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ABSTRACT

An ecosystem of Transformer-based models has been established by building large
models with extensive data. Parameter-efficient fine-tuning (PEFT) is a crucial
technology for deploying these models to downstream tasks with minimal cost
while achieving effective performance. Recently, Mamba, a State Space Model
(SSM)-based model, has attracted attention as a potential alternative to Trans-
formers. While many large-scale Mamba-based models have been proposed, ef-
ficiently adapting pre-trained Mamba-based models to downstream tasks remains
unexplored. In this paper, we conduct an exploratory analysis of PEFT meth-
ods for Mamba. We investigate the effectiveness of existing PEFT methods for
Transformers when applied to Mamba. We also modify these methods to bet-
ter align with the Mamba architecture. Additionally, we propose new Mamba-
specific PEFT methods that leverage the distinctive structure of Mamba. Our
experiments indicate that PEFT performs more effectively for Mamba than Trans-
formers. Lastly, we demonstrate how to effectively combine multiple PEFT meth-
ods and provide a framework that outperforms previous works. The source code
is available at: https://github.com/sony/mambapeft.

1 INTRODUCTION

Modern large-scale models, also known as Foundation Models, are heavily based on Transformers
(Vaswani, 2017). Transformer-based pre-trained models span diverse domains such as language,
vision, and multi-modal applications. Despite their widespread use, Transformers have a notable
drawback: their computational inefficiency with long sequences. The computational complexity of
the attention module scales with the square of the sequence length.

To address this fundamental drawback, |Gu & Dao| (2023) proposed Mamba, a linear-time sequence
model that leverages the strengths of State Space Models (SSMs). While Transformers are con-
structed from attention modules, Mamba is based on the SSM architecture, allowing it to handle
long sequences more efficiently. Additionally, Mamba has been shown to perform better than Trans-
formers with the same number of parameters on major tasks such as natural language processing
(NLP) (Gu & Daol 2023) and computer vision (CV) (Zhu et al 2024). This fact makes Mamba
stand out from other post-Transformer architectures with sub-square time complexity (Peng et al.,
2023; Sun et al., 2023). Mamba-based models have been proposed across a wide range of domains
(Behrouz & Hashemil [2024; |Liang et al.l 2024;|Zhang et al.,2024b; |L1 et al.,|2024). Mamba has the
potential to go beyond the Transformer ecosystem.

Parameter-efficient fine-tuning (PEFT) is essential for adapting such large-scale models to down-
stream tasks. Fine-tuning all parameters of these models results in high computational costs. PEFT
enables additional training for large-scale Transformers with limited computing resources and data.
Early examples of PEFT include the fine-tuning of pre-trained language models for NLP tasks
(Houlsby et al., |2019; [Hu et al.l [2021). Subsequently, it has been extensively adopted across a
wide range of applications (Yeh et al.,|2024; |Wang et al., 2023} |2024a). While many PEFT methods
have been extensively studied for Transformers (Lialin et al., 2023; |Han et al., 2024), research on
PEFT methods for Mamba remains limited.
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In this paper, we provide an exploratory and comprehensive investigation of PEFT for Mamba. First,
we adapt representative PEFT methods used in Transformers to the Mamba architecture and conduct
extensive experiments. We also propose new PEFT methods specific to the Mamba architecture.
In the experiments, we benchmarked Mamba
using PEFT methods, including seven main
methods and a total of 20 derived variations /

(see Figure [I). Our benchmarks indicate that \
PEFT is more crucial for Mamba than for ParallelAdapter Linear,y pro;
Transformers, with several methods outper-

forming the PEFT methods used for Transform-
ers. Additionally, we demonstrate that these
PEFT methods can be combined to surpass the
performance of individual methods. We pro-
pose an efficient search technique to identify
optimal PEFT combinations and hyperparam-
eters. Unlike existing works that focus on spe-
cific high-performance methods, we explore a
wide variety of PEFT methods. This explo-
ration reveals suitable PEFT combinations and
shows that merely combining high-performing
methods is not sufficient.

The main contributions are as follows. First,

to the best of our knowledge, we perform the

first extensive and comprehensive benchmark-
a
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ing of PEFT methods for Mamba, including
proposed Mamba-specific methods that are dis-
tinct from all PEFT methods for Transformers.
Second, we propose a framework for achiev-
ing higher performance by combining multiple {1 cLStoken
PEFT methods, which are obtained through our -
efficient search technique. Third, our results in-  Fjgure 1: An overview of our proposed Mam-
dicate that PEFT is more effective for Mamba  p3pEFT. We investigate, improve, and propose 20
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2 RELATED WORK AND PRELIMINARY

In this section, we review related work and present the motivation behind our research. We begin
with an introduction of Mamba. Subsequently, we discuss PEFT methods for Transformers. Finally,
we highlight that research on PEFT for Mamba is limited.

2.1 MAMBA

SSMs are powerful methods for modeling time-dependent dynamic systems. It was developed and
analyzed in detail to address the signal processing technique classically known as the Kalman filter
(Kalman, [1960) and has been used to date in a wide range of fields, such as control engineering
(Maciejowski & Huzmezan, 2007). An SSM (Gu et al.| 2021ajb) takes an input X, converts it to a
hidden state H;, and then outputs Y;. This procedure at each time step ¢ is

Hy=AiHi 1+ B Xy, Y= CiHy + DXy (1)
As this model describes the relationship between continuous quantities, it must be described to deal

with discrete quantities such as NLP. During step size d, the input is assumed to be invariant and the
well-known theory of zero-order hold is applied. Putting

A:=exp(dd), B:=(dA) '(exp(dA)—1)dB, C:=C, D:=D (2)
allows us to obtain the final discrete representation:
Hy=AH; + BX;, Y;=CH;+DX;. 3)
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While many SSM-based DNN have tuned the A, B, C, and D (Gu et al., [2020; [2021b)), Selective
State Space Model (56) was introduced in Mamba (Gu & Daol 2023), in which the A, B, C, and D
are dynamic and data-dependent as follows:

A= exp(—AtA), By = AtWBXta Cy =WeXy, Dy = WpX; €]

where A; = softplus(Wa(Wx X;) + ba) for any t, Wa. The Wx, Wg, We, Wp, and A are
trained matrices, and ba is a trained bias.

Impressive results of Mamba in NLP have inspired researchers to adapt it to visual tasks. Vim (Zhu
et al.| [2024)) is a pioneering work in this area. Similar to ViT (Dosovitskiy et al., [2020), it divides
images into patches and then inputs the patch sequences into SSMs. Vim improved performance in
visual tasks by processing patches bidirectionally with S6 and placing a class token in the middle
of the patch tokens instead of at the beginning. There are other Mamba-based methods for visual
tasks. For example, VMamba (Liu et al.| 2024b) is a hybrid approach combining Mamba with 2D
Convolutions. MambaVision (Hatamizadeh & Kautz, |2024) further integrates Attention. In this
paper, we conduct experiments with Vim, which is a variant of the vanilla Mamba.

2.2 PARAMETER-EFFICIENT FINE-TUNING FOR TRANSFORMER

PEFT methods have been actively studied due to the large model size of Transformers extensively
in both the NLP and CV communities. These studies can be categorized into four methods; partial,
additive, reparametrization, and hybrid according to|Lialin et al.|(2023); |[Han et al.| (2024).

Partial-tuning methods. While usual fine-tuning updates all parameters in the network, Partial-
tuning updates a part of them. BitFit (Zaken et al.| [2021) is a successful method in this category
which tunes only the bias terms of the linear layers in Transformers. However, most of the linear
layers in Mamba do not have the bias terms, which implies that it cannot be applied a priori. Other
methods use pruning to decide where to tune Zhang et al.|(2024c); [He et al.| (2023)).

Additive methods. Additive methods add a small number of additional parameters or small net-
works to be fine-tuned. They can be further divided into additive adapter and additive token methods.
The former adds adapter modules whose rank 7 is reduced from the input dimension d (r << d)
by a bottleneck structure. Adapter (Houlsby et al., [2019) attaches the adapter in series with the
feed-forward network (FFN) module in Transformers. In the following methods, Adapter+ (Steitz
& Roth| [2024) improves the position of the input feature acquisition to the adapter. ParallelAdapter
(He et al.} [2022)) and AdaptFormer (Chen et al.,|2022) improve performance by inserting the adapter
in parallel to the FFN. We adopt ParallelAdapter for Mamba because it is successful in both language
(He et al., [2022) and vision (Chen et al.| [2022) tasks. It attaches the adapter

zy = FFN(z¢) + s - ReLU(2¢ - Waown) - Wap, (5)

where the second term is the adapter with additional parameters Wqown € R4*" and Wup € R7>d,
and a scaling hyperparameter s. In the latter category, Prompt-tuning (Liu et al., 2021)) (resp. Prefix-
tuning (L1 & Liang| 2021))) adds learnable soft tokens to the input of the network (resp. soft tokens
inside each Attention layer). Successive methods improve how to embed soft tokens (Liu et al.,
2022; Razdaibiedina et al., [2023} Zhang et al.,[2023)). Though prompt-tuning for ViT adds learnable
tokens at the beginning of the input (Jia et al.| [2022; Wang et al.| [2024b)), it is unclear where the
token should be added for Mamba because the order of tokens makes sense in SSM. In fact, Vim
(Zhu et al., |2024)) adds a class token in the middle of the input sequence. Hence, we investigate
multiple choices of soft token insertion.

