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Abstract—Mixture-of-Experts (MoE) models have demon-
strated impressive scaling capabilities for large language models,
yet their efficacy in small-scale, character-level language model-
ing remains unclear. We conduct a systematic study to evaluate
whether sparse expert routing can improve generalization and
efficiency under limited computational budgets. Adapting MoE
to this setting is challenging due to auxiliary load-balancing
losses that can destabilize training, increased parameter counts
that may cause overfitting, and routing overhead that could
negate theoretical gains. To address this, we implement a Switch-
Transformer-style MoE layer with top-1 routing and an auxiliary
load-balancing loss, comparing multiple MoE variants (varying
the number of experts, auxiliary loss coefficient, and expert
dropout) across three character-level datasets (shakespeare char,
enwik8, text8). Our results show that all MoE configurations
increase parameter count and training time, yet yield higher
validation loss and slower inference speed compared to dense
baselines. For instance, on shakespeare char the baseline achieves
a best validation loss of 1.46 bits per character, while the 4-
expert MoE reaches 1.53 bits per character. We also find that
stronger auxiliary loss coefficients (e.g., 0.1 vs 0.01) destabilize
training, and expert dropout fails to improve generalization.
These findings indicate that the overhead of sparse routing
outweighs its potential benefits in small-scale character-level
modeling, providing valuable insights for future work on efficient
expert utilization. The key contributions of this study include:
(1) isolating the sparse routing effect in a character-level, low-
resource regime; (2) providing a mechanistic explanation of
routing failure via gradient conflict, expert specialization entropy,
and computational overhead analysis; (3) establishing clear scale
boundaries that delineate when MoE becomes detrimental versus
beneficial.

Key Words—Character-level language modeling, Mixture-of-
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I. INTRODUCTION

TRANSFORMER architectures [1] have become the de
facto standard for modern language modeling, enabling

breakthroughs in natural language understanding and genera-
tion. Scaling these models to larger parameter counts typically
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yields improved performance, but at immense computational
cost[2, 3]. Mixture-of-Experts (MoE) models address this by
activating only a subset of expert sub-networks per token,
increasing capacity while keeping per-token FLOPs low[4].
While MoE has demonstrated impressive scaling for large
language models, its effectiveness in small-scale, character-
level language modeling remains largely unexplored [5].

Relationship between sparse expert routing and character-
level modeling.The fine-grained nature of character-level to-
kens introduces distinct challenges for sparse routing. Because
each character carries less semantic information than a sub-
word or word token, the router must base its decisions on
weaker contextual signals[6]. Furthermore, the longer se-
quences typical of character-level data increase the frequency
of routing decisions, amplifying any overhead and potentially
magnifying instabilities[7]. Consequently, the benefits of spar-
sity observed in large-scale word-level models—where tokens
are richly informative, and routing is relatively infrequent—
may not translate directly to the character-level regime[8].

Specifically, character-level tokens have a much smaller
vocabulary (typically a few hundred symbols) compared to
subword vocabularies (tens of thousands). This reduces the
entropy of the token distribution, making it harder for the
router to differentiate between tokens and assign them to
specialized experts[9]. Moreover, the contextual information
needed for routing decisions is spread across longer sequences,
demanding a broader receptive field—a requirement that may
conflict with the limited context length used in small-scale
models. The combination of weak semantic signals, high rout-
ing frequency, and low differentiation among tokens creates a
“routing noise” effect, where experts receive noisy gradients
that hinder specialization.

The relationship can be further understood through three
intertwined aspects:

• Token information density: Each character carries mini-
mal semantic content, forcing the router to rely on subtle
contextual patterns that are often ambiguous. This low
signal-to-noise ratio leads to high variance in routing
decisions, preventing stable expert specialization.

• Routing frequency: Character-level sequences are typ-
ically 4–5 times longer than subword sequences for the
same text span[10], resulting in a proportional increase in
routing operations. The cumulative overhead of these fre-
quent decisions can erase any theoretical FLOPs advan-
tage, especially when the expert networks are relatively
shallow.
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• Capacity mismatch: Small-scale models have limited
hidden dimensions (e.g., 384 in our baseline), which
restricts the expressive power of each expert. When
experts are too weak to develop distinct skills, the router
cannot assign tokens meaningfully, and the MoE layer
degenerates into an ensemble of slightly perturbed copies
of a single FFN.

Investigating this relationship is crucial for determining
whether sparse expert routing can be effective in resource-
constrained settings that rely on character-level inputs, and
for identifying the architectural modifications needed to make
it work.

Thus, the interplay between sparse expert routing and
character-level modeling is fundamentally shaped by the low
information density per token, high routing frequency, and
limited expert capacity inherent to small-scale settings. This
interplay underpins our investigation and explains why the
standard MoE approach fails to deliver benefits in this regime.

Character-level modeling presents a unique challenge due to
longer sequences and a fine-grained symbol space, making it a
common testbed for studying efficiency–generalization trade-
offs under constrained compute budgets [11]. Understanding
whether sparse expert routing can improve generalization and
efficiency in this regime is relevant for resource-constrained
applications and for probing the fundamental limits of sparse
architectures.

However, adapting MoE to small-scale character-level trans-
formers is non-trivial. The auxiliary load-balancing loss,
essential for preventing expert collapse, can destabilize
optimization[12]; the increased parameter count may lead
to overfitting [13]; and the routing overhead may outweigh
any theoretical gain from sparsity [14]. Moreover, the typical
assumptions of large-scale MoE (e.g., abundant data, many
experts) do not hold in our setting, making it unclear whether
existing MoE techniques will transfer.

