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Abstract

We present MoEP+, an enhanced version of
the Modular Expert Paths (MoEP) decoder.
MoEP+ retains MoEP’s top-k routing over par-
allel expert paths, simplifies its dimensional
mapping layers, and modernizes the backbone
with RoPE, RMS normalization, and SwiGLU.
It also introduces a projection-specialized rout-
ing scheme in which different experts apply
nonlinear residual transformations to distinct
attention projections. We evaluate MoEP+ on
the BabyLLM 2026 strict-small track, which is
limited to 10 million words, and present it as
a combined architectural recipe rather than at-
tributing the observed gains to any single com-
ponent.

Under a matched training budget, MoEP+ out-
performs the unmodified MoEP baseline on all
eight zero-shot benchmarks. On five of these
benchmarks, the advantage persists even when
the baseline is trained for five times as many
epochs. Most notably, MoEP+ is substantially
more data-efficient: after only two epochs, it
surpasses the unmodified MoEP’s ten-epoch
BLiMP score. Despite its smaller size, it also
remains competitive with the official BabyLM
2026 baselines, with its advantages concen-
trated in the reading-based measures.

1 Introduction

Transformer-based large language models (LLMs),
building on the architecture introduced by Vaswani
et al. (2017); Radford et al. (2018), require large
amounts of training data to approximate language
distributions, resulting in substantial computational
costs. Sparse Mixture-of-Experts (MoE) architec-
tures, first introduced by Shazeer et al. (2017), can
reduce these costs by decomposing a large net-
work into parallel subnetworks that are activated
sparsely. Modular Expert Paths (MoEP), intro-
duced by Tapaninaho (2025) as a decoder-only
model for the 2025 BabyLLM Challenge, is a re-
cent instance of this approach. In this work, we

adopt the MoEP implementation as our starting
point and investigate how it can be improved.

We revisit MOEP with two observations in mind.
First, its backbone uses earlier Transformer com-
ponents, including learned positional embeddings,
LayerNorm, standard MLP feed-forward blocks,
and linear query, key, and value projections. Since
then, RoPE (Su et al., 2024), RMSNorm (Zhang
and Sennrich, 2019), and SwiGLU feed-forward
blocks (Shazeer, 2020) have become common in
modern decoder architectures. In parallel, Kar-
bevski (2026) and Karbevski and Mijoski (2025)
showed that replacing the linear query projection
with a nonlinear residual function,

Q) = X+
can outperform a linear baseline with more nonem-
bedding parameters. Second, MoEP does not ex-
plicitly encourage its parallel experts to assume
distinct functional roles.

We address both observations by introducing
MOoEP+ ! an enhanced version of MoEP that

1. Simplifies the dimensional mapping layers,

2. Modernizes the backbone with RoPE, RM-
SNorm, and SwiGLU (see Table 1), and

3. Introduces projection-specialized experts.

Different routed paths apply nonlinear residual
transformations to different attention projections:
some specialize in queries, whereas others special-
ize in keys or values, as illustrated in Figure 1. Un-
der top-k routing, the model can therefore combine,
for example, the output of a nonlinear-query expert
with that of a nonlinear-key expert without intro-
ducing symmetric residual transformations within

'The source code and instructions for obtaining and pre-

processing the training data are available at https://github.
com/vame-1th/MoEPPlus/tree/main.
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the same attention head. This design avoids the
unweighted, parameter-free X X | term that Kar-
bevski (2026) seeks to prevent by restricting non-
linearity to the query projection alone. This term
would otherwise bias the attention matrix toward
self-similarity.

Crucially, we introduce these modifications as
a unified architectural package and evaluate the
resulting model as a whole. Because several com-
ponents are modified simultaneously, we do not
claim that any single component is responsible for
the observed gains; isolating their individual con-
tributions is left to future work. Our results on the
BabyLM strict-small track show that the combined
design consistently outperforms the unmodified
baseline and is substantially more data-efficient:
MOoEP+ matches or exceeds the baseline’s best
BLiMP score after only a fraction of the training.

