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Abstract

Efficient transfer learning methods such as adapter-based meth-
ods have shown great success in unimodal models and vision-
language models. However, existing methods have two main
challenges in fine-tuning multimodal models. Firstly, they are
designed for vision-language tasks and fail to extend to situa-
tions where there are more than two modalities. Secondly, they
exhibit limited exploitation of interactions between modali-
ties and lack efficiency. To address these issues, in this pa-
per, we propose the loW-rank sequence multimodal adapter
(Wander). We first use the outer product to fuse the informa-
tion from different modalities in an element-wise way effec-
tively. For efficiency, we use CP decomposition to factorize
tensors into rank-one components and achieve substantial pa-
rameter reduction. Furthermore, we implement a token-level
low-rank decomposition to extract more fine-grained features
and sequence relationships between modalities. With these
designs, Wander enables token-level interactions between se-
quences of different modalities in a parameter-efficient way.
We conduct extensive experiments on datasets with different
numbers of modalities, where Wander outperforms state-of-
the-art efficient transfer learning methods consistently. The
results fully demonstrate the effectiveness, efficiency and uni-
versality of Wander.

1 Introduction
In recent years, multimodal models, such as BLIP-2 (Li et al.
2023a), LLaVA (Liu et al. 2024), have experienced rapid
development and have shown excellent performance in var-
ious downstream tasks. However, the increasing number of
parameters in these multimodal models, coupled with the di-
versification of downstream tasks, has resulted in a significant
consumption of computational resources and time for fine-
tuning these models. Consequently, efficient transfer learning
strategies (Hu et al. 2021; Houlsby et al. 2019; Vu et al. 2021;
Liu et al. 2023a; Dettmers et al. 2024) have become a focal
point of current research.

For multimodal models, there are two kinds of popular
efficient transfer learning strategies, including adapter-based
methods (Zhang et al. 2021; Sung, Cho, and Bansal 2022;
Gao et al. 2024; Lu et al. 2024) and prompt learning meth-
ods (Zang et al. 2022; Xing et al. 2023; Khattak et al. 2023;
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Guo, Jin, and Zhao 2024; Yan et al. 2024). Adapter-based
methods add extra modules and only train these added pa-
rameters while freezing the pre-trained model. For example,
Lu et al. (2024) propose a unified and knowledge-sharing
design to interact between the vision and language modal-
ities. Prompt learning methods insert trainable prompts to
the input or attention matrices. For instance, Khattak et al.
(2023) propose a coupling function to explicitly condition
vision prompts on their language counterparts, which acts as
a bridge between the two modalities.

Nevertheless, there are two main challenges currently
associated with efficient transfer learning for multimodal
models. Firstly, existing multimodal transfer learning tech-
niques (Sung, Cho, and Bansal 2022; Lu et al. 2024) are
primarily limited to fine-tuning visual-language models, fo-
cusing only on the interaction between these two modalities
and failing to extend to multimodal models with additional
modalities. Secondly, the existing transfer learning strategies
for multimodal models exhibit limited exploitation of inter-
actions between modalities and lack efficiency when applied
to models with multiple modalities. Specifically, existing
multimodal efficient transfer learning strategies focus on
how to fuse vector representations from different modalities
rather than sequences of vector representations from different
modalities, overlooking the interactions of time dimensions
of various modalities.

Based on the above observations, in this paper, we pro-
pose the loW-rank sequence multimodal adapter (Wander)
for efficient multimodal transfer learning. Wander enables
fine-grained token-level interactions between sequences of
different modalities in a parameter-efficient way. Specifically,
motivated by the outer product fusion and low-rank decom-
position, we fuse the information from different modalities
in an element-wise and token-level way. Furthermore, we
utilize CP decomposition to factorize tensors into low-rank
components and achieve a substantial reduction in the num-
ber of parameters. We conduct extensive experiments on
four datasets with different numbers of modalities. The per-
formances demonstrate the effectiveness and efficiency of
Wander. In summary, our contributions are as follows:
• We propose the low-rank sequence multimodal adapter

that can be applied to situations with any number of modal-
ities in a parameter-efficient way.

• Wander enables fine-grained token-level interactions be-
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tween sequences of different modalities.
• Wander outperforms other efficient transfer learning meth-

ods consistently with fewer parameters on all the datasets.

