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Abstract

Modality-agnostic Semantic Segmentation (MaSS) aims to
achieve robust scene understanding across arbitrary combi-
nations of input modality. Existing methods typically rely
on explicit feature alignment to achieve modal homogeniza-
tion, which dilutes the distinctive strengths of each modal-
ity and destroys their inherent complementarity. To achieve
cooperative harmonization rather than homogenization, we
propose CHARM, a novel complementary learning frame-
work designed to implicitly align content while preserv-
ing modality-specific advantages through two components:
(1) Mutual Perception Unit (MPU), enabling implicit align-
ment through window-based cross-modal interaction, where
modalities serve as both queries and contexts for each other
to discover modality-interactive correspondences; (2) A dual-
path optimization strategy that decouples training into Col-
laborative Learning Strategy (CoL) for complementary fu-
sion learning and Individual Enhancement Strategy (InE) for
protected modality-specific optimization. Experiments across
multiple datasets and backbones indicate that CHARM con-
sistently outperform the baselines, with significant incre-
ment on the fragile modalities. This work shifts the fo-
cus from model homogenization to harmonization, enabling
cross-modal complementarity for true harmony in diversity.

1 Introduction

Multimodal Semantic Segmentation (MSS) aims to lever-
age complementary features from multiple visual modalities
to achieve robust scene understanding (Valada, Mohan, and
Burgard 2020; Gandhi et al. 2023; Hegde et al. 2025), partic-
ularly under adverse conditions, e.g., heavy fog, nighttime,
and rain. For instance, in autonomous driving scenarios un-
der rainy conditions, RGB-based perception often suffers
from substantial degradation due to reduced visibility (Liao
et al. 2022, 2023; Wang et al. 2023). In contrast, auxiliary
modalities such as LiDAR and Depth sensors can provide
geometry-aware cues that compensate for the perception
limitations of RGB, thereby improving driving safety. Most
existing MSS methods follow an X+A paradigm, where X
denotes as a designated primary modality and A represents
one (Tan et al. 2024; Dong et al. 2024; Wei et al. 2025;
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Zhang et al. 2025; Yang et al. 2025) or multiple auxiliary
modalities (Zhang et al. 2023a; Brodermann et al. 2023; Li
et al. 2025; Wan et al. 2024; Reza, Prater-Bennette, and Asif
2024). However, this paradigm inherently prioritizes the pri-
mary modality, which suppresses the contribution of auxil-
iary modalities, leading to significant performance degrada-
tion when the primary modality is unavailable.

Modality-agnostic Semantic Segmentation (MaSS) has
emerged to enable robust performance under diverse and in-
complete modality configurations. Early efforts tackled mul-
timodal imbalance by employing modality dropout (Zhang
et al. 2023b, 2024; Shi et al. 2024; Maheshwari, Liu, and
Kira 2024), which randomly omits input sources during
training. However, it may be insufficient to ensure effective
representation learning for non-dominant or fragile modali-
ties. Recent methods (Wang et al. 2022a; Zheng, Lyu, and
Wang 2024; Zheng et al. 2024a,b, 2025) have shifted to-
ward feature alignment, enforcing cross-modal feature con-
sistency through explicit constraints, e.g., KL divergence.
MAGIC (Zheng et al. 2024a) groups modalities into ro-
bust and fragile sets and aligns their features with a cosine-
based loss. Any2Seg (Zheng, Lyu, and Wang 2024) in-
corporates semantic guidance from vision-language models
to enhance alignment, while AnySeg (Zheng et al. 2025)
distills all modality features toward informative represen-
tation, improving performance in fragile-modal combina-
tions. Although these alignment-based methods have shown
to better handle combinations involving robust modalities,
their reliance on explicit alignment often suppress modality-
specific characteristics, leading to homogenized representa-
tions and reduced cross-modal complementarity.