2 Related Work

2.1 Modern Decoder Components

Several components used in recent decoder-only
language models differ from the original Trans-
former formulation (Vaswani et al., 2017). Rotary
Position Embeddings (RoPE) replace learned abso-
lute positional embeddings with a relative position
mechanism applied directly to the query and key
representations (Su et al., 2024). RMSNorm simpli-
fies LayerNorm by normalizing only with the root
mean square of the activations, reducing normal-
ization overhead while preserving training stability
(Zhang and Sennrich, 2019). Gated feed-forward
networks such as SwiGLU extend the standard
Transformer MLP by introducing a multiplicative
gating mechanism, which has been shown to im-
prove Transformer performance (Shazeer, 2020).

MOoEP+ incorporates these components as part of
a single architectural update to the original MoEP
backbone. We therefore do not evaluate RoPE,
RMSNorm, or SwiGLU as isolated modifications.
Instead, they are treated as part of the complete
MOoEP+ configuration, together with projection-
specialized routing and nonlinear attention projec-
tions.

2.2 BabyLM and Small-Scale Language
Models

The BabyLM challenge is a shared-task, focused on
small language models, providing several tracks:
The small-track with a 100M word budget, and
the strict-small track with a 10M word budget,
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Figure 1: Overall architecture of MoEP+. The model
follows a decoder-only Transformer structure with an
embedding layer, an initial global Transformer block, a
routed parallel layer, a final global Transformer block,
and an output layer. The global blocks operate at the full
model dimension dy,o4e1 = 384, while the routed paral-
lel layer operates at the reduced parallel dimension 192.
The first global block applies nonlinearity to the query
projection, the final global block applies nonlinearity
to the key projection, and the parallel blocks alternate
between query-, key-, and value-specialized nonlinear
configurations.

among others. Findings from the BabyLM chal-
lenge (Warstadt et al., 2023; Choshen et al., 2026)
have demonstrated that, when subject to the men-
tioned word-budget constraints, architectural inno-
vations can potentially improve performance.

2.3 Modular Expert Paths (MoEP)

The Modular Expert Paths (MoEP) architecture,
introduced by Tapaninaho (2025), is a novel lan-
guage model presented in the third iteration of the
BabyLLM Challenge and an extension of the Pa-
paformer architecture proposed by Tapaninaho and
Oussala (2025). Operating within the mixture-of-
experts (MoE) paradigm, MoEP employs top-k
routing across parallel computational paths.
While MoEP provides the foundation for our
architecture, we introduce several modifications.
First, we simplify the dimensional mapping lay-
ers. Whereas the original MoEP employs multiple
routed linear layers to reduce and restore the dimen-
sionality of representations entering and exiting
the parallel blocks, our architecture uses a single
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linear projection for each of the down- and up-
projections. Furthermore, we introduce nonlinear-
ity into the queries, keys, and values attention pro-
jections, SwiGLU feed-forward, RMSNorm and
incorporate rotary position embeddings (RoPE) (Su
etal., 2024).

2.4 Beyond Linearity

Our exploration of nonlinear attention pathways
is motivated by Karbevski (2026), who propose
replacing the redundant linear query projection ma-
trix W¢ with a nonlinear residual function of the
form X 4 fo(X)

+ Jo
QUY) = =,
where fy is a bottleneck MLP with d? +O(d) learn-
able parameters, implemented as

fo(X) = LN(GELU(LN(X)W;) Wa)

with W € R¥>*", W, € R™9, and r = d/2, and
where GELU is implemented using the standard
hyperbolic tangent approximation,

GELU(z) ~ ;(1+tanh[\/z (2+0.0447152%)]).

