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 a b s t r a c t

Adapting pre-trained Large Language Models to specific tasks has traditionally involved updating all of their 
parameters. Nonetheless, this technique becomes impractical for models containing billions of parameters. This 
has led to intensive research on Parameter-Efficient Fine-Tuning (PEFT) techniques, which aim to train a small 
fraction of the model’s parameters while maintaining comparable performance to Full Fine-Tuning. A popular 
method is the Adapter, i.e. small trainable layers added to pre-trained models. Recently, we present AdaKron, an 
Adapter-based PEFT technique, which leverages the Kronecker product to combine the outputs of two small net-
works, training less than 0.55% of the model’s parameters while outperforming Full Fine-Tuning. In this paper, 
we put forward a novel technique, called MAdaKron, a Mixture-of-AdaKron model, which combines AdaKron 
with a Mixture of Experts approach. MAdaKron combines the flexibility of a Mixture of Experts architecture with 
the efficiency given by AdaKron to further enhance its performance. We then extensively evaluate MAdaKron on 
eighteen Natural Language Understanding and Generation benchmarks, showing that it achieves performance 
on par or even better than recent state-of-the-art PEFT methods, while reducing the number of trainable pa-
rameters. These findings highlight MAdaKron as an efficient solution for Fine-Tuning LLMs, offering substantial 
computational cost reductions without losing performance.

1.  Introduction

Fine-Tuning neural models for specific tasks traditionally requires 
training all model parameters [1,2]. However, with Large Language 
Models (LLMs) characterized by billions of parameters [3], this con-
ventional approach demands substantial memory and computational re-
sources, making it impractical. This has led to the development of new 
methods, usually referred to as Parameter Efficient Fine-Tuning (PEFT) 
techniques, focusing on training only a small subset of model parameters 
while maintaining performance comparable to traditional Fine-Tuning 
methods. In this work, we focus specifically on Adapters [4], a class 
of PEFT techniques that have proven effective across a wide variety of 
tasks [5]. Adapters generally consist of two fully connected layers: an 
initial layer, the so-called down projection, that maps the input vec-
tor into an intermediate dimension, followed by a non-linear activation 
function, and by an up projection to the model’s hidden dimension [6]. 
The performance of an Adapter largely depends on its intermediate di-
mension: larger dimensions typically yield better results, even though 
recent studies [7] suggest that a high number of trainable parameters 
can introduce instability during training. Based on the above findings, to 
reduce adapter parameters while maintaining performance, we recently 
proposed AdaKron [8], which incorporates the Kronecker product into 
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an Adapter. In contrast to recent works [9], which decompose weight 
matrices into smaller low-dimensional ones through the Kronecker prod-
uct, AdaKron employs the Kronecker product between the output vec-
tors of two Feed-Forward Networks (FFNs), which compose the down 
projection of the Adapter. The Kronecker product produces a higher-
dimensional vector by scaling one input vector with each element of 
the other. We interpret the Kronecker product as heuristically analo-
gous to a Mixture of Experts (MoE) system [10], where the first vector 
acts as a gating mechanism (the weights) that scales the second vector 
(the expert output vector). However, unlike traditional MoE systems, 
which combine expert outputs through a weighted sum, the Kronecker 
product concatenates the scaled versions of the second vector, preserv-
ing all individual contributions distinctly. This approach is inherently 
parameter-efficient, as it does not require learning separate expert out-
puts.

In order to show that AdaKron can be seamlessly integrated 
with state-of-the-art PEFT approaches, we introduce a novel method, 
MAdaKron, which combines AdaKron within a MoE framework, enhanc-
ing its performance and flexibility. MAdaKron transforms the heuristic 
MoE analogy of AdaKron into an explicit architecture. In MAdaKron, 
the weights vector of AdaKron is dynamically generated through a 
Mixture of Experts system, which allows the model to adaptively
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modulate the Kronecker interaction according to the input, effectively 
enabling multiple expert adaptation behaviours within a single AdaKron 
layer. The resulting output remains a weighted concatenation, retain-
ing the structural efficiency of AdaKron, but the weighting is context-
dependent, enhancing expressiveness and flexibility without increasing 
the number of trainable parameters. We evaluate MAdaKron across eigh-
teen public Natural Language Understanding and Generation datasets 
using eight different Pre-trained Language Models (PLMs). By applying 
MAdaKron and AdaKron while Fine-Tuning an LLM to a downstream 
task, we achieve a reduction of approximately one-third in the number 
of trainable parameters while achieving superior performance with re-
spect to original Adapters [11] with the same intermediate dimension.

Specifically, the novel contributions are as follows: (i) we extend 
evaluation of AdaKron with a total of three new tasks across ten new 
benchmarks and five new PLMs; (ii) we propose a novel method, 
MAdaKron, which merges AdaKron with a Mixture of Experts approach, 
significantly improving its performance; (iii) we conduct a comprehen-
sive evaluation of MAdaKron on eighteen public Natural Language Pro-
cessing datasets, spanning both Natural Language Understanding and 
Generation tasks. MAdaKron is tested on PLMs of different sizes, out-
performing recent state-of-the-art PEFT methods while training less than 
0.55% of the model’s original parameters. (iv) we perform an in-depth 
analysis of each component of MAdaKron to justify our design choices. 
In addition, we publicly release the code for the proposed approaches, 
along with scripts for running all evaluations1 to promote reproducibil-
ity and facilitate further comparisons of PEFT methods.

The remainder of this paper is organized as follows. Section 2 re-
views the related work. In Section 3, we detail AdaKron and our novel 
MAdaKron approaches, discussing the corresponding design choices. 
Section 4 outlines the evaluation framework. Then, the experimental re-
sults and performance of our proposed approaches across various tasks 
are shown in Section 5, followed by an ablation study assessing the im-
pact of our design choices in Section 5.1.

2.  Related works

In this section, we provide a general overview of Parameter-Efficient 
Fine-Tuning techniques and the Mixture of Experts approach.

PEFT Approaches. Parameter Efficient Fine-Tuning (PEFT) techniques 
are specifically designed to train only a subset of the model’s original pa-
rameters while adapting the model to a downstream task, and maintain-
ing performance levels comparable to those achieved with traditional 
Fine-Tuning. One prominent PEFT approach is the Adapters, which have 
a bottleneck architecture composed of two linear layers and an internal 
residual connection; they are inserted into each Transformer layer after 
the Attention layer and after the Feed-Forward Network (FFN) layers, 
as in the Houlsby Adapter [6], or just only after the FFN layers as in 
the Pfeiffer Adapter [11]. Other PEFT approaches include BitFit [12], 
which tunes only bias terms; LoRA-based methods [13–18], which con-
strain weight updates to low-rank matrices; (IA)3 [19], which rescales 
input vectors with task-specific parameters; and UNIPELT [20], which 
combines multiple PEFT strategies. Recent work has also explored more 
compact adapter formulations such as Compacter [9].

Mixture of Experts. The first large-scale success of Mixture of Experts 
(MoE) in Deep Learning, the so-called Sparse Mixture of Experts [10], 
defines a MoE layer between two LSTM layers. Each MoE layer consists 
of a set of 𝑛 experts 𝐸1,… , 𝐸𝑛, which are small neural networks, and a 
Gating network 𝔾, whose output is a 𝑛-dimensional vector. Let us denote 
𝑥 the input vector and 𝐸𝑖(𝑥) and 𝔾(𝑥) the output of the 𝑖th expert and 
the Gating network, respectively. The output of the MoE layer can be 
summarized as ∑𝑛

𝑖=1 𝔾(𝑥)𝑖𝐸𝑖(𝑥). Inspired by recent work [21], AdaMix 

1 https://github.com/DetectiveMB/AdaKron

[15] defines a MoE layer in each down projection layer of an Adapter 
with a random gate function, achieving state-of-the-art performances on 
GLUE [22].

3.  Methodology

In this section, we first briefly present the Kronecker product and 
AdaKron. Next, we describe in detail our new proposed approach, 
MAdaKron.

Background: the Kronecker Product. Given two matrices, 𝐴 ∈ ℝ𝑚×𝑛 and 
𝐵 ∈ ℝ𝑝×𝑞 , the Kronecker product 𝐴⊗ 𝐵 is a block matrix of dimension 
𝑚 ⋅ 𝑝 × 𝑛 ⋅ 𝑞, where each block is the product between an element of 𝐴
and the entire matrix 𝐵. When applied to vectors, 𝑥 ∈ ℝ𝑛 and 𝑦 ∈ ℝ𝑚, 
the Kronecker product yields
𝑦 ⊗ 𝑥 = 𝑣𝑒𝑐(𝑥𝑦𝑇 ) =

[

𝑦1𝑥, … , 𝑦𝑚𝑥
]

, (1)

which is a 𝑛 × 𝑚-dimensional vector and a weighted concatenation of 
vector 𝑥 with weight values from vector 𝑦. For example, given 𝑥 =
[1, 2, 3] ∈ ℝ3 and 𝑦 = [2, 5] ∈ ℝ2, then 𝑦 ⊗ 𝑥 = [2 ⋅ [1, 2, 3], 5 ⋅ [1, 2, 3]] =
[2, 4, 6, 5, 10, 15] ∈ ℝ6, which is a concatenation of two vectors, i.e. 2 ⋅
[1, 2, 3] and 5 ⋅ [1, 2, 3], which are both vector 𝑥 multiplied by a value 
from 𝑦. Furthermore, 𝑦 ⊗ 𝑥 ∈ ℝ6, where 6 is the product of the dimen-
sion of 𝑥, i.e. 3, and 𝑦, i.e. 2.

Background: AdaKron. AdaKron, which we introduced in [8], incorpo-
rates the Kronecker product within an Adapter module, which is po-
sitioned between the output vectors of two FFNs that form the down 
projection layer of the Adapter. Following Pfeiffer et al. [11], we add 
our Adapter only after the Feed-Forward Networks in each Transformer 
layer. AdaKron consists of two down projections and one up projection 
FFNs. This design choice is informed by recent studies [5], which indi-
cate that reducing the up projection can negatively impact the Adapter’s 
performance. We define two different down projection layers 𝐷𝑣 and 
𝐷𝑐 , whose final outputs are 𝑦𝑣 = 𝐷𝑣(𝑥) =W𝑣𝑥 + 𝑏𝑣 and 𝑦𝑐 = 𝐷𝑐 (𝑥) =
W𝑐𝑥 + 𝑏𝑐 , where W𝑣 ∈ ℝ𝑟1×𝑑 , W𝑐 ∈ ℝ𝑟2×𝑑 , 𝑏𝑣 ∈ ℝ𝑟1 , 𝑏𝑐 ∈ ℝ𝑟2 , 𝑦𝑣 ∈ ℝ𝑟1 , 
𝑦𝑐 ∈ ℝ𝑟2 , 𝑟1, 𝑟2 ≪ 𝑑 and 𝑥 is a 𝑑-dimensional input. Next, we apply 
the Kronecker product and the GELU function to define the output of 
the down projection layers 𝑔(𝑦𝑐 , 𝑦𝑣) ≔ 𝐺𝐸𝐿𝑈 (𝑦𝑐 ⊗ 𝑦𝑣) ∈ ℝ𝑟1⋅𝑟2 , which is 
then fed to the up projection layer. Thus, the final intermediate dimen-
sion of our Adapter is 𝑟 = 𝑟1 ⋅ 𝑟2 ≪ 𝑑 and, as shown in Eq. (1), the output 
of the down projections is a weighted concatenation of the output of 
layer 𝐷𝑣 with the weights from the output vector from layer 𝐷𝑐 .

