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Abstract

Recent language model improvements
were mostly achieved by increasing model
scale, compute, and in particular training
data size. This differs significantly from
human language acquisition, which relies
on significantly fewer words. The BabyLM
challenge tackles this issue by encouraging
approaches inspired by cognitive insights to
reduce data dependency, thus lowering the
barrier for NLP researchers to contribute to
their field. We propose a Mixture-of-Experts
approach with guided domain-based routing
to learn subnetworks specialized on human-
interpretable topics, thus making experts
focus on domain knowledge and style rather
than specific token features. Additionally,
we apply a CEFR-based curriculum learning
to mimic human language learning. Our
model underperforms compared to the 7 times
larger baseline model, but scores best on
the BabyLM strict-small leaderboard among
models with less than 25M parameters. Our
code is publicly available at https://github.
com/SmallLM-DBR-MoE-Submission-2026/
Baby-DBR, and our model can be found
at https://huggingface.co/elschr/
BabyLM2026-DBR.

1 Introduction

Recent progress in language modeling has, to a
large degree, been driven by scale. Scaling laws
show that model performance improves predictably
as parameter count, dataset size, and compute bud-
get grow (Kaplan et al., 2020; Hoffmann et al.,
2022). As a result, state-of-the-art language mod-
els (LMs) are trained on trillions of tokens using
compute budgets that reach tens of millions of dol-
lars per training run (Grattafiori et al., 2024; Cot-
tier et al., 2025). This dependence on massive
resources stands in stark contrast to human lan-
guage acquisition: children are exposed to roughly
100 million words by age 13, yet acquire robust

linguistic competence. It also places meaningful
LLM pretraining research out of reach for most
academics.

The BabyLM Challenge (Choshen et al., 2026)
was created to address both issues. By restrict-
ing the pretraining data to 10 million words (for
the strict-small track), it turns language modeling
into a data-efficiency problem in which architec-
tural and training innovations, rather than raw scale,
determine success. This makes the setting both
cognitively motivated and practically accessible to
low-resource research environments.

In this work, we explore whether explicit,
human-interpretable structure can improve data ef-
ficiency in this setting. We propose a Mixture-of-
Experts (MoE) architecture in which expert routing
is not learned purely implicitly, as in standard MoE
models (Shazeer et al., 2017), but is instead guided
by external topic labels: we partition our training
corpus into eleven manually curated topic domains
and use these gold labels as a supervision signal for
the router during a dedicated specialization phase.

2 Related Work

Scaling Laws Kaplan et al. (2020) established
that language model loss follows power laws in
model size, dataset size, and compute, suggesting
that training larger models on more data results in
predictable gains. Hoffmann et al. (2022) refined
this picture with the Chinchilla scaling laws, show-
ing that many models of its time were undertrained
relative to their size. For compute optimal training
they show model size and training tokens should
be scaled in equal proportion, with roughly 20 to-
kens per parameter. Under the BabyLM constraint
of 10M words, this relationship is inverted: Data,
not compute, is the binding constraint, which moti-
vates architectural and algorithmic approaches to
data efficiency rather than parameter scaling.

https://github.com/SmallLM-DBR-MoE-Submission-2026/Baby-DBR
https://github.com/SmallLM-DBR-MoE-Submission-2026/Baby-DBR
https://github.com/SmallLM-DBR-MoE-Submission-2026/Baby-DBR
https://huggingface.co/elschr/BabyLM2026-DBR
https://huggingface.co/elschr/BabyLM2026-DBR
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Figure 1: Overview of our core approach.

Mixture-of-Experts Mixture-of-Experts (MoEs)
were introduced by Jacobs et al. (1991) as an alter-
native form of ensemble learning, allowing compo-
nents of a full model to specialize on particular sub-
tasks without deteriorating the overall model’s per-
formance. The approach gained significant traction
through the work of Shazeer et al. (2017), who in-
troduced sparse MoEs: a learned router dispatches
each token to a small subset of expert feed-forward
networks, decoupling model capabilities from infer-
ence compute. This design underlies many recent
large-scale models (Meta AI, 2024; Team et al.,
2026; Dai et al., 2024). The shared-expert design
we build on, in which one expert is always active to
capture common knowledge while routed experts
specialize, was popularized by DeepSeekMoE (Dai
et al., 2024). However, routing in these models is
learned implicitly, and analyses have found that ex-
perts tend to specialize along shallow token-level or
syntactic patterns rather than human-interpretable
domains (Jiang et al., 2024). Our work differs in
that as we impose an explicit, semantically mean-
ingful routing signal derived from topic labels.

MoE in BabyLM 2025 Mehta et al. (2025) find
that while MoE alone already increases perfor-
mance, it does so even more in combination with
Multi-head Latent Attention (MLA) and Rotary
Position Embeddings (RoPE). Tapaninaho (2025)
experiments with shrinking the hidden dimension,
then applying MoE-style routing to route tokens to
multiple transformer blocks at the same time, and
growing the hidden dimension afterward. This ap-
proach outperformed all strict-small baseline mod-

els. Overall, architectural improvements are rec-
ommended over parameter scaling in low-resource
language modeling (Mehta et al., 2025; Charpentier
et al., 2025).