This gives 2dr = d? matrix parameters, while the
normalization layers add O(d) additional param-
eters. Their experiments on GPT-3—small-style
models showed that this nonlinear query projec-
tion outperforms a baseline that uses 12.5% more
non-embedding parameters. However, to the best
of our knowledge, the interaction between such
nonlinear projections and MoE models, such as
MOoEP, has not previously been investigated.

Furthermore, Karbevski (2026) restricts nonlin-
earity exclusively to the query projection. The
author argues that applying the same residual struc-
ture symmetrically to the key projection would in-
troduce an unweighted, parameter-free X X ' term,
thereby biasing the attention matrix toward self-
similarity.

Rather than adopting this restriction, MoEP+ dis-
tributes nonlinearity across projection-specialized
experts, as illustrated in Figures 2 and 1. By assign-
ing query, key, and value nonlinearities to different
routed blocks, the model gains access to nonlin-
ear key and value processing without introducing
the symmetric X X " term within a single attention
computation.

Note that our implementation of fy differs in that
we use LayerNorm in place of the inner RMSNorm
and the tanh approximation of GELU.

parallel layer

Layer Block Layer Block Layer Block Layer Block

Non-linear Q Non-linear K Non-linear V Non-linear K
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Figure 2: Top-k routing in the MoEP+ parallel layer.
With & = 2, the router selects two projection-
specialized expert blocks per token and combines their
outputs using learned routing weights. This allows dif-
ferent nonlinear projection roles, such as query and key
or query and value, to be combined without placing all
nonlinear projections in the same attention block.

3 Methodology

The projection-specialized routing illustrated in
Figures 2 and 1 distributes nonlinearity across the
attention projections by assigning distinct projec-
tion roles to different blocks. Rather than applying
the same nonlinear residual structure to queries,
keys, and values within a single attention block,
MoEP+ allows different routed components to spe-
cialize in different projections. The first large
global layer block, see Figure 3, uses a nonlin-
ear query projection while keeping keys and values
linear. The final large global layer block uses a
nonlinear key projection, while keeping queries
and values linear. Inside the intermediate Parallel-
Layer, see Figure 1, the parallel blocks cyclically
alternate between query, key, and value nonlinear
configurations:

For a selected projection P € {Q, K,V}, the
nonlinear residual projection is defined as:

Pnonlin(X) = % (X + fH(X)>7 (1)

while the remaining projections are kept linear. For
example, in a key-specialized block,

K(X) =3 (X+H(X), @

with

QX)=XWq,  V(X)=XWy. 3)
Top-k sparse routing has previously been used
to distribute tokens across a limited subset of ex-
perts while maintaining conditional computation
(Shazeer et al., 2017; Lepikhin et al., 2021).
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Figure 3: Projection-specialized attention block used
in MoEP+. Each block keeps the standard query, key,
and value structure, but applies the nonlinear residual
projection to only one selected projection path. The
shown example applies the nonlinear transformation
to the query projection, while keys and values remain
linear. Other blocks use the same structure but specialize
the nonlinear projection to keys or values instead.

Our intuition is that top-k routing with k = 2
can combine outputs from experts with different
projection specializations. One selected expert may
contribute a nonlinear query representation, while
another selected expert may contribute a nonlinear
key or value representation; see Figure 2. Since the
routed expert outputs are weighted and combined,
the model can learn to use different nonlinear at-
tention features without forcing both query and key
to use the same residual structure inside a single
attention computation. This gives the model access
to nonlinear query and key processing while avoid-
ing a direct symmetric residual construction that
would explicitly introduce the problematic X X T
term.

4 Training and Experimental Setup

4.1 Data

Our models are trained on the BabyLM 2026 Strict-
small (10M-word) track corpus (Choshen et al.,
2026). The corpus contains roughly 10M words
drawn from six developmentally plausible, pre-
dominantly transcribed-speech sources: CHILDES
(child-directed speech), the spoken portion of
the British National Corpus (BNC), Switchboard,
OpenSubtitles, Simple English Wikipedia, and
Project Gutenberg. No additional data is used for

training, and the same corpus is used for MoEP+
and Unmodified MoEP from Tapaninaho (2025).