In this work, we conduct a systematic study of sparse
expert routing in character-level transformers. We implement
a Switch-Transformer-style MoE layer with top-1 routing and
an auxiliary load-balancing loss, and evaluate it across three
character-level datasets (shakespeare char, enwik8, text8). Our
experiments compare dense baselines against multiple MoE
variants, varying the number of experts, auxiliary loss strength,
and the use of expert dropout.

The main contributions of this work are as follows.

• Implementation of a sparse MoE layer for a character-
level GPT architecture, supporting top-1 routing and an
auxiliary load-balancing loss, fully integrated into the
training loop.

• Extensive empirical evaluation on three datasets, mea-
suring validation loss (bits per character), training time,
and inference speed for dense baselines and multiple MoE
variants.

• Analysis of key hyper-parameters, showing that in-
creasing the number of experts (from 2 to 4) does not im-
prove generalization, that an overly strong auxiliary loss
coefficient destabilizes training, and that expert dropout
fails to provide regularization benefits.

• Insights into the limitations of sparse expert routing
for small-scale language modeling: although MoE in-
creases capacity, it underperforms dense baselines in both
validation loss and inference speed, indicating that the
overhead of routing and the added optimization difficulty
outweigh the potential advantages at this scale.

We verify our findings through rigorous experimentation,
training all models from scratch with the same optimiza-
tion setup (AdamW [15, 16], cosine learning rate decay,
and gradient clipping) and repeating each run with multiple
random seeds for statistical reliability. Our results show that
all MoE configurations increase parameter count and training
time, yet yield higher validation loss and slower inference
speed compared to dense baselines. For example, on shake-
speare char the baseline achieves a best validation loss of 1.46
bits per character, while the 4-expert MoE reaches 1.53 bits
per character, confirming that the benefits of sparsity observed
in large-scale settings do not transfer directly to small-scale
character-level tasks.

In the remainder of this paper, we review related work
(Section II), provide problem formulation (Section III), detail
our method (Section IV) and experimental setup (Section V),
present results (Section VI), and discuss conclusions (Sec-
tion VIII).

II. RELATED WORK

Our study lies at the intersection of sparse expert routing and
character-level language modeling. We compare and contrast
prior work along three axes: Transformer scaling, Mixture-of-
Experts (MoE) architectures, and character-level modeling.

A. Transformer Scaling

Transformers have been scaled to hundreds of billions
of parameters [17, 18], with efficiency becoming a central
concern. Techniques such as sparse attention [19, 20], low-
precision arithmetic, and model parallelism are designed to
leverage massive computational resources and data. These
methods assume abundant compute and are evaluated in
regimes where even small relative improvements justify high
absolute costs. In contrast, our work operates at a small
scale (a few million parameters) with character-level tokens, a
setting where the overhead of sophisticated scaling techniques
often outweighs their benefits. We deliberately isolate the
efficiency–generalization trade-offs of sparse expert routing
[21], a technique that has been largely unexplored in this
constrained regime.

B. Mixture-of-Experts (MoE)

MoE models increase model capacity while keeping per-
token FLOPs low, enabling trillion-parameter models. Existing
MoE approaches (e.g., Switch-Transformer [22], GShard [23])
rely on massive datasets, many experts, and complex load-
balancing heuristics such as top-2 routing, expert capacity
factors, and auxiliary losses tuned for large-batch training.
These techniques are designed to prevent expert collapse under
high-throughput distributed training, but their assumptions
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break down in low-resource settings. Several recent works
have explored MoE in more moderate scales: Huang[24]
examined MoE for machine translation with up to 16 experts,
while Daxberger[25] studied sparse gating in vision trans-
formers. However, these studies still assume data-rich regimes
and relatively large batch sizes. To our knowledge, no prior
work has systematically evaluated sparse expert routing in the
extreme low-resource scenario of small-scale character-level
modeling, where both dataset size and compute budget are
severely constrained. Our study fills this gap by adapting the
simplest top-1 routing with a basic auxiliary loss, deliberately
forgoing sophisticated mechanisms that are tuned for large-
scale environments. This allows us to probe the fundamental
limits of sparsity in small-scale environments, without the
confounding factors of complex heuristics.

MoE models increase model capacity without proportionally
increasing per-token computational cost [26]. The core idea
is to replace the single FFN in a Transformer block with
multiple expert networks 𝐸1, . . . , 𝐸𝑁 . A trainable router R
assigns each input token to a small subset of experts (usually
one or two); only the selected experts are activated, creating a
sparsely activated system. The most common routing strategy
is top-𝑘 selection [27], where the router outputs a probability
distribution over experts and the 𝑘 experts with the highest
probabilities are chosen. To prevent expert collapse and en-
courage balanced usage, an auxiliary load-balancing loss is
added during training. MoE has been scaled to thousands of
experts in large-scale language models, but its behavior in
small-scale, character-level settings has not been systemati-
cally studied.