Domain-based Routing DEMix layers (Guru-
rangan et al., 2021) condition expert selection in
the feed-forward sublayer directly on document-
level domain labels, training one expert per domain
while sharing attention parameters across domains.
Branch-Train-Merge (Li et al., 2022) instead trains
separate expert LMs per domain and combines
them at inference. Closest to our approach is DES-
MoE (Li et al., 2025), which uses explicit domain
metadata during the finetuning stage of an existing
pretrained model, restricting updates to domain-
specific experts via a multi-stage freezing schedule
to counteract catastrophic forgetting. We differ by
investigating explicit topic supervision during the
pretraining phase.

3 Methods

In standard MoE models, routing is learned
implicitly under load-balancing (Shazeer et al.,
2017) constraints, and experts tend to special-
ize along shallow token-level or syntactic lines
rather than human-interpretable topics. In contrast,
we partition the training corpus into eleven semi-
automatically defined topics prior to training and
use these topic labels as an explicit routing sig-
nal, encouraging experts to develop semantically
meaningful, topic-aligned specialization.

Inspired by natural learning processes, we fur-
ther divide our training into two phases: During the



base phase, we use simple natural language and
train our model densely, i.e., we activate all experts
simultaneously, to accustom the model to the data.
Afterward, in the expert phase, we use sparse rout-
ing to activate only specific experts corresponding
to specific topics. A visualization of our approach
can be found in Figure 1.

3.1 Custom Dataset and Clustering

Dataset Composition Since initial experiments
showed that the challenge’s own dataset was hard to
separate by topic modeling, we composed our own
instead to better match our research question, par-
tially reusing subsets of the BabyLM strict-small
data. Apart from that, the remaining data comes
from public sources of fixed domains, such as math-
ematics and news, with a significant proportion
taken from the UniversalCEFR dataset (Imperial
et al., 2025), which allows for curriculum learning
based on the language difficulty, determined by the
CEFR level. Further, datasets comprising simpler
language, such as Daily Dialog (Li et al., 2017)
and the Everyday Language Corpus (MultivexAI,
2026), are added.

We then filter the collected datasets to exclude
long sequences (> 2048 characters) to ensure di-
versity while staying within the challenge’s word
limit, which accumulates to a total of 9,653,393
words, which we partition into base ( 12.5%) and
expert ( 87.5%) subsets. A comprehensive list and
distribution of words can be found in Table 11.

Moreover, since the base phase requires simple
speech and the corresponding number of dataset
entries is relatively low, we synthesized additional
data by sampling from our base subset and generat-
ing variations using DeepSeekV4 Flash. The exact
prompt is given in Appendix B. In 70% of genera-
tions, the prompt was extended with a topic word to
aim for unique examples, while a static prompt was
used in the remaining 30%. In total, the generated
data comprises 1,727,276 words, from which we
only sample to fill up to a maximum of 10M words.
As described in Section 4.6, additional instances
from this subset are used for the base phase after
additional filtering of the expert phase subset.

Topic Modeling To find topic groupings for
each of the experts, we cluster dimensional-
ity reduced embeddings of our examples using
BERTopic (Grootendorst, 2022). This approach
revealed 198 niche topics, with outliers being clus-
tered into a single one, which we then combined

into 11 more general topics. The clustering was
conducted by first prompting an LLM (Gemini 3.1
Pro) based on 10 BERTopic keywords for each
topic, and manually reviewing and adjusting after-
ward; as part of this manual reviewing process, 8
specific topics were relocated. The final general
topic descriptions are as follows:
• Math, Physics, Earth Science, Chemistry, Space
• Technology, Business, and Economy
• Health, Medicine, and Anatomy
• Nature, Zoology, and Botany
• History, Geography, and Law
• Education, Language, and Arts
• Entertainment, Sports, and Gaming
• Everyday Life, Home, and Transport
• Interpersonal Communication & Society
• Fantasy, Adventure, & Historical Fiction
• Contemporary Fiction & Character Dialogue

3.2 Model Architecture & Training Procedure

We ground our model on a modern Transformer
basis, building upon the Llama 3 (Grattafiori et al.,
2024) architecture implemented as a HuggingFace
transformers (Wolf et al., 2020) module. We keep
the original architecture and focus on changes to
the feed forward network (FFN): the FFN in each
layer is replaced by an MoE module comprising
11 experts, with each expert designed as a single
SwiGLU module. A linear router maps each token-
level hidden state to a softmax distribution over the
experts, from which tokens are dispatched using
either top-k or top-p selection. Optionally, a shared
expert is applied to every token.

As mentioned before, the training process is then
divided into two phases, each running for 10 epochs
on their corresponding subset: Phase 1 (base phase)
establishes general language competence with all
experts active. It is followed by phase 2 (expert
phase) in which the topic-supervised routing signal
is applied to encourage interpretable specializa-
tion. All models use a BPE tokenizer trained from
scratch on our corpus.

The hyperparameters that were kept consistent
across experiments are listed in Appendix D. Addi-
tional hyperparameters are described in the corre-
sponding sections below.

