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Abstract
Multimodal learning benefits from multiple modal information, and
each learned modal representations can be divided into uni-modal
that can be learned from uni-modal training and paired-modal fea-
tures that can be learned from cross-modal interaction. Building
on this perspective, we propose a partitioner-guided modal learn-
ing framework, PgM , which consists of the modal partitioner,
uni-modal learner, paired-modal learner, and uni-paired modal de-
coder. Modal partitioner segments the learned modal representation
into uni-modal and paired-modal features. Modal learner incorpo-
rates two dedicated components for uni-modal and paired-modal
learning. Uni-paired modal decoder reconstructs modal representa-
tion based on uni-modal and paired-modal features. PgM offers
three key benefits: 1) thorough learning of uni-modal and paired-
modal features, 2) flexible distribution adjustment for uni-modal
and paired-modal representations to suit diverse downstream tasks,
and 3) different learning rates across modalities and partitions. Ex-
tensive experiments demonstrate the effectiveness of PgM across
four multimodal tasks and further highlight its transferability
to existing models. Additionally, we visualize the distribution of
uni-modal and paired-modal features across modalities and tasks,
offering insights into their respective contributions.

CCS Concepts
• Computing methodologies→ Artificial intelligence; Artificial
intelligence.

Keywords
Modal learning, Modal laziness, Multimodal learning framework,
Uni-modal, Paired-modal
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1 Introduction
Multimodal data is widely used to enhance machine learning sys-
tems, which integrates these diverse modalities to improve decision-
making accuracy [9–11, 37, 38]. With the inclusion of additional
information, multimodal networks are expected to match or surpass
their uni-modal counterparts, as they leverage richer information
from multiple input modalities [12, 32].

However, multimodal networks are often observed to underper-
form uni-modal networks. This observation is consistent across var-
ious modality combinations, tasks, and benchmarks [12, 13, 18, 30].
Liang et al. [20] analyzes multimodal model behavior by studying
the uni-modal importance, cross-modal interactions and so on, and
proposes that the gradients of different modalities should be further
adjusted during training. Du et al. [4] also notice the phenomenon
of modality laziness, which causes insufficient modal learning of
uni-modal feature. Wang et al. [30] identifies multimodal network
are ofen prone to overfiting due to their increased capacity and
different modalities overfit and generalize at different rates.

Previous multimodal learning studies summarize three major
unresolved challenges. First, different types of features in mul-
timodal data are learned at varying rates. Furthermore, The uni-
modal and paired-modal representations required for each modality
vary across different tasks [4, 30]. Second, achieving an effective
multimodal fusion representation requires both robust learning of
uni-modal and paired-modal features and dynamic adjustment of
their distributions throughout the representation learning process
[12]. Third, modality laziness causes insufficient modal learning
since multimodal networks are often prone to overfitting and gen-
eralizing at different rates [4].

Building on [14] and considering how learned representations
are formed from multimodal data in supervised learning, we intro-
duce a modal partitioner (Figure 1), where uni-modal and paired-
modal partitions can overlap and are not mutually exclusive. From
this perspective, we propose a Partitioner-Guided Modal learning
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Figure 1: Illustration of modal partitioner. Modal partitioner
adjusts the distribution of uni-modal and paired-modal rep-
resentations across multiple iterations.

framework, PgM , which comprises a modal partitioner for seg-
mentation, two modal learner for modal partition learning, and a
modal decoder for modality reconstruction. The proposed modal
partitioner is inspired by the gate mechanism in [26], widely applied
in various tasks [2, 33]. Using a cumulative softmax-based binary
gate, it splits the cell state into two segments (0 and 1), allowing
different update rules to distinguish uni-modal from paired-modal
information. However, since the segmentation is not based on se-
mantic roles, the gating mechanism does not align with them. The
modal partitioner first segments the learned modal representa-
tion into uni-modal and paired-modal partitions. Next, the modal
learner includes two dedicated components for learning uni-modal
and paired-modal representations, while the modal decoder recon-
structs modality information between these features to effectively
capture their characteristics. Finally, PgM is integrated with down-
stream tasks in an end-to-end architecture, enabling joint training.
PgM offers three key advantages: 1) it enables efficient learning
of both uni-modal and paired-modal features, 2) it allows for flexi-
ble adaptation of feature distributions across different downstream
tasks while dynamically adjusting uni-modal and paired-modal
contributions, and 3) it tailors learning rates across modalities and
partitions to counteract modality laziness. To sum up, our contri-
butions are three-folds:

1. We propose PgM , a partitioner-guided modal learning
framework, consists of the modal partitioner, two modal
learners (e.g., uni-modal and paired-modal learners), and
a uni-paired modal decoder for effective modal partition
representation learning.

2. PgM can be integrated into existing models for multimodal
downstream tasks, demonstrating its transferability and fea-
sibility.

3. Experimental results demonstrate the effectiveness of PgM
across four multimodal tasks and its transferability to ex-
isting models, providing deeper insights into multimodal
learning.