2 Related Work
Efficient Transfer Learning. Efficient transfer learning of-
fers a way to fine-tune the model with much fewer parame-
ters and lower computational resources than full finetuning
while achieving comparable performance. Efficient trans-
fer learning can be mainly divided into two groups: additive
fine-tuning methods and LoRA-based methods. Additive fine-
tuning methods, which can be further divided into adapter
methods (Houlsby et al. 2019; Sung, Cho, and Bansal 2022;
Lu et al. 2024) and prompt methods (Liu et al. 2023a; Li
and Liang 2021; Vu et al. 2021; Wang et al. 2024; Guo,
Jin, and Zhao 2024; Yan et al. 2024), add extra modules or
parameters to the model and only train these added parame-
ters while freezing the large pre-trained model. LoRA-based
methods (Hu et al. 2021; Dettmers et al. 2024; Li et al. 2024;
Chen et al. 2024), which are also referred to as reparame-
terization methods, construct low-rank weight matrices, add
them to existing weights and only train these low-rank ma-
trices. For multimodal learning (Guo et al. 2024), adapter-
based methods and prompt learning are popular. Khattak
et al. (2023) propose a coupling function to explicitly condi-
tion vision prompts on their language counterparts. Lu et al.
(2024) propose a knowledge-sharing adapter design which
enables efficient adaptation with cross-modal representations.
Wang et al. (2024) propose a prompt framework which uti-
lizes mode approximation to implement multimodal efficient
transfer learning. However, these methods are designed for
vision-language models and fail to extend to situations where
there are more than two modalities. Besides, these methods
focus on sequence coarse-grained features, exhibiting limited
exploitation of interactions between modalities. In contrast,
our method can be applied to tasks with any number of modal-
ities with token-level and fine-grained interactions between
modalities.
Multimodal Fusion. Multimodal fusion can be divided into
early fusion, late fusion and intermediate fusion. Early fusion
methods (Liu et al. 2023b; Liang et al. 2022) integrate multi-
modal features through concatenation or a simple function
such as averaging before inputting into the models. Late fu-
sion methods (Tsai et al. 2019) use data from different modal-
ities independently followed by fusion at a decision-making
stage. Intermediate fusion methods (Zadeh et al. 2017; Liu
et al. 2018; Pérez-Rúa et al. 2019; Joze et al. 2020) allow
data fusion at different stages of model training. For example,
Zadeh et al. (2017) use the outer product to model element-
wise features between modalities at different stages of the
model. Compared with intermediate fusion strategies, early
fusion and late fusion methods can not model inter-modality
information effectively and are not as flexible as intermediate
methods. However, intermediate methods have more param-
eters and existing intermediate methods focus on sequence-
level features. In contrast, our method can model token-level
features between sequences from different modalities in a
parameter-efficient way by using low-rank factors.

3 Methodology
In this section, we will introduce our loW-rank sequence mul-
timodal adapter (Wander) for efficient multimodal transfer
learning. We will first introduce preliminaries in Section 3.1.
Then, we will make a simple analysis of the outer product
fusion in Section 3.2 before introducing our Wander architec-
ture in Section 3.3.

3.1 Preliminaries
Adapter Tuning. Tuning with adapter (Houlsby et al. 2019)
modules involves adding a small number of new parameters
to a model. An adapter module consists of a feedforward
down-projection layer, a nonlinearity and an up-projection
layer. Besides, a skip connection is added. We can represent
the adapter module as:
Adapter(x) = x+ Up(Nonlinear(Down(x))) (1)

where Up(·),Nonlinear(·) and Down(·) represent the up-
projection layer, nonlinear function and down-projection
layer, respectively.
CP decomposition. The CANDECOMP/PARAFAC or
canonical polyadic (CP) decomposition factorizes a ten-
sor into a sum of outer products of vectors. Given an N -
dimensional tensor X ∈ Rd1×d2×···×dN , it can be repre-
sented as a combination of tensors:

X =

R∑
r=1

N⊗
n=1

arn (2)

where R is the rank and arn ∈ Rdn .
⊗N

n=1 is the tensor outer
product operation over a set of vectors indexed by n.

3.2 Outer Product Multimodal Fusion
Multimodal fusion allows interaction between different
modalities. Early fusion and late fusion are two common
strategies. However, these methods simply integrate the in-
puts or outputs from different modalities using weighted
averaging or several MLP layers, which can not model inter-
modality interactions effectively (Liu et al. 2018). Therefore,
more intermediate approaches (Zadeh et al. 2017; Liu et al.
2018; Pérez-Rúa et al. 2019; Joze et al. 2020) are proposed.
One notable category of methods computes the outer product
between unimodal representations (Zadeh et al. 2017) which
has shown great success. Given M modalities, we denote
them as m1,m2, · · · ,mM and the representation of each
modality as h1, h2, · · · , hM . The unimodal representation
hi ∈ Rdi where i = 1, 2, · · · ,M and di is the dimension.
Then outer product method integrates these representations
into a multimodal representation H as follows:

H =
M⊗

m=1

hm (3)

where
⊗M

m=1 is the tensor outer product operation over a set
of vectors indexed by m. After outer product operation, the
multimodal representation H ∈ Rd1×d2×···×dM is projected
into a vector representation H̃ using a linear layer:

H̃ = W ·H + b = W ·
M⊗

m=1

hm + b, H̃ ∈ Rdh (4)
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where W is the weight matrix and b is the bias of the linear
layer. dh represents the dimension of the projected multi-
modal vector. The weight matrix W ∈ Rd1×d2×···×dM×dh .

Compared with other fusion methods such as late fusion
methods, outer product operation enables element-wise inter-
actions between different modalities, thus achieving better
results. However, as Equation 3 and 4 shows, outer product
operation needs to explicitly calculate the high-dimensional
tensor H and needs a high-dimensional matrix W to project
the multimodal representation H into the vector H̃ , where
the number of parameters will increase exponentially with
the number of modalities which needs lots of computational
resources.

3.3 Low-rank Sequence Multimodal Adapter
Motivation As aforementioned, existing efficient transfer
learning methods for multimodal tasks have two main limita-
tions. On the one hand, these methods (Lu et al. 2024; Gao
et al. 2024; Zhang et al. 2021; Sung, Cho, and Bansal 2022)
are designed for vision-language models and can not be ex-
tended to situations where there are more than two modalities.
On the other, they focus on integrating vectors from differ-
ent modalities rather than sequences of vectors which are
fine-grained features (Figure 1). Motivated by outer product
fusion introduced in Section 3.2 and the low-rank multimodal
fusion method (Liu et al. 2018), we focus on addressing the
two limitations and propose the Wander.

As discussed in Section 3.2, outer product fusion can
model inter-modality interactions effectively because it en-
ables element-wise calculation between modality vectors.
However, it can not be applied to efficient transfer learning
for multimodal tasks due to the need for heavy computational
resources. Besides, it only models one vector representation
h ∈ Rd where d is the dimension of the representation, not
sequences of vector representations from different modali-
ties. Therefore, we need to make outer product fusion more
efficient and enable it to deal with sequences of representa-
tions. To explain the low-rank sequence multimodal adapter
more clearly, we first introduce low-rank single vector fusion
before the sequence vector fusion.

Vector fusion We first start by introducing the low-rank fu-
sion of single vector representations from different modalities.
According to Equation 4, we denote the linear projection ma-
trix as Wh ∈ Rd1×d2×···×dM×dh which is an (M+1)-order
tensor. We partition Wh into Wk

h ∈ Rd1×d2×···×dM , k =
1, 2, · · · , dh. Then according to CP decomposition which
factorizes a tensor into a sum of component rank-one tensors,
we can transform Wk

h into a low-rank form:

Wk
h =

R∑
r=1

M⊗
m=1

wr
h,m,k, w

r
h,m,k ∈ Rdm (5)

where R is a positive integer denoting the rank of the ten-
sor. In other words, we can reconstruct Wk with these
rank-one tensors {{wr

h,m,k}Mm=1}Rr=1. We regroup these
tensors into M modality rank-one tensors. For a spe-
cific modality m, we can denote its decomposition fac-
tors as wm = [w1

h,m,w2
h,m, · · · ,wR

h,m] where wr
h,m =

(a) Vector Fusion (b) Sequence Fusion

Figure 1: The difference between vector fusion and sequence
fusion in their original outer product form. Sequence fusion
enables token-level interactions between modalities. We take
three modalities as an example.

[wr
h,m,1, w

r
h,m,2, · · · , wr

h,m,dh
] and wr

h,m ∈ Rdh×dm . There-
fore, we can write the linear matrix W as follows:

Wh =
R∑

r=1

M⊗
m=1

wr
h,m (6)

Then, based on the properties of outer products, summation,
and element-wise multiplication, Equation 4 can be rewritten
as:

H̃ =
R∑

r=1

(
M⊗

m=1

wr
h,m ·

M⊗
m=1

hm

)
+ bh

=
M

Λ
m=1

[
R∑

r=1

wr
h,m · hm

]
+ bh

(7)

where ΛM
m=1 denotes the element-wise multiplication over

a sequence of vectors indexed by m. Compared with Equa-
tion 4, Equation 7 does not compute the outer product explic-
itly which reduces the computational complexity. Besides,
the parameter matrix Wh ∈ Rd1×d2×···×dM×dh is now trans-
formed into R 2-order matrix wr

h,m ∈ Rdh×dm , indicating a
substantial reduction in the number of parameters.

