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Abstract

Mixture of Experts (MoE) models have emerged as a powerful framework in machine learning,
combining multiple specialized expert networks through a gating mechanism to enable scalable,
efficient, and ad aptive c o mputation. This survey provides a comprehensive and mathematically
rigorous overview of efficient a nd e xplainable M oE ar chitectures, e ncompassing t heir theoretical
foundations, optimization properties, and generalization guarantees. We explore a broad range of
applications across natural language processing, computer vision, reinforcement learning, healthcare,
and industrial domains, illustrating the versatility and empirical effectiveness of MoE models. A
central focus is placed on explainability: we formalize attribution methods that leverage the modular
structure of MoE, discuss quantitative metrics for interpretability, and examine strategies to enhance
transparency and trustworthiness. Finally, we identify key open challenges and promising research
directions, aiming to bridge the gap between scalable model design and human-centric interpretability.
This survey serves as a foundational resource for advancing the development of efficient, explainable,
and robust Mixture of Experts in modern machine learning.

Keywords: mixture of experts; conditional computation; explainability; interpretability; modular net-
works; optimization; theoretical analysis; natural language processing; computer vision; reinforcement
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1. Introduction

In recent years, the field of machine learning has witnessed an increasing emphasis on the
development of models that are not only accurate but also computationally efficient and interpretable.
Among the many architectural paradigms that have gained traction in addressing these multifaceted
requirements, the Mixture of Experts (MoE) framework has emerged as a particularly powerful approach.
The core idea behind MoE is to decompose a complex learning task into simpler sub-tasks, each handled
by a specialized sub-network, or expert, and coordinated through a gating function that dynamically
selects which experts are active for a given input [1]. This survey explores the landscape of efficient
and explainable MoE models in machine learning, aiming to provide a rigorous and comprehensive
analysis of their theoretical foundations, practical instantiations, and interpretability properties [2].
Let ¥ C R?and J C RF denote the input and output spaces, respectively [3]. Given a dataset
D = {(x;,y;) }, sampled i.i.d [4]. from an unknown joint distribution P(X, Y), the goal of supervised
learning is to learn a function f : X — ) that minimizes the expected loss E(x y).p[L(f(X),Y)],
where £ is a suitable loss function such as the squared loss or cross-entropy [5]. In the MoE paradigm,
this function is modeled as a convex combination of M experts:

M
flx) = Z Gm(x?gg)fm(x?gm)/ 1)
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where each f;, : X — ) is an expert parameterized by 6,,, and G,, : X — [0,1] is a gating function such
that YM | G, (x; f;) = 1forall x € X', with 6, denoting the gating network’s parameters. Traditional
MoE models, as introduced by Jacobs et al., are typically trained via the Expectation-Maximization (EM)
algorithm or backpropagation, where the gating network learns a soft partitioning of the input space [6].
However, the full computation of all M experts at inference time renders such models computationally
expensive. Recent advancements have proposed sparse or conditional MoE architectures, where only
asubset A(x) C {1,..., M} of experts is activated for any given input x, with | A(x)| < M, thereby
significantly reducing computational overhead [7]. Mathematically, the sparse formulation is:

flx) = Z Gm(x;Qg)fm(x;Qm), )

meA(x)

where A(x) is determined via a top-k operation or learned sparsification mechanism [8]. These tech-
niques introduce new challenges in gradient estimation, load balancing, and convergence guarantees,
which we will explore in depth. In parallel with efficiency, the interpretability of MoE models has
gained renewed interest. Unlike monolithic deep neural networks, MoE naturally lends itself to
explanations via expert attribution [9]. Specifically, the gating weights G,,(x) can be viewed as a
form of instance-specific model selection, providing a decomposition of the prediction into expert
contributions. Letting ¢y, (x) := G (x;6g) fin(x; 01 ), the final prediction is additive in nature:

M
flx) = Zlebm(x), 3)

which allows for direct attribution of the prediction to individual experts [10]. Moreover, if the
experts themselves are interpretable (e.g., decision trees or linear models), the overall model retains
a level of transparency uncommon in conventional neural architectures. From a Shapley-theoretic
perspective, one may also interpret G,,(x) as approximating the contribution of expert m to the
cooperative prediction process. The interplay between efficiency and explainability in MoE is not
merely coincidental but deeply structural. The sparse MoE models, which restrict the number of
active experts, inherently reduce the complexity of the inference path, making it easier to analyze
and interpret [11]. At the same time, this sparsity introduces optimization challenges, particularly
in gradient backpropagation through discrete selection mechanisms [12]. Various approaches have
been proposed to mitigate this, including Gumbel-Softmax relaxation, REINFORCE-style estimators,
and differentiable top-k approximations [13]. Let 71, (x) := I{m € A(x)} denote the binary selection
indicator, then the gradient of the loss £(f(x),y) with respect to gating parameters involves terms like:

Ve L= Y [vegcm(x;eg). fm(x;em)}-vfz, 4)
meA(x)

which becomes ill-defined when A(x) is selected via non-differentiable operations, motivating the need
for smooth surrogates. This survey is structured to examine the MoE paradigm from multiple angles:
theoretical underpinnings of model expressivity and generalization bounds; architectural innovations
for sparse and hierarchical expert selection; training algorithms tailored for scalability; and techniques
for rendering the models interpretable and trustworthy [14]. We also analyze the connections between
MoE and other modular or compositional frameworks such as neural program induction, meta-
learning, and dynamic computation graphs [15]. Through this mathematically rigorous exploration,
we aim to provide a unified perspective on how MoE models can serve as a nexus for efficient and
explainable machine learning. The ultimate goal is to advance understanding in a way that bridges
theory and practice, enabling the deployment of MoE systems in critical domains such as healthcare,
finance, and scientific discovery, where interpretability and resource efficiency are of paramount
importance.
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2. Theoretical Foundations and Convergence Analysis of Mixture of Experts

Understanding the theoretical underpinnings of Mixture of Experts (MoE) models is critical to
elucidate their approximation capabilities, optimization behavior, and generalization properties. This
section delves into the rigorous mathematical foundations of MoE, including function approximation
theory, convergence guarantees of training algorithms, and statistical learning bounds [16]. We
emphasize precise formulations and proofs where applicable, to provide a solid theoretical framework
supporting the empirical successes of MoE architectures [17].

2.1. Function Approximation Capacity

At its core, a Mixture of Experts model can be viewed as a universal approximator capable of
representing complex functions via a partition of unity combined with specialized local experts [18].
Formally, consider a target function f* : X — R? defined on a compact domain X C R". The MoE
model with M experts approximates f* by

M

f(x:0) =) Gul(x;0) fin(x;6m), (5)

m=1
where @ = (0,01, ...,0)) denotes all parameters. The gating functions G, form a partition of unity:

M
Gu(x;0) >0, ) Gu(x;0,) =1, VxeX. (6)

m=1

Under mild regularity conditions, such as continuity and boundedness of f*, universal approxi-
mation theorems (e.g., [19? ]) guarantee that there exist parameter settings © such that

sup [|f(x;0) — f*(x)]| <&, )
xeX

for any € > 0. This approximation leverages the fact that MoE models can locally specialize experts
to different regions of X', with gating functions smoothly interpolating between them. Moreover, if
each expert f, belongs to a rich function class (e.g., neural networks with universal approximation
capacity), the MoE’s expressivity is further enhanced. In fact, it has been shown that MoE architectures
can approximate certain classes of piecewise smooth functions more efficiently than monolithic models,
requiring fewer parameters to achieve a given approximation error [? |.

2.2. Optimization Landscape and Convergence

The optimization problem in training MoE models is inherently non-convex and involves both
continuous parameters 6y, of the experts and gating parameters 6, that control discrete or near-discrete
routing [20]. The empirical risk minimization problem is:

1N M
m@inN ZC(Z Gm(xi}eg)fm(xi;em)/yi>/ 8)
i=1 m=1

where {(x;,y;)}IV, is the training dataset and £ is a suitable loss function (e.g., cross-entropy). Recent
theoretical results [? ? ]| analyze the convergence properties of gradient-based methods for MoE
training under assumptions such as smoothness and bounded gradients. Specifically, for continuous
relaxations of gating (e.g., softmax gating), standard stochastic gradient descent (SGD) converges
to stationary points of the loss landscape with high probability, given appropriate step sizes and
initialization. The rate of convergence depends on Lipschitz constants of the gradients and the variance
of stochastic estimates [21]. When discrete gating is employed, the optimization is combinatorial
and more challenging [22]. However, methods such as the Gumbel-Softmax relaxation provide a
continuous approximation enabling gradient-based optimization with convergence guarantees to
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approximate stationary points [? ] [23]. Alternatively, EM-like algorithms can be derived exploiting
the latent variable interpretation of gating:

z; ~ Categorical(G(x;;0;)), f(x;) = fz(x;).[24] )

The Expectation-Maximization (EM) framework iteratively updates gating probabilities and expert
parameters, with convergence to local optima guaranteed under standard assumptions [? ].