2 Related Work
2.1 Multimodal Networks
Multimodal networks process multimodal signals as input and
integrate the information to support decision-making in down-
stream tasks. These networks either use one modality as input to
predict another (e.g., Visual-Q&A [6]) or leverage cross-modality

correspondences for self-supervised learning (e.g., image-audio cor-
respondence [1]). Existing multimodal networks can be broadly
classified into three categories: Transformer-based architectures,
disentangle-based methods and generation-based structures. First
is Transformer-based architectures. For instance, Tsai et al. [28]
introduces the Multimodal Transformer (MulT), which addresses
multimodal fusion in an end-to-end manner. Second is disentangle-
based methods. These approaches separate modal representations
into modality-invariant and modality-specific feature spaces. For
example, Zhang et al. [36] introduces an adversarial multimodal re-
finement module to explore shared characteristics across modalities
while enhancing each modality’s uniqueness. Third is generation-
based structures that utilize translation modules to generate modal
representations from another modality. More recently, models like
BLIP [16] and BLIP-2 [15] have been proposed for vision-language
tasks, excelling in both understanding and generation.

2.2 Multimodal Learning
Multimodal learning involves integrating information from differ-
ent modalities, which can be categorized into three types: early fu-
sion, late fusion, and hybrid fusion. Early fusion aggregates the raw
features from different modalities into a joint representation before
modal encoder [22]. Late fusion combines the decisions from dif-
ferent classifiers into one final decision Grover et al. [7]. Compared
with early fusion and late fusion, hybrid fusion is a multimodal
learning approach that combines elements of both early fusion and
late fusion, aiming to leverage the strengths of both methods while
mitigating their weaknesses [10, 11, 37]. Recently, Wang et al. [30]
observes that the best-performing uni-modal network often outper-
forms its multimodal counterpart. This phenomenon is consistent
across various modality combinations, tasks, and benchmarks in
video classification. Similarly, Du et al. [4] highlights the issue of
modality laziness, where modal representation fails to learn effec-
tively. Huang et al. [13] further demonstrates that in multimodal
late-fusion networks with (smoothed) ReLU activation trained via
gradient descent, different modalities compete, leading the encoder
networks to focus on only a subset of modalities.

The prior work underscore that different modalities exhibit vary-
ing learning dynamics during training, influencing final model
performance. Some studies [20] analyze multimodal model behav-
ior by examining uni-modal importance, cross-modal interactions,
and other factors, arguing that modality-specific gradient adjust-
ments are necessary. Additionally, uni-modal features in multi-
modal fusion representations may be insufficient due to significant
redundancy—often repetitive or uninformative—in the final fused
representation [12].

3 Methodology
3.1 Architecture of PgM
In this section, we will introduce the architecture of PgM, and
its architecture is illustrated in Figure 2(b). We first provide the
components of PgM and then show the specific architecture.

Modal Encoder:We adopt T5 [24] as text encoder, AST [5] as au-
dio encoder and ViT [3] as image encoder. Each modal encoder take
raw modal information as input and outputs modal representation
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Figure 2: Overview of PgM: (a) The partitioner performs segmentation by processing modal representations and outputting
uni-modal 𝑢𝑚 and paired-modal 𝑝𝑚 features. (b)The PgM architecture consists of a modal partitioner, a uni-modal learner, a
paired-modal learner, and a uni-paired modal decoder. These components are jointly trained using three pre-training objectives:
uni-modal feature classification, paired-modal feature classification, and uni-paired modal reconstruction.

as shape (B,S,D), where B denotes batch size, S denotes sequence
length, and D denotes the dimension of modal representation.

Modal Partitioner: The modal partitioner takes each individual
modal representation as input and outputs uni-modal and paired-
modal gates with a shape of (B,S,D). Furthermore, we represent
uni-modal and paired-modal gates as a vector, where each element
belongs to {0, 1}. These gates are then used to derive padding masks
for the uni-modal and paired-modal learners, respectively.

Uni-Modal Learner: The uni-modal learner learns uni-modal
features by masking paired-modal features, which are indicated by
−∞ in the padding mask. The padding mask has a shape of (B,S,D)
corresponding to the uni-modal learner.

Paired-Modal Learner: The paired-modal learner learns paired-
modal features by masking uni-modal features, which are indi-
cated by −∞ in the padding mask of the paired-modal learner. The
padding mask has a shape of (B,S,D) corresponding to the paired-
modal representation.

Uni-Paired Decoder: The uni-paired modal decoder takes the
concatenation of the uni-modal and paired-modal representations
as input, then passes it through the subsequent FFN layer to recon-
struct the original modal representation.