As illustrated in Fig. 1(a), different modalities could cap-
ture distinct aspects of the same scene, resulting in inher-
ent misalignment. For example, the building missed in Li-
DAR while the Lane marking is only available in RGB.
Explicit alignment-based methods as shown in (b) homog-
enizes these multimodal features by enforcing convergence
across inherently divergent distributions. This process weak-
ens modality-specific strengths, as RGB’s rich information
is diluted to match achromatic patterns of LiDAR for the
building case, and LiDAR’s precise spatial cues are sup-
pressed in the car case as shown in (d). This limitation
motivates us to pursue a novel approach that preserves the
distinct characteristics of each modality while enabling ef-
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Figure 1: Example of modality misalignment and comparison of designed methods for MaSS. (a) Examples of content variations
in different modalities; (b) Prior works use explicit alignment (e.g., KL divergence) that forces feature homogenization; (c) Our
approach employs complementary learning through query and response to discover modality-interactive correspondences; (d)
features of RGB and LiDAR are suppressed in prior work while in our work the features show their boosted specific information.

fective collaboration, namely to harmonize modalities un-
der two principles: 1) modalities should coordinate through
mutual understanding of each other, enabling the system
to jointly model comprehensive scene information across
modalities; 2) the complementary features of each modal-
ity should be actively stimulated and reinforced during the
multi-modal interaction, rather than suppressed by uniform
alignment constraints.

In this work, we propose Collaborative Harmonization
across ARbitrary Modalities (CHARM), a MaSS framework
that enables synergistic feature interaction while preserv-
ing modality-specific strengths. The core of CHARM lies
in two aspects according to the above principles. Firstly,
a fundamental unit, named modality Mutual Perception
Unit (MPU), is proposed to explore the complementar-
ity among modalities through cross-modal attention, where
each modality simultaneously serve as queries and contexts
to the others, enabling the discovery of modality-interactive
correspondences at each feature scale. Second, two path-
ways are designed to systematically balance collaborative
learning of all modalities (principle 1) with individual en-
hancement (principle 2): Collaboration Learning strategy
(CoL) for joint optimization that dynamically adapts coop-
eration based on each modality’s robustness, and Individual
Enhancement strategy (InE) that provides protected learning
spaces with the robustness guidance for individual modali-
ties to stimulate their full potential.

The main contributions of this work are threefold:

* We identify the fundamental limitation of modality ho-
mogenization in existing explicit alignment strategy for
MaSS on suppressing the modal-specific features, and
propose a cooperative paradigm that enables effective
complementarity across modalities;

* We designed a complementary learning framework, i.e.,
CHARM, with MPU to explore the complementary
across modalities, and two strategies of CoL for collab-
orative learning of all modalities and InE for individual

enhancement by mutually learning from other modality;

» Extensive experiments demonstrate that CHARM signif-
icantly improves the effectiveness of each modality and
their various combinations, ensuring robust MaSS per-
formance that consistently surpasses advanced baselines.

2 Methodology
2.1 Problem Formulation of MaSS

Following the common setting, we consider a modality set
M comprising M modalities. Let Z = {I,,, } ,ne A represent
the full multimodal input, and S' denote the corresponding
segmentation labels. During training, all modalities are as-
sumed to be accessible, while during inference, only a sub-
set 780 C 7 is available due to sensor failures, environmen-
tal variability, or cost constraints. The goal of MaSS is to
learn a segmentation model that maintains robust and accu-
rate under arbitrary modality combinations, particularly in
the presence of missing modalities.