C. Character-level Modeling

Character-level language modeling, once challenging for
recurrent neural networks due to long-range dependencies, has
become a practical testbed with Transformers. Recent works
such as nanoGPT [28] use small character-level Transformers
to study architectural variants in a reproducible, compute-
friendly environment. However, these works exclusively ex-
plore dense architectures; sparse expert routing has not been
systematically examined at this scale. Our study builds on
the same experimental framework (datasets, codebase) but
introduces MoE layers to isolate the effect of sparsity. This
allows a direct comparison with dense baselines under iden-
tical conditions—a comparison that is missing from both the
character-level and MoE literatures.

D. Explicit Distinctions and Innovations

This study differs from prior research in three concrete
aspects, each contributing a distinct innovation:

• Extreme low-resource regime: While existing MoE
literature focuses on large-scale (billions of parameters)
or moderate-scale (hundreds of millions of parameters)
settings, we target the extremely low-resource regime
where the model size is below 10M parameters and
the dataset size is under 100M characters. This regime
has never been systematically explored for sparse expert

routing, making our work the first to isolate the effect of
sparsity under severe computational and data constraints.

• Side-by-side comparison under identical compute
budgets: Previous studies often compare MoE against
dense models with different FLOPs or parameter counts,
obscuring the pure impact of sparsity. We conduct a con-
trolled side-by-side comparison where dense and sparse
architectures are trained with exactly the same compute
budget, hyperparameters, and optimization schedule. This
rigorous methodology, previously missing from the lit-
erature, allows us to attribute performance differences
directly to the routing mechanism rather than confounding
factors.

• Mechanistic analysis of routing failure: Prior work
typically reports only end-to-end metrics (e.g., valida-
tion loss, throughput). We go beyond these surface-level
observations by quantifying routing overhead, expert-
specialization entropy, and gradient-conflict magnitude.
These mechanistic insights (Sections VI and VII) explain
why MoE fails in small-scale character-level modeling—
a question that earlier papers left unanswered.

By establishing clear scale boundaries (Section VII) and
performing a comprehensive hyperparameter ablation, we de-
lineate the precise conditions under which MoE starts to
underperform dense baselines. These contributions set our
study apart and provide a solid foundation for future research
on efficient small-scale architectures.

E. Synthesis

Prior research has either focused on scaling MoE to massive
models [29] or on studying dense Transformers at a small scale
[30]. Our contribution bridges this gap: we conduct the first
systematic evaluation of sparse expert routing in character-
level, small-scale Transformers, varying key hyperparameters
(number of experts, auxiliary loss coefficient, expert dropout).
By comparing multiple MoE variants against a strong dense
baseline, we provide insights that are orthogonal to the large-
scale regime and may inform the design of efficient small-scale
models where traditional scaling techniques are not applicable.
Importantly, our study distinguishes itself from prior work
by focusing on the extreme low-resource scenario (both in
terms of data and compute), and by providing a detailed
mechanistic analysis of why MoE fails under these conditions.
This positions our work as a valuable reference for researchers
seeking to adapt sparse architectures to resource-constrained
environments.

III. PROBLEM FORMULATION

The Transformer architecture is the foundation of modern
language models. It consists of a stack of identical layers,
each containing a multi-head self-attention mechanism and
a position-wise feed-forward network (FFN). For an input
sequence of token embeddings X ∈ R𝑇×𝑑 , self-attention
computes

Attention(Q,K,V) = softmax
(
QK⊤
√
𝑑𝑘

)
V, (1)
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where Q,K, and V are linear projections of X. The FFN is
typically a two-layer MLP with a GELU activation, applied
independently to each token. Layer normalization [31] and
residual connections are used throughout to stabilize train-
ing. Transformers are optimized using variants of stochastic
gradient descent, such as AdamW, and have demonstrated
exceptional scalability across a wide range of tasks.

We consider the standard language modeling objective:
given a sequence of characters 𝑥 = (𝑥1, . . . , 𝑥𝑇 ) drawn from
a finite vocabulary V, a model parameterized by 𝜃 learns
to predict the next character conditioned on the preceding
context. The training loss is the average negative log-likelihood

LCE (𝜃) = − 1
𝑇

𝑇∑︁
𝑡=1

log 𝑝𝜃 (𝑥𝑡 | 𝑥<𝑡 ), (2)

where 𝑝𝜃 is the probability distribution over V produced by
the model. For models that employ MoE layers, an auxiliary
load-balancing term Laux is added, weighted by a hyper-
parameter 𝛼:

L(𝜃) = LCE (𝜃) + 𝛼 · Laux (𝜃). (3)

Following the Switch-Transformer design, the auxiliary loss
for a batch is defined as

Laux = 𝑁

𝑁∑︁
𝑖=1

𝑓𝑖 · 𝑃𝑖 , (4)

where 𝑁 is the number of experts, 𝑓𝑖 is the fraction of tokens
assigned to expert 𝑖, and 𝑃𝑖 is the average router probabil-
ity for that expert across the batch. This term encourages
uniform expert usage and mitigates expert collapse. In our
small-scale setting, we adopt a Switch-Transformer-style top-
1 routing strategy, where each token is assigned to exactly
one expert. The specific architectural choices (context length,
hidden dimension, number of layers) are detailed in Section IV
and Section V.

IV. METHOD

Our goal is to evaluate whether sparse expert routing can
improve generalization and efficiency in character-level Trans-
formers under limited computational budgets, as formalized in
Section III. To this end, we implement a sparse Mixture-of-
Experts (MoE) layer following the Switch-Transformer design
and integrate it into a small-scale Transformer architecture
based on nanoGPT. We replace the standard feed-forward
network (FFN) in each Transformer block with a MoE layer
that consists of 𝑁 expert networks and a trainable router that
performs top-1 token-wise routing. This design activates only
a subset of parameters per token, thereby increasing model
capacity while keeping per-token floating-point operations
close to those of a dense baseline.

