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Abstract
Domain Generalization (DG) requires models to generalize
across unseen data distributions. Kernel-based theory reveals
a No-Free-Lunch problem: any model with a fixed represen-
tation is fundamentally sub-optimal for all possible shifts.
While large ensembles mitigate this, they are computation-
ally expensive and remain static once trained, inheriting the
same theoretical limitation. We introduce MoE2 (Mixture-of-
Mixtures of Experts), a framework that uses a single frozen
backbone to dynamically synthesize a bespoke adapter for
each input, allowing it to continuously adapt its effective ker-
nel. We provide a theoretical grounding for this process, prov-
ing our routing mechanism is a principled non-parametric es-
timator for the optimal Bayes mixture of experts. We derive a
generalization bound that cleanly separates the router’s esti-
mation error from the reduction in a kernel-mismatch penalty
achieved via synthesis. MoE2 matches or exceeds state-of-
the-art ensemble baselines on major DG benchmarks while
using only a single, compact model. MoE2 thus provides a
theoretically-grounded and lightweight alternative to large-
scale ensembles for robust domain generalization.

Code — https://github.com/AhmedMostafaSoliman/MoE2

Introduction
Modern machine learning systems in critical domains such
as medical imaging and autonomous driving must be robust
to distribution shifts, where test data differs markedly from
training data. Domain Generalization (DG) aims to solve
this challenge by learning models that generalize to unseen
domains (Gulrajani and Lopez-Paz 2021; Wang et al. 2022).
This task remains notoriously difficult because the space of
possible shifts is effectively unbounded.

A key theoretical obstacle is a ”No-Free-Lunch” phe-
nomenon, formally established from a kernel perspective:
for any model with a fixed representation, there exists a tar-
get distribution for which it is sub-optimal (Canatar, Borde-
lon, and Pehlevan 2021). This limitation of static models has
been empirically verified at scale; across hundreds of pre-
trained backbones, none is universally optimal for all shifts
(Li et al. 2023).

The dominant practical solution is to deploy large ensem-
bles of diverse models (Li et al. 2023; Arpit et al. 2022).

Copyright © 2026, Association for the Advancement of Artificial
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Figure 1: Our Mixture-of-Mixtures of Experts (MoE2, red)
consistently outperforms a standard Mixture of Experts
(MoA, blue). Notably, the performance of the MoA plateaus
and never catches up to MoE², even when its parameter
count surpasses our model’s.

By maintaining a portfolio of different static representa-
tions, these methods hope to have a suitable model avail-
able for any given task. However, this approach carries two
significant burdens: (i) prohibitive computational and mem-
ory costs, and (ii) a persistent theoretical fragility, as the en-
semble itself is still a static system post-training. This ten-
sion is further highlighted by the Platonic representation hy-
pothesis, which suggests large models converge to a shared
feature subspace, questioning the efficiency of storing ever
more backbones (Huh et al. 2024).

In this work, we ask if we can achieve the performance
of a large ensemble without the associated cost, by creat-
ing a single model that continuously adapts its represen-
tation. We introduce MoE2 (Mixture-of-Mixtures of Ex-
perts), a parameter-efficient framework that does precisely
this. MoE2 uses a single, frozen backbone but, for each in-
put, dynamically synthesizes a bespoke adapter by mixing
parameters from a bank of lightweight experts. This allows
the model to continuously re-shape its effective kernel on an
instance-by-instance basis, addressing the theoretical limita-
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tion of static representations directly.
Our main contributions are:

1. Framework: We propose MoE2, a hierarchical archi-
tecture that dynamically synthesizes adapter parameters
within a single backbone, providing an efficient alterna-
tive to model ensembling.

2. Theory: We provide a rigorous theoretical grounding for
MoE2. We prove our routing mechanism is a principled
non-parametric estimator for the optimal Bayes mixture
of experts and derive a novel generalization bound that
separates the router’s estimation error from a kernel mis-
match penalty.

3. Efficiency: Our method achieves its adaptive capability
while remaining lightweight, storing only a small bank of
adapters (typically ≤ 10% of the backbone’s parameters)
instead of multiple full models.

4. Results: On five popular DG benchmarks, MoE2

matches or exceeds the performance of state-of-the-art
ensemble methods, demonstrating the practical effective-
ness and efficiency of our approach.

Related Work
Our work builds upon and contributes to several distinct ar-
eas of research.

