
Llama-3.2-1B 9T tokens
Llama-3.2-3B 9T tokens

700k (Eng.), 500k (German), 2.4k examples
256k examples
256k examples
256k examples
Not available
Not available

Table 3: Dataset sizes for our evaluated models.

BabyLM (pre-train) | LMentry (Post-train)

Tokenizer Vocab. size | Fertility PCW Fertility PCW
English

Our BPE 16,000 1.45 0.32 1.66 0.39

Our Char 76 4.39 0.95 4.61 0.99

SmolLM2 49,152 1.68 0.41 1.72 0.43

Llama-3.2 128,256 1.58 0.39 1.63 0.41
German

Our BPE 16,000 1.41 0.29 1.76 0.43

Our Char 76 5.03 0.98 5.37 0.99

SmolLM2 49,152 2.31 0.68 2.57 0.74

Llama-3.2 128,256 2.07 0.63 2.26 0.72

Table 4: Tokenizer quality measures for our evaluated
models.

Pre-training vs. post-training data For all to-
kenizers, fertility and PCW are lower for the pre-
training data and higher for the post-training data.
Again, this is not overly surprising, as tokenizer
vocabularies are induced over large text corpora
and not the task data that LMentry contains. Inter-
estingly, the division between our self-trained BPE
tokenizer and the SmolLM?2/Llama-3.2 tokenizers
even hold true for the post-training data. Despite
not being trained on this kind of data, our 16k sub-
word vocabulary induced over the BabyLLM data
leads to better compression of LMentry data.

Subword vs. character level While subword
vocabularies are induced over vast corpora with
the BPE algorithm (Gage, 1994; Sennrich et al.,
2016), the vocabulary of our character tokenizer is
limited to 76 unique ASCII characters. As such,
fertility and PCW are comparatively high: English
words are split into 4-5 tokens, German words
into more than 5 tokens on average. Almost all
words are continued words (only one-character
words like I or a are not split further, as they
already consist of only one singular character).
These results emphasize the trade-off between text
compression and model capabilities. Although
our character models compress text way worse
than BPE models (and are therefore less suited to
efficient autoregressive language modeling), this
dip in compression power is needed for LMentry

performance to improve.

D Free-form generation

We also attempted free-form generation of answers,
without constraining outputs to the task-specific
possible answers. However, this yielded no usable
results, as the resulting outputs turned out to be too
messy to be easily evaluated. As manual evaluation
of all answers is out of scope in light of the sheer
number of task-specific questions, we attempted
to automatically check the generated outputs by
testing if the correct answer occurs somewhere
in the output. Although this yielded impressive
accuracies (e.g. boosting the BPE models to con-
sistent 90% across the majority of tasks), a closer
manual inspection of the responses showed that
most free-form generations simply repeat the pat-
terns/sentences of the input, and therefore contain
all possible answers anyway. As of now, our models
are not capable of useful free-form generation and
need to be constrained with outlines.

We also share the full free-form outputs for our
models here to allow further inspection and experi-
mentation.

E Example questions and number of
answers for LMentry

In this section we briefly list all tasks included in
LMentry, exemplary questions (in English) and the
number of possible answers for each individual
question type (which work the same for the German
and English data).

* smaller number — 2 options (number-1 or
number-2) | positive integers between 0-999
Example: Which number is smaller, 101 or
7237

* bigger number — 2 options (number-1 or
number-2) | positive integers between 0-999
Example: Which number is bigger, 487 or
110?
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e last letter — n options where n is the
number of unique letters in the word (letter-1
or letter-2 or ... or letter-n)

Example: What is the last letter of the word
“beach”?

e first letter — n options where n is the
number of unique letters in the word (letter-1
or letter-2 or ... or letter-n)

Example: What is the first letter of the word
“decide”?

* more letters — 2 options (word-1 or word-
2)

Example: Which word has more letters, “fit”
or “rice”?

* more letters length diff 1 — 2 options
(word-1 or word-2)

Example: Which word has more letters,
“honey” or “sock”?

e more letters length diff 3plus — 2
options (word-1 or word-2)

Example: Which word has more letters,
“honey” or “to”?

* less letters — 2 options (word-1 or word-
2)

Example: Which word has fewer letters, “no’
or “chat”?

* less letters length diff 1 — 2 options
(word-1 or word-2)

Example: Which word has fewer letters, “fam-
ily” or “white”?

e less letters length diff 3plus — 2
options (word-1 or word-2)

Example: Which word has fewer letters, “uni-
SJorm” or “want”?

>

* word before — n options where n is the
number of words in the sentence (word-1 or
word-2 or ... or word-n)

Example: In the sentence “John was seeing
his children”, which word comes right before
the word “was”?

* word after — n options where n is the num-
ber of words in the sentence (word-1 or word-2
or... or word-n)

Example: In the sentence “We were glad it
was over”, which word comes right after the
word “were”?