Padding Mask We derive padding masks for uni-modal and
paired-modal learners from ĝ(𝑖 )𝑢 and ĝ(𝑖 )𝑝 , respectively. For instance,

given ĝ(𝑖 )𝑢 ∈ R1×𝐷 with ĝ(𝑖 )𝑢 = [1, 1, 1, 1, 0, 0], the first four posi-
tions indicate the features the uni-modal learner should focus on.
Accordingly, its padding mask M𝑢 ∈ R𝑆×𝐷 is generated through a
broadcasting operation on ĝ(𝑖 )𝑢 , where 𝑆 and 𝐷 denote the sequence
length and representation dimension, respectively. Similarly, we
also can obtain padding maskM𝑝 ∈ R𝑆×𝐷 for paired-modal learner.

3.2 Modal Partitioner
Given a sample containing multiple modalities {𝑚1,𝑚2, · · · ,𝑚𝑁 }
(e.g., text modalities), we set 𝑁 individual modal encoders to map
raw modal signal into a 𝑑-dimensional representation vector. After
modal encoder, we derive the modality representation set {I𝑚1 , · · · ,
I𝑚𝑁 } for 𝑁 modalities. Figure 2(a) provides segmentation process
by the partitioner.

The modal partitioner processes modal representations by parti-
tioning neurons into two groups: uni-modal and paired-modal fea-
tures. The uni-modal features store information for uni-modal train-
ing, while the paired-modal features capture information for cross-
modal interactions [4]. We assign a modal partitioner to each modal-
ity, dividing each modal representation into two partitions. Given
a modality representation I𝑚 , the segmentation point between
uni-modal and paired-modal features is determined using the cu-
mulative softmax activation function, defined as cumsoftmax(·) =
cumsum(softmax(·))1, which is referred to as master gates in [26].
The cumsoftmax function dynamically adjusts the cut-off points
based on the input, enabling flexible partitioning and approximat-
ing a binary gating mechanism of the form (0, · · · , 1, · · · 1). In the
𝑖-th iteration, the partitioner gates for uni-modal and paired-modal
features are defined as follows:

g(𝑖 )𝑢 = 1 − cumsoftmax(u𝑚)

g(𝑖 )𝑝 = cumsoftmax(p𝑚)
(1)

The intuition behind Equation (1) is to identify two cut-off points,
illustrated as scissors in Figure 1, that naturally partition the set of
neurons into two distinct segments. Initially, in the first iteration,
u𝑚 = p𝑚 = I𝑚 ,𝑚 ∈ {𝑚1,𝑚2, · · · ,𝑚𝑁 } denotes specific modality.
g(1)𝑢 and g(1)𝑝 denote the uni-modal and paired-modal gates in

1cumsoftmax(𝑥𝑖 ) =
∑𝑖

𝑗=1
𝑒
𝑥𝑗∑𝑛

𝑘=1 𝑒
𝑥𝑘

.
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the first iteration, respectively. In the 𝑖-th iteration,g(𝑖 )𝑢 ∈ R1×𝐷

follows the form [𝑢1, · · · , 𝑢𝑟 , 0, ·, 0], and g(𝑖 )𝑝 ∈ R1×𝐷 takes the form
[0, ·, 0, 𝑝1, · · · , 𝑝𝑙 ]. These gates control the uni-modal and paired-
modal features in the 𝑖-th iteration, where 𝑢𝑖 → 1 and 𝑝𝑖 → 1.

g(𝑖 )𝑠 = g(𝑖 )𝑢 ◦ g(𝑖 )𝑝

upper(𝑖 )𝑚 = g(𝑖 )𝑢 − g(𝑖 )𝑠

downer(𝑖 )𝑚 = g(𝑖 )𝑝 − g(𝑖 )𝑠

(2)

where ◦ denotes element-wise multiplication, g(𝑖 )𝑠 represents the
gate overlap between uni-modal and paired-modal features. upper(𝑖 )𝑚

refers to the upper part of the cell neurons representing uni-modal
features, while downer(𝑖 )𝑚 refers to the lower part of the cell neu-
rons representing paired-modal features. I𝑚𝑠 denotes the shared
modal representation between uni-modal and paired-modal. Subse-
quently, we aggregate partition information from both target cells
to obtain the updated uni-modal and paired-modal representations:

I𝑚𝑠 = g(𝑖 )𝑠 ◦ I𝑚

u(𝑖+1)𝑚 = upper𝑐 ◦ u
(𝑖 )
𝑚 + I𝑚𝑠

p(𝑖+1)𝑚 = downer𝑐 ◦ p(𝑖 )𝑚 + I𝑚𝑠

(3)

where {u(𝑖+1)𝑚 , p(𝑖+1)𝑚 } are updated uni-modal and paired-modal
features after the 𝑖-th iteration, respectively. Thus, after𝑁 iterations,
the modal partitioner divides each learned modal representation
into the uni-modal partition u(𝑁 )

𝑚 and the paired-modal partition
p(𝑁 )
𝑚 .