Domain Generalization. The core challenge in DG is
learning models that are robust to distribution shifts with-
out access to target data during training (Gulrajani and
Lopez-Paz 2021). While many approaches focus on learning
domain-invariant representations (Ben-David et al. 2010;
Magliacane et al. 2018), our work is more closely related to
methods that embrace model diversity. The SIMPLE frame-
work (Li et al. 2023), for instance, addresses the ”No-Free-
Lunch” problem by maintaining a large pool of static models
and dispatching them on a per-sample basis. MoE2 shares
the goal of instance-specific adaptation but replaces the com-
putationally expensive model portfolio with a parameter-
efficient synthesis mechanism inside a single backbone.

Parameter-Efficient Adaptation. The experts in our
framework are built using techniques from Parameter-
Efficient Fine-Tuning (PEFT), which aims to adapt large
pretrained models by tuning only a small fraction of their
parameters. Specifically, we employ a Mixture-of-Adapters
(MoA) architecture (Lee et al. 2025) as the building block
for our outer experts. MoE2 extends this paradigm by cre-
ating a hierarchical system that dynamically mixes entire
MoA configurations, yielding a more expressive adaptation
scheme than applying a single PEFT method alone.

Ensembles versus Synthesis. Finally, MoE2 offers a mid-
dle ground between static model ensembling and knowl-
edge distillation (Hinton, Vinyals, and Dean 2015). Like
an ensemble, it maintains access to multiple distinct func-
tional experts. However, like distillation, it results in a sin-
gle, compact model at inference time. By synthesizing these
experts into a single computational graph on-the-fly, MoE2

preserves the instance-specific adaptability of an ensemble
while matching the efficiency of a single model.

Methodology
Our methodology is presented as a logical argument. We first
use established kernel theory to reveal a fundamental lim-
itation of all static models in domain generalization. This
motivates our proposal for a dynamic synthesis framework,
which we then formally analyze.

The Fundamental Challenge: A Kernel Perspective
on Generalization
We begin by defining the domain generalization (DG) task.
We are given M source domains {D(m)}Mm=1, from which
we can sample training data. The objective is to learn a
predictor f : X → RC that minimizes the expected
risk on an unseen target domain Dt, defined as Rt(f) =
E(x,y)∼Dt

[ℓ(f(x), y)], where ℓ is a suitable loss function. In
DG, no data from the target domain is available during train-
ing.

To analyze this challenge, we adopt a kernel perspective,
motivated by the principle that virtually any model trained
with gradient descent behaves approximately as a kernel ma-
chine (Domingos 2020). The Neural Tangent Kernel (NTK)
framework, in particular, provides a formal basis for this
connection in deep networks (Jacot, Gabriel, and Hongler
2018; Lee et al. 2019). It demonstrates that in the infinite-
width limit, a network’s learning dynamics are equivalent
to performing kernel regression in a Reproducing Kernel
Hilbert Space (RKHS). This perspective provides a powerful
analytical tool for understanding generalization under distri-
bution shift.

Within this RKHS framework, the analysis of Canatar,
Bordelon, and Pehlevan (2021) provides a precise decom-
position of the target risk under covariate shift, where the
marginal input distributions of source and target domains,
denoted µs and µt, may differ. For any predictor f corre-
sponding to a static kernel K, the target risk under squared
loss can be separated into two components:

Rt(f) = RID(f) + ⟨vf ,OKvf ⟩H. (1)

Here, RID(f) represents the ideal in-distribution risk, evalu-
ated on the source distribution. The second term is a penalty
that captures the performance degradation due to the distri-
bution shift. It depends on the function’s dual coefficients vf
and a kernel mismatch operator OK = T(t) −T(s). The op-
erators T(s) and T(t) are bounded integral operators defined
by the kernel K and the respective data distributions:

(T(s)f)(x) =

∫
X
K(x, x′)f(x′) dµs(x

′),

(T(t)f)(x) =

∫
X
K(x, x′)f(x′) dµt(x

′).

Equation (1) reveals a fundamental limitation of any static
model. Once trained, the model is tied to a fixed kernel K
and thus a fixed representational geometry. The mismatch
penalty demonstrates that if this inherent geometry is poorly
aligned with the structure of the target domain (i.e., if the
operator OK is large in the direction of the solution), gen-
eralization performance will inevitably suffer. This provides
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the core motivation for developing a method that can adapt
its effective kernel on the fly, rather than relying on a single,
static one.