A. MoE Layer Design

Let 𝑁 be the number of experts per layer. Each expert
𝐸𝑖 (𝑖 = 1, . . . , 𝑁) is a two-layer MLP identical to the baseline
FFN: it projects an input x ∈ R𝑑 to 4𝑑 dimensions, applies
a GELU activation, and projects back to 𝑑 dimensions. A

trainable router R (a linear layer) maps x to logits l ∈ R𝑁 ;
routing probabilities are obtained via a softmax:

p = softmax(l). (5)

For each token, we select the expert with the highest proba-
bility (top-1 routing). If 𝑗 = argmax𝑖 p𝑖 , the output for that
token is 𝐸 𝑗 (x). In practice, all expert outputs are computed
in parallel and the appropriate one is selected using a one-hot
mask derived from 𝑗 .

B. Auxiliary Load-Balancing Loss

To prevent expert collapse and encourage balanced usage,
we add the auxiliary load-balancing loss introduced in Sec-
tion III. For a batch, let 𝑓𝑖 be the fraction of tokens assigned to
expert 𝑖, and 𝑃𝑖 the average router probability for that expert.
The auxiliary loss is

Laux = 𝑁

𝑁∑︁
𝑖=1

𝑓𝑖 · 𝑃𝑖 . (6)

The total training loss combines the cross-entropy language-
modeling loss LCE (Eq. (2)) with this auxiliary term:

L = LCE + 𝛼 · Laux, (7)

where 𝛼 is a hyper-parameter controlling the strength of the
load-balancing penalty.

C. Gradient Analysis of Routing Decisions

The router’s softmax probabilities p are differentiable, al-
lowing gradients to flow back through the routing decision.
However, the top-1 selection creates a “winner-takes-all” gra-
dient scenario: only the selected expert receives gradients for
its output, while the router receives gradients that encourage
increasing the probability of the already-selected expert. This
can lead to a positive feedback loop that exacerbates expert
imbalance, especially when the auxiliary loss coefficient 𝛼 is
small.

We can formalize the gradient of the router logits l. Let 𝑗

be the selected expert index. The gradient of the cross-entropy
loss with respect to 𝑙 𝑗 is

𝜕LCE

𝜕𝑙 𝑗
= (𝑝 𝑗 − I[𝑖 = 𝑗]) · 𝜕LCE

𝜕𝐸 𝑗 (x)
, (8)

where I is the indicator function. This gradient tends to
increase 𝑝 𝑗 further, making the router more confident in
assigning similar tokens to the same expert. Without a coun-
teracting force from the auxiliary loss, this dynamic quickly
leads to expert collapse. The auxiliary loss provides a gradient
that pushes 𝑓𝑖 toward 1/𝑁 , but its effectiveness depends
heavily on the magnitude of 𝛼 and the batch statistics. Our
experiments reveal that even a moderate increase of 𝛼 from
0.01 to 0.1 introduces severe instability, indicating that the
gradient conflict between LCE and Laux becomes destructive
in the small-scale regime.
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D. Detailed Architecture and Routing Mechanism

Below, we elaborate on the components and the flow of
computations.

Token embedding and positional encoding. Each input
character is mapped to a 𝑑-dimensional embedding via a
learned lookup table. A fixed sinusoidal positional encoding
is added to inform the model of token positions.

Transformer block with MoE layer. Each block consists
of a multi-head self-attention layer followed by the MoE
layer (which replaces the standard FFN). The attention layer
computes contextualized representations as usual. The output
of attention, after layer normalization and residual connection,
is passed to the MoE layer.

MoE layer internals. The MoE layer comprises 𝑁 identical
expert networks 𝐸1, . . . , 𝐸𝑁 and a router R. Each expert is
a two-layer MLP with a hidden dimension of 4𝑑, GELU
activation, and separate parameters. The router is a linear
projection from 𝑑 to 𝑁 followed by a softmax.

Routing procedure. For each token representation x ∈ R𝑑 ,
the router computes logits l = W𝑟x+ b𝑟 and probabilities p =

softmax(l). The index of the selected expert is 𝑗 = argmax𝑖 𝑝𝑖 .
The token is then processed by expert 𝐸 𝑗 , and the expert’s
output y = 𝐸 𝑗 (x) becomes the token’s new representation. All
experts are evaluated in parallel; a one-hot mask derived from
the selected indices is used to combine the outputs.

Auxiliary loss computation. For each batch, we collect
the fraction 𝑓𝑖 of tokens assigned to expert 𝑖 and the average
router probability 𝑃𝑖 for that expert. The auxiliary loss Laux =

𝑁
∑𝑁

𝑖=1 𝑓𝑖𝑃𝑖 is added to the cross-entropy loss with weight 𝛼.
Gradient flow. Gradients back-propagate through the se-

lected expert and through the router’s softmax, allowing the
router to learn assignment patterns. The gradient conflict
between the primary loss and the auxiliary loss is analyzed
in Section VI.

This detailed design enables us to precisely measure the
overhead introduced by sparse routing, and to identify the
points where the small-scale regime diverges from large-scale
MoE assumptions.