4 Experiments and Results

While our main architecture and dataset are fixed,
we conduct an extensive ablation study on different
factors influencing the final model’s performance,



including the routing mechanism, MoE layer loca-
tions, the gold label topic to model expert assign-
ment strategy, dataset shifting, training data order-
ing and filtering, non-MoE freezing and changes
to the training objective and usage of a (weighted)
shared expert.

Throughout all experiments, we evaluate on the
core tasks of the BabyLM challenge, i.e., BLiMP
(Warstadt et al., 2020) and BLiMP Supplement
(Warstadt et al., 2023), as well as Entity Track-
ing (Kim and Schuster, 2023) and EWoK (Ivanova
et al., 2025).

Full experiment results for all ablation experi-
ments are shown in Appendix A.

4.1 Catastrophic Forgetting
One of the most significant challenges we faced
is catastrophic forgetting (McCloskey and Cohen,
1989) during the second phase, the expert special-
ization training. Our experiments in Appendix A
show that for the expert phase models, the evalua-
tion average tends to decline in comparison to their
respective base phase evaluation results. This is pri-
marily driven by decreases in BLiMP Supplement
and Entity Tracking scores, while BLiMP scores
generally rise. The basic model trained on simple
speech tends to perform better on these tasks. This
is also apparent in the score-by-epoch graph of our
final submission model, as shown in Figure 3. The
score for BLiMP Supplement suddenly decreases
after the switch to the second training phase and
fails to recover.

In an effort to address this problem, we trained
multiple models that varied in terms of expert se-
lection and MoE location. Furthermore, for the
experiments in Table 5, at the start of the second
(expert specialization) training phase, all non-MoE
weights, except for the language model head, were
frozen. This change aimed at improving entity
tracking and BLiMP supplement scores by reduc-
ing the number of trainable parameters to expert
internals. In addition, all models in this ablation
had their phase one training dataset extended by
a 30% sample from the expert dataset. We con-
sidered this necessary since we cannot expect the
model to handle grammar and syntax of expert data
it has never seen. The evaluation results are shown
in Table 5.

In general, the changes did not help address the
decline in average evaluation results. Instead, we
further observed now that BLiMP scores also tend
to decrease in the expert phase. Hence, the combi-

Figure 2: BLiMP fast zero-shot accuracy by routing
configuration.

nation of shifting an expert dataset sample to the
basic dataset and restricting training to experts only
in the latter phase seemed to hurt understanding of
grammar and syntax.

We did not observe any consistent improvements
for this problem over the course of our experi-
ments. We assume the problem is rooted in our
training data, which may shift focus from basic
understanding toward expert knowledge. This gain
in knowledge is not properly reflected in the tasks
we evaluated on, but may be beneficial in general
autoregressive language modeling nonetheless.

4.2 MoE Adjustments

Given the specialization of our experts, the output
of each of them may not be necessary for every
task. Thus, we experiment with modifying the
amount of active experts in a sparse MoE scenario,
applying both Top-k (Shazeer et al., 2017) and Top-
p (Holtzman et al., 2020) routing. Top-k routing
sends each token to the k experts with the highest
router scores, whereas Top-p routing sends each
token to the smallest set of highest-scoring experts
whose cumulative routing probability reaches the
threshold p. This allows the number of experts to
vary across tokens depending on router certainty.

As can be seen in Figure 2, we observe a posi-
tive correlation between the number of active ex-
perts (i.e., a higher k or p) and the accuracy on the
BLiMP Benchmark. This correlation holds even
up to the activation of all experts (all, so equivalent
to k = 11 or p = 1), indicating that the sparse
activation, while being computationally cheaper,
does not boost accuracy in this separated ablation
experiment. However, this may be a finding spe-
cific to the BLiMP dataset, since training a model
with all experts active scored worse on the full eval-
uation submitted to the leaderboard (cf. Table 4).
We therefore opted for p = 0.7 for our final sub-



mission, since this value showed a significant im-
provement over p = 0.5, while such an increment
is not as prevalent after increasing p further.

Additionally to choosing experts dynamically,
we further conducted experiments in which we
added a shared expert (Dai et al., 2024) that is
always active, allowing for a more consistent gradi-
ent flow and diverting basic knowledge away from
our topic-primed experts. The intention is that a
shared expert learns common basic language func-
tions, such as grammar or basic words, that are
needed for most inference tasks. Additionally, we
experiment with introducing a dynamically calcu-
lated weight to scale its output. This weight is
calculated based on the concatenated input vector
and routing probabilities for the input. This vec-
tor is passed through a linear layer and a sigmoid
function, which outputs one normalized score per
token. This score is multiplied with the output of
the shared expert.

Table 1 shows the results of these experiments.
Both the regular shared expert and our weighted
variant increase the average score to almost the
same level compared to omitting the shared expert.
The weighted shared expert achieves the highest
result in BLiMP. The regular shared expert has
the highest score for the base phase model. Addi-
tionally, using the top-k (k = 1) routing method
instead of top-p (p = 0.7) leads to a better score in
the base phase for the regular shared expert, but a
worse score in the specialized phase. It is notable
that Entity Tracking particularly improves in the
base phase trained model. Given the mostly con-
sistent improvements over all benchmarks after the
expert phase, we decided to incorporate a weighted
shared expert into our final submission model.

