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Abstract

Multimodal learning systems often encounter challenges related to modality im-
balance, where a dominant modality may overshadow others, thereby hinder-
ing the learning of weak modalities. Conventional approaches often force weak
modalities to align with dominant ones in "Learning to be (the same)" (Posi-
tive Learning), which risks suppressing the unique information inherent in the
weak modalities. To address this challenge, we offer a new learning paradigm:
"Learning Not to be" (Negative Learning). Instead of enhancing weak modal-
ities’ target-class predictions, the dominant modalities dynamically guide the
weak modality to suppress non-target classes. This stabilizes the decision space
and preserves modality-specific information, allowing weak modalities to pre-
serve unique information without being over-aligned. We proceed to reveal the
multimodal learning from a robustness perspective and theoretically derive the
Multimodal Negative Learning (MNL) framework, which introduces a dynamic
guidance mechanism tailored for negative learning. Our method provably tightens
the robustness lower bound of multimodal learning by increasing the Unimodal
Confidence Margin (UCoM) and reduces the empirical error of weak modali-
ties, particularly under noisy and imbalanced scenarios. Extensive experiments
across multiple benchmarks demonstrate the effectiveness and generalizability of
our approach against the competing methods. The code is available at https:
//github.com/BaoquanGong/Multimodal-Negative-Learning.git,

1 Introduction

Multimodal learning has become a cornerstone in many real-world applications, such as autonomous
perception [1f], medical diagnosis [2], and human-computer interaction [3]. By integrating infor-
mation from multiple sources, such as vision, audio, and text, multimodal systems aim to improve
performance and generalization. However, multimodal data often exhibit a significant imbalance be-
tween modalities due to noise, lack of information, or sensor heterogeneity [4]]. Unimodal prediction
accuracy is widely used to detect modality imbalance, which is a simple and effective metric [5, 16} [7]],
but it is inherently sensitive to noise and perturbations [8]]. This vulnerability often leads to fragile
performance in practice, limiting the reliability of such definitions in real-world deployments.

Extensive prior studies, especially those based on late fusion, also known as decision-level fusion
strategies, have attempted to alleviate modality imbalance. Common approaches include enhancing
the predictive performance of weak modalities through aggregating independently trained modality-
specific classifiers [9,[10], confidence-based weighting [5], adaptive ensembling [[11]], or knowledge
distillation [[12} [13]] from dominant modalities. While effective in certain scenarios, these methods
often implicitly aim to align weak modalities with dominant ones in terms of prediction accuracy. This
over-alignment may lead to several issues: (i) suppressing the distinct and complementary information
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Figure 1: (a) [llustration of conventional (top) vs. our (bottom) strategies: instead of improving target
prediction of weak modalities, we stabilize their decision space by suppressing non-target classes,
which can preserve the modality-specific information and enhance robustness. (b) Empirical evidence:
forced alignment can degrade weak modality (Video) predictions on certain samples, highlighting the
risk of losing modality diversity. Where KL Guidance stands for the forced alignment method.

encoded in weak modalities; (ii) risking error propagation, as dominant modality errors are amplified
when weak modalities follow them blindly [14} [15]. More importantly, we conduct a statistical
analysis illustrated in Fig. [I] (b), showing that traditional alignment-based strategies may even harm
weak modalities. Specifically, we observe that samples originally predicted correctly by weak
modalities (e.g., Video) but incorrectly by dominant modalities (e.g., Audio) become misclassified
after being guided by fixed unidirectional KL guidance, as training progresses and eventually leads to
what we term an over-alignment collapse point, where weak modalities lose their original predictive
advantages due to excessive conformity [16].