* first word — n options where n is the num-
ber of words in the sentence (word-1 or word-2
or... or word-n)

Example: What is the first word of the sentence
“He has left”?

* last word — noptions where n is the number
of words in the sentence (word-1 or word-2 or
. or word-n)
Example: What is the last word of the sentence
“Donna fixed a sandwich for me”?

e first alphabetically — 2 options (word-
1 or word-2)
Example: In an alphabetical order, which of
the words “at” and “policewoman” comes
first?

e first alphabetically same first
letter — 2 options (word-1 or word-2)
Example: In an alphabetical order, which of
the words “theirs” and “they” comes first?

e first alphabetically consecutive
first letter — 2 options (word-1 or word-
2)

Example: In an alphabetical order, which of
the words “case” and “duck” comes first?

e first alphabetically far first letter
— 2 options (word-1 or word-2)
Example: In an alphabetical order, which of
the words “bake” and “zoo” comes first?

e first alphabetically different first
letter — 2 options (word-1 or word-2)
Example: In an alphabetical order, which of
the words “your” and “centimeter” comes
first?

* rhyming word — 2 options (word-1 or word-
2)
Example: Which word rhymes with the word
“declare”, “beer” or “wear”?

e rhyming word orthographically
different — 2 options (word-1 or
word-2)

Example: Which word rlymes with the word
“peak”, “technique” or “steak”?

* rhyming word orthographically similar
— 2 options (word-1 or word-2)

Example: Which word rhymes with the word
“child”, “green” or “mild”?

* least associated word — 5 options (word-
1 or word-2 or word-3 or word-4 or word-5)
Example: Of the words “sweater”, “shirt”,
“desk”, “pants”, and “socks”, what is the word
least associated with “clothes”?

* most associated word — 5 options (word-1
or word-2 or word-3 or word-4 or word-5)
Example: Of the words “pear”, “tram”,
“pineapple”, “lemon”, and “mango”, what



is the word most commonly associated with
“vehicles”?

F Additional models

As further ablations, we evaluate the non-LMentry-
tuned models from the SmolLLM2 suite (Allal et al.,
2025), both in their base and instruction-tuned
variants. Additionally, we also evaluate the base
and instruction-tuned variant of the even larger
Llama-3.2-3B model. Results are displayed in
Tables 5 and 6.

Comparison against our models Neither for En-
glish nor for German LMentry do the off-the-shelf
versions of small models outperform our character-
based BabyLMs. Instead, their performance is
rather comparable to our post-trained subword mod-
els. Only when directly post-trained on LMentry
is this performance gap closed. This suggests that
at BabyLLM pre-training scale, adequate character
tokenization can substitute for a lack of appropri-
ate post-training. Although one could plausibly
hypothesize that our subword-level BabyLLMs are
constrained in their LMentry performance by too
little data or too few parameters, a dramatic increase
in model size (to 3B parameters for Llama-3.2) and
in pre-training data (cf. Appendix B) is still not
sufficient to improve performance meaningfully;
only direct post-training on LMentry can do so (as
shown in Table 2).

Base models vs. instruction-tuned models Be-
tween base models and instruction-tuned models,
again no clear differences emerge. Despite being
post-trained on a wide variety of diverse tasks, e.g.
text rewriting, summarization or function calling
(Feng et al., 2024), the instruction-tuned models do
not consistently outperform base models on LMen-
try. While the English results (Table 5) show a slight
tendency towards better scores for instruction-tuned
model variants, the German results (Table 6) are
less straightforward. Only for the largest evalu-
ated model, Llama-3.2-3B, clear advantages for the
instruction-tuned models are visible.

Scaling behavior Finally, scaling behavior is not
consistent between the two model families we an-
alyzed. For the SmolLM models, the differences
between the smallest model (135M, pre-trained
on 600B tokens) and the largest model (1.7B, pre-
trained on 1T tokens) are negligible. Across both
English and German data, all models reach highest

scores for some individual tasks. The picture is
somewhat different for the Llama models, where
the 3B variant (Tables 5 and 6) sometimes outper-
forms the 1B variant (Table 1) for the English data
and frequently outperforms it for the German data
(despite featuring the same pre-training data). In
sum, the effect of a higher parameter count remains
elusive. While it has no influence on the SmolLM?2
models, it improves the capabilities of Llama-3.2.
As the SmolLM2 family offers no larger model size
than 1.7B, it could also be the case that the phase
transition needed for such improvements occurs
somewhere between SmolLM?2’s 1.7B parameters
and Llama-3.2’s 3B parameters.