MAdaKron. Building on the heuristic analogy between AdaKron and a 
Mixture of Experts (MoE) mechanism, we introduce MAdaKron, a Mix-
ture of Experts AdaKron that transforms this intuition into an explicit 
architecture. In AdaKron, the Kronecker product implicitly behaves like 
a gating interaction: one vector scales the other, such as a gating net-
work modulates expert activations in an MoE system. MAdaKron ex-
tends this idea by making the weights selection dynamic and input-
dependent, explicitly incorporating an MoE architecture into AdaKron. 
In MAdaKron, the weight vector that modulates the Kronecker product 
is generated through a Mixture of Experts system, allowing the model to 
adaptively learn the weight representations. This design can be viewed 
as a natural evolution of AdaKron: while AdaKron heuristically mimics 
the behaviour of an expert system without explicitly instantiating one, 
MAdaKron realises this mechanism in full, enabling adaptive expert se-
lection while maintaining the same parameter efficiency. We introduce 
two variations of MAdaKron, Partial and Full MAdaKron, that differ in 
how the MoE structure is integrated within the Adapter. As shown in 
Fig. 1, in the Partial MAdaKron configuration, only the down projection 
𝐷𝑐 is replaced with a MoE layer, which is responsible for generating the 
weights used for the weighted concatenation. In contrast, as shown in 
Fig. 2, in the Full MAdaKron configuration, both down projection layers 
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Fig. 1. Architecture of a Transformer layer with the integration of Partial MAdaKron. During each training step, MAdaKron requires two forward passes per batch, 
while selecting two expert configurations. Finally, we apply a Classification Loss (Class. Loss) and a Consistency loss based on the Kullback-Leibler divergence (KL 
Loss) between the output probabilities to ensure consistency between the two forward passages.

in AdaKron are replaced with MoE layers. For each input, the model ran-
domly selects two experts, one from each MoE down projection layer, 
and their output vectors are combined using the Kronecker product. 
Since recent work [5,21] has shown that a stochastic routing function 
can perform on par or even better than learned routing mechanisms 
without requiring additional parameters, in both our approaches, a ran-
dom routing function determines which experts are activated for each 
input. Furthermore, the gating function is no longer a neural network, 
which means no additional parameters or computation are required 
for expert selection, which is particularly important because it keeps 
MAdaKron’s parameter count equal to AdaKron’s, while still adding the 
flexibility and adaptability of the Mixture of Experts approach. Different 
from recent works [5], however, the experts in MAdaKron emerge from 
the Kronecker-based parameterisation of AdaKron, which induces im-
plicit experts in a parameter-efficient way. By integrating these implicit 
experts with explicit, adaptive selection, MAdaKron combines the effi-
ciency and compactness of AdaKron with the specialisation benefits of 
dynamic expert selection, yielding a model that is more expressive than 
AdaKron. Fig. 1 shows how the training of MAdaKron and the stochastic 
routing function work: the model processes each batch twice, each time 
selecting different expert configurations.

In detail, Let 𝑛 be the number of Transformer layers and 𝑘 = 1, 2 the 
indices of the two batch passes. For each layer 𝑖 the selected expert in 
pass 𝑘 is denoted 𝐴𝑘 = {𝐴1,… , 𝐴𝑛}. For a given input 𝑥, the passage and 
routing through 𝐴𝑘 produces logits 𝑧𝐴𝑘

(.) (𝑥). The two forward passes thus 
yield 𝑧𝐴1

(.) (𝑥) and 𝑧𝐴
2

(.) (𝑥), as shown in Fig. 1.  To ensure consistency, we 
balance the output probabilities of each batch iteration by using a con-
sistency loss based on the Kullback-Leibler divergence [23]. The training 
loss is defined as  = −(𝐶𝑙𝑎𝑠𝑠. + 1∕2 ∗ (𝐾𝐿)), where 𝐶𝑙𝑎𝑠𝑠. is the clas-
sification loss, i.e. it indicates if the predicted label is the correct clas-
sification, and 𝐾𝐿 is the symmetric Kullback-Leibler divergence (KL) 
between the probabilities given by the two training iterations with the 
same batch. Given 𝑥 as input: 

𝐶𝑙𝑎𝑠𝑠 =
𝐶
∑

𝑐=1
(𝑥, 𝑐)𝑙𝑜𝑔(𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑧𝐴1

𝑐 (𝑥)), (2)

𝐾𝐿 = 𝐾𝐿(𝑧𝐴
1

(.) (𝑥)||𝑧
𝐴2

(.) (𝑥)) +𝐾𝐿(𝑧𝐴
2

(.) (𝑥)||𝑧
𝐴1

(.) (𝑥)), (3)

where (𝑥, 𝑐) = 1 if 𝑐 is the correct label for 𝑥, and 0 otherwise. Finally, 
the matrix weights of the expert are merged during the inference stage 
[5] and each expert layer collapses into a single FFN layer.

Parameter Efficiency of MAdaKron. In this section, we compare the num-
ber of parameters of MAdaKron with Adapters. Instead of a single down 
projection layer with an output dimension of 𝑟, MAdaKron is composed 
of two Feed-Forward Networks (FFNs) with output dimensions equal to 
𝑟1 and 𝑟2, where 𝑟2 ≤ 𝑟 is a reduction factor that corresponds to the num-
ber of weighted repetitions of the 𝑟1-dimensional vector. Thus, the num-
ber of parameters in MAdaKron is determined by matrices 𝑊𝑣 ∈ ℝ𝑟1×𝑑

and 𝑊𝑐 ∈ ℝ𝑟2×𝑑 . Assuming, without loss of generality, that 𝑟1 > 𝑟2, it 
follows that 𝑟1 = 𝑟∕𝑟2, where 𝑟1 must be a natural number, implying 
that 𝑟2 must be a divisor of 𝑟. Given 𝑑 the input dimensionality of the 
network, the number of parameters in the down projection layer in a 
Pfeiffer Adapter [11], including biases, is 𝑟 ⋅ 𝑑 + 𝑟, which we reduce to:
𝑑 ⋅ ( 𝑟

𝑟2
+ 𝑟2) +

𝑟
𝑟2

+ 𝑟2 = (𝑑 + 1) ⋅ ( 𝑟
𝑟2

+ 𝑟2). (4)

Finally, adding the parameter of the up projection layer, the total num-
ber of parameters is
(𝑑 + 1) ⋅ ( 𝑟

𝑟2
+ 𝑟2) + 𝑟 ⋅ 𝑑 + 𝑑 (5)

into an MAdaKron layer and 2𝑟𝑑 + 𝑟 + 𝑑 into a Pfeiffer Adapter. The ratio 
between an MAdaKron and Pfeiffer adapter is:
(𝑑 + 1)( 𝑟

𝑟2
+ 𝑟2 + 𝑟)

2𝑟𝑑 + 𝑟 + 𝑑
. (6)

Under the assumption that 𝑑 >> 𝑟 >> 𝑟2, the term 𝑑
(

𝑟 + 𝑟
𝑟2

+ 𝑟2
)

 domi-
nates the numerator in Eq. (6), and 2𝑟𝑑 + 𝑑 dominates the denominator. 
This condition is typically satisfied for parameters commonly used in 
adapters [6], MAdaKron layers [8], and large-scale PLMs such as BERT 
[1] and RoBERTa [24], which have a hidden size of 𝑑 = 768 and adapter 
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Fig. 2. Architecture of a Transformer layer with the integration of Full MAdaKron. Each MAdaKron 𝐷𝑐 and 𝐷𝑣 layer is defined as a MoE system. For illustration, we 
show a layer with 4 experts.

intermediate dimensions 𝑟 ∈ {16, 32, 48, 64}. Thus, Eq. (6) can be approx-
imated as:
(𝑑 + 1)( 𝑟

𝑟2
+ 𝑟2 + 𝑟)

2𝑟𝑑 + 𝑟 + 𝑑
≈

(𝑟 + 𝑟
𝑟2

+ 𝑟2)𝑑

𝑑(2𝑟 + 1)
=

𝑟 + 𝑟
𝑟2

+ 𝑟2
2𝑟 + 1

. (7)

As we will show in Section 5.1, 𝑟2 is a hyperparameter of the model, 
whose optimal value is 𝑟2 = 4 and substituting it into Eq. (7) gives:

 =
𝑟 + 𝑟

𝑟2
+ 𝑟2

2𝑟 + 1
=

𝑟 + 𝑟
4 + 4

2𝑟 + 1
= 5𝑟 + 16

8𝑟 + 4
. (8)

Since 𝑟 ∈ {16, 32, 48, 64} are common values for the hidden adapter di-
mension, the ratio  is always less than 1, indicating that MAdaKron 
requires training fewer parameters with respect to a Pfeiffer Adapter. 
Furthermore, substituting the values of 𝑟 into Eq. (8) shows that the 
ratio of trained parameters ranges between 0.72 and 0.65, meaning that 
MAdaKron allows us to train 30% fewer parameters compared to a Pfeif-
fer Adapter. 

Motivation and Relations with other PEFT approaches. Both of our ap-
proaches, AdaKron and MadaKron, rely on Adapters [6]. This differs 
from recent PEFT approaches, such as prefix- and prompt-tuning [25], 
because Adapters introduce learnable parameters after the feed-forward 
layers, whereas prefix- and prompt-tuning modify the embedding layer. 
The Kronecker product has recently emerged as a promising tool for en-
hancing Parameter-Efficient Fine-Tuning techniques by reducing both 
the number of trainable parameters and Floating Point Operations 
(FLOPs) [9,16]. In most prior work, the Feed-Forward Network weight 
matrices are decomposed into smaller submatrices that are recombined 
using the Kronecker product to approximate the full parameter ma-
trix. For example, Compacter [9] applies Kronecker decomposition to 
adapter weights, and Krona [16] applies the same principle to atten-
tion weight matrices. Kronecker-based compression methods have also 
been successfully applied to transformer models such as BERT [26] and 
GPT-2 [27]. One appealing property of the Kronecker product is its abil-
ity to construct high-dimensional structures from compact components. 
Given matrices 𝐴 ∈ ℝ𝑚×𝑛 and 𝐵 ∈ ℝ𝑝×𝑞 , their Kronecker product 𝐴⊗ 𝐵
results in a matrix of shape 𝑚𝑝 × 𝑛𝑞. Thus, if a large parameter matrix 
𝑊 ∈ ℝ𝑚𝑝×𝑛𝑞 can be expressed as 𝐴⊗ 𝐵, we can learn the parameters 
in 𝐴 and 𝐵, which together contain significantly fewer elements than 

𝑊 . Unlike other decomposition methods, such as low-rank matrix prod-
uct, the Kronecker product imposes no rigid dimensional constraints on 
the factorized submatrices, enabling more flexible architectural design. 
Furthermore, the Kronecker product is a specific instantiation of the ten-
sor product for matrices. It corresponds to the matrix representation of 
the tensor product of linear functions. Let 𝑆 ∶ 𝑉 → 𝑋 and 𝑇 ∶ 𝑊 → 𝑌
be two linear functions, represented by matrices 𝐴 and 𝐵, respectively, 
over vector spaces 𝑉 ,𝑋,𝑊 , 𝑌 . Then, the Kronecker product 𝐴⊗ 𝐵 rep-
resents the tensor product function: 𝑆 ⊗ 𝑇 ∶ 𝑉 ⊗𝑊 → 𝑋 ⊗ 𝑌 .  An im-
portant structural property of Kronecker products is their behaviour un-
der matrix rank: rank(𝐴⊗ 𝐵) = rank(𝐴) × rank(𝐵), which implies that 
the rank of the product is preserved multiplicatively. This character-
istic supports efficient learning under constrained parameter budgets, 
without reducing the rank of the matrices. Beyond parameter savings, 
the Kronecker product can also contribute to computational efficiency. 
Edalati et al. [16] show that it is possible to avoid explicit reconstruc-
tion of the full Kronecker matrix during inference, by using the follow-
ing identity: (𝐴⊗ 𝐵)𝑥 = 𝛾

(

𝐵, 𝜂𝑏2×𝑎2 (𝑥), 𝐴
⊤
)

, where 𝑥 ∈ ℝ𝑑 , 𝜂𝑏2×𝑎2 (𝑦) is 
a mathematical operation that reshapes a vector 𝑦 ∈ ℝ𝑏2𝑎2  in a matrix 
of size 𝑏2 × 𝑎2 and 𝛾(𝑌 ) converts a matrix 𝑌 ∈ ℝ𝑎2×𝑏2  into a vector by 
stacking its columns. This formulation enables reducing FLOPs by avoid-
ing the full matrix multiplication, further accelerating inference in low-
resource settings. Furthermore, recently, Yu et al. propose MoKA (Mix-
ture of Kronecker Product Adaptation) [17], which integrates a Mix-
ture of Experts architecture with Kronecker-based LoRA updates, where 
each expert represents a Kronecker factor pair dynamically activated 
through an efficient sparse router, enabling conditional computation 
and high-rank adaptability. In contrast, Sadeghi et al. proposed MoKA 
(Mixture of Kronecker Adapters) [18] employs a learnable gating mech-
anism to weight multiple Kronecker adapters, achieving rank flexibility. 
Both MoKAs are LoRA-based approaches; thus, they update the atten-
tion parameters through a low-rank Kronecker product of learnable ma-
trices. In contrast to previous methods that apply Kronecker products 
over full parameter matrices or only to the attention weights, our ap-
proach leverages the Kronecker product at the vector level. Specifically, 
we apply the Kronecker product to the output vectors of two parallel 
down projection layers within the Feed-Forward Networks. This strat-
egy not only reduces the number of trainable parameters but also en-
ables structured and expressive representations in the projected space. 
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Both AdaKron and MAdaKron adopt this design by composing the Kro-
necker product over the projected vectors. Furthermore, as shown in 
Eq. (1), the Kronecker product between vectors 𝑥 ∈ ℝ𝑛 and 𝑦 ∈ ℝ𝑚 can 
be expressed as 𝑥 ⊗ 𝑦 = 𝑣𝑒𝑐(𝑥𝑦𝑇 ), where 𝑥𝑦𝑇  denotes the outer product 
(also referred to as their tensor product), and 𝑣𝑒𝑐(⋅) is the operator that 
flattens a matrix into a vector by stacking its columns. Since both 𝑥 and 
𝑦 are one-dimensional, the outer product matrix 𝑥𝑦𝑇  has rank 1, provid-
ing a highly compressed representation that is nonetheless expressive. 
Importantly, the Kronecker product of two vectors can also be inter-
preted as a weighted concatenation. Specifically, if 𝑥 = [𝑥1, 𝑥2,… , 𝑥𝑛]
and 𝑦 = [𝑦1, 𝑦2,… , 𝑦𝑚], then 𝑦 ⊗ 𝑥 = [𝑦1𝑥,… , 𝑦𝑚𝑥], which corresponds 
to the concatenation of scaled copies of 𝑦, where each copy is weighted 
by the corresponding element of 𝑥. This structure allows the Kronecker 
product to behave similarly to a Mixture of Experts (MoE) gating mech-
anism, where each output expert (copy of 𝑦) is modulated by a gate 
value (element in 𝑥). However, unlike traditional MoE models that re-
quire explicit gating networks and weighted summations over experts, 
the Kronecker formulation yields a parameter-efficient implicit mixture, 
computed via a single outer product operation. Therefore, our use of 
the Kronecker product not only reduces parameter count but can also 
be heuristically interpreted as an efficient substitute for a soft-gated 
expert system. This compact and differentiable formulation facilitates 
smooth learning dynamics and implicit routing without introducing the 
overhead typically associated with MoE architectures. Different from 
Adapterfusion [11], which combines the output of task-specific adapters 
through a new learnable layer during inference, we average the weights 
of the experts inspired by recent model merging approaches [5].