3.3 Modal Learner and Decoder
The modal learner consists of (1) uni-modal learner and (2) paired-
modal learner, and each learner contains multiple stacked Trans-
former blocks. To enhance uni-modal and paired-modal learning,
we apply padding masks to specific neurons within the multimodal
representation, ensuring that the uni-modal learner and paired-
modal learner focus exclusively on uni-modal and paired-modal
features, respectively. In the 𝑖-th iteration, the padding masks are
derived from g(𝑖 )𝑢 and g(𝑖 )𝑝 to tailor the attention masks for the

two learners. For example, g(𝑖 )𝑢 = [𝑢1, · · · , 𝑢𝑚, 0, · · · , 0], g(𝑖 )𝑝 =

[0, ·, 0, 𝑝1, · · · , 𝑝𝑚], and𝑢𝑖 → 1, 𝑝𝑖 → 1, thus we can approximately
formalize g(𝑖 )𝑢 and g(𝑖 )𝑝 as [1, · · · , 1, 0, · · · , 0] and [0, · · · , 0, 1, · · · , 1],
denoted by ĝ(𝑖 )𝑢 and ĝ(𝑖 )𝑝 , respectively:

M(𝑖 )
𝑧 = (1.0 − ĝ(𝑖 )𝑧 ) ·𝐶, 𝑧 ∈ {𝑢, 𝑝} (4)

A(𝑖 )
𝑧 = softmax(QK

𝑇

√
𝑑

+M(𝑖 )
𝑧 ) (5)

where constant 𝐶=-10000.0 matches the data’s dimensionality and
serves as a tuning parameter in the model, used to amplify certain
operations.M(𝑖 )

𝑧 denotes padding mask, {A(𝑖 )
𝑢 ,A(𝑖 )

𝑝 } represents the
attention weight matrix applied to the Transformer [29] modules
for the uni-modal and paired-modal learners, respectively.

Uni-modal and Paired-modal Learners. uni-modal learner
focuses on intra-uni-modal feature learning, and paired-modal

learner attends on intra-paired-modal learning. Both learners take
Transformer as backbone, which takes modal representation as
query, key and value. Noted that uni-modal and paired-modal
learners takes M𝑢 ∈ R𝑆×𝐷 and M𝑝 ∈ R𝑆×𝐷 as padding masks
respectively, ensuring the learners only focus on uni-modal and
paired-modal features. Here, 𝑆 and 𝐷 denote the sequence length
and representation dimension, respectively. The padding masks for
uni-modal features (i.e.,M𝑢 ) and paired-modal features (i.e.,M𝑝 )
are defined as follows, respectively:

𝑀𝑢
∗𝑗 =

{
0, 𝑗 <= 𝑢

−∞, 𝑗 > 𝑢
, 𝑀

𝑝

∗𝑗 =

{
0, 𝑗 >= 𝑝

−∞, 𝑗 < 𝑝
(6)

The illustrations of M𝑢 and M𝑝 are give by:

where 𝑢 and 𝑝 denote the upper and lower segmentation points
of the uni-modal and paired-modal partitions, respectively. Both
are derived from ĝ(𝑖 )𝑢 and ĝ(𝑖 )𝑝 .

Uni-paired Modal Decoder. The uni-paired modal decoder
takes the concatenated uni-modal and paired-modal features to
reconstruct the modal representation.

Î(𝑖 )𝑚 = Decoder( [u(𝑖 )𝑚 , p(𝑖 )𝑚 ]) (7)

where [, ] denotes concatenation operation, Î(𝑖 )𝑚 denotes the re-
constructed modal representation produced by uni-paired modal
decoder.

3.4 Pre-training Objectives
The PgM architecture is illustrated in Figure 2(b). The framework
is trained with three objectives: Uni-modal Feature Classifica-
tion, which enhances uni-modal feature learning; Paired-modal
Feature Classification, which focuses on paired-modal feature
learning; and Uni-paired Modal Reconstruction, which recon-
structs modalities by leveraging both uni-modal and paired-modal
features within the same modality.

Uni-modal Feature Classification. aims to learn better uni-
modal representations before performing modal fusion. We feed
uni-modal feature of each iteration into classifier to estimate which
modality the representation comes from, which ensures the uni-
modal features store the essential information for discriminability
of modality. For a sample with two modalities (e.g., text and vision),
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the ground truth modality labels of text and vision modalities are
denoted as 𝑂𝑡 and 𝑂𝑣 , respectively:

O𝑡 =


1 0
· ·
1 0

 ,O𝑣 =


0 1
· ·
0 1

 (8)

Similarly, we train an 𝑁 -class classifier to determine the modality
source of the uni-modal feature for a sample with 𝑁 modalities. We
denote the uni-modal feature classification loss L𝑈𝐹𝐶 as the main
supervision of uni-modal learner.

Paired-modal Feature Classification. To ensure the paired-
modal feature remains distinct from the uni-modal feature, we
input the paired-modal feature of each iteration into a classifier
designed to differentiate between uni-modal and paired-modal rep-
resentations. We formalize this process as a binary classification
task, where the ground truth modality label is defined as:

O𝑢 =


1 0
· ·
1 0

 ,O𝑝 =


0 1
· ·
0 1

 (9)

whereO𝑢 andO𝑝 denote the ground labels of uni-modal and paired-
modal representation, respectively. We denote the paired-modal
feature classification loss L𝑃𝐹𝐶 as the main supervision of paired-
modal learner.