In this paper, we propose a novel perspective: rather than requiring weak modalities to select the
correct class, we teach them to eliminate implausible ones, forming a negative learning process. This
paradigm shift is motivated by the intuition that it is often easier to rule out wrong answers than to
select the right one [17,[18], especially when data quality is limited. As shown in Fig. [] (a), unlike
conventional methods that force weak modalities to identify the target class, they are often highly
sensitive to noise and perturbations. Our approach enhances robustness by stabilizing the decision
space, making the fusion process more resilient to uncertainty. Decision space instability refers to a
model’s high sensitivity to input perturbations near the decision boundary, where even minor changes
may cause large shifts in prediction. By mitigating this instability, our method not only improves
robustness but also preserves modality-specific information.

By allowing dominant modalities to guide weak ones through negative learning, we gain two major
advantages: (1) we stabilize the decision space, thereby improving the robustness and consistency
of the final prediction, making it less sensitive to noise and better at resisting perturbations; (2) we
reduce the performance gap between modalities, effectively mitigating modality imbalance. This
elimination-based view of weak modalities transforms them from noisy distractions into active agents
of uncertainty reduction, which is especially useful in safety-critical or imbalanced scenarios.

To support this view, we introduce a learning not to be strategy for multimodal learning that shifts the
focus from only improving weak modality predictions to reducing uncertainty over non-target classes.
We establish a theoretical guarantee on the robustness lower bound of decision-level fusion, showing
that this uncertainty suppression leads to more reliable performance. Furthermore, we demonstrate
that the empirical error of weak modalities can be significantly reduced under this strategy, especially
in noisy or imbalanced scenarios. In other words, our method not only enhances multimodal
cooperation robustness under perturbations, but also narrows the performance gap between modalities.
We summarize our main contributions as follows:

* We provide an intuitive and rigorous multimodal learning paradigm from the perspective of
robustness. Under the theoretical analysis, we propose a new negative learning paradigm,
stabilizing the decision space by instructing non-target classes of the weak modalities to
learn from the dominant one.

* Building on our theoretical finding, we derive a new Multimodal Negative Learning (MNL)
framework based on the Unimodal Confidence Margin (UCoM). This offers theoretical



guarantees to tighten the robustness lower bound from multimodal learning, effectively
mitigating modality imbalance and boosting robustness.

* Our model is flexible and compatible with a wide range of late fusion methods without
introducing additional inference overhead. Extensive experiments confirm its practical
effectiveness and generalizability in challenging multimodal scenarios.

2 Related Work

2.1 Imbalanced Multimodal Learning

Modality imbalance is a common challenge in multimodal learning, where different modalities vary
in quality, completeness, and reliability. This issue is present across all fusion strategies: early fusion
[19} 201, intermediate fusion [6l 21, 22]], and late fusion [23}[24]]. Among these, late fusion remains
one of the most widely adopted paradigms due to its modular design, interpretability, and strong
compatibility with unimodal pre-trained models [25]. Due to the lack of feature-level compensation
or cross-modal interaction, late fusion tends to amplify the influence of strong modalities while
weakening the role of lower-quality ones. Consequently, predictions from disadvantaged modalities
often carry little weight or even introduce noise into the final decision [26]. To address this, a
variety of methods have been proposed to alleviate imbalance in late fusion settings. These include
confidence-based weighting [27, [28]], modality dropout or gating [29]], and adaptive ensembling
strategies [11]], which aim to dynamically suppress or correct low-quality predictions. However,
the prevailing philosophy in these works is to improve the predictive accuracy of weak modalities
for the target class, attempting to bring them closer to their stronger counterparts, which can easily
cause modality-specific information loss. Inspired by the intuition that "Learning not to be: ruling
out wrong answers is often easier than identifying the correct one [17, [18]", we propose a novel
perspective: leveraging dominant modalities to assist weak modalities in identifying and suppressing
non-target classes. By stabilizing the decision space of weak modalities in this way, we reduce their
exposure to noise and uncertainty, and enhance their utility in the final decision. This approach not
only promotes alignment between weak and dominant modalities, but also preserves the distinctive
information of weak modalities, enabling more diverse and robust decision fusion.

