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Abstract

Mixture of Experts (MoE) has emerged as a foundational architectural
principle in deep learning, enabling the construction of models that are both
highly expressive and computationally efficient. By activating only a sparse
subset of specialized expert networks for each input, MoE architectures ef-
fectively decouple model capacity from compute cost, offering a scalable
alternative to traditional monolithic models. This paradigm has seen a
resurgence in recent years, with breakthroughs in large-scale language mod-
eling, vision, speech, and multi-modal learning, culminating in some of the
most powerful models to date, such as Switch Transformer, GLaM, and
V-MoE. This survey presents a comprehensive and systematic overview of
Mixture of Experts in the context of deep learning. We begin with a histor-
ical perspective on the origins of MoE, tracing its evolution from classical
ensemble methods to modern, sparsely-activated architectures. The core
design choices of MoE systems—including expert sparsity, gating functions,
routing strategies, and hierarchical extensions—are carefully dissected. We
examine a wide array of training challenges, such as expert imbalance, rout-
ing instability, and optimization bottlenecks, along with proposed solutions
including load-balancing regularizers, top-k routing approximations, expert
dropout, and gradient routing relaxation. A central focus of this survey is
the application landscape of MoE, spanning natural language processing,
computer vision, speech and audio processing, multi-modal tasks, and con-
tinual learning. Across these domains, MoE has demonstrated compelling
gains in scalability, generalization, and modular adaptability. In parallel,
we explore the theoretical underpinnings of MoE, connecting it to concepts
from ensemble learning, conditional computation, modularity, and univer-
sal function approximation. We also discuss emerging insights into MoE’s



generalization behavior, routing dynamics, and optimization landscape. De-
spite its promise, MoE remains an active and evolving field. We conclude
by identifying open challenges—ranging from routing robustness and inter-
pretability to dynamic expert generation and deployment constraints—and
outlining directions for future research. In synthesizing current knowledge
and charting future paths, this survey aims to serve as a definitive resource
for both researchers and practitioners seeking to understand and harness
the potential of Mixture of Experts in deep learning.

Keywords: Mixture of Experts, Conditional Computation, Sparse Deep Models,
Expert Routing, Scalable Architectures.

1 Introduction

In recent years, the field of deep learning has undergone a dramatic transfor-
mation, giving rise to models of unprecedented scale and complexity that have
revolutionized a wide array of tasks in computer vision, natural language process-
ing, speech recognition, and beyond. Amidst this rapid evolution, one paradigm
that has garnered increasing attention is the Mizture of Experts (MoE) frame-
work. Initially proposed in the early 1990s as a form of ensemble learning rooted
in the divide-and-conquer principle, MoE has experienced a resurgence in the deep
learning era, emerging as a powerful strategy for achieving scalability, modularity,
and computational efficiency in large-scale neural networks [1]. The core idea be-
hind Mixture of Experts is deceptively simple yet profoundly effective: rather than
relying on a single monolithic model to learn all aspects of a task, an Mok archi-
tecture leverages a collection of specialized sub-models, referred to as “experts,”
each of which is responsible for learning a subset of the problem space. A gating
mechanism—often a neural network in its own right—determines which experts
are most relevant for a given input and selectively activates a sparse subset of
them during inference [2]. This conditional computation paradigm enables MoE
models to allocate computational resources dynamically, allowing for significant
reductions in inference cost while maintaining or even improving performance [3].
In the deep learning context, Mixture of Experts architectures are uniquely po-
sitioned to address several of the most pressing challenges facing modern neural
networks. Chief among these is the tension between scale and efficiency [4]. As
models continue to grow—exemplified by large language models with hundreds
of billions of parameters—the computational and environmental costs of training
and inference become increasingly prohibitive. MoE models offer a compelling so-
lution by enabling sparse activation: only a fraction of the model is used per input,
thereby decoupling model capacity from computational overhead. This property
has led to the development of some of the largest and most efficient models to