2.3. Generalization Bounds

From a statistical learning theory perspective, bounding the generalization error of MoE models
is non-trivial due to the combined complexity of the gating and expert functions [25]. Nevertheless,
by decomposing the hypothesis class ‘H into gating class G and expert classes F;, one can derive
uniform convergence bounds. Let the Rademacher complexity of gating and expert function classes be
RN (G) and Ry (Fin), respectively. Then, under standard Lipschitz assumptions on £, the empirical
risk minimizer f satisfies with probability at least 1 — :

M
EL(f(0),9)] - ;g;E[£<f<x>,y>1s0<21mN<fm>+mN<g>+ 1g§$“”> (10

This bound illustrates that the complexity of both gating and expert classes contributes additively to the
overall generalization capacity. Furthermore, sparsity in gating can effectively reduce the hypothesis
complexity by limiting the number of active experts per input, which can be interpreted as a form of
model regularization. This sparsity-induced regularization can improve generalization by mitigating
overfitting, as substantiated by empirical and theoretical studies [26].

2.4. Open Problems and Future Directions

Despite these foundational results, several theoretical challenges remain open. Characterizing
global optimality and escape from saddle points in the highly non-convex MoE loss landscape is an
active area of research. Additionally, understanding the interplay between gating smoothness, expert
specialization, and sample complexity could yield novel insights for designing more effective training
algorithms [27]. In conclusion, the theoretical analysis of Mixture of Experts models confirms their
expressive power and provides convergence guarantees for practical training methods [28]. However,
the complexity of their optimization landscape and generalization behavior demands continued
investigation to fully harness their potential in scalable, interpretable, and efficient machine learning
systems.

3. Architectural Foundations of Mixture of Experts

The design of Mixture of Experts (MoE) architectures is intrinsically guided by the principles
of modularity, conditional computation, and selective activation. At the heart of these systems lies a
gating mechanism which dynamically routes inputs to a subset of specialized experts, thereby reducing
the computational footprint while preserving, or even enhancing, representational power. This section
delves into the architectural underpinnings of MoE systems, beginning with a conceptual visualization
constructed using TikZ, followed by an exhaustive discussion of the implications of modular design in
high-dimensional function approximation and efficient inference.

The architecture illustrated in Figure 1 encapsulates the high-level structural blueprint of a typical
MoE model [30]. Let us denote the gating function as G : X — AM~1 where AM~1 is the (M — 1)-
dimensional probability simplex, ensuring that Y. | G,,(x) = 1 and G,,(x) > 0 for all m. Each expert
fm : & = Y is typically parameterized as a neural sub-network with its own weights 6,,, and the final
output is computed via a convex aggregation as previously defined. The design choice of how G(x) is
modeled has significant implications on both the model’s efficiency and its interpretability [31]. For
instance, softmax-based gating leads to a dense mixture where all experts are partially active, whereas
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top-k sparsification methods lead to a hard selection where only a subset of experts contribute to the
prediction, thus achieving a desirable trade-off between expressivity and computation. Moreover,
the routing mechanism embodied by the gating network introduces a form of dynamic sparsity. This
sparsity is conditional on the input and promotes computational efficiency, especially in large-scale
regimes [32]. Let A(x) denote the set of selected experts, where |A(x)| = k < M. The forward
pass complexity thus scales as O(k - C. + C; ), where C, is the average computational cost of a single
expert and Cy is the cost of computing the gating distribution. This sublinear scaling property makes
sparse MoE models particularly attractive for deployment in resource-constrained environments or
in scenarios demanding real-time inference, such as autonomous systems or embedded diagnostics.
From a representational perspective, MoE models can be interpreted through the lens of piecewise
function approximation. In essence, the gating network partitions the input space & into overlapping
regions, each dominated by a different subset of experts. Within each region, the output is computed
by a linear combination of the experts’ predictions, weighted by the gating probabilities [33]. This
results in a highly expressive, yet structured, approximation space where the complexity of the
learned function can grow with the number of experts, yet remain locally linear or low-dimensional
[34]. Furthermore, under appropriate conditions, such architectures enjoy theoretical guarantees on
universal approximation and sample complexity bounds [35]. Specifically, if each expert belongs
to a hypothesis class H with VC-dimension d, the overall MoE model can be shown to belong to a
class with VC-dimension scaling as O (k - d 4 dg ), where d, is the complexity of the gating network.
This observation not only clarifies the capacity of MoE models but also informs their regularization
strategies and generalization behavior. The compositional nature of the MoE architecture also opens
avenues for hierarchical and recursive extensions [36]. For example, one may define a multi-layered
MOoE, where the output of one mixture module feeds into another, resulting in a deep mixture structure
akin to hierarchical Bayesian models or decision forests [37]. Such architectures exhibit a mixture-of-
mixtures topology, and their analysis necessitates advanced tools from hierarchical learning theory and
compositional function spaces [38]. These deep MoE models can be especially effective in modeling
structured data such as images, time series, or language, where different levels of abstraction are
naturally aligned with different layers of computation. Finally, it is worth noting that the architecture
and connectivity patterns of MoE models have profound implications for explainability [39]. Since
the path of execution is determined by the gating network, one can trace the computational graph of
a given input through the activated experts [40]. This traceability enables local interpretability: the
model’s decision can be dissected into expert-specific contributions, and one can pose counterfactual
queries such as "what if another expert had been selected?" or "how sensitive is the output to changes
in gating scores?" Such insights are invaluable in high-stakes domains where trust, auditability, and
accountability are non-negotiable [41]. Consequently, architectural design choices are not merely
matters of engineering convenience, but are inextricably linked to the epistemological transparency of
machine learning systems [42].

