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ABSTRACT OF THE DISSERTATION

Robust Multimodal Learning With Heterogeneous and Missing Modalities

by

Md Kaykobad Reza

Doctor of Philosophy, Graduate Program in Computer Science
University of California, Riverside, June 2026

Dr. M. Salman Asif, Chairperson

Multimodal learning seeks to develop models capable of reasoning over heterogeneous inputs such

as vision, language, audio, and sensor data. Despite significant progress in recent years, three

key challenges remain: (i) supporting arbitrary combinations of input modalities, (ii) maintaining

robustness when modalities are missing at inference time, and (iii) integrating capabilities from

multiple expert models without costly joint retraining on large paired multimodal datasets. This

dissertation addresses these challenges through a series of principled methods that progressively

relax assumptions on modality availability, supervision, and data requirements.

First, we study multimodal fusion under heterogeneous modality combinations. We pro-

pose MMSFormer, a Multimodal Segmentation Transformer with a novel fusion strategy that ef-

fectively integrates information from diverse modalities. Unlike prior approaches limited to fixed

modality sets, MMSFormer supports arbitrary modality combinations and exhibits monotonic per-

formance improvements as additional modalities are introduced. Extensive experiments demon-

strate state-of-the-art performance on multimodal material and semantic segmentation tasks, with

ablation studies highlighting the contribution of each modality.
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Second, we address robustness to missing modalities. We introduce two complementary

approaches: (i) a parameter-efficient adaptation mechanism that modulates intermediate representa-

tions of pretrained models using fewer than 1% additional parameters, and (ii) Cross-Modal Proxy

Tokens (CMPTs), which approximate missing modality representations by attending to available

modalities without explicit modality generation. Both methods significantly reduce performance

degradation across diverse tasks and settings while preserving strong performance when all modal-

ities are present during inference.

Finally, we propose Singular Subspace Alignment and Merging (SSAM), a training-free

framework for combining independently trained multimodal large language models into a unified

model. SSAM aligns modality-specific representations within a shared low-rank subspace and

merges them in parameter space to preserve complementary knowledge while minimizing modality

interference. Without using any paired multimodal training data, SSAM achieves state-of-the-art

performance across multiple benchmarks, surpassing prior training-free merging methods and, in

some cases, jointly trained multimodal models.

Together, these contributions advance multimodal learning toward flexible, robust, and

scalable systems capable of operating under real-world constraints.
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Chapter 1

Introduction

Multimodal learning (MML) has emerged as a powerful paradigm for building intelligent

systems that can reason over heterogeneous input modalities such as vision, language, audio, point-

cloud, and different sensor data [8, 197]. By integrating complementary information from multiple

modalities, multimodal systems have demonstrated significant improvements across a wide range

of applications, including image segmentation [131, 18], visual question answering [126, 201],

captioning [220, 205], classification [51, 152], and autonomous driving [194, 150].

Despite recent advances in MML, current multimodal models are often constrained by as-

sumptions that limit their applicability in real-world settings. In particular, many approaches rely on

fixed modality combinations, require all modalities to be availability during inference, or depend on

large-scale paired datasets for training and evaluating multimodal models. These limitations hinder

the deployment of multimodal systems in practical scenarios, where available modality combina-

tions can vary widely, data collection is costly, training models require huge compute resources, and

models must evolve to incorporate new capabilities over time.
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This dissertation addresses these challenges by developing methods that enable flexible,

robust, and scalable multimodal learning. The proposed approaches progressively relax constraints

on modality combinations, modality availability, and training requirements, moving toward multi-

modal systems that can operate effectively under real-world conditions.

1.1 Multimodal Learning

Multimodal learning focuses on designing models that can process, align, and fuse in-

formation from multiple heterogeneous input sources [138, 197]. A key motivation behind MML

is that different input modalities often provide complementary perspectives of the same underlying

phenomenon. For example, visual data like image and video capture spatial structure, language en-

codes semantic meaning, and audio conveys temporal dynamics. Combining these complementary

information enables richer feature representations and more reliable predictions.

A central component of multimodal systems is the fusion mechanism, which integrates

modality-specific information into a unified, comprehensive representation to enhance model perfor-

mance, robustness, and prediction. Existing fusion strategies include early fusion [133], where raw

inputs are combined prior to feature extraction; late fusion [35], where predictions from unimodal

models are aggregated; and intermediate fusion techniques such as attention-based or token-level

fusion [178, 134]. Recent advances in transformer-based architectures [90, 99] have further enabled

flexible and scalable multimodal reasoning across diverse tasks.

While these methods have achieved strong performance, they are often designed for a

fixed set of input modalities which are difficult to extend to newer set of modalities and rely on

complete and well-aligned paired multimodal data during both training and inference which is costly
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and time-consuming to prepare. Such assumptions are rarely satisfied in practical applications,

motivating the need for more adaptive and robust multimodal frameworks.

1.2 Problems with Multimodal Learning

Despite the success of existing approaches, several fundamental challenges remain that

limit the real-world application of multimodal systems. This dissertation addresses three key prob-

lems to enhance the scalability and robustness of these systems.

1.2.1 Supporting Arbitrary Combinations of Input Modalities

Most existing multimodal models are designed for specific modality combinations, such

as RGB-Depth, RGB-Thermal, or Vision-Language pairs [62, 164, 110]. As a result, their archi-

tectures and fusion strategies are tightly coupled to the specific set of modalities. Extending these

models to new modality combinations often requires redesigning the architecture, fusion strategy or

retraining the whole model from scratch.

However, real-world applications frequently involve dynamic and heterogeneous modal-

ity combinations. A practical multimodal system should be able to flexibly incorporate any subset

of available modalities and effectively leverage additional modalities when they are present. De-

signing such models requires fusion methods that are both scalable and modality-agnostic, while

maintaining computational efficiency and performance.
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1.2.2 Missing Modality Robustness

In many real-world scenarios, input modalities may be missing, corrupted, or unavailable

due to sensor failures, privacy constraints, or data acquisition limitations [123]. Unfortunately,

most multimodal models are not designed to be inherently robust to such conditions and experience

significant performance degradation when one or more modalities are absent at inference time.

Existing approaches to address missing modalities include modality dropout [136], mask-

ing strategies [5], and modality imputation using generative models [203]. While these methods

provide partial solutions, they often require specialized training procedures, training additional net-

works, or assumptions about modality distributions. Furthermore, most of these approaches do not

generalize well to arbitrary missing modality scenarios.

Developing multimodal models that can adapt to varying modality availability while

maintaining strong performance in both complete and incomplete modality scenarios remains a

critical challenge for robust multimodal learning.

1.2.3 Merging Capabilities from Multiple Multimodal Models

Recent advances in multimodal large language models (MLLMs) have demonstrated im-

pressive capabilities by aligning multiple modalities within a shared embedding space to build a

unified model [202, 225]. However, training such models typically requires large-scale paired mul-

timodal datasets and substantial computational resources.

An alternative paradigm is to combine independently trained specialist models, each op-

timized for a specific modality combination or task to build a unified multimodal model. While

training-free model merging methods have shown promise in homogeneous settings [78, 199], ex-
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tending these approaches to heterogeneous multimodal models introduces new challenges. In par-

ticular, differences in representation spaces and parameter structures can lead to task and modality

interference and degraded performance when models are naively combined.

Enabling effective integration of capabilities from multiple expert models without retrain-

ing or access to paired multimodal data is essential for scalable multimodal systems that can con-

tinuously incorporate new modalities and capabilities without costly retraining or data collection.

1.3 Organization of The Book

This dissertation is organized into four main chapters. Each chapter addresses one key

challenge in multimodal learning.

Chapter 2 focuses on multimodal fusion under heterogeneous modality combinations. We

introduce MMSFormer, a transformer-based architecture with a novel fusion block designed to in-

tegrate information from arbitrary combinations of input modalities. The proposed method demon-

strates strong performance across multiple multimodal segmentation tasks and exhibits consistent

performance improvements as additional modalities are introduced.

Chapter 3 addresses robustness to missing modalities through parameter-efficient adap-

tation. We propose a method that modulates intermediate feature representations of a pretrained

multimodal model using lightweight transformations, enabling the model to adapt dynamically to

different missing modality scenarios. The method requires minimal additional learnable parameters

while providing substantial performance improvements in different missing modality scenarios.

Chapter 4 further investigates missing modality robustness by introducing Cross-Modal

Proxy Tokens (CMPTs), which approximate representations of missing modalities using available
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ones. This approach enables effective handling of diverse missing modality conditions while main-

taining strong performance in modality complete settings.

Chapter 5 explores training-free multimodal model merging to combine capabilities from

multiple multimodal models. We propose Singular Subspace Alignment and Merging (SSAM),

a framework that aligns and merges independently trained MLLMs within a shared low-rank sub-

space. This method enables the construction of unified multimodal systems without requiring paired

training data or joint retraining.

Finally, Chapter 6 discusses the overall contribution and some open problems that are

crucial for advancing multimodal learning toward more general, reliable, and efficient systems.

Together, these chapters present a comprehensive framework for advancing multimodal learning

toward flexible, robust, and scalable systems capable of operating under real-world constraints.
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Chapter 2

MMSFormer: Multimodal Transformer

for Material and Semantic Segmentation

2.1 Introduction

Image segmentation [21, 131] methods assign one class label to each pixel in an image.

The segmentation map can be used for holistic understanding of objects or context of the scene.

Image segmentation can be further divided into different types; examples include semantic seg-

mentation [52, 174], instance segmentation [50, 56], panoptic segmentation [38, 91] and material

segmentation [106, 169]. Each of these segmentation tasks are designed to address specific chal-

lenges and applications. Multimodal image segmentation [53, 219] aims to enhance the accuracy

and completeness of the task by leveraging diverse sources of information, and potentially leading

to a more robust understanding of complex scenes. In contrast to single-modal segmentation [131],

the multimodal approach [219] is more complex due to the necessity of effectively integrating het-
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Figure 2.1: (a) Overall architecture of MMSFormer model. Each image passes through a modality-
specific encoder where we extract hierarchical features. Then we fuse the extracted features using
the proposed fusion block and pass the fused features to the decoder for predicting the segmentation
map. (b) Illustration of the mix transformer [195] block. (c) Proposed multimodal fusion block.

erogeneous data from different modalities. Key challenges arise from variations in data quality

and attributes, distinct traits of each modality, and need to create models capable of accurately and

coherently segmenting with the fused information.

Most of the existing multimodal segmentation methods are designed to work with specific

modality pairs, such as RGB-Depth [18, 62, 74], RGB-Thermal [100, 105, 164], and RGB-Lidar

[97, 143, 222]. As they are designed for specific modality combinations, most of them generally

do not work well with modality combinations different from the ones used in the original design.

Recently, CMX [214] introduced a technique to fuse information from RGB and one other supple-
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mentary modality, but it is incapable of fusing more than two modalities at the same time. Some

recent models have proposed techniques to fuse more than two modalities [11, 106, 215]. How-

ever, they either use very complex fusion strategies [11, 214] or require additional information like

semantic labels [106] for performing underlying tasks.

In this work, we propose a novel fusion block that can fuse information from diverse

combination of modalities. We also propose a new model for multimodal material and semantic

segmentation tasks that we call MMSFormer. Our model uses transformer based encoders [195] to

capture hierarchical features from different modalities, fuses the extracted features with our novel

fusion block and utilizes MLP decoder to perform multimodal material and semantic segmentation.

In particular, our proposed fusion block uses parallel convolutions to capture multi-scale features,

channel attention to re-calibrate features along the channel dimension and linear layer to combine

information across multiple modalities. Such a design provides a simple and computationally effi-

cient fusion block that can handle an arbitrary number of input modalities and combine information

effectively from different modality combinations. We compare our fusion block with some of the

existing fusion methods in terms of number of parameters and GFLOPs in Table 2.9.

To evaluate our proposed MMSFormer and fusion block, we focus on multimodal material

segmentation on MCubeS [106] dataset and multimodal semantic segmentation on FMB [114] and

PST900 [158] datasets. MCubeS dataset consists of four different modalities: RGB, angle of linear

polarization (AoLP), degree of linear polarization (DoLP) and near-infrared (NIR). FMB dataset in-

cludes RGB and infrared modalities, while PST900 dataset comprises RGB and thermal modalities.

We show the overall and per-class performance comparison in Table 2.1-2.5 for these datasets. A

series of experiments highlight the ability of the proposed fusion block to effectively combine fea-
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tures from different modality combinations, resulting in superior performance compared to current

state-of-the-art methods. Ablation studies show that different input modalities assist in identify-

ing different types of material classes as shown in Table 2.8. Furthermore, as we add new input

modalities, overall performance increases gradually highlighting the ability of the fusion block to

incorporate useful information from new modalities. We summarize the results in Table 2.4 and 2.6

for FMB and MCubeS datasets respectively. Main contributions of this work are:

• We propose MMSFormer, a new multimodal segmentation model that incorporates a novel

fusion block to fuse information from arbitrary (heterogeneous) combinations of modalities.

• Our model achieves state-of-the-art performance on three different datasets. Furthermore, our

method achieves better performance for all modality combinations compared to the current

leading models.

• A series of ablation studies show that each module on the fusion block has an important con-

tribution towards the overall model performance and each input modality assists in identifying

specific material classes.

Rest of the chapter is structured as follows. Section 2.2 presents a brief review of related work.

We describe our model and fusion block in detail in Section 2.3. Section 2.4 presents experimental

results and ablation studies on multimodal material and semantic segmentation tasks with qualitative

and quantitative analysis.
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2.2 Related Work

Image segmentation has witnessed significant evolution, spurred by advancements in ma-

chine learning and computational capabilities. A significant improvement in this evolution came

with the inception of fully convolutional networks (FCNs) [119, 190], which enabled pixel-wise

predictions through the utilization of hierarchical features within convolutional neural networks

(CNNs). This led to the development of a variety of CNN based models for different images seg-

mentation tasks. U-Net [151] is one such model that utilizes skip-connections between the lower-

resolution and corresponding higher-resolution feature maps. DeepLabV3+ [16] introduced dilated

convolutions (atrous convolutions) into the encoder allowing the expansion of the receptive field

without increasing computational complexity significantly. PSPNet [221] introduced global context

modules that enable the model to gather information from a wide range of spatial scales, essentially

integrating both local and global context into the segmentation process.

Recently, Transformer based models have proven to be very effective in handling com-

plex image segmentation tasks. Some of the notable transformer-based models are Pyramid Vision

Transformer (PVT) [176], SegFormer [195], and Mask2Former [20]. PVT [176] utilizes transformer

based design for various computer vision tasks. SegFormer [195] utilizes efficient self-attention

and lightweight MLP decoder for simple and efficient semantic segmentation. Mask2Former [20]

uses masked-attention along with pixel decoder and transformer decoder for any segmentation task.

Their success demonstrates the capacity of these models to provide state-of-the-art solutions in var-

ious segmentation tasks.

In the context of multimodal image segmentation, fusion of data from diverse sources

[219] has gained traction as a means to extract richer information and improve accuracy. A variety
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of models and fusion strategies have been proposed for RGB-Depth segmentation tasks. FuseNet

[62] model integrates depth feature maps into RGB feature maps, while SA-Gate [18] employs

Separation-and-Aggregation Gating to mutually filter and recalibrate RGB and depth modalities

before fusion. Attention Complementary Module has been proposed by ACNet [74] that extracts

weighted RGB and depth features for fusion. The domain of RGB-Thermal image segmentation

has also gained prominence. Recent models include RTFNet [164] that achieves fusion through ele-

mentwise addition of thermal features with RGB, RSFNet [100] proposing Residual Spatial Fusion

module to blend RGB and Thermal modalities, and EAEFNet [105] utilizing attention interaction

and attention complement mechanisms to merge RGB and Thermal features. A number of meth-

ods also focus on fusing RGB-Lidar data that include TransFuser [143] that employs Transformer

blocks, whereas LIF-Seg [222] relies on coarse feature extraction, offset learning, and refinement

for effective fusion.

While the previously mentioned studies focus on specific pairs of modalities, some re-

cent research has demonstrated promising results in the fusion of arbitrary modalities. CMX [214]

introduces cross-modal feature rectification and fusion modules to merge RGB features with supple-

mentary modalities. For multimodal material segmentation, MCubeSNet [106] model is proposed,

which can seamlessly integrate four different modalities to enhance segmentation accuracy. In the

context of arbitrary modal semantic segmentation, CMNeXt [215] introduces Self-Query Hub and

Parallel Pooling Mixer modules, offering a versatile approach for fusing diverse modalities. Addi-

tionally, HRFuser [11] employs multi-window cross-attention to fuse different modalities at various

resolutions, thereby enriching model performance.
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Though some of these models can fuse different modalities, they either use very complex

fusion strategies [11, 214, 215] or requires additional information [106] to perform underlying task.

We aim to design a simple fusion module that can handle arbitrary number of input modalities and

able to effectively fuse information from diverse modality combinations.

2.3 Proposed Model

The overall architecture of our proposed MMSFormer model and the fusion block is

shown in Figure 2.1. The model has three modules: (1) Modality specific encoder; (2) Multimodal

fusion block; and (3) Shared MLP decoder. We use mix transformer [195] as the encoder of our

model. We choose mix transformer for various reasons. First, it can provide hierarchical features

without positional encoding. Second, it uses spatial reduction before attention that reduces the num-

ber of parameters significantly [176, 195]. Third, it also works well with simple and lightweight

MLP decoder [195].

2.3.1 Overall Model Architecture

Our overall model architecture is shown in Figure 2.1a. Assume we have M distinct

modalities. Given a set of modalities as input, each modality-specific encoder captures distinc-

tive features from each input modality by mapping the corresponding image into modality-specific

hierarchical features as

Fm = Encoderm(Im), (2.1)

where Im ∈ RH×W×3 represents input image for modality m ∈ {1, 2, . . . ,M} and Encoderm(·)

denotes the encoder for that modality. The encoder generates four feature maps at {14 ,
1
8 ,

1
16 ,

1
32}
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of the input image resolution. We represent them as Fm = {F 1
m, F 2

m, F 3
m, F 4

m}. For simplicity we

denote the shape of the feature map for the ith encoder stage as (Hi×Wi×Ci) where i ∈ {1, 2, 3, 4}.

We use four separate fusion blocks, one corresponding to each encoder stage, to fuse the features

from each stage of the encoder. We pass the extracted features F i
m for all modalities to the ith fusion

block as

F i = FusionBlocki({F i
m}m). (2.2)

Each fusion block fuses the features extracted from all the modalities to generate a combined feature

representation F = {F 1, F 2, F 3, F 4}, where F i denotes the fused feature at ith stage. Finally, we

pass the combined features F to the MLP decoder [195] to predict the segmentation labels.

2.3.2 Modality Specific Encoder

We use mix transformer encoder [195] to capture hierarchical features from the input

modalities. Each input image Im goes through patch embedding layer where it is divided into

4 × 4 patches following [195] and then fed to the mix transformer blocks. The design of mix

transformer block is shown in Figure 2.1b. We denote the input to any mix transformer block as

Xin ∈ RHi×Wi×Ci that is reshaped to Ni × Ci (with Ni = HiWi) and used as query Q, key K,

and value V . To reduce the computational overhead, spatial reduction is applied following [176]

using a reduction ratio R. K and V are first reshaped into Ni
R × CiR matrices and then mapped to

Ni
R ×Ci matrices via linear projection. A standard multi-head self-attention (MHSA) maps Q,K, V

to intermediate features as

MHSA(Q,K, V ) = Concat(head1, . . . , headh)WO,

headj = Attention(QWQ
j ,KWK

j , V W V
j ),

(2.3)
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where h represents the number of attention heads, WQ
j ∈ RCi×dK , WK

j ∈ RCi×dK , W V
j ∈

RCi×dV , and WO ∈ RhdV ×Ci are the projection matrices, dK , dV represent dimensions of K,V ,

respectively. We can formulate the Attention function as

Attention(Q,K, V ) = Softmax(
QKT

√
dK

)V, (2.4)

where Q,K, and V are the input query, key, and value matrices. MHSA is followed by a mixer

layer (with two MLP and one 3 × 3 convolution layer). The convolution layer provides sufficient

positional encoding into the transformer encoder for optimal segmentation performance [195]. This

layer can be written as

X̂in = MHSA(Q,K, V ),

Xout = MLP(GELU(Conv3×3(MLP(X̂in)))) + X̂in,

(2.5)

Finally, overlap patch merging is applied to Xout following [195] to generate the final output.

2.3.3 Multimodal Fusion Block

After extracting hierarchical features, we fuse them using our proposed fusion block. The

fusion block shown in Figure 2.1c is responsible for fusing the features extracted from the modality

specific encoders. We have one fusion block for each of the four encoder stages. For the ith fusion

block, let us assume the input feature maps are given as F i
m ∈ RHi×Wi×Ci ∀m ∈ {1, 2, . . . ,M}.

First, we concatenate the feature maps from M modalities along the channel dimension to get the

combined feature map F i ∈ RHi×Wi×MCi . Then we pass the features through a linear fusion layer

that combines the features and reduces the channel dimension to Ci. Let us denote the resulting

features as F̂ i ∈ RHi×Wi×Ci . We represent the operation as

F̂ i = Linear(F i
1|| · · · ||F i

M ). (2.6)
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Here || represents concatenation of features along the channel dimension and the linear layer takes

an MCi dimensional input and generates a Ci dimensional output.

After the linear fusion layer, we added a module for capturing and mixing multi-scale

features. The module consists of two linear projection layers having parallel convolution layers in

between them. First we apply a linear transformation on F̂ i along the channel dimension by passing

it through the first linear projection layer. It refines and tunes the features from different channels.

Then we apply 3×3, 5×5, and 7×7 convolutions to effectively capture diverse features across dif-

ferent spatial contexts. By employing convolutions with different sizes, the fusion block can attend

to local patterns as well as capture larger spatial structures, thereby enhancing its ability to extract

meaningful features from the input data. Finally we apply another linear transformation along the

channel dimension using the second linear project layer to consolidate the information captured by

the parallel convolutions, promoting feature consistency and enhancing the discriminative power of

the fused features. These steps can be performed as

F̃ i = Linear(F̂ i), (2.7)

F i = Linear(F̃ i +
∑

k∈{3,5,7}

Convk×k(F̃ i)). (2.8)

We found that using 3 parallel convolution layers with sizes 3 × 3, 5 × 5, and 7 × 7

provide optimal performance. Increasing the convolution kernel size reduces performance which

we show in Table 2.7. As larger kernels reduce performance, we did not add more than 3 parallel

convolutions in our model.

We apply Squeeze-and-Excitation block [73] as channel attention in the residual connec-

tion. The final fused feature can be represented as

F i = ChannelAttention(F̂ i) + F i. (2.9)
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Channel attention re-calibrates interdependence between channels and allows the model to select

the most relevant features or channels while suppressing less important ones [73]. This leads to

more effective feature representations and thus better performance on the underlying task.

2.3.4 Shared MLP Decoder

The fused features generated from all the 4 fusion blocks are sent to the shared MLP

decoder. We use the deocder design proposed in [195]. The decoder shown in Figure 2.1a can be

represented as the following equations:

F i = Linear(F i), ∀i ∈ {1, 2, 3, 4}

F i = Upsample(F i), ∀i ∈ {1, 2, 3, 4}

F = Linear(F 1|| · · · ||F 4),

P = Linear(F ).

(2.10)

The first linear layers take the fused features of different shapes and generate features having the

same channel dimension. Then the features are up-sampled to 1
4

th of the original input shape,

concatenated along the channel dimension and passed through another linear layer to generate the

final fused feature F . Finally F is passed through the last linear layer to generate the predicted

segmentation map P .

2.4 Experiments and Results

We evaluated our model and proposed fusion block on multiple datasets and with dif-

ferent modality combinations for multimodal semantic and material segmentation tasks. We also

compared our methods with existing baseline methods both qualitatively and quantitatively. We
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report results from already published works whenever possible. ∗ indicates that we have used the

code and pretrained models from the papers to generate the results.

2.4.1 Datasets

Multimodal material segmentation (MCubeS) dataset [106] contains 500 sets of images from

42 street scenes having four modalities: RGB, AoLP, DoLP, and NIR. It provides annotated ground

truth labels for both material and semantic segmentation and divided into training set with 302

image sets, validation set with 96 image sets, and test set with 102 image sets. This dataset has 20

class labels corresponding to different materials.

FMB dataset [114] is a new and challenging dataset with 1500 pairs of calibrated RGB-Infrared

image pairs. The training and test set contains 1220 and 280 image pairs respectively. The dataset

covers a wide range of scenes under different lighting and weather conditions (Tyndall effect, rain,

fog, and strong light). It also provides per pixel ground truth annotation for 14 different classes.

PST900 dataset [158] contains 894 pairs of synchronized RGB-Thermal image pairs. The dataset

is divided into training and test sets with per pixel ground truth annotation for five different classes.

2.4.2 Implementation Details

To ensure a fair comparison with prior models, we followed the same data preprocess-

ing and augmentation strategies employed in previous studies [106, 215, 114]. We used the Mix-

Transformer (MiT) [195] encoder pretrained on the ImageNet [27] dataset as the backbone for our

model to extract features from different modalities. Each modality has a separate encoder. We used

a shared MLP decoder introduced in SegFormer [195] and used random initialization for it.
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Table 2.1: Performance comparison on Mul-
timodal Material Segmentation (MCubeS)
dataset. Here A, D, and N represent AoLP,
DoLP, and NIR respectively.

Method Modalities % mIoU

DRConv [15] RGB-A-D-N 34.63

DDF [232] RGB-A-D-N 36.16

TransFuser [143] RGB-A-D-N 37.66

DeepLabv3+ [16] RGB-A-D-N 38.13

MMTM [82] RGB-A-D-N 39.71

FuseNet [62] RGB-A-D-N 40.58

MCubeSNet [106] RGB-A-D-N 42.46

CBAM [185] RGB-A-D-N 51.32

CMNeXt [215] RGB-A-D-N 51.54

MMSFormer RGB-A-D-N 53.11

Table 2.2: Performance comparison on FBM
dataset. We show performance for different
methods from already published works.

Methods Modalities % mIoU

CBAM [185] RGB-Infrared 50.1

GMNet [237] RGB-Infrared 49.2

LASNet [95] RGB-Infrared 42.5

EGFNet [32] RGB-Infrared 47.3

FEANet [26] RGB-Infrared 46.8

DIDFuse [227] RGB-Infrared 50.6

ReCoNet [75] RGB-Infrared 50.9

U2Fusion [196] RGB-Infrared 47.9

TarDAL [113] RGB-Infrared 48.1

SegMiF [114] RGB-Infrared 54.8

MMSFormer RGB-Infrared 61.7

We trained and evaluated all our models using two NVIDIA RTX 2080Ti GPUs using

PyTorch. We utilized a polynomial learning rate scheduler with a power of 0.9 to dynamically

adjust the learning rate during training. The first 10 epochs were designated as warm-up epochs

with a learning rate of 0.1 times the original rate. For loss computation, we used the cross-entropy

loss function. Optimization was performed using the AdamW [120] optimizer with an epsilon value

of 10−8 and weight decay set to 0.01. For CBAM [185], we use the same encoder, decoder and

hyperparameters used in our experiments and replace our fusion block with CBAM1 module. To

be specific, after extracting the feature maps from each input modality using the modality specific

encoders, we add them (sum them up) and pass the combined feature map to the CBAM module.
1https://github.com/luuuyi/CBAM.PyTorch
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Table 2.3: Per-class % IoU comparison on MCubeS dataset. MMSFormer shows better performance
in detecting most of the classes compared to the current state-of-the-art models. ∗ indicates that the
code and pretrained model from the authors were used to generate the results.
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MCubeSNet [106] 85.7 42.6 47.0 59.2 12.5 44.3 3.0 10.6 12.7 66.8 67.1 27.8 65.8 36.8 54.8 39.4 73.0 13.3 0.0 94.8 42.9

CBAM [185] 85.7 47.7 55.4 70.4 27.6 54.7 0.9 30.9 26.5 61.6 63.0 28.0 71.1 41.8 58.6 47.4 76.7 56.3 25.9 96.5 51.3

CMNeXt [215] ∗ 84.3 44.9 53.9 74.5 32.3 54.0 0.8 28.3 29.7 67.7 66.5 27.7 68.5 42.9 58.7 49.7 75.4 55.7 18.9 96.5 51.5

MMSFormer 88.0 48.3 56.2 72.2 35.4 54.9 0.5 34.6 29.4 67.2 69.0 29.9 73.4 44.7 59.5 47.8 77.1 50.5 26.9 96.6 53.1

2.4.3 Performance Comparison with Existing Methods

We conducted a rigorous performance evaluation of our model compared to established

baseline models for three datasets. The comprehensive results are summarized in Tables 2.1–2.6.

We report results for CBAM from our experiments. Other results are taken from published literature.

Results on MCubeS Dataset. Table 2.1 shows the overall performance comparison be-

tween our model and existing baseline models for MCubeS dataset. Our model achieves a mean

intersection-over-union (mIoU) of 53.11%, surpassing the current state-of-the-art model. It shows

1.57% improvement over CMNeXt [215], 1.79% improvement over CBAM [185] and 10.65% im-

provement over MCubeSNet [106] models. To further analyze the performance of our model, we

conducted a per-class IoU analysis and presented in Table 2.3. Our model performs better in detect-

ing most of the material classes compared to the current best models. Notably, our model demon-

strates a substantial improvement in detecting plastic (+3.7%), fabric (+3.1%), asphalt (+2.3%), and

cobblestone (2.3%) classes while maintaining competitive or better performance in other classes.