4.2 Tokenization

We use the original MoEP article’s single shared
subword tokenizer for all experiments: a GPT-2
style byte-pair encoding (BPE) tokenizer (Sennrich
et al., 2016) with a vocabulary of 16,384 tokens,
trained at the 16K level on the 2025 BabyLM Strict-
small track corpus. Sequences are packed to a fixed
length of 512 tokens.

4.3 Training

Each variant (MoEP and MoEP+) is trained with
the configuration in Table 3. We use the AdamW
optimizer (Loshchilov and Hutter, 2019) with a
peak learning rate of 3 x 10~ and a cosine sched-
ule with linear warmup over 800 steps. MoEP
and MoEP+ are trained for 10 and 2 epochs over
the 10M-word corpus. For the MoEP+ model, we
stopped training after two epochs, as the model
started to overfit. Training is performed in full 32-
bit precision on a single Radeon RX 7900 XTX
(24 GB) GPU and takes approximately 1.5 hours
per model for 10 epochs. Tables 2 and 3 show
additional hyperparameters.

To enable analysis of how performance evolves
over the course of training, we save checkpoints at
fixed word-count budgets following the BabyLM
thresholds: every 1M words up to 10M, and then
every 10M words up to 100M. Each configuration
is trained for three independent runs, differing in
their random initialization. The values reported
in Tables 4, 5, and 6 are averages over the three
runs for both MoEP+ and the unmodified MoEP
baseline.

5 Results

The evaluation pipeline follows the BabyLM Chal-
lenge 2026 setup and includes both zero-shot and
fine-tuned evaluations. Our models were evaluated
on the following benchmarks: BLiMP (Warstadt
et al., 2020), BLiMP Supplement, COMPS (Misra
et al., 2023), Entity Tracking (Kim and Schuster,
2023), EWoK (Ivanova et al., 2025), Reading Eye
Tracking, Reading Self-Paced, and Reading Over-
all. For fine-tuning, we evaluate on tasks drawn
from GLUE (Wang et al., 2019b) and SuperGLUE
(Wang et al., 2019a), including BoolQ, MNLI,
MRPC, MultiRC, QQP, RTE, and WSC.
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Variant Pos. emb. Norm FFN Params
Unmodified (baseline) Learned LN MLP (multiplier 4) 28.4M
MOoEP+ RoPE RMS  SwiGLU (multiplier 8/3) 28M

Table 1: The baseline (Unmodified MoEP) uses learned positional embeddings, LayerNorm (LN), a standard MLP
feed-forward block, and linear @/ K/V projections. Our model replaces these with rotary positional embeddings
(RoPE), RMSNorm, and a SwiGLU feed-forward block, and additionally alters the query, key, and value projections.

Hyperparameter Value
Vocabulary size 16,384
Model dimension dmodel 384
Parallel dimension 192
Layers 12
Attention heads 6
Head dimension 64
Parallel heads 3
Parallel blocks 4
Number of experts 4
Top-k routing 2
Max sequence length 512
Dropout (embd/resid/attn) 0.1

Table 2: Shared architectural hyperparameters used for
MOoEP+ and the unmodified MoEP baseline. These
settings define the model size, attention configuration,
routing setup, context length, and regularization param-
eters used in the matched-budget experiments.

5.1 Evaluation Protocol

We report results under two comparison settings.
First, we compare MoEP+ and the unmodified
MOoEP baseline under a matched training budget,
where both models are evaluated after two epochs
over the 10M-word strict-small corpus, correspond-
ing to 20M words seen during training. This com-
parison isolates the performance of the two archi-
tectures under the same amount of training data.