date, including sparsely activated transformers such as the Switch Transformer
and GLaM. Another compelling advantage of the MoE framework lies in its in-
herent modularity and interpretability [5]. The division of labor among experts
allows for clearer attribution of function, making it easier to analyze, debug, and
refine individual components of the model. Moreover, this modularity supports
continual learning and transfer learning paradigms by enabling targeted updates
to specific experts without affecting the entire system. As such, MoE models are
not only scalable but also adaptable and extensible, attributes that are crucial for
the development of robust and sustainable artificial intelligence systems [6]. De-
spite its advantages, the practical realization of MoE models introduces a host of
technical challenges [7]. These include, but are not limited to, the design of effec-
tive gating mechanisms, the prevention of expert collapse (where a small subset of
experts dominate computation), the efficient routing of inputs in distributed envi-
ronments, and the stability of training dynamics. A variety of strategies have been
proposed to address these issues, ranging from reinforcement learning-based gates
and entropy regularization, to auxiliary load-balancing losses and top-k routing
heuristics [8]. Furthermore, recent innovations have extended the MoE paradigm
to novel settings, including unsupervised learning, multimodal processing, and
federated learning, highlighting the versatility and generality of the approach [9].
The aim of this survey is to provide a comprehensive and critical overview of
Mixture of Experts in the context of deep learning [10]. We trace the historical
development of MoE models, elucidate their theoretical foundations, and examine
the diverse ways in which they have been instantiated in modern architectures.
We also explore the breadth of applications that have benefited from MoE-based
models, from natural language understanding and image classification, to machine
translation and recommendation systems. Particular attention is given to recent
advances that have pushed the boundaries of what is possible with MoE, as well
as to open challenges that remain unresolved [11]. We organize the rest of this
paper as follows [12]. In Section 2, we provide the necessary background on the
classical MoE framework and its evolution into deep learning contexts. Section 4
surveys key architectural innovations in MoE, including gating strategies, expert
design, and routing techniques. Section 5 discusses the training algorithms, op-
timization challenges, and solutions that have been proposed. In Section 6, we
present a taxonomy of applications that have successfully leveraged MoE models.
Section ?? offers an in-depth analysis of the empirical performance and theoretical
properties of MoE. Finally, in Section 77, we outline emerging trends, ongoing
research efforts, and promising directions for future work in this rapidly evolving
field [13]. Through this survey, we aim to distill the fundamental insights and prac-
tical lessons learned from the extensive body of work on Mixture of Experts, and
to serve as a guide for researchers and practitioners seeking to harness the power



of this paradigm in their own domains. As the deep learning community continues
to grapple with the challenges of scale, efficiency, and generalization, we believe
that MoE will play an increasingly central role in shaping the next generation of
intelligent systems.

2 Background

The concept of Mixture of Experts (MoE) originates from the early studies in
ensemble learning and modular neural networks in the 1990s [14]. Initially intro-
duced by Jacobs et al. [15], the foundational idea behind MoE is to decompose
complex learning tasks into smaller, more manageable sub-tasks, each of which is
handled by an individual expert. The original formulation combined multiple neu-
ral networks (the experts), each trained to specialize in a subset of the input space,
with a gating network that learned to assign probabilistic weights to each expert’s
output based on the input instance. Formally, given an input x, a traditional MoE
model computes the output as a weighted sum of the experts’ predictions:

y(x) = ;gi(X)Ei(X>a (1)

where E;(x) is the output of the i-th expert and g¢;(x) is the gating function’s
output for expert i, satisfying >, ¢;(x) = 1. This formulation allows each expert
to focus on specific regions of the input distribution while the gating function or-
chestrates the collaboration among them [16]. The appeal of this framework lies
in its alignment with the principles of specialization and conditional computation
[17]. Instead of training a single model to master an entire task domain, MoE
enables localized learning and inference, which can be significantly more efficient
and interpretable [18]. Early successes of this method in smaller-scale settings,
such as handwriting recognition and regression problems, provided strong empir-
ical evidence for its effectiveness [19]. However, the complexity of training MoE
systems—particularly the instability of the gating network and difficulties with
expert utilization balance—posed significant obstacles to broader adoption at the
time [20]. With the advent of deep learning and the availability of large-scale data
and computational resources, the interest in MoE models has been reignited [21].
A pivotal moment came with the introduction of sparsely-gated MoE layers in
large-scale models such as the Mixture of Experts layer in the Google Translate
model [22]. In this formulation, only a small subset of experts is activated for
each input (typically the top-k scoring experts according to the gating function),
allowing the model to scale to billions of parameters while keeping per-example
computational costs manageable [23]. This sparsity introduces challenges such as
load balancing and expert under-utilization, but it also enables efficient training