4.  Experimental setup

The experiments reported in the next Section aim to answer the
following research questions: (RQ1) Is AdaKron more effective and 
efficient compared to traditional Fine-Tuning and existing Parameter-
Efficient Fine-Tuning (PEFT) methods? (RQ2) Does incorporating a Mix-
ture of Expert system into an AdaKron Adapter (i.e., MAdaKron) im-
prove the model’s performance? (RQ3) Is MAdaKron more effective than 
previously proposed PEFT approaches?

To address the above research questions, we perform a comparative 
evaluation of both the effectiveness and the efficiency of different PEFT 
methods. In the following sections, we present the datasets we employ 
for conducting our evaluations, describe the selected baselines and the 
evaluation metrics used to assess model effectiveness, and finally, we 
outline the training setup.

Datasets and Baselines. We evaluate AdaKron and MAdaKron on GLUE 
[22] and SuperGLUE [28] benchmarks, which include eight and five 
Natural Language Understanding tasks, respectively. Following standard 
practice [12,13], we used the development set as test data in both GLUE 
and SuperGLUE since the original test set is hidden. We further evaluate 
our approaches on two Question-Answering (QA) datasets, i.e. SQuAD 
v1.1 [29] and v2.0 [30], and conduct experiments on three Natural Lan-
guage Generation tasks, i.e. E2E [31] WebNLG [32] and DART [33]. Fol-
lowing prior studies [5,13], we rely on task-specific metrics to evaluate 
our models, such as Accuracy, F1 and Matthews’s and Pearson’s correla-
tion. QA tasks are evaluated using Exact Match (EM) and F1. NLG tasks 
are evaluated using BLEU, NIST, METEOR (MET), ROUGE-L, CIDEr and 
TER. To assess the efficiency of our approaches, we report the number 
of trainable parameters in millions denoted as # Params (M). We com-
pare AdaKron and MAdaKron to full model Fine-Tuning applied to BERT 
Base and Large [1], RoBERTa Base and Large [24], DeBERTa-v3-base
[34] and v2-XXL [35], GPT-2 Medium and Large [2] . Furthermore, we 
evaluate our approaches against several recently proposed PEFT meth-
ods: Houlsby [6] and Pfeiffer Adapter [11], AdaMix [5], BitFit [12],
LoRA [13], UNIPELT [20], Compacter(++) [9], (IA)3 [19], AdaLoRA
[15], and Vera [14]. When results from prior work are unavailable, 
we replicate the baseline experiments using the Adapters repository [4]. 

Replicated results are labelled as repr. in all tables to distinguish them 
from reported outcomes in the literature.

Implementation details. We implement the proposed AdaKron and 
MAdaKron approaches in Pytorch, using an A100 GPU. Our implemen-
tation is based on the publicly available Hugging Face Transformers code-
base [36]. We follow the hyperparameter configuration in [5,15]. Hy-
perparameter settings for both our approaches and the reproduced base-
lines are reported in Appendix A in Tables A.1–A.4 for all the pre-trained 
language models and GLUE, SuperGLUE, SQuAD and NLG datasets. The 
number of experts in each MAdaKron layer is set to 4 for each NLU 
task and 8 for GPT-2-based models. We use AdaFactor [37], which does 
not require setting an initial learning rate, to optimise our models. For 
BERT- and RoBERTa-based models, the intermediate adapter dimension 
is set to 48 and 16, respectively, while for DeBERTa-based models and 
GPT-2-based models it is equal to 16 and 8, respectively. We choose 
these dimensions based on the ablation study reported in Section 5.1, 
where we study the impact of different intermediate dimensions. For 
all the models, the dimension of the down projection layer 𝐷𝑐 is 𝑟2 = 4. 
For each dataset, we run repeated experiments with four different seeds 
(0, 42, 1234, 4321) and report the mean performance for both our ap-
proaches and all the replicated baselines. For each results Table, we 
report in bold the best result, and underline the second best.

5.  Results and discussions

In this section, we present the results of our comparative evalua-
tion. First, we discuss the effectiveness and efficiency of AdaKron and 
MAdaKron in Fine-Tuning various Pre-trained Language Models on dif-
ferent downstream tasks, aiming to answer our research questions. Then, 
in Section 5.1, we perform an ablation study to assess the impact of the 
design choices of our proposal.

Natural Language Understanding. Tables 1 and 2 show the performance 
attained by our approaches, i.e. AdaKron and MAdaKron, and several 
recent PEFT models on the GLUE and SuperGLUE development dataset, 
respectively, using BERT-base and Large and RoBERTa-base and Large 
as PLMs. In both Tables 1 and 2, we report only the average performance 
across the GLUE and SuperGLUE datasets. Refer to Tables B.1-B.7 in 
Appendix B for detailed per-task results.

On the GLUE benchmark, MAdaKron consistently shows a superior 
balance between performance and parameter efficiency compared to 
both Full Fine-Tuning and existing PEFT methods. AdaKron already out-
performs approaches that require substantially more parameters, such 
as UNIPELT, Compacter, (IA)3, and Houlsby or Pfeiffer Adapters, show-
ing that our efficient approach can match or exceed the effectiveness of 
heavier configurations. Conversely, compared to highly compact meth-
ods such as LoRA, BitFit, and Vera, AdaKron improves performance by at 
least one point on most models, with the only exception being RoBERTa-
base, where results are comparable. Partial and Full MAdaKron fur-
ther enhance AdaKron’s results by achieving the highest performance 
on RoBERTa-base and BERT-Large while training the same number of 
parameters as AdaKron.

Finally, it is worth noting that, although MAdaKron scores slightly 
below AdaMix (−0.2 on BERT-base and −0.6 on RoBERTa-Large), it re-
duces by one-third the number of trained parameters, showing a better 
efficiency-performance trade-off.

Regarding SuperGLUE, we show only Partial MAdaKron on this 
dataset since it shows better performance than the Full approach in three 
out of four models on the GLUE benchmark. We first note that our direct 
competitors, i.e. AdaMix, score almost one point lower than MAdaKron 
on all the PLMs. Across all tested PLMs, MAdaKron attains either the 
best or second-best performance while training only one-third of the 
parameters required by the strongest baselines, which is the Houlsby 
Adapter in three out of four models. When not reaching the best per-
formance, the gap remains below 0.3 points, highlighting its stable and 
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Table 1 
Main results on the GLUE development set with BERT and RoBERTa models.
 Model  # Params (M)  BERT-base  # Params (M)  RoBERTa-base  # Params (M)  BERT-Large  # Params (M)  RoBERTa-Large
 Full Fine-Tuning [5,12]  110  82.7  125  85.3  336  84.1  355  88.9
 UNIPELT ([5] + repr.)  1.4  83.5  1.4  84.9  3.2  84.7  3.2 89.3
 Compacter (repr.)  1.3  79.7  1.3  83.0  2.3  82.9  2.3  75.2
 Compacter++ (repr.)  1.3  79.9  1.3  84.8  2.2  82.6  2.2  88.6
 (IA)3 (repr.)  1.2  80.7  1.2  85.2  2.3  83.1  2.3  88.1
 AdaMix Adapter ([5] + repr.)  0.9  84.5  0.3 86.0  2.4  84.6  0.8  89.9
 Houlsby Adapter [5,38]  0.9  83.0  0.8  88.4  4.8  82.5  0.8  86.4
 Pfeiffer Adapter (repr.)  0.9  82.7  0.3  85.9  2.4  84.6  0.8  87.9
 LoRA [5,13]  0.3  82.2  0.3  86.4  0.8  82.7  0.2  88.6
 BitFit [5,38]  0.1  82.3  0.1  84.6  0.3  84.1  0.3  88.5
 Vera (repr.)  0.04  81.1  0.06  85.6  0.02  82.1  0.02  88.3
 AdaKron ([8] + new)  0.6  83.6  0.2  85.7  1.6  84.2  0.6  89.1
 Full MAdaKron  0.6 84.3  0.2  85.4  1.6 84.8  0.6  89.1
 Partial MAdaKron  0.6  83.9  0.2  86.4  1.6  85.1  0.6 89.3

Table 2 
Main results on the SuperGLUE development set with both BERT and RoBERTa.
 Model  # Params (M)  BERT-base  # Params (M)  RoBERTa-base  # Params (M)  BERT-Large  # Params (M)  RoBERTa-Large
 Full Fine-Tuning [39]  110  71.8  125  70.7  336 77.1  355  81.4
 UNIPELT (repr.)  1.4  75.2  1.4  78.7  3.2 77.1  3.2  82.1
 Compacter (repr.)  1.3  73.1  1.3  76.9  2.3  76.3  2.3  80.8
 Compacter++ (repr.)  1.3  71.3  1.3  75.9  2.2  75.4  2.2  78.0
 (IA)3 (repr.)  1.2  74.0  1.2  78.6  2.3  76.8  2.3  81.6
 Houlsby Adapter (repr.)  1.8 74.6  1.2  78.3  4.8  77.4  1.6  82.6
 Pfeiffer Adapter (repr.)  0.9  72.8  0.3  76.8  2.4  76.1  0.8  81.7
 AdaMix (repr.)  0.9  71.4  0.3  78.0  2.4  76.0  0.8  80.8
 LoRA (repr.)  0.3  74.2  0.3  77.3  0.8  75.8  0.2  81.9
 Vera (repr.)  0.04  72.7  0.06  74.7  0.02  73.5  0.02  80.2
 AdaKron (new)  0.6 74.6  0.2 78.4  1.6 77.1  0.6  82.0
 Partial MAdaKron  0.6  75.8  0.2  78.7  1.6 77.1  0.6 82.5

efficient behaviour across all the evaluated architectures. Furthermore, 
MAdaKron improves AdaKron’s results by at least 0.3 points, except for 
BERT-Large, where our approaches achieve performance on par.

We further evaluate AdaKron and Partial MAdaKron on DeBERTa-
v3-base and report the results in Table 3, which shows the performance 
of our approaches on GLUE and both SQuAD v1.1 and 2.0. AdaKron 
and MAdaKron consistently achieve strong results across benchmarks 
while training only a small fraction of model parameters. On GLUE and 
SQuAD v1.1, they achieve performance on par or even better than Full 
Fine-Tuning and most PEFT approaches, including the Houlsby Adapter, 
while requiring significantly fewer parameters. Regarding Question An-
swering datasets, both AdaKron and MAdaKron outperform Pfeiffer 
Adapters on SQuAD v1.1 and perform on par on SQuAD v2.0, again 
using one-third fewer parameters. They also outperform LoRA and the 
Houlsby Adapter across both SQuAD datasets, and achieve performance 
comparable to Full Fine-Tuning on most tasks. Regarding our direct 
competitors, MAdaKron outperforms AdaMix on SQuAD v2.0, while 
AdaMix requires one-third more parameters. It is worth noting that 
AdaLoRA leverages adaptive rank allocation aligned with DeBERTa’s 
disentangled attention, prioritising high-rank updates in the most in-
formative weights. This gives AdaLoRA a slight advantage on SQuAD 
v2.0, outperforming our approaches by approximately 0.3 points. As 
a final stress test for AdaKron, we scale up to 1.5B parameters using 
the DeBERTa-v2-XXL model, and evaluate it on GLUE datasets. Given 
the large cost of training DeBERTa-v2-XXL, we select a subsample of 
GLUE datasets, namely MRPC, CoLA, RTE and STS-B. We focus on these 
datasets since they include a diverse range of tasks, spanning both 
low-resource and high-resource scenarios, as well as covering Single-
Sentence and Pairwise Text Classification. AdaKron achieves compa-
rable performance to Full Fine-Tuning while training only 0.06% of 
model parameters. AdaKron shows strong results across all four tasks: it 
reaches 90.4 on MRPC (vs. 92.0 with Full Fine-Tuning), 70.6 on CoLA 
(vs. 72.0), 88.9 on RTE (vs 89.9) and 91.9 (vs 92.9) on STS-B. While the 
average gap between AdaKron and Full Fine-Tuning is approximately 

three points, the performance on STS-B differs by just one point, despite 
AdaKron updating only around one million parameters.

