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Abstract

Efficiently fine-tuning pre-trained models for downstream
tasks is a key challenge in the era of foundation models.
Parameter-efficient fine-tuning (PEFT) presents a promis-
ing solution, achieving performance comparable to full fine-
tuning by updating only a small number of adaptation weights
per layer. Traditional PEFT methods typically rely on a sin-
gle expert, where the adaptation weight is a low-rank ma-
trix. However, for complex tasks, the data’s inherent diver-
sity poses a significant challenge for such models, as a single
adaptation weight cannot adequately capture the features of
all samples. To address this limitation, we explore how to
integrate multiple small adaptation experts into a compact
structure to defeat a large adapter. Specifically, we propose
Tucker Adaptation (TuckA), a method with four key proper-
ties: (i) We use Tucker decomposition to create a compact 3D
tensor where each slice naturally serves as an expert. The low-
rank nature of this decomposition ensures that the number of
parameters scales efficiently as more experts are added. (ii)
We introduce a hierarchical strategy that organizes these ex-
perts into groups at different granularities, allowing the model
to capture both local and global data patterns. (iii) We develop
an efficient batch-level routing mechanism, which reduces the
router’s parameter size by a factor of L compared to routing at
every adapted layer (where L is the number of adapted layers)
(iv) We propose data-aware initialization to achieve loss-free
expert load balancing based on theoretical analysis. Extensive
experiments on benchmarks in natural language understand-
ing, image classification, and mathematical reasoning speak
to the efficacy of TuckA, offering a new and effective solution
to the PEFT problem.

Code — https://github.com/LQF39466/TuckA
Extended version — https://arxiv.org/pdf/2511.06859

1 Introduction

The emergence of large-scale pre-trained models (Radford
et al. 2019; Bai et al. 2023; Liu et al. 2024a) has funda-
mentally reshaped the machine learning landscape. How-
ever, their ever-growing size makes full fine-tuning no
longer affordable for most users. To address this challenge,
Parameter-Efficient Fine-Tuning (PEFT) methods (Hu et al.
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Figure 1: (a) The performance and parameter efficiency
tradeoff of TuckA and other PEFT methods on the CoLA
benchmark, where the top-left is ideal. (b) Parameter scaling
under different configurations of TuckA’s hierarchical multi-
expert framework. The plot shows the number of trainable
parameters as a function of expert numbers when adapting a
single linear layer in DeBERTa-v3-base model.

2022; Qiu et al. 2023; Guo et al. 2025; Hua et al. 2025; Han
et al. 2025) have emerged. These methods adapt foundation
models by training only a small fraction of their parameters
while keeping the original model weights frozen, enabling
efficient learning and lightweight deployment.

Hitherto, mainstream PEFT methods have made signif-
icant progress by injecting a single, compact adaptation
weight into layers of the pre-trained model. By adding or
multiplying a low-rank matrix to the weights, approaches
such as Low-Rank Adaptation (LoRA) (Hu et al. 2022) and
Orthogonal Fine-Tuning (OFT) (Qiu et al. 2023) achieve
leading parameter efficiency without performance compro-
mises. Although effective, these single-expert approaches
share a common weakness. For complex tasks, the inherent
diversity of the data presents a substantial challenge, as a
single adaptation weight cannot sufficiently capture the fea-
tures of all samples. This representational bottleneck means
that a single adapter may struggle to learn the varied patterns
present in a dataset, limiting overall performance.

A simple solution is to combine multiple adapters into a
Mixture-of-Experts (MoE) framework (Mu and Lin 2025;
Hua et al. 2024), allowing different experts to specialize



in different data. However, adding more experts increases
the number of parameters, defeating the goal of PEFT. This
leads to a key question: Given the same or even smaller
computational budget, how can we integrate multiple small
adaptation experts into a compact structure to beat a single
large expert?

Seeking an answer to the question, we propose Tucker
Adaptation (TuckA), a novel PEFT framework that orga-
nizes multiple experts within a higher-order tensor, where el-
ements are distributed in different columns, rows, and slices.
This tensor-based design allows each slice of the tensor to
act as a separate expert. Therefore, experts can scale up effi-
ciently if the expression of the tensor itself is compact. Con-
sequently, we employ the Tucker decomposition (Tucker
1966) to construct this compact 3D tensor adapter, where
the core tensor leverages a low multi-linear rank across 3
dimensions, instead of 2, and achieves better scalability.