4



across distributed systems, making MoE a cornerstone in the design of scalable
transformer-based architectures. Modern MoE approaches can be broadly cate-
gorized into two families: dense MoE, where all experts contribute to the final
output (as in the classical formulation), and sparse MoE, where a small number
of experts are conditionally selected for each input [24]. Sparse MoEs have gained
more traction in recent years due to their favorable trade-offs between compu-
tational cost and model capacity [25]. Notable implementations include Switch
Transformers [26], which simplify the gating mechanism by selecting only one ex-
pert per input token, and GLaM [27], which enhances the routing mechanism with
improved regularization and training stability [28]. Beyond the architectural de-
sign, MoE models are deeply intertwined with broader trends in deep learning [29].
The desire to scale models without proportional increases in compute has made
conditional computation frameworks increasingly attractive [30]. Similarly, the
pursuit of modular, reusable, and interpretable neural components aligns closely
with the principles underpinning MoE. Furthermore, recent research has expanded
the application of MoE beyond language modeling into vision [31], speech [? ], and
multi-modal settings [? |. To support these applications, MoE has also evolved
in terms of training techniques. Challenges such as expert collapse (where a small
subset of experts dominate the workload), training instability, and inefficient rout-
ing have spurred innovations in gating functions, auxiliary losses, expert assign-
ment heuristics, and gradient balancing mechanisms [32]. For instance, the use
of load-balancing losses [22], top-k routing [33], and capacity-aware gating strate-
gies [33] are now standard practice in modern MoE implementations. In this
survey, we adopt a comprehensive view of the MoE paradigm, encompassing both
its classical roots and modern instantiations in deep neural architectures [34]. We
aim to highlight the continuity and evolution of ideas, from early ensemble meth-
ods to today’s large-scale, distributed models. In the next section, we delve into
the architectural aspects of Mixture of Experts, categorizing and comparing the
diverse implementations that have emerged over time.

3 Theoretical Foundations

Despite the practical success of Mixture of Experts (MoE) models across numerous
domains, a rigorous theoretical understanding of their behavior remains an active
area of research [35]. In this section, we examine the theoretical motivations behind
MokE architectures, explore connections to ensemble learning, conditional compu-
tation, and modularity, and discuss recent efforts to formalize their generalization
capacity, sample efficiency, and expressive power.



3.1 MoE as Conditional Computation

MoE models embody the principle of conditional computation—only a subset of
the model’s parameters are activated for any given input. This differs from conven-
tional deep learning models, where all parameters are typically engaged per input
[36]. From an information-theoretic perspective, conditional computation allows
for greater representational capacity per unit of computation [37]. Specifically,
given E experts and k-way routing, the number of effective model configurations
grows combinatorially:

E
Number of active sub-networks = ( k)’ (2)

which implies that sparse MoE models can approximate a wide variety of functions
with fewer active parameters per input, provided that routing is effective.

3.2 Connections to Ensemble Learning

MokE architectures are closely related to ensemble learning methods, such as bag-
ging, boosting, and stacking [38]. Classical ensemble theory suggests that aggre-
gating diverse models can reduce generalization error, especially when base learners
are weak and uncorrelated [39]. In MoE, each expert can be viewed as a specialized
learner, and the gating function plays the role of a meta-learner that adaptively
weights or selects among them [40]. Unlike traditional ensembles, however, MoE
models benefit from joint training of experts and the gating network [41]. This
introduces rich dynamics: experts may compete for routing probability, and the
gating function evolves to balance both task performance and computational effi-
ciency [26]. These interactions make MoE both more powerful and more complex
than static ensembles.

3.3 Modularity and Specialization

One of the core theoretical appeals of MoE models lies in their ability to support
modular representations. Modular architectures have long been hypothesized to
improve sample efficiency, transferability, and interpretability. MoE models induce
a soft partitioning of the input space, with each expert specializing in a subregion
[42]. This leads to localized learning, where each expert only needs to model a
subset of the input distribution. Recent work has investigated the benefits of such
specialization from a learning-theoretic lens [43]. For instance, modular learning
systems have been shown to reduce catastrophic interference by isolating gradient
updates [44]. Furthermore, theoretical results from multi-task learning suggest
that parameter decoupling (as in MoE) can improve generalization when task-
relatedness is low or task boundaries are unknown.



3.4 Function Approximation and Expressive Power

The expressive power of MoE networks has been analyzed using universal approx-
imation theory [45]. It has been shown that a sufficiently large MoE model with
learned routing can approximate any piecewise smooth function arbitrarily well [?
|. In particular, the use of piecewise linear experts (e.g., ReLLU networks) combined
with input-dependent gating introduces non-trivial compositionality and decision
boundaries [46]. This approximation capability is further enhanced by hierarchical
MoE structures, where routing occurs at multiple levels [47]. Such compositions
allow for adaptive depth and width across the input space, improving both repre-
sentation efficiency and sample complexity in high-dimensional regimes [48].