Typically, models trained with full multimodal supervi-
sion suffers significant performance degradation when cer-
tain modalities are missing. To mitigate this issue, existing
approaches employ a twofold solution: (1) random modal-
ity dropout during training to simulate diverse incomplete
modality scenarios, generating input subsets Zg,, and (2)
cross-modal feature alignment to ensure representation con-
sistency across modalities. The model & is then optimized
to handle various modal combinations by minimizing:

rrgn [-:MaSS = )\segﬁseg(q)(zsub)a S)

Z £align(fm7fm’)); (1)

(m,m’)eP

+/\align

where P = {(m,m/)|m,m’ € M, m # m'} represents
all distinct modality pairs, f,,, and f,,» denote the features
from modalities m and m’, Ly, is the cross-entropy loss
for segmentation, Ljig, is the similarity loss for multimodal
feature alignment, and Ageg, Aalign are balancing coefficients.
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Figure 2: The overall framework of CHARM. At each scale, the encoder extracts multimodal features. CoL and InE are coupled
when training and added between scales to fuse them progressively and input into the SegHead for segmentation.

2.2 Framework Overview

The framework of the proposed CHARM is shown in Fig. 2,
where we formulate MaSS as a cooperative harmonization
problem and solve it with a two-pathway synergistic process.
MPU is the core module that can accept arbitrary numbers
and types of multimodal features as queries and contexts, en-
abling each querying modality to perceive the content of oth-
ers during learning. It facilitates the discovery of modality-
interactive correspondences, resulting in implicit alignment
without explicit constraints. These aligned modalities can,
in turn, complement and enhance each other.

To leverage MPU effectively, CHARM integrates two co-
operative pathways: CoL uses extracted multimodal features
as queries and contexts to mine modality-interactive cor-
respondences between multiple modalities, enabling model
to learn complementary information and maximize synergy
across modalities; InE employs individual modal features as
queries and contexts to mine interactive responses within
single modalities. Although CoL effectively enhances com-
plementary capabilities, the issue of modal imbalance poten-
tially suppress the fragile modalities. In contrast, InE pro-
vides a protective learning space for all modalities, thereby
improving the individual potential of each modality.

Taking four modalities of RGB (R), Depth (D), Event (E),
and LiDAR (L) modalities as an example, CHARM packs
all input images I,,, into a mini-batch for efficient parallel
computation. A shared-weight encoder F' extract features
for each modality independently across each scale:

{ m 1 1 — F(ITYL)' (2)
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It is important to note that CoL and InE operate in couples:
the feature f¢, from each modality is processed through both
pathways to generate a modal-collaborative feature f%; and
a modal-enhanced feature f; ;. There features are then fed
into a segmentation head to produce the modal-collaborative
prediction S'CoL and the modal-enhanced prediction S‘IHE for
joint optimization, respectively.

2.3 Mutual Perception Unit

To discover modality-interactive correspondences, MPU en-
ables mutual perception across modalities through itera-
tive query, where each modality’s features serve as both
queries (@) and contexts (K, V') for the others. Designed
to be modality-agnostic, MPU can robustly handle arbitrary
modality combinations during inference. For multi-modal
imagery, a windowed attention is designed to balance a large
cross-modal receptive field with computational efficiency.
To further enhance cross-modal interaction, multiple
MPU blocks are employed in CHARM, where each block
follows a specific structure shown in Fig. 3. Specifically,
i s partitioned into J windowed modal semantic fea-
tures {2/ }7_,, while f is partitioned into J windowed

semantic features {%7}7_,. Each {z;/}7/_, has modality-
specific weight matrices for generating Key and Value, thus
the generation process of @), K, V' is formulated as:

Qi,j — xi’jWQ
Kl] - {l’ )JWK}mEMv
Viaj = {'T’H’L Wm }mEM'

j=1 eel 1

3)
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Figure 4: Structure of Semantic Projector (SP).

These serve as inputs for the Window Multi-Head Atten-
tion (W-MHA) (Liu et al. 2021), outputting interacted win-
dowed semantic features {x%:J}, which are finally assem-
bled through reverse partition to obtain the semantic fea-
ture fgel. Shifted window partitioning is introduced for
cross-window connections by shifting during adjacent MPU
blocks. The separable ), K, V relationships prevent any
single modality from dominating the learning process, en-
suring balanced multimodal interaction. L MPU blocks are
embedded within both pathways described in the following
at each scale. In CoL,, MPU optimally integrates simultane-
ous multi-modal inputs, while in InE, it enables each modal-
ity to learn modality-interactive correspondences.