Furthermore, we considered replacing the Llama
FFN with our custom MoE only in specific layers,
e.g., by placing the MoE only in the top layers,
alternating between MoE and regular SwiGLU lay-
ers, or replacing it in all layers. Table 6 shows
the respective evaluation results. Not replacing all
standard FFNs proved to be a solid choice for most
tasks, with Entity Tracking once again profiting
significantly after the base phase. In terms of aver-
age evaluation results, the alternating options seem
to perform best across both evaluation points, and
therefore being our choice for our final submission.

4.3 Router Teacher Forcing
While routing purely according to our gold labels
in the training phase (to which we refer as router

teacher forcing) guarantees no contamination of
experts with different topics, it also imposes a sig-
nificant constraint on the flexibility of the optimiza-
tion process and may create a mismatch between
training and inference, as the model then has to rely
on its own routing scores instead. When applying
router teacher forcing, the routing probabilities are
only used to calculate the router loss, the experts
are activated according to our gold labels. When
deactivated, routing probabilities are used both to
calculate the routing loss and to activate experts,
allowing for a soft topic guidance, i.e., domain
routing is only indirectly enforced by weight opti-
mization. Related to routing is the auxiliary load
balancing loss. This loss tries to activate experts
more uniformly in the number of tokens that are
routed to each expert and how uniformly distributed
the activation probabilities are.

Our experiments show that the expert phase
model performs better if trained without router
teacher forcing (cf. Table 7), and with an auxiliary
loss (p_0.7_no_teacher_with_aux-expert).
No shared expert was used for this experi-
ment, thus results are to be compared with
p_0.7_no_shared-expert in Table 1.

While a clear separation between experts might
be desirable for interpretability, the negative effects
on all benchmarks tested served as a clear indicator
to remove router teacher forcing from our final
submission.

4.4 Expert Assignment
Since our dataset has eleven predefined topics and
the expert phase training requires mapping from
gold-label topics to model experts, we need a so-
phisticated assignment algorithm. The three eval-
uated options are loss-based assignment, gradient-
based assignment, and fixed assignment.

To prepare data for this matching phase, we
group all entries from the expert dataset by their
highest assigned topic probability. Then we fil-
ter out all documents with a maximum likelihood
below 75%, which results in 11 high-probability
expert datasets.

With a similar intuition as presented in transfer-
ability literature (Nguyen et al., 2020), we imple-
mented a loss-based assignment. For the loss-based
assignment, we loop over every expert dataset and
model expert combination. We perform a for-
ward pass while routing tokens only to the selected
model expert and observe the language modeling
(cross-entropy) loss. This process produces a ma-



Name BLiMP Supplement ET EWoK Avg.

p_0.7_no_shared-base 62.04 60.00 14.63 48.68 46.34
p_0.7_no_shared-expert 65.07 53.20 15.70 50.14 46.03

p_0.7_shared_exp-base 61.22 62.00 39.96 51.00 53.55
p_0.7_shared_exp-expert 65.68 57.60 13.08 50.82 46.80

p_0.7_weighted_shared_exp-base 61.48 64.00 33.35 51.09 52.48
p_0.7_weighted_shared_exp-expert 66.26 55.60 13.78 51.82 46.87

k_1_shared_exp-base 61.21 62.00 39.82 50.36 53.35
k_1_shared_exp-expert 64.68 56.00 13.63 50.00 46.08

Table 1: Baseline compared to a standard shared expert, the weighted shared expert and the standard shared expert
with top-k (k = 1). All models with shared experts consistently outperform the base except after the expert phase
for Entity Tracking and some instances of EWoK. Best scores per task in bold, best after expert phase in italics.

trix that assigns a loss to each tuple (gold-label
topic, model expert). In the final matching, gold-
label topics are assigned to model experts in a 1-to-
1 manner to minimize the total loss, following the
assumption that a lower loss indicates a better fit.

In a comparable fashion we also decided to ex-
periment with a gradient-based assignment. For
the gradient-based assignment, we proceed as fol-
lows for every expert dataset: First, a forward-and-
backward pass is performed that routes tokens to
every expert with uniform probability. Afterward,
we calculate the L2 norm of the gradients for each
of the 11 experts across all layers. For all 11 expert
datasets, this results in a matrix that assigns a gra-
dient to each tuple (gold-label topic, model expert).
In the final matching, gold-label topics are assigned
to model experts in a 1-to-1 manner to minimize
their gradient sum, following the assumption that a
lower gradient indicates a better fit.

Finally, the fixed assignment naïvely assigns the
first gold-label topic to the first model expert, and
the following topics to the subsequent model ex-
perts, respectively. In this process, no performance
metric is involved.

Experiment results are shown in Table 8. Unex-
pectedly, the fixed assignment achieved the highest
average evaluation result, with none of the more
sophisticated methods outperforming the naïve ap-
proach. It is subject to further investigation whether
this is due to noise or due to the gradient-based or
loss-based assignment methods being insufficient
proxies. These findings lead us to choose a fixed
assignment for our final model.