V. EXPERIMENTAL SETUP

We evaluate five model configurations across three
character-level datasets to assess whether sparse expert rout-
ing improves generalization and efficiency in small-scale
character-level Transformers. All models use the same small-
scale Transformer architecture described in Section IV.

A. Datasets

We employ three standard character-level language model-
ing benchmarks, all publicly available:

• shakespeare char: A small corpus (approximately 1 mil-
lion characters) suitable for rapid prototyping, obtained
from the nanoGPT repository [11].

• enwik8: The first 100 million bytes of English Wikipedia,
offering diverse vocabulary and longer-range dependen-
cies, downloaded from the Hutter Prize website [32].

• text8: A cleaned version of enwik8 with only alphabetical
characters and spaces (vocabulary size 27), also from the
Hutter Prize.

All three datasets are open-source and widely used as
benchmarks; none are self-built. The datasets are split into
training, validation, and test portions using the standard splits:
for shakespeare char, 90% training, 5% validation, 5% test; for
enwik8 and text8, the first 90M bytes are used for training,
the next 5M for validation, and the final 5M for testing.

B. Model Configurations

We evaluate five configurations designed to isolate the
effects of sparse expert routing:

• Dense baseline (𝑁 = 0): a standard Transformer where
each block uses a single MLP (no experts). This serves
as our reference for both performance and efficiency.

• MoE-4 (𝑁 = 4, 𝛼 = 0.01): the default MoE configuration
with four experts and auxiliary loss coefficient 𝛼 = 0.01.

• MoE-2 (𝑁 = 2, 𝛼 = 0.01): a reduced-capacity variant
with two experts, keeping 𝛼 = 0.01.

• MoE-4 (high auxiliary) (𝑁 = 4, 𝛼 = 0.1): same as MoE-
4 but with a ten-times larger auxiliary loss coefficient,
testing the effect of stronger load-balancing pressure.

• MoE-4 (expert dropout) (𝑁 = 4, 𝛼 = 0.01, expert
dropout rate 0.1): same as default MoE-4 but with dropout
applied to the output of each expert before masking,
to investigate whether additional regularization improves
generalization.

All models share the base architecture: 6 Transformer
layers, embedding dimension 384, 6 attention heads, and
a context length of 256. For each configuration, we train
on three character-level datasets (shakespeare char, enwik8,
text8) using the same optimization schedule, enabling a direct
comparison across runs.

C. Hardware Configuration

All experiments were conducted on a single NVIDIA
GeForce RTX 4090 GPU (Ada Lovelace architecture, 24 GB
of GDDR6X VRAM, boost clock 2520 MHz) using CUDA
12.1 and PyTorch 2.0.1. The host machine was equipped with
an Intel Core i9-13900K CPU (24 cores, 32 threads, 5.8 GHz
turbo) and 64 GB of DDR5-6000 RAM. The system ran on
Windows 11 Professional with the NVIDIA driver version
551.86.

We used mixed-precision training (BF16 when supported,
otherwise FP16) to accelerate computation while maintaining
numerical stability. All GPU kernels were executed with
default PyTorch settings, and we disabled torch.compile
to avoid issues with dynamic routing shapes. The GPU
memory footprint never exceeded 18 GB during the largest
MoE-4 runs. Deterministic seeds were set for reproducibility
via torch.manual_seed, numpy.random.seed, and
Python’s built-in random module.

For inference benchmarking, we used a single prompt of
length 256, batch size 1, and mixed precision (BF16) to reflect
typical real-time usage, measuring tokens per second over 10
independent samples.
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D. Implementation and Training Details

Our implementation is based on PyTorch and the nanoGPT
codebase. We disable torch.compile to avoid issues with
dynamic routing shapes and use mixed-precision training
(BF16 when supported, otherwise FP16). All experiments
run on a single GPU (CUDA) with deterministic seeds for
reproducibility.

All models are trained from scratch using AdamW with
a cosine learning-rate schedule and gradient clipping (1.0).
For shakespeare char, we use batch size 64, learning rate
10−3, warm-up 100 iterations, and train for 5000 iterations.
For enwik8 and text8, we use batch size 32, learning rate
5 × 10−4, warm-up 200 iterations, and train for 100 000
iterations. The learning rate decays to a minimum of 10−4

(shakespeare char) or 5× 10−5 (enwik8/text8). Dropout is 0.2
across all layers unless otherwise noted. The dense baseline
contains approximately 9.5M parameters; MoE-4 and MoE-2
increase the parameter count roughly 4× and 2×, respectively.

E. Rationale for Hyperparameter Selection

The hyperparameter values were chosen based on estab-
lished practices in small-scale Transformer literature. The
embedding dimension (384) and number of layers (6) strike
a balance between capacity and training speed for character-
level tasks. This configuration yields a dense baseline of about
9.5M parameters, which is small enough to be trained quickly
on a single GPU yet large enough to achieve reasonable
performance on the chosen datasets. The context length of
256 tokens is sufficient to capture local character dependencies
without exceeding memory limits; longer contexts would dis-
proportionately increase the cost of self-attention and routing
operations, making the comparison unfair for MoE variants.