Second, we compare MoEP+ after two epochs
with longer-trained checkpoints of the unmodified
MOoEP baseline. In this setting, the baseline is eval-
uated after two, three, six, and ten epochs, corre-
sponding to 20M, 30M, 60M, and 100M words
seen during training. This comparison is intended
to measure data efficiency: if MoEP+ after two
epochs matches or exceeds the unmodified base-
line after more training, this suggests that the com-
bined architectural modifications allow the model
to reach similar performance with fewer training
updates.

All reported MoEP+ and unmodified MoEP val-
ues are averages over three independent runs. The
unmodified MoEP results reported in this paper
are obtained from our own retraining and evalua-
tion setup, using the same data, tokenizer, train-

Hyperparameter Value
Optimizer AdamW
Learning rate 3x 1074
Adam f3 (0.9, 0.999)
Adam ¢ 1x1076
Weight decay 0.1
Batch size 16
Gradient accumulation steps 1
Training epochs MoEP: 10, MoEP+: 2
LR scheduler Cosine
Warmup steps 800
Sequence length 512
Precision FP32
GPU RX 7900 XTX
VRAM 24 GB
Runs per configuration 3

Table 3: Training setup and optimization parameters
used for MoEP+ and the unmodified MoEP baseline.
The configuration includes the optimizer, learning rate,
and others.

ing schedule, and evaluation pipeline as MoEP+.
Therefore, these values may differ from the official
MOoEP scores reported on the BabyLM 2025 leader-
board (BabyLM-community, 2025). We use our
retrained unmodified MoEP model as the primary
baseline because it provides a controlled compari-
son under matched experimental conditions.

For the BabyLLM baseline comparisons, we use
the scores reported for the BabyLM Baseline
(Interaction) and BabyLM Baseline GPT-2
models on the BabyLM 2026 leaderboard as exter-
nal reference points (BabyLM Community, 2026).
These leaderboard scores are not obtained from re-
training by us and are therefore used only to contex-
tualize the performance of MoEP+ relative to the
official BabyLM 2026 baselines. In contrast, com-
parisons between MoEP+ and unmodified MoEP
are based on our own three-run averages.

5.2 MOoEP+ vs. MoEP

As shown in Table 4, we compare MoEP+ with
the baseline MoEP model, referred to here as un-
modified MoEP. When both models are trained for
two epochs (20M words), MoEP+ outperforms un-
modified MoEP on all eight zero-shot benchmarks,
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including BLiMP and BLiMP Supplement. The
advantage largely persists when comparing MoEP+
with unmodified MoEP trained for longer. MoEP+
outperforms the three-epoch baseline (30M words)
on seven of eight benchmarks, and it outperforms
both the six-epoch (60M words) and ten-epoch
(100M words) baselines on five of eight bench-
marks. At 60M words, the unmodified baseline
exceeds MoEP+ only on COMPS (by 0.27), En-
tity Tracking (by 0.56), and EWoK (by 0.02). At
100M words, it exceeds MoEP+ on the same three
benchmarks, by 0.45, 1.42, and 0.46, respectively.

For the fine-tuning evaluation, both models were
fine-tuned from their two-epoch checkpoints. As
shown in Table 5, the two models achieve largely
comparable results, although our model obtains an
average improvement of 0.29 points.

Table 6 compares MoEP+ with two official
BabyLLM 2026 baselines trained on the same 10M-
word strict-small corpus. We focus primarily on
the GPT-2 baseline, which obtains the higher fine-
tuned macro average of the two baselines. MoEP+
obtains higher scores than this baseline on BLiIMP
Supplement (+1.18) and all three reading-based
measures: Reading Overall (+1.65), Eye Tracking
(40.54), and Self-Paced (+2.75). On the remain-
ing benchmarks, MoEP+ matches the GPT-2 base-
line on EW0oK (50.63), remains within one point on
Entity Tracking (—0.32) and COMPS (—0.19), and
trails it by 2.23 points on BLiMP (63.00 vs. 65.23).
On the fine-tuning tasks, MoEP+ achieves a macro
average of 63.60, which is 0.21 points lower than
the GPT-2 baseline’s score of 63.81.