Reparameterization methods. Although reparameterization methods add low-rank adapters to
Linear layers similar to the additive adapter methods, they adopt adapters that can be merged into
the weights of the original Linear layer at the inference time. Due to this restriction, activation
cannot be used in the adapter, while it eliminates the inference time overhead. The most notable
one is LoRA (Hu et al., 2021), a method that reparameterizes the pre-trained Linear weights W as
W' =W + s - Waown - Wup. While subsequent studies have improved the efficiency by finding
ways to reparameterize the weights (Lian et al.| [2022; Hayou et al., 2024} [Liu et al., 2024a} Jiang
et al., 2024), we first investigate how many ranks of the adapter should be attached to which linear
weights in Mamba. In this regard, we will use a simple LoRA with few hyperparameters.

Hybrid methods. Hybrid methods use multiple PEFT methods. While many approaches manually
combine these methods (Mao et al., 2021; [He et al., 2022} |[Karimi Mahabadi et al., 2021), several
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methods automatically tune the combination of several PEFT methods. S (Chen et al.][2023) uti-
lizes random search while changing the dimension of the search space. AutoPEFT (Zhou et al.,
2024) and NOAH (Zhang et al., [2024a) train a supernet containing all possible PEFT methods and
discover the optimal combination using an evolutionary algorithm.

Supernet-based methods can only be used to search for each task individually. However, we aim
to find the optimal combination for Mamba that can be generalized across multiple tasks, making
it useful for various future applications. Hence, we propose an efficient search technique to find
a compact combination of PEFT methods. This is necessary because we have many more PEFT
methods and hyperparameters than previous works, resulting in a large search space.

2.3 PARAMETER-EFFICIENT FINE-TUNING FOR MAMBA

In contrast to the case of Transformers, there are limited studies on PEFT for Mamba. To the best
of our knowledge, the only study in this context is [Halloran et al.|(2024), which applied the same
rank of LoRA to all the linear layers in Mamba. With this motivation, we conduct an exploratory
investigation and provide benchmarks of PEFT methods for Mamba.

3 INVESTIGATION OF PEFT METHODS FOR MAMBA AND BEYOND

In this section, we explore PEFT methods for the Mamba architecture. First, we discuss how ex-
isting PEFT methods for Transformers can be adapted to Mamba. Next, we present methods that
have been improved and modified based on the characteristics of Mamba. Finally, we propose new
PEFT methods specifically for Mamba and hybrid PEFT methods to search optimal combinations
efficiently.

3.1 SIMPLE ADAPTATION OF EXISTING PEFT METHODS TO MAMBA

Some PEFT methods can be directly applied to Mamba because they are network architecture-
independent. For example, ParallelAdapter attaches a parallel adapter to each FFN in Transform-
ers. The counterpart of the FFN in Mamba is the out_proj layer, and hence we attach it to the
out_proj.

LoRA is also a network architecture-independent method and can be applied directly to Mamba.
However, it is still unclear which Linear layer should be targeted and what hyperparameter val-
ues should be used. We individually investigate LoORA on each module as LoRA(embedding),
LoRA(in_proj), LoRA(x_proj), LoORA(dt_proj), and LoRA(out_proj) to clarify the appro-
priate way to apply LoRA to Mamba (see Figure [I).

3.2 RE-DESIGNING AND IMPROVING EXISTING PEFT METHODS FOR MAMBA

Partial LoRA. Mamba is a network characterized by numerous intermediate features with diverse
properties, such as X, Z, dt, B, C, and so on (see Figure[I). In the previously mentioned normal
LoRA, the inputs for multiple intermediate features are compressed together in the narrow rank
of LoRA, even though they have different properties. Therefore, we now develop Partial LoRAs
LoRA,(X), LoRA(Z), LoRA ,(dt), LoRA,(B), and LoRA ,(C), where we apply LoRA to only
a part of the weights in the linear layer according to the output features. Since the dimensions of
linear layers vary widely in Mamba (e.g. from 16 to 2048 in Mamba-1.3B), we also investigate
whether there is an optimal dimension per layer or not to attach LoRA.

Prompt-tuning. Prompt-tuning can be applied directly to Mamba. As with Transformer, we simply
add soft prompts to the input sequence. In normal Prompt-tuning, a prompt is inserted at the be-
ginning of the input sequence. For Vim, however, we adjust the insertion position. This is because,
unlike ViT, Mamba is a time-series model and works differently depending on where the prompt is
inserted. In fact, Vim improved accuracy by inserting the class token in the middle of the sequence.
In addition, Mamba Register (Darcet et al.,[2024) found it is preferable to insert the register tokens
at equal intervals. Hence, in this paper, we construct three prompt types; prefix (resp. infix, suffix)
type, inserting prompt tokens at the beginning (resp. with equal intervals, at the end).
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(a) Prefix-tuning : (b) Affix-tuning for Mamba : (c) Additional-scan for Mamba
for Transformer Y ' '
| Discard |
[ ] W

Figure 2: (a) Prefix-tuning designed for Transformer. It can’t be applied to Mamba. (b) The pro-
posed Affix-tuning, which we re-design for Mamba. It discards prefixes after SSM. This design
allows us to insert affix tokens at arbitrary locations. (¢) Additional-scan that we design for Mamba.
In this method, we add a learnable dimension to the hidden state in SSM.

Affix-tuning. We cannot apply Prefix-tuning directly to time series models such as Mamba, since it
is designed for the Attention mechanism based on query, key, and value. As shown in Figure [2| by
adding soft tokens to only K and V/, Prefix-tuning successfully adds new information to all tokens
in the input sequence without breaking the positional relationship of the original input sequence.
Motivated by these observations, we propose a PEFT method that adds soft tokens before input to
the SSMs and discards the output tokens of the inserted position (see Figure [2). This preserves the
positional relationship between input and output tokens even when tokens are added. Furthermore,
for Vim, we adjust the insertion position in the same way as for Prompt-tuning. Since the name
Prefix-tuning can be misleading, we generalize by calling it Affix-funing.

3.3 NEw PEFT METHODS DESIGNED FOR MAMBA

Partial-tuning. BitFit (Zaken et al.|[2021)) is effective among Partial-tuning methods because it fine-
tunes bias terms with low degrees of freedom and they do not break the pre-trained model. Different
situations for the Partial-tuning in Mamba is that, unlike Transformers, it does not utilize bias terms
in linear layers without dt_proj, while it has various other parameters with low degrees of freedom
such as the parameters A, D, and the weights of the causal convolution whose dimension is one.
Based on this situation, we construct Partial-tuning for Mamba, named Bias-tuning, A-tuning, D-
tuning, and Convld-tuning, which fine-tune the previously mentioned parameters. For Vim, we
also make positional embedding and class tokens learnable. In addition, we enhance our method
from conventional Partial-tuning by modifying the weight decay. Specifically, instead of the usual
weight decay of |W |2, we propose applying a weight decay of |W — Wiyetrain|> to preserve the
pre-trained model.

Additional-scan. We propose a new efficient PEFT with fewer parameters by leveraging the SSM
architecture. By increasing the state dimension of the SSM, we aim to store information in it to adapt
to new tasks, called Additional-scan. It corresponds to additive methods. Specifically, we increase
the state dimension of the input parameters of SSMs, A, B, and C, by N’. Eq. [3|then becomes as
follows:

FTLN+N exp(—AlTL1] oA[l,L,N+M)’ BIENNT A [1,L1] o BILLNNT ()

where T, L, and N are the token length, hidden size, and state dimension of the SSM, and Pld1-d2ds]
represents P € R91*92xds Then, the core recurrent computation in SSMs becomes

Ht[L,N+g] _ ZELJHE] o Ht[f,lzwi] +§£L,N+M] o Xt[DJ] -
Yt[L,l] _ Ht[L,N+&] . (CtT)[z\urg.;] _|_D[L,1].
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In Mamba, a diagonal SSM is employed and each hidden dimension forms an independent recur-
rence. Hence, we can write down more about one hidden state dimension as follows;

(A wos heNs BN+, ooy hevyne] = [exp(—610a0,1)he—1,1 + O¢.0be,12¢,05 .o
exp(—0¢ 0a0,N)he—1,8 + 01,00, NZt 0,
exp(—d¢,0a0,N+1)hi—1,n+1 + Or,0be N1 T05 oo
exp(—6¢ 080, N+N/ ) Ri—1, N+ N7 + 0r,0be N+ N7 Z,0]-
®)
It can be observed that the added parameters do not affect the original hidden state, h¢ 1, ..., he N

This enables us to store new information with additional selective scan without affecting the pre-
trained hidden memory and selective scan mechanism. To add new dimension to A, B, and C, we
add additional trainable parameters to A and to the Linear x_proj that generates B and C (see
Figure E]) The parameter A in SSM needs careful initialization (Gu et al.| [2020), known as the
Hippo theory. Mamba uses S4D initialization (Gu et all [2022), A, ., = n, while in our case,
the other A values have already been changed by training, which implies that S4D initialization is
not theoretically better. Thus, we propose an initialization of A for Additional-scan. Specifically,
the additional parameters of A are initialized with the values of neighborhood pre-trained A. It is
simple, while stable training is achieved. Accounting for eq. [8|and the pre-trained model use S4D
initialization, the top of the state dimension is intended for long-term memory or selective scan from
distant tokens, while the bottom is intended for short-term memory or selective scan from neighbor
tokens. Thus, when fine-tuning, the suitable position of the additional state dimension is checked
whether at the bottom as in eq. [§]or at the top.