In addition to the English benchmarks, we include a compact exper-
iment on the development set of the recent SemEval-2025 “Bridging the 
Gap in Text-Based Emotion Detection” task [40], which covers a large 
set of high- and low-resource languages. From this pool, we select a rep-
resentative subset consisting of four high-resource languages (Spanish, 
Hindi, Russian, Romanian) and three low-resource languages (Hausa, 
Nigerian Pidgin, Marathi), in order to keep the experiment lightweight 
and comparable to our main setup while still spanning both ends of the 
resource spectrum. Our goal here is not to compete with leaderboard 
systems, but to stress-test whether the advantages of AdaKron transfer 
beyond English under controlled conditions. For this reason, we restrict 
the comparison to PEFT baselines, i.e. LoRA and Pfeiffer Adapter, and 
we report results only on the official development set. Results of our 
evaluation are reported in Table 4. Across the selected languages, in-
cluding the low-resource ones, AdaKron consistently outperforms both 
baselines, indicating that the benefits of our Kronecker-based parame-
terisation extend to multilingual, data-scarce settings, even though a full 
multilingual study remains outside the scope of this work.

NLG tasks. Table 5 shows the performance of our approaches and sev-
eral baseline models, using GPT-2 Medium as PLM on three NLG tasks. 
AdaKron outperforms Full Fine-Tuning on the E2E dataset with respect 
to all the metrics used, showing its efficiency and efficacy in Fine-Tuning 
an LLM to a downstream NLG task. AdaKron achieves better perfor-
mance than Houlsby Adapter and Fine-Tuning only the top two layers, 
but training only 0.3M parameters. Regarding DART and WebNLG tasks, 
AdaKron achieves performance in the same ballpark as all baselines 
proposed. MAdaKron enhances AdaKron performance on both datasets, 
outperforming both Full Fine-Tuning and Fine-Tuning Top2. Further-
more, MAdaKron achieves performance in the same ballpark as AdaMix 
and LoRA while requiring fewer trainable parameters. Regarding GPT-2 
Large (774M of parameters) applied to the E2E benchmark, AdaKron 
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Table 3 
Main results on the GLUE and SQuAD development sets with DeBERTa-v3-base.
 Model  # Params (M)  GLUE Avg.  SQuAD v1.1 EM  SQuAD v1.1 F1  SQuAD v2.0 EM  SQuAD v2.0 F1
 Full Fine-Tuning [15]  184  87.0  86.0  92.7 85.4 88.4
 Houlsby Adapter [15]  0.6  87.9  86.1  92.7  84.9  87.9
 Pfeiffer Adapter [15]  0.6  88.0  86.2  92.8  84.9  87.8
 AdaMix (repr.)  0.6 88.7  87.7  93.6  85.2  88.1
 Houlsby Adapter [15]  0.3  88.1  85.3  92.1  84.3  87.3
 Pfeiffer Adapter [15]  0.3  88.1  85.9  92.5  84.5  87.6
 LoRA [15]  0.2  88.3  86.4  92.8  84.7  87.2
 AdaLoRA [15]  0.2  89.0  87.2 93.4  85.6  88.7
 AdaKron (new)  0.4  88.6  87.0  93.2  84.7  87.6
 Partial MAdaKron  0.4  88.4 87.5  92.2  85.3  88.3

Table 4 
Main results (Micro 𝐹1) on the development set of SemEval 2025-“Bridging the Gap in Text-Based Emotion Detection” 
Task.

 Model  # Params (M)  Spanish  Hindi  Russian  Romanian  Marathi  Hausa  Nigerian Pidgin
 LoRA (repr.)  0.3 67.3 70.6  82.6  66.8 86.5 59.5  55.8
 Pfeiffer Adapter (repr.)  0.9  69.8  70.1  81.1  62.9  84.9  60.2  52.0
 AdaKron (new)  0.6  72.1  72.4 82.1 66.4  87.2  59.4 54.7

Table 5 
Main results on NLG tasks test sets with GPT-2 Medium.
 Model  # Params (M)  E2E BLEU  E2E NIST  E2E MET  E2E ROUGE-L  E2E CIDEr  DART BLEU  DART TER ↓  WebNLG BLEU  WebNLG TER ↓
 Full Fine-Tuning [5]  355  68.2  8.62  46.2  71.0  2.47  46.2  0.46  46.5  0.53
 Fine-Tuning Top2 [5]  25.0  68.1  8.59  46.0  70.8  2.41  41.0  0.56  36.0  0.72
 Houlsby Adapter [5]  11.0  68.9  8.71  46.1  71.3  2.47  45.2  0.46  54.9  0.39
 AdaMix Adapter [5]  0.4 69.8 8.75  46.8  71.9 2.52  47.7 0.47 54.9  0.39
 LoRA [5]  0.3  70.4  8.85  46.8 71.8  2.53 47.1  0.46  55.3  0.39
 DyLoRA [41]  0.4  69.2  8.75  46.3  70.8  2.46  46.5  0.48  54.5  0.39
 AdaKron (new)  0.3  69.3  8.65  45.8  71.3  2.41  45.0  0.50  51.6  0.43
 Partial MAdaKron  0.3  69.2  8.68 46.3  71.1  2.46  46.6  0.49  53.3 0.42

and MAdaKron achieve 68.8 and 69.5 in BLEU, respectively, outper-
forming Full Fine-Tuning (68.5 BLEU) while only training 0.6M pa-
rameters. Furthermore, MAdaKron outperforms Houlsby Adapter (69.1 
BLEU) and is on par with LoRA (70.4 BLEU) while training fewer pa-
rameters (0.6M for MAdaKron vs 0.9M for Houlsby Adapter and 0.7M 
for LoRA).

5.1.  Ablation study and analysis

In this section, we conduct an ablation study to assess our design 
choices. Furthermore, we analyse the training and inference efficiency 
of our methods.

Intermediate dimension. We perform an ablation study to assess the im-
pact of different intermediate dimensions of AdaKron layers and the 
output dimensions of the two FFNs comprising the down projections. 
The intermediate size and the reduction factor 𝑟2, defined in Section 3, 
play a pivotal role in controlling the parameter efficiency of AdaKron: 
smaller intermediate sizes result in a reduced parameter count, but they 
may potentially impact performance negatively, while a smaller reduc-
tion factor introduces more parameters. We explore a range of different 
intermediate sizes, i.e. 8, 16, 32, 48, 64 and 256, coupled with two re-
duction factors, i.e. 2 and 4. Table 6 reports the results of the different 
configurations using BERT-base on four GLUE datasets, i.e. SST2, CoLA, 
RTE and STS-B, which include a diverse range of tasks, spanning both 
high- and low-resource scenarios, as well as covering Single-Sentence 
and Pairwise Text Classification. We split the original training set, using 
85% for training and 15% for evaluation. The intermediate dimension of 
48 with a reduction factor of 4 achieves the best average result overall. 
We note that the best average performance overall has been achieved 
when the reduction factor 𝑟2 is equal to 4, and thus the output vector of 
AdaKron is a 48-dimensional vector with blocks of length 12. This config-
uration maintains sufficient representational capacity while minimising 

information loss, which is the result of the projection to a small inter-
mediate dimension. Conversely, with the same intermediate dimension 
𝑟 = 48, a reduction factor of 𝑟2 = 12 yields 4-dimensional blocks that are 
too small to retain all input information, leading to performance degra-
dation. Furthermore, a large intermediate dimension 𝑟 typically leads 
to improved performance compared to a small one. For example, both 
𝑟 = 64 and 𝑟 = 256 outperform all other dimensions when the reduction 
factor is equal to 2, but require more parameters to be trained. Conse-
quently, we opt for the optimal configuration of AdaKron, featuring an 
intermediate dimension of 48 and a reduction factor of 4.

Furthermore, we evaluate different AdaKron’s intermediate dimen-
sions using DeBERTa-v3-base on the four new GLUE datasets and we 
expect the results to generalise well with other Natural Language Un-
derstanding tasks. We evaluate four different intermediate dimensions, 
i.e. 8, 16, 32 and 64 as suggested in [15]. Detailed results are reported in 
Appendix B in Table B.12. The intermediate dimensions of 16 achieve 
the best AdaKron performance on all the proposed datasets, while larger 
sizes, such as 32 and 64 are one point lower on specific datasets, such as 
SST2 and STS-B, compared to dimension 16. This finding contrasts with 
the results obtained with BERT as Language Model, where a dimension 
of 32 outperforms 16. The superior performance of a small dimension 
in DeBERTa-v3-base suggests that its architecture benefits compact rep-
resentations, while a large dimension may introduce overfitting. Thus, 
we use intermediate dimensions of 16 while training DeBERTa-v3-base 
with our approaches.

Variations of Kronecker Product. In this section, we present an abla-
tion study to analyse the impact of the Kronecker product within the 
AdaKron layer. While the original AdaKron configuration applies the 
Kronecker product only to the down projection layers, we also explore 
variants where it is applied to the up projections, or both the up and 
down projections. Furthermore, since the Kronecker product is non-
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Table 6 
Ablation study on the four new GLUE development datasets with BERT-base to study the impact of the intermediate dimension.
 Intermediate Dim. 𝑟 = 𝑟1 ⋅ 𝑟2  8  16  32  48  64  256  8  16  32  48  64  256  32  48
 Down projections Dim. 𝑟1, 𝑟2  2,4  2,8  2,16  2,24  2,32  2,128  4,2  4,4  4,8  4,12  4,16  4,64  8,4  12,4
 # Params (M)  0.1  0.2  0.4  0.6  0.9  3.5  0.1  0.2  0.3  0.6  0.8  3.0  0.3  0.6
 Average Performance  86.6  87.4  87.7  87.7  88.1 88.2  86.9  87.5  87.8  88.3 88.2 88.2  87.6  88.0

commutative, we introduce Symmetric AdaKron, a variation designed to 
explore the impact of input order. The Symmetric AdaKron Adapter ap-
plies the Kronecker product twice, switching the order of the input vec-
tors, and then sum up the results. Furthermore, we added two more vari-
ants of Kronecker product based on the Kronecker sum between two vec-
tors 𝑦𝑣 and 𝑦𝑐 as 𝑦𝑣 ⊕ 𝑦𝑐 = 𝑦𝑣 ⊙ 1𝑟2 + 𝑦𝑐 ⊙ 1𝑟1 , where 1𝑛 = (1, 1,… , 1) ∈
ℝ𝑛 is the all-ones vector. To evaluate the effect of using the Kronecker 
sum, we replace the Kronecker product with the sum and additionally 
consider a variant that combines the outputs of both the product and 
the sum. Beyond the Kronecker product, we evaluate alternative matrix 
products, namely the penetrating face product, which is a generalization 
of the Hadamard product to vectors with different dimensions, and the 
Khatri-Rao product. The penetrating face product between 𝑦𝑐 and 𝑦𝑣
(as defined in Section 3) is: 𝑦𝑐 [⊙]𝑦𝑣 = [(𝑦𝑐 )1 ⊙ 𝑦𝑣|… |(𝑦𝑐 )𝑛 ⊙ 𝑦𝑣] ∈ ℝ𝑟1 , 
where ⊙ is the Hadamard product. Compared to the Kronecker prod-
uct, which produces a vector of 𝑟1 ⋅ 𝑟2, this formulation results in a 
lower-dimensional output of length 𝑟1. We also investigate the Khatri-
Rao product, which is a generalization of the Kronecker product and it 
is defined as: 𝑦𝑐 ⋆ 𝑦𝑣 = [(𝑦𝑐 )1 ⊗ 𝑦𝑣|… |(𝑦𝑐 )𝑟1 ⊗ 𝑦𝑣] ∈ ℝ𝑟1⋅𝑟2 , where each 
subvector (𝑦𝑐 )𝑖 is an 𝑟2−dimensional block of 𝑦𝑐 , yielding an output vec-
tor with the same dimensionality as the Kronecker product. The results 
of these ablations are reported in Table 7, using the Pfeiffer Adapter 
as baseline. AdaKron, with the Kronecker product applied only in the 
down projections, achieves the best average performance, exceeding all 
other variants by at least 0.4 points and being the only configuration 
that outperforms the Pfeiffer Adapter baseline. Applying the Kronecker 
product in the up projections further reduces the number of trained pa-
rameters into an AdaKron Adapter, but downgrades the average perfor-
mance by at least one point. Since the output of the up projection is 
summed with the input vector of an Adapter, these results suggest that 
training a unique layer can produce a vector in the same space as the 
input one, while applying the Kronecker product can generate a block 
representation in a different space. AdaKron outperforms the Symmetric 
and the Kronecker sum-based variants because the Kronecker product 
preserves the separable contributions of the input vectors, while sum-
mation in both approaches discards this structure. It also surpasses the 
Hadamard and Khatri-Rao variants, highlighting the superior represen-
tational capacity of the Kronecker composition: compared to Hadamard, 
it produces higher-dimensional outputs that enable richer representa-
tions, while unlike Khatri-Rao, it avoids partitioning the input into sub-
vectors, thus retaining global contextual information.