2.4 Collaboration Learning Strategy

As shown in Fig. 2(a), in CoL, the modal features
{fi }mem at each scale are first projected to a se-
mantic space via Semantic Projectors (SP), yielding
{f . setmem. Bach SP is a modality-specific sequential
block consisting of three depth-wise convolutions with ker-
nel sizes of 11 x 11,7 x 7, and 3 x 3, followed by a1 x 1
point-wise convolution, as described in Fig. 4. To quantify
the reliabilit of each modality at every pixel, a Robustness
Evaluator (RE), implemented as a 1 x 1 point-wise convo-
lution, is used to compute the pixel-wise robustness scores
{r,} mem. These scores are then used to compute the initial
semantic feature f¢, , Via arobustness-weighted summation:

oo = D Tmfmsse “
meM

which serves as the Query for the first MPU block. To re-
duce computational cost and modal dependency, modality-
reassembled feature f!, is randomly selected from the corre-
sponding position across all modality-specific semantic fea-
tures, serving as the Key and Value for MPU block to en-
able fine-grained, cross-model interaction. Through iterative
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processing across MPU blocks, the semantic features are
progressively refined, ultimately generating the fused modal
feature f¢.; . This design encourages complementary infor-
mation exchange by enforcing cross-modal interactions, al-
lowing modalities to compensate for each other’s deficien-
cies in a content-aware and position-sensitive manner.

2.5 Individual Enhancement Strategy

As shown in Fig. 2(b), in InE, the modality robustness scores
{ri }mem are averaged to obtain scalar values {7, } e,
which are then normalized through SoftMin to derive sam-
pling probabilities {s¢ } e

st = SoftMin(7"

m

), m e M. (5)

Subsequently, fragile modality-biased sampling is em-
ployed based on {s’ },,ea to extract complete modal se-
mantic features f!, and fI, that serve as Q, K,V for
MPU blocks, generating the enhanced modal feature f} ;.
This fragile modality-biased learning strategy emphasizes
the potential of fragile modalities by providing them with
more learning opportunities. Since the input modal features
are complete and do not incorporate information from other
modalities, InE implements protective learning for individ-
ual modalities. The combination of individual modal fea-
tures and mutual perception facilitates modalities to discover
complementary information from each other and promotes
implicit alignment across modalities.

2.6 Model Training and Inference

As output features from CoL and InE have the same shape,
they are packaged as input to SegHead for parallel segmen-
tation. The loss functions Lo and Ly, both use cross-
entropy loss for supervised training:

LeoL = — Z S(p) log (ScoL(p)),

peES

Lie = =Y S(p)log (Sue(p)),

peES

(6)

where p is the pixel index for segmentation map S. The
MaSS optimization is then simplified as:

H}gn Lnass = AcoLLcoL + AmELIE, (7
where LcoL and Lig denote the collaborative learning loss
and modal enhancement loss, respectively. Ao and Apg are
balancing coefficients.

In inference phase, the model follows a process similar to
CoL, with the difference that f?,_, . is not transformed into
i but serves as the context for MPU, for full utilization of

re?

multimodal features. With features { f&.; }+_, being input to
SegHead, the predicted ScoL serves as the final output.

3 Experiments
3.1 Experimental Setup

Datasets. We evaluate our method on three datasets: DE-
LIVER (Zhang et al. 2023b) (general scenes with RGB,
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Figure 5: Visual quality comparisons of CMNeXt, MAGIC, and CHARM (Ours) on DELIVER dataset of different situations
and arbitrary-modal combinations.