4.5 Parameter Adjustments

Though we have chosen our model size accord-
ing to established scaling laws, we further tested a
larger model by doubling the FFN size, context win-

dow, and vocabulary size to accommodate for po-
tential underfitting due to sparse expert activation.
To this end, we incorporate all changes discussed
so far and conduct the following experiments using
these findings.

Table 9 shows the results of five experiments,
including a baseline with no changes, and four vari-
ants that always have an FFN doubled in size and
combinations of context window (256/512) and vo-
cabulary size (5k/12k) changes. The results clearly
show that the expert model neither significantly im-
proves nor degrades with any configuration change.
For the sake of simplicity, we decided not to incor-
porate any tested configuration changes in our final
submission.

4.6 Curriculum Learning & Complexity
Reduction

Curriculum learning was a re-occurring approach
in previous BabyLM challenges (Charpentier et al.,
2025). We try to implement curriculum learning by
sorting our dataset by the lix score, a simple mea-
sure of complexity. Developed by Björnsson (1968)
(according to Anderson (1983), original source not
traceable), it is calculated using the average sen-
tence length and the percentage of words that have
more than six letters. We additionally run exper-
iments that remove the most complex data (e.g.,
keeping only the bottom 80% of complexity) from
our dataset and replace it with samples from our
synthetic dataset. Results are shown in Table 10.
The average score increases from keeping only
the bottom 60% to the bottom 80%. Afterward,
when keeping the bottom 90%, the average score
decreases again, with BLiMP accuracy still increas-
ing slightly. Given these insights, we decided to
replace the top 20% complex instances from our
corpus for the final training run.
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Figure 3: Submission model evaluation performance across different epochs

4.7 Final Setup
As our baselines, we use both the GPT-2-Strict-
Small baseline, as reported by the BabyLM leader-
board, and a dense Llama 3 model trained on our
custom dataset. The Llama baseline performs com-
petitive with the reported GPT-2 Baseline. As can
be seen in Table 2, our Baseline gets a slightly
higher BLiMP score but a weaker Entity Tracking
score. This is to be expected as our dataset contains
fewer examples of simple children speech, which
we consider particularly well-suited for tasks like
entity tracking, but more examples of harder and
higher quality text that improves grammar under-
standing as measured by BLiMP.

Name BLiMP Suppl. ET EWoK Avg.

GPT-2 65.23 57.25 19.10 50.63 48.53
Llama 3 66.81 56.00 14.01 50.27 46.77

Base 57.68 59.6 19.0 49.27 46.39
Expert 63.23 51.6 16.95 49.64 45.36

Table 2: Zero-shot results: BabyLM-2026 GPT-2 Strict-
Small baseline vs. our LLaMA dense baseline vs. our
submission MoE models, evaluated after the base phase
and the expert phase on BLiMP, BLiMP Supplement,
Entity Tracking, and EWoK

The configuration of our submission model,
shown in Table 3, was built by combining the find-
ings of the comparative experiments mentioned in
the above sections. Additionally, we submitted
a second model, BabyDBRFull, that was trained
using all experts, i.e., setting p = 1.0. The leader-
board results (best score of all epochs per task) for
both models can be found in Table 4.

Configuration Value

Top-p 0.7
Context Window 256

MoE Layers 2 MoE layers out of
4 placed alternatingly

Shared Expert One weighted shared expert
Vocab Size 5,000

Training Objective Load balancing (aux) loss +
routing loss

Expert Assignment Fixed expert assignment
Curriculum Learning Order by text complexity (lix)

Data Complexity The most complex 20% of
training data was dropped

Table 3: Submission Model Configuration

Table 2 shows the final model evaluation results
for GPT-2, LLaMA, and our submission model.
Overall, the reported GPT-2 baseline, trained on
the official BabyLM Strict-Small dataset, and the
LLaMA baseline, trained on our base and expert
dataset, outperform our expert submission model
on average and on BLiMP in every setting. Some

Name BLiMP Suppl. ET EWoK Avg.

Base 63.47 51.53 19.02 51.53 46.39
Full 65.26 49.78 18.29 50.76 46.02

Table 4: Leaderboard results for BabyDBR (Base) and
BabyDBRFull (Full)

features to highlight include the resulting model
from training phase one, which outperforms the
GPT-2 and LLaMA baselines in BLiMP Supple-
ment and the Llama baseline in Entity Tracking.
In particular, BLiMP Supplement experiences a
decline of 8 points between the base phase and



the expert, as noted in Section 4.1. While entity
tracking slightly decreases and EWoK stays similar,
BLiMP increases by almost 6 points. In addition,
Figure 3 shows evaluation results for our submis-
sion model from epochs 1 to 10 during training
on the base and expert datasets. Entity Tracking
performance during training stays approximately
constant.

5 Discussion

While our model does not outperform the full-sized
baselines, it is worth noting that our model is sig-
nificantly smaller in size, amounting to a total of
13.8M parameters versus 98.4M of the GPT-2 base-
line. In particular, at submission time of this pa-
per, our model is the best-performing on the strict-
small leaderboard with less than 25M parameters
(of which there are 9 verifiably below this limit).

Our experiments also show apparent dissonances
between human-intent design and performance
gains in language models, as seen in our router
teacher forcing and expert assignment experiments:
Clear separation and interpretability can hurt perfor-
mance, and algorithm designs intended to exploit
inert preference in random initializations may still
perform worse than arbitrary choices.