3.4 HYBRID PEFT SEARCH

We have introduced the primary seven methods as follows: ParallelAdapter, LoRA, Partial LoRA,
Prompt-tuning, Affix-tuning, Partial-tuning, and Additional-scan. Specifically, there are five varia-
tions of LoRA, five variations of Partial LoRA, and six variations of Partial-tuning, making a total
of 20 methods. This variety motivated us to propose a hybrid PEFT for Mamba, which combines
multiple PEFT methods to enhance performance. There are three key elements to consider in our
hybrid PEFT: the combination of PEFT methods, the hyperparameters of each PEFT method (e.g.,
a rank of LoRA), and the training hyperparameters for each method (e.g., learning rate). Exploring
them simultaneously results in an enormous search space compared to the search space of previous
works which target only several PEFT methods. Furthermore, the hyperparameters have a condi-
tional search space, meaning they are only considered if the corresponding PEFT method is active.
Thus, we propose a two-step approach that explicitly divides the problem into two parts to improve
efficiency in the search process.

In the first step, we restrict the search space to combinations of PEFT methods with minimal train-
able parameters within each method, i.e., we explore whether to activate each PEFT method with
fixed hyperparameters with minimal trainable parameters. This phase is based on our observation
that performance degrades when too many PEFT methods or trainable parameters are added. In the
second step, based on the PEFT method combination suggested by the first step, we greedily search
the hyperparameters of both PEFT methods and their training. Since this phase inevitably increases
the number of trainable parameters, we also include an option to remove a specific PEFT method.
This approach helps to prevent excessive parameter growth and allows us to allocate more parame-
ters to the more critical methods. We utilize the TPE algorithm (Bergstra et al.,|2011)) implemented
in Optuna (Akiba et al.l |2019) for the search in each step. The detailed algorithm is provided in

Appendix [B]

4 EXPERIMENTS AND DISCUSSION

In this section, we present our experiments on 7 PEFT methods with 20 variations. We conduct
experiments on both image and language tasks. Our methods are compared with state-of-the-art
methods for Transformers. We provide detailed results and analysis based on these comprehensive
experiments.
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Table 1: Test accuracy on the VTAB-1k benchmark pre-trained on ImageNet-1K using the training
technique of DeiT (Touvron et al.,|2021). The best hyperparameter settings maximizing the averaged
accuracy of six datasets written in the ablation studies are used for each PEFT method. The Time
Ratio represents the ratio of the training time to the time taken for full fine-tuning. The number of
trainable parameters is the average of all tasks.

Model Method #Params (K)  Time Ratio \ Natural ~ Specialized  Structured — Avg.
Scratch 21,704 10.66 56.12 24.83 26.20
Full 21,704 51.79 72.79 45.27 53.47
Linear Probing 9 60.87 78.13 30.57 51.74

ViT-S ~FacI-TK ~ = 71 16— 7287 © 7 8234 T 7 5410 T 66.96
LoRA 628 73.60 82.22 57.61 68.68
Adaptformer 333 73.63 83.15 57.80 68.97
SPT-LoRA 414 74.75 84.75 56.99 69.38
Adapter+ 122 74.68 83.57 58.82 69.87
Scratch 25,450 1.00 8.33 49.87 28.16 25.42
Full 25,450 1.00 | 59.35 68.74 34.39 47.08
Linear Probing 9 0.19 | 62.50 77.25 31.97 52.75

" CLS-token-tuning ~ =~ =~~~ T 9 " 7 0527|6230 T 77200 T T 3220 T 5284
Pos-embed-tuning 84 0.52 | 64.25 74.60 39.77 56.12
Bias-tuning 37 0.54 | 68.94 79.16 45.05 61.03
D-tuning 45 0.56 | 67.14 78.56 40.10 58.16
A-tuning 598 0.54 | 72.01 80.72 49.59 64.40
Conv1d-tuning 156 0.54 | 74.33 82.45 57.83 69.09

" Prompt-tuning (w/o proj) | 12~~~ T 0.537| 6540 ~ ~ 7851 3835 5677
Prompt-tuning 307 0.54 | 69.92 79.20 47.75 62.54
Affix-tuning (w/o proj) 230 0.59 | 72.26 81.03 50.73 65.04

Vim-S Affix-tuning 117,000 0.66 | 75.84 83.29 58.94 70.29
Additional-scan 672 0.65 74.63 82.68 56.40 68.65
ParallelAdapter 663 0.55 76.10 83.97 59.97 70.96

"LoRA(embed) ~ =~~~ T T T T 4 45 7 7 7 T 0.527| 6466 7753 T T T 4383 7 38.60
LoRA(x_proj) 2,540 0.57 | 7441 81.92 54.88 67.77
LoRA(dt_proj) 2,442 0.57 | 75.35 83.05 57.12 69.30
LoRA (out_proj) 2,663 0.57 | 76.42 83.96 60.08 71.12
LoRA(in_proj) 1,483 0.67 | 76.58 84.08 60.16 71.25
LoRA,(d) 2,442 0.63 73.25 80.91 50.93 65.46
LoRA,(C) 2,417 0.57 | 72.78 81.57 51.35 65.61
LoRA,(B) 2,417 0.65 72.95 81.66 52.26 66.07
LoRA,(Z) 1,778 0.67 | 76.15 84.26 59.72 70.94
LoRA,(X) 1,778 0.66 | 76.64 83.89 60.84 71.52

TAD(wW/pro) T T T T T 119,765 =~~~ 0.86 | 74.67 =~ 8296 =~ 5392 " 67.68
All LoRA (r=8) 1,228 0.80 | 76.11 84.32 59.92 71.02
LoRA(in_proj+out_proj) 709 0.72 | 75.69 84.42 59.43 70.68
Hybrid (w/ proj) 117,236 0.86 | 77.00 84.41 61.55 72.05
Hybrid (w/o proj) 1,044 0.83 76.85 84.42 61.06 71.80

4.1 EXPERIMENTAL SETTINGS

Models. We use Vim-S (Zhu et al.| 2024)) as a base model in our experiments. We also experiment
with ViT (Dosovitskiy et al., 2020) for comparison. We adopt pre-trained weights trained with
ImageNet-1k (Deng et al.|[2009) using DelT (Touvron et al.|[2021)) training framework in all models.

Dataset. We conduct our evaluation on the VTAB-1k image classification dataset (Zhai et al.,[2019).
This dataset contains tasks from 19 domains. These tasks are grouped into three categories: Natural,
Specialized, and Structured. For each task, 1000 images are used for training.

Baselines. We adopt LoRA (Hu et al., 2021), Adaptformer (Chen et al., [2022)), FacT-TK (Jie &
Dengl [2023), SPT-LoRA (He et al.| [2023), and Adapter+ (Steitz & Roth) 2024) as existing PEFT
methods for Transformers. For Vim, we evaluate the 20 PEFT methods explained in Section E} As
a baseline for Hybrid PEFT, we use a combination of all PEFT methods in the experiments.

Implementation Details. We follow the setup of [Jie & Deng| (2023)) in our experiments, using
AdamW optimizer (Loshchilov & Hutter, |2017) and training the model for 100 epochs. The learn-
ing rate is set to le-3, with a cosine scheduler and a warmup period of 10 epochs. A weight decay
with le-4 magnitude is applied. We do not perform data augmentation. For ablation studies, we use
the average accuracy on six tasks: CIFAR-100, Sun397, Camelyon, Retinopathy, Clevr-Count, and
sNORB-Elev. In several previous studies, hyperparameters were tuned for each task, and the maxi-
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Figure 3: Ablation studies for (a) the relationship between LoRA rank and accuracy on small linear
weights, and (b) the impact of additional dimensions in Additional-scan on performance.

Table 2: Ablation studies. (a) The position and number of tokens in Affix-tuning with projection. If
the position is “Before”, tokens are inserted before the in_proj layer. (b) The initialization method
in Additional-scan. (¢) The performance improvement in Partial-tuning with our proposed Weight
Decay.

Position Type  #Tokens | Acc. (%) Location Init. | Acc. (%) Method | wd=le-4 | wd=le-3 | wd=le-2
Before  Prefix ! 23.85 Bottom  S4D 57.39 Bias-tuning +0.06 +0.02 +0.17
Aer e 1| & Const(0.1) | 61.25 Convld-twning | -040 | +0.18 | -0.01
ter Infix 1 61.21 .