Backbones Methods DELIVER MCubeS MUSES
Averagel Top-1T  Last-1T | AverageT Top-1T Last-11 | AverageT Top-1T Last-1T

CMNeXt 22.05 59.18 0.37 14.35 40.94 0.46 10.80 46.66 2.64
MAGIC 40.49 63.40 0.26 34.56 47.85 0.55 33.34 49.05 2.68

MiT-BO Any2Seg - - - - - - 33.86 50.00 3.17
AnySeg 47.51 59.72 21.74 - - - 40.23 51.25 19.57
CHARM (Ours) 50.97 64.03 26.47 39.05 48.24 28.37 42.19 52.31 22.31
w.r.t. SOTA +3.45 +0.63 +4.73 +4.49 +0.39 +27.82 +1.96 +1.06 +2.74
CMNeXt 25.15 66.43 0.72 25.17 51.54 1.54 33.14 58.28 1.23
MAGIC 44.66 67.66 0.27 38.00 53.01 0.32 36.19 55.36 3.34

Mit-B2 Any2Seg 45.04 68.25 0.31 - - - - - -
CHARM (Ours) 54.96 68.43 28.76 46.58 54.33 38.50 46.18 59.36 25.28
w.r.t. SOTA +9.92 +0.18 +28.04 +8.57 +1.32 +36.96 +9.98 +1.08 +21.93

Table 1: Objective quality comparison of methods trained with datasets: DELIVER (four modalities), MCubeS (four modali-
ties), MUSES (three modalities). Bold and underlined letter the first and second best results. “-”” denotes the absence of results
due to the unavailability of Any2Seg and AnySeg. All the numbers in the table are the mloU values (%).

Depth, LiDAR, Event), MCubeS (Liang et al. 2022) (ma-
terial segmentation with RGB, NIR, DoLP, AoLP), and
MUSES (Brodermann et al. 2024) (driving scenarios with
RGB, Event, LiDAR).

Baseline Methods. We compare our method with four ad-
vanced methods, i.e., CMNeXt for MSS, and Any2Seg,
MAGIC, AnySeg for MaSS. For equality, the backbones
of all methods are set to MiT-BO and MiT-B2 of Seg-
former (Xie et al. 2021). We also conduct experiments with
PVTv2 (Wang et al. 2022b) and Swin Transformer (Liu et al.
2021) in the supplementary materials. Note that results for
AnySeg and Any2Seg are taken from their reports since
there are no released codes or models.

Metrics. We evaluate performance using mean Intersection
over Union (mloU). Average, Top-1, and Last-1 denote the
average, best, and worst mloU across all-modal combina-
tions, which assess overall performance, optimal comple-
mentary effects, and degree of fragile-modal potential ac-
tivation, respectively. Detailed mloU results for all combi-
nations are provided in the supplementary materials.

3.2 Qualitative Comparison

Fig. 5(a)-(c) shows the qualitative comparisons of our
method with the baseline methods on the DELIVER dataset
across different modality configurations. Results on other
datasets are provided in supplementary materials.

(a) Individual Modalities: Our method demonstrates con-
sistent performance across all individual modalities by
effectively exploiting the inherent potential of each input.
It not only achieve better performance on robust modal-
ities of RGB and Depth than the baselines, but also gen-
erate good results on fragile modalities of Event and Li-
DAR, on which the baselines completely fail to handle.

(b) Dual Modalities: Our method exhibits superior cross-
modal complementarity across various modality combi-
nations. It achieves consistently high performance in ro-
bust+robust (R-D) settings. In robust+fragile (R-E) com-
binations, our method leverages Event information to
compensate for RGB limitations, especially in dense tree
foliage. Notably, under the fragile+fragile setting (E-L),
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Variants Components DELIVER MCubeS MUSES
MPU CoL InE | Averaget Top-11 Last-1T | Averagel Top-11 Last-1T | Average? Top-1T Last-11
(a) X X X 33.95 63.17 2.30 25.59 45.38 3.39 30.86 51.65 2.26
(b) X v X 41.53 62.50 3.28 33.38 46.83 14.21 31.38 51.39 0.81
(©) v 4 X 45.23 63.97 15.89 35.22 47.31 20.15 35.88 51.96 15.20
(d) X v v 48.76 62.78 24.40 36.70 46.92 26.38 38.67 51.77 19.97
(e) v 4 v 50.97 64.03 26.47 39.05 48.24 28.37 42.19 52.31 22.31

Table 2: Ablation study on progressive component integration. The table demonstrates the cumulative benefits of each proposed
module: (a) direct addition fusion baseline, (b) addition fusion with CoL, (c¢) addition fusion with CoL and InE, and (d) complete
framework with all components. Bold and underlined letter the first and second best results.