To capture features at different abstraction levels, we fur-
ther design a hierarchical multi-expert framework based
on the tensor structure. Experts are grouped, with each group
forming an adaptation tensor. A proper routing scheme en-
sures that experts in the same group are selected together.
This allows each group to capture global patterns, while in-
dividual experts within the group learn finer details. To keep
the model scalable, the tensors across groups differ only by a
small core tensor. With this hierarchical tensor-based frame-
work, the number of experts can now scale efficiently. Ac-
cording to Figure 1, one can efficiently organize small ex-
perts to achieve better performance than using a large expert.

Building on this hierarchical setup, we propose a batch-
level routing mechanism to reduce the computational cost
of selection. Expert assignment is computed once per batch
and shared across all adapted layers. However, this design
increases the router’s sensitivity to initialization. Through
theoretical analysis based on high-dimensional probability,
we demonstrate that standard methods, such as Kaiming uni-
form initialization (He et al. 2015), lead to imbalanced ex-
pert loads. To prevent expert collapse, we introduce a new
data-aware initialization strategy that anchors expert cen-
troids within the data manifold, ensuring balanced use from
the beginning without relying on complex auxiliary losses.

We perform extensive experiments on a wide range
of tasks, including natural language understanding (six
tasks in GLUE), image classification (CIFAR-100, Food-
101, Caltech-256), and mathematical reasoning (MATH,
GSM-8K). Across multiple model architectures, TuckA
consistently achieves state-of-the-art performance in the
parameter-performance tradeoff, proving its efficiency and
effectiveness.

Our contributions are threefold:

1. We propose TuckA, a novel tensor-based PEFT frame-
work that leverages Tucker decomposition to create a
compact ensemble of adaptation experts.

. We develop a synergistic mechanism of hierarchical
routing and a theoretically-grounded data-aware ini-
tialization strategy that together ensure efficient and sta-
ble expert activation.

3. Through extensive empirical validation, we demon-
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strate that TuckA significantly advances the state of the
art, achieving superior performance with fewer parame-
ters than existing methods.

2 Preliminaries

LoRA (Hu et al. 2022) and OFT (Qiu et al. 2023) are two
influential lines of work in the field of PEFT. A recent pa-
per proposed using Householder Reflection to construct the
adaptation weights (Yuan, Liu, and Xu 2024). This House-
holder adapter can be viewed as both a multiplicative adapter
and an additive adapter, which inspired this work. Refer to
Appendix D for the related work.

Additive Adapters. LoRA and its variants (Zhang et al.
2023; Kopiczko, Blankevoort, and Asano 2024; Liu et al.
2024b) add its constructed matrix Tpaq € R4 to the orig-
inal weights W. The resulting weight matrix, W' € Rxd’,
is calculated as:

W' = T.aa+W.
Multiplicative Adapters. OFT and its variants (Liu et al.

2024c) apply an orthogonal transformation matrix T, €
R?¥*4 to the original weights W . The resulting weight ma-

trix, W’ € R4*? is calculated as:

W/ = Torlh W.

Householder Reflection Adaptation. Householder Reflec-
tion Adaptation (HRA) constructs 1" by applying House-
holder reflections multiple times, which yields:

T = ﬁ([ ~ou]) = (I + UTI‘TUD G
=1

where U, = [u1,...,u,] € R¥™*" and T, € R"™*" is con-
structed recursively as follows:

—2].-‘7~_1U7T_1u',~
-2

FT—l

I =-2T,= [—2UI

} - @
In this sense, one can simultaneously adopt both additive and
multiplicative modifications of the original weights.

3 Method Formulation

In this section, we introduce TuckA, an adapter architecture
based on Tucker decomposition, designed to ensemble mul-
tiple low-rank adaptation experts while maintaining param-
eter efficiency. We show an overview of TuckA in Figure 2.
We first formulate our tensor adapter, then propose grouped
experts and their routing mechanism. Finally, we address the
critical issues of initialization and load balancing.