After Prefix 2 63.36 Const(1) 61.33 Cls,loken—lumpg -0.01 +0.08 -0.01
After  Prefix 3 63.51 Const(5) 60.05 Pos-embed-tuning |  +0.18 +0.09 +0.02
After Prefix 4 56.57 Ours 61.46 A-tuning +0.07 +0.15 +0.11

Top S4D 57.56 D-tuning -0.08 +0.02 -0.04

(@)
Ours 61.61 ©)
(b)

mum validation accuracy during training was reported. In contrast, we tuned the hyperparameters to
maximize the average of six tasks used in ablation, ensuring that the results obtained are universal
and beneficial for many future studies. Additionally, the evaluation is conducted using the weights
from the final epoch.

4.2 RESULTS FOR INDIVIDUAL PEFT METHODS

Overall Results. Table |1| shows the performance with hyperparameters that maximize accuracy.
Many PEFT methods for Vim outperform the state-of-the-art ones for ViT. Interestingly, the PEFT
methods for ViT start over-fitting early when the number of trainable parameters is increased and
are unable to improve accuracy. On the other hand, Vim continues to improve its accuracy even with
more trainable parameters. This is probably due to the highly modular structure of Mamba, which
prevents its pre-trained memory from being corrupted by additional parameters. In addition, Vim
has a greater performance improvement margin between full fine-tuning and PEFT than ViT has.
These results suggest that PEFT is more effective for Mamba than Transformer.

LoRA. In our experiments, LoRA turns out to be one of the most effective PEFT methods with
Vim. As shown in Table [T} PEFT methods perform well regardless of where LoRA is applied. The
best performance is achieved with the partial LoRA, LoRA,(X). This result stems from our detailed
investigation, indicating that the effectiveness of LoRA depends on the nature of the output features.

Another notable finding regarding LoRA is that when it is attached to a linear weight with a small
dimension, the accuracy continues to increase even if the rank of LoRA exceeds the full-rank, as
shown in Figure[3a] Full-rank refers to the smaller value of the input dimension or output dimension.
This phenomenon is likely because the effective degrees of freedom are bounded by the full-rank.
It follows that adding more parameters does not cause overfitting. Instead, it positively contributes
to over-parameterization, similar to the findings in |Ding et al.| (2021). More details regarding the
LoRA on large linear weights are described in Appendix Appendix
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Affix-tuning and Prompt-tuning. The ablation studies on affix-tuning are shown in Table
First, our Affix-tuning has multiple choices about where to add soft tokens because it is architecture-
independent compared to Prefix-tuning for transformers, as shown in Figure[2] We test two positions,
before or after the in_proj layer. If before, the output tokens are discarded just before the out_proj
layer. If after, they are discarded after SSM. We find that it is important to affect additional tokens
only on SSM by adding after the in_proj layer. Moreover, the best performance is achieved by adding
an affix at the beginning of the input tokens, just as with Prefix-tuning for Transformer, and different
from how to handle additional tokens for Vim in|Zhu et al. (2024)); |Darcet et al.| (2024)). This should
be because it is impossible to learn which positions are additional tokens rather than patch tokens
unless they are trained from scratch. A detailed analysis of the positions and numbers of inserted
tokens is provided in the Appendix

Note that these methods have the option of applying embedding projection to the prompts, which
significantly increases the number of parameters. However, it can be merged during inference, re-
sulting in zero computational cost increase. Our results show that embedding projection is effective
in improving accuracy, and hence it is recommended to use it if memory allows.

PEFT methods designed for Mamba. We perform experiments on two newly proposed PEFT
methods for Mamba. The results of Additional-scan are presented in Table[I] Additional-scan shows
competitive performance with the best settings of LoRA and Affix-tuning, with fewer trainable
parameters. Figure [3bjand Table [2b]list the experiments with different initialization for Additional-
scan. It shows that our proposed initialization consistently outperforms the original S4D used in
Mamba. The results of Partial-tuning are presented in Table [l Performance highly depends on
which components are made learnable. The highest performance is achieved by making convld
learnable. Our proposed modified weight decay works effectively around le-3 strength (Table [2c).
We analyze the number of trainable parameters and hyperparameters in Appendix [A.2]in detail.

4.3 RESULTS OF HYBRID PEFT

The bottom of Table [I] shows the effectiveness of our two-step optimization approach. Combining
all PEFT methods results in lower performance compared to using a single method. In contrast, our
two-stage search method achieves higher performance with fewer parameters. These results indicate
that selecting a preferred combination of PEFT methods is crucial.

We find that the high-performing single methods are not necessarily selected among the optimal
combinations. An example of this combination is provided in Table [I0|in Appendix We hy-
pothesize that this phenomenon is related to the importance of ensuring model diversity in ensemble
methods (Dietterich, 2000). Combining PEFT methods with different mechanisms can offset indi-
vidual errors, mitigate overfitting, and enhance generalization performance. Detailed verification of
this aspect remains a direction for future research.

4.4 LANGUAGE TASKS

In addition to the image tasks, we evaluate our method on language tasks using the vanilla Mamba
Gu & Daol (2023). We experiment with a commonsense reasoning task, following the setup and
dataset of |Hu et al.|(2023). This task consists of eight sub-tasks, which are evaluated on each task
after training on a dataset that integrates training data from all tasks. We use Pythia (Biderman et al.,
2023) as the Transformer baseline, which is pre-trained with the same dataset as Mamba. For a
PEFT method for Mamba, we compare with SLL LoRA (Halloran et al., |2024)). To the best of our
knowledge, SLL LoRA is the only PEFT method for Mamba.

In the language tasks, the proposed Additional-scan is found to work as an efficient PEFT. We hy-
pothesize that this is related to the amount of data. This experiment uses 170k datasets, in contrast to
the 1k used for VTAB-1k. We hypothesize that learning a selective mechanism requires a relatively
large amount of data, and Additional-scan works powerfully in such cases. In Affix-tuning, we find
that, as the size of the base model increases, it achieves sufficient accuracy without the embedding
projection. This is a valuable discovery because reducing memory costs is crucial for larger models.
As discussed in Appendix[A.4] we find that Additional-scan, Affix-tuning (w/o proj), and LoRA,,(X)
are all useful depending on the application and should be used accordingly.
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Table 3: Experimental results of the commonsense reasoning tasks. Language Model Evaluation
Harness (Gao et al., 2024)) is used to benchmark. The best performance is highlighted in bold, and
the second-best performance is underlined, excluding Full fine-tuning.

Model Method #Params(%) \ BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.
. Full 100 61.3 62.9 37.1 30.7 50.6 41.5 243 27.8 42.0
Pythia 160M LoRA 072
T Ful' 1000
SLL LoRA 1.45
Mamba I30M 4 dditional-scan 0.51
Affix-tuning (w/o proj) 0.17
Affix-tuning 64.64
LoRA(in_proj) 223
LoRA,(X) 2.67
. Full 100
Pythia 410M LoRA 077
SLL LoRA 2.30
Mamba 370M Additional-scan 0.47
Affix-tuning (w/o proj) 0.16
Affix-tuning 68.88
LoRA(in_proj) 2.07
LoRA,(X) 2.67
. Full 100
Pythia 1B LoRA 0.41
T Ful' 71000
SLL LoRA 3.1
Additional-scan 0.33
Mamba 790M Affix-tuning (w/o proj) 0.22
Affix-tuning 69.99
LoRA(in_proj) 1.47
LoRA,(X) 1.75
. Full 100
Pythia 1.4B LoRA 0.44
T Ful” ™"~~~ "~~~ "7100 "~
SLL LoRA 4.64
Additional-scan 0.26
Mamba 14B s tuning (wfo proj) ~ 0.09
LoRA(in_proj) 1.13
LoRA,(X) 1.36

4.5 LIMITATIONS

This paper focuses on an exploratory investigation. Evaluating the applicability of our findings
to larger models, such as vision models trained with ImageNet-21K (Ridnik et al., 2021} or large
language models with billions of parameters (Touvron et al., 2023), is an area for future work. We
release the source code to stimulate future research from communities.

5 CONCLUSION

We conducted a comprehensive investigation of PEFT for Mamba. Our investigation started by
applying existing PEFT methods for Transformers to Mamba. We proposed Affix-tuning and Partial
LoRA as modifications of existing PEFT methods and introduced Partial-tuning and Additional-scan
as new Mamba-specific PEFT methods. We also provided an effective framework for combining
them. These comprehensive experiments on image and language tasks led to several findings.

Our findings are as follows. (1) Mamba benefits from PEFT more than Transformers. It improves
accuracy without overfitting, even with a larger number of parameters in PEFT (Compare Figure [Ac]
and Figure |4d). (2) LoRA-based methods, particularly LoRA,(X), are effective with limited data
(See Table(l). (3) In contrast, the proposed Additional-scan excels with larger datasets (See Table |3|
and Figure [/). (4) We found that initialization significantly impacts performance when adding an
additional dimension to A, despite Mamba’s robustness to initialization compared to other SSMs
(See Figure [3b). (4) The proposed Affix-tuning was effective, especially for large Mamba models
(See Table [3). (5) When adding LoRA on small linear weights, interestingly, over-parameterizing
the original weight rather than decomposing it to a lower rank can be beneficial, which should hold
for other architectures than Mamba (Figure 3a). (6) In hybrid PEFT, simply combining individually
high-performance methods, as many previous works did, is inefficient. It is crucial to find the
appropriate combination of PEFT methods. (See Table [I]and Table[9) We believe that these results
make a valuable contribution to the Mamba research community.
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A  MORE DETAILED ABLATION STUDIES

A.1 INDIVIDUAL PEFT METHODS IN DETAIL

In the experiments, we need to determine the appropriate parameters for each method. To this
end, we investigate the optimal settings by varying the degrees of freedom for each PEFT method.
Specifically, the rank of LoRA (r), the number of additional tokens for Affix-tuning and Prefix-
tuning (n), the number of dimensions for Additional-scan, and the strength of the proposed weight
decay for Partial-tuning. Same as the ablation study in Table [2] and Figure [3] in the main text,
we evaluate the averaged accuracy across six tasks: CIFAR-100, Sun397, Camelyon, Retinopathy,
Clevr-Count, and SNORB-Elev.