58%

R
R D
29% D E
E 16% L
12%
1% RD L 0% 3%
1 2 3 4 1 2 3 4
(a) Top-1 Rates of MAGIC (b) Top-1 Rates of Ours
99%
85%
IL;
1L
B
= 15% 5
EL 0% 0% R 1% 0% 0%

1 2 3 4 1 2 3 4
(c) Last-1 Rates of MAGIC (d) Last-1 Rates of Ours

Figure 6: Top-1 (best performance) and Last-1 (worst perfor-
mance) rates across modal combination sizes in DELIVER.

our method shows significant improvement in the tree
with complementary cues between Event and LiDAR.

Full Modalities: When integrating all modalities (R-D-
E-L), our method also achieves superior results. While
baselines misclassify part of the tree trunk as utility
poles, our method correctly identifies it as vegetation,
demonstrating the significant complementary effects of
our mutual perception mechanism.

(©

3.3 Quantitative Comparison

We conduct quantitative comparisons on all datasets to eval-
uate the effectiveness of our method across arbitrary modal-
ity combinations, as show in Sec. 2.6. It demonstrates that
it achieves consistent improvements in Average, Top-1, and
Last-1 mloU over all baselines, validating its robustness in
handling varying modality configurations. Specifically, on
DELIVER with MiT-B2, our method achieves 9.92% gain
in Average mloU over Any2Seg. Notably, it also delivers
notable improvements in handling fragile modalities, with
Last-1 mloU increasing by over 28.04% across different
backbones. These consistent improvements validate the ef-
fectiveness of our complementary learning approach in col-
laborative harmonization across modalities.

Fig. 6 further illustrate insights into modal combina-
tion performance by comparing our method with MAGIC.
Firstly, the best results as shown in the Top-I rates of all
modality combinations are predominantly concentrated in
combination of all four modalities, while the worst results
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Figure 7: Feature visualization in Variant (d) without MPU
and Variant (e) with MPU.

shown by the Last-1 rates are more concentrate in the sin-
gle modality in our method. This validates the effectiveness
of the proposed CoL strategy in harnessing and integrating
the complementary strengths of each modality, namely extra
modality input can ensure better result.

Furthermore, the worst results was most in the fragile
modalities of Event and Lidar from MAGIC. In our method,
the worst results distribute more evenly in all modalities,
owning to the reason that the InE strategy in our method
has significantly boost the performance of fragile modali-
ties by stimulating their own advantage and enhancing them
through learning from other modalities.

3.4 Ablation Studies

Progressive Component Analysis. The progressive integra-
tion of components reveals their distinct functional roles and
indicates the superiority of MPU-based methods over simple
additive strategies. Variant (a) serves as the baseline with
direct additive fusion, suffering from severe modality imbal-
ance as evidenced by poor Last-1 mloU across all datasets.
Variant (b) introduces CoL. without MPU, showing mod-
est improvements in average performance but still strug-



gling with fragile-modal combinations. Comparing Vari-
ant (¢) with Variant (b), MPU-equipped methods achieve
significant gains in Average and Top-1 mloU, demonstrat-
ing MPU’s effectiveness in handling fragile-modal scenar-
ios. This superiority stems from MPU’s mutual percep-
tion mechanism that iteratively inherits complementary con-
tent from all modalities, preventing information-rich robust
modalities from being diluted by information-sparse fragile
modalities as occurs in additive fusion. Variant (d) incorpo-
rates InE alongside CoL, providing protective mechanism
that further alleviate performance suppression of fragile
modalities, validated by the improvements in Last-1 mloU.
Variant (e) achieves optimal performance by integrating all
components, where MPU harmonizes cross-modal interac-
tions while CoL enables robust complementary fusion and
InE ensures individual modal enhancement.