3.1 Tensor Adapter as MoE

As mentioned in the introduction, our primary goal is to
construct a tensor-based PEFT framework to leverage an
efficient expert ensemble across its slices. To do this, in-
spired by the Householder adapter in HRA (Sec. 2), we em-
ploy a highly compressed tensor to capture both the addi-
tive and multiplicative characteristics. We observe that the
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Figure 2: An overview of the proposed TuckA architecture. It is primarily composed of hierarchical experts constructed through
Tucker decomposition and a batch-level routing mechanism, which determines how the experts are combined to produce the

adaptation weight.

matrix form in HRA (Eq. 1) is analogous to Singular Value
Decomposition (SVD), which approximates a matrix with a
low-rank representation. This analogy naturally leads us to
leverage the Tucker decomposition, a higher-order general-
ization of SVD, to achieve this.

When replacing T with a 3D tensor G, and introducing a
factor matrix C for the third dimension, our tensor adapter
T € R** 4% j5 constructed as:

7—:g>(1(j><2U><3IJ7 3)

where:

* G € RP*™" s the core tensor. The tuple (p,r, ) is re-
ferred to as the multilinear rank.

C c R™P and U € R**" denotes the factor matrix for
a specific mode.

X, signifies the mode-n product between a tensor and
a matrix. The entries of the resulting tensor ) = X x,,
A are calculated by multiplying the mode-n fibers of X’
with the rows of the matrix A. Specifically, each element
of Y is given by the formula:

I,
(V)ivig.cin_1jinsioin = Z Tivio.in..in Ljins
in=1
where the index 7,, is used for the summation over the n-
th mode of X, j is the new index for the n-th mode of ),
1, is the size of the n-th dimension of X, and a;;,, is the
element in the j-th row and 4,,-th column of matrix A.

In this formulation, the factor matrices C' and U can be
interpreted as the mode-specific principal components for
the tensor 7. The core tensor G captures the interactions be-
tween these components. Akin to SVD, the multilinear rank
(p,7,7) can be chosen to be substantially smaller than the
original dimensions (¢, d, d) while still capturing the salient
latent patterns, owing to the inherent redundancy in the full
parameter space.

To perform adaptation, the tensor 7 is conceptualized as
a stack of ¢ matrices, each of size d x d. Each matrix adapts

a pretrained weight matrix W € R4*4" a5 follows:

W' = (I+aTlj,:: )W, )
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where T[4, :, :] denotes the j-th frontal slice of the tensor T,
and « is a scaling factor analogous to that used in LoRA. If
we regard different slices T[4, :, :] as different experts, then
we can obtain a compact MoE framework based on the ten-
sor formulation. Specifically, experts in a tensor are synthe-
sized from a shared, compact set of parameters: the core ten-
sor G and factor matrices U and C.

This shared expert construction ensures that parameters
for all experts are learned collectively from a compressed
representation. Finally, the adaptation weight can be ob-
tained by aggregating the elements in the tensor with proper
expert allocation schemes.

3.2 Grouped Experts

To achieve a better performance-efficiency trade-off, we fur-
ther formulate the experts with multiple tensors under a clear
hierarchy. Specifically, we divide the experts into differ-
ent groups. Each group of experts corresponds to a specific
adaptation tensor 7;. To better remain parameter-efficiency,
we construct 7; as a series of k distinct tensor in the follow-
ing:

ﬁ:gjxchQUX,gU, 221,2,,]11 (5)
In this way, the tensors for different groups only differ from
each other by the core tensor G;. Replacing the single core
tensor G with a set of tensors {G;}*_, modulates the in-
teraction between modes, affording greater independence
between expert groups while still constraining them to the
low-rank subspace defined by the shared factor matrices U
and C. With this hierarchical framework, the model can
now capture global variations via allocating to different
groups, while capturing local ones by choosing different ex-
pert weights within a group.
Expert Complexity. With the compact grouping strategy, if
k expert groups are employed and there are M experts in
total, the overall number of trainable parameters is in the

p M 2
=M + kpr* + dr

order of:
o )-

When M, p, k,r << d'/?, this complexity is significantly
lower than that of LoRA, which is O(2dr). The equation
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Figure 3: UMAP visualization of expert centroids and input embeddings. The figure compares the distribution of expert cen-
troids (red diamonds) and CIFAR-100 input embeddings (blue circles) in ViT-base model. (a), (b) Kaiming initialization. (c),

(d) Our proposed data aware initialization (DAI).

also suggests that TuckA can achieve a more compact struc-
ture by reducing r and increasing M (number of experts),
therefore our selection of r is typically smaller than LoRA’s.
Through experiments in Sec. 4, we prove such an ensemble
of small experts can defeat a single large expert empirically.