This led to the overall better performance and sets new state-of-the-art for this dataset.
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Table 2.4: Per-class % IoU comparison on FMB dataset. We show comparison for 8 classes (out of
14) that are published. MMSFormer outperforms existing methods for all the classes except truck.

Methods Modalities Car Person Truck T-Lamp T-Sign Building Vegetation Pole % mIoU

SegMiF [114] RGB 78.3 46.6 43.4 23.7 64.0 77.8 82.1 41.8 50.5

MMSFormer RGB 80.3 56.7 42.1 31.6 77.8 77.9 85.4 48.1 57.2

CBAM [185] RGB-Infrared 71.9 49.3 20.9 25.8 67.1 75.8 80.9 19.7 50.1

GMNet [237] RGB-Infrared 79.3 60.1 22.2 21.6 69.0 79.1 83.8 39.8 49.2

LASNet [95] RGB-Infrared 72.6 48.6 14.8 2.9 59.0 75.4 81.6 36.7 42.5

EGFNet [32] RGB-Infrared 77.4 63.0 17.1 25.2 66.6 77.2 83.5 41.5 47.3

FEANet [26] RGB-Infrared 73.9 60.7 32.3 13.5 55.6 79.4 81.2 36.8 46.8

DIDFuse [227] RGB-Infrared 77.7 64.4 28.8 29.2 64.4 78.4 82.4 41.8 50.6

ReCoNet [75] RGB-Infrared 75.9 65.8 14.9 34.7 66.6 79.2 81.3 44.9 50.9

U2Fusion [196] RGB-Infrared 76.6 61.9 14.4 28.3 68.9 78.8 82.2 42.2 47.9

TarDAL [113] RGB-Infrared 74.2 56.0 18.8 29.6 66.5 79.1 81.7 41.9 48.1

SegMiF [114] RGB-Infrared 78.3 65.4 47.3 43.1 74.8 82.0 85.0 49.8 54.8

MMSFormer RGB-Infrared 82.6 69.8 44.6 45.2 79.7 83.0 87.3 51.4 61.7

Results on FMB Dataset. Performance Comparison for FMB dataset is shown on Ta-

ble 2.2. Our model shows a significant improvement of 6.9% mIoU compared to the current state-

of-the-art model. Per-class IoU analysis for this dataset is shown on Table 2.4. For a fair comparison,

we only compare the performance on 8 classes (out of 14) that are published in literature. T-Lamp

and T-Sign represent Traffic Lamp and Traffic Sign, respectively. Our model shows an overall

performance improvement of 6.7% mIoU for RGB only predictions compared to the most recent

SegMiF [114] model. Alongside this, our model also shows superior performance in detecting all of

the classes except for the truck class for both RGB only and RGB-Infrared semantic segmentation
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(a) Visualization of predictions on MCubeS dataset

(b) Visualization of predictions on PST900 dataset

Figure 2.2: Visualization of predictions on MCubeS and PST900 datasets. For brevity, we only
show the RGB image and ground truth material segmentation maps along with the predictions in
Figure 2.2a. Our model shows better predictions on both of the datasets.

tasks. Performance on RGB-Infrared input modalities is much better than RGB only performance

for all the classes, which demonstrates the ability of the fusion block to effectively fuse information

from the input modalities.

Results on PST900 Dataset. We also tested our model on PST900 [158] dataset and

summarized the result in Table 2.5. Experiments show that our model outperforms existing baseline

models for RGB-Thermal semantic segmentation on this dataset. It outperforms the most recent

CACFNet [233] model by 0.89% mIoU. Our model also shows better performance in detecting 3
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Table 2.5: Per-class % IoU and % mIoU comparison on PST900 dataset.

Methods Modalities Background Fire-Extinguisher Backpack Hand-Drill Survivor % mIoU

ACNet [74] RGB-Thermal 99.25 59.95 83.19 51.46 65.19 71.81

CCNet [76] RGB-Thermal 99.05 51.84 66.42 32.27 57.50 61.42

Efficient FCN [111] RGB-Thermal 98.63 39.96 58.15 30.12 28.00 50.98

RTFNet [164] RGB-Thermal 99.02 51.93 74.17 7.07 70.11 60.46

PSTNet [158] RGB-Thermal 98.85 70.12 69.20 53.60 50.03 68.36

EGFNet [235] RGB-Thermal 99.26 71.29 83.05 64.67 74.30 78.51

MTANet [234] RGB-Thermal 99.33 64.95 87.50 62.05 79.14 78.60

MFFENet [236] RGB-Thermal 99.40 66.38 81.02 72.50 75.60 78.98

GMNet [237] RGB-Thermal 99.44 73.79 83.82 85.17 78.36 84.12

CGFNet [172] RGB-Thermal 99.30 71.71 82.00 59.72 77.42 78.03

GCNet [112] RGB-Thermal 99.35 77.68 79.37 82.92 73.58 82.58

GEBNet [31] RGB-Thermal 99.39 73.07 85.93 67.14 80.21 81.15

GCGLNet [47] RGB-Thermal 99.39 77.57 81.01 81.90 76.31 83.24

DHFNet [12] RGB-Thermal 99.44 78.15 87.38 71.18 74.81 82.19

MDRNet+ [223] RGB-Thermal 99.07 63.04 76.27 63.47 71.26 74.62

FDCNet [224] RGB-Thermal 99.15 71.52 72.17 70.36 72.36 77.11

CBAM [185] RGB-Thermal 99.43 73.81 82.75 80.00 69.60 81.12

EGFNet [32] RGB-Thermal 99.55 79.97 90.62 76.08 80.88 85.42

CACFNet [233] RGB-Thermal 99.57 82.08 89.49 80.90 80.76 86.56

MMSFormer RGB-Thermal 99.60 81.45 89.86 89.65 76.68 87.45

out of the 5 classes available in the dataset and competitive performance in other two classes.

2.4.4 Performance Comparison for Incremental Modality Integration

A critical aspect of this work involves evaluating the effectiveness of our proposed fusion

block in combining valuable information from diverse modalities. To analyze this effect, we trained
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Table 2.6: Performance comparison (% mIoU) on MCubeS dataset for different modality combina-
tions. Here A, D, and N represent AoLP, DoLP, and NIR respectively.

Modalities MCubeSNet [106] CMNeXt [215] MMSFormer

RGB 33.70 48.16 50.44

RGB-A 39.10 48.42 51.30

RGB-A-D 42.00 49.48 52.03

RGB-A-D-N 42.86 51.54 53.11

our model with various combinations of modalities on the MCubeS dataset. The results are pre-

sented in Table 2.6. Our model exclusively trained on RGB data provided an mIoU score of 50.44%,

which is 2.28% grater than the current state-of-the-art model. We observe progressive improvement

in performance as we incorporated additional modalities: AoLP, DoLP, and NIR. The integration

led to incremental performance gains, with the mIoU increasing from 50.44% to 51.30%, then to

52.03%, and ultimately reaching to 53.11%. These findings serve as a compelling evidence that our

fusion approach effectively leverages and fuses valuable information from different combination of

modalities, resulting in a notable enhancement in segmentation performance.

Furthermore, our model consistently outperforms the current state-of-the-art benchmark

across all modality combinations. This consistent superiority underscores the robustness and ver-

satility of our fusion block, demonstrating its ability to adapt and excel regardless of the specific

modality combination provided.

2.4.5 Qualitative Analysis of the Predictions

Apart from quantitative analysis, we also perform qualitative analysis of the predicted

segmentation maps. We show material segmentation results predicted by CMNeXt [215] model
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(a) Visualization of predictions on MCubeS dataset for different modality combinations

(b) Visualization of predictions on FMB dataset for different modality combinations

Figure 2.3: Visualization of predicted segmentation maps for different modality combinations on
MCubeS and FMB datasets. Both figures show that prediction accuracy increases as we incre-
mentally add new modalities. They also illustrate the fusion block’s ability to effectively combine
information from different modality combinations.

and our proposed MMSFormer model in Figure 2.2a. For brevity, we only show RGB images and

ground truth material segmentation maps in the illustrations. We show RGB only predictions and

all modalities (RGB-A-D-N) predictions for both of the models. As highlighted in the rectangular

bounding boxes, our proposed MMSFormer model identifies asphalt, sand and water with greater

accuracy than CMNeXt [215] for both RGB only and all modalities (RGB-A-D-N) predictions.
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Table 2.7: Ablation study of the Fusion Block on FMB dataset with RGB and infrared modalities.
The table shows the contribution of different modules in fusion block in overall model performance.

Structure Parameter Count (M) % mIoU (Change)

MMSFormer 61.26 61.68

- without channel attention 61.21 58.32 (-3.36)

- without parallel convolutions 61.17 57.17 (-4.51)

- with 3x3, 7x7 and 11x11 convolutions 61.36 56.32 (-5.36)

- only linear fusion 59.57 52.43 (-9.25)

We also compare our prediction on PST900 dataset with RTFNet [164] and FDCNet [224]

on Figure 2.2b. We show the input RGB image, thermal images, ground truth segmentation maps

and predictions form the models. As highlighted by the rectangular bounding boxes, MMSFormer

shows better accuracy in detecting objects with more precise contours compared to other methods.

2.4.6 Ablation Study on the Fusion Block

We conducted a number of ablation studies to investigate the contributions of individual

components within the fusion block to the overall model performance. The findings, as detailed in

Table 2.7, shed light on the critical importance of these components. We used both RGB and infrared

modalities of the FMB dataset during training and testing in these experiments. First, we observed

that the absence of channel attention in the residual connection had a negative impact, resulting in a

reduction in performance by 3.36%. This indicates that feature calibration along channel dimension

plays an important role in capturing and leveraging crucial information effectively. Additionally,

while comparing larger convolution kernel sizes (3×3, 7×7, and 11×11) to the originally employed

(3 × 3, 5 × 5, and 7 × 7), we noted a decrease in performance by 5.36%. This result underscores
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Table 2.8: Per class % IoU comparison on MCubeS dataset for different modality combinations.
As we add modalities incrementally, overall performance increases gradually. This table also shows
that specific modality combinations assist in identifying specific types of materials better.

Modalities
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RGB 83.2 44.2 52.1 70.4 31.0 51.6 1.3 26.2 21.8 65.0 61.8 31.3 72.5 45.0 55.4 46.0 74.7 56.0 22.7 96.4 50.4

RGB-A 86.5 46.5 55.9 73.0 35.3 56.0 0.8 27.3 27.8 66.2 67.0 28.6 69.6 43.0 57.6 49.6 76.4 53.8 8.4 96.6 51.3

RGB-A-D 86.0 44.0 55.5 68.1 31.9 54.8 2.3 30.0 29.7 69.4 73.7 32.2 69.4 41.4 59.2 48.3 76.6 50.6 20.9 96.7 52.0

RGB-A-D-N 88.0 48.3 56.2 72.2 35.4 54.9 0.5 34.6 29.4 67.2 69.0 29.9 73.4 44.7 59.5 47.8 77.1 50.5 26.9 96.6 53.1

the significance of the carefully chosen convolution kernel sizes within the fusion block.

Furthermore, completely removing the parallel convolutions from the block led to a per-

formance decline of 4.51%, emphasizing their substantial contribution in capturing multi-scale fea-

tures and overall model performance. Finally, if we only use the linear fusion layer to fuse the

features and remove the parallel convolutions and channel attention from the fusion block, perfor-

mance drop significantly by 9.25%. These studies demonstrate that multi-scale feature capturing

via parallel convolutions and channel-wise feature calibration using channel attention is extremely

important in learning better feature representation and thus crucial to overall model performance.

These comprehensive ablation studies collectively underscore the significance of every component

within the fusion block, revealing that each module plays a distinct and vital role in achieving the

overall performance of our model.

2.4.7 Ablation Study on Different Modality Combinations

To analyze the contributions of different modalities in the identification of distinct materi-

als, we conducted a series of ablation studies, focusing on per-class IoU for different modality com-
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binations. The insights are summarized in Table 2.8. As we progressively integrate new modalities,

performance gradually increases for specific classes, which include grass, leaf, asphalt, cobblestone

and plastic classes. Particularly noteworthy is the assistance provided by NIR data in classifying

asphalt, concrete, plastic, cobblestone, and human categories, leading to significant performance

gains in these classes as NIR was added as an additional modality.

Conversely, certain classes such as water and brick exhibited a gradual performance de-

cline as we introduced additional modalities. This suggests that RGB data alone suffices for accu-

rately identifying these classes, and the inclusion of more modalities potentially introduces noise

or redundancy that negatively impacts performance. Moreover, AoLP appears to be helpful in en-

hancing the recognition of materials like road markings, glass and wood. Similarly, DoLP improved

performance for classes like plaster, rubber, sand, gravel and ceramic. These findings underscore the

relationship between different imaging modalities and the unique characteristics of different types

of materials, demonstrating that specific modalities excel in detecting particular classes based on

their distinctive traits.

In Figure 2.3a, we present some examples to show how adding different modalities help

improve performance. We show predictions for RGB, RGB-A, RGB-A-D and RGB-A-D-N from

our proposed MMSFormer model. As we add new modalities, the predictions become more accurate

as shown in the bounding boxes. The illustrations show that the identification of concrete and gravel

becomes more accurate with additional modalities. Figure 2.3b shows predictions for RGB and

RGB-Infrared from FMB dataset. As highlighted by the bounding boxes, adding new modality helps

improve performance in detecting building, road and sidewalks. This also illustrates the capability

of the fusion block to effectively fuse information from different modality combinations.
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Table 2.9: Comparison of number of parameters in the fusion block and GFLOPs for MCubeS
dataset having 4 input modalities with an input shape of (3 × 512 × 512) for each modality. Our
fusion block shows significantly lower complexity compared to existing methods.

Methods Fusion Block Parameters (M) GFLOPs

CMNeXt [215] 16.63 6.47

MCubeSNet [106] 7.41 12.10

HRFuser [11] 1.72 17.50

CMX [214] 16.59 6.41

DDF (Resnet-101) [232] 28.10 4.10

MMSFormer (Ours) 3.23 2.47

2.4.8 Computational Complexity of the Fusion Block

In addition to better performance, our fusion block is also computationally efficient com-

pared to most of the fusion blocks proposed for these datasets. We show a comparison in terms of

the number of parameters in the fusion block and GFLOPs for some recent models on Table 2.9 for

MCubeS dataset having 4 input modalities with an input shape of (3×512×512) for each modality.

As observed from the table, our proposed fusion strategy demonstrates significantly lower complex-

ity in terms of both the number of parameters and GFLOPs compared to existing methods. HRFuser

[11] has a lower parameter count than ours but it requires more than 7× GFLOPs. Other methods

require significantly more parameters (2.3×− 8.7×) and GFLOPs (1.6×− 7×) compared to our

proposed fusion strategy. Our comparison only includes models for which these results are available

in the published literature.
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2.5 Conclusion

In this work, we introduce a novel fusion module designed to combine useful informa-

tion from various modality combinations. We also propose a new model called MMSFormer that

integrates the proposed fusion block to accomplish multimodal material and semantic segmentation

tasks. Experimental results illustrate the model’s capability to efficiently fuse information from

different combination of modalities, leading to new state-of-the-art performance on three different

datasets. Experiments also show that the fusion block can extract useful information from differ-

ent modality combinations that helps the model to consistently outperform current state-of-the-art

models. Starting from only one input modality, performance increases gradually as we add new

modalities. Several ablation studies further highlight how different components of the fusion block

contribute to the overall model performance. Ablation studies also reveal that different modalities

assist in identifying different types of material classes. However, one limitation of the proposed

model is the use of modality specific encoders and the number of encoders grows with number of

modalities. Future work will include exploring the possibility and effectiveness of using a shared

encoder for all the modalities, investigating and extending the model’s capability with other modal-

ities and multimodal tasks.
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Chapter 3

Robust Multimodal Learning with

Missing Modalities via

Parameter-Efficient Adaptation

3.1 Introduction

Multimodal learning (MML) [8, 197] is a general framework for processing, combining,

and understanding information from multiple, diverse data sources. Fusing knowledge from multi-

ple modalities (e.g., text, images, audio, and sensor data) is expected to provide more accurate and

reliable systems. In recent years, MML has achieved remarkable success in a wide range of applica-

tions, including image segmentation [18, 178, 148], captioning [220, 205], classification [51, 152],

sentiment analysis [161, 84], and autonomous driving [194, 150]. In all these applications, one

often encounters situations where some modalities are corrupted or missing due to hardware limita-
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Figure 3.1: a) Overview of our model adaptation approach. A model pretrained on all the modalities
is adapted using a small number of learnable parameters to handle different modality combinations.
We insert adaptable layers after each layer of the encoders and the fusion block to learn the modu-
lation as a function of the available input modalities to compensate for the missing modalities. The
grayed-out branch (missing modality) is inactive and does not contribute to the output. b) Low-rank
model adaption computes features using frozen weights and low-rank weight updates and combine
them. c) Scale and shift adaptation transforms input by element-wise multiplication and addition.

tions/failures, privacy concerns or data acquisition cost/constraints. The ability to handle corrupt or

missing modalities is thus crucial for the robustness and reliability of multimodal systems. However,

most of the existing multimodal models are not designed to handle corrupt or missing modalities.

The primary focus of this paper is to study and enhance robustness of existing multimodal models

in different missing modality scenarios.

Recent studies [124, 61, 130] have shown that MML is not inherently robust to missing

modalities and performance can drop significantly when modalities are missing at test time. Existing

approaches for robust MML usually work for specific combinations of modalities they are trained

for and tend to perform poorly when applied to untrained combinations. For instance, one approach

is to adopt robust training strategies such as modality dropout during training [136, 77], partial or

full modality masking [5, 157], and knowledge distillation [166, 127]. These approaches either
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require specialized training strategies or utilize extra models/sub-networks to guide the underlying

model. Another approach replaces uninformative tokens with aggregated informative tokens from

different modalities or learns to predict tokens for the specific missing modalities [178, 186, 157].

Training such separate (independent) networks for every possible modality combination is not fea-

sible specially when the number of input modalities is large. One recent approach for robust MML

is to impute missing modalities from the available modalities [203, 155, 33]. Performance of these

methods depend on the generation model that imputes the missing modalities.

In this work, we propose a parameter-efficient approach to adapt existing multimodal net-

works to perform well on different missing modality scenarios. Our main objective is to modify

the network in a controllable manner as a function of available modalities. For instance, if a

modality is missing, we seek to modify how the features from available modalities are extracted and

fused for the inference. Instead of learning an independent network for each modality combination,

our goal is to perform parameter-efficient adaptation. Figure 3.1 illustrates our proposed method,

where a given multimodal network can be adapted to arbitrary modality combinations by trans-

forming the intermediate features of the available input modalities at different layers. To achieve

parameter-efficient adaptation, we propose to use simple linear transformations such as scaling and

shifting to modulate the intermediate features or low-rank increments of features to compensate for

the missing modalities. Our method does not require retraining the entire model or any specialized

training strategy. The adapted networks provide significant performance improvement over the mul-

timodal networks trained with all modalities and tested with missing modalities. Performance of the

adapted models is also comparable or better than the models that are exclusively trained for each in-

put modality combination as shown in Table 3.1. We present a series of experiments to evaluate our
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method and compare with existing methods for robust MML on five multimodal tasks across seven

datasets (Section 3.4.1). We tested different parameter-efficient adaptation strategies and found in-

termediate feature modulation with scaling and shifting provides overall best performance, which is

discussed in Section A1.4. Our method shows significant performance improvement with less than

1% additional learnable parameters as discussed in Section 3.4.7. The main contributions of this

work can be summarized as follows.

• We propose parameter-efficient adaptation procedure for multimodal learning that is robust

to missing modalities. The adapted model can easily switch to different network states based

on the available modalities with minimal latency, computational, or memory overhead.

• The adapted networks provide notably improved performance with missing modalities when

compared to models trained with all modalities and is comparable to or better than the net-

works trained for specific modality combinations (Table 3.1).

• Our approach is versatile and adaptable to a wide range of multimodal tasks, datasets and

models. Detailed evaluations on different datasets and tasks show that our approach outper-

forms existing baseline methods and robust models designed for specific tasks and datasets

(Section 3.4.3 - Section 3.4.6).

3.2 Related Work

Multimodal learning with missing modalities has been studied for different applications

in recent years. For instance, robustness in vision-language tasks with multimodal transformers in

[124], multimodal sentiment analysis in [61], multimodal classification in [94], and multimodal ac-
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tion recognition in [186]. These studies have shown that the task performance can drop significantly

when modalities are missing during test time.

Robust training strategies have been proposed to make models robust to different miss-

ing modalities. Such approaches include modality dropout during training [136, 77], unified repre-

sentation learning [93], and supervised contrastive learning [46]. Modality masking during training

has become a popular choice for enhancing robustness. [157] utilized complementary random mask-

ing, [65] used masked auto encoder, and [124] applied masked cross-modal attention for enhancing

missing modality robustness. [61] proposed noisy perturbation of modalities during training for

robust multimodal sentiment analysis. Recently, [101] proposed uni-modal ensemble with modality

drop and substitution augmentation during training to adapt to different missing modality scenarios.

Design of robust models and fusion strategies is another approach for robust MML. [39]

proposed a recursive meshing technique called SpiderMesh and [157] designed complementary ran-

dom masking (CRM) and knowledge distillation based framework for robust RGB-thermal semantic

segmentation. [178] proposed TokenFusion to dynamically detect and replace uninformative tokens

with projected tokens from other modalities for robust RGB-depth semantic segmentation, image-

to-image translation, and 3D object detection. [171] proposed a model that learns modality-shared

and modality-specific features for robust brain tumour segmentation. [24] proposed a robust fusion

strategy for multimodal classification. The main limitation of these methods is that they are gener-

ally designed for a specific modality combination and do not perform well when applied to other

multimodal tasks [107].

Knowledge distillation and generation methods have also become popular for robust

MML. Studies by [155] and [203] used GAN based generative models while [33] used VAE based
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generative models for imputing missing modalities from available input modalities for unlerlying

multimodal tasks. Recently [147] introduced an approach to learn missing modality tokens from

available modalities. Different knowledge distillation approaches have also been applied in several

multimodal tasks. [166] proposed mean teacher and [127] introduced multimodal teacher for semi-

supervised image segmentation. [157] and [61] applied self-distillation loss for robust RGB-thermal

semantic segmentation. Apart from these approaches, weight space ensembling [189], policy learn-

ing [124], optimal transport based approach [59] and optimal fusion strategy designing [127] were

also studied for robust MML for various tasks.

These approaches are either designed for specific tasks/modality combinations [178, 157,

39] or require training extra modules/sub-networks [166, 127] for guiding the model under different

missing modality scenarios. Our goal is to design a generic framework that is parameter-efficient

and applicable to any model and modality combinations.

Parameter-efficient network adaptation has become very popular in recent years [70,

109]. A number of parameter-efficient methods have been proposed for transfer learning [64, 30]

and uni-modal domain/task adaptation [71, 104]. We can divide the approaches into the following

two major categories:

Low-rank/additive adaptation has been applied for uni-modal model fine-tuning and domain

adaptation. For instance, LoRA [71], QLoRA [28], KronA [37], and KAdaptataion [67] learn

low-rank factors for task/domain adaptation. Let W be the weight matrix of any dense layer of

a given pretrained uni-modal model. These approaches learn a low-rank weight update matrix ∆W

to transform the input x to that layer as h = Wx+∆Wx, where h is the updated feature. Since the
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update matrix ∆W is low-rank, the number of learnable parameters remains a fraction of the total

number of model parameters.

Feature modulation based approach is another parameter-efficient method to transform interme-

diate features of the pretrained model [80, 4, 193, 104]. As shown in Figure 3.1c, it applies a linear

transformation to the given input token/feature with learnable scale (γ) and shift (β) parameters.

Given an input token x, this approach generates the output token as h = γ⊙x+β, where γ, β, x, h

are vectors of same dimension and ⊙ represents element-wise multiplication along the embedding

dimension. These scale (γ) and shift (β) parameters are input-independent and learned during the

training process to help the model adjust and fine-tune its representations for better performance on

the underlying task.

Though parameter-efficient adaptation approaches have shown great potential in transfer

learning, model fine tuning and task/domain adaptation, their potential remains unexplored in the

context of missing modality in MML. In this study, we focus on parameter-efficient approaches to

build our generic framework to enhance missing modality robustness in MML.

3.3 Proposed Method

In this section we first present a general framework for network adaptation for missing

modalities. Then we discuss why we focus on parameter-efficient adaptation, present details of our

proposed approach for missing modality adaptation and highlight the key benefits of our approach.
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3.3.1 Network Adaptation for Missing Modalities

Let us denote the set of input modalities for a given multimodal task asM = {m1, . . . ,mM}.

Given the full set M, we can train a model f with parameters ΘM that maps inputs from all the

modalities (denoted as XM) to an output yM as

yM = f(XM; ΘM). (3.1)

While we can ensure the availability of all input modalities during training, it is possible

that some modalities may be inaccessible at test time, especially after real-world deployment. Any

subset of modalities M can get missing due to hardware failure, data acquisition cost or privacy

concerns. If we use a model trained on all the input modalities as denoted by (3.1), significant

performance drop is observed when a subset of modalities gets missing during test time as shown

in Table 3.1.

Naı̈ve approach

When a subset of the modalitiesM is missing, a simple and naı̈ve approach is to train a

new model for the available input modalities. Without loss of generality, supposeK ⊂M represents

missing modalities. We can use the available input modalities S =M\ K to retrain the model f

for a new set of parameters ΘS as

yS = f(XS ; ΘS), (3.2)

where XS represents input data for modalities in S. In principle, we can train one model for every

possible S ⊂ M and use the corresponding model at the test time. Such an approach is infeasible

because of computational and storage resources required to train models for a large number of

possible modality combinations. Furthermore, deploying a large number of trained models and
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selecting one of them at test time is not feasible in real-world scenarios. Another drawback of this

method is that, even though we would like yS ≈ yM, the training process mentioned earlier does

not guarantee it.

Parameter-efficient approach

We propose an alternative approach to adapt a single model for all subsets of input modal-

ities S ⊂ M in a parameter-efficient manner. First, we select a model f trained on the full set of

modalitiesM as shown in (3.1) and freeze the parameters ΘM. Then we learn a small number of

parameters ∆S , specific to the available input modality set S, and update the model as

ŷS = f(XS ; ΘM,∆S), (3.3)

where ŷS represents the prediction of the updated model. Our goal is to keep ŷS close to all modality

prediction yM in the best case (ŷS ≈ yM) and close to the prediction yS made by a model trained

on the available input modalities in the worst case (ŷS ≈ yS).

The adaptation method shown in (3.3) is considered parameter-efficient if the number

of parameters in ∆S is significantly smaller compared to the total number of parameters in ΘM.

During adaptation, we keep ΘM frozen and demonstrate that less than 1% of the total parameters

for ∆S are sufficient for network adaptation (Section 3.4.7).

Need for parameter-efficient adaptation

In recent years, a number of approaches have been proposed for MML with missing

modalities. To the best of our knowledge, parameter-efficient adaptation is still unexplored in this

field. The current methods for robust MML, as discussed in Section 3.2, require retraining the whole
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model with specialized training strategy [157, 77] or utilize extra module/sub-network to guide the

multi-modal model [127, 166]. Furthermore, these methods are not very generic and do not perform

well on different missing modality scenarios as shown in Table 3.2 and 3.3. To solve these issues,

we propose parameter-efficient adaptation for enhancing missing modality robustness of MML. Our

approach requires learning a very small number of parameters for different missing modality sce-

narios without the need to retrain the whole network. Furthermore, it is also applicable to diverse

model architectures, tasks and modality combinations as discussed in Section 3.4.

3.3.2 Parameter-Efficient Adaptation for Robust MML

This section outlines our approach for multimodal network adaptation for missing modal-

ities. We explain the reasons behind selecting intermediate feature modulation and compare with

other parameter-efficient methods, highlighting key benefits of our approach.

Adaptation for multimodal models. To the best of our knowledge, no parameter-efficient

adaptation approach has been proposed or applied for multimodal model adaptation to handle miss-

ing modalities. We draw our motivation from low-rank adaptation [71, 9, 4, 80] and feature modu-

lation based approach [104]. These approaches can enhance the representation capabilities of deep

models. We extend these adaptation approaches to build a generic framework that can transform

the intermediate features of the available modalities to find an optimal feature representation to

compensate for the performance gap due to missing modalities.

Training: model adaptation for missing modalities

Our approach is illustrated in Figure 3.1. Without loss of generality, let us assume a

generic multi-modal model in which each modality goes through a separate encoder for feature
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extraction, followed by a fusion block to fuse the extracted features. The fused feature is passed to

a decoder head for making prediction. This setup can be easily generalized to models with shared

encoder, different encoder/model architecture and/or different (early or mid) fusion strategy.

We train this multimodal network f with all available modalities inM to learn the param-

eters ΘM as shown in (3.1). Then we adapt f for different subsets of available modalities S ⊂M.

Unlike existing methods, we do not try to generate [125, 5], approximate [178, 171] or distill knowl-

edge [157, 127] from any other modality/sub-network. Our goal is to learn a modified function for

the available input modalities to appropriately learn and fuse features to compensate for any missing

modality. Instead of re-training the entire network on the available modalities as shown in (3.2), we

adapt the base network f and focus on learning a minimal set of parameters following (3.3).