Our Proposal: Dynamic Kernel Synthesis
A pragmatic response to the limitation of static kernels is
to employ large ensembles of diverse, pretrained models (Li
et al. 2023). This approach can be viewed as maintaining a
static portfolio of different kernels, with the hope that for
any given input, a dispatcher can select or average a subset
of models whose kernels are well-suited to the task. How-
ever, this raises two concerns. Firstly, it incurs additional
computational and storage costs. Secondly, the reliance on
a vast ensemble of models, often pretrained on diverse and
potentially overlapping large-scale datasets raises concerns
about unintentional test data exposure and memorization as
indeed shown in (Yu et al. 2024). Furthermore, the Platonic
representation hypothesis (Huh et al. 2024), which suggests
that large models converge towards a shared feature sub-
space, questions the long-term efficiency and returns of sim-
ply storing ever more backbones.

This context motivates our central research question: in-
stead of relying on a large, static portfolio of kernels, can
we instead use a single backbone to dynamically synthesize
a bespoke kernel for each individual input, effectively bend-
ing the representation space on-the-fly to minimize the mis-
match penalty?

To achieve this, we introduce a framework built on three
key components. First, a single, frozen Vision Transformer
backbone, B, serves as a stable repository of general visual
knowledge. Second, a bank ofK+1 lightweight, parameter-
efficient adapter experts, Θ = {θk}Kk=0, provides a basis
set of distinct functional perturbations. For simplicity in our
analysis, we define θ0 = 0 as the null adapter, representing
the unmodified backbone. Each expert θk defines an expert
function fk(x) = F (x, θk), where F is the full forward pass
including a classification head.

Third, a routing network, g : X → ∆K , acts as an
instance-dependent controller. For each input x, the router
produces a set of weights w(x) = (w0(x), . . . , wK(x)) on
the K-simplex. These weights are used to synthesize a sin-
gle composite adapter via a convex combination of the ex-
pert parameters:

θw̃(x) =
K∑

k=0

wk(x)θk. (2)

This synthesized adapter defines our final instance-adaptive
predictor, f̃(x) = F (x, θw̃(x)). This mechanism contin-
uously re-shapes the model’s function. By linearizing the
model around the frozen backbone, we can see that this syn-
thesis induces an input-adaptive Neural Tangent Kernel:

Kw̃(x, x
′) =

K∑
k=0

wk(x)wk(x
′)Kk(x, x

′), (3)

where Kk(x, x
′) = ⟨ψk(x), ψk(x

′)⟩H is the static NTK as-
sociated with expert k. Having proposed this dynamic syn-
thesis mechanism, we now turn to its theoretical grounding
and analysis.

Theoretical Grounding and Analysis of Dynamic
Synthesis
Having established a mechanism for dynamic kernel syn-
thesis, we now provide a theoretical analysis of its behavior.
We first define an optimal target for our router, then show
that the router’s design corresponds to a principled statisti-
cal estimator, and finally present a generalization bound that
decomposes the risk into interpretable components.

The Bayes-Optimal Mixture as an Oracle. Let us as-
sume that for any input x, there exists an unobserved la-
tent variable z ∈ {0, . . . ,K} indicating the ideal expert for
that instance. The optimal weights for combining the expert
functions {fk} would then be the true posterior probabilities
pk(x) := Pr[z = k | x]. This defines a Bayes-optimal soft
mixture, which serves as our theoretical oracle:

f⋆(x) =
K∑

k=0

pk(x)fk(x). (4)

The central task of our router g(x) is to produce weights
w(x) that accurately estimate this unknown posterior vector
p(x) = (p0(x), . . . , pK(x)).

The Router as a Non-Parametric Estimator. We frame
the estimation of p(x) as a non-parametric regression prob-
lem. Our router’s design—which computes weights based
on the similarity between an input embedding ϕ(x) and a set
of learnable expert prototypes {vk}—is a direct implemen-
tation of the classical Nadaraya-Watson (NW) kernel esti-
mator (Nadaraya 1964; Watson 1964). Specifically, for L2-
normalized embeddings (as with CLIP), the router’s softmax
over cosine similarities realizes an NW estimator with a von
Mises-Fisher (vMF) kernel on the unit hypersphere:

wk(x) =
Kτ (ϕ(x), vk)∑K
j=0Kτ (ϕ(x), vj)

,

where Kτ (u, v) = exp

(
u⊤v

τ

)
.