3.3 Routing

Having formulated our grouped experts in the previous sec-
tion, we now examine the problem of expert routing.

Inspired by (Liu et al. 2024a), we quantify the similar-
ity between the input and the available experts by assigning
each expert a trainable centroid vector, e;;, for the j-th
frontal slice of the i-th expert group. We then compute affin-
ity scores, s;;, between the input and expert centroids. These
scores determine how the experts are utilized.

Howeyver, traditional MoE architecture routes individual
samples or tokens to expert networks at each layer. For a
model with M experts, this approach costs a trainable pa-

rameter number of Zlel Md® and computational cost of

Zlel BMdW, where d® is the size of input embedding at
the [-th layer and B is the batch size. Considering the scale
of d¥ and L, this method is expensive for PEFT. Further-
more, using different adaptation weights for each sample in-
curs the calculation of B distinct d x d matrices, which is a
computationally and memory-intensive task.

To overcome this limitation, we propose a batch-level
routing strategy. Our method makes a single routing deci-
sion for an entire batch of inputs, which is then propagated
across all subsequent adapted layers, substantially reduc-
ing computational overhead while maintaining model per-
formance. To achieve this, we calculate a single centroid
vector named routing feature, h = - Zf;l h;, from the
input embeddings of the entire batch. Subsequently, we re-
duce the number of trainable parameters in router to M d(")
and avoid calculating multiple adaptation weights.

To complement our hierarchical expert architecture, we
implement a group-wise activation strategy. Specifically, we
identify the expert with the highest affinity score across all
other experts and activate its entire group to capture global
variations. Within the activated group, experts are then com-
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Figure 4: Comparison of expert activation on CIFAR-100.
The bar charts show the total number of activations for each
expert (E1, E2, E3) during the fine-tuning process. (a) With
Kaiming initialization. (b) Our proposed data-aware initial-
ization.

bined based on their normalized affinity scores to capture
local variations.

Based on the preceding description, we formulate TuckA
as follows:

si; = sigmoid(h() - e;), (6)
(G0, Jo) = arg max Si4, @)
i€{l,....k},je{1,...,t}
Sigj
9 == ®)
Z:nzl Siom
v = x® I+o<ZgJT“) b | WO, ©)

where for each adapted layer [, X O and Y denote its
batched input and output. These expert centroids are used in
the first adapted layer of the model to determine the rout-
ing for every subsequent adapter. These equations, together
with Eq. (5), form our proposed method, where the univer-

sal centroids e;;, and the layer-specific parameters g}”, c?

and U are trainable parameters.



CoLA MRPC QNLI QQpr RTE SST-2
Method # Par. Mcct  Acc/F1 1 Acct Acc/F1 1 Acc Acct Avg.
LoRA, g 1.19M 69.40 92.19 92.48 83.58 87.73 94.38 86.63
DoRA, g 1.27M 70.76 92.20 91.40 84.59 88.09 92.55 86.60
VeRA, —1024 0.23M 71.31 91.55 94.47 89.78 87.00 96.10 88.37
OFT)—g 0.67M 71.56 92.45 93.59 89.68 84.84 95.64 87.96
BOFT;—g 0.67M 71.65 91.85 93.98 89.97 81.59 95.87 87.49
HRA, _g 0.60M 70.87 92.87 94.45 87.30 87.00 96.10 88.10
TuckA, =2 k=4 0.16M 73.24 91.78 94.49 88.90 86.64 96.33 88.56
TuckA,—¢ =2 0.46M 72.13 92.11 94.55 89.25 87.73 96.44 88.70
TuckA,_g p—2 0.64M 71.64 92.82 94.36 89.00 88.09 96.44 88.73

Table 1: Performance comparison of various PEFT methods applied to the DeBERTa-v3-base model on the GLUE benchmark.
Details of these baselines can be found in Appendix B. We report the mean of accuracy and F1 for MRPC and QQP, Matthews
correlation for CoL A, and accuracy for the rest. The best result for each column is in bold, and the second best is underlined.

3.4 [Initialization and Load Balancing

In this paper, we find that the initialization of expert cen-
troids plays a crucial role in achieving load balance in the
MoE. Specifically, we start with the Kaiming uniform
initialization. This strategy is a popular choice with its sta-
bility proven in many literature. However, we find this ap-
proach fails to create expert diversity as shown in Theo-
rem 1.