Uni-Paired Modal Reconstruction. Each modal representa-
tion is decomposed into uni-modal and paired-modal components.
The uni-paired modal decoder applies a reconstruction loss to en-
sure that the reconstructed modal representation captures both
uni-modal and paired-modal features simultaneously, effectively
reconstructing the original modal representation.

L𝑈𝑃𝑅 =
1
|𝑆 |

©­«
∑︁

𝑚∈{m1,· · · ,mN }

∥I𝑚 − Î𝑚 ∥22
𝑑ℎ

ª®¬ (10)

where |𝑆 | represents the number of samples in the training set.
We define the uni-paired modal reconstruction loss L𝑈𝑃𝑅 as the
primary supervisory signal for the uni-paired decoder.

3.5 Multimodal Downstream Tasks
During training, we integrate multimodal supervised downstream
tasks and the partitioner-guided modal learning framework (PgM)
for joint training and evaluate the performance on multimodal
tasks. The training process comprises two stages: (1) pre-training
the partitioner-guided modal learning framework (PgM) with the
pre-training objective L𝑃 , and (2) fine-tuning PgM using both the
downstream task loss and the pre-training objective loss L𝐷 :

L𝑃 =

𝑁∑︁
𝑖

(L𝑈𝐹𝐶 + L𝑃𝐹𝐶 + L𝑈𝑃𝑅) (11)

L𝐷 = 𝛼L𝑃 + 𝛽L𝑇 (12)

whereL𝑇 represents the training loss for downstream task𝑇 , {𝛼, 𝛽}
are the hyperparameters of PgM, 𝑖 represents the 𝑖-th iteration and
𝑁 is the iteration number. Modal partitioner adjusts the distribution
of uni-modal and paired-modal representations across multiple

Figure 3: An overview of the training framework for multi-
modal downstream tasks, which comprises PgM, modality-
specific learning, and modality fusion components.

iterations. After applying PgM, we obtain uni-modal and paired-
modal features for each modality, enabling flexible distribution
adjustment to better suit the given downstream task.

Detail Architecture. Figure 3 shows the architecture for jointly
training PgM and the downstream task. First, PgM allows us to ex-
tract learned uni-modal and paired-modal features for each modal-
ity. These features are then grouped into two categories: uni-modal
and paired-modal features across all modalities. For each sample,
we independently concatenate all uni-modal features and all paired-
modal features from different modalities, and pass the resulting
representations through two separate feedforward (FFN) layers.
Next, the concatenated uni-modal and paired-modal representa-
tions are fed into two distinct Transformer modules, where each
serves as the query, key, and value. This step produces the final
uni-modal and paired-modal representations, which integrate infor-
mation from all modalities. For a sample with modalities {𝑚1,𝑚2},
the following modules in downstream task training are as follows:

p̂ = FFN( [p𝑚1 , p𝑚1 ])
û = FFN( [u𝑚1 , u𝑚1 ])
p𝑓 = Transformer(p̂, p̂, p̂))
u𝑓 = Transformer(û, û, û))

(13)

Here, {p𝑚1 , p𝑚2 } represent the paired-modal features from modali-
ties {𝑚1,𝑚2}, while {u𝑚1 , u𝑚2 } represent the uni-modal features
from modalities {𝑚1,𝑚2}. u𝑓 and p𝑓 denote the uni-modal and
paired-modal representations, respectively, formed by combining
multiple paired-modal features from different modalities. We pass
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# Task # Dataset # Total Instances # Number of Annotations # Modality

Multimodal Sentiment Analysis MOSI 2199 3 A+V+T
Multimodal Emotion Recognition MELD 9989 6 A+V+T
Cross-modal Retrieval Wikipedia 2866 10 V+T
Image-text Classification UMPC Food 101 90686 101 V+T
Table 1: Information about the datasets used in four tasks. A, V, T denote Audio, Vision and Text modality.

the combined representations of uni-modal and paired-modal rep-
resentation through two FFN layers:

Î = FFN( [u𝑓 , p𝑓 ])
ŷ = Prediction(Î)

(14)

where ŷ denotes prediction results on categories. Î denotes the final
multimodal fusion representation, where we use concatenation as
the modal fusion method. The goal of the modal fusion module is
to combine the uni-modal and paired-modal representations into a
single vector. This can be achieved through fusion methods such
as concatenation, addition, or more complex structures.