Task | English
\ SmolLM2-135M  SmolLM2-360M SmolLM2-1.7B Llama-3.2-3B
\ Base Instruct Base Instruct Base Instruct Base Instruct
smaller number 0.66 0.60 0.67 0.67 0.65 0.68 0.55 0.61
bigger number 0.32 0.37 0.33 0.28 0.34 0.32 0.46 0.62
last letter 0.18 0.18 0.22 0.20 0.22 0.26 0.21 0.52
first letter 0.25 0.33 0.23 0.35 0.22 0.20 0.26 0.34
more letters 0.53 0.53 0.53 0.51 0.53 0.54 0.50 0.58
more letters length diff 1 0.52 0.58 0.52 0.52 0.53 0.54 0.51 0.54
more letters length diff 3plus 0.56 0.58 0.52 0.56 0.52 0.55 0.58 0.69
less letters 0.45 0.47 0.48 0.48 0.46 0.48 0.45 0.49
less letters length diff 1 0.49 0.46 047 0.44 0.48 0.47 0.53 0.42
less letters length diff 3plus 0.46 0.42 0.46 0.49 0.46 0.47 0.45 0.43
word before 0.17 0.23 0.15 0.18 0.10 0.18 0.16 0.18
word after 0.17 0.27 0.18 0.21 0.15 0.22 0.14 0.31
first word 0.23 0.12 0.20 0.20 0.17 0.10 0.24 0.35
last word 0.15 0.22 0.17 0.18 0.13 0.18 0.15 0.61
first alphabetically 0.58 0.65 0.60 0.53 0.55 0.61 0.42 0.51
first alphabetically same first 0.45 0.47 0.42 0.45 0.44 0.44 0.50 0.44
first alphabetically cons. first 0.53 0.50 0.48 0.44 0.53 0.54 0.52 0.50
first alphabetically far first 0.74 0.70 0.68 0.48 0.66 0.69 0.53 0.47
first alphabetically diff. first 0.65 0.63 0.62 0.50 0.63 0.62 0.48 0.50
rhyming word 0.51 0.46 0.49 0.53 0.48 0.48 0.50 0.53
rhyming word ortho. different 0.47 0.46 0.50 0.51 0.49 0.49 0.46 0.52
rhyming word ortho. similar 0.51 0.47 0.52 0.48 0.52 0.51 0.49 0.52
least associated word 0.22 0.16 0.19 0.20 0.22 0.23 0.22 0.52
most associated word 0.20 0.16 0.19 0.22 0.22 0.27 0.22 047
MultiBLiMP ‘ 0.97 0.95 0.97 0.96 0.99 0.98 0.99 0.97

Table 5: Full accuracies for additional small language models on English LMentry benchmark, best results marked

in boldface.

Task | German
\ SmolLM2-135M  SmolLM2-360M SmolLM2-1.7B Llama-3.2-3B
\ Base Instruct Base Instruct Base Instruct Base Instruct
smaller number 0.68 0.56 0.66 0.66 0.66 0.67 0.64 0.50
bigger number 0.35 0.43 0.36 0.35 0.36 0.33 0.42 0.50
last letter 0.15 0.26 0.20 0.21 0.20 0.21 0.16 0.28
first letter 0.25 0.13 0.22 0.33 0.20 0.18 0.22 0.21
more letters 0.51 0.45 0.56 0.52 0.51 0.52 0.49 0.55
more letters length diff 1 0.49 0.51 0.49 0.46 0.49 0.51 0.50 0.50
more letters length diff 3plus 0.50 0.49 0.52 0.55 0.48 0.54 0.55 0.64
less letters 0.49 0.53 0.49 0.45 0.49 0.49 0.48 0.47
less letters length diff 1 0.50 0.48 0.48 0.49 0.54 0.46 0.49 0.52
less letters length diff 3plus 0.48 0.48 0.45 0.42 0.50 0.49 0.42 0.39
word before 0.12 0.10 0.08 0.12 0.12 0.11 0.11 0.11
word after 0.11 0.10 0.11 0.11 0.12 0.15 0.08 0.16
first word 0.11 0.05 0.09 0.07 0.12 0.11 0.08 0.13
last word 0.10 0.14 0.10 0.14 0.10 0.08 0.13 0.13
first alphabetically 0.62 0.64 0.59 0.55 0.57 0.57 0.46 0.54
first alphabetically same first 0.53 0.48 0.53 0.52 0.51 0.49 0.52 0.49
first alphabetically cons. first 0.56 0.50 0.52 0.48 0.50 0.45 0.45 0.48
first alphabetically far first 0.57 0.70 0.46 0.43 0.53 0.77 0.19 0.60
first alphabetically diff. first 0.60 0.73 0.46 0.48 0.63 0.72 0.24 0.54
MultiBLiMP | 0.71 0.72 0.77 0.75 0.87 0.85 0.95 0.93

Table 6: Full accuracies for additional small language models on German LMentry benchmark, best results marked

in boldface.
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