Theorem 1 (Imbalanced Load, Informal). Based on a
proper setting, for simplicity, we assume that only one ex-
pert is employed within a group without the score normal-
ization in Eq.8, and that ng < 0 for activated experts, and
Kaiming Uniform initialization is employed for e;s. If
the routing features are Gaussian with a large mean and a
geometrically compact covariance matrix, then the load is
imbalanced for different experts with high probability.

proof sketch. 1f i* is selected initially, we will prove that it
will be picked again by most of the rest batches. By observ-
ing the gradient rule, we find that there is a positive-feedback
phenomenon, in which the activation advantage of ¢* will be
continuously accumulated. Mathematically, denote the rout-
ing center for the 1st and 2nd batch as h, h'. Then, we prove
that: the advantage gap (e;« —e;, h)+(h, h') is sufficiently
large to be positive with high probability based on con-
centration inequalities in high-dimensional space. The re-
sults for the remaining batches follow a simple recursion and
union bounds. O

The detailed setting and proof can be found in Appendix
A. The assumption that %ﬁ < 0 is reasonable when all the
expert embeddings are initially far apart from the sample
distribution and the sample distribution only has one mode.
In this sense, the activating expert must keep reducing the
loss for most samples. Hence, keeping g—ﬁ < 0 for one (or a
few) experts can quickly lead to convergence. We also pro-
vide empirical validation in Appendix C.

To further support our theory, we visualize the input em-
bedding and expert centroids with UMAP (Ghojogh et al.
2021). As demonstrated in Figure 3(a), initializing all ex-
pert centroids with a Kaiming distribution concentrates them

within a small, dense cluster. This cluster is located very far
from the routing feature distribution in the high-dimensional
embedding space, and the covariance of the sample routing
feature is relatively compact. This is consistent with the as-
sumption in our theory. Moreover, we empirically observe
expert collapse, where a single expert is over-trained while
the others remain systematically neglected, as illustrated in
Figure 3(b) and Figure 4(a). This again validates our theory.

While prior work has attempted to mitigate this issue
through sophisticated load-balancing mechanisms, the effi-
cacy of such methods can be limited, particularly under con-
ditions of extreme initial imbalance. Notably, the DeepSeek-
V3 model (Liu et al. 2024a), despite its auxiliary-loss-free
strategy, still employs a complementary, sequence-wise aux-
iliary loss to prevent extreme imbalance. To circumvent
these issues, we propose a data-aware initialization (DAI)
strategy that directly addresses the imbalance from the per-
spective of initialization.

Specifically, we first compute the centroid, e, of a small,
randomly sampled batch of input token sequences. Proceed-
ing from the assumption that tokens within a dataset are
drawn from a locally consistent distribution, we initialize the
set of M expert centroids by introducing small perturbations
around this data centroid:

Eyi=[e,eter,...,et+ey_1] (10

Here, each component of the perturbation vector €; is sam-
pled independently from a uniform distribution U (—a, a),
where a is a scalar hyperparameter controlling the perturba-
tion magnitude. This strategy positions the expert centroids
within a region of high data density, rather than relying on
the training process to relocate them from a suboptimal start-
ing position. By selecting a proper hyperparameter a, our
method can achieve effective load balancing from the outset,
thereby obviating the need for auxiliary load-balancing loss
terms, as demonstrated in Figure 3(c)(d) and Figure 4(b).

4 Experiments

We conduct a comprehensive empirical evaluation to as-
sess the performance, parameter efficiency, and scal-
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CIFAR100 Food101 Caltech256 Peak GPU Memory
Method # Par. Acc Acc 1 Acc T Avg. CIFAR100, MB |
LoRA,_g 1.18M 82.71 72.94 88.43 81.36 4419
DoRA,_g 1.25M 82.36 72.96 87.62 80.98 7995
VeRA, 512 0.10M 75.89 69.89 87.40 77.73 5813
OFT,—g 0.66M 82.73 72.52 87.21 80.82 5505
BOFT,_g 0.66M 82.01 72.38 86.94 80.44 5541
HRA, 3 0.59M 83.45 73.05 89.73 82.08 9530
TuckA,—9 k=5 | 0.16M 84.65 73.33 89.76 82.58 4500
TuckA, —6 k=1 0.45M 84.81 73.43 89.90 82.71 4514
TuckA, —g x—1 0.60M 84.76 73.55 89.54 82.62 4522