4 Experiments
4.1 Tasks and Datasets
In this work, we focus on the following tasks: Multimodal Senti-
ment Analysis (MSA) [10, 21] aims to predict the sentiment polar-
ity by leveraging three types of modalities: audio, vision and text.
Multimodal Emotion Recognition in Conversation (MERC)
aims to predict predefined emotion categories (e.g., joy and sadness)
using text, audio, and visual modalities. Cross-modal Retrieval
(CR) [17, 27] is the process of finding the relevant items in one
modality based on the query in another modality. Image-text
Classification (ITC) [19] involves using both visual and textual
information to classify the given information into 101 categories.
We evaluate our proposed model on MSA, MERC, CR and ITC using
MOSI [35], MELD [23], Wikipedia [31] and UMPC Food 101 [25]
datasets, respectively. The details are shown in Table 1.

4.2 Experimental Setting and Evaluation
Metrics

We use pre-trained T5-Base 2 as text encoder, ViT3 as visual encoder,
AST4 as audio encoder. We set the learning rates to 3e-4 for the
overall model and 1e-4 for the modal learners (i.e., uni-modal and
paired-modal learners). The learning rate for the uni-paired decoder
is set separately to 1e-3. In Equation (12), the hyperparameters
are defined as 𝛼 = 0.5, 𝛽 = 1 and the iteration number 𝑁 = 3.
The pre-training epoch for PgM is set to 20 (i.e., N1𝑠𝑡=20), and
the jointly training epoch for downstream task and PgM is set
to 50 (i.e.,N2𝑠𝑡=50). We adopt the Transformer architecture as the
core backbone for uni-modal and paired modal learners, guided
by the partitioner. For decoder, we adapt Cross-Attention layer for
reconstruction. The dimensions of learned modal representation for

2https://github.com/huggingface/transformers/tree/main/src/transformers/models/t5
3https://huggingface.co/openai/clip-vit-base-patch32
4https://huggingface.co/docs/transformers/model_doc/audio-spectrogram-
transformer

each modality and the fused representation are set to 768. Following
the previous work [8, 10], we adopt accuracy (ACC) and weighted
F1 score (Weighted F1) to evaluate the performance on MELD and
UPMC Food 101 datasets, and we adopt accuracy (ACC-2) and F1 as
the metric of PgM on MOSI dataset. For Wikipedia dataset, we use
the mean average precision (MAP) and Precision@10 (the average
precision of the first 10 retrieved items) as the evaluation metric of
cross-modal retrieval task.

4.3 Baselines
Concatenation concatenates feature vectors from different modali-
ties into one feature vector. Add adds feature vectors from different
modalities into one feature vector. Element-wise Maximum se-
lects the element-wise maximum feature from different modalities.
Linear Fusion applies linear combination of features from differ-
ent modalities. MLP applies multilayer perceptron layer to fuse
features from different modalities. Uni-Modal Training applies
single modality for downstream task learning. Additionally, we fur-
ther apply the proposed model fusion to the prior models of MSA
andMERC tasks. The details of the prior models are as follows: Self-
MM [34] leverages uni-modal representations through multi-task
learning to address the multimodal sentiment analysis task.MMIM
[8] hierarchically maximizes mutual information to tackle the mul-
timodal sentiment analysis task. UniMSE [10] introduces a unified
sharing framework that bridges multimodal sentiment analysis and
multimodal emotion recognition to enhance model performance.
UniMEEC [11] explores the complementary influence of emotion
causes on multimodal emotion recognition.

4.4 Main Results
We present the experimental results of PgM alongside model learn-
ing baselines, as shown in Table 2. First, we conduct experiments to
single-modality scenarios using the proposed framework and com-
pare their performance. The results show that all multimodal fusion
methods outperform their single-modal counterparts, emphasizing
the importance of integrating complementary information from
different modalities.

Next, we compare the performance between PgM and multi-
modal learning method (e.g., concatenation and add) across four
multimodal tasks. Our proposed multimodal learning framework
consistently surpasses all baseline multimodal learning methods
across various tasks, highlighting its strong generalization and
learning capabilities. For instance, in multimodal sentiment anal-
ysis, PgM outperforms baselines such as Concatenation and Add
by at least 15%-18% points. In the multimodal emotion recognition
task, PgM achieves an accuracy (ACC) of 66.69 and a weighted
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#Model #Multimodal Sentiment Analysis #Multimodal Emotion Recognition #Cross-modal Retrieval #Image-text Classification

MOSI MELD Wikipedia UMPC Food 101

ACC-2 F1 ACC Weighted F1 MAP Precision@10 ACC Weighted F1

Single-Modal (Audio) 48.58/50.36 44.31/46.47 51.44 52.72 - - - -
Single-Modal (Visual) 65.86/69.72 65.97/69.94 51.75 54.06 - - 71.58 72.04
Single-Modal (Text) 64.33/66.16 63.20/65.32 56.21 56.38 - - 69.92 69.89
Concatenation 69.15/70.42 67.26/69.17 58.64 58.16 62.84 56.29 82.43 80.49
Add 67.61/67.61 66.13/66.13 53.58 54.67 61.98 55.05 81.67 81.66
Element-wise Maximum 68.16/69.50 65.16/66.87 51.59 52.86 61.99 56.96 80.11 80.09
Linear-Fusion 66.52/67.81 64.58/65.36 53.72 54.89 61.54 54.14 77.10 77.05
MLP 66.30/67.82 65.41/66.57 54.16 55.88 61.71 55.06 84.82 84.85
PgM 84.69/85.39 84.65/85.95 66.69 66.95 73.35 70.82 90.36 91.04

Table 2: Comparison between modal learning baselines and PgM.