Sequence fusion Vector fusion overlooks the fact that
the Transformer outputs sequences of vectors which pre-
vents it from modeling token-level and fine-grained fea-
tures. Therefore, we propose sequence fusion to model these
features in Transformers. The difference between vector
fusion and sequence fusion is shown in Figure 1. Given
multimodal representations h1,h2, · · · ,hM where M de-
notes the number of modalities and each representation
hm ∈ Rℓm×dm ,m = 1, 2, · · · ,M consists of a sequence
of vectors outputted by the Transformer layer. dm is the
dimension of the vector and ℓm is the sequence length. Con-
cretely, hm = [h1

m, h2
m, · · · , hℓm

m ] where hi
m ∈ Rdm , i =

1, 2, · · · , ℓm. Given a vector representation hi
m, we want it to

interact with all the representations from all the other modali-
ties. Specifically, we use the following equation to represent
the process:

Hi1,i2,··· ,iM = VF(hi1
1 , hi2

2 , · · · , hiM
M ), Hi1,i2,··· ,iM ∈ Rdh

(8)
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Figure 2: The illustration of low-rank sequence fusion. We
use three modalities as an example. ◦ denotes element-wise
multiplication.

where VF denotes the vector fusion process in Section 3.3,
dh is the dimension and him

m denotes the im-th representation
in hm,m = 1, 2, · · · ,M, im = 1, 2, · · · , ℓm. Hi1,i2,··· ,iM
denotes the integrated representation of the corresponding
representations from different modalities. From Equation 8,
we can observe that we will do vector fusion

∏M
m=1 ℓm times

to get the final representation Ht ∈ Rℓ1×ℓ2×···×ℓM×dh . We
can represent Ht as follows:

Ht = H ·Wh =

M⊗
m=1

hm ·Wh (9)

where Wh ∈ Rd1×d2×···×dM×dh . In the following context,
we will omit the bias term for simplicity. Then following
Equation 4, we use a linear layer to project Ht into a sequence
representation H̃t:

H̃t = Wt ·Ht = Wt ·H ·Wh, H̃t ∈ Rdt×dh (10)

where the matrix Wt ∈ Rdt×ℓ1×ℓ2×···×ℓM and dt is the
integrated sequence length. However, this poses the same
problem as Equation 4, where the number of parameters
of Wt is large and we need to explicitly calculate the high
dimensional tensor H . To reduce the number of parameters,
we also use CP decomposition to transform the matrix Wt

into a series of rank-one tensors. Firstly, we partition Wt

into Wk
t ∈ Rℓ1×ℓ2×···×ℓM , k = 1, 2, · · · , dt. According to

CP decomposition, we have:

Wk
t =

R∑
r=1

M⊗
m=1

wr
t,m,k, w

r
t,m,k ∈ Rℓm (11)

Similarly, we regroup these tensors Wk
t into M modality

rank-one tensors. We denote modality m decomposition fac-
tors as wt,m = [w1

t,m,w2
t,m, · · · ,wR

t,m] where wr
t,m =

Pre-trained Model

Wander Layer

Prediction Head

Down

Sequence
Fusion

Nonlinearity

Figure 3: The overall architecture of Wander and its integra-
tion with the pre-trained model. Left: We add Wander to the
pre-trained model for fine-tuning. Right: Wander consists of
a linear down-projection layer (Down), a nonlinear function,
sequence fusion and a skip connection.

[wr
t,m,1, w

r
t,m,2, · · · , wr

t,m,dt
] and wr

t,m ∈ Rdt×ℓm . Then,
Wt can be rewritten as:

Wt =

R∑
r=1

M⊗
m=1

wr
t,m (12)

Then, using Equation 6 and 12, we can rewrite Equation 10
as follows:

H̃t =

Rt∑
rt=1

M⊗
m=1

wrt
t,m

[
Rh∑

rh=1

(
M⊗

m=1

wrh
h,m ·

M⊗
m=1

h⊤
m

)]⊤

=

Rt∑
rt=1

Rh∑
rh=1

(
M⊗

m=1

wrt
t,m ·

M⊗
m=1

hm ·
M⊗

m=1

(wrh
h,m)⊤

)

=
M

Λ
m=1

[
Rt∑

rt=1

Rh∑
rh=1

wrt
t,m · hm · (wrh

h,m)⊤

]
(13)

where wrh
h,m ∈ Rdh×dm ,hm ∈ Rℓm×dm and wrt

t,m ∈
Rdt×ℓm , w⊤ represents the transpose of w, and Rt, Rh de-
notes the rank in Equation 6 and 12, respectively. From Equa-
tion 13, we can observe that it is no longer necessary to calcu-
late

⊗M
m=1 hm explicitly and the original high-dimensional

matrices Wh and Wt are transformed into several low-rank
2D matrices. Figure 2 presents the illustration of low-rank
sequence fusion.