Table 2: Comparison of various PEFT methods on the ViT-Base model across three image classification benchmarks, including
their peak GPU memory consumption on CIFAR100. All experiments were conducted in few-shot settings, utilizing only 10
training examples per class. Details of these baselines can be found in Appendix B. The best result of each column is in bold

and the second best is underlined.

ability of our proposed method, TuckA. We bench-
mark TuckA against a suite of established PEFT tech-
niques including LoRA (Hu et al. 2022), DoRA (Liu
et al. 2024b), VeRA (Kopiczko, Blankevoort, and Asano
2024), OFT (Kopiczko, Blankevoort, and Asano 2024),
BOFT (Liu et al. 2024c) and HRA (Yuan, Liu, and Xu
2024) across three diverse domains, demonstrating its broad
applicability. For our experiments, we select representative
Transformer architectures as base models: DeBERTa-v3-
base (He, Gao, and Chen 2023) for natural language under-
standing, Vision-Transformer-Base-Patch16 (Dosovitskiy
et al. 2021; Li, Qi, and Geng 2025) for image classification,
and Llama2-7B (Touvron et al. 2023) for mathematical rea-
soning. All baselines are sourced from the Hugging Face
PEFT library (Mangrulkar et al. 2022) to ensure standard-
ized and reproducible comparisons.

A key feature of our work is TuckA’s architectural scala-
bility. We investigate the effect of this by configuring TuckA
with varying ranks and numbers of expert groups, creating
variants that trade off between the complexity of individual
experts and the number of expert groups. All experiments
were performed on a system with eight NVIDIA RTX 4090
24G GPUs. Further implementation details, including hy-
perparameters, are provided in the Appendix B.

4.1 Natural Language Understanding

For the natural language understanding domain, we fine-
tune DeBERTa-v3-base on the General Language Under-
standing Evaluation (GLUE) benchmark (Wang et al. 2019).
Our methodology follows the established protocol from the
original LoRA paper (Hu et al. 2022), encompassing six
tasks that evaluate single-sentence classification, sentence-
pair similarity, and natural language inference. We apply
PEFT methods to the query, value, and dense layers, while
the classification head remains fully trainable.

As presented in Table 1, TuckA demonstrates a clear and
consistent performance advantage, outperforming all base-
line methods on the majority of GLUE tasks. These results
highlight TuckA’s ability to capture rich linguistic features
more effectively than existing approaches. Notably, our most
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Figure 5: Tradeoff between Performance and Parameter Ef-
ficiency. The ideal position is the top-left corner, represent-
ing high performance with high parameter efficiency. (a)
A comparison of TuckA with other PEFT methods on the
CoLA benchmark. (b) Impact of expert numbers and rank
on CIFAR-100 dataset under few-shot setting.

parameter-frugal variant (r = 2, 4 expert groups), with
merely 0.16 million trainable parameters, not only achieves
competitive results but also surpasses several baselines. This
underscores TuckA’s exceptional efficiency. When allocated
a slightly larger parameter budget, the TuckA’s 0.64M vari-
ant also achieves the best average performance among all
evaluated PEFTs, confirming the method’s potent scalabil-
ity and effectiveness.

4.2 Image Classification

Following the image classification evaluation protocol
of (Kopiczko, Blankevoort, and Asano 2024; Wang et al.
2025; Ma et al. 2025), we assess TuckA on three stan-
dard datasets: CIFAR-100 (Krizhevsky, Hinton et al. 2009),
Food-101 (Bossard, Guillaumin, and Van Gool 2014), and
Caltech-256 (Griffin et al. 2007). We use a Vision Trans-
former pretrained on ImageNet-21K (Deng et al. 2009) as
our base model. For each dataset, the training set is con-
structed with a challenging 10-shot setup (10 images per



class), and evaluation is performed on the full validation set.
PEFT methods are applied to the query, value, and dense
layers, with a trainable classification head.

TuckA’s superiority persists in the vision domain, as de-
tailed in Table 2. Across all three datasets, TuckA variants
consistently outperform the baseline methods. Specifically,
the r = 6 variant with a single expert group achieves the
highest overall performance, securing top results with a re-
markably low parameter size of just 0.45 million.