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. A schematic representation of a Mixture of Experts model with 4 experts and a gating network [29]. The
gating function dynamically routes the input x to a subset of experts, whose outputs are aggregated to produce
the final prediction f(x).

4. Training Paradigms and Optimization Challenges in Mixture of Experts

The training of Mixture of Experts (MoE) models encompasses a rich tapestry of algorithmic
and theoretical challenges, which arise from the intrinsic modularity, conditional computation, and
discrete selection mechanisms embedded within these architectures [43]. This section undertakes
a meticulous examination of the various optimization strategies deployed to effectively train MoE
models, highlighting their mathematical formulations, convergence properties, and practical trade-
offs. Complementing this narrative is a detailed TikZ diagram that elucidates the iterative training
dynamics involving both the gating and expert subnetworks.

The training process visualized in Figure 2 succinctly captures the interplay between the gating
network and the ensemble of experts [44]. For each mini-batch {x;,y;}2 ;, the gating network produces
a distribution over experts, G(x;;60,), which determines the routing of each input to a subset of
active experts A(x;) [45]. The outputs from these experts, parameterized by {6,,}_;, are aggregated
according to the gating weights to form the final prediction f(x;). The loss £, typically a smooth
convex function such as cross-entropy or mean squared error, quantifies the discrepancy between
predictions and ground truth labels, providing the scalar objective for gradient-based optimization
[46]. A fundamental challenge in this optimization is the conditional sparsity of the gating function,
which often incorporates non-differentiable operations such as top-k selection or hard thresholding:

A(x) = Top-k(G(x;6g)), (11)

introducing discrete routing decisions [47]. This discrete selection induces piecewise constant gradients
that complicate direct backpropagation, rendering the naive gradient estimator biased or even zero
almost everywhere [48]. To address this, several gradient estimation techniques have been developed,
including continuous relaxations such as the Gumbel-Softmax trick, where the categorical gating
distribution is approximated by a differentiable sample from a Gumbel-Softmax distribution:

Cun(x:8) = exp((log 7tm + gm) / T)

Z].Ail exp((log 7 + g]')/T)

where g, ~ Gumbel(0, 1) are i.i.d. noise variables, 77,, are the logits produced by the gating network,
and T > 0 is a temperature parameter controlling the approximation fidelity. As T — 0, the distribution
approaches a categorical, recovering the hard routing behavior; as T increases, the gating becomes
smoother and more amenable to gradient propagation. Another class of methods relies on reinforce-
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ment learning-inspired estimators such as REINFORCE or its variance-reduced variants, where the
routing decision is treated as a stochastic policy and gradients are estimated via the likelihood ratio
trick:

Vo Bl [£(f(),y)] = Ex [L(f(x),9) Vi, log (Alx;6) | (13)

Though unbiased, these estimators typically suffer from high variance, demanding careful variance
reduction techniques such as baselines, control variates, or adaptive learning rate schedules [19]. Load
balancing is yet another critical consideration [49]. In scenarios with many experts, imbalanced expert
utilization can degrade both model capacity and training stability. To mitigate this, regularization
terms are incorporated into the loss to promote equitable load distribution [50]. For instance, the load
balancing loss can be formalized as:

1 B
Lioad = A - Vary, (B 1; Gm(xi)> ’ (14)

where A is a hyperparameter tuning the strength of the regularization [51]. Minimizing the variance
of expert usage encourages the gating network to distribute assignments more evenly, preventing
expert collapse. From a theoretical standpoint, convergence analyses of MoE training algorithms
are an active area of research. Under smoothness and boundedness assumptions on the gating and
expert parameterizations, stochastic gradient descent (SGD) variants have been shown to converge
to stationary points of the expected risk [52]. However, the non-convex and piecewise nature of
the MoE loss landscape introduces local minima and saddle points, which complicate guarantees
of global optimality. Recent advances leverage tools from non-smooth optimization and implicit
regularization to elucidate the geometry of these landscapes and propose initialization schemes or
learning rate schedules that improve convergence speed and solution quality [53]. Moreover, the
hierarchical training of deeper or recursive MoE models introduces additional complexity due to
interdependencies between layers of gating and expert modules [54]. Gradient flow through multiple
gating layers can be hindered by vanishing or exploding gradients, necessitating architectural adapta-
tions such as residual connections, layer normalization, or gating-specific normalization techniques
[55]. Meta-learning approaches have also been explored, where the gating parameters themselves are
optimized with respect to downstream task performance via higher-order gradients, adding a bilevel
optimization flavor to the training dynamics. In sum, the optimization of Mixture of Experts models
demands a sophisticated amalgamation of gradient estimation techniques, regularization strategies,
and architectural innovations. Understanding and addressing these challenges is crucial for realizing
the full potential of MoE models in large-scale and high-stakes machine learning applications, where
both computational efficiency and reliable, interpretable performance are paramount [56].

[Input Batch {x;} P_l]

Conditional Routing
)} [Experts: {fm(x; Gm)}f‘f:l}

Figure 2. Training loop of a Mixture of Experts model illustrating the forward pass, conditional routing, aggrega-

[Gating Network: G(x; 0,

tion, loss computation, and gradient-based updates of both gating and expert parameters.
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5. Explainability and Interpretability of Mixture of Experts

The interpretability of machine learning models has become a central concern, particularly in
domains where decisions must be transparent, auditable, and justifiable [57]. Mixture of Experts (MoE)
architectures, by virtue of their modular and conditional structure, present unique opportunities and
challenges for explainability [58]. This section provides a comprehensive, mathematically detailed
exploration of explainability mechanisms inherent to MoE models, methods to quantify and enhance
interpretability, and theoretical insights into the fidelity of explanations derived from expert attributions
[59]. At the core of MoE explainability lies the decomposition of the prediction into expert-wise
contributions. Given an input x € X, the MoE prediction is expressed as:

M M
flx) = Z,l G (x;0g) fn (X 0m) = Zl Pm(x), (15)

where we define the contribution function ¢y (x) := G (x;0g) f(x; 6m). This additive decomposition
provides a natural interpretability handle: the gating weight G, (x) quantifies the importance or respon-
sibility of expert m for the given input, while f,,,(x) encapsulates the expert’s specialized prediction.
Importantly, the function ¢, can be analyzed individually to interpret how each expert influences the
final output. From an attribution perspective, the gating values G, (x) serve as an input-dependent
soft selection mechanism, mapping inputs to a distribution over experts. This induces a probabilistic

partition of the input space, denoted {Q),}_;, where
Q= {x € X : Gu(x) = maxG;j(x)}, (16)

]

though in practice these sets can overlap due to soft gating. These partitions allow the interpretation of
MOoE as a mixture model with context-specific expert specialization. Analyzing these partitions provides
insight into how the model segments the input domain and delegates predictive responsibility [60].
More formally, explainability can be framed using cooperative game theory concepts such as Shapley
values [? ]. For MoE models, the Shapley value ¢, (x) associated with expert m measures the average
marginal contribution of that expert to the prediction f(x) over all subsets of experts:

=y BMESIED ) - ), 1)
SC{L M)\ {m) :

where fs(x) denotes the output of the MoE model restricted to experts in subset S. Although ex-
act computation of Shapley values is combinatorially expensive, approximations can be efficiently
computed leveraging the sparsity of A(x) and structural properties of gating functions [61]. In ad-
dition to global explanations, local interpretability techniques are crucial for explaining individual
predictions [62]. Methods such as LIME [? ] or Integrated Gradients [? ] can be adapted to MoE by
focusing on perturbations of gating weights or expert outputs. For example, local perturbations of
G (x) reveal the sensitivity of the final prediction to expert selection, while perturbations of expert
parameters 6, can illuminate the internal decision boundaries of each expert [63]. This two-tiered
interpretability—at the gating and expert levels—provides a granular view into the decision-making
process. The explainability of MoE also benefits from architectural design choices [64]. When experts
are inherently interpretable models, such as linear regressors, decision trees, or rule-based systems, the
combined MoE model inherits these transparent characteristics [65]. Moreover, enforcing sparsity in
gating via top-k selection simplifies explanations by reducing the number of active experts for any
input. Formally, if A(x) denotes the active expert subset, then