3.5 Generalization and Sample Efficiency

While overparameterized models typically risk overfitting, MoE architectures often
generalize well despite their massive parameter counts [31]. This paradox has
prompted theoretical inquiry into how conditional sparsity affects generalization
bounds. Recent PAC-Bayesian analyses and Rademacher complexity bounds have
been extended to sparse MoE models, indicating that the generalization error
depends more on the number of active parameters per input than on total model
size [49]. This aligns with empirical findings that MoE models with billions of
parameters can outperform smaller dense models using the same computational
budget [50]. Moreover, because different experts are trained on distinct subsets
of data (as determined by routing), MoE models can benefit from implicit data
clustering [51]. This can lead to improved sample efficiency, particularly when the
data distribution exhibits latent structure or multimodality [52].

3.6 Routing Dynamics and Optimization Landscape

The routing function in MoE introduces a non-stationary target for expert net-
works [49]. As routing distributions evolve during training, the effective data
seen by each expert changes [53]. This can lead to instability or convergence to
suboptimal equilibria [54]. From an optimization perspective, MoE models are
non-convex and piecewise differentiable, with discontinuities introduced by top-
k selection. Nevertheless, certain variants—such as those using soft or continu-
ous gating—enable smoother gradients and improved convergence properties [55].
Gradient-based game-theoretic frameworks have also been proposed to model the
interaction between experts and gating as a multi-agent optimization problem [?
|. Understanding the training dynamics of MoE is an open challenge, with ongoing
work analyzing the stability of expert assignment, the effect of gating noise, and
the emergence of specialization under different training regimes.



3.7 Theoretical Trade-offs

The design of MoE models involves balancing several theoretical trade-offs:

o Capacity vs. Generalization: Activating fewer experts improves regular-
ization but may limit expressiveness [56].

e Specialization vs. Redundancy: Strong specialization enhances modu-
larity but reduces robustness to routing errors.

 Dynamic Routing vs. Optimization Stability: Hard selection enables
sharp decisions but complicates gradient flow [57].

These trade-offs highlight the need for principled strategies that can control
the complexity of expert interactions while maintaining robustness and learning
efficiency.

3.8 Summary

Theoretical insights into Mixture of Experts architectures reveal their rich connec-
tions to foundational principles in machine learning, including ensemble theory,
modularity, and conditional computation [58]. While much progress has been
made, key questions remain about the limits of generalization, the structure of the
optimization landscape, and the dynamics of specialization. These insights are
crucial for informing the design of next-generation MoE systems. In the following
section, we shift our focus to limitations, challenges, and open problems, providing
a roadmap for future research [59].

4 Architectural Design of Mixture of Experts

The architectural design of Mixture of Experts (MoE) models plays a central
role in their effectiveness, scalability, and deployment efficiency. In this section,
we provide a systematic overview of the key architectural components of MoE
systems, including the expert networks, gating mechanisms, routing strategies, and
integration into broader model topologies [60]. We further categorize prominent
variants and extensions, discussing their trade-offs and practical implications.

4.1 Core Components

A typical MoE architecture comprises three primary components: a set of expert
networks, a gating mechanism, and a routing function [61].



Expert Networks. FEach expert in an MoE model is usually instantiated as a
feed-forward neural network or a module compatible with the overarching model
architecture. In transformer-based designs, for instance, experts are often posi-
tioned within the feed-forward layers (FFN), replacing the standard MLP block
with an MoE layer composed of multiple parallel MLPs. The degree of diversity
among experts varies across implementations—some models allow experts to share
parameters partially or fully, while others enforce specialization through data par-
titioning or regularization.

Gating Mechanisms. The gating network is responsible for determining which
experts should be activated for a given input [62]. In its simplest form, the gating
function outputs a softmax distribution over the experts:

g(x) = softmax(W,x + by), (3)

where W, and b, are learnable parameters [63]. However, for sparse MoE models,
this distribution is often truncated via top-k selection, and only the most relevant
experts are activated [64]. The gating network may be trained jointly with the
experts, with additional auxiliary objectives to promote balanced expert utilization

[65).

Routing Functions. Routing determines how inputs are assigned to experts
during training and inference. In dense MoE, each input is broadcast to all ex-
perts and combined via a weighted sum [66]. In contrast, sparse MoE uses a
routing function that selects the top-k experts per input (often £k = 1 or k = 2),
significantly reducing computation [67]. Efficient routing requires careful design
to avoid overloading certain experts and under-utilizing others. Popular routing
strategies include Noisy Top-k, used in GShard [33], and Switch routing, where
only one expert is activated per token [26] [68].