(5)

Here, the temperature τ plays the role of the kernel band-
width, controlling the bias-variance tradeoff of the estimator.
A small τ (low bandwidth) leads to harder routing that relies
on the nearest prototype, resulting in low bias but high vari-
ance. Conversely, a large τ (high bandwidth) leads to softer
routing that averages many prototypes, increasing bias but
lowering variance.

This formulation is powerful because it allows us to lever-
age the extensive literature on the consistency of NW esti-
mators. Under standard regularity conditions, including the
densification of the prototypes {vk} in the feature space, the
NW estimator is universally consistent (Stone 1977). This
means our router’s weights w(x) are guaranteed to converge
to the true Bayes posterior p(x) as the number of experts K
grows. For instance, by appropriately scheduling the band-
width τ , the mean squared error of the estimate can achieve
an optimal rate of O(K−4/(d+4)), where d is the dimension
of the embedding space (Györfi et al. 2002). This perspec-
tive also aligns with modern deep learning theory, which has
formally connected the softmax attention mechanism to NW
regression (Tsai et al. 2019).
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Instance-Adaptive Generalization Bound. With this
principled view of the router, we now formalize its impact
on the final prediction risk. First, we provide a lemma that
gives an exact expression for the excess cross-entropy loss
of our predictor f̃ relative to the oracle f⋆.
Lemma 1 (Router Identity). For any (x, y), the excess
cross-entropy loss of the adaptive predictor f̃(x) relative to
the Bayes-optimal mixture f⋆(x) is given by:

ℓCE(f̃(x), y)− ℓCE(f
⋆(x), y) = log

p(x) · Sy(x)

w(x) · Sy(x)
, (6)

where Sy(x) = (f0,y(x), . . . , fK,y(x))
⊤ is the vector of

class-y probabilities from each expert.

Proof. The result follows directly by writing the predicted
probabilities f̃y(x) = w(x)·Sy(x) and f⋆y (x) = p(x)·Sy(x)
and subtracting their negative logarithms.

This identity isolates the error originating from the
router’s approximation of the latent posterior. By combin-
ing this with the risk decomposition from Eq. (1), we arrive
at our main theoretical result.
Theorem 1 (Instance-Adaptive Generalization Bound). For
the cross-entropy loss, the target risk of the instance-
adaptive predictor f̃ can be decomposed as:

RCE
t (f̃) = RCE

t (f⋆) + E(x,y)∼Dt

[
log

p(x) · Sy(x)

w(x) · Sy(x)

]
+ ⟨vw̃,Ow̃vw̃⟩H.

(7)
This bound is composed of three intuitive parts: (i) the ir-

reducible risk of the optimal Bayes mixture, (ii) a router
assignment term that measures the expected error of our
NW-based posterior estimation, and (iii) a kernel mismatch
penalty that depends on our dynamically synthesized ker-
nel Kw̃. Theorem 1 confirms that risk can be reduced along
two distinct axes: improving the router’s accuracy in approx-
imating the latent posterior, and dynamically synthesizing a
kernel that contracts the mismatch operator for the target do-
main.

Design Principles from Theory
Our theoretical analysis, culminating in Theorem 1, provides
a clear blueprint for designing an effective instance-adaptive
system. The bound highlights distinct avenues for reducing
the target risk, which directly translate into the following
architectural design principles.

Instance-Dependent Routing to Minimize As-
signment Error. The router assignment term,
E[log(p(x) · Sy(x)/w(x) · Sy(x))], quantifies the error
from our router’s approximation of the ideal Bayes poste-
rior. To minimize this term, the router’s weights w(x) must
closely match p(x) for each instance. This necessitates a
flexible, learnable router g(x) that operates on a per-input
basis, rather than using static or domain-level weights. Our
formulation of the router as a Nadaraya-Watson estimator
is a direct implementation of this principle, as it provides
a powerful non-parametric method for approximating the
target posterior.

Expert Diversity for Accurate Posterior Estimation.
The consistency of our NW-based router relies on the expert
prototypes {vk} becoming dense in the support of the fea-
ture space. If experts are functionally redundant or their pro-
totypes are clustered, the router’s ability to discriminate and
form an accurate posterior estimate is compromised. There-
fore, the expert bank {θk} must be encouraged to span a
diverse set of functional subspaces. This motivates the use
of an explicit diversity-promoting regularizer on the learned
prototypes during training, ensuring they spread out to form
a good basis for the estimation task.