As implied by our section on catastrophic forget-
ting and complexity reduction, the main question
arises whether the data collected for our experi-
ments is insufficient for good language modeling,
or whether the given evaluation benchmarks are not
a suitable proxy for measuring it. Since language
models are often used for knowledge tasks, we pro-
pose a stronger focus on such evaluations in future
editions of the workshop, but providing a fixed
knowledge database for competition participants to
keep the focus on language modeling.

6 Conclusion

We presented a structured MoE approach for the
BabyLM Strict-Small track in which expert rout-
ing is supervised by externally derived, human-
interpretable topic labels rather than learned purely
implicitly. To this end, we constructed a custom
10M-word corpus, derived eleven topic domains
via BERTopic clustering and manual curation, and
conducted systematic ablations over routing mech-
anisms, MoE placement, shared experts, expert
assignment strategies, curriculum ordering, and
model size. Our best configuration, alternating
MoE layers, a weighted shared expert, no router

teacher forcing, and fixed expert assignment, out-
performs both the reported GPT-2 baseline and our
dense LLaMA baseline on BLiMP when all experts
are active, while the sparse variant roughly matches
the dense baseline at lower compute cost. At the
same time, our ablations paint a consistent and in-
structive picture: the domain-based routing model
performs well given its size, and benchmark scores
improve by increasing flexibility during the training
process, whether through more active experts, load-
balancing auxiliary losses, or router self-prediction
instead of teacher forcing. The catastrophic forget-
ting observed in the specialization phase, however,
suggests a mismatch between the training data and
the evaluation target.

7 Outlook

To clarify whether the limitations we observe
are fundamental or specific to our setup, an in-
terpretability analysis of what the experts actu-
ally learn under domain supervision would show
whether the intended topic specialization emerges
at all, independent of benchmark scores.

While our router teacher forcing approach
showed slightly worse results, it may be interesting
to investigate whether the pure load balancing loss
distributes general knowledge more evenly across
the experts, thus improving performance similar to
introducing a shared expert. Further experiments
would be required to measure this effect, which we
leave to future work.

Limitations

While we conducted our experiments with rigor,
some caveats remain: For all our experiments, we
only train our models and evaluate on the BabyLM
fast subsets once per configuration using a single
seed; more runs to better estimate the effect on
model capabilities could improve our architecture
further or suggest different findings. An extensive
evaluation of the clustering result, which labeled
each data point with one of 198 topic clusters was
not possible due to time constraints; a manually
curated dataset may improve the routing, but is
very labor-intensive. Given our custom dataset,
comparability with other BabyLM architectures
may be limited; while our approach did not work
with the provided dataset, other leaderboard entries
may perform better using our own dataset.
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A Experiment Results

Name BLiMP Supplement Entity Tracking EWoK Avg.

k_1_moe_full-base 66.14 55.60 20.95 51.27 48.49
k_1_moe_full-expert 61.49 51.60 18.96 48.59 45.16

k_1_moe_two_alternating-base 66.63 56.40 15.03 50.09 47.04
k_1_moe_two_alternating-expert 63.69 51.20 14.27 51.23 45.10

k_2_moe_full-base 66.25 56.00 20.57 51.41 48.56
k_2_moe_full-expert 62.67 50.80 20.07 51.41 46.24

k_2_moe_two_alternating-base 65.98 57.60 26.14 50.09 49.95
k_2_moe_two_alternating-expert 64.20 57.20 14.73 51.05 46.80

p_0.4_moe_full-base 66.18 55.20 20.93 51.32 48.41
p_0.4_moe_full-expert 62.40 52.40 20.22 48.86 45.97

p_0.4_moe_two_alternating-base 65.86 60.00 17.83 50.09 48.45
p_0.4_moe_two_alternating-expert 64.01 50.40 20.89 51.50 46.70

Table 5: Freezing Non-MoE (Phase 2) + Shift 30% to Basic Dataset + 12k Vocabulary. Best scores per task in bold.

Name BLiMP Supplement ET EWoK Avg.

p_0.7_all_moe-base 62.04 60.00 14.63 48.68 46.34
p_0.7_all_moe-expert 65.07 53.20 15.70 50.14 46.03

p_0.7_two_moe_alternating-base 61.43 62.40 38.37 48.82 52.76
p_0.7_two_moe_alternating-expert 65.76 56.00 17.93 50.09 47.45

p_0.7_two_moe_top-base 61.78 62.40 24.69 50.95 49.96
p_0.7_two_moe_top-expert 65.00 54.40 13.67 50.23 45.83

Table 6: MoE All vs. Alternating vs. Top. Best scores per task in bold.

Name BLiMP Supplement ET EWoK Avg.

p_0.7_no_teacher_with_aux-base 61.76 60.80 13.89 48.45 46.23
p_0.7_no_teacher_with_aux-expert 67.30 55.60 16.60 51.23 47.68

p_0.7_no_teacher_no_aux-base 61.02 60.80 15.98 50.55 47.09
p_0.7_no_teacher_no_aux-expert 66.07 52.80 14.35 50.73 45.99

k1_no_teacher_no_aux-base 62.23 60.40 24.66 49.64 49.23
k1_no_teacher_no_aux-expert 63.26 54.40 13.41 50.64 45.43

Table 7: Deactivated Router Teacher Forcing with Auxiliary Loss vs. without Auxiliary Loss vs. top-k without
auxiliary loss. Best scores per task in bold, best after expert phase in italics.