flx) = Z G (%) fm (x), (18)

meA(x)
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and the explanation involves only | A(x)| terms, typically much smaller than M, facilitating compre-
hensibility [66]. Quantifying the fidelity of explanations is an ongoing research direction [67]. One
approach involves measuring the faithfulness metric, which evaluates how well the attribution ¢y, (x)
approximates the true influence of expert m. Let f_,(x) denote the MoE output with expert m ablated
(e.g., by zeroing its contribution). Then the fidelity score for expert m can be expressed as:

Fidelity,, (x) =1 — f(x) _6[ —(11)(|x4)r; Pm(x)| 19)

where € is a small constant for numerical stability. High fidelity indicates that the attribution ¢y,

accurately reflects the expert’s marginal effect on the prediction. Furthermore, MoE models allow
for counterfactual reasoning by manipulating gating outputs [68]. Consider a counterfactual gating
vector G'(x) where the probability mass assigned to a particular expert is altered or nullified [69]. The
resulting prediction,

M
£ = 1 G, 20

enables exploration of “what-if” scenarios that aid in model debugging and trust-building with
end-users [70]. This property is especially valuable in high-stakes applications such as healthcare
or finance, where understanding alternative decision pathways is critical. Finally, it is important
to highlight that the explainability of MoE models does not come without caveats [71]. The gating
function itself can be complex and opaque if implemented as a deep neural network, potentially
obscuring the rationale behind expert selection [26]. Therefore, auxiliary explainability methods—such
as attention visualization, surrogate models, or symbolic simplification—are often necessary to fully
elucidate the gating decisions [72]. In summary, the mixture of experts framework offers a rich
structure for explainability that leverages additive expert contributions and conditional routing [73].
By exploiting these intrinsic properties and augmenting them with theoretical tools from attribution
and interpretability literature, one can develop robust, transparent MoE models capable of producing
human-understandable explanations while maintaining state-of-the-art performance.

6. Efficiency Considerations and Scalability in Mixture of Experts

One of the principal motivations for employing Mixture of Experts (MoE) architectures is their
potential to significantly enhance computational efficiency and scalability without compromising
predictive accuracy [74]. This section provides a rigorous examination of the efficiency paradigms
inherent in MoE, including theoretical complexity analyses, hardware-aware optimization strategies,
and the trade-offs between model size, inference latency, and energy consumption. The discussion is
grounded in mathematical formalism and supported by recent advances in sparse and conditional
computation frameworks [75]. The computational efficiency of MoE stems fundamentally from
its conditional execution paradigm [76]. Given a total of M experts, each parameterized by 6,,
and having computational cost C,, the gating network G(x;6;) selectively activates only a subset
A(x) C{1,..., M} of size k < M. Thus, the forward pass computational complexity for a single input
x can be characterized as:

Crnior (x) = Cg + k- Ce, (21)

where C; denotes the cost of computing the gating distribution G(x) [77]. Crucially, when k is held
fixed and small relative to M, the per-example complexity grows sublinearly with respect to the total
number of experts, enabling the training and inference of models with vastly increased capacity at a
marginal computational cost. To formalize the efficiency gains, consider a baseline monolithic model
fmono of comparable capacity but without conditional computation, whose cost per input is Cmono- If
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the MoE model achieves equal or superior accuracy with M > 1 experts and sparse gating k < M,
then the speedup factor S is approximately:

Cmono Cmono
STtk G kG @)

assuming Cy, < k - C,. This relation highlights the efficiency advantage when the gating overhead
is negligible and expert computation dominates. From a parameter efficiency perspective, MoE
models exploit overparameterization by distributing parameters across multiple experts rather than
concentrating them in a single large network. Let P, denote the parameter count of a single expert, so
total parameters sum to Pyota1 = M - Py, + Pg, where Pq are gating parameters [78]. Despite the large
parameter count, only k experts are active per input, effectively reducing memory bandwidth and
compute requirements at inference time [79]. This leads to an effective parameter utilization ratio:

:k~Pm+Pg: k- Py + Pg zﬁ 23)
Protal M'Pm+Pg M’

which is small when M > k, indicating high parameter efficiency. However, practical deployment
of MoE models on hardware architectures introduces challenges such as load imbalance, memory
fragmentation, and communication overhead between experts, especially in distributed settings. Load
imbalance occurs when the gating network assigns disproportionate numbers of inputs to a few
experts, leading to resource underutilization and latency bottlenecks [80]. To quantify load imbalance,
define the expert utilization vector over a batch B as:

u=(uy,up, ..., up), Um= N Z I[m e A(x)], (24)
|B| xeB

where I[-] is the indicator function [81]. The load imbalance ratio p is given by:

maXy, Uy,

_ _mamtm 25
ﬁ Z%:l Um )

P

with p ~ 1 indicating balanced load and larger values indicating imbalance. Several algorithmic
solutions have been proposed to mitigate imbalance, such as auxiliary load balancing loss terms,
expert dropout, and entropy regularization on the gating distribution. These methods encourage more
uniform expert usage, thereby improving throughput and reducing latency variance [82]. From a
hardware perspective, recent work exploits sparsity patterns and conditional computation to optimize
memory access and parallelism. For instance, tensor slicing aligned with expert boundaries and
asynchronous dispatch of expert computations can maximize GPU/TPU utilization. Additionally,
quantization and pruning techniques applied at the expert level further reduce memory footprint and
inference cost without substantial accuracy degradation[83]. Latency considerations are paramount for
real-time applications [84]. The conditional nature of MoE enables flexible trade-offs between speed
and accuracy by adjusting the sparsity parameter k [85]. Dynamic k-selection policies can adaptively
choose the number of active experts based on input complexity or resource constraints, formalized as:

K(x) =arg, _ min  [Los(k) +A-Coompure(K')], (26)
where A balances the accuracy-latency trade-off and Ly, is the task loss conditioned on k’. In summary,
the efficiency of Mixture of Experts models is underpinned by conditional computation, parameter
sparsity, and strategic architectural design. While offering substantial scalability and speedup, realizing
these benefits in practice necessitates addressing load balancing, hardware-aware optimizations, and
dynamic routing policies. Mastery of these aspects enables the deployment of MoE models in large-
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scale, latency-sensitive, and resource-constrained environments, pushing the frontier of efficient and
scalable machine learning [86].

7. Applications and Case Studies of Mixture of Experts

The Mixture of Experts (MoE) paradigm has found widespread applicability across a diverse set
of domains, leveraging its modular structure and conditional computation to address complex real-
world problems with improved scalability, adaptability, and interpretability. This section presents an
extensive survey of representative applications and case studies, highlighting how MoE architectures
have been tailored to meet the unique challenges of various tasks, supported by rigorous experimental
evaluations and theoretical insights [87].

7.1. Natural Language Processing

In natural language processing (NLP), MoE models have revolutionized large-scale language
modeling and sequence-to-sequence tasks. For instance, the pioneering work by Shazeer et al. [26]
demonstrated that scaling transformer models with MoE layers enables training models with hundreds
of billions of parameters while maintaining computational efficiency through sparse expert activation.
Formally, given an input token embedding sequence X = (x1,...,x7), MOoE layers selectively route
each token embedding x; to a subset of experts, represented as:

M

MOE(Xt) = 2 Gm(xt)fm(xt), (27)

m=1

where f,, are transformer feed-forward sub-networks. This conditional routing improves parameter
utilization and enables specialization of experts in linguistic phenomena such as syntax, semantics, or
domain-specific jargon. Experimental results on benchmarks like language modeling (e.g., WikiText-
103) and machine translation (e.g., WMT datasets) reveal significant perplexity and BLEU score
improvements compared to dense counterparts [88]. Moreover, MoE architectures facilitate continual
learning by allowing experts to adapt or be added incrementally without retraining the entire model, a
property crucial for evolving NLP applications.

7.2. Computer Vision

In computer vision, MoE models address the challenge of handling heterogeneous visual data
and tasks such as object detection, segmentation, and classification [89]. Experts can specialize in
different visual domains, scales, or semantic categories [90]. For example, ? ] introduced MoE layers
within convolutional neural networks (CNNSs) to adaptively select experts based on image patches
or feature maps. Mathematically, given an input image I, feature extraction produces embeddings
F = {f;} corresponding to spatial locations or regions [91]. The gating function G(f;) routes each
feature vector to appropriate experts:

M

J?i = 2 Gm(ﬁ')fm(fi)r (28)

m=1

enabling context-aware feature transformation. This leads to enhanced representation power and
robustness against visual domain shifts [92]. Case studies on large-scale datasets like ImageNet
and COCO demonstrate improved top-1 accuracy and mean Average Precision (mAP), alongside
reductions in inference latency due to sparse expert evaluation. Additionally, interpretability analyses
show that experts often align with semantically meaningful concepts, such as textures or object parts,
enhancing explainability [93].
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7.3. Reinforcement Learning

In reinforcement learning (RL), MoE models facilitate policy specialization and modular decision-
making [94]. Consider a Markov Decision Process (MDP) with state space S and action space A [95].
An MoE policy 7t decomposes into expert policies {71,, } combined via a gating policy G:

M

m(als) = Z G (s)7tm(als). (29)

m=1

This structure enables adaptive selection of expert policies based on state context, improving explo-
ration and sample efficiency [96]. Applications include robotics, where different experts handle distinct
motor primitives, and multi-task RL, where experts encode task-specific strategies [97]. Empirical
studies illustrate faster convergence and higher cumulative rewards compared to monolithic policies,
with the gating network facilitating transfer learning by leveraging shared expertise [98].

7.4. Healthcare and Biomedical Informatics

The modular nature of MoE models suits healthcare applications, where heterogeneous data
modalities and interpretability are paramount [99]. For example, in electronic health record (EHR) anal-
ysis, different experts can model demographic, clinical, and imaging data streams, combined through
gating mechanisms reflecting patient-specific characteristics. Case studies demonstrate improved
predictive accuracy in disease diagnosis, patient risk stratification, and treatment recommendation sys-
tems. Moreover, the explainability of MoE facilitates clinical decision support by attributing predictions
to domain-specific experts, aiding clinician trust and regulatory compliance.

7.5. Industrial and Systems Applications

MoE models also excel in industrial systems such as anomaly detection in manufacturing, recom-
mendation systems, and large-scale time series forecasting. By partitioning input domains or temporal
patterns, experts specialize in distinct operational regimes or customer segments. For example, in
predictive maintenance, experts model normal versus failure modes, with gating networks adapting to
varying machine conditions [100]. This specialization enhances detection precision and reduces false
positives.

7.6. Summary and Outlook

The versatility of Mixture of Experts is evident across domains, with their success attributable to
adaptive specialization, scalability, and inherent interpretability [101]. Future research aims to further
integrate MoE with domain knowledge, improve expert gating robustness, and extend applications
to emerging fields such as autonomous systems and personalized medicine [102]. Overall, the MoE
paradigm stands as a cornerstone in the design of next-generation intelligent systems [103].

8. Conclusion

In this comprehensive survey, we have explored the landscape of efficient and explainable Mixture
of Experts (MoE) models from both theoretical and practical perspectives. The modular design of
MOoE architectures, combining multiple specialized expert networks through learned gating functions,
offers a powerful paradigm for scaling model capacity while maintaining computational efficiency via
conditional computation. Our in-depth analysis of the theoretical foundations revealed the universal
approximation properties of MoE, alongside convergence guarantees for gradient-based and EM-like
optimization methods, and statistically rigorous generalization bounds reflecting the interplay between
gating complexity and expert expressivity.

We examined diverse applications across natural language processing, computer vision, rein-
forcement learning, healthcare, and industrial systems, demonstrating the versatility and empirical
effectiveness of MoE models in handling heterogeneous data, domain-specific challenges, and large-
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scale datasets. The case studies emphasize how expert specialization and adaptive routing contribute
to enhanced accuracy, efficiency, and robustness.

Central to the utility of MoE in real-world, high-stakes environments is their inherent potential
for explainability. The conditional mixture framework enables modular interpretability by attributing
predictions to individual experts, whose specialized roles can be elucidated through mathematical
attribution methods such as gradient decomposition and Shapley values. We discussed methodologies
to enhance explainability, including sparse routing, expert disentanglement, and prototype-based
explanations, while acknowledging challenges in balancing expressivity and interpretability.

Looking forward, several promising research directions emerge: advancing optimization al-
gorithms to better navigate the highly non-convex MoE loss landscapes; developing theoretically
grounded and computationally tractable explainability techniques tailored to dynamic and large-scale
MOoE; and extending MoE frameworks to new frontiers like continual learning, federated settings, and
autonomous systems. By uniting efficiency, scalability, and transparency, Mixture of Experts stand as a
cornerstone in the next generation of intelligent and trustworthy machine learning models.

This survey aims to provide a rigorous foundation and rich insights to guide researchers and
practitioners in designing, analyzing, and deploying MoE models that are not only powerful and
efficient but also interpretable and reliable.
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