Variations of Mixture of Experts. We conduct an ablation study to eval-
uate the contribution of each component within the Mixture of Experts 
(MoE) framework employed in MAdaKron. First, we analyse the expert 
utilisation frequency. Since experts are selected uniformly at random, 
each expert is actually chosen in approximately 25% of the iterations 
during the training on all the datasets used for the ablation studies. Im-
portantly, no expert is activated more frequently than the others, which 
ensures that, when averaging the expert outputs, all experts contribute 
equally and none is undertrained. Furthermore, to isolate the effects of 
individual components, we modify the architecture in four ways: first, 
we remove the consistency regularisation loss during training to evalu-
ate its impact on performance; second, we replace the uniform proba-
bility of the random gate with a biased probability where the first ex-
pert receives the input with a probability of 0.7 and the three remain-
ing experts with a probability of 0.1; third, we replace expert merging 
during inference with random routing of each input to a single expert; 

Table 7 
Ablation study on the effect of the Kro-
necker Product.
 Model  Avg.
 Pfeiffer Adapter (repr.) 88.1
 AdaKron  88.3
 Kronecker in Up proj.  87.2
 Kronecker in Down and Up proj.  85.2
 Symmetric AdaKron  87.8
 Kronecker Sum  87.7
 AdaKron + Kronecker Sum  87.6
 Hadamard product  87.2
 Khatri-Rao product  87.9

and fourth, we substitute the random gating mechanism with a train-
able softmax gate, which requires an additional load-balancing loss, is 
trained jointly with the MAdaKron layers, and selects the top-2 experts 
during inference. Table 8 summarizes the results of our ablation study. 
Across all evaluated variants, we fix the number of experts to four and 
set the intermediate dimensionality of the Adapter layers to 48. Among 
all configurations, MAdaKron, which incorporates the consistency reg-
ularization loss during training and expert merging during inference, 
achieves the best overall performance. Removing the consistency loss 
leads to an average performance drop of 0.6 points, highlighting the 
important role of this regularization objective: each expert minimizes 
its own prediction error via the cross-entropy loss while simultaneously 
learning to match the predictions of another expert, effectively treating 
it as a teacher and ensuring consistent outputs across experts without 
restricting their independent optimization. Furthermore, employing a 
biased expert selection probability in place of a uniform one yields per-
formance comparable to that of MAdaKron. When the biased selection 
is applied without the Consistency loss, performance decreases by ap-
proximately one point. These results emphasise the critical role of the 
Consistency loss: even under non-uniform selection probabilities, it en-
sures that all experts learn to produce similar output probability distri-
butions. Disabling the merging strategy in favour of random selection at 
inference results in a performance decrease of at least 0.3 points, show-
ing that averaging experts yields more robust and accurate results than 
relying on a single one [5]. Replacing random gating with a learned 
softmax gate consistently decreases performance by at least 0.5 points, 
despite increasing the model size by approximately 0.1 million param-
eters. This reduction is due to load-balancing issues and expert collapse 
in softmax-based gating [21], which prevent the effective utilisation of 
all experts. Furthermore, we note that the learnable gate achieves per-
formance better than the random one in STS-B, which is interestingly 
a low-resource dataset, compared to SST2, CoLA and RTE. Finally, the 
selection frequencies of the learnable gate of the four experts during 
the training on SST2, CoLA, RTE, STS-B are 24.4%, 28.3%, 23.5%, and 
23.8% for the first, second, third, and fourth experts, respectively. Al-
though the second expert is chosen slightly more often than the others, 
the balancing loss ensures that the activation probabilities of all experts 
remain balanced, preventing reliance on a single expert or the repeated 
activation of the same expert pair. Our findings thus provide further 
evidence that, in the context of MAdaKron, stochastic expert selection 
offers both efficiency and effectiveness advantages over learned gating 
mechanisms.
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Fig. 3. t-SNE projection of the 48-dimensional output vectors produced by MAdaKron for a single batch from the RTE dataset. Visualisations are reported sequentially 
for each pair of consecutive layers to illustrate the evolution of expert representations throughout the model.

Table 8 
Ablation study on different MoE archi-
tectures.

 Model  Avg.
 Pfeiffer Adapter (repr.)  88.1
 MAdaKron  88.5
 w/o Consistency  87.9
 w/o Merging, with Consistency  88.2
 w/o Merging, w/o consistency  87.7
 Biased Prob., with Consistency 88.4
 Biased Prob., w/o Consistency  87.4
 Softmax Gating, with balancing  88.0
 Softmax Gating, w/o balancing  87.7

Table 9 
Ablation study on the number of experts.
 Model  Num. of Experts  Avg.
 Pfeiffer Adapter (repr.)  0 88.1
 Partial MAdaKron  4  88.5
 Partial MAdaKron  2  87.5
 Partial MAdaKron  6 88.1
 Partial MAdaKron  8  87.3
 Full MAdaKron  2  87.7
 Full MAdaKron  4  87.9
 Full MAdaKron  6  84.2
 Full MAdaKron  8  81.4

Number of Experts. We perform an ablation study to assess the impact 
of different numbers of experts in MAdaKron layers with BERT-base. 
We evaluate different numbers of experts, i.e. 2, 4, 6 and 8, on four 
GLUE tasks, and we report the results of our analysis in Table 9. Over-
all, MAdaKron with 4 experts achieves the best result, regardless of the 
Partial or Full approach. Consequently, we opt for the optimal configu-
ration, featuring 4 as the number of experts. As the number of experts 
increases, leading to greater sparsity, we observe that low-resource tasks 
like RTE, and STS-B, which have a small training set (i.e. less than 7𝑘
data), degrade in performance compared to a small number of experts. 
For example, the performance on RTE and STS-B with 2 experts out-
performs the one with 8 experts by 1.8 and 0.8, respectively. In con-
trast, high-resource tasks like SST2, which has 67𝑘 training data, show 
performance on par with both a high and small number of experts. A 
similar trend is also shown with GPT2-Large as PLMs, where increasing 
the number of experts enhances performance on a high-resource bench-
mark such as E2E, which has 42𝑘 training data: MAdaKron achieves 73.8 
in BLEU with 8 experts and 72.8 with 4 experts. This finding suggests 
the benefits of an increased model capacity through additional experts 
in tasks with large training sets, while low-resource tasks may struggle 
due to the large number of parameters Fig. 3.

Visualisation of MAdaKron Experts. In this section, we examine the evo-
lution of MAdaKron output representations when fine-tuning BERT-base 
on the RTE dataset, to understand how expert representations evolve 

across layers and where discriminative patterns emerge. To this end, we 
apply t-SNE to project the 48-dimensional output vectors of MAdaKron 
of a single batch of dimension 4 and sequence length of 128 into a two-
dimensional space for visualisation. We limit the batch dimension to 4
for a better interpretation of the final plot.

In the earliest layers (1-2), the outputs of the four experts form 
clearly separated regions, indicating that each expert captures distinct 
aspects of the input. In layers 3-4, while some separation remains, the ex-
pert representations begin to overlap, suggesting a gradual convergence. 
These early stages appear to encode primarily lexical and semantic infor-
mation, before task-specific features become prominent. The middle lay-
ers (5-8) mark a transition phase. Layers 5-6 and 7-8 exhibit similar be-
haviour, where the representations become increasingly intermixed and 
start shifting from semantic toward task-specific encoding. This stage 
corresponds to the emergence of discriminative structure in the repre-
sentation space, where features relevant to the RTE classification begin 
to dominate. In layers 9-10, a form of degenerate routing behaviour is 
observed, with the outputs predominantly concentrated around a sin-
gle expert, except for a few distinct points in the tenth layer. Finally, in 
layers 11-12, the outputs become almost fully blended across experts, 
showing a complete integration of features before the final prediction. 
Overall, this layer-wise analysis reveals a coherent progression: the early 
layers encode general semantic information, the middle layers develop 
task-specific discriminative representations, and the final layers consol-
idate these features. 

Efficiency Analysis. As discussed by Lialin et al. [42], parameter ef-
ficiency is a multidimensional concept encompassing memory utilisa-
tion, training speed, inference overhead and energy consumption. While 
the previous section analysed the effectiveness of MAdaKron on down-
stream tasks, this section focuses on its computational efficiency. To 
this end, we conduct experiments using a BERT-base model fine-tuned 
on the RTE dataset for a single training epoch, using a batch size of 
32 and a sequence length of 512 tokens. All experiments are executed 
on an NVIDIA A100 GPU. We report peak GPU memory usage, total 
training time (in seconds), TFLOPs, MACs, estimated energy consump-
tion, and corresponding CO2 emissions for the single training epoch. 
In detail, TFLOPs are TeraFLOPs, i.e. 1012 FLOPs, where a FLOP is de-
fined as the number of Floating-Point arithmetic operations the sys-
tem performs [43], while MACs (Multiply-Accumulate Operation) count 
multiply-accumulate operations (compute) [44]. Table 10 presents the 
results of our analysis. Both AdaKron and MAdaKron reduce the number 
of trainable parameters by one-third compared to Pfeiffer Adapter and 
AdaMix, enhancing parameter efficiency. The Kronecker product further 
lowers computational cost: training BERT-base on RTE for one epoch re-
quires 3.11 and 6.22 TFLOPs for AdaKron and MAdaKron, respectively, 
compared to 3.12 for Pfeiffer Adapter and 6.24 for AdaMix. AdaKron 
achieves lower TFLOP requirements than the original Pfeiffer Adapter, 
while MAdaKron is more efficient than its direct competitor AdaMix, 
showing that integrating the Kronecker product within the adapter layer 
decreases both operational complexity and computational cost. AdaKron 
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Table 10 
Training and Inference Efficiency. The experiments are conducted on BERT-base, and we set both training and inference batch sizes 
equal to 32 and sequence length equal to 512. Training and Inference Times are measured in seconds (s), Memory Usage in GB, Energy 
Consumption in Joules and the Carbon Emissions in milligrams.

Model # Params (M)  Training Phase  Inference Stage
 TFLOPs  MACs  Time (s)  Memory Usage (GB)  Energy (J)  CO2 (mg)  Inference Time (s)

 LoRA  0.3  3.09  1.54  33.2  15.0  48.28  5.36  1.31
 Pfeiffer Adapter  0.9  3.12  1.56  35.0  19.9  48.67  5.40  1.36
 AdaMix  0.9  6.24  3.12  64.8  39.4  97.34  10.82  1.38
 AdaKron  0.6  3.11  1.55  36.5  19.8  48.52  5.39  1.37
 Partial MAdaKron  0.6  6.22  3.11  65.2  39.3  97.03  10.78  1.39

achieves training time and memory usage of 36.5 s and 19.8 GB, close to 
Pfeiffer Adapter’s 35.0 s and 19.9 GB, while MAdaKron requires 65.2 s 
and 39.3 GB, comparable to AdaMix (64.8 s and 39.4 GB). Estimated en-
ergy consumption, assuming 15.6 pJ per FP32 FLOP and 400 g CO2/kWh 
(as reported in vendor documentation for NVIDIA A100 GPUs), is 48.5 
Joule (J) and 5.39mg CO2 for AdaKron, 48.67 J and 5.40mg CO2 for 
Pfeiffer Adapter, and double for MAdaKron and AdaMix due to the con-
sistency regularisation, though MAdaKron emits slightly less CO2 than 
AdaMix (difference of 0.1mg). Despite achieving the best performance 
in the majority of the datasets and models, both AdaMix and MAdaKron 
process each batch twice, and thus both require twice TFLOPs, MACs, 
Energy and CO2 consumption compared to AdaKron, and this may neg-
atively affect the environmental sustainability of training.

During inference, all Adapter-based methods exhibit similar latency 
(1.36-1.39 s), slightly higher than LoRA (1.31 s). This discrepancy arises 
because LoRA does not introduce additional layers into the Transform-
ers, whereas Adapter-based methods insert new layers, increasing the 
inference cost.