Relative to the Interaction baseline, MoEP+
obtains higher scores on five of the eight zero-
shot benchmarks, including BLiMP Supplement,
COMPS, and all three reading-based measures.
The two models also achieve nearly identical fine-
tuned macro averages (63.60 vs. 63.62). Differ-
ences below roughly one point should be inter-
preted with caution, as we do not report variance
estimates for the leaderboard baselines. This ap-
plies particularly to the EWoK, Entity Tracking,
and COMPS margins against the GPT-2 baseline,
as well as the BLiMP margin against the Interaction
baseline (63.00 vs. 63.07).

Note: The MoEP+ scores reported on the
BabyLM 2026 leaderboard may differ from those
presented in our tables because the leaderboard re-
ports the best-performing run, whereas the values
in our tables are averaged over three independent
runs.

6 Discussion

6.1 Data Efficiency

The clearest and most robust finding is improved
data efficiency. After only two epochs, it already
exceeds the BLiMP score of the unmodified base-
line after 6 epochs, (63.00 vs. 62.12). Thus, MoEP+
achieves a higher BLIMP score using one-third of
the training steps. Nevertheless, this faster conver-
gence does not generalize uniformly across tasks:
although MoEP+ leads on the reading measures
early in training, reading performance declines dur-
ing extended training, whereas the BLiMP advan-
tage persists. Faster convergence should therefore
be interpreted as a BLiMP-specific result rather
than a general property across all benchmarks.

6.2 Comparison with the BabyLM 2026
Baselines

Despite using substantially fewer parameters (28M
vs. 98.4M), MoEP+ matches or outperforms the
official BabyLM 2026 GPT-2 baseline on five of
the eight reported zero-shot benchmarks, as shown
in Table 6. MoEP+ outperforms the baseline on
BLiMP Supplement and all three reading-based
benchmarks, while matching it on EWoK. The
largest advantages are observed on Reading Self-
Paced and Reading Overall, with gains of 2.75 and
1.65 points, respectively.

On the remaining zero-shot benchmarks, MoEP+
trails the baseline by 0.19 points on COMPS,
0.32 points on Entity Tracking, and 2.23 points
on BLiMP. On the fine-tuning tasks, the models
achieve similar macro averages (63.60 vs. 63.81).
MOoEP+ scores higher on MRPC, QQP, and RTE,
matches the baseline on WSC, and scores lower
on BoolQ, MNLI, and MultiRC. These results sug-
gest that the strengths of MoEP+ are concentrated
in reading-based zero-shot measures, whereas its
weaknesses are more visible on grammatical ac-
ceptability.

The comparison with the Interaction baseline
follows a similar pattern, which suggests that this
profile reflects a property of MoEP+ rather than
a peculiarity of one particular baseline. A fuller
investigation of this pattern is left for future work.

6.3 Projection-specialized Routing

Our architecture is motivated by the intuition that
top-k routing can combine experts with differ-
ent nonlinear projection specializations, such as
query-, key-, and value-specialized blocks. How-
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Average metric MoEP+ @ZOMHMOEP @20M A 20M | MoEP @30M A 30M|MoEP @60M A 60M|MoEP @100M A 100M

BLiMP Average 63.00 59.14  +3.86 60.40  +2.60 62.12  +0.88 62.04  +0.96
BLiMP Supplement Average 58.43 5594  +2.49 56.49 +1.94 57.86 +0.57 58.07  +0.36
COMPS Average 51.62 51.02  +0.60 51.16  +0.46 51.89 -0.27 52.07 -0.45
Entity Tracking Average 18.78 17.74  +1.04 18.80 -0.02 19.33  -0.56 20.20 -1.42
EWoK Average 50.63 49.15 +1.48 49.81  +0.82 50.65 -0.02 51.09 -0.46
Reading Eye Tracking Average 10.17 9.50  +0.67 9.74 +0.43 9.58  +0.59 938  +0.79
Reading Self-Paced Average 4.39 4.05 +0.34 4.14  +0.25 3.84 +0.55 3.66 +0.73
Reading Overall Average 7.28 6.77 +0.51 6.94 +0.34 6.71 +0.57 6.52  +0.76
Wins -] 8/8 | /8 | 5/8 | 5/8