First, each LoRA applied to large weights is evaluated. As shown in Figure Ad] the maximum
accuracy with ViT can be obtained with approximately » = 32, whereas that with Vim can be
obtained with a higher rank, as shown in Figure One reason is that the pre-trained Vim is less
prone to collapse even when a large LoRA is added. Interestingly, the in_proj layer itself is prone
to collapse and begins to degrade in accuracy at > 32, while LoRA,(X) and LoRA,(Z), which
apply LoRA to partial weights of the in_proj layer, are able to continue improving accuracy up to
r = 64. By dividing LoRA for each output feature, the collapse is suppressed, and further accuracy
improvement is possible with large parameters in LoORA. We have already discussed LoRA on small
linear weights in the main text (Figure
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Figure 4: Ablation studies for vision tasks. (a) shows the relationship between the number of tokens
and performance in Affix-tuning with projection. (b) shows the relationship between the number
of tokens and performance in Prompt-tuning. (¢) shows the relationship between the rank of LoRA
and performance in Mamba. (d) shows the relationship between the rank of LoRA and performance

in ViT. Performance consistently decreases as the rank increases up to 64, contrary to the case in
Mamba.

For Prompt-tuning, adding soft tokens to both the beginning and end is the most effective, as shown
in Figure [4b] Figure[alalso shows that the number of affixes improves performance up to 3 tokens.
However, 4 or more affix tokens degrade performance due to over-fitting caused by increasing the
number of parameters.

A.2 EFFICIENCY OF PEFT METHODS FOR VISION MAMBA

In Table [I] we present a benchmark with the hyperparameter settings that maximize accuracy. As
discussed in Appendix [A.T] Vim is less prone to collapse and benefits more from increasing the
number of training parameters in PEFT modules. Consequently, the number of trainable parameters
for Vim in Table[T]is larger than that for ViT. Hence, we analyze the trade-off between accuracy and
the size of PEFT modules. Specifically, all methods evaluated in Figure [3] and Figure [4] are plotted
in Figure[5] The results indicate that the superior PEFT methods for Mamba achieve high accuracy
even with a lower number of parameters and exhibit a better trade-off compared to those for ViT.
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between the proportion of trainable parameters and performance

A.3 PER-TASK EVALUATION ON VTAB-1K

We present the results for each task in VTAB-1k, including different base model sizes and training
data. Specifically, we also report the accuracy on other base model architectures such as Vim-B,
Vim-tiny (Zhu et al.| [2024)), ViT-tiny (Touvron et al., 2021), and ViT-B (Dosovitskiy et al., [2020),
as well as different pre-training datasets such as ImageNet-21k (Deng et al.l 2009) or using the
training framework of (Dosovitskiy et al.,|2020). The information of Vim-B is recently released, so
we additionally experimented the performance here in the Appendix. The compared PEFT methods
for Transformers are LoRA (Hu et al.|, 2021, Adaptformer (Chen et al.| [2022), Adapter+ (Steitz
& Roth| 2024), FacT-TK (Jie & Dengl 2023)), Head2Toe (Evci et al.} [2022), VQT (Tu et al., |2023),
BitFit (Zaken et al., 2021)), SPT-LoRA (He et al.,[2023)), and LoSA (Mercea et al.,[2024)). The results
are shown in Table[dl

Many PEFT methods for Vision Transformers have benchmarked with ViT-B pre-trained on
ImageNet-21K. First, we clarify the accuracy change due to differences in our experimental set-
tings and their settings. By using ImageNet-1K instead of ImageNet-21K, accuracy decreases by
around 5 points. Changing the training framework to DeiT does not significantly affect accuracy.
Reducing the model size from ViT-B to ViT-S results in an accuracy drop of about 2 points.

Next, we compare PEFT for Transformers and PEFT for Mamba using base models of a similar
size. For small-sized base models, as mentioned in the main paper, we achieve a performance
improvement of an additional 1.5 points over the state-of-the-art PEFT for Transformers. With
even smaller models, such as ViT-tiny and Vim-tiny, it shows similar accuracy improvements. This
confirms that our proposed method is effective for model sizes other than Vim-S used in the main
paper.

Finally, we evaluate each task individually. PEFT for Vim outperforms PEFT for ViT on most tasks
when compared within a similar base model size. Notably, PEFT for Vim is inferior to PEFT for ViT
only in the dSpr-Loc task, which classifies the x-coordinates of objects of various colors, shapes,
and sizes. We consider that one reason for this is that the attention mechanism can locate the objects
more straightforwardly than Mamba. On the other hand, in the Clevr/count task, the accuracy with
Vim is much higher than that with ViT. This task involves counting the number of objects in the
image, and the recurrent nature of Mamba may be more suitable for counting the number of objects
in the hidden state.
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Table 4: Detailed test results on the VTAB-1k benchmark. “Mean” denotes the average accuracy for
each category, and “Overall Mean” shows the average accuracy over 19 tasks. The (A), (T), and (D)

stand for the network architecture, training framework, and dataset used for pre-training.