4.2 Dense vs [69]. Sparse MoE Architectures

Dense MoE architectures, while conceptually straightforward, suffer from scalabil-
ity limitations due to the need to compute all expert outputs per input. These
models tend to be more stable during training but are less efficient for large-scale
deployments [70]. Sparse MoEs, by contrast, scale more gracefully by leverag-
ing conditional computation [71]. However, their complexity introduces challenges
such as gradient sparsity, load imbalance, and expert collapse. Sparse MoE models
are typically preferred in practice due to their computational advantages. In these
designs, each token or input is routed to a limited number of experts. For instance,
GShard activates two experts per token and includes a capacity constraint to limit



token allocation per expert [72]. Switch Transformer goes further by selecting a
single expert per token, significantly simplifying implementation and improving
throughput on TPU-based systems [73].

4.3 Integration into Transformer Architectures

One of the most successful applications of MoE has been in the context of trans-
formers, where MoE layers replace standard feed-forward sub-layers. This de-
sign enables model scaling without linearly increasing computation [74]. Notable
transformer-MoE hybrids include:

o GShard [33]: Introduced sparsely-gated MoE layers with top-2 expert rout-
ing and auxiliary load balancing losses.

o Switch Transformer [26]: Simplified routing by using top-1 selection,
achieving scalability with minimal degradation in performance.

« GLaM [27]: Utilized a mixture of dense and sparse experts to improve
robustness and reduce overfitting.

« V-MOoE [31]: Applied MoE to the vision domain, integrating sparse expert
modules into vision transformer architectures.

These architectures demonstrate that MoE layers can serve as plug-and-play
modules within larger deep learning frameworks, offering flexibility and extensi-
bility.

4.4 Hierarchical and Multi-Level MoE

Recent work has also explored hierarchical MoE structures, where experts them-
selves contain internal routing mechanisms or are organized into tiers. This design
allows for deeper modularization and can support tasks with complex structure
or hierarchical dependencies [75]. Multi-level MoE systems have been applied to
multi-task learning and hierarchical representation learning, where different levels
of abstraction benefit from different degrees of specialization [76].

4.5 Parameter Sharing and Conditional Sparsity

While traditional MoE architectures assume distinct expert modules, some designs
introduce partial parameter sharing to reduce memory footprint and enhance gen-
eralization. Shared-bottom MoE architectures, for example, allow experts to share
lower-layer parameters while specializing at higher layers. Conditional sparsity
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further extends this concept by dynamically adapting which parameters are used
based on input properties, merging MoE ideas with neural pruning and dynamic
networks [77].

4.6 Regularization and Load Balancing

To ensure that all experts are effectively utilized, modern MoE models incorporate
regularization terms that penalize unbalanced routing. A common strategy is to
introduce a load-balancing loss that encourages uniform usage across experts. For
example, the auxiliary loss used in GShard minimizes the KL divergence between
the actual expert usage distribution and a uniform distribution [78]. Other tech-
niques include entropy regularization of gating outputs and noise injection during
training to promote exploration [79].

4.7 Design Trade-offs and Practical Considerations

Designing an MoE architecture involves trade-offs across several axes:

e Sparsity vs. Accuracy: Increasing sparsity improves efficiency but may
lead to lower model capacity utilization [80].

« Routing Complexity vs [81]. Training Stability: Complex routing
improves specialization but can cause instability during training.

« Expert Independence vs. Parameter Sharing: Independent experts
allow for specialization but increase memory usage.

o Deployment Simplicity vs. Model Expressiveness: Simple gating
strategies ease deployment but may sacrifice nuanced expert combinations
[82].

These trade-offs must be carefully balanced according to task requirements,
hardware constraints, and training budget [83]. In the next section, we exam-
ine how these architectural components interact with training algorithms and op-
timization dynamics, exploring the unique challenges and solutions involved in
training Mixture of Experts models effectively.

5 Training and Optimization

Training Mixture of Experts (MoE) models introduces a set of challenges that
are significantly more complex than those found in standard deep learning archi-
tectures [84]. These challenges arise from the model’s conditional computation
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paradigm, the dynamic nature of expert routing, and the increased sparsity in
gradient propagation. In this section, we explore the unique optimization dynam-
ics of MoE architectures, present common pitfalls such as expert collapse and load
imbalance, and summarize the most prominent strategies proposed to stabilize and
improve training.