To adapt the base model f , as shown is Figure 3.1a, we freeze the parameters ΘM (marked

as � in light blue rectangles), which freezes all the layers in the model. Then we insert adaptable

layers with learnable parameters ∆S (marked as \ in light orange rectangles) after each frozen

linear, convolutional, and norm layers. We show the missing modality branches as grayed-out indi-

cating that they are inactive and do not contribute to the model output. Then we adapt f following

(3.3) to learn ∆S . While learning ∆S for a given modality combination, S, we set the missing

modalities to zero following standard practice [77, 127, 157, 107]. We minimize the cross-entropy

loss with respect to ∆S for different modality combinations.

Below we discuss how to use low-rank and intermediate feature modulation-based adap-

tation to accommodate missing modalities. Our framework is generic and can also incorporate other

parameter-efficient adaptation approaches.
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Low-rank/additive adaptation. We extend low-rank/additive approaches to adapt multimodal

model for missing modalities. Let us assume that Wm be one of the weight matrices from any

layer for the mth input modality where m ∈ S. As shown in Figure 3.1b, we learn a low-rank

weight update matrix ∆Wm for that layer to transform the input hm,i to the layer as

hm,o = Wmhm,i +∆Wmhm,i, for all m ∈ S, (3.4)

where hm,o is the transformed output feature that is passed to the next layer in the model. Since

∆Wm is low-rank, the total number of learnable parameters remains a fraction of the total number of

model parameters. We can represent the learnable parameters ∆S = {∆Wm}m∈S as the collection

of all low-rank update matrices.

Intermediate feature modulation. We extend SSF [104] method to work with multimodal models

with missing modalities. The adaptable SSF layers modulate the intermediate tokens/features from

each available modality at every layer as shown in Figure 3.1c. For the mth input modality where

m ∈ S, we denote the learnable scale and shift parameters as γm ∈ Rd and βm ∈ Rd respectively

where d is the embedding dimension of the model. The output hm,o ∈ RN×d form any frozen layer

for the mth input modality goes through the SSF layer that follows it. The SSF layer applies a linear

transformation on hm,o as follows:

hm,i = γm ⊙ hm,o + βm, for all m ∈ S, (3.5)

where hm,i ∈ RN×d is the transformed feature which is fed to the next frozen layer in the model

and N is the number of tokens. Note that if the output of any layer is of shape (H × W × d)

(for convolutional layers), we reshape it to (N × d), where N = H ×W , before applying (3.5).

We reshape the transformed feature back to the original shape (if required) before passing it to the
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next layer. We can represent the learnable parameters as ∆S = {γS , βS} = {γm, βm}m∈S . BitFit

[9] method can also be used for adaptation as we only need to learn the bias/shift terms βm for all

m ∈ S. We modify (3.5) as

hm,i = hm,o + βm, for all m ∈ S, (3.6)

and the learnable parameters can be represented as ∆S = {βm}m∈S . Thus the intermediate features

from each available modality are modulated to find a better representation to compensate for the

missing modalities.

Inference: model adaptation for missing modalities

At the test time, we load the base multimodal model f with the pretrained weights ΘM.

If all the modalities are available, then we can use ΘM to make predictions. When a subset of

the modalities are missing, we can select the learned parameters ∆S corresponding to the available

input modalities S, insert them into the model and use them to make prediction as follows:

ŷS =


f(XS ; ΘM) if S =M,

f(XS ; ΘM,∆S) if S ⊂M.

(3.7)

Since we are inserting the adaptable layers after each layer, it does not require any major

change to the model architecture and can be done easily without reloading all the model parameters

ΘM. We just need to load the parameters in ∆S and insert them into the model. Since we only

insert a very small number of additional parameters, it adds very limited computational overhead.

Furthermore, if a different subset of modalities becomes available, the adjustment is straightforward.

We only need to replace the existing learned parameters ∆S with the corresponding parameters for
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the available modality set, ensuring adaptability and flexibility in handling diverse combinations of

available modalities during the testing phase.

We only insert adaptable layers in the encoders and fusion blocks, while keeping the

decoder/prediction head unchanged. We observed that using pretrained decoder/prediction head

provided a good overall performance with several missing modalities.

Feature modulation vs low-rank adaptation

While we present three adaptation approaches in (3.4), (3.5), and (3.6), we select inter-

mediate feature modulation with SSF (3.5) as the main approach for our experiments. We primarily

selected this technique because of its simplicity and effectiveness. Our experiments show that fea-

ture transformation via simple linear transformation with SSF works well for most of the scenarios

compared to other parameter-efficient adaptation approaches as summarized in Table A1.3. We

provided a detailed comparison in terms of mean accuracy, F1 score and % mIoU in Table A1.4,

A1.5 and A1.6 in the supplementary section. SSF shows great promise in enhancing representation

power [4], faster convergence [80], prevents loss of information in the representation learning pro-

cess [193] and mitigates distribution mismatch between the upstream and downstream tasks [104].

These characteristics motivated us to extend this method for MML with missing modalities and

build a generic framework that is very effective in learning the proper modulation of available input

modalities to bridge the performance gap in the face of missing modalities.

Some key benefits of this approach are as follows. First, The parameters {γ, β} are in-

dependent of the input features/modalities, which makes it applicable to diverse tasks and input

modality combinations. Second, we can easily insert these learnable layers in existing models with-

out changing the model architecture. We can easily switch/select the corresponding SSF parameters
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for a given input modality combination. Finally, it introduces extremely small number of additional

learnable parameters. The resulting adaptation offers significant savings compared to training a

separate model for each input combination or retraining the model using some specialized training

strategy like modality dropout [77, 136] or knowledge distillation [157, 127].

3.4 Experiments and Results

We performed detailed experiments to evaluate the effectiveness and generalizability of

our proposed method on five multimodal tasks across seven datasets. In this section, we present

comparison with existing baseline methods that are robust to missing modalities.

3.4.1 Datasets and Tasks

In this section, we provide a brief description of each dataset. Please refer to Section A1.1

in the supplementary materials for comprehensive details on each dataset.

Multimodal semantic segmentation.

MFNet dataset [55] contains 1569 registered RGB-Thermal image pairs and divided into train and

test sets. Each image is 640× 480 pixels, contains annotation for 9 classes.

NYUDv2 dataset [159] has 1449 pairs of aligned RGB-Depth image pairs. It is divided into train

and test sets having 795 and 654 image pairs respectively. Each image is 640 × 480 pixels and

contains annotation for 40 classes. We used HHA encoded images [54] instead of raw depth maps

for our experiments.
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Multimodal material segmentation

MCubeS dataset [106] has 4 input modalities: RGB, Angle of Linear Polarization (AoLP), Degree

of Linear Polarization (DoLP) and Near-Infrared (NIR). The dataset is divided into train, validation

and test sets containing 302, 96 and 102 sets of images respectively along with ground truth per-

pixel annotation for 20 material classes.

Multimodal action recognition

NTU RGB+D (NTU60) dataset [154] contains 56,880 video samples across 60 action classes.

It contains RGB videos (1920 × 1080), depth map sequences (512 × 424), infrared (IR) videos

(512 × 424) and 3D skeletal data. We use RGB and depth data for our experiments and evaluate

performance using cross subject protocol.

Multimodal sentiment analysis

CMU-MOSI dataset [210] contains audio, visual and text modality for multimodal sentiment anal-

ysis. The dataset has 2,199 samples divided into train, validation and test containing 1,284, 229 and

686 samples respectively.

CMU-MOSEI dataset [6] is another large scale dataset. It contains 23,453 samples having audio,

visual and text. The dataset is divided into train, validation and test sets.

Multimodal classification

UPMC Food-101 dataset [177] is a popular multimodal classification dataset containing image and

text as input modalities. The dataset contains 90,704 image-text pairs and 101 food categories.
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3.4.2 Implementation Details

We use CMNeXt [215] as the base model for multimodal segmentation tasks, multimodal

transformer [168] for multimodal sentiment analysis, UMDR [230] for multimodal action recogni-

tion and ViLT [90] for multimodal classification. We train the corresponding base model with all the

input modalities for each dataset. To evaluate performance with missing modalities, we provide the

available modalities and set the missing modalities to zero for images and empty string for texts. To

perform model adaptation for any modality subset S ⊂ M, we fine tune the learnable parameters

until convergence for all the tasks.

For multimodal segmentation tasks, we set the learning rate to 6× 10−5 and apply poly-

nomial learning rate scheduler with power = 0.9. The first 10 epochs are warm-up epochs and the

learning rate is set to 0.1 times the original rate. The scale (γ) and shift (β)parameters were initial-

ized with all 1s and 0s respectively. We use cross-entropy loss and AdamW optimizer [120], with

ϵ = 10−8 and weight decay = 0.01. We set batch size to 4 and report single scale performance. All

other hyper-parameters are the same as [215]. For multimodal sentiment analysis, action recogni-

tion and classification tasks, we used the default settings from [207], [230] and [94] respectively.

Please refer to Section A1.2 in the supplementary materials for additional details.

For every task/dataset, we show the reported results from prior works where possible. It

is important to note that, because of this criteria, some of the baseline methods may only be present

in specific experiments depending on the availability of their reported numbers. We also perform

detailed comparison of SSF with other parameter-efficient adaptation techniques which we discuss

in Section A1.4 in the supplementary materials.
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Table 3.1: Performance comparison with different baseline methods for multimodal semantic seg-
mentation on MFNet and NYUDv2 datasets and multimodal material segmentation on MCubeS
dataset. We use CMNeXt as the base model. Bold letters represent best results.

Dataset
Input Missing Pretrained Modality Dedicated Adapted

Modalities Modalities Models Duplication Training (Ours)

MFNet

RGB-Thermal - 60.10 60.10 60.10 60.10

RGB Thermal 53.71 52.33 55.86 55.22

Thermal RGB 35.48 44.43 53.34 50.89

NYUDv2

RGB-Depth - 56.30 56.30 56.30 56.30

RGB Depth 51.19 46.19 52.18 52.82

Depth RGB 5.26 13.94 33.49 36.72

MCubeS

RGB-AoLP-DoLP-NIR - 51.54 51.54 51.54 51.54

RGB-AoLP-DoLP NIR 49.06 49.93 49.48 51.11

RGB-AoLP DoLP-NIR 48.81 49.23 48.39 50.62

RGB AoLP-DoLP-NIR 42.32 48.96 48.11 50.43

3.4.3 Experiments on Multimodal Segmentation

In this section, we present experimental results for multimodal semantic and material

segmentation. First, we show an overall comparison of our approach with baselines methods and

then we compare with existing robust methods.

Overall performance comparison

We report experimental results for different baseline methods in Table 3.1. Pretrained

model refers to the base CMNeXt model trained with all the available modalities. Modality Dupli-

cation means that one of the available modalities is used as a substitution for the missing modality.

Dedicated training indicates that we train one CMNeXt model for each input modality combination
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and use the model corresponding to the available modalities when modalities get missing. Adapted

model refers to the model that is adapted using our approach for each modality combination.

Pretrained model show significant performance drop with missing modalities. We see a

6.39% and 5.11% drop when Thermal is missing on MFNet and Depth is missing on NYUDv2,

respectively, compared to the case when all modalities are available. The effect is amplified when

RGB gets missing as we observe 24.62% and 51.04% drop on MFNet and NYUDv2 dataset re-

spectively. On MCubeS dataset, we observe 2.48–9.22% drop in pretrained model when different

modality combinations are missing. Similar trend of performance drop is observed for modality

duplication approach though it performs better than pretrained models for most of the cases.

The overall performance of the Adapted model is significantly better than Pretrained

model and Modality Duplication approach. For MFNet, an improvement of 1.51% and 15.41% is

observed compared to the Pretrained model when RGB and Thermal are available respectively. The

performance of the Adapted models is also close to the Dedicated models. For NYUDv2 dataset,

we see 1.63% and 31.46% performance improvement compared to Pretrained model when depth

and RGB are missing, respectively. For all input combinations on MCubeS dataset, we see 1.82–

8.11% performance improvement compared to the Pretrained model. The Adapted model performs

better than Dedicated models on NYUDv2 and MCubeS datasets. Per-class IoU analysis shows that

adapted models perform better than pretrained models for most of the classes which provides an

overall performance improvement as discussed in Section A1.5.

Feature modulation during adaptation helps the model learn better feature representation

and thus it performs better when modalities are missing (Section 3.4.7). Results also indicates that

we do not need to train a dedicated network for each modality combination which requires more
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Table 3.2: Performance comparison with existing robust methods for MFNet dataset. RGB and
Thermal columns report performance when only RGB and only Thermal are available. Average
column reports average performance when one of the two modalities gets missing. ‘-’ indicates that
results for those cells are not published. ∗ indicates that available code and pretrained models from
the authors were used to generate the results.

Methods Backbone
Parameters RGB Thermal Average

(M) mAcc % mIoU mAcc % mIoU mAcc % mIoU

FuseNet [63] VGG-16 [160] - 11.11 10.31 41.33 36.85 26.22 23.58

MFNet [55] DCNN [204] 0.73 26.62 24.78 19.65 16.64 23.14 20.71

RTFNet [164] ResNet-152 [66] 254.51 44.89 37.30 26.41 24.57 35.65 30.94

SAGate [18] ResNet-50 [66] 110.85 32.01 30.57 13.34 12.51 22.68 21.54

FEANet [26] ResNet [66] - 15.96 8.69 58.35 48.72 37.16 28.71

MDRNet [223] ResNet-50 [66] 64.60 57.11 45.89 41.98 30.19 49.55 38.04

VPFNet [107] ResNet-50 [66] - 48.14 41.08 42.20 35.80 45.17 38.44

SpiderMesh [39] ResNet-152 [66] 151.81 - 39.60 - 50.50 - 45.05

CRM [157] Swin-S [117] 117.68 - 52.70 - 53.10 - 52.90

CMNeXt [215]∗ MiT-B4 [195] 116.56 60.74 53.71 38.18 35.48 49.46 44.60

Adapted (Ours) MiT-B4 [195] 117.35 67.18 55.22 66.70 50.89 66.94 53.06

time and computation resources. Rather adapting one base model is sufficient to have comparable or

even better performance in missing modality scenarios with less time and computational overhead.

Comparison with robust methods on MFNet dataset

We compare the performance of the Adapted model with existing robust models for RGB-

thermal semantic segmentation on MFNet dataset in Table 3.2. Results show that the Adapted model

offers the best average performance compared to existing baseline methods. Among the robust mod-

els, complementary random masking and knowledge distillation based model CRM [157] shows
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Table 3.3: Performance comparison with existing robust methods for NYUDv2 dataset. RGB and
Depth columns report performance when only RGB and only Depth are available. Average column
indicates average performance when one of the two modalities gets missing. ∗ indicates that avail-
able code and pretrained models from the authors were used to generate the results.

Methods Backbone
Parameters RGB Depth Average

(M) mAcc % mIoU mAcc % mIoU mAcc % mIoU

FCN [119] VGG-16 [160] 134.00 44.70 31.60 35.70 25.20 40.20 28.40

Dilated FCN-2s [83] VGG-19 [160] 55.81 47.10 32.30 39.30 26.80 43.20 29.55

AsymFusion [180] ResNet-101 [66] 118.20 59.00 46.50 45.60 34.30 52.30 40.40

CEN [179]∗ ResNet-101 [66] 118.20 51.77 39.59 28.98 19.32 40.38 29.46

TokenFusion [178]∗ MiT-B3 [195] 45.92 63.49 49.32 46.83 36.84 55.16 43.08

CMNeXt [215]∗ MiT-B4 [195] 116.56 64.10 51.19 8.30 5.26 36.20 28.23

Adapted (Ours) MiT-B4 [195] 117.35 67.96 52.82 52.42 36.72 60.19 44.77

competitive performance with the Adapted model. The Adapted model performs better when only

RGB is available while CRM performs better when only Thermal is available. Notably CRM is de-

signed specifically for RGB-Thermal pairs and requires specialized training approach. In contrast,

our approach is generic, applicable to any input modalities and does not require any specialized

training technique. Our approach performs significantly better compared to partial masking and

recursive meshing based SpiderMesh [39], variational pobabilistic fusion based VPFNet [107] and

modality discrepancy reduction based MDRNet [223] models.

Comparison with robust methods on NYUDv2 dataset

Table 3.3 shows the performance comparison with existing robust models for RGB-Depth

semantic segmentation on NYUDv2 dataset. On an average, the Adapted model performs better

than the existing robust models. Dynamic token selection and substitution based model TokenFu-
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sion [178] performs slightly better (+0.12%) in mIoU when Depth is available and RGB is missing,

but shows larger drop (-5.59%) in mean accuracy. On the other hand, the Adapted model performs

significantly better (+3.5% mIoU and +4.47% mean accuracy) when RGB is available and Depth

is missing. The average performance of the Adapted model is also better than the TokenFusion

model despite the fact that TokenFusion was designed to work with RGB-Depth pair, whereas our

approach is independent of input modalities. Our method also performs significantly better com-

pared to dynamic channel exchange based CEN [179] and asymmetric fusion based AsymFusion

[180] models.

We observe that the CMNeXt model performs poorly when Depth is available and RGB

is missing. This is due to its asymmetric architecture, which treats RGB as the primary modality

and others as supplementary. As a result, performance drops significantly in the absence of RGB.

However, the model overcomes this issue after adaptation and improves performance in all missing

modality scenarios demonstrating the effectiveness of our adaptation approach.

Visualization of predictions

For qualitative analysis, we show some examples of the predicted segmentation maps

form the Pretrained and Adapted models in Figure 3.2. For each dataset, we show the input images,

predictions when all the modalities are available (CMNeXt column), predictions from the pretrained

and adapted models for different available/missing modality scenarios (Available input modality

names are shown in parentheses above each image). We see in Figure 3.2a, the Pretrained model

fails to detect humans when only RGB images are available and cars when only Thermal images

are available. The adapted model can detect both humans and cars with missing modalities.
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(a) Visualization of predictions on MFNet dataset for multimodal semantic segmentation

(b) Visualization of predictions on NYUDv2 dataset for multimodal semantic segmentation

(c) Visualization of predictions on MCubeS dataset for multimodal material segmentation

Figure 3.2: Examples of predicted segmentation maps for the Pretrained and Adapted models. Title
above each subimage shows method name (available modalities). Segmentation quality improves
significantly after model adaptation for all input modality combinations. Green boxes highlight
areas with salient differences in results. For MCubeS dataset, we only show RGB input images for
brevity. A, D and N denote AoLP, DoLP, and NIR, respectively.

On NYUDv2 dataset, as shown in Figure 3.2b, the Adapted model can detect window,

bed, and furniture with higher accuracy than the Pretrained model with missing modalities. On

MCubeS dataset, the Adapted model can identify sand, sky, and gravel with higher accuracy than

the pretrained model. In all cases, the predictions from the Adapted model with missing modalities
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Table 3.4: Performance comparison with existing methods for multimodal sentiment analysis.

Datasets Methods Backbone
Parameters Audio Visual Audio-Visual Average

(M) ACC F1 ACC F1 ACC F1 ACC F1

CMU-

MOSI

MulT [168] Transformer [170] 2.58 48.31 40.98 52.44 51.77 48.93 41.95 49.89 44.90

MFN [209] LSTM [69] 2.17 56.86 44.81 55.95 42.94 56.86 51.07 56.56 46.27

TFN [208] LSTM [69] 5.04 42.23 25.07 42.38 25.40 42.23 25.07 42.28 25.18

BERT MAG [146] BERT [86] 110.83 57.77 42.31 57.77 42.31 57.77 42.31 57.77 42.31

LMF [118] LSTM [69] 1.10 42.23 25.07 43.14 27.54 43.29 27.61 42.89 26.74

Adapted (Ours) Transformer [170] 2.60 50.00 46.71 54.88 54.39 55.49 53.96 53.46 51.69

CMU-

MOSEI

MulT [168] Transformer [170] 2.58 37.15 20.12 38.28 23.70 41.91 32.78 39.11 25.53

MFN [209] LSTM [69] 2.17 58.48 58.31 60.35 59.48 59.74 60.37 59.52 59.39

TFN [208] LSTM [69] 5.04 37.15 20.12 37.15 20.12 37.15 20.12 37.15 20.12

BERT MAG [146] BERT [86] 110.83 62.83 48.50 61.39 49.70 62.83 48.51 62.35 48.90

LMF [118] LSTM [69] 1.10 42.38 34.48 57.15 57.85 55.94 56.63 51.82 49.65

Adapted (Ours) Transformer [170] 2.60 62.85 55.55 62.49 60.00 63.32 60.69 62.89 58.75

are closer to the predictions of the pretrained model with all the input modalities. We provide

additional visualizations in Figure A1.3 in the supplementary materials.

3.4.4 Experiments on Multimodal Sentiment Analysis

We tested our adaptation method for multimodal sentiment analysis on CMU-MOSI [210]

and CMU-MOSEI [6] datasets, and report the results in Table 3.4. We use multimodal transformer

(MulT) [168] as the base model and adapt it using our approach. We observed that when text is

available and either audio or video or both are missing, the test set performance does not drop sig-

nificantly. Similar trend was reported in [61]. If text is missing at test time, then the performance
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Table 3.5: Performance (top-1 accuracy) comparison with existing methods on NTU RGB+D action
recognition dataset. RGB and Depth columns report performance when only RGB and only Depth
are available. ∗ indicates that available code and pretrained models were used to generate the results.

Method Backbone RGB Depth Average

Modality Distill. [41] ResNet-50 [66] 73.42 70.44 71.93

Luo et al. [122] ResNet-18 [66] + GRU [23] 89.50 87.50 88.50

DMCL [42] ResNet-18 [66] 83.61 80.56 82.09

Motion-RGBD [231] DSN + DTN [231] 90.30 92.70 91.50

ActionMAE [186] ResNet-34 [66] + Transformer [170] 84.50 90.50 87.50

UMDR [230]∗ DSN + DTN [231] 90.47 93.99 92.23

Adapted (Ours) DSN + DTN [231] 91.53 94.29 92.91

of the base MulT model drops significantly. The Adapted models can partially compensate for

missing modality and offer significantly better performance compared to the base MulT model.

For CMU-MOSI dataset, we observe 1.69% and 2.44% improvement in accuracy and

larger improvement in F1 score over the base MulT model when only audio and only visual are avail-

able, respectively. The adapted model offers significant improvement when audio-visual modalities

are available and text is missing. It shows 6.56% improvement in accuracy and 12.01% improve-

ment in F1 score over the base MulT model. For CMU-MOSEI dataset, we see even greater im-

provement in all the metrics. Experiments show 25.7%, 24.21% and 21.41% improvement in accu-

racy for audio only, visual only and audio-visual scenarios compared to the MulT model. We also

observe 27.91%-36.30% improvement in F1 score compared to the base MulT model.

We compare our adaptation method with existing methods for multimodal sentiment anal-

ysis. For CMU-MOSI dataset, BERT MAG works better in terms of accuracy but our adaptation

method works better in terms of F1 score. One thing to mention is that BERT MAG uses a pre-
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Table 3.6: Performance (accuracy) comparison with prompting based approach for multimodal clas-
sification on UPMC Food-101 dataset. Image and text columns indicate the amount of image and
text modality available during both training and testing. † indicates that those values are approxi-
mated from the plots published in [94].

Available Modality ViLT Attention Level Input Level Adapted

Image Text [90] Prompts [94] Prompts [94] (Ours)

100% 30% 66.29 72.57 74.53 75.38

30% 100% 76.66 86.05 86.18 88.31

65% 65% 69.25 78.09 79.08 81.77

100% 0% 63.60† 67.70† 68.10† 67.66

0% 100% 76.10† 85.30† 84.80† 86.01

Average Accuracy 70.38 77.94 78.54 79.83

Total Params (M) 112.26 112.49 112.49 112.47

Learnable Params (M) 0.0 0.221 0.221 0.207

Change (%) +0.0% +0.20% +0.20% +0.18%

trained BERT model and finetunes it on the dataset but we are not using any pretraining on extra

data. For CMU-MOSEI, our adaptation method works better for most of the cases.

3.4.5 Experiments on Multimodal Action Recognition

We evaluate our approach on NTU RGB+D [154] dataset for multimodal action recogni-

tion task. We use UMDR [230] as the base model and adapt it using our approach. As shown in Ta-

ble 3.5, our adaptation performs better compared to recent modality masking and generation based

approach ActionMAE [186] and modality de- and re-coupling based approaches Motion-RGBD

[231] and UMDR [230]. Our adaptation shows 7.03% and 1.06% improvement over ActionMAE

and UMDR respectively when RGB is available and depth is missing. We see 3.79% and 0.30% im-

provement over ActionMAE and UMDR respectively when depth is available and RGB is missing.
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Moreover, our method outperforms all the existing baseline methods in all the scenarios. Which also

indicates that our approach can learn better feature representation compared to modality masking,

generation and distillation based approaches.

The base UMDR model has 75.82M parameters. Our adaptation method adds 0.24M

additional learnable parameters, which is only 0.32% of the total model parameters. Other methods

do not report their total parameter counts, so we omit the total parameters column for this table.

3.4.6 Experiments on Multimodal Classification

To further evaluate the effectiveness of our approach, we compare it with recent prompt

based approach missing-aware prompts [94] on UPMC Food-101 [177] dataset. The results are

summarized in Table 3.6. For fair evaluation, we use the same experimental setup and evaluation

script as [94] to evaluate performance on different available and missing modality scenarios. Image

and text columns indicate the amount of image and text modality available during both training and

testing. Our adaptation method outperforms prompting based approach for most of the scenarios.

On an average, our approach shows 1.29% improvement over the best prompting method and 9.45%

improvement over the base ViLT model. These results corroborate the fact that adapting models by

intermediate feature modulation helps the model learn optimal feature representation to perform

better on different missing modality scenarios.

Efficiency on Parameters. We keep the pre-trained ViLT backbone frozen and compare

the additional learnable parameters required for the learnable prompts [94] and our method. We

require less additional parameters while performing better than both input level and attention level
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Figure 3.2: (a) Multimodal material segmenta-
tion on MCubeS. Available: RGB; Missing: A,
D, N

Figure 3.2: (b) Multimodal action recognition
on NTU RGB+D. Available: RGB; Missing:
Depth

Figure 3.3: Cosine similarity between complete and missing modality features of pretrained and
adapted models on MCubeS and NTU RGB+D datasets.

prompts. Thus our adaptation method shows greater parameter efficiency and effectiveness com-

pared to prompt based approach.

3.4.7 Feature and Parameter Analysis

We perform additional analysis to evaluate the effectiveness and generalizability of the

adaptation approach. We discuss them in the section.

Why adapted model performs better?

To further analyze how the adaption is helping the model improve overall performance,

we conducted cosine similarity analysis of the final fused features extracted from the last layer of

the network. To be specific, we calculate the cosine similarity between the complete and missing

modality features from the pretrained model (Pretrained), and the cosine similarity between the

complete and missing modality features from the adapted model (Adapted). We show the cosine

similarities for each class in Figure 3.3.
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The adapted model demonstrates a higher cosine similarity to the complete modality fea-

tures compared to the pretrained model on both MCubeS dataset for multimodal material segmenta-

tion and NTU RGB+D dataset for multimodal action recognition when RGB is available and other

modalities are missing. This high similarity indicates that the adapted model better retains the es-

sential information from the original complete modality input features, even when some modalities

are missing. Consequently, this robustness in feature representation leads to a significant improve-

ment in the model’s overall performance. These results demonstrate the effectiveness of the adapted

model in handling scenarios with missing modalities and maintaining robust prediction quality.

We only show first 20 out of 60 classes for NTU RGB+D dataset here. We have included

comparison for all the 60 classes including other missing scenarios in Section A1.6.

Performance gain vs learnable parameters

Our method achieves significant performance gains with a small number of additional

learnable parameters. As shown in Table 3.2 and 3.3, adapted models provide 8.46% and 16.54%

improvement in mIoU on an average over the base CMNeXt model with only 0.79M additional pa-

rameters (i.e., 0.68% of the total model parameters). For multimodal sentiment analysis, as shown

in Table 3.4, adapted models provide 3.57% and 23.78% improvement in accuracy and 6.79% and

33.22% improvement in F1 score for CMU-MOSI and CMU-MOSEI datasets, respectively over the

base MulT model with only 0.02M additional parameters (i.e., 0.775% of the total model param-

eters). For multimodal classification on UPMC Food-101 dataset, as shown in Table 3.6, adapted

models achieve an average performance improvement of 9.45% over the base ViLT model with only

0.207M additional learnable parameters (i.e., 0.18% of the total model parameters).
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In summary, learning a small number of additional parameters in a base network pro-

vides significant performance improvement in the case of missing modalities across all tasks and

architectures. The parameter complexity of our approach is comparable/better than existing robust

methods like CRM [157] in Table 3.2 and prompts [94] in Table 3.6. However, existing works on

missing modality robustness vary widely in terms of model architectures [39, 178], fusion methods

[107, 230], training procedures [157, 39], and missing feature generation methods [186]. Due to

this heterogeneity, a fair comparison based solely on model size/number of parameters is infeasible.

3.5 Limitations and Future Directions

In this work, our main focus was to enhance missing modality robustness of existing

multimodal models. Though our method can make existing models robust to different missing

modality scenarios, it has certain limitations. First, we only considered missing modality during test

time. However in real life scenarios, modalities can be missing in both train and test times. Second,

our method learns one set of adaptation parameters for every combination of missing modalities.