To further validate MPU’s capability in collaborative har-
monization, we visualize the features by Grad-CAM (Sel-
varaju et al. 2017) in Variant (d) without MPU and Vari-
ant (e) with MPU in Fig. 7. It shows that at Scale 1, ro-
bust modalities (RGB, Depth) show significantly improved
on target vehicles with enhanced textural cues extraction,
while fragile modalities (Event, LIDAR) show reduced noise
and more concentrated responses. At Scale 3, all modalities
exhibit substantially refined attention patterns, with Event
and LiDAR showing markedly reduced diffusion in irrele-
vant regions while maintaining their unique semantic contri-
butions. This cross-modal mutual perception mechanism en-
ables each modality to leverage contextual information from
others, leading to enhanced discriminative power for robust
modalities and focused representational domains for frag-
ile modalities. This validates that MPU enables maximum
texture extraction in shallow layers and facilitates semantic
exchange without mutual suppression in deeper layers, suc-
cessfully achieving harmonization rather than homogeniza-
tion while preserving modality-specific strengths.
Comparison between MPU with Explicit Alignment. To
demonstrate the effectiveness of MPU in promoting implicit
alignment, we replace the MPU by a explicit alignment that
applies KL divergence loss at each scale to force multimodal
features toward their average representation. The visualiza-
tion in Fig. 8 reveals differences in activation patterns: ex-
plicit alignment unit forces all modalities toward central-
ized representations causing universal degradation. MPU
maintains distinctive yet complementary activation patterns
across modalities. The red boxes show ineffective learn-
ing in fragile modalities under explicit constraints, where
the model captures features beyond its inherent capacity at
Scale 1. The green boxes show degraded activations in ro-
bust modalities at Scale 3, with scattered and weakened re-
sponses due to forced alignment. In contrast, MPU preserves
the representational integrity of each modality across both
shallow and deep layers, enabling effective cross-modal co-
operation without suppressing modality-specific strengths.
Analysis of Different Sampling Strategies. To validate the
fragile modality-biased sampling in InE, we compare three
sampling strategies in Tab. 3. Softmax emphasizes robust
modalities with higher sampling probabilities, Uniform sam-
ples all modalities equally, and Softmin prioritizes fragile
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Figure 8: Feature visualization across different strategies.
Colored boxes highlight different failure modes.

Strategies | Averaget Top-11 Last-11
Softmax 46.80 64.03 16.45
Uniform 48.22 63.88 23.36
Softmin 50.97 64.04 26.47

Table 3: Quality comparison of three different sampling
strategies in DELIVER.

modalities. Softmin achieves the best performance, improv-
ing Average mloU by 2.75%, Last-1 by 3.11%, and Top-1
by 0.01%. This validates our design, as CoL already benefits
robust modalities through robustness-weighted fusion while
InE focuses on enhancing fragile modalities through pro-
tected learning spaces, preventing their suppression while
maintaining competitive performance on robust modalities.

4 Conclusion

This paper identifies that current MaSS methods pursue
multimodal homogenization, leading to suppressed com-
plementary characteristics. To address this, we propose
CHARM, a cooperative framework that achieves harmoniza-
tion through two key innovations: (1) MPU enables discov-
ering modality-interactive correspondences without explicit
alignment; (2) CoL and InE strategies balance collaborative
learning and individual enhancement through robustness-
guided cooperation. Consistent gains across datasets and
backbones confirm that CHARM successfully preserves
modal distinctiveness and ensures robust MaSS performance
across arbitrary modality combinations.
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