Dynamic Kernel Synthesis to Reduce Mismatch. The
kernel mismatch term, ⟨vw̃,Ow̃vw̃⟩H, depends directly on
the synthesized kernel Kw̃. The synthesis mechanism, de-
fined in Eq. (2), provides a direct handle for controlling this
term. By adaptively choosing weights w(x), the model can
bend the effective kernel geometry (Eq. (3)) to better align
with the target data distribution µt, thereby contracting the
mismatch operator without needing to store multiple back-
bones.

Parameter Efficiency for Practicality. To remain a prac-
tical alternative to ensembles, the entire framework must
be parameter-efficient. This principle dictates that each ex-
pert θk should not be a full model but rather a lightweight
adapter. This keeps the total number of trainable parameters
minimal, while preserving the framework’s adaptive capa-
bilities.

The subsequent sections detail the MoE2 architecture and
training objective, which are constructed to explicitly satisfy
these four principles.

The MoE2 Architecture and Training Objective
We now detail the practical implementation of MoE2, an ar-
chitecture designed to satisfy the principles derived from our
theoretical analysis.

Architecture. Figure 2 provides a schematic overview.
The MoE2 framework is composed of the following com-
ponents:

• Frozen Backbone. We use a pretrained Vision Trans-
former (ViT) as the backbone, denoted B. Its parame-
ters remain frozen during training, preserving the general
knowledge learned during pretraining.

• Hierarchical Adapter Experts. Our framework em-
ploys K + 1 outer experts, {θk}Kk=0. To realize a rich
basis for synthesis and maximize adaptive capacity, each
outer expert θk is not a monolithic adapter but is itself a
complete set of Mixture-of-Adapters (MoA) layers (Lee
et al. 2025). These MoA layers are inserted at specific
blocks of the frozen backbone. This creates a hierarchi-
cal, two-level routing structure: a top-level router selects
between outer MoA configurations (instance-level adap-
tation), while each MoA configuration has its own inter-
nal token-level routing. This Mixture-of-Mixtures design
gives MoE2 its name and its expressive power. While our
theory considers θ0 a null adapter for analytical clarity,
in practice we find that making all experts fully trainable
MoA structures yields superior performance.
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Figure 2: The MoE2 Architecture Overview. For each input, an image router (left) uses features from a frozen encoder to
compute weights (wi). These weights are used to synthesize a composite parameter set, θmix, by taking a weighted average of a
bank of outer experts (θi). Each outer expert contains its own inner Mixture-of-Adapters. The synthesized parameter set is then
injected into specific layers of a frozen Transformer backbone (right) to produce the final prediction.

• Prototype-Based Router. A lightweight gating network
g acts as the router. Following our formulation of the
router as a Nadaraya-Watson estimator, the routing is
prototype-based. We maintain a set of K + 1 learnable
expert prototype vectors {vk}Kk=0, where each vk ∈ Rdϕ .
The router takes the frozen embedding ϕ(x) of an input
(e.g., from CLIP’s image encoder) and computes weights
based on the scaled cosine similarity to each prototype,
passed through a softmax function to ensure they sum to
one.

The forward pass for an input x proceeds as follows: (1)
The router computes weights w(x). (2) A composite adapter
θw̃(x) is synthesized according to Eq. (2). (3) The backbone
B is executed with the parameters of θw̃(x) injected into
the corresponding layers. (4) A final linear head produces
the classification output. This entire process is efficient, as
it requires only one forward pass through a single backbone
augmented with a low-rank adapter.

Training Objective. The model is trained to satisfy our
design principles via a composite objective function. The to-
tal loss L for a batch of data B is:

L =
1

|B|
∑

(x,ỹ)∈B

ℓCE(f̃(x), ỹ) + λdivLdiv + λauxLaux. (8)

The components are as follows:

• Classification Loss. The primary objective is the stan-
dard cross-entropy loss ℓCE between the final prediction
f̃(x) and the label-smoothed target ỹ. This drives the en-
tire system to make accurate predictions.