While the number of adaptation parameters is small, the overall parameter complexity will scale

with the number of modality combinations. For M modalities, we can have up to 2M possible

combinations, as each modality can either be available or missing. Our method will require 2M − 2

sets of adaptation parameters to accommodate every possible combination of missing modalities

(excluding two cases when all or none of the modalities are available). If we expect one modality

out of M to be missing at the test time, which is the case in most of the published work, our method

will require M sets of adaptation parameters. Third, we insert the learnable layers after each layer

of the encoders and the fusion block. We did not try to optimize the number of parameters or find
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the optimal places to insert those learnable layers. Future study will explore these areas to further

reduce the number of parameters, enhance the effectiveness and applicability of the approach in

newer tasks and datasets.

3.6 Conclusion

Missing modalities at test time can cause significant degradation in the performance of

multimodal systems. In this paper, we presented a simple and parameter-efficient adaptation method

for robust multimodal learning with missing modalities. We demonstrated that simple linear oper-

ations can efficiently transform a single pretrained multimodal network and achieve performance

comparable to multiple (independent) dedicated networks trained for different modality combina-

tions. We evaluated the performance of our method and compared with existing robust methods for

five different multimodal tasks. Our method requires an extremely small number of additional pa-

rameters (e.g., < 1% of the total parameters), while significantly improving performance compared

to existing baseline models and methods for different missing modality scenarios. Our adaptation

strategy is applicable to different network architectures, modalities and tasks, which can be a versa-

tile solution to build robust multimodal systems.
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Chapter 4

Robust Multimodal Learning via

Cross-Modal Proxy Tokens

4.1 Introduction

Multimodal learning [138, 197] integrates information from multiple (diverse) input sources

to improve the performance on downstream tasks. For example, examining a movie poster image

along with a short text synopsis can provide a greater insight into the movie’s type and genre. In

recent years, a number of methods have been proposed to effectively combine information from

multiple modalities, including early-stage fusion [133], token-level fusion [178], channel exchange

[179], and bottleneck mid-fusion [134]. Furthermore, specialized architectures have been proposed

for specific multimodal applications, such as vision-language tasks [90, 99, 121], action recogni-

tion [187, 231], and segmentation [216, 148]. Most of these approaches assume that all modalities

are available for every sample during both training and inference, yielding better performance than
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unimodal baselines. However, their performance drops sharply when one or more modalities get

missing [149, 123].

In practical applications, input modalities can be missing during training and/or inference

for various reasons; such as lack of synchronous data capture (limited paired data during training)

and sensor failure or privacy concerns (modalities missing during inference). [123] observed that

multimodal transformers such as ViLT [90] exhibit a drastic performance drop when one or more

modalities are missing during inference as shown in Figure 4.1b (yellow curve). They developed

an optimal fusion strategy to recover the performance loss of multimodal transformers in the miss-

ing modality scenarios (purple curve). Subsequently, [94] developed a prompt tuning technique

(pink and blue curves), and [89] combined the prompt-based approach with Variance Covariance

Invariance regularization (VICReg) (brown curve) to further improve the robustness of multimodal

models to missing modalities. Despite these efforts, achieving consistently strong performance un-

der varying degrees of missing modalities remains an open challenge. In this work, we aim to

improve robustness across a wide range of missing modality conditions while maintaining strong

performance when all modalities are available.

In this work, we introduce a simple yet effective framework to approximate missing

modalities from the available ones for robust multimodal learning. Specifically, we introduce cross-

modal proxy tokens (CMPTs), which learn to approximate the class tokens of missing modalities

by attending to all tokens of the available modality, enabling effective handling of various miss-

ing modality scenarios. As illustrated in Figure 4.1a, our framework integrates pre-trained uni-

modal encoders into a multimodal learning setting while introducing CMPTs to partially bridge

the performance gap in missing modality scenarios. To ensure efficient learning of CMPTs with
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(a) Illustration of our proposed method. (b) Performance comparison.

Figure 4.1: (a) We introduce Cross-Modal Proxy Tokens (CMPTs), a novel approach to address
missing modality challenges. CMPTs effectively learn to approximate missing modality class to-
kens by adapting pretrained encoders through a joint optimization of alignment and task-specific
objectives. Our approach accommodates both complete and missing modalities during training and
inference, thereby enhancing robustness across varying missing modality scenarios. (b) CMPTs
achieve state-of-the-art performance, consistently outperforming recent baseline methods in both
complete and missing modality scenarios. Following the experimental setup of [94, 89], the radar
plot illustrates F1-macro scores on the MM-IMDb dataset across varying modality availability.

minimal additional learnable parameters, we employ low-rank adapters within the frozen unimodal

encoders and jointly optimize both an alignment loss and a task-specific loss. The radar plot in Fig-

ure 4.1b demonstrates the superior performance of our approach compared to five existing methods

[90, 94, 89, 123] across six different complete and missing modality scenarios on the MM-IMDb

dataset. Our CMPT-based model consistently outperforms all baselines across all the scenarios.

We conduct extensive experiments on five multimodal datasets, comparing our approach against

existing state-of-the-art baselines. Results show that our framework achieves state-of-the-art per-

formance in both missing modality (Section 4.4.3) and complete modality (Section 4.4.4) scenarios,

while maintaining a minimal number of learnable parameters. Ablation studies further confirm that

our method significantly improves performance even in severe missing-modality scenarios and pro-
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vides performance enhancement across most of the classes, leading to an overall performance boost

(Section 4.4.6). Main contributions of our work are as follows.

• We propose CMPTs to effectively learn an approximation of the missing modality from the

available one with minimal adaption of pre-trained unimodal encoders via an alignment loss.

• Our approach outperforms 12 recent baseline methods across four multimodal datasets in var-

ious missing-modality scenarios, demonstrating state-of-the-art performance (Section 4.4.3).

• Across five datasets, our method achieves on-par or superior performance compared to state-

of-the-art techniques when all modalities are present during training and inference (Sec-

tion 4.4.4).

• We demonstrate that CMPTs generalize effectively to unseen missing rates (Section 4.4.5)

and boost performance in most of the classes (Section 4.4.6).

4.2 Related Work

Recent works [123, 61, 149] show that performance can degrade significantly when modal-

ities are missing, as multimodal models are not inherently robust to such scenarios. Several ap-

proaches have been proposed to address this issue. In this section, we primarily discuss works

where the main focus is on making multimodal models robust to missing modalities. More broader

related work on multimodal learning is discussed in appendix Section A2.1.

Robust model design is one of the approaches for handling missing modalities. Recently,

[157] developed a robust framework utilizing modality masking and knowledge distillation. [171]

proposed ShaSpec to impute missing features through modality-specific and modality-shared fea-
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ture learning. [178] proposed TokenFusion, which dynamically replaces uninformative tokens to

enhance robustness. Additionally, different fusion strategies [24, 39, 107] have been developed to

improve robustness across various missing-modality scenarios. However, many of these approaches

are task-specific, limiting their generalization to other multimodal tasks. In our work, we focus on

reusing pre-trained unimodal encoders, making it flexible for extension to different input modalities

and multimodal tasks.

Robust training and model adaptation can enhance missing modality robustness. Re-

cently, [149] proposed a parameter-efficient adaptation framework for different multimodal tasks.

[156] introduced a modality-aware low-rank adaptation method (MoRA) that uses a shared down-

projection layer to map inputs to a low-dimensional space, and then applies modality-specific up-

projections for missing modality adaptation. [137] trained a single model to infer missing informa-

tion by projecting available modalities. [125] introduced SMIL, a Bayesian meta-learning method

for flexible handling of missing modalities during both training and testing. [123] proposed a multi-

task optimization approach with a differentiable algorithm for optimal fusion strategy selection.

[127] developed a semi-supervised framework that leverages unlabeled data to improve robustness,

while [181] used a teacher network to transfer multimodal information for improved missing modal-

ity robustness. These methods, however, either require extensive adaptation or specialized training

procedures. In our approach, we employ lightweight adaptation of unimodal encoders (using Rank-

1 LoRA adapters) and a single extra loss term to explicitly learn cross-modal relationships. Hence,

the overall training flow is mostly left unchanged.

Prompt tuning methods improve missing modality performance by incorporating learn-

able prompts across multiple layers of the model. [94] introduced missing-aware prompts that learns
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a separate set of prompts for each modality combination. Later, [81] simplified the approach, show-

ing that a single set of prompts per modality can achieve similar performance. More recently, [25]

proposed a multi-step adaptive prompt learning method through modality alignment, while [89] in-

troduced a read-only prompt tuning approach with Variance Covariance Invariance regularization.

Although effective, these methods require learning and storing a large number of prompts, typically

16 prompts [94, 81] per modality per layer, for each missing modality scenario. In contrast, our

method uses a single cross-modal proxy token per modality to estimate the missing modality feature

from the available modality, thereby reducing the complexity.

We carry out extensive experimental comparisons with all the above prompt-based tech-

niques to demonstrate superior performance across various missing modality scenarios. Further-

more, our approach is efficient, uses few learnable parameters, and is robust to missing modalities

in both training and testing which we discuss in Section 4.4.

4.3 Proposed Approach

In this paper, we propose a new framework to train multimodal systems such that they

retain strong performance under different scenarios of missing modalities during inference. Further-

more, we seek to develop a simple and efficient framework that can be used for different multimodal

tasks and datasets without any specialized (task-specific) changes. To achieve these objectives, we

propose cross-modal proxy tokens (CMPTs), which effectively learn to approximate the class to-

kens of missing modalities by adapting pretrained, modality-specific (transformer-based) encoders

through a joint optimization of alignment and task-specific objectives, as illustrated in Figure 3.1.
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4.3.1 Multimodal Embedding Tokens

Let us consider a multimodal dataset containing two modalities M = {m1,m2}. We

denote the available dataset as D = {Dc,Dm1 ,Dm2}, which can be further divided into three

subsets: Dc = {xm1 , xm2 , y} where both modalities are present with corresponding output labels

y; Dm1 = {xm1 ,∅, y} where only modality m1 (xm1) is available with corresponding labels y;

Dm2 = {∅, xm2 , y} where only modality m2 (xm2) is available with corresponding labels y. Here,

∅ denotes a placeholder for the missing modality (e.g., empty string for text, zeros for image, audio,

or video) following prior works [94, 149].

For each input modality, we assume that a transformer-based encoder, pre-trained on some

large dataset, is available. This is a common and effective practice in modern multimodal learning,

particularly given the wide variety of high-performing, pre-trained models now readily accessible

[29, 34, 48]. Leveraging these modality-specific encoders trained on extensive data leads to im-

proved performance and faster convergence [60, 197]. Specifically, each modality m ∈ M is pro-

cessed through a pre-trained embedding layer, EmbeddingLayerm, with parameters Θe,m. The input

xm for each modality is passed through its corresponding embedding layer to generate modality-

specific tokens as

Tm = EmbeddingLayerm(xm; Θe,m), (4.1)

where Tm ∈ RN×d denotes N tokens, each of dimension d, for modality m. During training, we

keep the pretrained parameters Θe,m frozen.
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4.3.2 Cross-Modal Proxy Tokens (CMPTs)

To compensate for the missing modalities, we introduce cross-modal proxy tokens (CMPTs)

that approximate the missing modality by attending only to the tokens of the available modality. For

each modality m ∈ M, we concatenate one CMPT (TCMPT,m ∈ R1×d) with the class token (CLS)

(TCLS,m ∈ R1×d) and all the modality specific tokens Tm to generate the modified embedding tokens

T̃m ∈ R(N+2)×d as

T̃m = Concat({TCMPT,m, TCLS,m, Tm}). (4.2)

Note that the proposed CMPT serves as an extra token, similar to the class token [34, 29,

48], but with a complementary purpose. Class token attends to all the tokens of a given modality to

aggregate information and learn a rich feature representation of that modality. In contrast, CMPT

attends to all the tokens of a given modality to learn an approximation of the class token of the other

modality (e.g., TCMPT,m1 approximates TCLS,m2 while attending to Tm1).

4.3.3 Learn CMPTs by Alignment and Adaptation

For each modality, we assume that a pretrained transformer encoder fm with parameters

Θf,m is available. The encoder for each modality needs to be updated so that they can learn the

corresponding CMPTs. To keep the number of trainable parameters minimal, we use low-rank

adaptation (LoRA) [72] to learn a small number of parameters ∆f,m. The modified embedding

tokens T̃m are passed through the adapted encoder for modality m to get the final output tokens as

T̂m = fm(T̃m; Θf,m,∆f,m), (4.3)

where T̂m ∈ R(N+2)×d represents the CMPT, CLS, and remaining tokens from the last encoder

layer. Note that the pretrained encoder parameters Θf,m remain frozen while we only learn ∆f,m.
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We aim to train the CMPTs such that they act as a proxy of the class token of the missing

modality at the inference time. In particular, we want the CMPT T̂CMPT,m1 of modality m1 to

approximate the class token T̂CLS,m2 of modality m2, and vice versa. To achieve this, we use an

alignment loss Lalign, defined as

Lalign =
1

NDc

∑
x∈Dc

LMSE(T̂CMPT,m1 , T̂CLS,m2)+

LMSE(T̂CMPT,m2 , T̂CLS,m1),

(4.4)

where LMSE denotes the mean squared error loss and NDc denotes the number of samples in the

training data where both modalities are present.

4.3.4 Gating Module and Fusion

After computing the final output tokens T̂m, we extract the class token (T̂CLS,m) and the

CMPT (T̂CMPT,m) for both modalities and pass them through the gating module. If both modalities

are available, the gating module returns the class tokens from each modality. If one modality is

missing, the gating module substitutes the missing class token with the CMPT from the available

modality. The returned tokens are then fused using additive fusion to produce the final fused feature

token T ∈ R1×d as

T =



T̂CLS,m1 + T̂CLS,m2 , m1,m2 are available,

T̂CLS,m2 + T̂CMPT,m2 , m1 is missing,

T̂CLS,m1 + T̂CMPT,m1 , m2 is missing.

(4.5)
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The fused feature token T is then passed through a linear classifier head to make a prediction ŷ as

ŷ = h(T ; Θh). (4.6)

Θh represents the parameters of the classifier head that are learned during training.

Finally, we learn the low-rank factors for each encoder ({∆f,m}) and classifier head (Θh)

by minimizing the task-specific loss Ltask, which for our purposes is a standard cross-entropy loss

for classification tasks, combined with the alignment loss:

Ltotal = Ltask + λLalign, (4.7)

where λ is a hyperparameter that we set to λ = 0.20 in all our experiments. As discussed in Section

4.4.6, this value provides a balance in performance across different scenarios.

4.3.5 Handling Missing Modalities

Our model can handle missing modalities during both training and inference. During

training on complete modality data, we apply random modality dropout, where we either use both

modalities or randomly drop one in each iteration. This way, the model learns to make correct

predictions in missing modality scenarios using the CMPTs from the available modality. When

training data contains missing modalities, we learn the CMPTs by optimizing the alignment loss

using only the samples with complete modalities, as shown in (4.4). For missing modalities, we

employ placeholders (e.g., an empty string for text and zeros for images, audio, and video) following

standard practices [94, 149], and use the CMPT from the available modality as an approximation to

make predictions, as described in (4.5).

To enhance training efficiency, we leverage LoRA [72] with a rank of 1 to fine-tune the

encoders in a parameter-efficient manner. LoRA layers are inserted after the query, key, value,
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and output layers in every attention blocks within the encoders. Our experiments demonstrate that

LoRA with rank 1 is sufficient to achieve better performance compared to existing state-of-the-

art methods, as discussed in Section 4.4.4 and Section A2.4. Our method is also compatible with

newer parameter-efficient adaptation techniques such as DoRA [115] and VeRA [92], as discussed

in Section A2.10.

4.4 Experiments and Results

4.4.1 Datasets

We evaluate our approach on five popular multimodal datasets across different tasks. A

brief description of each dataset is provided here, with further details in Section A2.2.

UPMC Food-101 [177] is a multimodal classification dataset consisting of 101 food classes. It

contains 90,704 image-text pairs, divided into a training set of 67,988 and a test set of 22,716 pairs.

MM-IMDb [3] has 25,959 image-text pairs for multi-label movie genre classification across 23

classes. It is split into 15,552 training, 2,608 validation, and 7,799 test samples.

Kinetics-Sound (KS) [2] is a subset of Kinetics400 dataset [85] for human action recognition using

audio and video as input modalities. It has 31 classes, with 14,739 samples in the training set and

2,594 samples in the test set.

Audio-Visual Event (AVE) dataset [167] contains 4,143 10-second videos for multimodal event

localization divided into train/val/test sets containing 3,339/402/402 samples across 28 categories.

CREMA-D dataset [13] includes 7,442 short video clips from 91 actors expressing six emotion

categories. It contains 6,698 training and 744 test samples for multimodal emotion recognition.
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4.4.2 Implementation Details

Vision-Language datasets. We use pretrained ViT-B [34] from CLIP model [144] as image encoder

and BERT-base-uncased model [121] as text encoder. The max token length is set to 40 for UPMC

Food-101 and 256 for MM-IMDb dataset, respectively.

Audio-Video datasets. We use AST model [48] pretrained on AudioSet dataset [44] as audio

encoder and ViT-B [34] from CLIP model [144] as video encoder. Raw audio is converted to a 128-

bin mel spectrogram at 16 kHz, with a maximum length of 1024 frames. For video, we sample 3

frames randomly while training and uniformly while testing. Other pre-processing steps are similar

to [218, 141, 35].

Hyperparameter settings. We use Python 3.8.19 and PyTorch 2.2.2 for training and evaluating our

models. All the models are trained using two NVIDIA RTX 2080Ti GPUs. For vision-language

datasets, we set the learning rate to 10−3 and train the models for 10 epochs with a batch size of 8.

For audio-video datasets, the learning rate is set to 5× 10−5 and models are trained for 100 epochs

with a batch size of 4. We use AdamW [120] optimizer with ϵ = 10−8 and weight decay = 0.02.

While training, we utilize cross entropy loss, polynomial learning rate scheduler with power=0.9

and set the first 5 epoch as warm-up. The learning rate is set to 0.1 times the original learning rate

during warm-up epochs. We set LoRA rank-1 and insert them after query, key, value and output

layers of each transformer block. Further details can be found in Section A2.3.

For each task and dataset, we compare against state-of-the-art published work. For this

reason, the set of baselines varies across experiments based on the availability of published results.

In each table, the best and second best results are bold and underlined, respectively.
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Table 4.1: Performance comparison when modality gets missing during both training and inference.
We train and evaluate our model with same modality ratio following existing baselines [94, 81, 89]
and report the mean and standard deviation (SD) of three independent runs with different seeds.

Datasets
% availability ViLT MAP [94] MSP VisualBERT Ma et al. Kim & Kim MuAP [25] CMPT (Ours)

Image Text [90] Input Attn. [81] [99] [123] [89] Head Cross Mean ± SD

MM-IMDb
(F1-Macro)

30% 100% 37.61 46.30 44.74 47.45 38.63 46.63 56.03 47.21 46.73 60.21 ± 0.40

65% 65% 36.30 42.66 41.56 42.03 37.23 41.28 49.24 42.57 43.92 54.04 ± 0.23

100% 30% 34.71 39.22 38.16 38.34 36.41 38.65 43.21 41.37 39.88 52.61 ± 0.12

UPMC
Food-101

(Accuracy)

30% 100% 76.93 86.18 86.05 86.34 77.41 86.38 87.11 86.90 86.59 87.48 ± 0.13

65% 65% 69.03 79.08 78.09 78.89 71.06 78.58 82.67 77.87 78.95 82.83 ± 0.25

100% 30% 66.29 74.53 72.57 73.77 67.78 73.41 78.81 74.61 74.60 80.37 ± 0.18

4.4.3 Performance when Modalities are Missing

Existing literature considers missing modalities at both training and inference or only at

inference. Our method achieves state-of-the-art performance in both scenarios, as detailed in the

following two sections.

Missing modality during training and inference

In the first setup, a modality is missing at a fixed rate during both training and inference,

as studied by [94, 81, 89]. We follow their experiment setup and compare our method against seven

state-of-the-art approaches on MM-IMDb and UPMC Food-101 datasets. As shown in Table 4.1,

our method consistently outperforms all baselines across various missing modality configurations.

Specifically, compared to the most recent approach by [89], we achieve a 4.18%–9.40% improve-

ment in F1-macro score on MM-IMDb dataset and a 0.16%–1.56% improvement in accuracy on

UPMC Food-101 dataset across different missing modality scenarios. It is worth noting that while

the performance of [89] on UPMC Food-101 dataset is comparable to ours in two scenarios, our
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Table 4.2: Performance comparison when a complete modality gets missing during inference. We
report % accuracy for all the datasets. Our method shows overall better performance compared to
recent state-of-the-art methods.

Datasets Available Modality Missing Modality
FiLM BiGated OGM-GE QMF MLA CMPT

[142] [88] [141] [217] [218] (Ours)

CREMA-D

Audio Video 53.89 51.49 53.76 59.41 59.27 67.20

Video Audio 18.67 17.34 28.09 39.11 64.91 76.21

Audio - Video - 60.07 59.21 68.14 63.71 79.70 88.84

KS

Audio Video 48.67 49.96 48.87 51.57 54.67 68.27

Video Audio 23.15 23.77 29.73 32.19 51.03 85.77

Audio - Video - 63.33 63.72 65.74 65.78 71.35 91.21

UPMC Food-101

Image Text 4.68 14.20 22.35 45.74 69.60 75.66

Text Image 85.84 85.79 85.17 84.13 86.47 85.31

Image - Text - 87.21 88.87 87.54 92.87 93.33 94.47

method still performs best in every configuration. These results also suggest that the CMPTs can

provide good proxy for the missing class tokens, which significantly improves the model robust-

ness. To ensure a reliable evaluation, we run our method with three different random seeds and

report the mean and standard deviation (SD) for various missing scenarios. The low SD values indi-

cate the stability and reliability of our method. We also assessed the performance of the models with

different distributions of modality ratios at training and testing which is discussed in Section A2.5.

Missing modality during inference only

In the second setup, following the work of [218], we evaluate our model when all modal-

ities are available during training, but one modality is completely missing during inference. As

shown in Table 4.2, our method outperforms existing baselines in most cases. For instance, when
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Table 4.3: Performance comparison with both
modalities available during training and infer-
ence on Image-Text datasets. We report % ac-
curacy for UPMC Food-101 and F1-Macro/F1-
Micro score for MM-IMDb dataset. Here, ‘-’
indicate results that are not reported in corre-
sponding papers.

Methods
Parameters (M) UPMC

MM-IMDb
Total Learnable Food-101

ViLT [90] 112.63 112.63 92.00 55.30 / 64.70

MBT [135] 196.00 196.00 93.56 59.60 / 64.81

MMBT [87] 170.00 170.00 94.10 60.80 / 66.10

MMLoRA [35] 196.10 196.10 93.70 61.70 / 67.20

PMF [102] 198.43 2.54 91.51 58.77 / 64.51

PMF-L [102] 643.95 4.44 91.68 61.66 / 66.72

MLA [218] 218.26 218.26 93.33 - / -

CMPT (Ours) 195.51 0.27 94.47 63.58 / 69.23

Table 4.4: Performance (% accuracy) com-
parison with both modalities available during
training and inference on Audio-Video datasets.
Here, ‘∗’ denotes results generated using exist-
ing code and ‘-’ indicates that results for those
cells are not published.

Method
Parameters (M)

KS AVE CREMA-D
Total Learnable

G-Blend [175] 22.36 22.36 62.20 65.50 58.70

FiLM [142] 22.35 22.35 63.33 - 60.07

BiGated [88] 22.35 22.35 63.72 - 59.21

OGM-GE [141] 22.35 22.35 65.74 76.90 68.14

QMF [217] 22.36 22.36 65.78 68.16∗ 63.71

PMR [40] 22.36 22.36 - 66.40 61.80

MLA [218] 22.37 22.37 71.35 64.68∗ 79.70

MBT [87] 172.00 172.00 85.00 77.80 -

MMLoRA [35] 172.19 172.19 91.40 96.20 88.60

CMPT (Ours) 172.16 0.17 91.21 96.77 88.84

the audio modality is missing, all methods except MLA [218] experience a significant performance

drop on the CREMA-D and Kinetics-Sound (KS) datasets. On the CREMA-D dataset, our method

achieves 7.93% and 11.30% improvements over the most recent MLA approach, when video and

audio are missing, respectively. Similarly, on the KS dataset, our method outperforms MLA with

13.60% and 34.74% improvements when video and audio are missing, respectively. While MLA

performs slightly better when the image modality is missing on the UPMC Food-101 dataset, it

suffers a larger performance drop when text is missing. In contrast, our method maintains a bal-

anced performance across different missing modalities. Furthermore, across all datasets, our method

achieves the best performance when all modalities are available and demonstrates superior robust-
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(a) Dataset: MM-IMDb (b) Dataset: UPMC Food-101

Figure 4.2: Generalization to varying missing rates during inference. Models are trained with 100%
image + 100% text and evaluated with 100% image + x% text following [123, 89]. Our approach
demonstrates better generalization, particularly under severe modality loss.

ness compared to other approaches. These results highlight the effectiveness of our method in

handling scenarios where a modality is entirely absent during inference.

4.4.4 Performance when All Modalities are Available

A method designed to handle missing modalities should not compromise performance

when all modalities are present. In this subsection, we demonstrate that our approach also achieves

comparable or superior performance to state-of-the-art models across five datasets when all modal-

ities are available.

To evaluate this, we train and test our method when all modalities are available during

training and inference. Results in Table 4.3 demonstrate that our proposed method achieves state-of-

the-art performance on both UPMC Food-101 and MM-IMDb datasets. Our method surpasses the

most recent MLA approach [218] by 1.14% on UPMC Food-101. Our method achieves 1.88% and

2.03% improvement in F1-macro and F1-micro scores, respectively, over second-best performing

MMLoRA [35] on MM-IMDb.
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(a) Available: Text, Missing: Image. (b) Available: Image, Missing: Text.

Figure 4.3: Effectiveness of CMPTs on the MM-IMDb dataset. All models are trained with 100%
image and 100% text data, then evaluated under varying amount of missing modalities. CMPTs
achieve significant performance improvement, especially under severe missing modality scenarios.

We present the results for audio-video datasets in Table 4.4, where we compare our

method against nine state-of-the-art methods. Our approach consistently achieves comparable or

superior performance across all three datasets, while using the fewest number of learnable parame-

ters. These results highlights that incorporating CMPTs does not introduce any drawback when all

modalities remain available.

4.4.5 Generalization to Different Missing Rates

In real-world scenarios, the missing rates for modalities during inference can be unpre-

dictable. Any method designed to handle missing modalities needs to generalize effectively across

varying levels of missing rates during inference. To evaluate this capability, we trained our mod-

els on complete multimodal data and assessed their performance under varying levels of missing

modalities during inference. Specifically, we follow the experiment setup similar to [123, 89] where

models are trained with 100% image + 100% text data and evaluated with 100% image + x% text.

As illustrated in Figure 4.2, our method consistently outperforms all baselines across dif-

ferent missing scenarios, demonstrating superior robustness. We observe a decline in performance
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of all methods as the amount of available text decreases, but our approach maintains stronger re-

silience compared to other methods. For instance, on the MM-IMDb dataset, our method achieves

a 5.8% higher F1-Macro score than the most recent method by [89] and a 25.6% improvement over

ViLT [90] when only 10% of text is available. A similar trend is observed on the UPMC Food-101

dataset, where our method consistently yields superior performance, confirming its robustness to

missing modalities at inference.

Note that published work by [123, 89, 90] did not report results for different missing

rates of images, which prevents us from reporting a direct comparison in that setting. Nevertheless,

our results highlight the effectiveness of CMPTs in handling different missing modality scenarios,

making it a more generalizable solution for real-world applications.

4.4.6 Ablation Studies

Effectiveness of CMPTs

To evaluate the effectiveness of CMPTs in handling missing modalities, we compare our

method against two baselines: (i) a standard model trained without modality dropout or CMPTs

(baseline) and (ii) a model trained with modality dropout, where modalities are randomly removed

during training to improve robustness to missing data. For a fair comparison, all models were fine-

tuned on the downstream task using LoRA with a rank of 1.

Figure 4.3 presents the main results for MM-IMDb dataset, where the baseline model

experiences a sharp performance drop as the proportion of missing modalities increases. While

modality dropout improves robustness, the performance gap remains large. Incorporating CMPTs

further enhance performance, achieving a 32.06% improvement over the baseline and 11.55% over
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(a) Available: Image, Missing: Text. (b) Available: Text, Missing: Image.

Figure 4.4: CMPTs improve performance across most of the classes when modalities are missing.
However, it fails to accurately predict certain classes (e.g., short/documentary) in the absence of
text, likely due to the image modality’s insufficient information for those classes. Classes are sorted
based on the amount of performance improvement.

modality dropout when the image modality is entirely missing as shown in Figure 4.3a. A sim-

ilar trend is observed when text is missing as shown in Figure 4.3b. Notably, CMPTs become

increasingly effective as the amount of missing data increases, demonstrating its strong ability to

substantially mitigate performance degradation in the presence of severe modality loss. Similar

trend appears in UPMC Food-101 dataset, which we discuss in Sec. A2.6 in the appendix.

Effects of CMPTs on different classes

When analyzing the effectiveness of CMPTs, a key question is whether the overall perfor-

mance gains are driven by just a few classes or if CMPTs consistently improves performance across

most classes. To address this, we conducted a per-class performance analysis with and without

CMPTs on the MM-IMDb dataset.