5.1 Challenges in Training MoE Models

Expert Collapse. One of the most persistent issues in MoE training is expert
collapse, where the gating network disproportionately favors a small subset of
experts [85]. This leads to under-utilization of the model’s full capacity, reduces
specialization, and undermines the benefits of modularity. Collapse is especially
prevalent in sparse MoE setups where only a few experts are activated per input.
Once a dominant routing pattern emerges, experts that are rarely selected may
receive few or no gradient updates, leading to a self-reinforcing feedback loop.

Load Imbalance. Closely related to expert collapse is the problem of load im-
balance [86]. Ideally, the routing mechanism should distribute the computational
load evenly across experts. However, without explicit regularization, the gating
function may learn to favor a small number of experts for most inputs, creat-
ing bottlenecks during training and inference. In distributed training settings,
this imbalance also leads to poor utilization of compute resources and degraded
throughput.

Sparse Gradients. Sparse activation implies that only a subset of experts are
updated during each training step [87]. While this improves computational effi-
ciency, it also means that expert networks receive fewer updates per epoch com-
pared to the rest of the model [88]. This can slow convergence and reduce learning
effectiveness, particularly for experts that are seldom activated [89].

Non-differentiable Routing. Many routing mechanisms in sparse MoE archi-
tectures rely on discrete top-k selection, which introduces non-differentiability into
the model [90]. This complicates backpropagation and makes gradient-based op-
timization less straightforward [91]. Approximation techniques such as soft top-k
or noisy gating are often required to enable end-to-end learning [92].

5.2 Stabilization Techniques

Auxiliary Load Balancing Loss. One widely adopted solution to expert col-
lapse and imbalance is the inclusion of an auxiliary loss that encourages uniform
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expert usage [93]. For instance, the GShard [33] loss is defined as:

.M 2
£balance = (C - Coeft - <z(:2:];2pi|)-€> ) (4)

where p; denotes the cumulative gating probability for expert i, C' is a normalizing

constant, and e prevents division by zero. This objective is combined with the
main task loss to promote load diversity without compromising performance [94].

Noise Injection. Shazeer et al. [22] proposed injecting Gaussian noise into the
gating logits during training. This stochastic perturbation encourages exploration
in the routing space and prevents premature convergence to degenerate routing
patterns [95]. The gating scores become:

9i(x) = exp(Wyx + N(0,0%)))
T ep(Wex + N(0,0%));)]

(5)
where N(0,0?) is Gaussian noise with standard deviation o.

Capacity Constraints. To prevent expert overload, many MoE models impose
a capacity limit on each expert during routing. Inputs that would exceed an ex-
pert’s capacity are either rerouted to lower-ranked experts or dropped [96]. This
mechanism ensures that no single expert dominates computation and that all ex-
perts contribute to the training process [97].

Top-k Routing with Prioritized Assignment. Some models use top-k rout-
ing but add prioritization heuristics to handle overflow [98]. In GShard, for
example, tokens are assigned to experts based on gating scores, but only the
highest-scoring tokens are retained when capacity is exceeded. This preserves
high-confidence assignments while respecting capacity limits.

5.3 Training Strategies

Distributed Training and Expert Parallelism. Given the large number of
parameters and the conditional nature of computation, training MoE models ef-
ficiently often requires distributed computation [15]. Expert parallelism [33] is a
strategy where different experts are distributed across different devices or nodes,
enabling scalable training. However, this setup necessitates careful management
of communication overhead and synchronization.
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Token Dropping and Gradient Skipping. To further enhance training through-
put, some implementations allow low-gated tokens to be dropped (not processed)
and prevent their gradients from backpropagating through the gating network.
This reduces memory footprint and computational cost, particularly during the
early stages of training when gating distributions are still noisy [99].

Warm-up Schedules and Expert Freezing. A gradual warm-up schedule
for gating sparsity and auxiliary losses can improve convergence. Additionally,
some models temporarily freeze gating networks or expert parameters to stabilize
learning before fine-tuning the entire system end-to-end.

Gradient Normalization and Balancing. Sparse MoE architectures suffer
from uneven gradient magnitudes due to irregular expert utilization. Normaliza-
tion techniques that rescale gradients based on expert usage statistics can mitigate
these issues and improve training stability.

5.4 Recent Advances in MoE Optimization

Recent research has proposed advanced training methodologies that further en-
hance the robustness of MoE systems. For example, reinforcement learning-based
gating [? ] introduces a reward signal to improve expert routing decisions, while
differentiable approximations to hard selection (e.g., Gumbel-Softmax) allow for
smoother optimization [100]. There are also efforts to integrate meta-learning and
continual learning frameworks to dynamically adapt expert specializations over
time, thus making MoE models more flexible and lifelong-learning capable [101].