Table 4: Zero-shot comparison between MoEP+ and the unmodified MoEP baseline. MoEP+ is evaluated at a single
training point (20M words, i.e., two epochs), while the baseline is evaluated at four checkpoints (20M, 30M, 60M,
and 100M words) to measure data efficiency. Bold A values indicate that MoEP+ outperforms the corresponding
baseline checkpoint. All scores are averages over three independent runs.

‘ Zero-shot Tasks ‘ Fine-tuned Tasks ‘ Macro
Model

‘BLiMP Supp. EWoK Entity COMPS Reading Eye Track. Self-Paced AoA‘BoolQ MNLI MRPC MultiRC QQP RTE WSC‘ Avg
MOoEP Unmodified | 59.14 5594 49.15 17.74 51.02 6.77 9.50 4.05 0 | 6567 47.72 8297 60.16 62.14 60.43 64.10 zg;?
MoEP+ 63.00 58.43 50.63 18.78 51.62 7.28 10.17 4.39 0 |65.71 48.82 8228 6495 61.93 58.03 63.46 zgzg

Table 5: Comparison between MoEP+ and the unmodified MoEP baseline on zero-shot and fine-tuned tasks under
a matched training budget. Both models are evaluated after two epochs over the 10M-word strict-small corpus,
corresponding to 20M words seen during training. In the Macro Avg column, the upper value is the zero-shot
average and the lower value is the fine-tuning average. Reported values are averages over three independent runs.

ever, we do not directly verify this behavior in the
present work. In particular, we do not analyze
whether the router consistently selects complemen-
tary projection-specialized experts, or whether spe-
cific combinations such as nonlinear queries with
nonlinear keys or values emerge during training. A
more detailed analysis of routing patterns, expert
utilization, and projection-specialization behavior
is therefore left for future work.

6.4 Architectural Takeaways

First, modernizing the MoEP backbone with con-
temporary components such as RoPE, RMSNorm,
and SwiGLU, together with projection-specialized
experts, yields consistent gains over the original
MOoEP, particularly during the early stages of train-
ing. Second, projection specialization provides a
practical approach to nonlinear attention in a routed
model: By assigning query, key, or value nonlinear-
ity to different experts, the model gains access to
nonlinear key and value processing without intro-
ducing the symmetric, parameter-free X X | term
that in part motivated prior work to restrict non-
linearity to the query projection. Third, parallel
models can achieve performance comparable to,
and in some cases better than, the official BabyLM
2026 baselines.

7  Future Work

Several directions remain open for extending this
work:

* Scale the model by testing deeper architec-
tures with more parallel experts. Another di-
rection is to set top-k to three, which could
allow the router to select three nonlinear pro-
jection paths corresponding to queries, keys,
and values.

Test whether the same data-efficiency effect
holds when the model is trained on a larger
dataset, such as the 100M-word setting.

Further analyze the routing mechanism to de-
termine whether the router consistently com-
bines specific nonlinear projection types, such
as keys and values or queries and keys.

Add a skip-connection mechanism in which
less important tokens skip heavy attention
computation, while larger or more important
tokens receive more attention.