Natural Specialized Structured
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Method O 9} a @ & @ 7 = [¢] @ = o o a |~ 3 3 G G = ©
(A) VIT-B (T) ViT (D) IN21K
Full 689 877 643 972 869 874 388 759797 957 842 739 834|563 586 417 655 575 467 257 290 476656
Linear 644 850 632 970 863 366 510 69.1|785 875 685 740 77.1 | 343 306 332 554 125 200 96 192 269|523
BitFit 728 870 592 97.5 853 599 514 733|787 916 729 698 783|615 556 324 559 666 400 157 251 441|621
LoRA 67.1 914 69.4 988 904 853 540 795|849 953 844 736 846 | 829 692 498 785 757 471 310 440 598 | 723
FacT-TK 706 906 70.8 99.1 907 88.6 541 806|848 962 845 757 853|826 682 498 807 80.8 474 332 430 607 | 732
Adapter+ 837 942 715 993 90.6 882 558 833|875 970 874 729 862 | 829 609 537 808 884 552 373 469 633 | 755
LoSA 825 928 761 997 905 820 558 828|866 97.1 87.0 767 869 | 81.5 623 486 821 942 6L7 479 456 655|764
(A) ViT-B (T) ViT (D) INIK
Scratch 76 191 131 296 6.7 140 | 710 710 293 720 608 | 31.6 525 272 39.0 66.1 297 117 24.1 328
Full 443 845 541 847 747 652|853 950 760 704
Linear 506 856 614 79.5 865 632797 915 717 655
Head2Toe 544 868 641 834 826 689 | 813 954 812 737
vQT 584 894 667 904 89.1 727 [ 822 962 847 749
FacT-TK 560 89.0 668 90.0 913 740 | 839 947 828 723
LoRA 527 89.1 664 908 90.7 736 | 846 947 826 732
”””””””””””””””””””””” (A) ViT-B (T) DeiT (D) INIK™ ~ ~ ™~
Linear 839 883 434 377 624|800 908 743 734 79.6 | 406 373 367 59.6 203 250 166 242 325|535
FacT-TK 91.8 91.6 87.6 423 758 | 840 948 844 724 839|761 581 472 797 766 559 286 330 569 | 69.5
LoRA 929 913 884 428 763|840 950 850 732 843|794 588 495 817 810 542 312 381 592|708
SPT-LoRA ¥ 769 | 856 959 85.6 73.8 852|763 558 492 821 783 554 318 371 583|708
Adapter+ 855 95.1 737 713
,,,,,,,,,,,,, = 13
Full 285 650 55 632 424 864 165 439|651 835 558 73.6 69.5|220 441 207 333 361 442 71 149 278|425
Linear 464 868 639 80.0 902 43.1 413 645|822 8.5 714 738 792|377 380 363 636 168 267 162 226 322|540
Affix-tuning (w/o proj) | 59.0 88.1 668 845 90.8 525 430 692|793 935 822 738 822|620 543 435 768 599 507 252 338 508 | 64.2
Affix-tuning 622 888 683 912 913 889 437 764|830 941 835 735 835|764 590 337 792 796 508 311 353 556 | 69.1
Additional-scan 603 883 689 902 917 857 432 755|830 937 821 707 824|741 617 443 802 735 468 294 368 558 | 687
Parallel Adapter 628 89.8 684 O9L5 912 882 440 766|835 950 850 722 839|833 642 502 793 789 530 338 40.6 60.4 | 713
LoRA(outproj) 638 89.5 680 917 921 877 442 767|839 948 850 724 840|836 634 503 813 763 525 330 40.6 60.1 | 713
LoRA(in_proj) 637 902 677 910 90.8 897 439 767|850 951 846 725 843|813 608 508 799 822 509 314 37.6 594|710
LoRA,(X) 639 90.1 684 912 910 904 439 77.0 | 841 952 840 725 839 | 830 627 496 799 817 514 312 399 599 | 713
(A) ViT-S (T) DeiT (D) INIK
Scratch 49 1L1 97 244 34 194 16 107|650 573 286 73.6 561|209 481 262 450 7.3 270 62 178 248|262
Full 304 693 37.6 658 502 878 215 518|762 852 668 63.0 728|335 568 403 668 735 404 280 228 453|535
Linear 414 839 620 765 888 37.6 359 609|805 88.6 694 740 781|353 340 340 657 183 205 153 215 306|518
Fact-TK 544 866 654 893 89.8 851 39.6 729|844 934 799 717 823 | 719 580 440 745 788 506 252 297 541 67.0
LoRA 553 876 673 902 902 851 39.6 736|817 941 805 727 822|776 59.01 470 816 815 496 294 351 57.6| 687
Adaptformer 560 880 656 90.5 90.5 853 395 736|840 938 822 727 832|775 590 467 793 837 504 305 354 578 69.0
SPT-LoRA 558 895 681 90.6 884 40.6 902 748|845 957 848 741 848 | 738 585 474 805 804 500 298 357 57.0 | 694
Adapter+ 566 892 668 9L1 902 882 407 747 | 848 942 . 69.9
””””””””””””””””””””” (A) Vim3(T) DeiT (D) INIK T
Scratch 56 119 59 121 50 163 16 83 [ 616 623 138 61.6 498|289 532 225 409 386 118 113 183 282|254
Full 516 830 615 711 450 884 149 594|665 881 633 57.1 687|488 604 388 550 63 118 300 241 344|508
Linear 483 852 595 755 887 407 39.6 625|788 8.0 682 730 773|370 367 333 660 180 252 165 232 320|528
CLS-token-tuning 480 851 592 757 888 410 394 624|787 892 685 731 774|373 367 336 664 183 254 171 235 323|529
Pos-embed-tuning 50.6 851 594 746 883 505 399 641|772 87.6 682 664 748|329 463 324 650 586 298 190 295 392|559
D-tuning 542 860 63.1 813 889 555 411 671|788 913 730 712 786|453 427 369 700 415 385 199 260 40.1 | 582
A-tuning 587 874 650 865 902 740 424 720|811 932 784 702 807 | 627 539 400 77.5 60.6 460 239 321 49.6 | 64.4
Convld-tuning 597 89.1 652 86.5 89.4 884 42.1 743|829 942 792 735 825|765 3 457 795 802 513 308 354 57.8 | 69.1
Prompt-tuning 556 872 627 828 895 703 415 699 781 914 749 724 792 |59.1 548 388 737 589 457 221 289 478 | 625
Affix-tuning 619 893 678 897 91.0 880 432 758|826 948 822 73.6 833|804 59.5 461 813 836 509 305 394 589|703
Additional-scan 59.6 900 666 889 907 83.6 43.1 746|832 944 813 719 827|751 632 437 800 750 481 291 369 564 | 68.7
Parallel Adapter 64.0 897 689 914 913 834 441 76.1 | 853 952 834 720 840 | 839 634 498 802 755 530 328 413 600 | 71.0
LoRA(embed) 517 849 592 755 880 534 398 647775 912 715 700 775|429 520 349 730 549 470 197 262 438 | 586
LoRA(x_proj) 592 880 675 889 904 839 430 744|827 939 803 707 819|725 607 436 806 750 458 27.8 331 549 | 678
LoRA(dt_proj) 61.6 90.1 667 89.0 907 86.1 434 754|832 949 812 729 831|769 598 470 798 756 507 303 37.0 57.1| 693
LoRA(out_proj) 642 898 686 914 912 860 438 764|849 949 834 727 840 | 845 627 495 813 771 520 328 409 60.1 | 7.1
LoRA(in_proj) 634 903 682 910 91.0 88.6 435 766|847 950 838 729 841 | 840 613 486 800 835 526 318 395 602|713
LoRA,(d) 57.1 874 659 87.6 904 81.8 427 733|809 936 789 702 809 | 642 554 428 769 645 474 255 308 509 | 655
LoRA,(C) 558 87.8 669 87.6 905 78.6 423 728 821 941 797 705 816|605 592 413 809 704 428 259 297 514|656
LoRA,(B) 565 87.5 663 88.1 905 79.0 428 730|829 939 796 703 817|672 588 415 783 694 444 268 317 523 | 66.1
LoRA,(Z) 617 90.6 68.1 903 907 884 432 762|856 952 835 728 84.3 | 824 60.6 482 819 816 524 314 395 597 | 709
LoRA,(X) 633 893 694 90.6 915 889 436 766|845 953 834 724 839|849 629 486 814 828 527 331 404 608 | 715
Hybrid 637 902 69.4 90.9 90.1 90.1 439 77.0 | 863 952 839 722 844|846 617 500 810 864 540 346 402 61.6 | 72.1
(A) ViT-tiny (T) DeiT (D) INIK
Linear 81.0 868 67.0 742 772|325 327 331 599 142 177 136 192 279|488
FacT-TK 820 914 750 70.0 796 | 663 583 43.1 729 774 450 243 311 523|640
LoRA 805 930 761 709 80.1 | 722 60.0 454 761 79.7 459 27.6 328 550|652
SPT-LoRA 833 945 80.6 728 828 | 64.6 586 474 795 797 486 309 336 554|664
Adapter+ 859 779 83.0 716 79.6 | 727 585 463 780 83.0 47.1 294 342 562 | 66.1
Tttt TTo Vim-tiny (M DATM)INIK ~~~ "~~~ """~~~ """ T TTTTomm oo e T
Linear 790 871 683 73.1 769|326 361 342 665 152 224 150 213 304 | 512
Additional-scan 802 930 788 720 8L0|69.6 622 426 786 770 435 270 324 541659
Convld-tuning 825 933 777 697 808 | 715 639 441 771 779 481 299 344 559 | 663
Affix-tuning 794 938 777 700 802 | 743 642 442 779 79.6 480 270 383 567 | 66.9
LoRA,(X) 832 945 822 718 80.8 | 787 593 472 761 810 50.6 297 374 575|685

A.4 ABLATION STUDIES ON LANGUAGE TASKS

We conduct ablation studies for language tasks. Figure[6c|shows that the optimal learning rate varies
for each method. In contrast, as shown in Figure [6c| and Figure [6d} the optimal learning rate and
the optimal number of trainable parameters remain relatively stable despite changes in model size.
Hence, the number of trainable parameters is fixed regardless of the model size, and the learning
rate is coarsely tuned for evaluation in Table[3] The detailed settings are described in Appendix [B}

The trade-off between the number of trainable parameters and accuracy for Additional-scan, Affix-
tuning (w/o proj), and LoRA,(X) is described in Figure |3_Bl Each method excels in certain aspects
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Figure 6: This ablation study investigates how optimal hyperparameters differ per PEFT method
and the size of base models in language tasks. (a) Optimal learning rate per PEFT method. (b)
The relationship between the ratio of trainable parameters and performance on Mamba 370M base
model. (c¢) Suitable learning rate per base model size for Additional-scan. (d) Optimal additional
dimension per base model size for Additional-scan.

and should be chosen based on the specific application. LoRA,(X) is effective when sufficient mem-
ory is available, Affix-tuning (w/o proj) maintains accuracy with the fewest trainable parameters, and
Additional-scan falls in between. Since even PEFT may not fit into GPU memory with large-scale
models, it is crucial to select the appropriate method based on the application and environment.

Table [6] shows the experimental results of applying LoRA to individual modules in both Mamba
and Pythia. In Mamba, applying LoRA to individual modules yielded better performance than SLL
LoRA, which applies LoRA to all modules. Conversely, in Pythia, applying LoRA to all modules
tended to perform better than applying LoRA to individual modules. These experimental results
demonstrate the differences in behavior between Mamba and Transformer when LoRA is applied.
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Base Model Method #Params (K) Natural Specialized Structured Average

VMamba-S  Full 49,379 66.4 81.8 62.6 68.0
Linear 18 67.9 73.6 34.2 54.9
Conv2d-tuning 160 75.8 83.3 58.9 70.3
Affix-tuning(w/o proj) 198 77.3 82.7 59.7 71.0
Additional-scan 395 76.4 83.3 60.2 71.0
ParallelAdapter 774 77.8 84.5 63.7 73.2
LoRA(out_proj) 1,529 77.9 85.9 65.6 74.4
LoRA,(X) 1,529 78.2 84.5 65.2 74.0

VMamba-B  Full 87,533 66.8 81.4 60.1 67.1
Linear 24 68.4 79.1 30.2 54.6
Conv2d-tuning 189 78.0 84.1 63.4 73.1
Affix-tuning(w/o proj) 276 71.5 83.3 59.2 71.0
Additional-scan 527 77.0 83.8 60.1 71.3
ParallelAdapter 1,032 78.6 85.1 63.3 73.5
LoRA(out_proj) 2,039 78.6 85.7 64.9 74.3
LoRA,(X) 2,039 78.3 85.3 65.2 74.3

Table 5: Comparison of methods for VMamba. In VMamba, LoRA/,(X) is the same as
LoRA(in_proj).