• Prototype Diversity Loss (Ldiv). To explicitly encour-
age expert diversity (Principle 2) and ensure the proto-
types {vk} provide good coverage of the feature space
for the NW estimator, we introduce a repulsive loss that
penalizes similarity between prototypes:

Ldiv =
1

K(K + 1)

∑
k ̸=j

exp (−∥vk − vj∥2) . (9)

• Load-Balancing Loss (Laux). To ensure that the inner,
token-level experts within each MoA layer are utilized
in a balanced manner and to prevent specialization col-
lapse, we include an auxiliary load-balancing loss, which
is standard practice in training Mixture-of-Experts mod-
els.

The hyperparameters λdiv and λaux control the strength of
the regularization terms. During training, gradients update
only the parameters of the adapter experts {θk}, their cor-
responding prototypes {vk}, and the router network g. The
backbone parameters remain frozen.

Experiments
We empirically validate MoE2 by comparing its perfor-
mance and efficiency against state-of-the-art methods on
standard domain generalization benchmarks. Our experi-
ments are designed to test the central claim that dynamic
parameter synthesis can match the performance of large en-
sembles within a single, compact model.
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Algorithm Architecture Pretraining PACS VLCS OfficeHome TerraIn. DomainNet Avg. #Param. Trainable #Param.

MIRO (Cha et al. 2022) ViT-B/16 CLIP 96.7 ± 0.7 82.4 ± 0.3 87.3 ± 0.5 52.3 ± 0.5 50.6 ± 0.6 73.9 172M 85.8M
ZS-CLIP (Radford et al. 2021) ViT-B/16 CLIP 96.1 ± 0.0 82.3 ± 0.0 81.8 ± 0.0 33.8 ± 0.0 56.6 ± 0.0 70.2 85.8M 85.8M
CoOp (Zhou et al. 2022b) ViT-B/16 CLIP 96.4 ± 0.3 80.8 ± 0.3 83.0 ± 0.1 46.8 ± 0.7 59.5 ± 0.2 73.6 85.8M 85.8M
CoCoOp (Zhou et al. 2022a) ViT-B/16 CLIP 96.7 ± 0.2 80.3 ± 0.3 83.4 ± 0.2 45.3 ± 2.4 59.4 ± 0.2 73.2 85.8M 85.8M
DPL (Zhang et al. 2023) ViT-B/16 CLIP 96.4 ± 0.3 80.9 ± 0.5 83.0 ± 0.3 46.6 ± 0.8 59.5 ± 0.3 73.6 85.8M 85.8M
VP (Bahng et al. 2022) ViT-B/16 CLIP 95.8 ± 0.1 82.2 ± 0.0 81.2 ± 0.2 34.9 ± 0.2 56.5 ± 0.0 70.1 85.8M 85.8M
VPT (Jia et al. 2022) ViT-B/16 CLIP 96.9 ± 0.2 82.0 ± 0.2 83.2 ± 0.1 46.7 ± 0.6 58.5 ± 0.2 73.6 85.8M 85.8M
MaPLe (Khattak et al. 2023) ViT-B/16 CLIP 96.5 ± 0.2 82.2 ± 0.2 83.4 ± 0.0 50.2 ± 0.9 59.5 ± 0.3 74.4 89.3M 89.3M
SPG (Bai et al. 2024) ViT-B/16 CLIP 97.0 ± 0.5 82.4 ± 0.4 83.6 ± 0.4 50.2 ± 1.2 60.1 ± 0.5 74.7 85.8M 85.8M
PromptStyler (Cho et al. 2023) ViT-B/16 CLIP 97.2 ± 0.1 82.9 ± 0.0 83.6 ± 0.0 - 59.4 ± 0.0 - 85.8M 85.8M
PromptStyler (Cho et al. 2023) ViT-L/14 CLIP 98.6 ± 0.0 82.4 ± 0.2 89.1 ± 0.0 - 65.5 ± 0.0 - 307M 307M
ERM (Vapnik 1991) RegNetY-16GF SWAGIG3B 89.6 ± 0.4 78.6 ± 0.3 71.9 ± 0.6 51.4 ± 1.8 48.5 ± 0.6 68.0 83.6M 83.6M
MIRO (Cha et al. 2022) RegNetY-16GF SWAGIG3B 97.4 ± 0.2 79.9 ± 0.6 80.4 ± 0.2 58.9 ± 1.3 53.8 ± 0.1 74.1 167.2M 83.6M
GMDG (Tan, Yang, and Huang 2024) RegNetY-16GF SWAGIG3B 97.3 ± 0.1 82.4 ± 0.6 80.8 ± 0.6 60.7 ± 1.8 54.6 ± 0.1 75.1 83.6M 83.6M