5.5 Summary

Training Mixture of Experts models involves navigating a complex interplay be-
tween model sparsity, routing decisions, expert diversity, and optimization sta-
bility. The innovations developed to address these challenges have not only made
large-scale MoE training feasible, but have also provided valuable insights for other
sparse and modular learning paradigms [102]. In the next section, we examine the
broad range of applications where MoE models have demonstrated competitive
or state-of-the-art performance, highlighting their versatility and practical impact
[103].
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6 Applications of Mixture of Experts

Mixture of Experts (MoE) models have gained widespread traction across a diverse
set of application domains, demonstrating state-of-the-art performance in many
large-scale tasks. The core strengths of MoE—scalability, modularity, and condi-
tional computation—make them especially well-suited for environments character-
ized by high data heterogeneity, task complexity, and resource constraints [104].
In this section, we survey the prominent application areas where MoE architec-
tures have been successfully deployed, discuss the empirical benefits observed, and
highlight open questions around generalization and transferability [22].

6.1 Natural Language Processing

Natural Language Processing (NLP) has been the most prominent application area
for modern MoE models. The breakthrough came with the integration of sparse
Mok layers into transformer-based architectures, which allowed for unprecedented
scaling of language models.

Machine Translation. GShard [33] was among the first large-scale MoE-based
models applied to machine translation. It introduced sparsely-gated MoE layers
into Transformer encoders and decoders, leading to significant improvements in
BLEU scores while maintaining manageable computational costs. The capacity
to scale to billions of parameters without a proportional increase in computation
made GShard a milestone in efficient large-model training [105].

Language Modeling. The Switch Transformer [26], a sparsely-gated model
with top-1 expert routing, achieved state-of-the-art results on multiple language
modeling benchmarks such as C4, WikiText-103, and LAMBADA, while being
highly efficient during training and inference [106]. Similarly, GLaM [27] pushed
the envelope further by scaling up to hundreds of billions of parameters and in-
troducing enhanced routing and expert regularization. These models showed that
expert sparsity can enable models to train faster and generalize better with fewer
FLOPs per parameter [107].

Multilingual and Multitask Models. MoE has also enabled the creation of
unified multilingual models that can scale effectively across languages [108]. For
instance, the M6-T model [? | uses MoE in a multitask setting to jointly learn from
different modalities and languages, demonstrating strong cross-lingual transfer. In
multitask NLP, MoE allows selective routing of different tasks to different experts,
leading to improved task specialization and better resource sharing.
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6.2 Computer Vision

Although MoE originated in NLP applications, its modular and scalable nature
has also proven valuable in the vision domain, particularly in the context of vision
transformers and large-scale image classification [109].

Vision Transformers with MoE. The Vision MoE (V-MoE) model [31] adapts
sparse MoE layers into the feed-forward blocks of vision transformers [110]. V-
MokE achieves improved performance on ImageNet and other vision benchmarks by
introducing conditional computation, enabling the model to dynamically adjust its
capacity based on input complexity [111]. It also shows that routing decisions made
on intermediate representations can correlate with semantic content, enabling some
degree of interpretability [112].

Efficient Training of Large-Scale Vision Models. MoE has been used to
reduce training costs in large-scale vision systems by allowing only a subset of ex-
perts to be active at each step [113]. Conditional computation improves efficiency
and allows deployment of much larger models than would be feasible under full
computation regimes [114].

6.3 Speech and Audio Processing

MoE models have also been successfully employed in speech recognition and audio
classification, where data exhibits temporal variability and task diversity [115].

Self-Supervised Speech Models. Wu et al. [? | incorporated MoE into their
self-supervised speech representation learning framework (BigSSL). They showed
that sparse experts can lead to higher representational capacity and downstream
task performance in phoneme recognition and speaker identification.

Multi-Speaker and Multi-Task Scenarios. MokE is particularly useful in
multi-speaker environments, where different experts can specialize in different
speaker profiles or dialects. This modularity improves generalization across de-
mographic groups and enhances fairness in speech applications [116].

6.4 Multi-Modal Learning

The conditional and modular nature of MoE makes it a natural fit for multi-modal
models that integrate inputs from text, vision, audio, and other modalities [117].
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Cross-Modal Routing. Goyal et al. [? | proposed a multi-modal MoE archi-
tecture in which different experts are selectively activated based on the modality
of the input [118]. This allows for shared experts across modalities while also
supporting modality-specific specializations. Such architectures are beneficial in
tasks like image captioning, visual question answering (VQA), and cross-modal
retrieval.