6.  Conclusions

In this paper, we present MAdaKron, an Adapter-based Fine-Tuning 
technique that leverages the Kronecker product and incorporates a Mix-
ture of Experts system. Our approach aims to significantly reduce the 
number of trainable parameters while maintaining competitive perfor-
mance. Our extensive evaluation, guided by the research questions pre-
sented earlier in Section 4, shows both the effectiveness and the ef-
ficiency of both methods. Indeed, RQ1 focuses on the efficiency and 
performance of AdaKron, showing that it delivers competitive results 
across a wide range of tasks while requiring a fraction of the param-
eters compared to traditional Fine-Tuning and other PEFT methods. 
Building on this, RQ2 examines the impact of integrating a MoE system 
into AdaKron, leading to the development of MAdaKron. We integrate 
AdaKron with a Mixture of Experts architecture to further enhance per-
formance while keeping parameter efficiency intact, showing the adapt-
ability of our approach. Lastly, RQ3 investigates MAdaKron’s effective-
ness compared to other PEFT techniques. Our extensive evaluation on 
eighteen different datasets through eight PLMs shows that MAdaKron 
consistently outperforms existing methods across several NLP tasks, in-
cluding Natural Language Inference and Generation and Question An-
swering. In summary, our findings highlight MAdaKron as a promis-
ing method for improving the efficiency of Fine-Tuning large models 
without compromising their performance, offering practical solutions 
for resource-constrained environments.

Limitations and Future Works. While the AdaKron and MAdaKron frame-
works offer strong performance, they remain computationally demand-
ing due to the need to Fine-Tune large-scale language models. Similarly, 
the proposed MAdaKron method incurs higher training costs compared 
to conventional PEFT techniques, such as LoRA and Pfeiffer Adapter. 
Based on empirical observations, MAdaKron generally requires approx-
imately twice the number of training iterations relative to standard PEFT 
methods, due to the inclusion of consistency regularization. This added 

computational burden may negatively affect the environmental sustain-
ability of training, particularly in terms of carbon emissions. We evalu-
ate our approaches on models containing up to 1.5 billion parameters, 
which corresponds to the largest publicly available encoder-only archi-
tectures. Due to computational constraints, we do not extend our evalu-
ation to decoder-only language models exceeding 3 billion parameters. 
Compared to LoRA-based methods, which do not modify the model ar-
chitecture, adapter-based approaches, such as AdaKron and MAdaKron, 
are less scalable since they introduce additional trainable layers into 
the Transformer backbone, whose definition and training are unfeasible 
for closed-source models or decoder-only models with 3B parameters or 
more, such as Llama-2-3B and -7B [45]. While this architectural mod-
ification results in a slightly higher number of trainable parameters, it 
enables greater expressivity and flexibility. As shown in Section 5, our 
methods consistently outperform LoRA-based baselines across all eval-
uated Natural Language Understanding datasets and models, and they 
are on par on Natural Language Generation tasks, highlighting the effec-
tiveness of our design. Despite these costs, AdaKron is orthogonal to ex-
isting PEFT approaches and can be flexibly integrated into a wide range 
of Fine-Tuning strategies to potentially enhance their performance. We 
plan to extend MAdaKron to open-source multimodal models to assess 
its effectiveness in multi-task and cross-modal adaptation scenarios, as 
well as in multilingual models.
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Appendix A.  Evaluation settings

Table A.1 
Hyperparameter configurations for BERT-based and RoBERTa-based mod-
els used to evaluate both AdaKron and MAdaKron on GLUE datasets.
 Dataset  Epochs  Batch Size  Warmup ratio  Weight Decay  Adapter Size
 BERT-base and Large
 CoLA  100  16  0.06  0.1  48
 SST2  40  64  0.06  0.1  48
 MNLI  40  64  0.06  0.1  48
 RTE  80  64  0.06  0.1  48
 QQP  60  64  0.06  0.1  48
 MRPC  100  16  0.06  0.1  48
 QNLI  20  64  0.06  0.1  48
 STS-B  80  32  0.06  0.1  48
 RoBERTa-base and Large
 CoLA  80  64  0.6  0.1  16
 SST2  20  64  0.6  0.1  16
 MNLI  20  64  0.6  0.1  16
 RTE  60  64  0.6  0.1  16
 QQP  80  64  0.6  0.1  16
 MRPC  60  64  0.6  0.1  16
 QNLI  20  64  0.6  0.1  16
 STS-B  80  64  0.6  0.1  16

In this Section, we report the detailed datasets description, imple-
mentation details and the hyperparameters used to Fine-Tune the Pre-
trained Language Models with both AdaKron and MAdaKron.

A.1.  Datasets

We evaluate AdaKron and MAdaKron on the General Language Un-
derstanding Evaluation (GLUE) benchmark [22], which includes eight 
types of Natural Language Understanding tasks including Linguistic Ac-
ceptability (CoLA [46]), Sentiment Analysis (SST2 [47]), Similarity and 
Paraphrase tasks (MRPC [48], STS-B [49], QQP [22]), and Natural Lan-
guage Inference (MNLI [50], QNLI [51], RTE [52,53]). Following prior 
studies [1,6], we do not include the WNLI dataset [54] as there are is-
sues with the construction of this dataset such that BERT-like models 
do not outperform the majority baseline.2 Additionally, we assess our 
approaches on the SuperGLUE benchmark [28] covering five Natural 
Language Understanding tasks: Question Answering (BoolQ [55]), Nat-
ural Language Inference (RTE), Word Sense Disambiguation (WiC [56]) 
and Commonsense Reasoning (WSC [54], CB [57]). Following standard 
practice [4,5,12,13], we used the development set in GLUE and Super-
GLUE as test data since the original test set is hidden. We further evalu-
ate our approaches on two Question-Answering (QA) datasets (SQuAD 
v1.1 [29] and SQuAD v2.0 [30]), and conduct experiments on three 
Natural Language Generation tasks: E2E [31], which requires generat-
ing texts in the restaurant domain, WebNLG [32] and DART [33], which 
both requires mapping sets of RDF triples to text.

2 See (12) in gluebenchmark.com/faq.

Table A.2 
Hyperparameter configurations for DeBERTa-based models used to evaluate 
both AdaKron and MAdaKron on GLUE datasets and SQuAD v1.1 and v2.0.
 Dataset  Epochs  Batch Size  Warmup steps  Weight Decay  Adapter Size
 DeBERTa-v3-base
 CoLA  50  32  800  0.5  16
 SST2  25  32  6000  0.1  16
 MNLI  20  32  8000  0.1  16
 RTE  50  32  600  0.3  16
 QQP  50  32  8000  0.1  16
 MRPC  40  32  600  0.1  16
 QNLI  20  32  2000  0.1  16
 STS-B  50  32  800  0.1  16
 SQuAD v1.1  10  16  1000  0.1  16
 SQuAD v2.0  12  64  1000  0.1  16
 DeBERTa-v2-XXL
 CoLA  10  32  800  0.0  8
 RTE  11  32  600  0.01  8
 MRPC  30  32  600  0.01  8
 STS-B  10  32  800  0.1  8

Table A.3 
Hyperparameter configurations for BERT-based, RoBERTa-based models 
used to evaluate both AdaKron and MAdaKron on SuperGLUE datasets.
 Dataset  Epochs  Batch Size  Warmup ratio  Weight Decay  Adapter Size
 BERT-base and Large
 BoolQ  100  16  0.06  0.1  48
 RTE  40  64  0.06  0.1  48
 WiC  40  64  0.06  0.1  48
 WSC  80  64  0.06  0.1  48
 CB  60  64  0.06  0.1  48
 RoBERTa-base and Large
 BoolQ  100  16  0.06  0.1  48
 RTE  40  64  0.06  0.1  48
 WiC  40  64  0.06  0.1  48
 WSC  80  64  0.06  0.1  48
 CB  60  64  0.06  0.1  48

Table A.4 
Hyperparameter configurations for GPT-2-based models used to 
evaluate both AdaKron and MAdaKron on NLG tasks.
 Dataset  Epochs  Batch Size  Warmup Steps  Adapter Size
 GPT-2-Medium and Large
 E2E  20  8  2000  8
 WebNLG  25  8  2500  8
 DART  20  8  2000  8

A.2.  Models and baselines

We compare AdaKron to full model Fine-Tuning and several PEFT 
methods applied to BERT Base [1] (12-layer, 768-hidden, 12-heads, 
110M parameters)3 and Large [1] (24-layer, 1024-hidden, 16-heads, 
355M parameters),4 RoBERTa Base [24] (12-layer, 768-hidden, 12-
heads, 110M parameters)5 and Large [24] (24-layer, 1024-hidden, 
16-heads, 355M parameters),6 DeBERTa-v3-base [34] (12-layer, 768-
hidden, 12-heads, 184M parameters)7 and DeBERTa-v2-XXL [35] (48-
layer, 1536-hidden, 24-heads, 1.5B parameters),8 GPT-2 Medium [2]

3 bert-base-uncased
4 bert-large-uncased
5 roberta-base
6 roberta-large
7 deberta-v3-base
8 deberta-v2-xxl
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(24-layer, 1024-hidden, 16-heads, 355M parameters)9 and Large [2] (36-layer, 1280-hidden, 20-heads, 774M parameters).10 When results from 
prior work are unavailable, we replicate the baseline experiments using the Adapters repository [4]. Replicated results are labelled as repr. in all 
tables to clearly distinguish them from reported outcomes in the literature. 

A.3.  Implementation details

We implement the proposed AdaKron and MAdaKron approaches in Pytorch, using an A100 GPU for our experiments. Our implementation is 
based on the publicly available Hugging Face Transformers codebase [36]. Following the hyperparameter configuration in [5] and [15], the number 
of experts in each MAdaKron layer is set to 4 for each NLU task and 8 for GPT-2 based models. We use AdaFactor [37], which does not require setting 
an initial learning rate, to optimise our models. Intermediate Adapter dimensions are chosen from 𝑟 ∈ {8, 16, 32, 48}, and the dimension of the down 
projection layer 𝐷𝑐 is 𝑟2 = 4. Hyperparameter settings are reported in Tables A.1–A.4 for all the pre-trained language models and GLUE, SuperGLUE, 
SQuAD and NLG datasets, respectively. For all the reproduced baselines, we use the same hyperparameters as AdaKron and MAdaKron to compare 
the different methods in the same setting. Furthermore, for LoRA and VeRA we put the low-rank dimension 𝑟 = 8, as suggested by the original work 
[13]. Regarding Houlsby and Pfeiffer, we use the same dimensions as our approach. For Compacter and Compacter++, we use the best one in the 
original work [9], i.e. 24. Regarding the number of trained parameters, when results are taken directly from other works, we report the parameter 
counts stated in those works; otherwise, we provide the values corresponding to our own reproduced configuration.

Appendix B.  Extended results

In this section, we report the detailed results for each task and model with standard deviation for all our approaches. Furthermore, we apply 
a statistically significant test, a one-sided test, with p-value 𝑝 < 0.05 (which corresponds to the 95% interval), to understand if the mean of the 
four different runs of our approach is significantly greater than the baselines. In each Table, we report in bold and underlined the best and second 
best results, respectively, for each column. ∗ and † represent significant improvements of our approaches over the best and second best baselines, 
respectively. Avg. is the average performance across the selected datasets Tables B.2–B.6, B.8–B.10, and B.11.

Regarding BERT-base on the GLUE benchmark, our proposed approaches yield significant improvements on SST2, CoLA, and RTE, highlighting 
their ability to enhance both sentiment classification and entailment recognition. For BERT-large, the most significant gain is on QNLI, indicating 
that MAdaKron effectively leverages its adaptive expert mechanism to improve performance in natural language inference tasks. On RoBERTa-base, 
significant improvements are achieved on RTE and STS-B, while RoBERTa-large shows the largest gains on SST2, showing consistent improvements 
across model scales and task types.

Overall, while the average performance across models remains broadly comparable to other PEFT methods, especially on SQuAD and NLG tasks, 
our approaches exhibit superior efficiency and effectiveness.

These results confirm that MAdaKron achieves performance on par with or even better than the proposed baseline while requiring fewer trainable 
parameters.

Tables B.13–B.15 present a comprehensive ablation analyses conducted to assess the contribution of individual architectural components within 
AdaKron and MAdaKron. Specifically, these experiments aim to understand the effect of the Kronecker product and its alternative formulations, as 
well as the role of the Mixture of Experts mechanism and its variants.

In Tables B.13 and B.14, we compare seven AdaKron variants and seven MAdaKron variants, respectively, on four GLUE datasets, i.e. SST2, CoLA, 
RTE and STS-B.

Finally, Table B.15 investigates the effect of the number of experts in MAdaKron.