2.2 Robustness in Multimodal Cooperation

Robustness has long been a critical topic in multimodal learning due to the inherent sensitivity
of cooperation to perturbations such as data noise, label noise, and incomplete modality [30} 31]].
These vulnerabilities stem from the heterogeneity of the modalities and their varying reliability
under real-world scenarios. Existing studies address this by incorporating uncertainty modeling [21],
designing robustness-aware fusion strategies [J5} |6]. Some works also attempt to quantify multimodal
robustness through novel evaluation metrics [[16], or connect it with generalization error bounds
[32,133]. Collectively, these studies have highlighted a critical insight: the robustness of a multimodal
system can be bottlenecked by a single weak modality [34], revealing a strong link between modality
imbalance and overall system reliability. However, most of these approaches emphasize prediction-
consistency modeling, often overlooking the role of decision space instability—especially the impact
of non-target categories. This leads to more complex architectures with limited generalizability
across tasks with different class granularity [35]. In contrast, our method improves robustness from a
decision perspective: by identifying and suppressing non-target categories, we stabilize the effective
decision space and enhance resistance to noisy or conflicting predictions. This contributes to a tighter
theoretical robustness lower bound for decision-level fusion, providing both practical generalization
and theoretical justification.

3 Method

In this section, we first clarify the basic setup of the multimodal late fusion system and extend the
multimodal robustness lower bound to the late fusion framework. We then introduce Multimodal
Negative Learning (MNL), which reduces uncertainty in non-target classes and tightens the robustness
lower bound in multimodal learning by enhancing the UCoM. Finally, we present the multimodal
training strategy that incorporates the MNL.
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Figure 2: After cross entropy optimization, each unimodal learner updates its parameters based
on ground-truth supervision, overlooking non-target class optimization, especially problematic for
inferior modalities, which introduce noise during fusion. With the MNL, the robust dominant modality
guides the inferior one by reducing uncertainty over non-target classes, thereby enhancing multimodal
robustness with a larger UCoM.

3.1 Basic Setting

Given multimodal tasks, we denote the set of modalities by M, where | M| represents the cardinality
of M. Without loss of generality, the training data points are denoted as Dyyqin = {(2:,v:)}Y, C
X x Y, where N is the sample size of Dyyyin, T; = {:E,El), ... ,xEIMD} represents the input for
the ¢-th sample across all modalities, and y; € ) denotes the corresponding label. In the late
fusion framework, we define the logit output of the unimodal model is given by f(™). Depending
on the specific fusion strategy employed in late fusion, the unimodal logits are either averaged or
dynamically fused. The fusion result is represented as f(x), which is formally defined as:

|M|

fla)="> " wim pim, (1)
m=1

where w(™ > 0 and 3 ml w(™) = 1. Static late fusion assigns equal weights to all modalities,
whereas dynamic late fusion allows the weights to vary across samples. Overall, late fusion is favored
for its flexibility, robustness, and interpretability [36].

3.2 Robust Lower Bound for Multimodal Learning with Late Fusion

Inspired by [[L6] and following their definition of multimodal robustness, we extend the lower bound
of multimodal robustness to the case of late fusion. Specifically, when the multimodal model f
correctly classifies the sample z;, we introduce the multimodal robustness radius for the sample z;:

R(x;) = min ||2; — il st.3j #y, f(x)), = f(7); ()

where Vk # y, f(zi)y > f(2i)k, f(x:)r denotes the logit of class k and x/ denotes the adversarially
perturbed sample. Given the ground-truth label y; and its nearest competing class j, this defines
the smallest perturbation, denoted as z; — z; Any perturbation smaller than this, i.e., within the
multimodal robustness radius, can thus be reliably defended. For simplicity, for a unimodal logit

output f(™) (xgm)) we introduce the Unimodal Confidence Margin (UCoM) as follows:
by = (@™, = £ @) )

where y is the target class and j is the most probable class among the non-target classes. Unless
otherwise specified, we omit the explicit subscript of the competing class j for simplicity, and denote
it compactly as §(,,,). We analyze the UCoM. A larger margin indicates that the unimodal modality is
more reliable in distinguishing between these two classes.