A.5 EFFECT OF DATA SIZE

Table [T| demonstrates that Partial LoRA performs better in image tasks. On the other hand, Table 3]
shows that Affix-tuning and Additional-scan achieve competitive accuracy with Partial LoRA de-
spite fewer parameters in language tasks. The major differences between the two experiments are
the modality and the amount of training data. In the image experiment, fine-tuning was performed
with 1K images, while in the language experiment, fine-tuning was conducted with 170K data. To
investigate whether the differences in trends are due to the amount of data, we conducted experi-
ments to scale the amount of training data in the image tasks. In detail, we used official test data
of VTAB-IK as training data and vice versa. We chose Sun397, Retinopathy, and DMLab from
each category of VTAB-1K, which contains a large number of images for this experiment. fig.
shows that, as the data size increases, the best methods become Additional-scan for (a), Affix-tuning
for (b), and LoRA,(X) for (c). These experiments suggest that LoRA,(X) excels with smaller data
sizes, but with larger data sizes, the optimal method depends on the specific task. We suggest select-
ing a method that balances the trade-off between performance and parameters based on the task or
searching HybridPEFT.
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Table 6: Experimental results applying LoRA to individual modules in Pythia and Mamba.

Model Method \ BoolQ PIQA SIQA HellaSwag WinoGrande ARC-e ARC-c OBQA Avg.
) Full 613 629 37.1 30.7 50.6 415 243 278 42.0
Pythia 160M  y g A 610 620 363 303 520 382 246 280 416
LoRA(query key_value) | 50.4 620  36.8 30.2 50.7 40.5 239 27.0  40.2

LoRA (dense_4h_to_h) 507 617 379 29.9 49.6 397 224 270 398
LoRA(dense_h_to_4h) 555 613 379 29.9 48.7 362 228 268 399

LoRA(dense) 499 616 369 30.1 51.1 41.1 233 260 400
777777777 Full” ™~~~ "~ " 777|730 " 653 387 T 353 77 7320 T 464 T 257 T 328 438
Mamba 130M  SLL LORA 563 633 382 34.6 516 435 236 306 427
Affix-tuning (w/o proj) | 551 614  36.5 329 515 368 235 272 406

LoRA(in_proj) 535 629 382 338 53.1 464 237 308 428

LoRA,(X) 617 640 395 343 522 435 253 204 437

) Full 550 684 421 40.8 539 508 267 300  46.0
Pythia 410M y o o 613 677 408 39.2 54.9 48.1 24.7 28.6 457
LoRA(query key_value) | 60.5  67.5 413 39.2 543 454 240 290 451

LoRA (dense_4h_to_h) 612 671 405 39.0 545 47.1 251 286 454

LoRA (dense_h_to_4h) 615 670 399 39.0 537 462 238 286 450

LoRA (dense) 557 674 405 39.8 543 452 241 306 447
777777777 Full” =~~~ " "7 77 7|7381 " 699 T 419 T 457 T T 338 T T 5277 T 7297 T 73347 T 482
Mamba 370M  SLL LORA . 595  69.6 422 44.1 54.9 506 263 308 473
Affix-tuning (w/o proj) | 62.0 677  39.3 46.3 54.1 478 282 310 470

LoRA(in_proj) 554 686 410 447 54.1 524 283 334 472

LoRA,(X) 60.8 688  42.1 447 56.2 504 274 322 478

Pythia 1B Full 550 702 425 475 54.4 54.1 297 332 483
LoRA 600 693 409 453 53.6 498 272 310 471

LoRA(query key_value) | 58.0  69.4 417 447 54.1 503 273 308 470
LoRA(dense_4h_to_h) 492 690 42,0 452 538 523 275 310 463
LoRA(dense_h_to_4h) 531 689 389 45.0 522 497 265 302 456

LoRA(dense) 533 694 410 46.5 524 494 278 326 4656
777777777 Full” =~~~ "7 7777620 " 721 T 448 T 7540 T 559 7 T 5777 T 73127 T 7352 T 516
SLL LoRA 607 720 424 54.7 56.9 553 294 342 507

Affix-tuning (W/o proj) | 572 717 414 55.0 55.8 526 298 330 496

Mamba 790M y & A (in_proj) 617 719 440 50.8 56.7 563 305 338 507
LoRA,,(X) 599 722 442 52.8 58.0 537 308 348 508

Pythia 148 'V 586 711 427 536 55.1 58.5 299 348 505
: LoRA 60.1 713 425 50.1 58.9 576 296 336 505
LoRA(query key_value) | 60.7 70.9 422 50.0 58.3 55.4 28.2 332 49.9
LoRA(dense_4h_to_h) 622 719 412 50.5 57.6 556 288 336 502

LoRA (dense_h_to_4h) 614 707 429 50.3 576 517 267 328 493

LoRA(dense) 621 711 416 51.6 582 547 294 316 500
777777777 Full” ="~~~ " " T T 7T 6I4 T 733 439 T 7569 753590 7 597 T 7340 354 330
SLL LoRA 597 735 431 56.9 60.7 597 317 360 527

Mamba 1.4p  Affix-tuning (Woproj) | 636 740  41.9 58.9 60.6 61.6 334 368 539
: LoRA(in_proj) 626 736 437 55.6 59.7 583 317 356 526
LoRA,(X) 63.1 735 427 57.7 61.6 604 329 374 537

A.6 EFFECT OF MODEL SIZE

Table[d contains experimental results for Vim and ViT with size variations. From Vim-Tiny to Vim-
S, the overall accuracy is improved. However, from Vim-S to Vim-B, there is little improvement,
whereas ViT-B improved from ViT-S. Because this phenomenon is not observed in vanilla Mamba
for language tasks (see table[3)), it seems it is not due to PEFT methods for Mamba. This suggests that
large Vim/Mamba models might face potential challenges when fine-tuning with limited data. Note
that even with Vim-B, PEFT still significantly outperforms full fine-tuning and achieves equivalent
or higher accuracy than state-of-the-art PEFT with ViT-B, indicating that PEFT for Vim remains
effective.

A.7 EXPERIMENTS WITH VMAMBA

To investigate the generality of PEFT in Mamba for visual tasks, we conduct experiments using
VMamba (Liu et al.| [2024b), a variant other than Vim. VMamba made several improvements over
the original Mamba. It eliminated the state dimension (i.e., reduced the state dimension to 1), in-
troduced a hierarchical structure similar to CNNs, replaced causal 1D convolutions with 2D con-
volutions, removed the Gated MLP structure, and substituted half of the Mamba blocks with MLP
blocks. Due to these changes, there are some differences in trends, but PEFT also works well with
VMamba, as shown in Table 5] The accuracy is higher than that of Vim, as the original VMamba
performs better on ImageNet1K evaluation. Similar to the results with Vim, partial LoRA shows
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Table 7: Replacing simple structure PEFT methods we intentionally used with dedicated PEFT
methods.

VTAB-1K with Vim-S Commonsense reasoning with Mamba 1.4B
Method Natu. Spec. Struc. Avg. \BoolQ PIQA SIQA HellaSS WinoG ARC-e ARC-c OBQA Avg.

LoRA,(X) | 76.6 839 608 715| 63.1 735 427 577 616 604 329 374 537
DoRA,(X)| 769 841 606 71.6| 63.9 738 432 579 621 604 324 374 539

superior performance. Additionl-scan and Partial-tuning show a superior trade-off between train-
able parameters and performance. Furthermore, there was no significant performance improvement
from VMamba-S to VMamba-B, indicating saturation, which is also consistent with Vim. These
experimental results suggest that the phenomenon of performance saturation with PEFT in Mamba
for visual tasks, once the model size reaches a certain threshold, is general regardless of variation.

A.8 COMPARISON WITH CONCURRENT WORK

We discuss the comparison with related studies conducted during the same period in addition to SLL
LoRA (Halloran et al.,|2024). |Galim et al.| (2024) proposed SDLoRA, which selectively updates the
channels and states of SSM. Unlike SDLoRA, our work emphasizes comprehensive benchmarking
and exploration. Furthermore, Galim et al.| (2024) pointed out the limitations of expressiveness when
applying Prefix-tuning to SSM. In contrast, our proposed Affix-tuning avoids this issue by allowing
tokens to be inserted at arbitrary positions. In fact, Affix-tuning shows competitive performance
with LoRA on language tasks (table[3).

A.9 DIRECTION OF THE FUTURE WORK

Our goal is to explore PEFT for Mamba: specifically, how to tune and where to tune. By using a
simple architecture PEFT methods, we aim to minimize extraneous influences, allowing evaluation
results to be universally informative for various future tuning strategies. The proposed Affix-tuning
and Additional-scan are also designed as simple as possible, although we believe they possess signif-
icant novelty and usefulness. Based on our findings, future work should be able to focus on effective
PEFT research without searching a lot. To verify this, we conducted an experiment by replacing
LoRA with the latest DoRA (Liu et al.l [2024al). As shown in Table we were able to achieve even
higher accuracy than LoRA,(X), which already surpasses the accuracy of state-of-the-art dedicated
PEFT for Transformers. We hope that our exploration will contribute to the future evolution of PEFT
for Mamba.