#Model
#Multimodal Sentiment Analysis #Multimodal Emotion Recognition #Cross-modal Retrieval #Image-text Classification

MOSI MELD Wikipedia UMPC Food 101

ACC-2 F1 ACC Weighted F1 MAP Precison@10 ACC Weighted F1

PgM 84.69/85.39 84.65/85.95 66.69 66.95 73.35 70.82 90.36 91.04

-w/o Modal Partitioner 48.58/50.69 44.31/47.46 51.44 52.72 60.90 59.18 59.69 53.14
-w/o Uni-Modal Learner (L𝑈𝐹𝐶 ) 65.86/67.18 65.97/67.06 51.75 54.06 63.23 63.64 70.12 70.65
-w/o Paired-Modal Learner (L𝑃𝐹𝐶 ) 68.14/70.05 66.31/68.69 54.46 56.16 64.68 65.25 73.65 72.96
-w/o Uni-Paired Decoder (L𝑈𝑃𝑅 ) 69.90/70.69 66.37/67.44 56.81 57.32 64.21 64.64 74.89 74.77

Table 3: Ablation study on various datasets and tasks.

F1 score of 66.95, significantly outperforming baselines, particu-
larly single-modal approaches. Also, in both cross-modal retrieval
and image-text classification, PgM consistently achieves superior
performance across multiple metrics and tasks, demonstrating its
robustness and adaptability in multiple multimodal tasks. These
findings highlight the advantages of PgM in two key aspects: (1)
effective multimodal learning and (2) enhanced utilization of mul-
timodal information, providing valuable insights for advancing
multimodal learning.

4.5 Ablation Study
Table 3 presents an ablation study across multiple datasets and
tasks, assessing the impact of the modal partitioner, uni-modal
learner, paired-modal learner, and uni-paired modal decoder on
model performance. The ablation process entails removing these
modules along with their corresponding loss terms from the train-
ing objective.

Initially, we remove the modal partitioner from PgM. The uni-
modal encoder, paired-modal encoder, and uni-paired modal de-
coder are built upon the modal partitioner. Consequently, remov-
ing the modal partitioner also eliminates the uni-modal encoder,
paired-modal encoder, and uni-paired modal decoder, resulting in
a significant performance drop, with accuracy (ACC) decreasing
to 48.58/50.69 and weighted F1 dropping to 44.31/47.46. Next, we
sequentially removed the uni-modal, paired-modal and uni-paired
decoder to assess its role. Removing modal learners including uni-
modal and paired-modal results in decreasedmetrics across all tasks.
Specifically, in multimodal sentiment analysis and multimodal emo-
tion recognition, removing the modal partitioner and modal learner

#Model ACC-2(ACC) % F1(Weighted F1)%

MSA

Self-MM 84.00/85.98 84.42/85.95
Self-MM† 85.54/86.75↑ 85.18/86.36↑
MMIM 84.14/86.06 84.00/85.98
MMIM† 85.36/86.63↑ 85.27/86.15↑

MERC

UniMSE 65.09 65.51
UniMSE† 66.48↑ 67.06↑
UniMEEC 67.36 68.09
UniMEEC† 67.92↑ 68.76↑

Table 4: Adapt PgM to the prior models for MSA on MOSI
dataset and MERC on MELD dataset.

resulted in reductions of at least 20% and 10% in all metrics, respec-
tively. In cross-modal retrieval, the absence of these components
led to a decrease in MAP and Precision@10. In the image-text classi-
fication task (UMPC Food 101), removing these components caused
drops in ACC and Weighted F1 scores. These declines underscore
the effectiveness of combining both modal partitioner and modal
learner in multimodal learning. In conclusion, each module in PgM
play a crucial role in significantly improving model performance
across various tasks and their corresponding metrics.

4.6 Adapting PgM for Multimodal Tasks
We further evaluate the adaptivity of PgM on existing multimodal
models, i.e., we enhance the performance of existing models with
PgM. The results (enhanced performance is indicated by an under-
line) are given in Table 4. We integrate the proposed PgM frame-
work into well-established models (e.g., Self-MM, MMIM, UniMSE,
and UniMEEC) in the MSA and MERC fields, with their enhanced
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versions denoted by the superscript †. Specifically, we integrate our
proposed PgM into their framework by replacing their multimodal
learning modules. For MSA task, Self-MM† demonstrates a substan-
tial improvement, achieving 85.54/86.75 ACC-2 and 85.18/86.36 F1
score, outperforming original Self-MM’s results, highlighting PgM’s
ability to enhance multimodal learning. Similarly, MMIM† also
demonstrates improvement, achieving ACC-2 scores of 85.36/86.63
and F1 scores of 85.27/86.15, with approximately 0.5–1% gains across
all metrics. However, it benefits less from the proposed multimodal
learning framework compared to other models. For the MERC task,
UniMSE† shows the most significant improvement, reaching 66.48
ACC and 67.06Weighted F1, with an approximate 1–2% boost across
all metrics. Similarly, UniMEEC† achieves the highest gains, with
67.92 ACC and 68.76 Weighted F1. These results confirm PgM’s
effectiveness in enhancing already strong models and further high-
light its adaptability.
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Figure 4: Distribution of uni-modal and paired-modal fea-
tures across text, audio and vision modalities for MSA (top)
and MERC (bottom).