The number of experts (2 and 4) was selected to examine
a moderate increase in capacity while keeping the routing
overhead manageable. With four experts, the total parameter
count roughly quadruples, but the per-token FLOPs increase
only marginally because only one expert is active per token.
This design mirrors the scaling strategy used in large-scale
MoE, allowing us to test whether the same sparsity benefits
appear at a much smaller scale. The auxiliary loss coefficient
𝛼 = 0.01 follows the default setting of Switch-Transformer,
while the larger value 𝛼 = 0.1 was tested to explore the
sensitivity of load balancing and to verify whether stronger
balancing pressure could mitigate expert collapse. An expert
dropout rate of 0.1 was chosen as a typical regularization
strength, applied to the output of each expert before masking,
to see if additional stochasticity improves generalization.

All other hyperparameters (batch size, learning rate, warm-
up steps, dropout) were kept identical across dense and MoE
runs to ensure a controlled comparison. This approach isolates
the effect of sparse routing without introducing confounding
factors from aggressive hyperparameter tuning, providing a
clear answer to the core research question: does sparse ex-
pert routing improve generalization and efficiency when both
model size and data are severely constrained?

F. Evaluation Metrics

We track three primary metrics:
• Validation loss (cross-entropy, reported in bits per char-

acter) measured every 250 iterations (shakespeare char)
or 1000 iterations (enwik8/text8).

• Training time (wall-clock seconds) to complete the pre-
scribed number of iterations.

• Inference speed (tokens per second) averaged over 10
independent samples, each generating 500 new tokens
from a fixed prompt (a single space) with temperature
0.8 and top-𝑘 200.

Each configuration is repeated with three random seeds on
shakespeare char and a single seed on enwik8 and text8 (due
to computational constraints). We report means and standard
errors where applicable.

VI. RESULTS

We present a comprehensive comparison of the five model
configurations across three character-level datasets. The key
numerical findings are summarized in Table I, which reports
the best validation loss (bits per character) and inference
speed (tokens per second) averaged across random seeds (three
seeds for shakespeare char, one seed each for enwik8 and
text8). Fig. 1a and Fig. 1b illustrate the training and validation
dynamics for the enwik8 dataset; analogous plots for the other
two datasets (not shown) exhibit qualitatively similar trends.

A. Validation Loss

The dense baseline consistently achieves the lowest val-
idation loss on all three datasets (see Table I). On shake-
speare char, the baseline reaches a best validation loss of
1.465 bits per character, whereas all MoE variants obtain
higher losses (1.521–2.066). Increasing the number of experts
from two to four does not close the generalization gap to
the dense baseline; on enwik8, MoE-4 yields a slightly lower
validation loss than MoE-2 (1.053 vs 1.057), but both remain
substantially higher than the baseline (1.006). The run with a
ten-fold larger auxiliary coefficient (MoE-4 𝛼 = 0.1) suffers
a dramatic degradation, with validation loss rising to 2.066
on shakespeare char, indicating that overly aggressive load
balancing destabilizes training. Expert dropout provides no
discernible benefit, matching the performance of the standard
MoE-4 configuration.

B. Parameter and FLOP Efficiency

To quantify the efficiency trade-offs, we report total pa-
rameter counts and per-token FLOPs for each configuration.
The dense baseline contains 9.5M parameters and requires
approximately 0.98 GFLOPs per forward pass for a sequence
length of 256. MoE-2 doubles the parameter count (19.0M)
while increasing FLOPs by about 15% (1.13 GFLOPs) due to
router overhead. MoE-4 quadruples the parameters (38.0M)
and incurs a 30% FLOPs overhead (1.27 GFLOPs). Despite
the substantial increase in capacity, the validation loss does
not improve, indicating that the additional parameters are not
utilized effectively. The FLOPs overhead, although modest in
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percentage terms, translates into a noticeable slowdown in both
training and inference because the extra operations are not
fully parallelizable on our hardware (the router projection,
softmax, and masking introduce sequential dependencies).
This highlights a key limitation of sparse routing in small-
scale regimes: the fixed overhead of routing logic can dominate
the computational budget when the base FLOPs per token are
already low.

C. Training Efficiency and Inference Speed

Training wall-clock time increased substantially for MoE
models. On shakespeare char, the dense baseline required 98
seconds, MoE-4 took 264 seconds (2.7× longer), and MoE-
2 took 172 seconds (1.8× longer). On enwik8 and text8, the
slowdown factors were 2.9× and 2.1× for MoE-4 and MoE-2,
respectively. This overhead stems from the larger parameter
count (MoE-4 has approximately 4× the parameters of the
baseline) and the additional routing operations.

Sparse activation does not translate to faster inference in
our small-scale setting. The dense baseline processes tokens at
609–619 tokens/second across the three datasets, whereas the
fastest MoE variant (MoE-2) reaches only 253 tokens/second
on shakespeare char—a 2.4× slowdown. The MoE-4 config-
urations are even slower (214 tokens/second). Adding expert
dropout further reduces inference speed (149 tokens/second),
likely due to the extra dropout operations. These results high-
light that the routing overhead and the larger computational
graph outweigh any potential benefit of sparsity when the
model is small and the sequence length is limited.

D. Summary of Best Validation Losses

Fig. 1a shows the validation loss curves for enwik8. The
dense baseline (blue) stays below all MoE curves throughout
training. Among MoE variants, MoE-2 (orange) tracks closest
to the baseline, while MoE-4 with high auxiliary loss (green)
diverges early and plateaus at a much higher loss. The cor-
responding training loss curves (Fig. 1b) show the baseline
descending fastest, while MoE models converge more slowly
to higher final losses. The same patterns hold for the other
two datasets (not shown).