As shown in Figure 4.4, CMPTs improve performance across nearly all classes in both

text-missing and image-missing scenarios. Notably, it significantly mitigates performance degra-
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Table 4.5: Ablation study on the alignment loss weight λ. We report performance on the UPMC
Food-101 and AVE datasets across both complete and missing modality scenarios.

Dataset Available Modality Missing Modality λ = 0.0 λ = 0.1 λ = 0.2 λ = 0.3 λ = 0.4 λ = 0.5

UPMC Food-101

Image Text 73.12 73.48 75.66 73.72 74.39 74.46

Text Image 84.31 84.79 85.31 84.51 84.81 84.88

Image - Text - 93.96 94.14 94.47 94.13 94.34 94.21

AVE

Audio Video 84.82 84.33 85.21 84.82 84.33 84.82

Video Audio 82.83 83.08 84.58 85.32 81.84 84.83

Audio - Video - 95.77 96.02 96.77 96.52 96.52 96.27

dation in modality-sensitive classes. For example, when text is missing, classes like Horror, Ani-

mation, and War experience severe drops in performance, but CMPTs effectively recover much of

the loss (Figure 4.4a). Similarly, when images are missing, CMPTs provide substantial gains in

Thriller, Action, and Romance (Figure 4.4b). A slight drop is observed in Short and Documentary

classes when text is missing, likely due to insufficient information in the image modality alone for

those classes. These results demonstrate that CMPTs enhance performance across most classes,

leading to a strong overall performance improvement. A similar trend is observed on the UPMC

Food-101 dataset which is discussed in Section A2.7 of the appendix.

Determining the Optimal Alignment Loss Weight λ

To determine the optimal value for the alignment loss weight λ, we performed an ablation

study on the UPMC Food-101 and AVE datasets, varying λ from 0.0 to 0.5. The results, shown

in Table 4.5, indicate that the choice of λ is crucial for performance in different scenarios. For

our experiments, λ = 0.20 provides an overall better performance compared to other values. On

the UPMC Food-101 dataset, setting λ = 0.20 consistently achieves the best performance across
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Figure 4.5: t-SNE plots of the fused feature tokens T for ten classes under different modality
settings. The t-SNE plots show that fused features without CMPTs (red) deviate significantly from
the complete multimodal features (green). Incorporating CMPTs (blue) provides embeddings that
closely align with the complete multimodal features, indicating improved semantic alignment and
robustness in different missing modality scenarios.

all conditions: with missing text, missing image, and with both modalities available. Using λ =

0.0, which is equivalent to removing the alignment loss, results in a significant performance drop,

highlighting the importance of the alignment objective.

On the AVE dataset, the results show a similar trend. A weight of λ = 0.20 yields the

best performance when video is missing and when both modalities are available. λ = 0.30 shows

a slight performance improvement in the video-only scenario. Given that λ = 0.20 demonstrates

superior or near-optimal performance consistently across both datasets, we set λ = 0.20 for all our

experiments, as it provides a balance in performance across different modality conditions.

82



Figure 4.6: Attention map visualizations from the last layer of the vision encoder for the CLS token
and CMPTs in the text-missing scenario on the UPMC Food-101 dataset. The attention maps show
that CLS tokens attend to semantically-irrelevant regions, which likely leads to incorrect predictions.
In contrast, CMPTs attend to semantically-relevant regions for the respective classes and lead to
accurate predictions.

Qualitative Analysis of CMPT Effectiveness

To gain deeper insights into how CMPTs enhance robustness in missing modality scenar-

ios, we conducted a qualitative analysis on the UPMC Food-101 dataset using both fused feature

projections and attention visualizations. Figure 4.5 presents t-SNE plots of the fused feature T

for ten representative food classes where CMPTs yield notable performance gains. We compare

three settings: (i) complete multimodal input (green), (ii) missing modality without CMPTs (red),

and (iii) missing modality with CMPTs (blue). The t-SNE plots show that fused features with-

out CMPTs (red) deviate significantly from the complete multimodal features (green) in missing

modality scenarios. Incorporating CMPTs (blue) provides embeddings that closely align with the

complete multimodal features, indicating improved semantic alignment and robustness.
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We also analyze the attention maps from the last layer of the vision encoder for the CLS

token and CMPTs in the text-missing scenario, as shown in Figure 4.6. We selected random ex-

amples from six classes where fused features without CMPTs provide incorrect predictions, but

including the CMPTs leads to correct predictions (approximately 15% samples in the dataset show

this behavior). The attention maps show that CLS tokens attend to semantically-irrelevant regions,

which likely leads to incorrect predictions. In contrast, CMPTs attend to semantically-relevant re-

gions for the respective classes and lead to accurate predictions. These visualizations demonstrate

that CMPTs not only act as proxies for the missing modality but also reshape the model’s attention

to reflect modality-relevant cues. For the sake of completeness, we have also included attention

maps for some cases when the fused features with and without CMPTs provide correct predictions

(approximately 60% samples show this pattern) and when the fused features with CMPTs lead to

incorrect predictions (approximately 3% samples show this pattern) in Section A2.8.

4.5 Limitations and Future Directions

While our approach demonstrates consistent performance improvements over existing

methods in different missing modality scenarios, the remaining performance drop—especially in ex-

treme cases—indicates room for further improvement. Additionally, we observe that certain classes

are heavily dependent on a specific modality, which leads to significant performance drop in those

classes when that specific modality is missing. A natural question arises as how can we design a

better training strategy that encourages more uniform reliance on different modalities while main-

taining overall performance in both complete and missing modality scenarios? Future work can

also explore developing a general framework for explaining modality contribution and expected
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performance drop under different missing modality scenarios. Finally, this paper primarily focused

on two-modality settings due to the availability of standard benchmarks and baselines that enable

direct and fair comparisons. Extending the CMPT framework is a natural next step, and we are

actively investigating this direction as part of our ongoing work.

4.6 Conclusion

We presented a simple yet effective framework for utilizing pre-trained unimodal encoders

for robust multimodal learning. Our proposed framework enables training of multimodal systems

that offer robust performance under different scenarios of missing modalities during training and

inference. To compensate for missing modalities, we propose to learn cross-modal proxy tokens

(CMPTs) to approximate the missing modality class tokens from the available modality using an

alignment loss during training. Instead of training the unimodal encoders from scratch, we only

learn rank-1 adapters along with task-specific classifier heads. Our extensive evaluations across

diverse tasks and datasets demonstrate the robustness and adaptability of our approach in both com-

plete and missing modality scenarios. Our analysis also reveals that CMPTs can generalize well to

different missing scenarios and enhance performance across most of the classes to provide an over-

all performance boost. Overall, our approach provides a robust and efficient solution for multimodal

learning that maintains high performance in different real-world scenarios.
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Chapter 5

SSAM: Singular Subspace Alignment

for Merging Multimodal Large

Language Models

5.1 Introduction

Multimodal Large Language Models (MLLMs) [202, 191] have demonstrated remark-

able capabilities across diverse domains by integrating vision, audio, and language understanding

within a unified reasoning framework. Building on the success of large language models (LLMs)

[225, 132], early multimodal systems aligned different input modalities to a shared language rep-

resentation space using modality-specific encoders paired with pretrained LLM decoders. This

paradigm has proven effective for pairs of modalities such as vision-language [1, 110, 7], audio-

language [145, 49], video-language [108, 183], and point cloud-language [198, 165]. By leveraging
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large-scale paired multimodal datasets, these specialized MLLMs achieve strong alignment, gener-

alization, and performance across a wide range of multimodal tasks and modality combinations.

Figure 5.1: Comparison of multimodal learn-
ing paradigms. (a) Conventional methods train
a single MLLM on paired multimodal datasets.
(b) ImageBind-LLM [58] aligns all modalities
to shared image embeddings. (c) SSAM of-
fers a training-free method to merge independently
trained specialist MLLMs into a single, unified
model via subspace projection.

Current efforts in this area are

geared toward constructing MLLMs that can

process multiple modalities simultaneously.

One approach incorporates modality-specific

[192, 226] or shared [57] encoders with a

common language decoder and fine-tunes

the model on large-scale paired multimodal

datasets, as illustrated in Figure 5.1(a). Train-

ing such models or scaling existing MLLMs

(e.g., vision–language or audio–language)

to new modalities requires massive paired

multimodal pretraining and instruction-

tuning datasets, along with significant computational resources. Alternative methods [58, 163]

partially relax data requirements by aligning all modalities to an intermediate image embedding

space before connecting to the LLM, as shown in Figure 5.1(b). While this reduces the need for all-

modality paired data, it still depends on high-quality image and other modality pairs for alignment.

These approaches face two major limitations: first, collecting and synchronizing heterogeneous sen-

sory data (e.g., audio–video–text–point cloud) is costly and often impractical; and second, retraining

or extending MLLMs for each new modality remains compute-intensive and laborious.
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Figure 5.2: Overview of the proposed SSAM method. (a) Subspace projection: each language
vector ∆i is projected onto a shared low-rank subspace prior to merging. (b) SSAM constructs
covariance matrices A and B from all ∆i, extracts the shared left and right bases Uc and Vc, projects
language vectors, and merge them into ∆merged.

In this paper, we focus on the challenging problem of combining existing pretrained

MLLMs with different input modalities (e.g., vision–language, audio–language) into a single model

capable of processing all modalities simultaneously without training on any paired multimodal

data, as illustrated in Figure 5.1(c). Our work is inspired by recent progress in training-free model

merging, which demonstrate that knowledge from multiple expert models can be integrated without

access to training data. Early studies [78, 43, 22, 199] revealed that fine-tuned models encode task-

specific knowledge as directional “task vectors” in parameter space, enabling vector operations to

combine model capabilities. These methods primarily target homogeneous settings (e.g., multiple

vision–language, vision only, or language only models). Recent works attempt to bridge this gap

via parameter decoupling [14] or structured optimization [182] to reduce task interference.

To address these challenges, we propose Singular Subspace Alignment and Merging

(SSAM), a training-free framework that merges independently trained specialist MLLMs into a sin-

gle model capable of processing arbitrary combinations of input modalities. SSAM is motivated

by the observation that task vectors of specialist models are inherently low rank [43] and often
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span partially overlapping subspaces. Because we consider heterogeneous input modalities, SSAM

maintains modality-specific parameter updates separately to reduce modality interference, while

computing language-related parameter updates, referred to as language vectors, for each specialist

model prior to alignment. Unlike prior methods that rely on direct weight interpolation [182, 14],

SSAM explicitly identifies a shared low-rank consensus subspace that captures consistent parame-

ter update directions across all the specialist MLLMs. Each language vector is projected onto this

subspace before merging, ensuring alignment along dominant low-rank directions while filtering out

noisy or conflicting updates as shown in Figure 5.2. This subspace-based alignment mitigates inter-

ference in shared language parameters and preserves complementary knowledge from the specialist

MLLMs, enabling coherent multimodal reasoning without retraining or access to paired training

data (Figure 5.3). Our main contributions are summarized as follows:

• We propose Singular Subspace Alignment and Merging (SSAM), a training-free frame-

work that aligns and merges specialist MLLMs by projecting their language vectors onto a

shared low-rank subspace, effectively reducing parameter interference while preserving com-

plementary knowledge.

• SSAM achieves state-of-the-art performance across four multimodal datasets, consistently

outperforming both jointly trained multimodal models and existing training-free model merg-

ing approaches (Section 5.4.3, and Section 5.4.4).

• We further evaluate SSAM on three domain-specific benchmarks, showing that it preserves

specialist capabilities and often improves performance. Extensive ablation studies analyze

the impact of subspace rank and merging strategies, demonstrating that subspace alignment

enhances stability and cross-modal generalization (Section 5.4.5).
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• We present qualitative results demonstrating that the merged model effectively identifies

shared semantic cues across image, audio, video, and point cloud modalities, validating

SSAM’s coherent multimodal reasoning (Figure 5.3 and Section A3.5).

5.2 Related Work

Multimodal Large Language Models (MLLMs). Building on the success of large language

models (LLMs) [225, 132], MLLMs [202, 191] extend pretrained LLMs to process diverse in-

put modalities such as image, audio, and point cloud by aligning them to the language embedding

space. Vision–language models such as Flamingo [1], LLaVA [110], and Qwen-VL [7] connect

vision encoders to LLM decoders via learned projectors, while audio–language models like Whis-

per [145] and LTU [49] apply similar strategies for audio understanding tasks. This paradigm has

since been extended to additional modalities including video [126, 212], sensor data [103, 79], and

point clouds [198, 165]. Recent efforts aim to develop unified MLLMs capable of processing mul-

tiple modalities simultaneously. OneLLM [57] employs a shared encoder across all modalities,

whereas NExT-GPT [192] uses modality-specific encoders with projector layers. These models

are typically fine-tuned on large-scale paired multimodal datasets for downstream reasoning tasks.

Alignment-based frameworks such as ImageBind-LLM [58] and PandaGPT [163] bind all modal-

ities to a common image embedding space following ImageBind [45] approach before aligning to

the language space, reducing but not eliminating the need for paired multimodal data. Despite their

success, these methods face two key limitations: collecting large-scale aligned multimodal data

is difficult, costly and time consuming due to modality heterogeneity, and training such models

requires substantial compute resources.
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Model Merging. Model merging has emerged as an efficient approach for combining complemen-

tary capabilities from multiple expert models. Task Arithmetic [78] introduced the concept of a task

vector, representing a directional update in weight space, and showed that arithmetic operations on

task vectors can steer model behavior. Subsequent works extend this idea through both training-free

and unsupervised test-time adaptation strategies. Training-free approaches merge models without

additional training data: Model Soup [188] averages model weights, while Fisher Merging [129]

applies Fisher-weighted averaging. However, direct averaging often introduces task interference

and degrades model performance [43]. To mitigate this, TIES-Merging [199] prunes and aligns

weight signs before merging, DARE [206] randomly drops and rescales parameters, Consensus

Merging [173] removes conflicting updates, WUDI [22] explicitly minimizes interference via gra-

dient descent, and Core Space Merging [140] projects LoRA-based [72] parameter updates into a

compact latent space before merging. Recent studies further explore subspace geometry and orthog-

onality to improve merging robustness: DO-Merging [229] decouples magnitude and direction com-

ponents, OSRM [213] enforces orthogonal subspaces to reduce interference, KnOTS [162] aligns

LoRA weights via joint SVD transformation, VisionFuse [19] combine multiple vision encoders,

and Isotropic-Merging [128] flattens task spectra to enhance alignment. Test-time adaptation meth-

ods such as AdaMMS [36] and Representation Surgery [200] further refine merged models using

unlabeled test data. Although these methods show strong results, they are primarily designed for

unimodal (vision or language) or homogeneous multimodal settings (only vision–language models)

and often require test data for further model finetuning, limiting their applicability to truly multi-

modal model merging.
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Merging MLLMs with Heterogeneous Modalities. Recent studies have begun exploring model

merging for MLLMs with heterogeneous input modalities (e.g., vision–language and audio–language).

DAMC [14] mitigates task interference by processing each modality through separate modality-

specific adapters. However, it merges the shared parameters via weighted averaging, which can still

introduce interference due to conflicting updates from different source models. OptMerge [182]

optimizes task vectors in low-rank space to reduce noise and interference, but direct weight interpo-

lation still struggles to capture complementary information across distinct modalities, often leading

to degraded performance.

In contrast, SSAM adopts a training-free approach that preserves modality-specific pa-

rameter updates while identifying a shared low-rank subspace for language-specific updates. By

capturing the dominant and mutually consistent representational directions across the constituent

specialist MLLMs, this subspace alignment strategy mitigates parameter interference during merg-

ing. SSAM consistently outperforms existing merging methods (Sections 5.4.3 and 5.4.4) and

constituent specialist models (Section 5.4.5) across modality combinations, effectively capturing

cross-modal semantics (Figure 5.3) without additional fine-tuning.

5.3 Proposed Method

We aim to construct a single unified MLLM, Mmerged, capable of processing arbitrary

combinations of input modalities by merging a collection of independently fine-tuned specialist

models {M1,M2, . . . ,Mn}, each trained on different modality–language pairs (e.g., vision–language,

audio–language). Each Mi consists of two primary components: (1) a modality-specific encoder Ei

that map raw modality inputs (e.g., image, audio, video, or point cloud) into the shared language
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embedding space, and (2) a language decoder Wi that jointly processes the multimodal embeddings

and textual queries to generate responses.

Our objective is to derive Mmerged that inherits the multimodal reasoning capabilities of all

{Mi}ni=1. Moreover, we also seek to enable the model to understand arbitrary combinations of in-

put modalities without requiring additional fine-tuning on large-scale paired multimodal data. For

instance, by merging a vision-language model and an audio-language model, the resulting merged

model Mmerged should not only retain the ability to process vision-language and audio-language

inputs independently but also gain the capability to reason over combined vision-audio-language

inputs. To achieve this, we propose a training-free merging framework: Singular Subspace Align-

ment and Merging (SSAM). The key motivation behind SSAM is to preserve modality-specific pa-

rameter updates in isolation while identifying a shared, low-rank subspace for the language-specific

parameter updates. This subspace is designed to capture the dominant and mutually consistent

representational directions across all {Mi}ni=1, thereby mitigating interference during the merging

process. A pseudocode for this method is shown in Algorithm 1 in Section A3.3.

5.3.1 Problem Formulation

We assume all {Mi}ni=1 share the same language decoder architecture that is fine-tuned

from a common pretrained language decoder with weights W0. Wi denotes the language decoder

weights of the i-th fine-tuned specialist (i ∈ {1, 2, . . . , n}) each fine-tuned to process a separate

modality m ∈ {m1,m2, . . . ,mn} paired with language t. We follow a parameter decoupling strat-

egy similar to [14] and decouple modality-specific and language-specific parameters as Wm
i and

W t
i , respectively. An MLLM that is fine-tuned on modality m paired with language t, we can write

the input to any layer l of the language decoder as hl = [hml , htl ] where hml and htl denote the
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modality-specific and language-specific hidden states, respectively. For simplicity of notation, we

omit the layer subscript l in the subsequent derivations.

We calculate the query Q, key K and value V matrices for any layer as:

Q = [hmWm
i,Q, h

tW t
i,Q]; K = [hmWm

i,K , htW t
i,K ]; V = [hmWm

i,V , h
tW t

i,V ]; (5.1)

where Wm
i,(.) and W t

i,(.) denote modality-specific and language-specific weights. Attention is applied

to the whole sequence and the output is calculated as:

[hma , hta] = Split(Attention(Q,K, V ) = Split(softmax(
QK⊤
√
dk

)V ) (5.2)

[hmo , hto] = [hma Wm
i,O, h

t
aW

t
i,O]; hl+1 = [FFNm(hmo ), FFNt(h

t
o)] (5.3)

where dk is the dimension of K and FFNm and FFNt denote modality-specific and language-

specific feed-forward layers. During attention, hidden states from all modalities attend to one

another through a shared attention map, enabling cross-modal interactions in the joint sequence

space. This design allows modality and language tokens to exchange information at every layer

while preserving modality-specific parameters, thereby retaining modality-specific representations

alongside shared multimodal reasoning. For our merging method, we keep all the modality-specific

parameter updates Wm
i,(.) separate and merge only language-specific weights W t

i,(.). For simplicity,

we denote them as W t
i .

5.3.2 Language Vectors

Following prior work [78, 22], we define the language-specific parameter updates, re-

ferred to as language vectors, as

∆i = W t
i −W0, (5.4)
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where ∆i ∈ Rdout×din represents the parameter shift that adapts the general-purpose language de-

coder W0 to a specific multimodal task (e.g., vision–language). We compute these language vectors

independently for each linear layer l of the model. For models adapted using Low-Rank Adaptation

(LoRA) [72], the language vector naturally takes the form ∆i = At
iB

t
i , where At

i ∈ Rdout×r and

Bt
i ∈ Rr×din are low-rank matrices.

Our goal is to estimate a merged language vector ∆merged such that the resulting language

decoder retains and integrates the capabilities of all {Mi}ni=1. Since we only merge the language-

specific parameter updates, we hypothesize that the subspaces spanned by the language vectors ex-

hibit significant overlap, making it possible to identify a shared common subspace. Naı̈vely averag-

ing language vectors in the full parameter space ( 1n
∑n

i=1∆i) or in the LoRA space ( 1n
∑n

i=1A
t
i and

1
n

∑n
i=1B

t
i ) often leads to suboptimal performance due to parameter interference (Section 5.4.5) be-

cause conflicting parameter updates in ∆i, A
t
i, orBt

i can cancel out [199, 22]. SSAM addresses this

by identifying a shared consensus subspace that captures consistent update directions across all

{∆i}ni=1 and merging the projected language vectors within that subspace.

5.3.3 Shared Consensus Subspace Construction

To identify a shared subspace that best captures the consistent parameter updates across

all {∆i}ni=1, we analyze their principal directions of variance. Each ∆i represents a directional

update in the model’s parameter space, reflecting the adaptation of W0 toward a specific modality

pair. Although these updates differ across {Wi}ni=1, they often exhibit correlated directions because

they all modify language-related parameters. Our objective is to extract this common structure while

suppressing conflicting updates that may introduce noise or interference.
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We first compute the row- and column-wise inner-product matrices, A and B, by aggre-

gating the contributions of all {∆i}ni=1:

A =
n∑

i=1

∆i∆
⊤
i , B =

n∑
i=1

∆⊤
i ∆i. (5.5)

These matrices capture the dominant column- and row-space structures shared among the language

vectors. We then perform Singular Value Decomposition (SVD) as A = UΣAU
⊤, B = V ΣBV

⊤,

where U and V contain the orthonormal bases corresponding to the principal directions of variation

across all {∆i}ni=1. The largest singular values in ΣA and ΣB correspond to the most consistent and

energy-preserving update directions shared among the specialists models. By selecting the top-k

eigenvectors in U and V , we define the orthonormal bases of the shared consensus subspace:

Uc = U[:,1:k], Vc = V[:,1:k]. (5.6)

The rank k controls the effective dimensionality of the shared subspace. In practice, k is

chosen to retain the majority of cumulative spectral energy while removing task-specific noise [43,

182]. We evaluate k ∈ {64, 128, 256, 384, 512} and find k = 128 empirically provides the best

trade-off between shared variance preservation and parameter interference suppression as discussed

in Section 5.4.5.

Justification for shared subspaces. One might intuitively consider computing the shared subspace

by directly applying Truncated SVD to the naı̈vely summed language vectors ∆̄ =
∑n

i=1∆i. How-

ever, the left singular vectors of this direct sum are derived from the covariance matrix:

∆̄∆̄⊤ =

n∑
i=1

∆i∆
⊤
i +

∑
i̸=j

∆i∆
⊤
j . (5.7)

In the context of MLLMs independently fine-tuned on heterogeneous modalities, the cross-covariance

terms (
∑

i̸=j ∆i∆
⊤
j ) often contain parameter interference and spurious cross-task noise. By explic-
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itly defining A =
∑n

i=1∆i∆
⊤
i and B =

∑n
i=1∆

⊤
i ∆i in Equation (5.5), SSAM deliberately drops

these noisy cross-terms. Consequently, our bases Uc and Vc minimize the joint column- and row-

space projection errors across all {∆i}ni=1:

Uc = arg min
U⊤U=Ik

n∑
i=1

∥∆i − UU⊤∆i∥2F , (5.8)

Vc = arg min
V ⊤V=Ik

n∑
i=1

∥∆i −∆iV V ⊤∥2F . (5.9)

Next, we define the projection operators for the left and right subspaces and project each

∆i onto the shared consensus subspace as:

Pu = UcU
⊤
c ∈ Rdout×dout , Pv = VcV

⊤
c ∈ Rdin×din (5.10)

∆p
i = Pu∆i Pv ∈ Rdout×din . (5.11)

This operation aligns the language vectors onto a common coordinate system spanned by the shared

bases Uc and Vc, ensuring that only the most salient update directions are preserved. By projecting

{∆i}ni=1 onto this subspace, SSAM captures the shared representational geometry across {Mi}ni=1

while suppressing conflicting updates and reducing parameter interference during merging.

5.3.4 Language Vector Merging

After projection, we compute the merged language vector as ∆merged = λ
∑n

i=1∆
p
i where

λ is a scaling coefficient. For simplicity, we can set λ = 1
n when the norms of {∆i}ni=1 are similar.

However, since each Mi is fine-tuned independently on different modality pairs, scaling the merged

language vector can improve performance on a given downstream task. In practice, λ can be deter-

mined using a small validation set for the target task or selected based on the performance of the

merged model on individual modality-language pairs [14, 78].
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For models fine-tuned using LoRA, we can represent the merged update as ∆merged ≡

At
mergedB

t
merged, where At

merged = Uc and Bt
merged = U⊤

c λ
∑n

i=1∆iPv. This step preserves LoRA’s

parameter efficiency and enables direct substitution into pre-trained model checkpoints. Bias and

normalization parameters are merged via simple averaging.

In summary, SSAM constructs a shared consensus subspace that captures mutually con-

sistent language-specific parameter updates across models, projects them onto this subspace, merges

them, and re-factorizes the result into low-rank LoRA form when applicable. The resulting language

decoder effectively integrates knowledge from all specialist MLLMs and enables robust multimodal

reasoning without requiring any paired training data or additional fine-tuning.

5.4 Experiments and Results

5.4.1 Datasets and Benchmarks

We evaluate SSAM on four multimodal datasets from two representative benchmarks.

In addition, we assess performance on three domain-specific benchmarks to verify that merging

preserves the capabilities of the specialist models. A brief overview is provided below, with full

dataset details in Section A3.1. We denote video, image, audio, point cloud, and language as V, I,

A, P, and L, respectively.

Audio-Visual Question Answering (AVQA) Benchmarks. The AVQA task evaluates a model’s

ability to answer questions on image, audio, and video inputs. We assess SSAM on two large-scale

datasets: MUSIC-AVQA [96] and AVQA [201], each comprising three modalities (I, A, and V)

paired with language. MUSIC-AVQA focuses on fine-grained multimodal understanding and
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spatio-temporal reasoning in musical performance. AVQA targets complex interactions and rela-

tionships between real-world objects, sounds, and daily activities.

Multimodal Commonality Understanding Benchmark (MCUB). The MCUB benchmark [14]

measures a model’s ability to identify shared semantic concepts across diverse input modalities. It

includes two variants: MCUB-3, which includes four three-modality combinations (I+V+P, A+V+P,

I+A+P, and I+A+V) paired with language, and MCUB-4, which integrates all four modalities

(I+A+V+P) paired with language.

Domain-Specific Benchmarks. To assess whether the merged model preserves the capabilities of

the original specialist models, we evaluate it on three domain-specific benchmarks: MMLU [68] for

language understanding, OCRBench [116] for vision–language reasoning, and MMAU [153] for

audio–language tasks. These evaluations demonstrate that merging preserves and, in some cases,

improves the performance of the model.

5.4.2 Implementation Details

We consider four input modalities: Image (I), Audio (A), Video (V), and Point Cloud

(P) paired with Language (L). For all experiments, we use the pretrained specialist model check-

points provided by [14], which include vision–language, audio–language, video–language, and

point–language models. Each specialist uses Vicuna-7B-v1.5 [228] as language decoder, CLIP-

ViT-L-336px [144] as image encoder, BEATs-Iter3+ [17] as audio encoder, LanguageBind [238]

video encoder, and PointLLM [198] point encoder. The audio encoder employs a Q-Former [98]

with 32 query tokens as the projector, while other modalities use MLP projectors.
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Table 5.1: Performance comparison on MUSIC-AVQA [96] and AVQA [201] datasets. SSAM
achieves the best average performance across all modality combinations and consistently outper-
forms both training-free model merging baselines and models finetuned on paired multimodal data.

Dataset Method V+L V+I+L V+A+L V+I+A+L Average

MUSIC-AVQA

Models finetuned on paired multimodal data

ChatBridge-13B [226] - - 43.00 - 43.00

OneLLM-7B [57] - - 47.60 - 47.60

ImageBind-LLM [58] 37.24 38.76 39.72 38.16 38.47

X-InstructBLIP [139] 45.83 41.23 48.34 47.39 45.70

Proj-Only [14] 44.93 46.64 46.17 50.21 46.99

Training-free model merging methods

Task Arithmetic [78] 53.53 53.22 53.62 55.98 54.09

TSV [43] 53.81 54.26 53.63 54.73 54.11

WUDI [22] 53.89 53.78 54.10 52.43 53.55

OptMerge [182] 51.83 52.17 51.05 53.17 52.06

NaiveMC [14] 49.00 52.52 50.66 53.63 51.45

DAMC [14] 49.09 53.08 50.91 57.32 52.60

SSAM (Ours) 54.34 54.55 54.68 56.30 54.97

AVQA

Models finetuned on paired multimodal data

ImageBind-LLM [58] 51.77 51.65 55.00 54.26 53.17

X-InstructBLIP [139] 41.91 40.42 44.29 44.23 42.71

Proj-Only [14] 67.99 66.65 67.65 66.85 67.29

Training-free model merging methods

Task Arithmetic [78] 61.96 73.60 77.93 77.29 72.70

TSV [43] 77.88 80.28 81.91 81.28 80.34

WUDI [22] 64.30 76.09 79.06 78.69 74.54

OptMerge [182] 78.37 80.26 82.10 81.52 80.56

NaiveMC [14] 79.37 79.74 79.82 80.70 79.91

DAMC [14] 79.15 80.30 80.40 81.31 80.29

SSAM (Ours) 80.45 80.70 82.12 81.87 81.29
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During merging, we experiment with ranks k ∈ {64, 128, 256, 384, 512} and find that

k = 128 yields overall better performance (Section 5.4.5). We report results from published works

whenever available. For training-free model merging methods [78, 43, 22, 182], we reproduce

results using the same checkpoints with the public codebase of [182]. Additional implementation

details are provided in supplementary Section A3.2.