For the competing class j in the final fused result, if there exists a perturbed sample z; of x; such that
f(zh)y = f(z}); (.e., acritical state), then for the original sample x;, the multimodal CoM between



class y and the competing class j is given by:
|M| | M| | M|
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where Z‘Tﬁi‘l w™) = 1 and Z%Vlll w™ 5( my = = 0. Furthermore, we introduce the Lipschitz
constant 7, [16,137]], which characterizes the minimal constant that bounds the local variation of a
function, to simplify:

[€m) = &y < Ty 125 = 2™ §)

where fgm) denotes the UCoM of the sample xl(»m) after being perturbed asgm),. Finally, we can

provide the lower bound of multimodal robustness in late fusion framework. The proof details are
provided in the Appendix [A.T]

Theorem 3.1. Multimodal Robustness of the Late Fusion Multimodal System. Given an input x; and
a perturbed sample x;, for the target class y and the closest competing class j # y, let {(,) denote

the UCoM for the m-th modality under a Lipschitz constraint T(,,). Let w™) represent the weight
assigned to the m-th modality in a late fusion scheme. The lower bound of the perturbation radius in
the late fusion framework when | M| = 2 can then be described as:

> b+ w% @
2 Z .
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Corollary 3.2. Larger Unimodal Confidence Margins lead to greater robustness in multimodal
systems.

(6)

R(z;) = min||z; —

3.3 Multimodal Negative Learning

In multimodal tasks, significant disparities in modality quality and information capacity are common.
Weak modalities often struggle to produce accurate predictions independently, especially as inter-
modal imbalance increases, leading to greater uncertainty in the output space. Intuitively, it is easier
for such modalities to suppress incorrect predictions than to identify the correct one. Thus, leveraging
high-confidence predictions from the dominant modality to suppress uncertainty in the weak modality
over non-target classes is a natural choice. On one hand, a dominant modality that is more accurate
on the target class typically exhibits lower uncertainty on non-target classes, enabling it to denoise
the weak modality and enhance cross-modal consistency. On the other hand, restricting the guidance
to non-target classes helps prevent the weak modality from over-aligning with the dominant one,
thereby preserving its complementary information rather than being overwhelmed. Further details on
preserving unique information of the weaker modality are provided in Appendix [B.1]

However, Theorem 3.1 and Corollary 3.2 show that relying only on confidence in the ground-truth
class to define modality roles can be risky. Guiding the weak modality using non-target signals from
the strong one may reduce its margin and harm robustness. To avoid this, we redefine dominant and
inferior modalities to ensure both lower uncertainty and preserved robustness.

Definition 3.3. A modality exhibiting higher confidence in the target class and a larger UCoM is
regarded as the Robust Dominant Modality (RDM); the others are considered the Inferior Modality
am.

Therefore, when the robust dominant modality exhibits lower uncertainty over non-target classes and
a larger UCoM, guiding the inferior modality using the non-target information from the dominant
enables the inferior modality to eliminate more uncertain choices and enlarge its own margin. This
ultimately enhances the overall robustness of the multimodal system. Based on this intuition, we
propose Multimodal Negative Learning:

MNL(PWRPM), PUND, ) = 7. PP - Jog(PUM) ™

where P(™) = o (f(™)(z zm))), o(+) denotes the softmax function and ¥ indicates 0 at the ground-
truth class and 1 for all non-target classes. Most importantly, during the optimization of MNL, we
detach the predictions from the robust dominant modality. Furthermore, an analysis of the MNL from
the perspective of empirical error reduction is provided in the Appendix



3.4 Dynamic Guidance and Training Strategy

It is important to note that modality dominance is not a fixed property. Instead, it emerges as
a dynamic phenomenon that varies across samples, tasks, and training iterations. Therefore, we
implement dynamic guidance between modalities based on the variation in modality predictions.
Specifically, when M| = 2:

~7- PW - log(P®)  P® < PV &) < £

8)
~5- P® 1og(PW) PV < PP gy < €a) (

The dynamic guidance mechanism is a critical component of MNL. Its core is formalized in Definition
3.3, which jointly considers both P, and UCoM to identify the RDM and the IMs. If dynamic guidance
is absent in multimodal negative learning, an incorrect modality may guide a correct one, and a low
UCoM modality might influence a high UCoM one, potentially weakening the multimodal system’s
robustness. Moreover, the motivation behind the MNL is to reduce the uncertainty of the inferior
modality, thereby enabling it to better focus on the correct answer. Therefore, in addition to negative
learning for the non-target classes, it is also intuitive to positive learning for the target class. For
the target class, the standard cross-entropy loss naturally fulfills this objective. Consequently, in our
training process, the overall loss is defined as:

2
£ =CE(PT™on )+ 3" CE(PWY, y) + - MNL(PEPM), pUM) ) ©)
i=1
where C'E(-,-) denotes the cross-entropy loss, Pf%5" = g(f(x)). y is the one-hot label, which
equals 1 at the ground truth class. The hyperparameter A controls the strength of MNL. The training
process is divided into two stages. During Stage 1, we employ only the CE(-, -) loss to optimize
for the target class. In Stage 2, once the performance of both modalities stabilizes, we incorporate
the MNL to better exploit the guidance from the dominant modality to the inferior modality. The
warm-up setting primarily serves to reduce unnecessary computational cost in the early phase of
MNL training. The overall pseudocode of our model is provided in the Appendix [C.6

4 Experiments

4.1 Experimental Setup

Datasets. We evaluate the proposed method on a variety of multimodal classification tasks, including
(1) image-text classification using the UMPC Food-101 dataset [38], which contains approximately
100,000 image-text recipe pairs collected in uncontrolled environments, covering 101 food categories
with varying levels of noise in both modalities; (2) sentiment analysis using the MVSA dataset
[39]], which consists of paired user-generated images and texts annotated with sentiment polarity; (3)
scene recognition based on the NYU Depth V2 dataset [40], which includes RGB-depth image pairs
primarily focused on indoor scene understanding; and (4) emotion recognition using the CREMA-D
dataset [41], a multimodal audio-visual dataset in which actors express six basic emotions (happiness,
sadness, anger, fear, disgust, neutrality) through spoken utterances.

Evaluation metrics. To ensure consistency with prior work [33 42} 43]], we evaluate average model
performance under Gaussian and Salt noise for image modality, SNR-based noise for audio modality,
and blank noise for the text modality. To reduce the variance introduced by stochastic factors, we
conduct evaluations using five independent random seeds.

Baselines and competing methods. In our experiments, we integrate the proposed MNL with
both static late fusion method (LATE FUSION, LF) and advanced dynamic late fusion approaches.
Specifically, we compare our method against representative static fusion strategies as well as state-of-
the-art dynamic fusion techniques such as DynMM [44], TMC [43], QMF [42]], and PDF [33]]. In
addition, we establish unimodal baselines to provide a comprehensive evaluation.

Implementation details. The network is trained using the original configuration of the corresponding
method, with the MNL directly incorporated. All experiments are conducted on an NVIDIA TITAN
GPU using PyTorch, with default settings applied across all methods. The warm-up time of Stage 1
and additional details are provided in the Appendix



Table 1: Performance of different methods under varying noise levels across four (MVSA, FOOD101,
NYU Depth V2, and CREMA-D) datasets. We add noise (Gaussian noise for image-related modal-
ities) on 50% modalities and € presents the noise degree. The red and blue represent the best and
second-best result respectively. We used 1 and | to illustrate the amount of increase or decrease
our MNL method achieved. LF denotes static late fusion. Full results with standard deviation are
reported in Appendix