Wander Architecture Through Equation 13, we can inte-
grate features from different modalities in a sequence token-
level and parameter-efficient way, which can be extended to
any number of modalities scenarios. Figure 3 presents the
overall architecture of Wander. Sequence Fusion is the main
component of Wander, which enables sequence token-level
interactions between modalities in a parameter-efficient way.
Specifically, we denote the output of the pre-trained Trans-
former as h1,h2, · · · ,hM where M denotes the number
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of modalities and hm ∈ Rℓm×dm ,m = 1, 2, · · · ,M . For
simplicity, we denote h = [h1,h2, · · · ,hM ]. Then, we can
represent the process of Wander as:

Wander(h) = h+ SF(Nonlinear(Down(h))) (14)

where Down(·) is the linear layer, SF(·) is the sequence fu-
sion and Nonlinear(·) is the nonlinear function such as
ReLU. Different from the original adapter module (Houlsby
et al. 2019), Wander does not have an up-projection layer
because the sequence fusion has a projection layer internally.
Therefore, we discard the original explicit up-projection layer,
which makes Wander more parameter-efficient. Besides, the
down-projection layer and sequence fusion are both linear
transformations and thus we add a nonlinear function. In this
paper, we use the same nonlinear function as the pre-trained
model. In the fine-tuning stage, we freeze the pre-trained
model and only train the Wander module and the prediction
head which is usually a linear layer.

4 Experiments
4.1 Experimental Settings
Datasets and Evaluation Metrics. We evaluate Wander on
four different downstream tasks with different numbers of
modalities, including UPMC-Food 101 (Wang et al. 2015) (2
modalities), CMU-MOSI (Zadeh et al. 2016) (3 modalities),
IEMOCAP (Busso et al. 2008) (3 modalities), MSRVTT (Xu
et al. 2016) (7 modalities). Particularly, to evaluate Wander
in situations with more modalities, we use extracted features
which consist of seven modalities (Gabeur et al. 2020) for
MSRVTT.
UPMC-Food 101 is a food classification dataset, which con-
tains about 100,000 recipes for a total of 101 food categories.
Each item in the dataset is represented by one image plus
textual information.
CMU-MOSI is a popular dataset for multimodal (audio, text
and video) sentiment analysis. These videos are carefully
selected from YouTube and divided into 2,199 segments.
Each segment is manually annotated with a sentiment score
ranging from strongly negative to strongly positive (-3 to +3).
IEMOCAP is a multimodal (audio, text and video) emotion
recognition dataset, which contains recorded videos from ten
actors in five dyadic conversation sessions. Actors engaged
in five different scenarios, performing selected emotional
scripts and eliciting specific types of emotions (happiness,
anger, sadness, frustration and neutral state).
MSRVTT is characterized by unique properties including
large-scale clip-sentence pairs, comprehensive video cate-
gories, diverse video content and descriptions, as well as
multimodal audio and video streams. MSRVTT consists of
10,000 video clips from 20 categories, and each video clip
is annotated with 20 English sentences. To validate Wander
in situations with more modalities, we use extracted features
which have seven modalities. Specifically, following previous
work (Gabeur et al. 2020), we extract motion, audio, scene,
ocr, face, speech and appearance features.

For UPMC-Food 101 and IEMOCAP, we use binary accu-
racy (ACC) and F1 score (F1) to evaluate the performance.
For CMU-MOSI, we use binary accuracy (ACC-2), F1 score

Method #Tunable ACC F1

Full fine-tuning 220M 91.8 91.9
LoRA (r=64) (Hu et al. 2021) 26.4M 88.7 88.7
Adapter (d=64) (Houlsby et al. 2019) 24.9M 88.4 84.3
Adapter (d=128) (Houlsby et al. 2019) 50.1M 89.2 89.3
P-tuning(Liu et al. 2023a) 6.2M 83.1 83.0
MaPLe (Khattak et al. 2023) 6.5M 84.6 84.7
PMF (Li et al. 2023b) 5.2M 89.1 89.1
UniAdapter (d=128) (Lu et al. 2024) 35.9M 90.8 90.8
Aurora (d=128) (Wang et al. 2024) 2.6M 90.2 90.1

Wander (d=64) 3.1M 91.1 91.1
Wander (d=128) 4.9M 91.8 91.8

Table 1: Comparison of performance on the UPMC-Food 101
dataset. #Tunable denotes the number of trainable parameters,
including the added adapter and the task prediction head. “d=”
denotes the down projection dimension of the adapter.