Name BLiMP Supplement ET EWoK Avg.

p_0.7_fixed_all_moe-base 62.15 61.60 13.48 50.32 46.89
p_0.7_fixed_all_moe-expert 66.03 51.60 25.23 51.23 48.52

p_0.7_grad_all_moe-base 62.04 60.00 14.63 48.68 46.34
p_0.7_grad_all_moe-expert 65.07 53.20 15.70 50.14 46.03

p_0.7_loss_all_moe-base 62.48 62.40 14.96 50.05 47.47
p_0.7_loss_all_moe-expert 65.63 55.60 19.09 51.77 48.02

Table 8: Expert Assignment Fixed vs. Gradient based vs. Loss based. Best scores per task in bold.



Name BLiMP Supplement ET EWoK Avg.

default_size_default_context_5k_vocab-base 61.43 59.20 34.02 50.00 51.16
default_size_default_context_5k_vocab-expert 66.51 55.20 13.99 49.91 46.40

double_size_256_context_12kvocab-base 59.26 60.00 35.26 50.36 51.22
double_size_256_context_12kvocab-expert 66.33 53.20 13.62 51.18 46.08

double_size_256_context_5kvocab-base 60.37 61.20 21.40 49.45 48.11
double_size_256_context_5kvocab-expert 65.89 57.20 14.45 49.36 46.73

double_size_512_context_12kvocab-base 58.21 56.00 37.82 47.18 49.80
double_size_512_context_12kvocab-expert 66.38 55.20 14.85 51.18 46.90

double_size_512_context_5kvocab-base 58.36 58.80 29.12 48.18 48.62
double_size_512_context_5kvocab-expert 64.97 50.80 15.13 49.64 45.14

Table 9: Double Expert Context Window, Double MoE FFN Size, 5k/12k Vocabulary. Best scores per task in bold.

Name BLiMP Supplement ET EWoK Avg.

p_0.7_curric-base 56.29 58.80 42.61 49.09 51.70
p_0.7_curric-expert 65.43 52.00 14.44 49.91 45.45

p_0.7_curric_lix_keep_0_6-base 58.63 62.80 28.96 51.00 50.35
p_0.7_curric_lix_keep_0_6-expert 63.78 55.20 27.02 50.27 49.07

p_0.7_curric_lix_keep_0_8-base 58.87 60.40 38.11 48.82 51.55
p_0.7_curric_lix_keep_0_8-expert 64.87 55.60 29.27 52.09 50.46

p_0.7_curric_lix_keep_0_9-base 58.39 61.20 13.60 49.55 45.69
p_0.7_curric_lix_keep_0_9-expert 65.35 51.60 13.78 52.27 45.75

Table 10: Curriculum Learning via Lix Score Keeping All Expert Phase Data vs. Retaining Bottom 60/80/90% of
Lix Score. Best scores per task in bold.



B Fill Dataset Prompt

B.1 Prompt Base
Your task is to help expand a dataset for language model training by generating
synthetic variations of input texts.
Given an English input example, generate a completely new example in English that
mimics the structural complexity, length, and format (e.g., sentence, paragraph,
or dialogue) of the input.

{topic_instruction}

Focus on creating a meaningful variation. Avoid simply rephrasing the input.
The language level and vocabulary MUST be at most CEFR A2. Use natural, simple,
everyday language suitable for a 5-year-old child.

The new example should have at least 4 words and at most 100 words.
Avoid referring to colors.

DO NOT use titles and keep the text free of any markdown or similar formatting.
Output ONLY the new example text, without any additional introductory or concluding
remarks, commentary or explanations.

B.2 Prompt - Topic Instruction
B.2.1 Static - 30%
Change the topic, entities, and subject matter to create a distinct example.
Entities in the new example can also remain the same as in the input if they
are common and generic words a 5-year-old would know (e.g., "dog", "cat",
"car"), but try to use different ones when possible.

B.2.2 Dynamic - 70%
Change the topic, entities, and subject matter to create a distinct example.
If possible, make the new example involve the word "{topic_word}" to encourage
topic diversity. However, if "{topic_word}" does not fit naturally, you can use it
as a general theme, or choose a different common word that a 5-year-old would know.