Methods using additional supervision
VL2V-ADiP (Addepalli et al. 2024) ViT-B/16 CLIP 94.9 81.9 85.7 55.4 59.4 75.5 235.8M 83.6M
VL2V-SD (Addepalli et al. 2024) ViT-B/16 CLIP 96.7 83.3 87.4 58.5 62.8 77.7 235.8M 83.6M

Methods with Parameter-Efficient Fine-Tuning (PEFT)
ERM (Baseline) (Vapnik 1991) ViT-B/16 CLIP 85.8 ± 2.1 78.5 ± 0.9 78.1 ± 0.8 41.0 ± 1.6 52.2 ± 0.1 67.1 85.8M 85.8M
ERMCompacter (Karimi Mahabadi, Henderson, and Ruder 2021) ViT-B/16 CLIP 94.1 ± 0.4 81.0 ± 0.5 83.0 ± 0.1 35.9 ± 0.7 56.2 ± 1.2 70.0 85.9M 0.10M
ERMAttention (Lee et al. 2025) ViT-B/16 CLIP 93.8 ± 0.6 82.0 ± 0.3 85.9 ± 0.4 51.4 ± 0.8 57.2 ± 0.1 74.1 85.9M 28.4M
ERMLoRA, r=2 (Hu, Shen, and et al. 2022) ViT-B/16 CLIP 96.4 ± 0.6 82.6 ± 0.6 86.7 ± 0.3 46.1 ± 1.7 61.5 ± 0.1 74.7 85.9M 0.11M
ERMMoE2 (ours) ViT-B/16 CLIP 97.63 ± 0.1 83.6 ± 0.1 90.9 ± 0.1 56.2 ± 0.1 62.3 ± 0.0 78.1 93.3M 7.5M

Table 1: Comparison of different domain generalization methods (excluding ensembles).

Algorithm Architecture Pretraining PACS VLCS OfficeHome TerraIn. DomainNet Avg. #Param. Trainable #Param.

Ensemble Methods
EoA (Arpit et al. 2022) RegNetY-16GF SWAGIG3B 95.8 81.1 83.9 61.1 60.9 76.6 > 500M -
SIMPLE (Li et al. 2023) ModelPool-A ModelPool-A 88.6 ± 0.4 79.9 ± 0.5 84.6 ± 0.5 57.6 ± 0.8 49.2 ± 1.1 72.0 > 1,000M 0.9M
SIMPLE+ (Li et al. 2023) ModelPool-B ModelPool-B 99.0 ± 0.1 82.7 ± 0.4 87.7 ± 0.4 59.0 ± 0.6 61.9 ± 0.5 78.1 > 1,000M 0.9M
ERMKAdaptation-MoA-Ensemble (Lee et al. 2025) ViT-B/16 CLIPLAION2B 97.6 83.4 90.9 54.3 63.1 77.9 261.3M 261.3M

Our Method (Mixture-of-Adapter - Non-Ensemble)
ERMMoE2 (ours) ViT-B/16 CLIPLAION2B 97.63 ± 0.1 83.6 ± 0.1 90.9 ± 0.1 56.2± 0.1 62.3 ± 0.0 78.1 93.3M 7.5M

Table 2: Comparison with Ensemble Methods focusing on Parameter Efficiency.

Experimental Setup
We evaluate MoE2 on five standard domain generalization
benchmarks: PACS (Li et al. 2017), VLCS (Torralba and
Efros 2011), OfficeHome (Venkateswara et al. 2017), Ter-
raIncognita (Beery, Van Horn, and Perona 2018), and Do-
mainNet (Peng et al. 2019). For all experiments, we follow
the standard leave-one-domain-out evaluation protocol. Our
architecture is built upon a frozen ViT-B/16 backbone pre-
trained with CLIP (Radford et al. 2021).

Similarity Temperature (τ ) Avg. Accuracy (%)

0.3 90.58
0.5 90.90
0.7 90.80

Table 3: Ablation study on the Similarity Temperature (τ )
for the MoE2 outer router on OfficeHome.

Main Results
We present our main results in Table 1 and Table 2. The
analysis demonstrates that MoE2 not only outperforms other
single-model approaches but also achieves the performance
of large-scale ensembles with significantly greater parame-
ter efficiency.