Method #Tunable ACC F1

Full fine-tuning 80M 74.8 74.3

LoRA (r=16) (Hu et al. 2021) 4.0M 71.5 71.1
Adapter (d=16) (Houlsby et al. 2019) 4.0M 70.8 71.7
Adapter (d=64) (Houlsby et al. 2019) 15.8M 72.0 71.7
P-tuning(Liu et al. 2023a) 5.0M 72.5 72.4
MaPLe (Khattak et al. 2023) 5.2M 73.2 73.1
PMF (Li et al. 2023b) 4.8M 72.9 72.6

Wander (d=16) 0.3M 74.2 73.8
Wander (d=64) 1.0M 74.7 74.4

Table 2: Comparison of performance on IEMOCAP.

(F1), 7-class accuracy (ACC-7), mean absolute error (MAE,
lower is better) and Pearson correlation (Corr, higher is bet-
ter) to evaluate the performance. For MSRVTT, we use recall
at rank N (R@N, higher is better), median rank (MdR, lower
is better) and mean rank (MnR, lower is better) to evaluate
the performance.

Implementation Details. For UPMC-Food 101, we use the
pre-trained bert-base model (Devlin et al. 2018) and pre-
trained ViT (Dosovitskiy et al. 2020) as the backbone. For
CMU-MOSI and IEMOCAP, we use stacked Transformer
layers as the backbone. For MSRVTT, we use the video
retrieval model MMT (Gabeur et al. 2020) as the backbone.
For CMU-MOSI, IEMOCAP and MMT, we pre-train the
model on the HowTo100M dataset (Miech et al. 2019). In the
training process, we add Wander and the task prediction head
to the backbone, keep the pre-trained backbone frozen and
only train the Wander and the task prediction head. For all
the datasets, we set Rh and Rt to 8 by default. For UPMC-
Food 101, we set the batch size to 128 and use the AdamW
optimizer with a StepLR scheduler where the initial learning
rate is 2e-3, step is 30 and the decay rate γ = 0.1. For CMU-
MOSI and IEMOCAP, we set the batch size to 24 and use the
Adam optimizer with a StepLR scheduler where the initial
learning rate is 1e-3, step is 10 and the decay rate γ = 0.1.
For MSRVTT, we set the batch size to 64 and use the Adam
optimizer with a StepLR scheduler where the initial learning
rate is 3e-3, step is 1 and the decay rate γ = 0.96.
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Method #Tunable ACC-2 F1 ACC-7 MAE Corr

Full fine-tuning 80M 82.6 82.5 33.2 0.93 0.70

LoRA (r=16) (Hu et al. 2021) 4.0M 81.2 81.0 29.3 0.96 0.67
Adapter (d=16) (Houlsby et al. 2019) 3.9M 81.1 80.9 29.4 0.97 0.66
Adapter (d=64) (Houlsby et al. 2019) 15.7M 81.6 81.6 30.1 0.95 0.68
P-tuning (Liu et al. 2023a) 5.0M 81.3 81.2 28.4 0.98 0.66
MaPLe (Khattak et al. 2023) 5.2M 82.1 82.0 31.2 0.95 0.68
PMF (Li et al. 2023b) 4.8M 81.9 81.8 30.9 0.95 0.67

Wander (d=16) 0.3M 82.5 82.4 32.8 0.93 0.68
Wander (d=64) 0.9M 83.2 82.9 33.6 0.92 0.71

Table 3: Comparison of performance on the CMU-MOSI dataset.

Method #Tunable Text→Video Video→Text

R@5 R@10 MdR MnR R@5 R@10 MdR MnR

Full fine-tuning 134M 57.2 69.3 4.0 22.4 57.8 68.5 4.0 20.1
LoRA (r=16) (Hu et al. 2021) 5.8M 53.8 66.9 5.0 27.3 54.1 66.2 5.0 24.4
Adapter (d=8) (Houlsby et al. 2019) 4.6M 51.2 64.2 5.0 29.6 51.6 63.9 5.0 26.0
Adapter (d=16) (Houlsby et al. 2019) 9.2M 53.1 66.4 5.0 27.4 53.8 65.8 5.0 24.8
P-tuning (Liu et al. 2023a) 1.0M 54.1 67.3 4.0 26.9 54.8 66.9 4.0 23.9
MaPLe (Khattak et al. 2023) 1.1M 55.3 68.2 4.0 25.8 56.1 67.8 4.0 23.6
PMF (Li et al. 2023b) 1.0M 54.6 67.8 4.0 26.4 55.3 67.2 4.0 23.7

Wander (d=8) 0.4M 56.4 69.4 4.0 22.8 57.3 68.9 4.0 21.4
Wander (d=16) 0.8M 57.2 69.4 4.0 22.4 58.0 68.9 4.0 20.1

Table 4: Comparison of performance on the MSRVTT dataset.