A critical aspect of PEFT is not just reducing parameter
size but also managing computational overhead. We investi-
gate the peak GPU memory consumption during training on
CIFAR-100. As shown in Table 2, a reduction in trainable
parameters does not guarantee lower memory usage; some
methods with fewer parameters than LoRA still consume
more memory due to the need to store complex intermediate
activations and gradients. In contrast, TuckA exhibits mem-
ory consumption comparable to LoRA. This demonstrates
that the additional computations for Tucker decomposition
and expert routing in TuckA are efficiently implemented,
imposing no substantive memory penalty and overcoming
a key limitation of other advanced PEFT architectures.

MATH GSM-8K
Method ‘ # Par. ‘ Acct Acc
LoRA,—32 16.8M 6.62 50.34
DoRA, =32 17.0M 6.70 48.67
TuCkAr:w?k:;L 4.4M @ 50.34
TuckA,—32 =4 10.7™M 9.02 53.75

Table 3: Low Bit (BF16) performance of Llama2-7B fine-
tuned on the first 100,000 examples of the MetamathQA
dataset for 2 epochs. The models are evaluated on the
MATH and GSM-8K benchmarks. The best result of each
column is in bold and the second best is underlined.

4.3 Mathematical Reasoning

To challenge TuckA on a complex, large-scale reasoning
task (Wu et al. 2025a,b), we fine-tune the Llama2-7B model
on the MetaMathQA dataset (Yu et al. 2024). Following
the setup from (Meng, Wang, and Zhang 2024), we apply
adapters to the query and value layers and train for two
epochs on the first 100,000 examples.

The sheer scale of Llama2-7B presented significant
hardware challenges, making it impossible to run several
memory-intensive baselines on our 24G GPUs, even with
memory optimizations such as DeepSpeed (Rasley et al.
2020) and BFloatl6 precision. The successful execution
of TuckA highlights its memory efficiency. As shown in
Table 3, TuckA achieves higher scores than both LoRA
and DoRA under our experimental constraints. By employ-
ing the same rank as LoRA but distributing the capacity
across four expert groups, TuckA achieves strong mathe-
matical reasoning performance while utilizing significantly
less trainable parameters. This result illustrates TuckA’s po-
tential for scaling effectively to large models, particularly
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Figure 6: CIFAR100 few-shot performance of TuckA and
HRA. TuckA is using the setting M =t =p = 1.

in resource-constrained environments where other methods
may be infeasible.

4.4 Finer-grained Analysis

We provide a series of more detailed analyses to explore the
properties of TuckA further.

First, we analyze the trade-off between increasing the
rank and the number of expert groups. As illustrated in Fig-
ure 5(b), increasing the number of experts consistently im-
proves performance with only a marginal increase in the
number of parameters. This suggests that distributing rep-
resentational capacity across more, simpler expert groups
is a highly parameter-efficient scaling strategy. Conversely,
while increasing the rank also boosts performance, it does
so at a greater cost to the parameter budget and, as observed,
a very large rank can increase the risk of overfitting to the
few-shot training data.

Second, we compare TuckA to HRA, which is a con-
strained special case of TuckA when the expert number is
set to one. By constraining TuckA to a single expert group
and specific factor dimensions (t = 1, p = 1 in Eq. 3), it be-
comes an unrestricted variant of HRA. Figure 6 shows that
while both methods converge similarly on the training set,
TuckA achieves higher evaluation accuracy. This result sup-
ports our hypothesis that the unconstrained factor matrices
in TuckA can provide a richer representational capacity, po-
tentially leading to enhanced generalization.

Moreover, we also conduct ablation studies to demon-
strate the impact of the initialization method. Due to the lim-
ited space, please refer to Appendix C for more details.

5 Conclusion

In this paper, we introduce TuckA, a PEFT method that in-
tegrates multiple adaptation experts into a compact struc-
ture. Specifically, we ensemble a collection of small adapters
using Tucker decomposition and a hierarchical MoE struc-
ture to handle the representational limitation and parame-
ter redundancy of large, single-expert adapters. We also pro-
pose carefully designed data-aware initialization and univer-
sal routing mechanisms to alleviate expert collapse common
in MoE architectures. Experiments on diverse benchmarks
demonstrate the effectiveness of TuckA in enhancing adap-
tation capacity in PEFT.
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