4.7 Visualization
Furthermore, we visualize the distribution of uni-modal and paired-
modal features for each individual modality after applying the
modal partitioner, as shown in Figure 4.

In the text modality, 60.54% of features are uni-modal, and 45.61%
are paired-modal, indicating that uni-modal features independently

Figure 5: Loss variation curves during the second stage, i.e.,
the joint training process of the downstream task and PgM
for MSA task.

provide more information for the MSA task. In the audio modal-
ity, 41.88% are uni-modal and 65.12% are paired-modal, suggesting
that its paired-modal features play a larger role in the MSA task.
In the vision modality, uni-modal and paired-modal features are
nearly evenly distributed (50.61% vs 53.96%), indicating that both
uni-modal and paired-modal features contribute to MSA task. Simi-
larly, we analyze the distribution of uni-modal and paired-modal
features across modalities in the MERC task, which differs from
the MSA task. For example, in MERC, uni-modal features in the
text modality remain the dominant source of information, while
paired-modal features in the audio and vision modalities contribute
more compared to their respective uni-modal features. We have
two observations on the visualizations: 1)uni-modal and paired-
modal features exhibit a certain degree of overlap across different
modalities and tasks, and 2)the modal partitioner can adjust the dis-
tribution of uni-modal and paired-modal features across different
multimodal tasks.

4.8 PgM Training Loss on a Downstream Task
Figure 5 illustrates the loss variation curves for the joint training
process of the downstream task with PgM. In the early training
stages (first 10 epochs), the losses decrease rapidly, suggesting that
the model quickly captures essential features. UFC Loss and PFC
Loss exhibit a steep decline and stabilize after approximately 20
epochs, implying that these components learn efficiently. UPR Loss
and Task Loss decrease at a slower rate and exhibit fluctuations
even after 20 epochs, suggesting that these losses are influenced by
more complex modality interactions. By around epoch 30, all loss
terms stabilize and approach zero, indicating that the model has
largely converged. However, between epochs 30 and 50, Task Loss
and UPR Loss still exhibit fluctuations. These loss curves reveal
that UFC, PFC, UPR, and Task Loss decrease at different rates,
highlighting PgM’s varying learning dynamics across uni-modal
feature, paired-modal feature, and downstream tasks. Moreover,
these results suggest that PgM alleviates the modality laziness
during training that is commonly observed in previous multimodal
learning work [4].
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4.9 Model Size
To further improve the understanding of PgM, we quantify the
training parameter sizes for each module. The sizes of trainable
parameters for each module are reported in Table 5. During the
training phase, the parameters of the modal encoders remain fixed,
while only those in the modal partitioner, uni-modal learner, paired-
modal learner, and uni-paired decoder are updated based on the
training loss. The modal partitioner requires only a small number
of trainable parameters, highlighting its lightweight nature in fea-
ture partitioning. In contrast, the uni-modal learner, paired-modal
learner, and uni-paired decoder adopt a Transformer-based archi-
tecture, each containing approximately 7.1M trainable parameters.
While PgM incorporates more parameters than prior multimodal
learning frameworks—attributable to the inclusion of the parti-
tioner training module—the overall parameter increase remains
within a tolerable range.

Modules Trainable Parameter

Modal encoder 0M
Modal partitioner 1.1M
Uni-modal learner 7.08M
Paired-modal learner 7.08M
Uni-Paired decoder 7.1M
PgM 22.36M
Table 5: The number of trainable parameters.

5 Conclusion
This paper presents PgM , a partitioner-guided modal learn-
ing framework consisting of the modal partitioner, modal learner,
and uni-paired modal decoder. The modal partitioner divides the
modal representation into uni-modal and paired-modal features,
the modal learner enhances their learning through dedicated uni-
modal and paired-modal components, and the uni-paired decoder
reconstructs the modal representation. Extensive experiments on
fourmultimodal tasks—spanning vision, language, and audiomodal-
ities—demonstrate PgM’s versatility and effectiveness. Addition-
ally, we visualize the contributions of uni-modal and paired-modal
features to multimodal tasks, offering valuable insights into their
respective roles. We believe this work presents a new experimental
setting that can provide a new and different perspective to multi-
modal learning communities.
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