5.4.3 Results on AVQA Benchmarks

We summarize the performance of SSAM on the two AVQA datasets in Table 5.1. We

compare SSAM with two categories of methods: (1) jointly trained multimodal models that rely

on large paired multimodal datasets, including ChatBridge-13B [226], OneLLM [57], ImageBind-

LLM [58], X-InstructBLIP [139], and Proj-Only [14]; and (2) training-free model merging ap-

proaches such as Task Arithmetic [78], TSV [43], WUDI [22], OptMerge [182], NaiveMC [14],

and DAMC [14].

Performance on MUSIC-AVQA dataset

For MUSIC-AVQA, training-free merging methods generally outperform models trained

on paired multimodal data, highlighting the effectiveness of model merging without retraining.

SSAM achieves the highest average accuracy of 54.97%, surpassing the best finetuned baseline,

Proj-Only (46.99%), by 7.98 percentage points. Within the training-free merging category, SSAM

attains the best average accuracy and maintains consistent performance across all modality combi-

nations. It achieves the top scores in three subsets: V+L (54.34%), V+I+L (54.55%), and V+A+L

(54.68%). In V+I+A+L setting, DAMC slightly exceeds SSAM (57.32% vs. 56.30%), but SSAM
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Table 5.2: Performance comparison on MCUB benchmark [14]. SSAM achieves the best aver-
age performance across all modality combinations and consistently outperforms both training-free
merging baselines and models finetuned on paired multimodal data.

Method
MCUB-3 MCUB-4

I+V+P+L A+V+P+L I+A+P+L I+A+V+L Average I+A+V+P+L

Models finetuned on paired multimodal data

ImageBind-LLM [58] 31.80 31.40 33.40 35.20 32.95 32.93

X-InstructBLIP [139] 29.40 25.20 21.20 41.40 29.30 27.94

Proj-Only [14] 42.60 43.80 42.80 47.40 44.15 43.00

Training-free model merging methods

Task Arithmetic [78] 36.80 37.60 43.80 45.00 40.80 40.53

TSV [43] 48.00 48.00 58.00 51.60 51.40 52.29

WUDI [22] 38.20 40.40 44.40 44.40 41.85 40.95

OptMerge [182] 52.80 53.60 58.60 53.80 54.70 55.88

NaiveMC [14] 53.00 51.00 58.80 56.00 54.70 54.03

DAMC [14] 58.20 58.80 65.60 56.60 59.80 60.08

SSAM (Ours) 59.40 61.00 65.40 55.60 60.35 62.27

achieves the best overall mean accuracy across all combinations. These results indicate that SSAM

effectively integrates complementary information from different specialist models while mitigating

interference between modalities.

Performance on AVQA dataset

On the AVQA dataset, SSAM achieves an average accuracy of 81.29%, outperform-

ing both finetuned and training-free baselines. Compared to the best finetuned model, Proj-Only

(67.29%), SSAM improves by 14 percentage points. Among training-free merging methods, SSAM

consistently achieves the highest accuracy across all modality combinations.
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5.4.4 Results on MCUB Benchmarks

The results for MCUB-3 and MCUB-4 datasets are summarized in Table 5.2. We compare

SSAM with (1) models finetuned on paired multimodal data [58, 139, 14], and (2) existing training-

free model merging methods [78, 43, 22, 182, 14].

Performance on MCUB-3 dataset

Compared to models trained on paired multimodal data, training-free merging methods

show substantial improvements, underscoring their potential for scalable and efficient merging of

MLLMs. SSAM achieves the best overall performance with an average accuracy of 60.35%, sur-

passing the best finetuned baseline, Proj-Only (44.15%), by 16.20 percentage points. Within the

training-free category, SSAM attains the highest average accuracy, outperforming the next-best

method, DAMC (59.80%). A closer analysis reveals complementary strengths: SSAM leads in

the I+V+P+L (59.40%) and A+V+P+L (61.00%) subsets, while DAMC performs slightly better

in I+A+P+L (65.60%) and I+A+V+L (56.60%). Despite these minor variations, SSAM maintains

strong overall performance across all subsets, demonstrating consistent generalization across diverse

modality combinations.

Performance on MCUB-4 dataset

MCUB-4 presents a more challenging scenario, requiring reasoning over all four modal-

ities (I, A, V and P) simultaneously. In this setting, SSAM achieves an accuracy of 62.03%, out-

performing all training-free baselines, including DAMC (60.08%), and surpassing the best jointly

trained model, Proj-Only (43.00%), by 19.03 percentage points. Figure 5.3 presents qualitative
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Figure 5.3: Qualitative examples on commonality understanding on the MCUB-4 dataset.

examples from the MCUB-4 dataset, showing that the merged model effectively identifies shared

semantic cues across image, audio, video, and point cloud modalities, although none of the specialist

models was fine-tuned on such combinations. Additional examples are provided in supplementary

Section A3.5. These results highlight SSAM’s ability to integrate complementary modality infor-

mation and maintain coherent multimodal reasoning across unseen modality combinations.

5.4.5 Ablation Studies

Model Merging Enhances Cross-Modal Performance. We compare the merged model with its

constituent specialist vision–language, audio–language, and video–language models across differ-

ent modality–language tasks and summarize the results in Table 5.3. The merged model consistently

outperforms individual specialists on both MUSIC-AVQA and AVQA datasets, improving average

performance by +8.36% and +9.46%, respectively. Notably, it generalizes effectively to the unseen

four-modality (V+I+A+L) setting, despite none of the specialists being trained on this combination.

We also provide qualitative examples in Figure 5.4, demonstrating that the merged model yields

more accurate predictions than its specialist counterparts. Further examples are available in supple-
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Table 5.3: Comparison of specialist vs. merged
MLLMs on the MUSIC-AVQA and AVQA
datasets. The merged model consistently out-
performs individual specialists across modality
pairs and generalizes well to the unseen four-
modality (V+I+A+L) setting.

Dataset Model V+L I+L A+L V+I+A+L Avg.

MUSIC- Specialist 48.88 51.22 33.25 – 44.45

AVQA Merged 54.34 53.46 47.15 56.30 52.81

AVQA
Specialist 79.09 75.52 44.18 – 66.26

Merged 80.45 76.33 64.21 81.87 75.72

Table 5.4: Comparison of specialist vs. merged
MLLMs across three domain-specific bench-
marks. VLM, Vid-LM, and ALM denote
Vision-Language, Video-Language, and Audio-
Language models, respectively. SSAM (ours)
consistently outperforms individual specialists.

Benchmarks
Specialist MLLMs Merged

VLM Vid-LM ALM SSAM

MMLU 50.52 50.25 42.62 51.82

OCRBench 319 – – 329

MMAU (test-mini) – – 48.50 58.90

mentary Section A3.5. These gains arise from the subspace alignment mechanism, which projects

language vectors onto a shared low-rank consensus subspace. By emphasizing consistent represen-

tational directions and suppressing noisy or conflicting updates, this alignment enables the model

to integrate complementary strengths from all the specialist models, resulting in more robust and

accurate multimodal reasoning.

Comparison with Simple Merging Strategies. We compare SSAM against two standard training-

free merging baselines: Task Arithmetic [78], which directly adds the language vectors, and NaiveMC

[14], which averages them. As shown in Figure 5.5, direct addition or averaging results in sub-

optimal performance across all datasets (likely due to conflicting parameter updates and parameter

interference) [43, 22, 182]. In contrast, SSAM projects language vectors into a shared low-rank sub-

space before merging, aligning consistent update directions while filtering modality-specific vari-

ations. This projection consistently improves performance across all four datasets, demonstrating

that subspace alignment offers a more stable and coherent alternative to simple linear combination

methods.
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Figure 5.4: Qualitative examples on the AVQA dataset.

Figure 5.5: Comparison with simple model-merging
baselines. SSAM consistently outperforms them
across all four datasets.

Figure 5.6: Effect of subspace rank (k) on
average performance. Empirically k = 128
offers slightly better performance.

Merging Preserves Specialist Capabilities. To assess whether the merged model preserves the

capabilities of the original specialist models, we evaluate it on three domain-specific benchmarks.

The results are summarized Table 5.4. We evaluate SSAM on MMLU [68] benchmark to assess

potential degradation of core language capabilities. SSAM slightly outperforms all specialist models

indicating that merging does not degrade language capabilities of the original specialist models. To

evaluate vision–language and audio-language reasoning, we evaluate SSAM on OCRBench [116]

and MMAU (test-mini) [153], respectively. Results show that SSAM does not cause performance

degradation on these benchmarks and slightly outperforms specialist models on both of them. These

results indicate that SSAM does not degrade performance or suffer from catastrophic forgetting on

domain-specific tasks and often provides performance improvements.
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Effect of Subspace Rank (k). To determine the optimal subspace dimensionality, we evaluate

SSAM with ranks k ∈ {64, 128, 256, 384, 512} on the MCUB-3 and MCUB-4 datasets. As shown

in Figure 5.6, ranks 64 and 128 exhibit similar performance, whereas increasing the rank gradu-

ally decreases performance. We hypothesize that higher ranks introduce redundant or conflicting

updates within the language vectors, leading to parameter interference. Rank k = 128 empirically

yields overall better performance across both datasets and is adopted in all the experiments. The

reported averages are computed over all modality combinations, with detailed breakdowns provided

in supplementary Section A3.4.

5.5 Discussion and Future Directions

Discussion. Model merging approaches such as SSAM offer a practical and scalable way to unify

specialist MLLMs without retraining or access to paired multimodal data. As the number of fine-

tuned models on open-source platforms like Hugging Face [184] continues to grow, model merging

provides an efficient means to reuse, combine, and extend these models. It promotes model reuse,

reduces data collection and training costs, preserves privacy by avoiding data sharing, and enables

distributed development where independently trained specialist models can be integrated into a

unified multimodal system.

Limitations and Future Directions. To maintain fairness with existing benchmarks and account for

computational constraints, our experiments focused on models with approximately 7B parameters.

We focus on merging models with the same architecture; extending to heterogeneous architectures

remains an open challenge. We evaluated SSAM on four datasets that include diverse combina-

tions of image, audio, video, point cloud, and language modalities. However, there is currently
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no comprehensive benchmark specifically designed to evaluate MLLM merging. Developing such

benchmarks would enable broader and more systematic evaluation across additional modalities,

such as depth, thermal, IMU, or medical imaging, which are essential for assessing generalization

to heterogeneous and complex modality interactions. Finally, the safety and alignment of merged

MLLMs remain open challenges. Understanding how merging affects factual consistency, ethical

behavior, and robustness is important for ensuring reliable and trustworthy multimodal systems.

5.6 Conclusion

We propose Singular Subspace Alignment and Merging (SSAM), a training-free frame-

work for merging independently trained MLLMs. Unlike conventional joint multimodal training,

which requires large paired datasets and substantial computational resources, SSAM integrates spe-

cialist MLLMs into a single model capable of processing arbitrary combinations of input modalities.

SSAM preserves modality-specific parameter updates while identifying a shared low-rank subspace

that captures dominant and mutually consistent directions across language-specific parameters. By

aligning and merging updates within this subspace, SSAM constructs a unified MLLM that retains

modality-specific representations while capturing shared knowledge in a common language space.

This design mitigates cross-modal interference and enables effective integration without paired mul-

timodal training data or additional fine-tuning. Extensive experiments on four datasets show that

SSAM achieves state-of-the-art performance, outperforming prior training-free merging methods

and models trained on large-scale paired multimodal data. Evaluation on three additional bench-

marks shows that SSAM preserves and often improves performance on domain-specific tasks.
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Overall, SSAM demonstrates that alignment in parameter space can serve as a practical alternative

to costly joint multimodal training while maintaining strong performance.
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Chapter 6

Conclusion

Multimodal learning has emerged as a fundamental paradigm for building intelligent sys-

tems capable of reasoning over heterogeneous data sources. This dissertation addressed three critical

challenges that limit the practical deployment of multimodal systems: (i) fusing information from

arbitrary combinations of input modalities, (ii) ensuring robustness under missing modality scenar-

ios, and (iii) merging capabilities from multiple expert models to build a unified multimodal model

without costly retraining or reliance on paired multimodal data.

6.1 Summary of Contributions

To address these challenges, this dissertation introduced a series of principled methods

that progressively relax assumptions on modality availability, supervision, and data requirements.
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6.1.1 Flexible Multimodal Fusion

In Chapter 2, we introduced MMSFormer, a transformer-based multimodal material and

semantic segmentation architecture with a novel fusion block designed to handle arbitrary combi-

nations of heterogeneous input modalities. Unlike prior methods restricted to fixed modality pairs,

MMSFormer provides a scalable and computationally efficient mechanism for integrating heteroge-

neous modalities. Extensive experiments demonstrated that the proposed fusion strategy achieves

state-of-the-art performance across multiple datasets and exhibits consistent performance improve-

ments as additional modalities are incorporated. These results highlight the importance of designing

modality-agnostic fusion mechanisms for flexible multimodal systems.

6.1.2 Robustness to Missing Modalities via Adaptation

In Chapter 3, we addressed the challenge of missing modality robustness through parameter-

efficient adaptation. We proposed a lightweight framework that modulates intermediate feature rep-

resentations of pretrained multimodal models using scaling and shifting. This approach enables dy-

namic adaptation of the model based on the available modalities without requiring model retraining

or designing specialized architectures. Our results showed that the adapted models significantly re-

duce performance degradation in missing modality scenarios while maintaining strong performance

when all modalities are present, using less than 1% additional learnable parameters.

6.1.3 Cross-Modal Approximation with Proxy Tokens

In Chapter 4, we further advanced robustness to missing modalities by introducing Cross-

Modal Proxy Tokens (CMPTs). Unlike adaptation-based methods, CMPTs explicitly approximate
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representations of missing modalities by leveraging information from available ones through atten-

tion mechanisms. This framework enables effective handling of diverse missing modality scenarios

and achieves state-of-the-art performance across multiple datasets. Importantly, CMPTs maintain

strong performance in both complete and missing modality settings, demonstrating their versatility

and generalization capability.

6.1.4 Training-Free Multimodal Model Merging

In Chapter 5, we addressed the challenge of combining capabilities from multiple pre-

trained multimodal models. We proposed Singular Subspace Alignment and Merging (SSAM), a

training-free framework that aligns and merges independently trained specialist models within a

shared low-rank subspace. By projecting model specific parameter updates onto a consensus sub-

space, SSAM reduces parameter interference while preserving complementary knowledge. This

approach eliminates the need for paired multimodal training data and enables scalable integration

of diverse modalities. Experimental results demonstrated that SSAM achieves state-of-the-art per-

formance and, in some cases, surpasses jointly trained multimodal models.

6.1.5 Unified Perspective

Collectively, the contributions of this dissertation provide a unified framework for multi-

modal learning that emphasizes flexibility, robustness, and scalability. By addressing challenges at

different levels—fusion, adaptation, representation, and model merging—this work moves toward

practical multimodal systems capable of operating under real-world constraints.
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6.2 Open Problems and Future Directions

Despite the progress made in this dissertation, several fundamental challenges are still

open. Addressing these problems will be crucial for advancing multimodal learning toward more

general, reliable, and efficient systems for real-world applications.

6.2.1 Generalization to New and Unseen Modality Combinations

Although the proposed methods improve flexibility across heterogeneous modality com-

binations, robust generalization to entirely new and unseen modality combinations remains an im-

portant open problem. One promising direction is to develop meta-learning or compositional learn-

ing frameworks that explicitly model higher-order interactions among modalities and enable adap-

tation to unseen combinations. Another direction is learning modality-invariant representations that

capture shared semantic structure across modalities, allowing knowledge transfer beyond observed

modality subsets. Progress in this area also requires benchmark datasets and evaluation methods

that systematically assess generalization under novel modality configurations. In parallel, sparse or

modular fusion strategies that dynamically select relevant modalities, together with efficient atten-

tion mechanisms that scale to large multimodal inputs, may offer practical pathways toward more

generalizable multimodal systems.

6.2.2 Robustness Beyond Missing Modalities

This dissertation primarily focused on robustness under missing modality conditions.

However, practical multimodal systems must also operate under broader forms of uncertainty and

corruption. Real-world data may contain noisy or low-quality modalities with varying data reliabil-
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ity, temporal or spatial misalignment across modalities, and even adversarial perturbations designed

to exploit multimodal systems. Extending robustness beyond missing modalities therefore remains

a critical research direction. In particular, uncertainty-aware or reliability-aware fusion mechanisms

that dynamically assess the trustworthiness of each modality could provide a principled framework

for robust multimodal reasoning under diverse failure modes.

6.2.3 Learning Without Paired Multimodal Training Data

While SSAM demonstrates the feasibility of training-free model merging without paired

multimodal supervision, fully eliminating dependence on paired multimodal datasets remains an

open challenge. Future research may explore self-supervised and contrastive learning approaches

for cross-modal alignment that reduce or remove reliance on explicit paired data. Another promis-

ing direction is leveraging large-scale unimodal data together with weak or implicit supervision

to bootstrap multimodal representations. Synthetic data generation and simulation environments

may further provide scalable alternatives for learning multimodal representations when real paired

datasets are scarce or expensive to collect.

6.2.4 Continual and Lifelong Multimodal Learning

Real-world multimodal systems must continually adapt to new modalities, tasks, and

evolving data distributions, motivating the need for lifelong multimodal learning. Key challenges

include incrementally incorporating new modalities without catastrophic forgetting, updating mod-

els efficiently without full retraining, and balancing adaptation with representational stability. Ad-

dressing these challenges may require integrating ideas from continual learning, parameter-efficient

adaptation, and modular model composition. In particular, combining lightweight adaptation meth-
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ods with model merging techniques presents a promising direction toward multimodal systems that

can continuously expand their capabilities over time.

6.2.5 Interpretability and Explainability

As multimodal systems become increasingly complex, interpretability and explainability

are becoming essential for both scientific understanding and trustworthy deployment. A key open

question is how to identify the contributions of different modalities and their interactions in model

predictions. Future work may focus on interpretable fusion mechanisms that expose cross-modal

reasoning processes, attribution methods that quantify modality-specific contributions, and visual-

ization tools for analyzing the structure of multimodal representations. Advancing interpretability

in these directions could improve debugging, reliability, and trustworthiness in multimodal systems.

6.2.6 Toward General Multimodal Intelligence

A long-term goal of multimodal learning is the development of systems capable of gen-

eral reasoning across diverse modalities and tasks. Achieving this objective will likely require

unified architectures that integrate perception, reasoning, and generation within a common frame-

work, together with scalable training paradigms that leverage both unimodal and multimodal data.

Equally important is the development of robust evaluation frameworks that capture the complexity

and variability of real-world environments. Progress along these directions may ultimately move

multimodal learning beyond task-specific systems toward more general multimodal intelligence.
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6.3 Final Remarks

This dissertation presented a comprehensive study of multimodal learning under realistic

constraints, focusing on flexibility, robustness, and scalability. By addressing fundamental chal-

lenges in fusion, missing modality handling, and model merging, the proposed methods contribute

toward the development of practical multimodal systems. As multimodal data continues to grow

in scale and diversity, developing methods that can effectively leverage such data will be essential

for the next generation of intelligent systems. The ideas and frameworks introduced in this work

provide a foundation for future research in this rapidly evolving field.
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A1 Robust Multimodal Learning with Missing Modalities via Parameter-

Efficient Adaptation

A1.1 Datasets

MFNet Dataset introduced by [55], is a popular dataset for RGB-thermal urban scene segmentation,

particularly in the context of supporting autonomous driving applications. It comprises a total of

1569 aligned pairs of RGB-thermal images. Within this collection, 820 image pairs were captured

during daytime, while 749 pairs were acquired during nighttime. The dataset is divided into distinct

training and test sets, each accompanied by pixel-level annotations that define semantic labels for

nine classes. Each image is 640× 480 pixels.

NYU Depth v2 (NYUDv2) Dataset from [159] is a well-known dataset for RGB-D semantic seg-

mentation. This dataset contains 1449 pairs of aligned RGB-depth images of indoor scenes. The

images are divided into training and test sets containing 795 and 654 pairs of images respectively.

The dataset also provides per pixel annotations for 13 classes, 40 classes and 894 classes ground

truth semantic labels. For our experiments we used the standard 40 classes annotation. Each image

is 640×480 pixels and the dataset contains both raw and processed depth maps. For our experiments

we used HHA images as proposed by [54] instead of depth maps.

Multimodal Material Segmentation (MCubeS) Dataset was introduced by [106] for accurate

multimodal material segmentation with the help of thermal and polarized images alongside RGB

images. This dataset has four modalities: RGB, Angle of Linear Polarization, Degree of Linear

Polarization and Near-Infrared. Alongside these modalities, the dataset also provides ground truth

annotation for semantic and material segmentation. There are 500 image sets divided into train,
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validation and test sets having 302, 96 and 102 image sets respectively. The images are 1224×1024

pixels each and have 20 classes in total.

NTU RGB+D (NTU60) dataset [154] is a popular multimodal action recognition dataset. The

dataset contains 56,880 action samples divied into 60 classes. The actions can be braodly catego-

rized into three different categories: daily actions, medical conditions and mutual actions. It has

four different input modalities: RGB videos (1920× 1080), depth map sequences (512× 424), in-

frared (IR) videos (512×424) and 3D skeletal data (25 major body joints). Three Microsoft Kinect

V2 cameras were used to capture the videos simultaneously. It has two evaluation protocols: cross

subject and cross view. We used RGB and depth data for our experiments and evaluated on cross

subject protocol.

CMU-MOSI dataset from [210] is a popularly used for multimodal sentiment analysis. The dataset

has 2199 samples each having audio, visual and text as input modalities. It is divided into train,

validation and test sets containing 1284, 229 and 686 samples respectively along with annotated

sentiment for each sample.

CMU-MOSEI is a large scale sentiment analysis dataset from [6]. It is 10 times larger than CMU-

MOSI and contains audio, visual and text modalities along with ground truth sentiment annotations.

The dataset contains 23453 samples divided into train, validation and test sets for multimodal sen-

timent analysis and emotion recognition.

UPMC Food-101 dataset [177] is a popular challenging multimodal classification dataset. It has

90,704 image-text pairs divided into train, validation and test sets. The dataset is annotated for 101

classes. Classes are identical to the ETHZ Food-101 dataset [10]. The samples are noisy as they

were collected in an uncontrolled environment and thus huge diversity among samples is observed.
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Table A1.1: Hyperparameters for the experiments on CMU-MOSI and CMU-MOSEI datasets for
multimodal sentiment analysis.

Hyperparameters CMU-MOSI CMU-MOSEI

Batch Size 16 4

Initial Learning Rate 0.002 0.0005

Optimizer Adam Adam

Attention Dropout 0.3 0.4

Embedding Dropout 0.2 0.0

Output Dropout 0.5 0.5

Gradient Clip 0.6 0.6

Weight Decay 0.005 0.001

Temporal Conv Kernel Size (T/A/V) 5/5/5 5/1/3

# of Crossmodal Blocks 4 4

A1.2 Implementation Details

We used Python1 3.8.12 and PyTorch2 1.9.0 to for our implementation. The experiments

were done using two NVIDIA RTX 2080 Ti GPUs. We applied automatic mixed precision (AMP)

training provided by PyTorch. For CMNeXt model, we use their publicly available code3 and mod-

els trained on all the available modalities for each dataset. We trained the multimodal transformer

models on all the modalities using the available code and preprocessed data from the repository4 for

CMU-MOSI and CMU-MOSEI datasets.

MFNet Dataset: We divided the 4 channel RGB-T images into three channel RGB and one channel

thermal images. Then data pre-processing and augmentation was applied following CMNeXt from

[215]. MiT-B4 from [195] was the backbone for the base CMNeXt model. One set of scale and shift
1https://www.python.org/
2https://pytorch.org/
3https://github.com/jamycheung/DELIVER
4https://github.com/thuiar/MMSA
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parameters was learnt for each input modality combination. Input images were sized at 640 × 480

for both training and testing and we report single scale performance for all the experiments. The

scale and shift parameters were trained for 100 epochs with a batch size of 4.

NYUDv2 Dataset: For processing depth maps, we follow SA-Gate by [18] and CMNeXt by [215]

and use HHA-encoded images instead of raw depth maps. The already preprocessed dataset can be

downloaded from the SA-Gate repository5. RGB and HHA images were sized at 640× 480 pixels

each and we used this size for training and testing. The backbone was set to MiT-B4 as suggested

in CMNeXt paper. One set of scale and shift parameters was learnt for each input modality combi-

nation by feeding available input modalities and setting the missing modality to zero. We train the

scale and shift parameters for 100 epochs with a batch size of 4 and report single scale performance.

MCubeS Dataset: We follow the same data pre-processing and augmentations used by the base

CMNeXt model from [215]. MiT-B2 from [195] was used as the backbone for this dataset. We set

the input image resolution to 512× 512 during training and 1024× 1024 during testing and report

single scale performance with predicted segmentation maps sized at 1024× 1024. Similar to other

two datasets, we train the learnable parameters for 100 epochs with a batch size of 4.

NTU RGB+D (NTU60) Dataset: We followed the same pre-processing and experimental setup

as [231, 230]. We used RGB and depth data for our experiments and evaluated our method using

cross subject protocol for fair comparison with [122, 186, 231, 230]. We extract 16 frames per

video following previous methods and utilize DSN and DTN for spatial and temporal information

encoding following [231, 230]. Then we train the SSF layers for 20 epochs with a batch size of 6.

CMU-MOSI and CMU-MOSEI Datasets: We used Multimodal Transformer (MulT) from [168]
5https://github.com/charlesCXK/RGBD_Semantic_Segmentation_PyTorch
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Table A1.2: Learnable parameter counts for different parameter efficient model adaptation methods.
As seen from the table, scale and shift introduce less than 0.7% of the total model parameters.

Method Total Parameters (M) Learnable Parameters (M) % of Total Parameters

Norm 116.560 0.126 0.108

BitFit 116.560 0.378 0.324

LoRA 116.957 0.397 0.340

Scale and Shift 117.349 0.789 0.673

as the base model. Preprocessed datasets and all the configurations are available on the repository6.

First we trained the multimodal transformer (MulT) model on all the available modalities and then

adapted the pretrained model for different missing modality scenarios. The hyperparameters for the

experiments are shown in Table A1.1.

UPMC Food-101 Dataset: For multimodal classification on this dataset, we use ViLT as the base

model and follow the experimental setup used by [94]. We use the same hyper-parameters and script

for generating and evaluating different missing modality combinations. The SSF layers were trained

for 10 epochs with a learning rate of 1e−5.

A1.3 Number of Learnable Parameters

We report the number of learnable parameters for different parameter-efficient adaptation

techniques (for multimodal segmentation) in Table A1.2. We insert scale and shift layers after each

linear, convolutional and norm (both batch norm and layer norm) layers. The number of learnable

parameter varies with the size of the backbone. We used MiT-B4 as the backbone while counting

these learnable parameters. Scale and shift adds only 0.789M learnable parameters which is less

than 0.7% of the total model parameters. Despite this very few parameters, it improves performance
6https://github.com/thuiar/MMSA
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Table A1.3: Performance comparison (% mIoU) of different parameter-efficient adaptation tech-
niques for MFNet, NYUDv2, and MCubeS datasets. Each column reports mIoU of the Adapted
model with the corresponding modalities, and Avg indicates average performance. A and D denote
Angle and Degree of Linear Polarization.

Datasets MFNet NYUDv2 MCubeS

Methods RGB Thermal Avg RGB Depth Avg RGB RGB-A RGB-A-D Avg

Pretrained 53.71 35.48 44.60 51.19 5.26 28.23 42.32 48.81 49.06 46.73

Dedicated 55.86 53.34 54.60 52.18 33.49 42.84 48.16 48.42 49.48 48.69

Scale Only 54.77 49.23 52.00 53.04 36.12 44.58 50.16 50.55 51.13 50.61

Shift Only 54.57 48.96 51.77 53.04 36.25 44.65 50.13 50.40 50.86 50.46

BitFit 54.39 49.07 51.73 53.09 36.64 44.87 50.19 50.57 51.07 50.61

LoRA 54.19 47.45 50.82 52.87 34.97 43.92 49.59 50.07 50.80 50.15

Norm 54.65 47.49 51.07 53.05 34.73 43.49 49.95 50.51 51.07 50.51

Scale and Shift 55.22 50.89 53.06 52.82 36.72 44.77 50.43 50.62 51.11 50.72

significantly in different missing modality scenarios. For this study we mainly focused on improving

missing modality robustness and did not try to optimize the number of learnable parameters. We

will leave that part for future studies.

A1.4 Performance Comparison with Parameter Efficient Model Adaption Techniques

We performed a detailed performance comparison with other parameter efficient model

adaptation methods for the three segmentation datasets. Comparison among different parameter-

efficient adaptation methods show that SSF-based adaptation provides overall best performance. We

summarize the results for scale only, shift only, BitFit [9], norm layer fine-tuning and LoRA [71]

in Table A1.3. We also show detailed comparison in Table A1.4 for RGB-thermal segmentation

on MFNet dataset, Table A1.5 for RGB-depth segmentation on NYUDv2 dataset and Table A1.6
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Table A1.4: Performance comparison with parameter efficient model adaptation techniques on CM-
NeXt model for MFNet dataset. Average column indicates average performance when one of the
two modalities gets missing. Mean accuracy, F1 score and % mIoU are shown for all experiments.