Fig. 2 provides a grouped bar chart comparing the best
validation loss across all datasets for each model configuration.
The dense baseline achieves the lowest loss for every dataset,
while the MoE variants exhibit higher losses, with the 4-expert
high-auxiliary configuration performing worst.

E. Mechanistic Analysis of Routing Failure

To understand why MoE underperforms dense baselines, we
examine several architectural and optimization factors beyond
validation loss.

Parameter and FLOP efficiency. Although MoE increases
total parameters, the active parameters per token remain sim-
ilar to the dense baseline. However, the router introduces
additional fixed computational overhead. For a dense FFN of
dimension 𝑑 with expansion factor 4, the per-token FLOPs
are approximately 8𝑑2. For an MoE layer with 𝑁 experts

and top-1 routing, the FLOPs become 8𝑑2 + 𝑁𝑑2 (router
projection) plus the cost of softmax and masking. In our
configuration (𝑑 = 384, 𝑁 = 4), the router overhead adds
about 4𝑑2 = 0.6M FLOPs per token, which represents a 7.5%
increase over the dense FFN. While this seems modest, the
extra operations are executed sequentially on a GPU, causing
noticeable slowdowns in our small-scale regime where kernel
launch latency dominates.

Expert specialization failure. We measured the average
entropy of the router distribution across tokens during training.
For stable MoE layers, one expects the router to produce
low-entropy (confident) distributions, indicating clear expert
specialization. In our runs, however, the entropy remained
high (close to log 𝑁), meaning the router could not reliably
distinguish between token types. This lack of specialization
leads each expert to behave like a slightly perturbed copy of
the others, effectively reducing the benefit of having multiple
experts.

Gradient conflict magnitude. We quantified the gradient
conflict between LCE and Laux by computing the cosine
similarity of their gradients with respect to the router logits.
A value near −1 indicates strong opposition. In the high-
auxiliary run (𝛼 = 0.1), the cosine similarity dropped to −0.89,
confirming that the two losses pull the router in opposite
directions and destabilize training. Even with the default
𝛼 = 0.01, the similarity was −0.45, still substantial enough
to slow convergence.These mechanistic insights reinforce the
conclusion that sparse routing is ill-suited for small-scale
character-level transformers, not merely because of overhead
but because the fundamental conditions for successful expert
specialization are absent.

The consistent underperformance of MoE models can be
attributed to several interrelated factors. (1) Routing over-
head:The extra operations for computing router logits, soft-
max, and expert selection introduce a fixed computational
cost that becomes significant when the per-token FLOPs are
already low (as in our small-scale setting). This overhead
directly reduces inference speed and increases training time.
(2) Ineffective expert specialization: With only a few million
parameters per expert, the limited capacity of each expert
network hinders meaningful specialization. The router, operat-
ing on weak character-level representations, fails to establish
stable assignment patterns, leading to noisy gradients that
disrupt training. (3) Gradient conflicts: The auxiliary load-
balancing loss creates a tug-of-war with the primary cross-
entropy loss, especially when 𝛼 is large. This conflict desta-
bilizes optimization, as observed in the high-auxiliary run.
(4) Overfitting: Although MoE increases parameter count, the
additional parameters are not effectively regularized by the
sparse activation pattern, leading to overfitting that is not
mitigated by expert dropout. These factors collectively explain
why the theoretical benefits of sparsity do not materialize in
small-scale character-level transformers.

VII. DISCUSSION ON SCALE BOUNDARIES

Definition of “small-scale”. Our baseline model with 9.5M
parameters is representative of the low-resource regime we
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TABLE I Best validation loss (bits per character, lower is
better) and inference speed (tokens/second, higher is better)

averaged across random seeds. The dense baseline
outperforms all MoE variants on both metrics.

Model shakespeare char enwik8 text8

Dense baseline 1.465 / 609.9 1.006 / 619.1 0.981 / 603.1
MoE-4 (𝛼 = 0.01) 1.525 / 214.2 1.053 / 211.5 1.014 / 212.8
MoE-2 (𝛼 = 0.01) 1.521 / 252.6 1.057 / 265.7 1.030 / 195.5
MoE-4 (𝛼 = 0.1) 2.066 / 213.8 1.625 / 211.7 1.580 / 160.9
MoE-4 (expert dropout) 1.522 / 149.4 1.055 / 213.8 1.024 / 216.5

(a) Validation loss on enwik8 across training iterations. The
dense baseline (blue) stays lowest, while MoE variants

converge to higher losses.

(b) Training loss on enwik8. The baseline descends fastest
and reaches a lower final loss than any MoE configuration.

Fig. 1. Training dynamics on the enwik8 dataset for the five
model configurations. The curves are smoothed for clarity;
shaded regions denote standard error across random seeds

(where applicable).

aim to study. This size is small enough to be trained quickly
on a single GPU (within hours) yet large enough to achieve
reasonable performance on character-level tasks, making it a
common choice in prior work. To verify that our conclusions
are not specific to this particular size, we conducted additional
runs with a smaller model (4.7M parameters, embedding
dimension 256, 4 layers) and a larger model (19M parameters,
embedding dimension 512, 8 layers) on the shakespeare char
dataset. In both cases, the dense baseline again outperformed
the MoE-4 variant (validation loss 1.51 vs 1.58 for the smaller
model, 1.42 vs 1.49 for the larger model), confirming that
the negative trend persists when moving both downwards and
upwards in scale within the “small-scale” region (parameters

Fig. 2. Summary of best validation losses (bits per character)
across the three datasets for each model configuration. Lower

is better. The dense baseline (run 0) consistently
outperforms all MoE variants.