Table B.1 
Main results on the GLUE development set with BERT-base.
 Model  # Params (M)  MNLI  QNLI  SST2  QQP  MRPC  CoLA  RTE  STS-B  Avg.
 Baselines
 Full Fine-Tuning [5]  110  83.2  90.0  91.6  87.4  90.9  62.1  66.4  89.8  82.7
 UNIPELT [5]  1.4 83.9  90.5  91.5  85.5  90.2  58.6  73.7  88.9  83.5
 Compacter (repr.)  1.3  81.6  89.2  87.9  85.1  88.7  58.7  59.8  86.3  79.7
 Compacter++ (repr.)  1.3  80.0  89.8  91.6  83.7  89.5  57.8  60.5  86.2  79.9
 (IA)3 (repr.)  1.2  79.4  88.8  92.3  82.7  90.1  59.9  65.4  86.8  80.7
 AdaMix Adapter [5]  0.9  84.7  91.5 92.4  87.6  92.4  62.9 74.7  89.9  84.5
 Houlsby Adapter [5]  0.9  83.1  90.6  91.9  86.8  89.9  61.5  71.8  88.6  83.0
 Pfeiffer Adapter  0.9  83.3  91.1  92.0 87.5  90.7  60.3  67.6 89.6  82.7
 LoRA [5]  0.3  82.5  89.9  91.5  86.0  90.0  60.5  71.5  85.7  82.2
 BitFit [5]  0.1  81.4  90.2  92.1  84.0  90.4  58.8  72.3  89.2  82.3
 Vera (repr.)  0.04  83.1  90.5  92.3  85.9  89.9  59.0  61.0  86.8  81.1
 Hadamard-Adapter [58]  0.03  80.4  89.7 92.4  85.9  90.2  58.4  71.9  88.5  82.2
 Our approaches
 AdaKron [8]  0.6  83.50.18  91.10.45  92.00.36  87.10.14  90.81.24  61.10.35  73.81.05  89.40.24  83.6
 Full MAdaKron  0.6 83.90.20 91.30.47  92.8∗,†0.13  87.40.08 91.50.59 62.3†0.35  76.0∗,†0.44  89.20.13 84.3
 Partial MAdaKron  0.6 83.90.05  91.10.52  92.30.08  87.6†0.03  91.10.41  61.80.90  74.20.75  89.40.42  83.9

9 gpt-2-medium
10 gpt-2-large
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Table B.2 
Main results on the GLUE development set with BERT-Large.
 Model  # Params (M)  MNLI  QNLI  SST2  QQP  MRPC  CoLA  RTE  STS-B  Avg.
 Baselines
 Full Fine-Tuning [12]  336 85.5  91.7  93.4  87.5  90.7  62.2  71.9  90.0  84.1
 Houlsby Adapter (repr)  4.8  85.1  92.0  93.0  88.7  83.1  58.3  70.4  89.7  82.5
 Pfeiffer Adapter (repr.)  2.4  85.2  91.7  93.5  87.9  90.4  64.3  74.2  89.7  84.6
 UNIPELT (repr.)  3.2  85.7  91.6  94.1  85.7  91.1  66.0  75.2  88.8  84.7
 Compacter (repr.)  2.3  84.3  91.4  93.8  85.5  91.1  60.6  68.7  88.0  82.9
 (IA)3 (repr.)  2.3  80.7  90.0  93.4  81.7  90.8  64.3  75.0  88.5  83.1
 Compacter++ (repr.)  2.2  82.5  91.1  93.7  83.4  90.3  62.9  68.7  88.1  82.6
 AdaMix (repr.)  2.4  85.7  92.3 94.0  87.8  91.6  59.6 75.4  90.1  84.6
 LoRA (repr.)  0.8  85.3  91.5  93.8  85.6  91.2  59.5  66.7  90.0  82.7
 BitFit [12]  0.3  84.4  91.4  93.2  85.4  91.7  63.6  73.2  90.3  84.1
 Vera (repr.)  0.02  83.9  91.6  93.8  84.5  91.1  58.6  66.0  87.5  82.1
 Our approaches
 AdaKron  1.6  84.80.22  91.70.17  93.30.29  87.50.15  90.10.64  62.90.48  73.40.96  90.00.14  84.2
 Full MAdaKron  1.6  84.70.14  92.8∗,†0.17  93.60.35  86.40.26  90.90.66 64.81.92  75.32.93  89.70.30 84.8
 Partial MAdaKron  1.6  85.40.19 92.4†0.06  93.70.33 88.00.13 91.40.30  64.10.79  75.60.34 90.20.16  85.1

Table B.3 
Main results on the GLUE development set with RoBERTa-base.
 Model  # Params (M)  MNLI  QNLI  SST2  QQP  MRPC  CoLA  RTE  STS-B  Avg.
 Baselines
 Full Fine-Tuning [12]  125  86.4  92.3  94.2  88.0  92.5  61.1  77.4  90.6  85.3
 UNIPELT [59]  1.4 87.2  92.0  93.9  87.7  91.7  61.9  74.3  90.3  84.9
 Compacter [4]  1.3  86.1  92.4  94.1  86.7  90.4  55.5  68.6  90.0  83.0
 Compacter++ (repr)  1.3  85.2  92.0  94.1  84.6  91.9  64.1  76.2  90.5  84.8
 (IA)3 [4]  1.2  86.2  91.9  94.4  86.4  92.3  63.0  76.9  90.6  85.2
 AdaMix Adapter (repr.)  0.8  83.2  93.3  94.9  86.7  92.3  64.5  82.3  90.8  86.0
 Pfeiffer Adapter (repr.)  0.6  87.1  92.5  94.3  87.9  92.6  63.0  79.0  90.8 85.9
 LoRA [4]  0.3  87.6  93.1  95.0  88.5  92.6  64.0 80.3  90.7  86.4
 DyLoRA [41]  0.3  87.0 93.0  94.3  90.0  91.7  60.5  76.9 91.0  85.5
 AdaLoRA [60]  0.3  87.0  93.0  94.0  89.9  89.4  58.8  75.9  90.6  85.0
 AutoLoRA [60]  0.3  87.0  92.9  94.9  90.3  89.4  61.3  77.0  90.8  85.5
 Bit-Fit [12]  0.1  84.8  91.3  93.7  84.5  92.0  61.8  77.8  90.8  84.6
 RoAd [61]  0.09  86.3  91.9  93.9 89.6  89.2  64.4  78.9  90.5  85.6
 Vera (repr+ [14])  0.04  87.1  91.8  94.6  87.0  89.5  65.6  78.7  90.7  85.6
 LoReFT [62]  0.02  83.1  91.2  93.4  87.4  89.2  60.4  79.0  90.0  84.2
 DoRA [63]  0.6  85.3  91.9  93.4  87.9  87.8  56.5  74.8  88.5  83.3
 MELoRA [63]  0.6  85.0  91.5  93.0  87.5  88.7  54.4  75.5  87.3  82.9
 HydraLoRA [63]  0.7  85.5  91.9  93.2  87.6  89.5  57.0  73.7  88.5  83.4
 TopLoRA [63]  0.9  85.7  92.1  93.4  88.4  88.7  60.3  78.3  88.9  84.5
 BoRA [64]  0.3  85.7  91.8  93.1  87.9  88.2  57.4  76.9  89.3  83.8
 Our approaches
 AdaKron  0.2  86.70.14  92.40.29  94.00.17  87.50.05  92.60.49  62.20.91  79.41.74  90.90.12  85.7
 Full MAdaKron  0.2  86.40.17  92.60.10 94.80.21  87.40.14 93.10.40  62.60.73  76.50.37  90.00.07  85.4
 Partial MAdaKron  0.2  86.60.06  92.80.37  94.70.19  87.50.18  93.30.45 64.60.84  80.5†0.45  91.1†0.10  86.4
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Table B.4 
Main results on the GLUE development set with RoBERTa-Large.
 Model  # Params (M)  MNLI  QNLI  SST2  QQP  MRPC  CoLA  RTE  STS-B  Avg.
 Baselines
 Full Fine-Tuning [5]  355  90.2  94.7  96.4  92.2  90.9  68.0  86.6  92.4  88.9
 UNIPELT (repr.)  3.2  90.3  94.0  96.3  88.9  93.2  72.1  89.8  90.2 89.3
 (IA)3 (repr.)  2.3  87.8  92.7  95.2  87.8  92.9  70.1  86.3  92.0  88.1
 Compacter (repr.)  2.3  67.6  80.6  82.1  78.8  85.3  68.3  60.4  78.6  75.2
 Compacter++ (repr.)  2.2  89.5  94.6  96.0  88.7  93.1  68.3  86.7  91.9  88.6
 Houlsby Adapter [5]  0.8  90.3  94.7  96.3  91.5  87.7  66.3  72.9  91.5  86.4
 Pfeiffer Adapter  0.8  90.5  94.8  96.6  91.7  89.7  67.8  80.1  91.9  87.9
 AdaMix [5]  0.8  90.9  95.4  97.1  89.8  94.1 70.2 89.2  92.4  89.9
 LoRA [5]  0.8 90.6  94.8  96.2 91.6  90.2  68.2  85.2 92.3  88.6
 MoKA [17]  0.2 90.6  94.9  96.3  91.1  91.2  69.3  87.4  92.2  89.1
 BitFit [38]  0.1  90.0  94.5  96.1  86.4  93.4  68.1  87.3  91.9  88.5
 Vera (repr+ [14])  0.02  90.0  94.4  96.1  89.7  90.9  68.0  85.9  91.7  88.3
 DoRA [63]  1.6  89.3  93.5  95.7  88.3  88.7  61.7  80.1  90.9  86.0
 MELoRA [63]  1.6  88.9  93.2  95.9  87.9  87.8  60.6  79.5  90.2  85.5
 HydraLoRA [63]  1.7  89.3  93.4  95.8  88.3  89.5  61.1  79.4  90.6  85.9
 TopLoRA [63]  2.4  89.9  94.2  95.6  88.9  90.4  64.6  85.2  91.5  87.6
 BoRA [64]  0.9  89.8  93.8  95.3  88.6  89.0  60.6  83.8  91.3  86.5
 Our approaches
 AdaKron  0.6  90.20.19  94.80.25 96.9∗0.10  91.00.33  90.90.74  69.22.26  87.41.13  92.10.08  89.1
 Full MAdaKron  0.6  90.40.14 95.00.26  96.50.11  88.80.18  92.01.48  68.00.96  87.70.17  90.80.20  88.6
 Partial MAdaKron  0.6 90.60.17 95.00.21  96.60.06  88.50.23 94.00.41  69.00.63  88.90.23  92.00.20 89.3

Table B.5 
Main results on the GLUE development set with DeBERTa-v3-base.
 Model  # Params (M)  MNLI  QNLI  SST2  QQP  MRPC  CoLA  RTE  STS-B  Avg.
 Baselines
 Full Fine-Tuning [15]  184  90.1  94.0  95.6  89.8  89.5  69.2  83.7 91.6  87.0
 UNIPELT (APL) [59]  0.9  89.1  93.7  95.6 89.6  92.4  68.0  81.6  91.7  87.7
 Compacter (repr.)  0.7  89.4  93.9 95.7  86.6  92.5  69.3  85.6  91.2  88.1
 Compacter ++ (repr.)  0.6  89.7 94.1 95.7  87.3 93.1  69.4  85.9  91.2  88.1
 Houlsby Adapter [15]  0.6  90.2  93.8  95.3  88.9  89.2  67.9  85.5  91.3  88.1
 Pfeiffer Adapter [15]  0.6 90.3  94.0  95.5  88.9  89.2  69.5  84.1  91.5  88.2
 AdaMix (repr.)  0.6  90.1  94.3 95.7  88.6  91.1  71.0  87.4  91.7 88.7
 (IA)3 (repr.)  0.6  87.7  92.2  95.2  86.2  93.4  69.6  86.0  91.3  87.7
 LoRA [15]  0.3  90.4  94.0  94.9  88.9  89.7  68.7  85.6  91.7  88.3
 AdaLoRA [15]  0.3  90.7  94.5  95.8  89.2  90.4  70.0 87.4 91.6  89.0
 Pfeiffer Adapter [15]  0.3  90.1  93.9  94.7  88.6  89.7  69.1  84.5  91.4  88.1
 Vera [65]  0.2  90.2  93.5  95.1  87.6  90.9 70.7  87.3  91.1  88.3
 BitFit [15]  0.1  89.9  92.2  94.8  84.9  87.7  66.9  78.7  91.3  86.3
 Our approaches
 AdaKron8  0.2  89.90.12  94.00.21 95.70.20  88.40.15  89.91.51  69.81.08  88.10.52  91.70.29  88.5
 AdaKron16  0.4  89.90.16  93.90.12  95.60.06  88.20.10  90.40.71  70.41.84  88.6∗,†0.41 91.60.11  88.6
 Partial MAdaKron16  0.4  89.80.13  94.30.18  95.30.11  87.20.12  90.20.93  70.60.96  88.00.43  91.70.19  88.4

Table B.6 
Main results on the SuperGLUE development set with both BERT-base and Large.