Methods
RGB Thermal Average

mAcc F1 % mIoU mAcc F1 % mIoU mAcc F1 % mIoU

Pretrained 60.74 66.91 53.71 38.18 45.11 35.48 49.46 56.01 44.60

Dedicated 66.28 68.22 55.86 68.35 65.29 53.34 67.32 66.76 54.60

Scale Only 67.09 68.03 54.77 64.00 60.92 49.23 65.55 64.48 52.00

Shift Only 65.82 67.42 54.57 59.77 60.54 48.96 62.80 63.98 51.77

BitFit 66.49 67.40 54.39 61.06 60.59 49.07 63.78 64.00 51.73

LoRA 66.44 67.32 54.19 57.10 59.04 47.45 61.77 63.18 50.82

Norm 66.43 67.07 54.65 57.55 59.22 47.49 61.99 63.15 51.07

Scale and Shift 67.18 68.04 55.22 66.70 62.64 50.89 66.94 65.34 53.06

for multimodal material segmentation on MCubeS dataset. For each method, we take a model

trained on all the available modalities. Then we freeze the pretrained weights and tune the learnable

parameters for the corresponding adaption method. We have shown mean accuracy (mAcc), F1

score (F1) and % mIoU for each of the experiments.

Overall Performance Comparison

We summarize the results in Table A1.3. For MFNet dataset, SSF outperforms all the

methods and performance is significantly better than the Pretrained model and close to the Dedi-

cated models. For NYUDv2 and MCubeS datasets, the Adapted model performs better than both

Pretrained and Dedicated models. These experiments also show that SSF performs better than other

methods for most of the input modality combinations for all the datasets. We show a detailed com-

parison for each dataset in terms of mean accuracy, F1 score and % mIoU in Table A1.4 - A1.6.
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Table A1.5: Performance comparison with parameter efficient model adaptation techniques on CM-
NeXt model for NYUDv2 dataset. Average column indicates average performance when one of the
two modalities gets missing. Mean accuracy, F1 score and % mIoU are shown for all experiments.

Methods
RGB Depth Average

mAcc F1 % mIoU mAcc F1 % mIoU mAcc F1 % mIoU

Pretrained 64.10 65.70 51.19 8.30 7.95 5.26 36.20 36.83 28.23

Dedicated 66.00 66.62 52.18 44.80 46.79 33.49 55.40 56.71 42.84

Scale Only 68.18 67.38 53.04 51.54 49.88 36.12 59.86 58.63 44.58

Shift Only 67.54 67.35 53.04 50.30 49.76 36.25 58.92 58.56 44.65

BitFit 67.31 67.33 53.09 50.68 50.27 36.64 59.00 58.80 44.87

LoRA 66.67 67.14 52.87 49.34 48.66 34.97 58.01 57.90 43.92

Norm 67.18 67.34 53.05 48.74 48.06 34.73 57.96 57.70 43.89

Scale and Shift 67.96 67.18 52.82 52.42 50.60 36.72 60.19 58.89 44.77

Performance Comparison for RGB-Thermal Semantic Segmentation on MFNet Dataset

Table A1.4 summarizes the results on MFNet dataset when the base CMNeXt model is

adapted with other parameter efficient model adaptation techniques. Experiments show that scale

and shift shows the best performance in all three matrices compared to all other methods. It shows a

significant improvement of +8.46% in mIoU, +9.33% in F1 score and +17.48% in mean accuracy on

an average over the pretrained model. The average performance is also close to dedicatedly trained

models.

Performance Comparison for RGB-Depth Semantic Segmentation on NYUDv2 Dataset

Similar trend is observed for RGB-Depth semantic segmentation on NYUDv2 dataset as

shown in Table A1.5. Scale only and BitFit adapted models show slightly better performance for

some of the matrices. But in most of the cases scale and shift adapted model performs better. For
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Table A1.6: Performance comparison with different parameter efficient model adaptation tech-
niques on CMNeXt model for MCubeS dataset. Average column indicates the average performance.
Mean accuracy, F1 score and % mIoU are shown for all experiments.

Methods
RGB RGB-AoLP RGB-AoLP-DoLP Average

mAcc F1 % mIoU mAcc F1 % mIoU mAcc F1 % mIoU mAcc F1 % mIoU

Pretrained 51.63 55.91 42.32 58.66 62.00 48.81 60.06 62.43 49.06 56.78 60.11 46.73

Dedicated 57.70 60.95 48.16 57.56 61.17 48.42 59.12 61.91 49.48 58.13 61.34 48.69

Scale Only 59.64 63.06 50.16 60.28 63.55 50.55 60.96 64.14 51.13 60.29 63.58 50.61

Shift Only 59.82 63.17 50.13 60.10 63.36 50.40 60.61 63.78 50.86 60.18 63.44 50.46

BitFit 59.98 63.24 50.19 60.12 63.52 50.57 60.84 64.03 51.07 60.31 63.60 50.61

LoRA 59.08 62.50 49.59 59.81 63.05 50.07 60.69 63.84 50.80 59.86 63.13 50.15

Norm 59.57 62.89 49.95 60.22 63.49 50.51 60.98 64.08 51.07 60.26 63.49 50.51

Scale and Shift 60.23 63.41 50.43 60.40 63.59 50.62 60.94 64.04 51.11 60.52 63.68 50.72

all the matrices, scale and shift shows a significant improvement of +16.54% in mIoU, +22.05% in

F1 score and +23.99% in mean accuracy over the pretrained model on an average and consistently

outperforms dedicated training.

Performance Comparison for Multimodal Material Segmentation on MCubeS Dataset

Table A1.6 shows comparison with parameter efficient model adaptation techniques on

MCubeS dataset. Scale and shift outperforms all other methods in most of the matrices for all input

combinations. It also shows an improvement of +3.99% in mIoU, +3.57% in F1 score and +3.74%

in mean accuracy on an average over the pretrained model. Furthermore, Scale and shift also out-

performs dedicated training for all input modality combinations. These experiments corroborate the

fact that scale and shift provides better model adaption for different missing modality scenarios.
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Table A1.7: Per class % IoU comparison between pretrained and adapted CMNeXt model on MFNet
dataset. Adapted model show better performance for most of the classes leading to overall perfor-
mance improvement.
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RGB-Thermal CMNeXt 98.31 90.27 74.52 64.52 46.64 39.19 15.09 52.56 59.79 60.10

RGB
Pretrained 97.79 87.62 51.13 61.94 30.05 39.36 21.04 45.55 48.95 53.71

Adapted 97.79 88.06 55.55 61.20 34.19 40.52 15.78 48.67 55.21 55.22

Thermal
Pretrained 95.97 55.24 68.47 9.27 31.85 2.75 0.0 16.87 38.92 35.48

Adapted 97.46 82.83 70.12 49.03 40.89 26.79 1.84 36.24 52.83 50.89

A1.5 Per Class IoU Comparison

To further analyze how the adaption is helping the model improve overall semantic and

material segmentation performance, we conduct a per-class % intersection over union (IoU) analysis

on the pretrained and adapted models. Table A1.7 and A1.8 summarize the results. We show the per

class % IoU comparison for different missing modality situations on MFNet dataset on Table A1.7.

From the table we can see that when RGB is available and thermal is missing, the adaptation helps

improve performance for most of the classes. Though we see some performance drop for bike (-

0.74%) and guardrail (-5.25%) classes, the rest of the classes have better % IoU than the pretrained

model. Bump (+6.26%), person (+4.42%), and curve (+4.14%) classes show greater improvement

after adaptation. When thermal is available and RGB is missing, adaptation improves performance

for all the classes. Among the classes, bike (+39.76%), car (+27.59%), car stop (+24.04%), color

cone (+19.37%) and bump (+13.91%) are showing impressive performance improvement.
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Table A1.8: Per class % IoU comparison between pretrained and adapted CMNeXt model on
MCubeS dataset. Adapted model show better performance for most of the classes leading to overall
performance improvement. Here A, D, and N stand for Angle of Linear Polarization (AoLP), De-
gree of Linear Polarization (DoLP) and Near-Infrared (NIR) respectively.
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RGB-A-D-N CMNeXt 84.4 44.9 53.9 74.6 32.1 54.0 0.8 28.7 29.8 67.0 66.2 27.7 68.5 42.8 58.7 49.7 75.3 55.6 19.1 96.52 51.5

RGB
Pretrained 69.7 39.2 47.6 67.3 26.9 44.6 0.2 20.9 15.2 61.8 36.7 19.1 67.2 36.0 49.5 36.1 71.6 36.1 14.7 86.3 42.3

Adapted 85.8 43.7 52.6 73.8 27.9 51.0 0.8 24.2 30.4 67.8 72.9 27.1 68.1 42.9 57.6 49.0 74.9 43.4 18.3 96.5 50.4

RGB-A
Pretrained 83.2 43.3 50.7 72.6 26.4 51.9 0.2 28.1 22.2 67.7 63.4 22.7 67.5 40.6 54.4 44.9 73.9 44.8 21.8 96.0 48.8

Adapted 84.4 45.4 53.8 74.5 30.4 53.2 0.6 26.9 28.8 69.0 69.3 24.8 67.5 43.2 58.4 48.2 75.1 48.1 14.4 96.4 50.6

RGB-A-D
Pretrained 84.5 41.2 46.7 72.8 25.2 51.6 0.3 26.1 28.8 66.7 65.6 26.0 66.5 40.4 50.0 45.1 72.7 49.4 25.6 96.3 49.1

Adapted 84.1 45.6 54.1 74.6 30.5 54.2 0.6 28.1 30.1 69.0 67.6 25.9 67.8 43.8 58.0 49.1 75.0 53.7 13.7 96.5 51.1

Results for MCubeS dataset is shown on Table A1.8. Here A, D, and N stand for an-

gle of linear polarization (AoLP), degree of linear polarization (DoLP) and near-infrared (NIR)

respectively. Experiments show that when only RGB is available and the rest of the modalities are

missing, the adapted model performs better in detecting all the 20 classes present in the dataset.

Gravel (36.2%), asphalt (16.1%), rubber (15.2%), wood (12.9%) and sky (10.2%) are some of the

classes who show the most performance boost after adaptation. In other input combinations, most of

the classes see performance improvement compared to the pretrained model. Though we see some

performance drop in a few classes, most of the classes show improvement in % IoU which leads to

the overall performance improvement after adaption.
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(a) Available: RGB, AoLP; Missing: DoLP, NIR (b) Available: RGB, AoLP, DoLP; Missing: NIR

Figure A1.1: Cosine similarity between complete and missing modality features of the pretrained
model and complete and missing modality features of the adapted model under different missing
modality scenarios on MCubeS dataset. The adapted model shows higher similarity to the complete
modality features indicating less deviation and better handling of missing modalities.

A1.6 Cosine Similarity Analysis

We show the cosine similarity for different missing modality scenarios on MCubeS dataset

using CMNeXt as the base model in Figure A1.1. These results show similar trends as discussed

in Section 3.4.7, demonstrating a consistent increase in cosine similarity for all of the classes. This

leads to an overall increase in performance for the adapted model compared to the pretrained model

under various missing modality scenarios.

For multimodal action recognition, we utilize the UMDR [230] as the base pretrained

model. When RGB is available but depth is missing, the adapted model demonstrates a significant

increase in cosine similarity compared to the pretrained model, as illustrated in Figure A1.2. This

enhancement translates to a 1.06% improvement in overall performance, as shown in Table 3.5.

When depth is available and RGB is missing, both the pretrained and adapted models show compa-

rable cosine similarity. This is because the base UMDR model can handle depth-only data quite well
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(a) Available: RGB - Missing: Depth

(b) Available: Depth - Missing: RGB

Figure A1.2: Cosine similarity between complete and missing modality features of the pretrained
model and the adapted model under different missing modality scenarios on NTU RGB+D dataset.
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Table A1.9: Missing modality performance comparison of base CMNeXt and Adapted CMNeXt
model with Resnet-34 [66], Resnet-50 [66], and Swin-S [117] backbones on MFNet dataset.

Method Backbone Params (M)
RGB-Thermal RGB Thermal Average

mAcc %mIoU mAcc %mIoU mAcc %mIoU mAcc %mIoU

CMNeXt ResNet-34 50.72 50.56 45.61 23.95 16.98 19.25 16.94 21.60 16.96

Adapted CMNeXt ResNet-34 50.91 50.56 45.61 31.68 27.13 32.04 27.81 31.86 27.47

CMNeXt ResNet-50 54.68 50.69 46.05 12.00 11.18 19.45 18.38 15.73 14.78

Adapted CMNeXt ResNet-50 54.90 50.69 46.05 39.84 34.69 28.70 25.59 34.27 30.14

CMNeXt Swin-S 123.73 45.24 41.02 15.95 11.98 14.77 13.91 15.36 12.95

Adapted CMNeXt Swin-S 124.14 45.24 41.02 39.69 34.11 28.01 25.05 33.85 29.58

and maintain a higher performance, resulting in similar performance metrics for both the pretrained

and adapted models. This consistency across datasets and tasks strengthens the generalizability and

effectiveness of the adaptation process in promoting model robustness to missing modalities.

A1.7 Effectiveness of Our Adaptation Method on Different Backbones

To assess the effectiveness of our method across different backbones, we replaced the

MiT-B4 backbone in the CMNeXt model with ResNet-34, ResNet-50, and Swin-S. We use the

same experimental setup as the original CMNeXt model [215] while training the base models. In

order to use the default window size and other configurations of Swin-S backbone, we resize the

images to 448 × 448 for training and testing. For ResNets, we use the default image resolution

of 640 × 480. Other hyperparameters are selected in the same manner as the original CMNeXt

model. Then we adapt the pretrained base models for different missing modality scenarios using

our approach. For adaptation, we use the same hyper-parameters as described in Section 3.4.2.
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Table A1.10: Per-class IoU comparison among Dedicated, Pretrained, and Adapted model on
MFNet Dataset.

RGB Thermal
Class

Dedicated Pretrained Adapted Dedicated Pretrained Adapted

Unlabeled 97.95 97.79 97.79 97.85 95.97 97.45

Car 88.21 87.62 88.06 85.84 55.24 83.39

Person 62.97 51.13 55.55 71.00 68.47 69.96

Bike 63.03 61.94 61.20 56.50 9.27 49.19

Curve 36.02 30.05 34.19 40.03 31.85 40.53

Car Stop 40.45 39.36 40.52 25.70 2.75 25.14

Guardrail 11.35 21.04 15.78 7.52 0.00 1.55

Color Cone 52.99 45.55 48.67 42.24 16.87 33.85

Bump 49.78 48.95 55.21 53.35 38.92 53.22

Average 55.86 53.71 55.22 53.34 35.48 50.48

We summarize the test set performance of the pre-trained and adapted CMNeXt models

on MFNet dataset with different backbones in Table A1.9. Our approach needs a small number

of learnable parameters for each of the backbones. ResNet-34, ResNet-50, and Swin-S add only

0.37%, 0.40% and 0.33% additional learnable parameters, respectively. Adapted CMNeXt with

ResNet-34 shows 10.26 and 10.51 points improvement in mean accuracy (mAcc) and %mIoU,

respectively on average. Adapted CMNeXt with ResNet-50 provides an improvement of 18.54 and

15.36 points while the Adapted CMNeXt with Swin-S gains 18.49 and 16.63 points improvement

in mAcc and %mIoU, respectively on average.

These results confirm that our adaptation approach generalizes across backbones, deliver-

ing significant performance gains with a small number of additional parameters.
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Table A1.11: Per-class IoU comparison among Dedicated, Pretrained, and Adapted model on
MCubeS Dataset.

RGB RGB+AoLP RGB+AoLP+DoLP
Class

Dedicated Pretrained Adapted Dedicated Pretrained Adapted Dedicated Pretrained Adapted

Asphalt 85.68 69.74 85.80 87.45 83.20 84.43 87.02 84.45 84.14

Concrete 43.41 39.18 43.72 45.29 43.28 45.36 43.82 41.20 45.57

Metal 51.36 47.57 52.64 53.11 50.72 53.75 50.65 46.68 54.08

Road Marking 64.95 67.33 73.79 59.53 72.63 74.50 71.29 72.76 74.58

Fabric 30.08 26.88 27.86 30.52 26.37 30.42 29.86 25.20 30.50

Glass 51.20 44.56 50.95 53.25 51.91 53.22 50.88 51.59 54.23

Plaster 0.11 0.16 0.75 0.37 0.21 0.63 0.37 0.33 0.63

Plastic 21.81 20.86 24.18 23.22 28.05 26.90 22.05 26.05 28.10

Rubber 26.11 15.24 30.40 27.96 22.23 28.76 27.63 28.76 30.15

Sand 59.65 61.76 67.80 58.75 67.67 68.97 62.88 66.72 69.01

Gravel 64.24 36.73 72.86 66.24 63.40 69.25 71.08 65.63 67.63

Ceramic 27.11 19.12 27.10 30.11 22.70 24.83 30.30 25.97 25.86

Cobblestone 68.76 67.15 68.06 71.14 67.48 67.51 71.25 66.47 67.80

Brick 41.34 35.96 42.93 41.90 40.55 43.24 43.52 40.38 43.79

Grass 58.93 49.46 57.57 56.89 54.44 58.36 56.77 49.92 58.01

Wood 45.12 36.13 49.02 44.99 44.91 48.21 44.64 45.08 49.07

Leaf 76.62 71.55 74.91 75.70 73.90 75.05 75.60 72.67 75.03

Water 45.12 36.13 43.41 41.46 44.77 48.13 52.39 49.43 53.73

Human 4.27 14.70 18.27 3.32 21.79 14.43 1.33 25.59 13.71

Sky 96.39 86.25 96.47 96.53 96.04 96.42 96.34 96.33 96.49

Average 48.11 42.32 50.42 48.39 48.81 50.62 49.48 49.06 51.11

A1.8 Why Dedicated Model Performs Better on MFNet Dataset?

As shown in Table 3.1, the dedicated baseline performs better than adapted model on

MFNet dataset. We further investigated the MFNet results and found that in the pretrained model a

dominant modality (e.g., only RGB or Thermal input) contributes to the prediction of some specific

classes as highlighted with gray background in Table A1.10. If the dominant modality is missing,
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a significant performance drop is observed for that class. For instance, for Person class Thermal

modality dominates as RGB only provides 51.13% IoU and Thermal only provides 68.47% IoU;

for Bike class RGB dominates as RGB only provides 61.94% IoU whereas Thermal only provides

9.27% IoU. The adapted model exhibits a similar pattern since it builds on the pretrained model.

While adaptation improves the IoU for some classes significantly, it falls short in some cases. On

the other hand, dedicated networks are trained independently with RGB or Thermal and are forced

to make correct predictions with the respective modality only. That can be one possible reason why

dedicated networks perform better than adapted for MFNet dataset.

For other datasets like MCubeS , as shown in Table A1.11, the adapted model can improve

performance on most of the classes and outperforms the dedicated network. We also observe an

overall performance boost compared to the pretrained and dedicated networks.

The main drawback of the dedicated models is that we have to train as many independent

models as the number of modality combinations. In contrast, our proposed method adapts a single

pretrained model for different missing modality scenarios using a small number of additional pa-

rameters. Thus, our approach offers compute and memory efficiency while performing on par or

better than dedicated models.

A1.9 Visualization of Predicted Segmentation Maps

We show the predicted segmentation maps from the pretrained and adapted models in

Figure A1.3. For each dataset, we show the input images, predictions from the base CMNeXt

model when all the modalities are available, predictions from the adapted and pretrained models for

different missing modality scenarios. For brevity, we only show RGB input images for MCubeS
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(a) Visualization of predictions on MFNet dataset.

(b) Visualization of predictions on NYUDv2 dataset.

(c) Visualization of predictions on MCubeS dataset.

Figure A1.3: Visualization of predicted segmentation maps for pretrained and adapted models on
MFNet, NYUDv2, and MCubes datasets for multimodal semantic and material segmentation.
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dataset. A, D and N stand for angle of linear polarization (AoLP), degree of linear polarization

(DoLP) and near-infrared (NIR) respectively. Modalities that are available during testing are shown

in parenthesis while other modalities are missing.

For MFNet dataset, Figure A1.3a shows that when only RGB is available, the pretrained

model performs very poorly in detecting humans. On the other hand, if only thermal is available,

the pretrained model can not detect cars very accurately. But the adapted model can detect both

humans and cars more accurately in both of the scenarios. In all the cases, the predictions form

the adapted model is closer to the predictions of the base CMNeXt model when all the modalities

are available. Predictions from NYUDv2 dataset is shown on Figure A1.3b. We can see that the

adapted model can identify bed, furniture and other classes more accurately than the pretrained

model for different missing modality scenarios. The pretrained model performs very poorly when

only depth is available and RGB is missing. But detection accuracy improves significantly after

model adaptation. For MCubeS dataset, as seen in Figure A1.3c, predictions from the pretrained

model shows artifacts when detecting different materials. On the other hand, the adapted model is

showing more accuracy in detecting sky, cobblestone, sand and brick. For all the three datasets, the

predictions from the adapted model is more accurate and closer to the all modality predictions of

the base CMNeXt model.
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A2 Robust Multimodal Learning via Cross-Modal Proxy Tokens

A2.1 Related Work on Multimodal Learning

In this section, we provide a general overview of multimodal learning, which involves

integrating information from different input sources to improve performance on downstream tasks.

We can broadly divide multimodal learning approaches into two main categories: designing spe-

cialized models and adapting existing models.

Designing specialized models to effectively fuse multiple input sources is a common

strategy in multimodal learning. For vision-language tasks, models such as ViLT [90], ViLBERT

[121], and Visual-BERT [99] process image patches and text tokens directly within a transformer

architecture for tasks like image captioning and visual question answering. MMBT [87] integrates

both text and images within a BERT-based framework [29] to model cross-modal dependencies.

MBT [135] leverages fusion bottlenecks for efficient modality-specific interaction, particularly in

audio-video tasks. Specialized multimodal models have also been proposed for other applications,

including action recognition [187, 231], segmentation [216, 178, 148], and sentiment analysis [187,

168]. While these models excel in specific tasks, extending them to new modalities or domains often

proves to be challenging and resource-intensive, as it requires retraining or significant modification

of the model architecture.

Adapting existing models offers an alternative approach to multimodal learning, focus-

ing on the use of pre-trained unimodal models and adapting them for multimodal tasks. One such

strategy is gradient modulation, where techniques like G-Blend [175] modulate gradients to com-

bine unimodal and multimodal knowledge. OGM-GE [141] improves upon this by emphasizing

modality-specific information, enhancing the model’s ability to leverage unique features from each
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input source. PMR [40] further refines this approach by modulating parameter groups based on

the relevance of each modality, while QMF [217] introduces quadratic modulation for adaptive fu-

sion. More recently, MLA [218] proposed alternating adaptation, which toggles between unimodal

adaptation and gradient modulation to enable more efficient cross-modal learning. Another notable

approach, MMLoRA [35], uses a two-phase strategy: unimodal fine-tuning followed by multimodal

adaptation, which helps achieve optimal performance across a variety of tasks. While these methods

allow for effective cross-modal learning, they often require significant computational resources and

learning a large number of parameters to achieve optimal performance on downstream tasks.

A2.2 Detailed Dataset Description

UPMC Food-101 dataset [177] is a popular and challenging multimodal classification dataset. It

has two input modalities: image and text. The dataset has 90,704 samples divided into training

and test sets having 67,988 and 22,716 samples, respectively. It contains 101 classes, which are the

same as those in the ETHZ Food-101 dataset [10]. The samples are noisy, each category contains

around 5% irrelevant images as they were collected in an uncontrolled environment without any

human human intervention during the data collection process.

MM-IMDb dataset [3] is a widely used multimodal dataset for multi-label movie genre classifica-

tion task. It consists of 25,959 samples, each containing both image and text as input modality. The

dataset is divided into three subsets: 15,552 samples for training, 2,608 for validation, and 7,799

for testing. It has 23 classes and each sample can have one or more genre. This dataset serves as a

standard benchmark for evaluating multimodal models in the multi-label classification task.

Kinetics-Sound (KS) dataset [2] is a subset of the Kinetics-400 dataset [85]. It is used for human
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Table A2.12: List of all the hyperparameters used in our experiments.

Hyperparameters Image-Text Datasets Audio-Video Datasets

Learning Rate 10−3 5× 10−5

Scheduler Polynomial Polynomial

Power 0.9 0.9

Num Epochs/Warmup Epochs 10/5 100/5

Optimizer AdamW AdamW

ϵ 10−8 10−8

Weight Decay 0.02 0.02

λ 0.20 0.20

LoRA Rank/Alpha/Dropout 1/1/0.1 1/1/0.1

Image Encoder ViT-B ViT-B

Text Encoder BERT-Base -

Audio Encoder - AST

Image Resolution 224× 224 224× 224

Patch Size 16× 16 16× 16

Batch Size 8 4

Audio Sampling Rate - 16 kHz

Frequency Bins - 128

Maximum Length - 1024 Frames

Frames Per Video - 3

Python Version 3.8.19 3.8.19

PyTorch Version 2.2.2 2.2.2

GPU Model RTX 2080Ti RTX 2080Ti

Num GPUs 2 1

action recognition using audio and video as input modalities. This dataset includes 31 different

action classes that span a variety of everyday human activities, making it suitable for evaluating

multimodal models. The dataset is split into two subsets: a training set containing 14,739 samples

and a test set containing 2,594 samples.
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Audio-Visual Event (AVE) Localization dataset [167] is a benchmark dataset used for multimodal

event localization task. It contains 4,143 10-second videos. The dataset is divided into training,

validation, and test sets, with 3,339 videos for training, 402 for validation, and 402 for testing. The

dataset encompasses 28 different event categories providing a broad range of scenarios where both

audio and visual signals are crucial for accurate event detection. All videos in the AVE dataset are

collected from YouTube.

CREMA-D dataset [13] is used for multimodal emotion recognition. It has audio and video as input

modalities. The dataset contains 7,442 short video clips performed by 91 actors. The clips cover six

emotions: angry, happy, sad, neutral, disgust, and fear. Emotion labels were obtained from 2,443

crowd-sourced raters to ensure diverse evaluations. The dataset is divided into 6,698 samples for

training and 744 samples for testing.

A2.3 Implementation Details

In Section 4.4.2 of the main paper, we briefly discussed the hyperparameter settings used

in our experiments. Here, we provide a complete list of all the hyperparameters and their values in

Table A2.12. The “Image-Text Datasets” column includes the hyperparameters for UPMC Food-

101 and MM-IMDb datasets, while the “Audio-Video Datasets” column lists the hyperparameters

for Kinetics-Sound, AVE, and CREMA-D datasets.

A2.4 Determining the Optimal LoRA Rank

To determine the optimal LoRA rank, we conducted an ablation study evaluating ranks

r ∈ {1, 2, 4}. For this analysis, we trained our models on modality-complete data and evaluated
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Table A2.13: Performance comparison with different LoRA ranks (r). The models are trained on
complete multimodal data and tested on both complete and missing modality scenarios. The best
Accuracy (Acc.) for each scenario is highlighted in bold. Params (M) indicates the number of
learnable parameters in millions.

Datasets Available Missing
r = 1 r = 2 r = 4

Params (M) Acc. (%) Params (M) Acc. (%) Params (M) Acc. (%)

UPMC Food-101

Image Text

0.271

75.66

0.376

75.62

0.671

70.38

Text Image 85.31 85.61 83.92

Image - Text - 94.47 94.64 93.30

AVE

Audio Video

0.173

85.21

0.319

85.07

0.614

84.33

Video Audio 84.58 84.30 80.84

Audio - Video - 96.77 96.77 96.27

CREMA-D

Audio Video

0.157

67.20

0.303

65.32

0.598

65.46

Video Audio 76.21 75.54 76.61

Audio - Video - 88.84 87.63 87.77

KS

Audio Video

0.176

68.27

0.322

69.93

0.617

69.54

Video Audio 85.77 85.20 86.43

Audio - Video - 91.21 91.06 90.59

their performance in both complete and missing modality scenarios, with the results presented in

Table A2.13.

Our analysis indicates that increasing the rank, and thereby the number of learnable pa-

rameters, does not guarantee a consistent improvement in performance. For instance, on the AVE

dataset, a rank of r = 1 consistently achieves the highest accuracy. On the UPMC Food-101 dataset,

performance between r = 1 and r = 2 is comparable. While r = 2 offers a marginal improvement

in two scenarios, it requires a 38.7% increase in learnable parameters. In contrast, using r = 4

consistently resulted in degraded performance in both of these datasets compared to r = 1. A sim-
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ilar trend is observed for the CREMA-D dataset, where r = 1 performs best in two of the three

scenarios. Conversely, the KS dataset presented mixed results, with different ranks yielding optimal

performance in different scenarios.

Overall, a rank of r = 1 demonstrates competitive, and often superior performance across

a majority of the tested scenarios. The performance degradation at higher ranks, such as r = 4,

suggest that a larger number of learnable parameters may not be necessary for these tasks and could

introduce a risk of overfitting. This aligns with the common characteristic of LoRA, where a low

rank is often sufficient to capture essential task-specific information. Based on these observations,

we use LoRA with r = 1 for all our experiments as it provides an optimal balance, delivering robust

performance with the greatest parameter efficiency.