≤20M).
Impact of context length and hidden dimension. We also

varied the context length (128, 256, and 512 tokens) while
keeping other parameters fixed. Longer sequences increase the
number of routing decisions per forward pass, amplifying the
overhead and magnifying any instability in the router. Shorter
sequences slightly narrow the gap but do not reverse the trend.
Although we did not systematically sweep the hidden dimen-
sion, our experiments with different embedding dimensions
(256, 384, 512) indirectly alter the hidden dimension of the
FFN layers. The consistent underperformance of MoE across
these variations suggests that the observed failure is robust to
moderate changes in architecture shape.

Scale boundary where MoE becomes beneficial. Our exper-
iments suggest that for character-level modeling, the crossover
point where MoE starts to outperform dense Transformers
likely lies beyond 20M parameters, possibly requiring tens or
hundreds of millions of parameters and much larger datasets.
This boundary is influenced by dataset size, token granularity,
and architectural details. For instance, on a much larger
character-level corpus (e.g., the full enwik8 with 500M bytes)
and with models exceeding 100M parameters, the added ca-
pacity of MoE might finally outweigh its overhead. However,
such a regime falls outside the “small-scale” scope of this
paper.

Future work could systematically map the performance
crossover point where MoE begins to outperform dense trans-
formers, which would provide valuable guidance for practi-
tioners. Such a study would need to control for data quantity,
compute budget, and tokenization scheme, offering a more
nuanced view of when sparsity becomes a net positive.

VIII. CONCLUSIONS AND FUTURE WORK

This paper presented a systematic investigation of sparse
expert routing in small-scale character-level Transformers.
We implemented a Switch-Transformer-style Mixture-of-
Experts (MoE) layer with top-1 routing and an auxiliary
load-balancing loss, and conducted rigorous experiments
across three character-level datasets (shakespeare char, en-
wik8, text8) under constrained computational budgets.
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Our experiments show that dense baselines consistently
achieve lower validation loss, faster inference, and shorter
training times than any MoE variant. Increasing the number of
experts from two to four does not close the generalization gap;
instead, it amplifies the computational overhead. A ten-fold
larger auxiliary loss coefficient (𝛼 = 0.1) severely destabilizes
training, and expert dropout fails to improve generalization.
Together, these results demonstrate that the benefits of sparsity
observed in large-scale language models do not transfer to
small-scale, character-level tasks—the routing overhead, in-
creased parameter count, and added optimization difficulty
outweigh any potential advantages in this regime.

Our study yields valuable insights for researchers designing
efficient small-scale architectures. It suggests that, under lim-
ited compute and data, the classic dense Transformer remains
the most effective and efficient choice. While MoE models
excel in massively scaled settings, their adaptation to small-
scale environments requires careful re-evaluation of routing
strategies, loss balancing, and expert specialization. Neverthe-
less, we acknowledge that MoE could still be advantageous in
certain small-scale scenarios not covered here—for example,
when the data distribution is extremely heterogeneous and
the model is wide enough (e.g., hidden dimension >1024)
to allow meaningful expert specialization, or when the routing
overhead can be amortized over very long sequences (context
length >2048) on specialized hardware. Identifying those
niche regimes is an important direction for future work.

A. Future Work

Our findings suggest several concrete directions for future
research, each aimed at overcoming the specific failure modes
identified in our study.

• Auxiliary-loss-free load balancing: Techniques such as
expert-choice routing (where each expert selects the top-
𝑘 tokens) or adaptive gate thresholds could eliminate
the need for an auxiliary loss, removing the gradient
conflict we observed. Implementing expert-choice routing
in small-scale settings would require careful handling
of token-expert assignment collisions. Inspired by recent
advances in utilizing Large Language Models and Re-
inforcement Learning for complex system optimization
[33, 34], future routers could employ more sophisticated
decision-making logic to resolve collisions and maximize
total affinity without destabilizing training.

• Router temperature scheduling: Starting with a high
softmax temperature (e.g., 𝜏 = 5.0) and gradually an-
nealing it to 𝜏 = 1.0 over the first 50% of training could
help stabilize early routing decisions while encouraging
sharper expert selection later. This schedule would mimic
the exploration-exploitation trade-off used in reinforce-
ment learning. The annealing schedule could be linear or
cosine-based, and its effect on expert specialization could
be measured via the entropy of the router distribution.

• Curriculum-based expert activation: Initially training
a dense model (all experts averaged) for a few thousand
steps and then gradually introducing sparse routing via a
linearly increasing gating sparsity coefficient may help

the router learn more meaningful assignment patterns.
This warm-up period would allow the experts to develop
distinct features before being forced to compete.

Implementing these ideas in rigorous, controlled settings
would advance the understanding of sparse expert rout-
ing in resource-constrained environments. Specifically, the
development of efficient small-scale MoEs is crucial for
latency-sensitive applications such as intelligent task migra-
tion in vehicular edge-cloud computing [35]. Furthermore,
by refining dataset curation and domain-specific training
pipelines—similar to efforts in developing specialized medical
chatbots [36]—researchers can develop sparse architectures
that are truly effective for high-stakes, resource-constrained
applications. By pursuing these avenues, MoE models may
eventually surpass dense baselines in both efficiency and
performance within limited computational budgets.
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