Test projection-specialized routing with and
without nonlinear projections in order to de-
termine whether the observed data-efficiency
gains are caused by the nonlinear projections
themselves or by the routing specialization.
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‘ Zero-shot Tasks ‘ Fine-tuned Tasks ‘ Macro

Model

‘BLiMP Supp. EWoK Entity COMPS Reading Eye Track. Self-Paced AoA ‘BoolQ MNLI MRPC MultiRC QQP RTE WSC‘ Avg
29.37

MoEP+ ‘ 63.00 58.43 50.63 18.78 51.62 7.28 10.17 4.39 0 ‘ 65.71 48.82 82.28 6495 61.93 58.03 63.46‘ 63.60
BabyLM Baseline (Interaction) | 63.07 58.13 51.45 19.62 51.29 5.10 8.50 1.69 0 68.01 51.20 81.0 6531 64.31 53.96 61.54 (ijg
BabyLM Baseline GPT-2 6523 5725 50.63 19.1 5181 5.63 9.63 1.64  -12.15]| 67.71 49.84 8137 65.76 61.67 56.83 63.46 27.64

Table 6: Comparison between MoEP+ and BabyLLM baseline models on zero-shot and fine-tuned tasks. MoEP+
is evaluated after two epochs over the 10M-word strict-small corpus, corresponding to 20M words seen during
training. BabyLM baseline scores are taken from the BabyLM 2026 leaderboard and constitute an evaluation after
10 epochs; table names abbreviate the leaderboard entries BabyLM-2026-Baseline-Strict-Small-Interaction,
BabyLM-2026-Baseline-GPT2-Strict-Small. In the Macro Avg column, the upper value is the zero-shot average
and the lower value is the fine-tuning average. Reported MoEP+ values are averages over three independent runs.

8 Conclusion

This paper introduced MoEP+, a decoder-only
Transformer architecture that extends the unmodi-
fied MoEP baseline with a set of architectural modi-
fications: nonlinear attention projections, SwiGLU
activations, RMSNorm, and Rotary Position Em-
beddings (RoPE). The central idea is to combine
token-adaptive parallel routing with projection-
specialized experts, so that different routed compo-
nents can be assigned different query, key, or value
projection roles.

The empirical results show that this combined ar-
chitecture improves data efficiency in the BabyLM
2026 strict-small setting. Under a matched training
budget, MoEP+ outperforms the unmodified MoEP
baseline on all eight zero-shot benchmarks after
two epochs of training. More importantly, MoEP+
surpasses the baseline’s 6-epoch BLiMP score af-
ter only two epochs, showing that the full set of
modifications allows the model to reach stronger
grammatical performance with substantially less
training.

MOoEP+ also performs competitively against the
official BabyLM 2026 baselines, despite using sub-
stantially fewer parameters. Relative to the GPT-2
baseline, it outperforms the baseline on four of
the eight zero-shot benchmarks and matches it on
EWoK. Relative to the Interaction baseline, it ob-
tains higher scores on five of the eight zero-shot
benchmarks. At the same time, MoEP+ does not
uniformly outperform either baseline, and its gains
are concentrated in specific benchmarks rather than
across the full evaluation suite.

Overall, the results suggest that the MoEP+ mod-
ification package is a promising direction for im-
proving sample efficiency in small language mod-
els. However, the present experiments do not iso-
late which individual component is responsible for

the observed improvements. In particular, we can-
not conclude whether the gains are caused by the
nonlinear projections, the routing specialization,
the updated Transformer components, or the inter-
action between them. Future work should therefore
focus on larger-scale experiments, controlled abla-
tion studies, and detailed routing analysis.

Limitations

Unverified expert specialization. The
projection-specialized routing mechanism is
motivated by the assumption that different experts
learn to represent distinct projection nonlinearities
and that the router combines them appropriately.
However, we do not directly verify whether such
specialization emerges. In particular, we report
no routing statistics, expert-utilization metrics, or
analyses of which experts are selected for different
input types.

Limited scale and scope. All experiments are
conducted at a single model scale of approximately
28M parameters, using one training corpus from
the 10M-word strict-small track and a single tok-
enizer. It therefore remains unclear whether the
observed improvements, particularly the gains in
data efficiency, generalize to larger model sizes or
training budgets.
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