C Dataset Composition

Parent Name & Source Content Target Dataset Basic / Expert Words License

FinWeb-Edu 100M
(Sharma, 2025) a sample

of FineWeb-Edu
(Lozhkov et al., 2024)

Educational Expert 0 / 2925611 odc-by

Daily Dialog (Li et al.,
2017)

Daily Dialogs Base 920394 / 0 cc-by-nc-sa-4.0

OpenAI GSM8K (Cobbe
et al., 2021)

Mathematics Expert 0 / 475550 mit

Facebook Empathetic
Dialogues (Rashkin et al.,

2019); Empathetic
Dialogues GitHub

Emotions / Empathy Expert 0 / 576485 cc-by-nc-4.0

SimpleStories (Finke
et al., 2025)

Synthetic / Story Expert 0 / 1100650 mit

BabyLM Strict-Small
Simple Wiki (Choshen

et al., 2026)
Wiki Expert 0 / 1020687 mit

BabyLM Strict-Small
Gutenberg (Choshen et al.,

2026)
Multi-Domain Expert 0 / 1622367 mit

WikiHow Cleaned
(Koupaee and Wang,

2018)
How-to descriptions Expert 0 / 540500 cc-by-nc-sa-3.0

Everyday Language
Corpus (MultivexAI,

2026)
Everyday Language Base 79200 / 0 cc-by-4.0

U
ni

ve
rs

al
C

E
FR

(I
m

pe
ri

al
et

al
.,

20
25

)

CEFR_SP_EN (Arase
et al., 2022)

News / Wiki / Educational Base(A-B1+) / Expert(>B1+) 55379 / 92506 cc-by-nc-sa-4.0

README_EN (Naous
et al., 2024)

Multi-Domain Base(A-B1+) / Expert(>B1+) 20105 / 35954 cc-by-nc-sa-4.0

CEFR_ASAG_EN (Tack
et al., 2017)

Question-answers Base(A-B1+) / Expert(>B1+) 12596 / 7943 cc-by-nc-sa-4.0

ICLE500_EN (Thwaites
et al., 2025; Granger et al.,

2020)
Learner-essay Base(A-B1+) / Expert(>B1+) 4791 / 7927 cc-by-nc-4.0

ELG_CEFR_EN
(Breuker, 2023)

News / Magazines /

Educational / Government
Base(A-B1+) / Expert(>B1+) 90113 / 38023 cc-by-nc-4.0

CAMBRIDGE_EXAMS_EN
(Xia et al., 2016)

Cambridge English Exams Base(A-B1+) / Expert(>B1+) 24105 / 2507 cc-by-nc-sa-4.0

Table 11: Dataset Sources

https://huggingface.co/datasets/codelion/fineweb-edu-100M
https://huggingface.co/datasets/HuggingFaceFW/fineweb-edu
https://huggingface.co/datasets/OpenRL/daily_dialog
https://huggingface.co/datasets/openai/gsm8k
https://dl.fbaipublicfiles.com/parlai/empatheticdialogues/empatheticdialogues.tar.gz
https://dl.fbaipublicfiles.com/parlai/empatheticdialogues/empatheticdialogues.tar.gz
https://github.com/facebookresearch/EmpatheticDialogues
https://github.com/facebookresearch/EmpatheticDialogues
https://huggingface.co/datasets/SimpleStories/SimpleStories
https://huggingface.co/datasets/BabyLM-community/BabyLM-2026-Strict-Small/raw/main/simple_wiki.train.txt
https://huggingface.co/datasets/BabyLM-community/BabyLM-2026-Strict-Small/raw/main/simple_wiki.train.txt
https://huggingface.co/datasets/BabyLM-community/BabyLM-2026-Strict-Small/resolve/main/gutenberg.train.txt
https://huggingface.co/datasets/BabyLM-community/BabyLM-2026-Strict-Small/resolve/main/gutenberg.train.txt
https://huggingface.co/datasets/gursi26/wikihow-cleaned
https://huggingface.co/datasets/MultivexAI/Everyday-Language-Corpus-deduped
https://huggingface.co/datasets/MultivexAI/Everyday-Language-Corpus-deduped
https://huggingface.co/datasets/UniversalCEFR/cefr_sp_en
https://huggingface.co/datasets/UniversalCEFR/readme_en
https://huggingface.co/datasets/UniversalCEFR/cefr_asag_en
https://huggingface.co/datasets/UniversalCEFR/icle500_en
https://huggingface.co/datasets/UniversalCEFR/elg_cefr_en
https://huggingface.co/datasets/UniversalCEFR/cambridge_exams_en


D Hyperparameters

Hyperparameter Value

Model Architecture
Block Size 256
Max position embeddings 256
Expert Intermediate Size 512
Attention Heads 4
Key-Value Heads 4
Number of Hidden Layers 4
Hidden Activation SiLU
MLP Bias False
RoPE Theta 500,000.0
Attention Dropout 0.1

Mixture-of-Experts (MoE) & Router
Number of Experts 11
Shared Expert Intermediate Size 512
Shared Expert Gate Init Std 0.02
Router Initialization Std 0.02
Router Aux Loss Coefficient 0.01
Router Loss Type KL Divergence

Training & Optimization
Learning Rate (Phase 1 & Phase 2) 12× 10−4

LR Scheduler Type (Phase 1 & Phase 2) Cosine
Optimizer PyTorch’s AdamW
Warmup Steps (Phase 1 / Phase 2) 25 / 100
Per-Device Train / Eval Batch Size 64 / 32
Gradient Accumulation Steps 1
Number of Training Epochs 10
Weight Decay 0.1
Max Gradient Norm 1.0
FP16 / BF16 False / False
Tokenizer Algorithm BPE
Tokenizer Min Frequency 2
Random Seed 42

Table 12: Hyperparameters kept consistent across all experiments.
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