Method #Tunable ACC-2 F1 ACC-7 MAE Corr

SF-OP 3.5M 81.6 81.2 29.9 0.96 0.67
SF-VF 1.2M 81.5 81.3 29.6 0.96 0.67

Wander (d=16) 0.1M 81.8 81.4 30.6 0.95 0.67
−nonlinearity 0.2M 81.6 81.3 29.8 0.96 0.67
−residual 0.1M 81.5 81.2 29.6 0.96 0.67

Wander (d=32) 0.1M 82.2 82.1 31.0 0.94 0.68
−nonlinearity 0.2M 82.1 82.1 31.1 0.94 0.68
−residual 0.2M 81.9 81.7 30.9 0.94 0.68

Table 5: Comparison of Wander and its two original forms
on CMU-MOSI. −c denotes we discard c in Wander.

4.2 Comparison with State-of-the-arts

For UPMC-Food 101 which has only two modalities, we com-
pare Wander with state-of-the-art efficient transfer learning
methods, including unimodal methods LoRA (Hu et al. 2021),
Adapter (Houlsby et al. 2019), P-tuning (Liu et al. 2023a)
and vision-language transfer learning methods MaPLe (Khat-
tak et al. 2023), UniAdapter (Lu et al. 2024), PMF (Li et al.
2023b) and Aurora (Wang et al. 2024). Particularly, Uni-
Adapter is based on BLIP (Li et al. 2022). Therefore, we
modify it slightly for our backbones. For datasets with more
modalities, we compare Wander with LoRA (Hu et al. 2021),
Adapter (Houlsby et al. 2019), P-tuning (Liu et al. 2023a),
MaPLe (Khattak et al. 2023) and PMF (Li et al. 2023b). We
modify the prompts design of MaPLe and PMF to fit more
modality situations. For MaPLe, we use a cascade structure
to condition the prompts between modalities.

Table 1, 2, 3 and 4 presents the results on the four datasets
with different numbers of modalities. We can observe that

Wander consistently outperforms other efficient transfer learn-
ing methods and can achieve competitive results as full
fine-tuning models. Besides, Wander has fewer parameters
than other methods. Particularly, on the CMU-MOSI and
MSRVTT datasets which have three and seven modalities,
Wander outperforms the full fine-tuning models, indicating
its superiority on situations where there are more than two
modalities. When trained with more tunable parameters (i.e.
the larger down projection dimension), Wander can further
boost the performance. The results in the tables demonstrate
that Wander can enable sufficient interactions between modal-
ities in a token-level and parameter-efficient way.

4.3 Effectiveness of Wander
To evaluate the efficiency and effectiveness of Wander, we
compare Wander with its original forms. Specifically, we
denote the outer product form of sequence fusion in Equa-
tion 10 as SF-OP and the vector fusion form of sequence
fusion in Equation 8 as SF-VF. The results on the CMU-
MOSI dataset of Wander and its two original forms are
presented in Table 5. We reduce the dimension of the fea-
tures because the weight matrices Wh ∈ Rd1×d2×···×dM×dh

and Wt ∈ Rdt×ℓ1×ℓ2×···×ℓM in SF-OP are very high-
dimensional matrices. From the table, we can observe that SF
(row 4) can rival its original forms SF-OP and SF-VF. This
indicates the effectiveness of the low-rank decomposition of
the high-dimensional matrices Wh and Wt without perfor-
mance degradation. Moreover, Wander (d=16) and Wander
(d=32) both outperform SF-OP and SF-VF, indicating the
effectiveness of the design of Wander. SF-OP and SF-VF are
both linear operations whereas in Wander we add nonlinearity
and residual block to further enhance the performance.
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Method GPU time (s) Memory (MB) FLOPs

SF-OP 9.16 3300 0.003
SF-VF 7.87 622 0.002
SF 0.015 348 0.002

Table 6: Computational analysis of low-rank sequence fusion
and its two original forms on CMU-MOSI.