B IMPLEMENTATION DETAILS

B.1 LANGUAGE TASKS

We follow the fine-tuning setup of |Liu et al.| (2024a)); Hu et al.| (2023) for commonsense reasoning
tasks. Each model is fine-tuned with about 140,000 data for three epochs with a batch size of 16. A
linear learning rate scheduler is used with a warmup period of 100 iterations.

As to the learning rate, we use suitable values for each method. For SLL. LoRA on Mamba, we
follow the original learning rate per model size (Halloran et al., 2024). We also use a roughly tuned
learning rate for our PEFT methods obtained through the ablation studies in Appendix [A.4] The
configurations are shown in Table
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Table 8: The learning rate configurations for language tasks.

Method \ Mamba 130M  Mamba 370M Mamba 790M  Mamba 1.4B
Full Se-5 5e-5 5e-5 Se-5
Additional-scan 5e-3 le-3 le-3 le-4
Affix-tuning le-4 le-5 le-5 le-5
LoRA,(X) le-3 S5e-4 Se-4 le-4
Method ‘ Pythia 160M Pythia 410M Pythia 1B Pythia 1.4B
Full 5e-5 5e-5 5e-5 5e-6
LoRA le-5 le-4 le-5 le-5

For the hyperparameters of each PEFT method, we use the optimal values obtained through the
ablation studies on the VTAB-1K dataset. For Pythia (Biderman et al.,[2023)), We apply LoRA with
r = 8 to dense, query_key_value, dense_4h_to_h, and dense_h_to_4h layers.

B.2 HYBRID PEFT SEARCH

In the first step, we explore only whether to use each PEFT method. As mentioned in the Sec-
tion [3.4] the first step of our search verifies the effectiveness of each PEFT method and seeks the
preferable combination with minimum trainable parameters. We rely on the following hypothesis;
effective PEFT methods work positively even when the number of trainable parameters is small,
while when the number of parameters increases beyond a certain level, the pre-trained model col-
lapses and is negatively affected. As table[9]shows, simply combining PEFT or increasing the rank
of LoRA decreases performance. Therefore, the hyperparameters of each PEFT method are set as its
trainable parameters become minimum. In addition, the proposed regularization for Partial-tuning
PEFT methods is applied so as not to corrupt the pre-trained model. In this step, a combination of
PEFT methods that work positively is selected greedy while keeping the total degrees of freedom
of the PEFT methods within the degrees of freedom that do not destroy the pre-trained model. We
search for 100 trials using TPE algorithm (Bergstra et al., |2011) about whether to use each PEFT
method with the fixed hyperparameters shown in step 1 of Table[I0} As a result, it turns out that the
combination of eight PEFT methods, CLS-token-tuning, A-tuning, Affix-tuning, LoRA(out_proj),
LoRA(in_proj), LoRA(dt_proj), LoRA,(X), and LoRA,(B), is the best.

In the second step, the hyperparameters for the eight methods are searched. In addition, a search
dimension is added, which selects a PEFT method that should be removed or decides not to remove
any at all. This is intended to eliminate less important PEFT methods and allocate more parameters
to the more significant ones. The specific search space is shown in step 2 of Table[I0]

This two-step approach reduces the search space to only 27=1! for the first step and (N;+1) [] pep; dp

for the subsequent steps, compared to a simultaneous search space with 2Van Hpe p,y dp- Nan is the
number of PEFT methods, and N;(< N,j) is the number of methods chosen in the previous search
step. The P, is the set of all the hyperparameters and P;(C P, ) is the subset used in the chosen
methods. Also, we represent the search space size along a parameter p as d,.

Since optimizing over all 19 tasks is computationally expensive, we optimize over the average accu-
racy of 5 tasks in the representative subset of VTAB-1k (Zhai et al.| 2019): Caltech101, EuroSAT,
Pets, Camelyon, and Resisc45. By processing five tasks in parallel on one A100 GPU, one trial can
be completed in around 20 minutes, with minimal dependency on the type and size of the applied
PEFT methods.

The detailed algorithm is provided in Algorithm [T} In our experiments, we use TPE as the search
algorithm, top-1 accuracy as the objective function, and the number of trials is set to N = 100.
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Algorithm 1 HybridPEFT Search Algorithm

1:

A A

9:
10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:
24
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:
42:

Input: Set of PEFT methods M, Hyperparameter space H, Training hyperparameter space 7,
Default hyperparameters (hgefault, tdefaurt)» Objective function f, Number of iterations N, Search
algorithm &
Output: Optimal combination of PEFT methods and hyperparameters C*, h*, t*
Step 1: Search for PEFT Method Combinations using S
Initialize set of active PEFT methods C + ()
Initialize set of observations Ocompi < @
for iteration i = 1 to N do
Sample PEFT method combination C; using S based on O¢omp;
Evaluate performance f (Cu hdefaulh tdefaull)
Add (Cu / (Cu Paefault, tdefault)) 0 Ocombi
if performance improves then
Update C + C;
end if
end for
Step 2: Search for Hyperparameters using S
Initialize set of active PEFT methods C* + C
Initialize best hyperparameters h* < 0, t* « ()
Initialize set of observations Oyyper < 0
for iteration j = 1 to N do
if j == 1 then
Use default hyperparameters (h;, ;) < (Rdefault, tdefault)
Initialize r < “not_remove”
else
Sample hyperparameters (h;, t;) using S based on Opyper
Sample a PEFT method to remove r from {C U “not_remove”} using S based on Ohyper
end if
if 7 is “not_remove” then
Evaluate performance f(C, h;,t;)
Add ((hj,t;), f(C, hj,t5)) 10 Ongper
else
Evaluate performance f(C \ r, h;,t;)
Add ((hj,t;), fF(C\ 7, hj,t;)) 0 Onyper
end if
if performance improves then
Update h* < hj, t* < t;
if r is “not_remove” then
Update C* + C
else
Update C* < C \ r
end if
end if
end for
Return C*, h*, t*
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Method Rank  Avg.

LoRA(in_proj + out_proj) 8 71.33
LoRA(in_proj + out_proj) 16 70.68
LoRA(in_proj + out_proj) 32 69.77

LoRA(ALL) 8 71.02
LoRA(ALL) 16 7042
LoRA(ALL) 32 68.74
LoRA,,(X) 64  71.52

Table 9: Average performance of VTAB-1K when combining multiple LoRA.

Table 10: The search space and the fixed hyperparameters in our Hybrid PEFT search of the first step
and the second step. In the first step, the combination of CLS-token-tuning, A-tuning, Affix-tuning,
LoRA (out_proj), LoRA(in_proj), LoORA(dt_proj), LoRA,,(X), and LoRA,(B) is the best.

Step 1 \ Step 2
boolean search fixed fixed methods to use hyperparameter
to use or not hyperparameters search
CLS-token-tuning wd=1e-3 CLS-token-tuning Ir [1e-4, Se-3]
Bias-tuning wd=1e-3 wd [le-5, le-2]
Pos-embed-tuning wd=le-3 7 " A-wning T Ir [le-4,5e-3]

D-tuning wd=1e-3 wd [le-5, 1e-2]

A-tuning wd=1e-3 " Affix-tuning -~~~ " " a[lL,3]
Convld-tuning wd=1e-3 Ir [1e-4, 5e-3]
Prompt-tuning n=1 wd [le-6, le-3]

Affix-tuning n=1 "~ LoRA(outproj) " r[416)
Additional-scan n=1 s [le-2, 1]
Parallel Adapter r=8, s=0.1 Ir [1e-4, 5e-3]
LoRA(embed) r=8, s=0.1 wd [le-6, 1e-3]
LoRA(x_proj) r=8, s=0.1 " LoRA(inproj) ~ " r[416)
LoRA(dt_proj) r=4, s=0.1 s [le-2, 1]
LoRA(out_proj) r=8, s=0.1 Ir [1e-4, 5e-3]
LoRA(in_proj) r=8, s=0.1 wd [le-6, 1e-3]
LoRA,(d) r=4, s=0.1 " LoRA(dtprop)  ~ " r[416)
LoRA,(B) r=4, s=0.1 s[le-2, 1]
LoRA,(C) r=4, s=0.1 Ir [1e-4, 5e-3]
LoRA,(X) r=8, s=0.1 wd [1e-6, le-3]
LoRA,(Z) r=8, s=0.1 LoRA,(X) r[4,16]

Ir [1e-4, 5e-3]
wd [le-6, 1e-3]

s[le-2, 1]

Ir [1e-4, 5e-3]

wd [1e-6, le-3]
I remove CLS-token-tuning
remove A-tuning
remove Affix tuning
remove LoRA (out_proj)
select ¢ remove LoRA (in_proj)
remove LoRA (dt_proj)
remove LoRA,(X)
remove LoRA(B)

not remove
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