A2.5 Different Modality Ratios During Training and Inference

A robust multimodal learning method should maintain strong performance even when the

missing modality ratio during inference differs from that during training. To evaluate the robustness

of our approach, we follow the experimental setup of [81, 89] and train and test our model with

varying modality ratios. Let η denote the missing rate. We consider three scenarios: missing-text,

missing-image, and missing-both. In the first two cases, η% of the samples contain only images

or only text, while (1 − η)% retain both modalities. For the missing-both case, η
2% of the samples

contain only texts, η
2% contain only images, and (1− η)% include both modalities. We set η = 70

throughout our experiments, following existing baselines [81, 89].

As summarized in Table A2.14, our method consistently outperforms existing state-of-

the-art approaches in most scenarios. While the method proposed by [89] performs well in certain
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Table A2.14: Performance comparison on MM-IMDb and UPMC Food-101 datasets when modality
gets missing during both training and inference following setup from existing baselines [81, 89].

Datasets
Missing Train Inference ViLT MAP MSP Kim & Kim CMPT (Ours)

Rate (η) Image Text Image Text [90] [94] [81] [89] (Mean ± SD)

MM-IMDb
(F1-Macro) 70%

30% 100%

30% 100% 37.63 47.18 47.45 56.03 60.21 ± 0.40

65% 65% 34.47 37.25 42.17 49.81 50.05 ± 0.53

100% 30% 30.00 24.31 34.32 43.07 36.10 ± 0.19

65% 65%

30% 100% 36.48 42.72 44.81 55.26 57.45 ± 0.21

65% 65% 36.54 40.84 42.03 49.24 54.04 ± 0.23

100% 30% 33.76 37.80 37.30 42.46 50.05 ± 0.29

100% 30%

30% 100% 27.25 20.17 34.11 54.67 44.72 ± 0.46

65% 65% 32.51 29.79 36.97 49.09 49.26 ± 0.42

100% 30% 34.26 36.89 38.34 43.21 52.61 ± 0.12

UPMC
Food-101

(Accuracy) 70%

30% 100%

30% 100% 76.40 86.34 86.34 87.11 87.48 ± 0.13

65% 65% 59.03 57.92 71.88 81.22 77.52 ± 0.29

100% 30% 41.94 29.71 56.87 75.41 67.60 ± 0.26

65% 65%

30% 100% 73.62 85.55 85.91 87.35 87.36 ± 0.20

65% 65% 68.60 78.49 78.89 82.67 82.83 ± 0.25

100% 30% 64.25 71.17 71.58 78.13 78.40 ± 0.09

100% 30%

30% 100% 43.67 27.46 57.22 86.90 85.34 ± 0.15

65% 65% 54.75 50.79 65.13 82.35 82.78 ± 0.22

100% 30% 66.01 73.71 73.77 78.81 80.37 ± 0.18

cases, our approach demonstrates superior performance across both the MM-IMDb and UPMC

Food-101 datasets. To ensure a rigorous evaluation, we report the mean and standard deviation (SD)

over three independent runs with different seeds. The low SD values further indicate the stability
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(a) Available: Text, Missing: Image. (b) Available: Image, Missing: Text.

Figure A2.4: Effectiveness of CMPTs in handling missing modalities on UPMC Food-101 dataset.
CMPTs significantly improves performance when modalities are severely missing. Models are
trained on 100% image + 100% text and tested with varying levels of missing modalities.

and reliability of our method. These results substantiate our claim that CMPTs can effectively

estimate missing modality features, enhancing robustness to varying missing modality conditions.

Other methods reported in Table 4.1 do not report results for this specific experimental setup, and

thus we are unable to compare with them.

A2.6 Effectiveness of CMPTs

We extend the study from Section 4.4.6 to evaluate the effectiveness of CMPTs in han-

dling missing modalities on the UPMC Food-101 dataset. We compare it against two baselines: (i) a

standard model trained without modality dropout or CMPTs (baseline) and (ii) a model trained with

modality dropout, where modalities are randomly removed during training to improve robustness

to missing data. For a fair comparison, all models were fine-tuned on the downstream task using

LoRA with a rank of 1.

As illustrated in Figure A2.4, the baseline model experiences a significant performance

drop as the proportion of missing modalities increases. While modality dropout improves robust-
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ness, it fails to fully recover the lost performance. Incorporating CMPTs further enhances perfor-

mance, achieving a 5.07% improvement over the baseline and 3.81% over modality dropout when

the image modality is entirely missing as shown in Figure A2.4a. A similar trend is observed

when text is missing as shown in Figure A2.4b, where CMPTs achieves 25.59% and 11.96% higher

accuracy compared to the baseline and modality dropout, respectively. Consistent with our previ-

ous findings, CMPTs becomes increasingly effective as the proportion of missing data increases,

demonstrating its strong capability to substantially mitigate performance degradation in the pres-

ence of severe modality loss.

A2.7 Do CMPTs Benefit All Classes?

To further evaluate CMPT’s effectiveness, we conduct a per-class performance analysis on

the UPMC Food-101 dataset, following the approach from Section 4.4.6. As shown in Figure A2.5

and A2.6, CMPTs improve or maintain performance across most of the classes in both text-missing

and image-missing scenarios. Notably, it mitigates performance degradation in modality-sensitive

classes. For instance, when text is missing, classes such as guacamole, pancakes, and foie gras

experience severe drops in performance, but CMPTs effectively recovers much of the loss as shown

in Figure A2.4b. Similarly, in image-missing scenarios, CMPTs provide substantial gains for sushi,

cup cakes, and pizza as shown in Figure 4.3a. However, a slight performance drop is observed in

certain classes when either text or image is absent. For instance, CMPT fails to recover performance

for classes such as bibimbap and sashimi in the absence of text, and for classes like lobster roll -

sandwich and cheese plate when the image modality is missing. This is likely due to insufficient
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Figure A2.5: CMPTs improve performance across most of the classes when text modality is miss-
ing on UPMC Food-101 dataset. However, it fails to accurately predict certain classes (e.g., bibim-
bap/sashimi), likely due to the image modality’s insufficient information for those classes. Classes
are sorted based on the amount of performance improvement.

information in the available modality alone for those classes. Overall, these results reinforce our

previous findings, demonstrating that CMPTs enhance performance across most classes, leading to

a strong overall performance improvement.
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Figure A2.6: CMPTs improve performance across most of the classes when image modality is
missing on UPMC Food-101 dataset. However, it fails to accurately predict certain classes (e.g.,
lobster roll sandwitch/cheese plate), likely due to the text modality’s insufficient information for
those classes. Classes are sorted based on the amount of performance improvement.

A2.8 Limitations and Failure Case Analysis

While CMPTs demonstrate notable improvements in robustness, it is essential to under-

stand their limitations. Figure A2.7 presents t-SNE plots of the fused feature tokens T for ten

classes on the UPMC Food-101 dataset where the performance gains from CMPTs are limited. In

these cases, the fused feature embeddings with CMPTs (blue) remain diffuse and overlapping, and
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Figure A2.7: t-SNE plots of the fused feature tokens T for ten classes where the performance gains
from CMPTs are limited. In these cases, the fused feature embeddings with CMPTs (blue) remain
diffuse and overlapping, and exhibit weak alignment with the complete multimodal features (green).
Although CMPTs show improvement over the baseline without CMPTs (red), the alignment remains
insufficient to form consistently discriminative clusters, indicating limited or no improvement in
missing modality robustness in these classes.

exhibit weak alignment with the complete multimodal features (green). This is particularly evident

for visually ambiguous classes or classes with high intra-class variance in the feature embedding

space. Although CMPTs show improvement over the baseline without CMPTs (red), the alignment

remains insufficient to form consistently discriminative clusters, indicating limited or no improve-

ment in missing modality robustness.

We also analyze the attention maps from the last layer of the vision encoder for the CLS

token and CMPTs in the text-missing scenario, as shown in Figure A2.8. The left half of the figure

includes examples when the fused features with and without CMPTs provide correct predictions

(approximately 60% samples show this pattern). For these cases, the CLS token already attends to

semantically-relevant regions and make the correct prediction. CMPTs further refine the attention
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but do not change the model’s prediction, as it is already correct. Thus, the inclusion of CMPTs

does not necessarily improve performance. The right half of the figure shows examples when the

fused features with CMPTs lead to incorrect predictions (approximately 3% samples show this pat-

tern). We observe that CMPTs attend to semantically-relevant regions of the image but still lead to

incorrect predictions. For example, in the French Onion Soup sample, the CMPT focuses heavily on

the melted cheese surface—a visually salient but ambiguous feature—leading to a misclassification

as Shrimp and Grits. Similarly, for the Lobster Roll Sandwich, the CMPT fails to recover from the

original misclassification and predicts Foie Gras based on misleading visual cues. These examples

highlight scenarios where either the available modality is insufficient or the learned cross-modal

associations are misleading, resulting in CMPTs contributing to incorrect predictions rather than

correcting them.

A2.9 Analysis of Modality Dependence

We observe that the impact of missing modalities varies significantly across classes. Cer-

tain classes show strong dependence on a specific modality. In this experiment, we train model on

modality-complete data and evaluate it on both modality-complete and incomplete test samples.

Figure A2.9 presents per-class performance on the MM-IMDb dataset, revealing hetero-

geneous effects of missing modalities. For instance, the Drama and Thriller classes maintain con-

sistent performance regardless of missing modalities. In contrast, the Biography and Documentary

classes experience significant decline in performance when text is missing, even if images are avail-

able. Interestingly, certain classes like Animation show slightly higher performance with single-
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Figure A2.8: Attention map visualizations from the last layer of the vision encoder for the CLS
token and CMPTs in the text-missing scenario on the UPMC Food-101 dataset. Left: Cases where
the fused features with and without CMPTs provide correct predictions. Here, CLS tokens already
attend to semantically-relevant regions and CMPTs provide further refinement, but do not change
the prediction. Right: Cases where CMPTs attend to semantically-relevant regions but lead to
incorrect predictions. The last example illustrates a scenario where both the fused features with
and without CMPTs result in incorrect predictions. These examples highlight limitations of CMPTs
when the available modality lacks sufficient discriminative information or when learned cross-modal
associations are imprecise.

Figure A2.9: Per class performance analysis on MM-IMDb dataset. Certain classes show strong
dependence on a specific modality.
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Figure A2.10: Per class performance analysis on UPMC Food-101 dataset. Certain classes show
strong dependence on a specific modality.

modality inputs, particularly in image-only scenario. Similar patterns emerge in Sport and Music

categories, where text-only samples performs slightly better than complete modality. This discrep-

ancy may stem from the simple sum-fusion strategy we use, which might not effectively model

complex modality interactions. These findings indicate that the effect of missing modalities is not

uniform across classes, with some being more modality-dependent than others.

Extending this analysis to UPMC Food-101, we observe that multimodal (image-text)

data consistently outperforms unimodal inputs across all classes as shown in Figure A2.10. How-

ever, the reliance on specific modalities varies widely among food categories. Classes such as

dumplings, Frozen yogurt, and Ice cream depend heavily on text, showing strong performance with

text-only inputs but experiencing significant drops when text is missing. Conversely, categories like
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Table A2.15: Performance comparison with three different parameter efficient adaptation methods.
We used rank=1 for all the methods. The best Accuracy (Acc.) for each scenario is highlighted in
bold. Params (M) indicates the number of learnable parameters in millions.

Datasets Available Missing
LoRA DoRA VeRA

Params (M) Acc. (%) Params (M) Acc. (%) Params (M) Acc. (%)

UPMC Food-101

Image Text

0.271

75.66

0.302

69.03

0.155

70.82

Text Image 85.31 83.52 82.85

Image - Text - 94.47 92.59 92.34

AVE

Audio Video

0.173

85.21

0.246

86.57

0.098

89.05

Video Audio 84.58 91.79 90.05

Audio - Video - 96.77 96.27 96.27

CREMA-D

Audio Video

0.157

67.20

0.229

67.07

0.082

66.13

Video Audio 76.21 73.12 71.64

Audio - Video - 88.84 88.04 86.02

KS

Audio Video

0.176

68.27

0.248

68.77

0.101

69.93

Video Audio 85.77 85.97 83.69

Audio - Video - 91.21 91.32 90.71

tuna tartare, beef carpaccio, and beet salad rely more on image information, with performance de-

teriorating notably when images are absent. This observation suggests that some classes rely more

on texts, while others depend heavily on images for accurate classification.

Interestingly, some classes such as beef tartare, chicken quesadilla, and croque madame

exhibit poor performance with unimodal inputs but improve significantly with both image and text,

reinforcing the importance of multimodal data. Performance on these classes improve significantly

when we utilize both image and text. Overall, these findings confirm that while multimodal informa-

tion universally enhances performance, the degree of modality dependence remains heterogeneous

across classes.
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A2.10 Generalizability to Other Parameter-Efficient Adaptation Methods

To demonstrate that CMPTs are not restricted to a particular parameter-efficient adapta-

tion method, we extend our analysis beyond LoRA [72], which is used in our primary experiments.

Specifically, we evaluate CMPTs with two recent alternatives: DoRA [115] and VeRA [92]. For a

fair comparison, we fix the rank to 1 across all methods. We train the models on modality-complete

data and evaluate them on both modality-complete and modality-incomplete scenarios. The results

are summarized in Table A2.15.

We find that the number of learnable parameters differs across methods, with VeRA be-

ing the most parameter-efficient and DoRA the least. In terms of performance, no single method

consistently outperforms the others across all datasets. LoRA achieves the best overall results on

the UPMC Food-101 and CREMA-D datasets, while DoRA shows superior performance on the

Kinetics-Sound dataset and remains highly competitive on AVE. VeRA, while using substantially

fewer parameters, delivers strong performance but is generally slightly below LoRA and DoRA,

suggesting a trade-off between parameter efficiency and maximal performance.

Most importantly, our framework maintains robust performance in missing-modality sce-

narios regardless of the underlying adaptation method. The relative stability observed between

complete and missing-modality settings is consistent across all three adaptation techniques. These

findings confirm that CMPTs function as a modular approach whose effectiveness is not tied to any

specific adaptation strategy, underscoring their scalability and versatility across different parameter-

efficient methods.
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Table A2.16: Performance comparison of our method with a ViT versus a SigLIP model as the
vision backbone. The models are trained on complete multimodal data and tested on both complete
and missing modality scenarios. We report % accuracy as the performance metric, and the highest
score for each scenario is highlighted in bold.

Datasets Available Modality Missing Modality ViT [34] SigLIP [211]

UPMC Food-101

Image Text 75.66 77.50

Text Image 85.31 85.58

Image - Text - 94.47 94.58

AVE

Audio Video 85.21 86.32

Video Audio 84.58 30.60

Audio - Video - 96.77 94.78

CREMA-D

Audio Video 67.20 65.73

Video Audio 76.21 35.35

Audio - Video - 88.84 84.68

KS

Audio Video 68.27 69.66

Video Audio 85.77 30.76

Audio - Video - 91.21 89.44

A2.11 Applicability to SigLIP-Based Models

To assess the architectural flexibility of our method, we replaced the ViT encoder [34]

with a pretrained SigLIP model [211], which employs Global Attention Pooling (GAP) instead of

a CLS token. For audio–video datasets, we retained the AST model as the audio encoder, and for

image–text datasets, we used BERT as the text encoder. In this setup, CMPT tokens must perform

a cross-architectural reconstruction: inferring missing audio or text features from SigLIP’s vision

embedding, and vice versa.

We train the models on modality-complete data and evaluate them on both modality-

complete and modality-incomplete scenarios. The results in Table A2.16 show that our method is
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not restricted to a single encoder type. On UPMC Food-101 dataset, the SigLIP-based model con-

sistently outperforms the ViT-based model, demonstrating that CMPTs can be effectively applied

to GAP-based vision backbones for vision–language tasks. In contrast, for audio–video datasets,

SigLIP exhibits sharp performance degradation when audio is missing. Here, CMPTs struggle to

recover audio features from global video embeddings, likely because GAP discards the fine-grained

temporal information that is critical for inferring a corresponding audio representation. The reverse

process, however, is more successful. When the video modality is missing, AST’s audio features

provide a strong basis for reconstructing SigLIP’s global video representation. This suggests that

AST’s feature space is more compatible with SigLIP than vice versa.

Overall, these findings indicate that CMPTs remain applicable to GAP-based models like

SigLIP, but their effectiveness depends on the modality. While GAP facilitates efficient vision

embeddings, it limits the representational richness required for audio reconstruction, constraining

CMPTs in certain cases. Nonetheless, the results confirm that CMPTs are not inherently incompat-

ible with SigLIP, though their utility is shaped by architectural and modality-specific factors.

A2.12 Scalability with Larger Vision and Text Encoders

To assess the scalability of our framework with larger encoders, we replaced the ViT-

Base and BERT-Base encoders used in our primary experiments with ViT-Large and BERT-Large.

We train the models on modality-complete data and evaluate them on both modality-complete and

modality-incomplete scenarios on the UPMC Food-101 and MM-IMDb datasets.

The results, summarized in Table A2.17, show that our framework can leverage the in-

creased capacity of larger backbones. On MM-IMDb, scaling yields consistent improvements in
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Table A2.17: Performance comparison of our method using Base versus Large ViT and BERT
models. The models are trained on complete multimodal data and tested on both complete and
missing modality scenarios. We report % accuracy for UPMC Food-101 and F1-Macro score for
MM-IMDb dataset. Params (M) indicates the number of learnable parameters in millions. The best
performance for each scenario is highlighted in bold.

Datasets
Available Missing ViT-Base + BERT-Base ViT-Large + BERT-Large

Modality Modality Params (M) Performance Params (M) Performance

MM-IMDb
(F1-Macro)

Image Text

0.211

46.97

0.540

53.42

Text Image 56.32 59.92

Image - Text - 63.58 64.00

UPMC
Food-101

(Accuracy)

Image Text

0.271

75.66

0.501

77.17

Text Image 85.31 83.91

Image - Text - 94.47 93.74

F1-Macro across all scenarios. The gains are particularly notable in missing-modality cases, with

a +6.45% increase when text modality is missing and +3.60% when image modality is missing.

These results suggest that stronger backbone representations improve CMPT’s ability to reconstruct

missing features and maintain robust predictions.

On UPMC Food-101, the larger backbone improves image-only accuracy by +1.51% but

shows a decline of -1.41% for text-only performance. With both modalities available, performance

remains comparable (94.47 vs. 93.74). This indicates a potential trade-off, where the added capacity

may overfit to the text modality, reducing generalization when the image is absent.

In summary, CMPT scales effectively with larger backbones, particularly on complex

datasets such as MM-IMDb. At the same time, the results highlight that the benefits of scaling

depend on dataset and modality characteristics, underscoring the need for careful backbone selection

to balance capacity and generalization.
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A3 SSAM: Singular Subspace Alignment for Merging Multimodal Large

Language Models

A3.1 Datasets and Benchmarks

We evaluate the performance of our merged model on four multimodal datasets from

two representative benchmarks. In addition, we also assess performance on three domain-specific

benchmarks to verify that merging preserves the capabilities of the specialist models. Detailed

descriptions of the datasets and benchmarks are provided below.

MUSIC-AVQA. The MUSIC-AVQA dataset [96] is a large-scale audio–visual question answering

benchmark constructed from musical performance videos. It contains 45,867 question–answer pairs

derived from 9,288 videos, totaling over 150 hours of content. The dataset emphasizes fine-grained

multimodal understanding and spatio-temporal reasoning, covering 9 question types and 33 question

templates. Each question requires joint reasoning over different combinations of image, audio, and

video modalities paired with a language query.

AVQA. The AVQA dataset [201] is a large-scale audio–visual question answering benchmark

designed to evaluate multimodal understanding of real-world objects, events, and activities. It

comprises 57,015 videos depicting diverse daily scenarios and 57,335 carefully constructed ques-

tion–answer pairs. The questions are designed to require joint reasoning over image, audio, and

video modalities, capturing temporal dependencies, causal interactions, and cross-modal relation-

ships. Each question may rely on different combinations of the three input modalities paired with a

language query.

177



Multimodal Commonality Understanding Benchmark (MCUB). The MCUB benchmark [14]

evaluates the ability of a model to infer shared semantic concepts from heterogeneous multimodal

inputs. Each sample includes inputs from multiple modalities (image, audio, video, and point cloud)

along with a textual query, and the model must select the correct answer from four candidate an-

swers. The benchmark assesses both cross-modal alignment and higher-level conceptual reasoning,

making it a challenging benchmark for unified multimodal understanding. MCUB offers two eval-

uation datasets. MCUB-3 contains four subsets, each comprising three of the four input modalities

paired with language: image–video–point cloud–language, audio–video–point cloud–language, im-

age–audio–point cloud–language, and image–audio–video–language. MCUB-4 includes all four

input modalities (image, audio, video, and point cloud) paired with language. Together, these set-

tings enable a comprehensive assessment of a model’s ability to generalize across diverse and unseen

modality combinations. Additional dataset details, preprocessing steps, and annotation procedures

are available in [14].

Domain-Specific Benchmarks. To assess whether the merged model preserves the capabilities of

the original specialist models, we evaluate it on three domain-specific benchmarks covering lan-

guage only, vision–language, and audio–language tasks. Specifically, we use MMLU [68], a widely

used benchmark for evaluating general language understanding across diverse academic and pro-

fessional subjects; OCRBench [116], which measures vision–language reasoning with a focus on

optical character recognition and text understanding in images; and MMAU [153], a benchmark

designed to evaluate multimodal audio–language reasoning and understanding. We report perfor-

mance on the MMAU (test-mini) subset. These evaluations verify whether the merged model retains
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the domain expertise of the original specialist models. Our results show that merging preserves, and

in some cases slightly improves, performance compared to the original specialist models.

A3.2 Implementation Details

We use the pretrained specialist models released by [14], which include checkpoints for

vision–language, audio–language, video–language, and point cloud–language models. Each spe-

cialist model is composed of a modality-specific encoder, a projection module, and a Vicuna-7B-

v1.5 [228] language decoder. Below, we summarize the encoder and projector architectures for each

modality:

• Vision-Language Model: CLIP-ViT-L-336px [144] is used as the vision encoder, followed

by a two-layer MLP projector to align image embeddings to the language embedding space.

• Audio-Language Model: BEATs-Iter3+ [17] is used as the audio encoder and a Q-Former

[98] with 32 learnable query tokens serves as the projection module.

• Video-Language Model: The video encoder from LanguageBind [238] is used, coupled with

an MLP projector similar to the vision projector.

• Point Cloud-Language Model: The point cloud encoder from PointLLM [198] is used with

a corresponding MLP projector to align point cloud embeddings to the language embedding

space.

All specialist models follow a two-stage training procedure as described in [14]. In stage

1, only the projectors are trained while keeping the modality-specific encoders and the language

decoder completely frozen. In stage 2, the language decoder is fine-tuned using LoRA [72] with
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Algorithm 1 SSAM Algorithm
Input: Pretrained model weight W0;

Language-specific weights from specialist models {W t
i }ni=1;

Rank k; Number of layers L;
Scaling coefficient λ.

Output: Merged language-specific weight W t
merged

1: W t
merged ← {}

2: for l = 1 to L do
▷ Step 1: Calculate language vectors for layer l ◁

3: for i = 1 to n do
4: ∆i,l ←W t

i,l −W0,l

▷ Step 2: Compute shared subspaces for layer l ◁

5: Al ←
∑n

i=1∆i,l∆
⊤
i,l

6: Bl ←
∑n

i=1∆
⊤
i,l∆i,l

7: Ul, ΣA,l, U⊤
l ← SVD(Al)

8: Uc,l ← Ul,[:,1:k]

9: Vl, ΣB,l, V ⊤
l ← SVD(Bl)

10: Vc,l ← Vl,[:,1:k]

▷ Step 3: Subspace projection and merging ◁

11: Pu,l ← Uc,lU
⊤
c,l

12: Pv,l ← Vc,lV
⊤
c,l

13: for i = 1 to n do
14: ∆p

i,l ← Pu,l∆i,lPv,l

15: ∆merged,l ← λ
∑n

i=1∆
p
i,l

▷ Step 4: Final merged language-specific weight for layer l ◁

16: W t
merged(l)←W0,l +∆merged,l

17: return W t
merged

rank 128 and α = 256, while keeping all modality-specific encoders and projectors frozen. We use

the publicly released checkpoints from [14] directly for all the experiments without any additional

fine-tuning or modification. All merging is performed in a training-free setting.
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Table A3.18: Performance of SSAM with different subspace ranks (k) on the MCUB-3 and MCUB-
4 datasets. I, A, V, P, and L denote Image, Audio, Video, Point Cloud, and Language, respectively.
Rank k = 128 empirically yields overall better performance.

Subspace MCUB-3 MCUB-4

Rank (k) I+V+P+L A+V+P+L I+A+P+L I+A+V+L Average I+A+V+P+L

64 58.20 61.40 65.00 56.40 60.25 62.34

128 59.40 61.00 65.40 55.60 60.35 62.27

256 59.20 59.20 64.80 56.20 59.85 61.66

384 58.40 57.80 64.40 54.40 58.75 61.47

512 58.60 58.20 65.20 55.40 59.35 61.52

For evaluating baseline merging methods, Task Arithmetic [78], TSV [43], WUDI [22],

and OptMerge [182], we apply their public implementations to the same specialist checkpoints to

ensure a fair comparison. Results for other baselines are taken from their respective publications.

A3.3 Proposed SSAM Algorithm

The key idea of SSAM is threefold: (i) compute the language vector ∆i for each spe-

cialist language decoder Wi, representing its fine-tuning direction in parameter space; (ii) identify a

shared low-rank subspace that captures dominant and mutually consistent update directions across

all language vectors; and (iii) project and merge these language vectors within this subspace to form

the final language-specific decoder weight W t
merged. This process integrates shared knowledge from

all specialist models while minimizing parameter interference. As mentioned in Section 5.3, these

language vectors are computed independently for each linear layer l of the model. The pseudocode

for SSAM is shown in Algorithm 1.
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Figure A3.11: Qualitative results on the MCUB-4 [14] dataset with four input modalities (image,
video, audio, and point cloud) paired with natural-language queries. SSAM demonstrates strong
cross-modal reasoning and provides coherent answers in complex multimodal settings, even though
none of the specialist models were trained on this modality combination.

A3.4 Selecting Optimal Subspace Rank (k)

We evaluate the performance of the proposed method, SSAM, with subspace ranks k ∈

{64, 128, 256, 384, 512} on the MCUB-3 and MCUB-4 datasets to determine the optimal subspace

dimensionality. In this section, we provide a detailed performance analysis for each modality com-

bination. As shown in Table A3.18, both k = 64 and k = 128 achieve similar performance, with

k = 128 performing marginally better. Increasing the rank beyond this point gradually decreases

the performance of the merged model. We hypothesize that higher ranks introduce redundant or

conflicting updates within the language vectors, leading to parameter interference. Therefore, we

use k = 128 for all experiments.
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Figure A3.12: Qualitative results on the MUSIC-AVQA [96] and AVQA [201] datasets with video
and audio as the input modalities paired with natural-language queries. SSAM provides consistent
responses, demonstrating stable performance on multimodal queries despite the specialist models
not being trained on paired video-audio-language data.

A3.5 Qualitative Results

We present additional qualitative examples from the MCUB-4 [14] dataset in Figure A3.11

and from the MUSIC-AVQA [96] and AVQA [201] datasets in Figure A3.12. Each example in-

cludes outputs from SSAM alongside baseline merging methods: Task Arithmetic [78], TSV [43],

WUDI [22], and OptMerge [182]. Across these datasets, SSAM generates coherent responses across

heterogeneous input modality combinations, while other baseline merging methods often fail under

unseen modality combinations. These examples illustrate that SSAM effectively integrates comple-
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Figure A3.13: Qualitative results on the AVQA [201] dataset with video and audio as input modali-
ties paired with natural-language queries. SSAM effectively combines information from both audio
and video to produce more accurate and consistent responses, demonstrating stable performance on
multimodal queries compared to individual specialist models.

mentary information from image, audio, video, and point cloud modalities. Notably, SSAM gen-

eralizes to unseen modality combinations (e.g., audio–video–language, image–audio–video–point

cloud–language), despite none of the specialist models being trained to handle such combinations

jointly.

Qualitative examples on the AVQA [201] dataset in Figure A3.13 demonstrate the advan-

tage of SSAM in multimodal reasoning scenarios requiring joint audio–video understanding. We

use the first frame from each video as the image modality for the vision–language model. In these

examples, individual specialist models (vision–language, audio–language, and video–language)

produce incorrect predictions when relying on a single modality. In contrast, the merged model

(SSAM) integrates complementary cues from both audio and video to infer the correct answer. For

instance, SSAM correctly identifies actions such as nailing by combining the visual scene with the

characteristic hammering sound, recognizes a metro from the combination of subway visuals and
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audio, distinguishes an aircraft by jointly reasoning about the visual appearance and engine sound,

and correctly identifies a car horn from the steering-wheel interaction in video with the honking au-

dio. These examples highlight SSAM’s ability to capture information across modalities and provide

more accurate responses than individual specialist models without being trained on such modality

combinations.

Overall, these qualitative results reinforce that the proposed subspace alignment and merg-

ing mechanism effectively combines complementary cross-modal information and supports robust

multimodal reasoning across diverse and previously unseen modality combinations.
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