Scalable Multi-Modal Transformers. MoE has been used to scale up multi-
modal transformers for tasks such as document understanding, where models must
process textual, visual, and structural information simultaneously. Conditional
activation allows these models to dynamically allocate resources depending on the
complexity of each input component.

6.5 Continual, Lifelong, and Meta-Learning

The inherent modularity of MoE models also makes them appealing in continual
and lifelong learning scenarios, where models must adapt to new tasks without
catastrophic forgetting.

Expert Growth and Replacement. Recent works have explored dynamic ex-
pert creation, pruning, and replacement strategies within MoE systems. As new
tasks arrive, the model can instantiate new experts or repurpose underutilized
ones, facilitating continual adaptation [27].

Task-Aware Routing. In meta-learning contexts, MoE routing functions can
learn to specialize experts based on task embeddings, effectively partitioning model
capacity across task distributions [119]. This enables few-shot and zero-shot gen-
eralization without retraining the entire model.

6.6 Industry Applications and Deployment

MoE models have been deployed in large-scale industrial systems due to their
favorable trade-offs between performance and cost [120]. Examples include:

o Google’s production translation systems based on GShard and Switch Trans-
former.

e YouTube’s recommendation engines incorporating MoE-style modularity for
personalization.

» Vision systems for content moderation and retrieval using V-MoE for scalable
classification [121].
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These real-world deployments highlight MoE’s practical viability and its abil-
ity to balance model scale, inference latency, and accuracy under production con-
straints [122].

6.7 Summary

Mixture of Experts models have shown strong empirical success across a wide range
of application domains, particularly where scalability, efficiency, and adaptability
are essential. Their versatility makes them appealing not only for research but
also for real-world deployment in industry. Despite their promising results, there
remain open challenges in generalization, task transfer, and interpretability [123].
In the next section, we review the theoretical underpinnings of MoE models and
explore recent work that attempts to formalize their behavior and advantages from
a principled perspective [124].

7 Conclusion

Mixture of Experts (MoE) has re-emerged as a powerful and scalable paradigm
in modern deep learning, offering a compelling framework for conditional compu-
tation, modular specialization, and efficient scaling. Over the past few years, the
evolution of MoE models has transitioned from theoretical interest to practical
dominance, with applications spanning natural language processing, computer vi-
sion, speech processing, and multi-modal learning. By decoupling capacity from
computational cost, MoE enables the training of ultra-large models while main-
taining tractability in both training and inference.

This survey has comprehensively examined the foundations, methodologies,
and frontiers of MoFE architectures. We began with an overview of their conceptual
origins and fundamental design, distinguishing between sparse and dense expert
configurations, hard and soft routing schemes, and hierarchical extensions. We
then explored the challenges of training MoE systems—highlighting issues like
expert collapse, load imbalance, and routing non-differentiability—along with the
techniques proposed to stabilize and optimize them. A deep dive into applications
demonstrated MoE’s versatility across domains, from high-performance language
models like Switch Transformer and GLaM, to scalable vision systems like V-MoE,
to dynamic, modular architectures in multi-modal and continual learning settings.

On the theoretical front, we reviewed how MoE models relate to and extend
principles from ensemble learning, conditional computation, and modularity the-
ory. Recent work has begun to formalize the generalization and expressivity of
MoE, but much remains to be understood. The dynamic nature of expert rout-
ing, the complex optimization landscape, and the combinatorial nature of sparse
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activation present rich avenues for continued research.

Despite their promise, MoE models are not without limitations. Challenges re-
main in terms of expert under-utilization, scaling efficiency in distributed environ-
ments, robustness to routing errors, and interpretability of expert specialization.
Furthermore, the lack of standardized benchmarks and reproducibility practices
poses a barrier to fair comparison and wider adoption. Future work must address
these concerns while also exploring new frontiers such as dynamic expert genera-
tion, lifelong learning, energy-efficient deployment, and integration with emerging
paradigms like retrieval-augmented models and foundation models.

In summary, Mixture of Experts represents a paradigm shift in model architec-
ture design—moving from monolithic networks to modular, adaptive systems. Its
success demonstrates that computation need not be uniform to be powerful. As
research continues to mature, MoE is poised to play a central role in the next gen-
eration of intelligent systems, combining scalability, flexibility, and specialization
in a single unifying framework.
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