Method ACC-2 F1 ACC-7 MAE Corr

Wander (VF) 80.9 80.4 29.3 0.98 0.67
Wander (SF) 83.2 82.9 33.6 0.92 0.71

Table 7: Benefits of sequence fusion on CMU-MOSI. VF
denotes the vector fusion and SF denotes the sequence fusion.
The down-projection dimensions are both 64.

72
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Figure 4: The impact of d on the performance on IEMOCAP.

4.4 Cost Analysis
For the efficiency of Wander, from Table 5, because we re-
duce the dimension of the features to enable the training
of SF-OP and SF-VF, we fail to observe a substantial re-
duction in the number of parameters. However, mathemat-
ically, according to Equation 10, it is easy to observe that
the complexity of the number of parameters of SF-OP is
O(dh ×

∏m
i=1 dm + dt ×

∏m
i=1 ℓm). Similarly, the complex-

ity of SF-VF is O(Rh × dh ×
∑m

i=1 dm + dt ×
∏m

i=1 ℓm)
and the complexity of Wander is reduced to O(Rh × dh ×∑m

i=1 dm +Rt × dt ×
∑m

i=1 ℓm). For example, if there are
three modalities and the shape of each modality is (10, 768)
(i.e. the length is 10 and the dimension is 768), then the num-
ber of parameters of SF-OP is around 348B while that of
Wander is only around 14M. This fully demonstrates the effi-
ciency of Wander. Additionally, we present the comparison
of GPU time, memory and FLOPs in Table 6. We use a batch
size of 24 for all methods and still reduce the dimension of
features. Despite the reduction in dimension, we can still
observe a substantial reduction in GPU time and memory,
indicating the effectiveness of our low-rank decomposition.

4.5 Ablation Study
Vector Fusion and Sequence Fusion. To validate the core
component of Wander, we compare the vector fusion and our
proposed sequence fusion in Table 7 on the CMU-MOSI
dataset. Specifically, we choose the first token (CLS to-
ken) (Dosovitskiy et al. 2020) of the Transformer as the
fusion vector in vector fusion. From the table, we can observe
that our proposed sequence fusion significantly outperforms
the vector fusion, indicating the effectiveness and superiority
of our sequence fusion method.
Rank Rh and Rt. To explore the impact of the CP decom-
position rank on the performance of the model, we select
different ranks and present the results in Figure 5. From the
figure, we can observe that with the increase of the rank, the

Pre-training Method CMU-MOSI IEMOCAP

ACC F1 ACC F1

HowTo100M
Full fine-tuning 82.6 82.5 74.8 74.3
Wander(d=16) 82.5 82.4 74.2 73.8
Wander(d=64) 83.2 82.9 74.7 74.4

CMU-MOSEI
Full fine-tuning 83.3 83.2 75.3 74.9
Wander(d=16) 83.2 83.1 75.1 74.8
Wander(d=64) 83.6 83.4 75.6 75.3

Table 8: The impact of the pre-training datasets on the perfor-
mance of the model on CMU-MOSI and IEMOCAP datasets.
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Figure 5: The impact of the rank of CP decomposition on
the performance. We report binary accuracy for UPMC-Food
101, CMU-MOSI and IEMOCAP and R@10 for MSRVTT.

performance of the model slightly improves. Besides, com-
pared to Rh, the increase of Rt brings more improvement.
However, the value of the rank will not affect the performance
significantly, indicating the robustness of Wander.
Rank d. In Figure 4, we explore the impact of d on the
performance of the model. As d increases, the performance
improvement decreases slowly. Empirically, we can set d to
around 1/8 of the original dimension. This will achieve a
balance between performance and number of parameters.
Pre-training Datasets. To explore the impact of pre-training
datasets on the performance of the model, we use two dif-
ferent datasets for pre-training and present the results on
CMU-MOSI and IEMOCAP in Table 8. Specifically, CMU-
MOSEI is a large multimodal sentiment analysis dataset.
Therefore, we choose it as one of the pre-training datasets.
From the table, we can observe that Wander can achieve
good performance in both pre-training settings, indicating
the universality of Wander.

5 Conclusion
In this paper, we address the two limitations of existing mul-
timodal transfer learning methods: 1) existing methods fo-
cus on vision language transfer learning, failing to extend
to situations with more modalities. 2) existing methods ex-
hibit limited exploitation of interactions between modalities.
Therefore, we propose the low-rank sequence multimodal
adapter (Wander). Wander enables fine-grained token-level
interactions between sequences of different modalities in a
parameter-efficient way. We conduct extensive experiments
on four datasets with different numbers of modalities. Wan-
der outperforms state-of-the-art transfer learning methods
consistently with fewer parameters, indicating its superiority.
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