As shown in Table 1, our method achieves an average
accuracy of 78.1% across the five benchmarks. This result
substantially exceeds the performance of static baselines, in-

cluding full fine-tuning (ERM, 67.1%) and more advanced
single-model methods like MIRO (73.9%). This confirms
the practical limitations of models with fixed representations
and underscores the advantage of our dynamic adaptation
approach.

Furthermore, MoE2 outperforms other parameter-
efficient adaptation strategies. While methods like
ERMKAdaptation provide a strong baseline (77.1%), our
hierarchical approach of dynamically synthesizing entire
MoA configurations yields a distinct performance improve-
ment. This suggests that the expressive power gained by
mixing a diverse basis of expert functions is critical for
robust generalization.

The core claim of this work is validated by the compar-
ison in Table 2. MoE2 matches the state-of-the-art average
accuracy of the SIMPLE+ framework (78.1%). It achieves
this result, however, using a single model with 93.3M to-
tal parameters. This stands in stark contrast to the > 1B
parameters required by the SIMPLE+ model pool. MoE2

thus provides ensemble-level performance in a single, effi-
cient model, confirming that dynamic synthesis is a viable
and resource-efficient alternative to large-scale ensembling.
To provide qualitative insight into these results, we visu-
alize the feature space using t-SNE in Figure 3. The em-
beddings learned by MoE2 form visibly more compact and
class-separable clusters compared to a baseline ERM model.
The robustness of MoE2 is further evidenced by its loss
landscape topology. Figure 4 shows the loss surface around
the converged solution is a wide, flat basin, a characteristic
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widely associated with superior generalization.

Figure 3: t-SNE visualization of feature embeddings from
the OfficeHome-Clipart domain. (Left): MoE2 produces
clearly separated class clusters. (Right): A baseline ERM
model yields more intermingled features. Points are colored
by their ground-truth class.

Figure 4: Loss landscape of the MoE2 model. The plot
shows the change in loss when perturbing parameters from
the final solution along two principal orthogonal directions.
The wide, flat basin indicates convergence to a robust mini-
mum.

Ablation Studies
We conduct ablation studies on OfficeHome to analyze the
contribution of MoE2’s key design components. The results,
presented in Tables 3 through 6, validate our architectural
choices.

Router Temperature. The router temperature τ controls
the kernel bandwidth of our Nadaraya-Watson estimator. Ta-
ble 3 shows that performance is robust across the tested
range, with a moderately sharp distribution (τ = 0.5) yield-
ing optimal results.

Expert Diversity. A diversity loss on the expert proto-
types is critical for accurate posterior estimation. Tables 5

Noise Magnitude (σinit) Avg. Accuracy (%)

10−5 90.90
10−4 90.95
10−3 90.80

Table 4: Ablation Study on MoE2 Outer Expert Initialization
Noise Magnitude (σinit) on OfficeHome.

Diversity Loss Formulation Avg. Accuracy (%)

Cosine Distance 90.80
KL Divergence 90.70

Euclidean Distance 90.95

Table 5: Ablation Study on MoE2 Diversity Loss Formula-
tion (applied to expert representations ek) on OfficeHome.

Diversity Loss Weight (λdiv) Avg. Accuracy (%)

0.1 90.82
0.2 90.95
0.3 90.81
0.4 90.84
0.5 90.85
0.6 90.82

Table 6: Ablation study on the Diversity Loss Weight (λdiv)
for MoE2 on OfficeHome (K = 5, Euclidean diversity).

and 6 demonstrate the robustness of this mechanism, show-
ing that performance is insensitive to the specific loss for-
mulation or its weight (λdiv).

Expert Initialization. Table 4 demonstrates that the
model is insensitive to the initial noise magnitude used to
perturb expert parameters at the start of training. This con-
firms that meaningful expert specialization is learned dy-
namically through the training objective, rather than depend-
ing on a specific random initialization.

Conclusion
We address the fundamental limitation of static models for
domain generalization, for which large ensembles are an ef-
fective but computationally prohibitive solution. We propose
MoE2, a framework that uses a single frozen backbone to
dynamically synthesize parameters for each input. Our ap-
proach is theoretically grounded in kernel theory. Empiri-
cally, MoE2 matches the performance of state-of-the-art en-
semble methods with an order of magnitude greater param-
eter efficiency, establishing dynamic synthesis as a powerful
paradigm for building robust models.
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