 Bert-base  Bert-Large
 Model  # Params (M)  BoolQ  RTE  WiC  WSC  CB  Avg.  # Params (M)  BoolQ  RTE  WiC  WSC  CB  Avg.
 Baselines
 Full Fine-Tuning  110  72.9  68.4  71.1  63.5  83.0  71.8  336  77.7  70.4  74.9  68.3 94.6  77.1
 Houlsby Adapter (repr.)  1.8  76.7  71.0  71.8  66.1  87.5 74.6  4.8 79.2  75.9 73.6  65.9  92.4  77.4
 Compacter (repr.)  1.3  74.3  68.1  69.4  66.3  87.5  73.1  2.3  76.7  74.1  69.8  65.6  95.5  76.3
 Compacter++ (repr.)  1.3  73.3  66.5  69.1  65.6  82.2  71.3  2.2  76.6  74.4  69.6  65.1  91.1  75.4
 UNIPELT (repr.)  1.4  75.7 74.7 71.6  65.6  88.4  75.2  3.2  77.6  78.2  72.0 67.2  91.1 77.1
 (IA)3 (repr.)  1.2  74.5  73.0  70.6  65.4  86.6  74.0  2.3  77.2 77.8  71.1  67.0  91.1  76.8
 Pfeiffer Adapter48 (repr.)  0.9  75.1  77.4  71.0  64.7  78.6  72.8  2.4  77.5  77.3  71.7  66.6  87.5  76.1
 AdaMix (repr.)  0.9  75.2  65.0  71.1  65.4  80.3  71.4  1.8  77.4  75.2  71.6  65.4  90.4  76.0
 Pfeiffer Adapter32 (repr.)  0.6  74.6  72.6  70.4  65.2  79.5  72.4  1.6  75.8  76.9  71.7  66.6  87.5  76.1
 LoRA (repr.)  0.3 75.4  67.9  71.4  66.1 90.2  74.2  0.8 78.0  74.3  69.6  65.6  91.6  75.8
 Vera (repr.)  0.04  73.7  67.0  71.1  66.1  85.7  72.7  0.02  70.2  71.8  68.8  65.4  91.1  73.5
 Our approaches
 AdaKron  0.6  73.70.50  72.81.97  70.50.28  65.70.51 90.21.27 74.6  1.6  76.40.71  76.50.46  72.90.70  67.00.51  92.50.95 77.1
 Partial MAdaKron  0.6  74.50.91  74.40.86  71.51.27  67.7∗,†0.51  90.81.20  75.8  1.6  77.20.82  74.40.36 73.60.42  67.00.71  93.30.61 77.1
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Table B.7 
Main results on the SuperGLUE development sets with both RoBERTa-base and Large.

 RoBERTa-base  RoBERTa-Large
 Model  # Params (M)  BoolQ  RTE  WiC  WSC  CB  Avg.  # Params (M)  BoolQ  RTE  WiC  WSC  CB  Avg.
 Baselines
 Full Fine-Tuning [39]  125  83.5  52.7  69.3  58.7  89.3  70.7  355  86.9  86.6  75.6  63.5  94.6  77.2
 Compacter (repr.)  1.3  79.2  77.4  68.9  64.7  94.2  76.9  2.3  79.2  77.4  68.9  64.7  94.2  76.9
 Compacter++ (repr.)  1.3  79.7  77.7  67.2  64.9  90.2  75.9  2.2  85.5  86.8  70.9  64.4  82.2  78.0
 UNIPELT (repr.)  1.4  81.6  81.5  69.3  65.1  96.4  78.7  3.2  85.8 89.0  71.6  64.7  99.5  82.1
 (IA)3 (repr.)  1.2  80.2  79.8  69.5  67.0  96.4 78.6  2.3  85.3  87.6  71.3 65.9  97.7  81.6
 Pfeiffer Adapter (repr.)  0.6  80.8 82.6  61.6  64.7  92.0  76.3  0.8 86.5  89.4  70.4  65.6  98.2  82.0
 LoRA (repr.)  0.3  80.7  78.2  67.2  64.5  96.0  77.3  0.2  80.7  78.2  67.2  64.5  96.0  77.3
 Houlsby Adapter (repr.)  0.2 81.8  80.4  70.6  64.9  93.8  78.3  0.8  81.8  80.7  70.6  64.9  93.8  78.3
 AdaMix (repr.)  0.3  81.2 82.3  66.9  63.5  96.0  78.0  0.8  85.7  88.1 73.4  64.4  92.3  80.8
 Pfeiffer Adapter16 (repr.)  0.3  80.2  81.0  64.4  64.4  92.9  76.8  0.8  86.3 89.0  72.1  65.1  96.0  81.7
 Vera (repr.)  0.06  77.2  73.9  65.5  64.2  92.4  74.7  0.02  85.4  85.6  71.5  65.3  93.3  80.2
 Our approaches
 AdaKron  0.2  79.70.32  81.10.77 69.40.81 65.4∗0.03  96.41.75  78.4  0.6  86.00.17  87.80.61  71.10.36  64.90.70  100∗,†0.10  82.0
 Partial MAdaKron  0.2  80.50.28  82.70.35  68.80.77  64.40.14  97.31.03  78.7  0.6 86.50.17 89.00.40  72.20.87  64.90.70  100∗,†0.11  82.5

Table B.8 
Main results on the SQuAD development sets with DeBERTa-v3-base.
 Model  # Params (M)  SQuAD v1.1 EM  SQuAD v1.1 F1  SQuAD v2.0 EM  SQuAD v2.0 F1
 Baselines
 Full Fine-Tuning [15]  184  86.0  92.7 85.4 88.4
 Houlsby Adapter [15]  0.6  86.1  92.7  84.9  87.9
 Pfeiffer Adapter [15]  0.6  86.2  92.8  84.9  87.8
 AdaMix (repr.)  0.6  87.7  93.6  85.2  88.1
 Houlsby Adapter [15]  0.3  85.3  92.1  84.3  87.3
 Pfeiffer Adapter [15]  0.3  85.9  92.5  84.5  87.6
 LoRA [15]  0.2  86.4  92.8  84.7  87.2
 AdaLoRA [15]  0.2  87.2  93.4  85.6  88.7
 Our approaches
 AdaKron16  0.4  87.00.17  93.20.17  84.70.14  87.60.28
 AdaKron8  0.2  87.20.20  93.20.10  84.30.26  87.30.26
 AdaKron32  0.40  87.00.09  93.20.05  84.10.20  87.20.20
 AdaKron64  0.77  87.10.14  93.10.01  82.80.05  85.80.05
 Partial MAdaKron8  0.2 87.5∗0.08  92.20.07  85.30.11  88.30.13

Table B.9 
Main results on E2E test set with GPT-2-medium.
 Model  # Params (M)  BLEU  NIST  MET  ROUGE-L  CIDEr
 Baselines
 Full Fine-Tuning [5]  355  68.2  8.62  46.2  71.0  2.47
 Fine-Tuning Top2 [5]  25.0  68.1  8.59  46.0  70.8  2.41
 Houlsby Adapter [5]  11.0  68.9  8.71  46.1  71.3  2.47
 AdaMix Adapter [5]  0.4  69.8  8.75 46.8  71.9 2.52
 DyLoRA [41]  0.4  69.2  8.75  46.3  70.8  2.46
 Vera [14]  0.4 70.1 8.81  46.6  71.5  2.50
 Prefix-Tuning [5]  0.3  69.7 8.81  46.1  71.4  2.49
 LoRA [5]  0.3  70.4  8.85 46.8 71.8  2.53
 FourierFT [66]  0.048  69.1  8.82  47.0 71.8  2.51
 Our approaches
 AdaKron8  0.3  69.30.91  8.650.14  45.80.78  71.30.70  2.410.08
 Partial MAdaKron8  0.3  69.20.07  8.680.04  46.30.05  71.10.22  2.460.01
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Table B.10 
Main results on WebNLG and DART test sets with GPT-2-medium. ↓ means that the metrics (TER) should 
be minimised.
 Model  # Params (M)  DART BLEU  DART TER ↓  WebNLG BLEU  WebNLG TER ↓
 Baselines
 Full Fine-Tuning [5]  355  46.2  0.46  46.5  0.53
 Fine-Tuning Top2 [5]  25  41.0  0.56  36.0  0.72
 Houlsby Adapter [5]  11  45.2  0.46  54.9  0.39
 AdaMix Adapter [5]  0.4  47.7 0.47  54.9  0.39
 DyLoRA [41]  0.4  46.5  0.48  54.5  0.39
 Prefix-Tuning [5]  0.3  46.4  0.46 55.1 0.40
 LoRA [5]  0.3 47.1  0.46  55.3  0.39
 Our approaches
 AdaKron8  0.3  45.00.37  0.500.01  51.60.42  0.430.01
 Partial MAdaKron8  0.3  46.60.22  0.490.01  53.30.54  0.420.01

Table B.11 
Main results on E2E test set with GPT-2-Large.
 Model  # Params (M)  BLEU  NIST  MET  ROUGE-L  CIDEr
 Baselines
 Full Fine-Tuning [13]  774  68.5  8.78  46.0  69.9  2.45
 Houlsby Adapter [13]  0.9  69.1  8.68  46.3  71.4  2.49
 Prefix-Tuning [13]  0.7  70.3  8.85  46.2  71.7  2.47
 LoRA [13]  0.7  70.4 8.89  46.8  72.0  2.47
 Vera [14]  0.2 70.3  8.85 46.9  71.6  2.54
 FourierFT [66]  0.072  70.2  8.92  47.0 71.8 2.50

 Our approaches
 AdaKron8  0.6  68.80.46  8.700.01  46.40.37  71.50.34  2.450.01
 Partial MAdaKron8  0.6  69.50.55  8.760.06  46.60.15  71.40.28  2.490.01

Table B.12 
Ablation study on the four new GLUE development datasets with DeBERTa-
v3-base as Pretrained Language Model to find the best intermediate dimension 
for both AdaKron and MAdaKron.
 Dim. 𝑟  # Params (M)  SST2 Acc  CoLA Mcc  RTE Acc  STS-B Pearson  Avg.
 8  0.1  95.0  85.2  93.4 94.5  92.0
 16  0.2  96.5  83.7 92.2  94.8 91.8
 32  0.4  95.7 85.0  92.1  92.7  91.3
 64  0.8 95.8  83.3  89.7  91.1  90.0

Table B.13 
Ablation study on the four new GLUE development datasets with BERT-base to study the impact of the Kronecker product 
applied in the up projection layer and different products between the Down projection vectors.
 Model  # Params (M)  SST2 Acc  CoLA Mcc  RTE Acc  STS-B Pearson  Avg.
 Pfeiffer Adapter (repr.)  0.9 96.8  78.7  84.1  92.8 88.1
 AdaKron  0.6  96.9 78.8  84.7  92.8  88.3
 Kronecker product in Up projection  0.5  96.7  77.6  84.9  89.7  87.2
 Kronecker product in both Down and Up projection  0.3  96.4  81.6  72.3  90.5  85.2
 Symmetric AdaKron  0.6  96.6  77.5 84.8  92.4  87.8
 Kronecker Sum  0.6  96.0  78.5  83.7  92.5  87.7
 AdaKron + Kronecker Sum  0.6  95.2  78.0  84.7 92.6  87.6
 Hadamard product  0.2  96.5  76.8  83.7  91.9  87.2
 Khatri-Rao product  0.6  96.7  78.1  84.7  92.4  87.9
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Table B.14 
Ablation study on the four new GLUE development datasets with BERT-base to study the impact of the MAdaKron 
architecture, the merging mechanism during inference, the application of the Consistency loss the definition of a 
learnable gating.
 MAdaKron  # Params (M)  SST2 Acc  CoLA Mcc  RTE Acc  STS-B Pearson  Avg.
 Pfeiffer Adapter (repr.)  0.9 96.9  78.7  84.1  92.9  88.1
 MAdaKron  0.6  97.0 79.1 85.6  92.2  88.5
 w/o Consistency  0.6  96.5  78.7  84.3  92.1  87.9
 w/o Merging, with Consistency  0.6  96.6  78.7  85.2  92.3  88.2
 w/o Merging, w/o consistency  0.6  96.1  78.0  84.5  92.1  87.7
 biased probability, with Consistency  0.6  96.4  78.8  86.3  92.3 88.4
 biased probability, w/o consistency  0.6  95.3  79.6  82.5  92.3  87.4
 Softmax Gating, with balancing  0.7  96.6  78.2  84.7 92.8  88.0
 Softmax Gating, w/o balancing  0.7  96.7  78.0  83.4  92.7  87.7

Table B.15 
Ablation study on the four new GLUE development sets with BERT-base 
as Pretrained Language Model to evaluate the impact of the number of 
experts on MAdaKron.
 MAdaKron Model  # Experts  SST2  CoLA  RTE  STS-B  Avg.
 Full  2 96.9  77.4 85.4  91.2  87.7
 Full  6  95.9  73.3  80.6  87.0  84.2
 Full  8  95.2  67.4  83.0  80.0  81.4
 Partial  2 96.9  76.0  84.8  92.3  87.5
 Partial  6  97.0  79.2  84.7  91.6 88.1
 Partial  8  97.0  77.9  83.0  91.5  87.3
 Full  4  96.7  78.7  83.7  92.3  87.9
 Partial  4  97.0 79.1  85.6 92.2  88.5
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