MVSA UMPC FOOD 101 NYU DEPTH V2 CREMA-D
e=0.0 5.0 10.0 e=0.0 50 100 e=0.0 50 100 ¢=0.0 5.0 100

Unimodall 64.12 49.36 45.00 64.62 3472 33.03 6330 53.12 4546 60.70 59.60 49.52
Unimodal2 75.61 69.50 47.41 86.46 67.38 43.88 62.65 5095 44.13 56.23 5247 38.17

LF 76.88 63.46 55.16 90.69 68.49 57.99 70.03 64.37 60.55 68.04 64.25 52.39
DYNMM 79.07 67.96 5921 92.59 7474 59.68 6550 5431 46.79 6327 62.01 51.43
T™C 7487 66.72 60.35 89.86 7393 61.37 7040 5933 50.61 63.63 62.68 57.97
QMF 78.07 73.85 61.28 9290 76.03 62.21 69.54 64.10 60.18 66.13 64.27 50.77
PDF 79.94 7440 63.09 9332 7647 62.83 7137 6572 62.56 67.07 64.57 53.33

LF+MNL 79.50 74.03 63.01 9277 75.16 62.06 71.05 67.02 63.81 73.71 7035 57.26
A 12.62 11057 17.85 12.08 16.67 14.06 11.02 12.65 13.26 15.67 16.10 14.87
QMF+MNL 79.45 74.12 6275 93.03 7541 62.59 7125 6538 61.80 68.18 67.00 52.62
A 1138 1027 1147 10.13 1062 1038 1171 1128 11.62 12.05 12.73 11.85
PDF+MNL 80.54 74.07 63.78 9333 76.65 63.16 71.52 67.01 63.07 69.18 66.94 55.43
A 10.60 1033 10.69 10.01 10.18 1033 10.15 +1.29 10.51 12.11 1237 12.10

Method

4.2 Results

Tables [T|and [2] present the main results across all datasets. For the MVSA and FOOD-101 datasets,
Unimodall and Unimodal?2 refer to the image and text modalities, respectively. In the NYU Depth
V2 dataset, they correspond to depth and RGB, while in the CREMA-D dataset, they denote the audio
and visual modalities. Specifically, Gaussian noise is added to image-related modalities in Table [T}
Salt noise is added to image-related modalities in Table[2] blank (masking) noise is applied to text,
and noise is added to audio by adjusting the signal-to-noise ratio (SNR) according to the noise level
following [33|42]]. We standardize the noise levels across modalities as € = 0, 5, and 10, allowing
us to evaluate the robustness of multimodal models under varying degrees of noise. MNL enhances
the model’s robustness compared to the baselines and competing methods. At multiple noise levels,
MNL significantly improves the performance of the static late fusion method. In most cases, MNL
consistently outperforms both the PDF and QMF baselines.

Notably, the improvement brought by MNL is less pronounced when applied to dynamic fusion
methods compared to static fusion strategy. As indicated in Theorem 3.1 and Corollary 3.2, the
lower bound of multimodal robustness is jointly influenced by both the modality weights and the
UCoM. Dynamic fusion strategies [33}42]] generally assign higher weights to modalities that are more
confident in predicting the target class, while overlooking the potential synergy between modality
weighting and UCoM enhancement. Specifically, MNL encourages weaker modalities to increase
their margins, but dynamic fusion tends to down-weight these weaker modalities, resulting in a
misalignment. This misalignment can diminish the benefits of MNL in the dynamic fusion setting
and may even lead to performance degradation relative to the baseline. In most cases, increasing
the UCoM of the inferior modality leads to higher confidence in predicting the ground truth. On
the NYU Depth V2 dataset, MNL improves the performance of both static and dynamic fusion
methods. However, the gains are relatively modest, likely because the dataset exhibits minimal
imbalance between the two modalities. In other words, the gap between the robust dominant and
inferior modalities is small. As a result, the dominant modality has limited capacity to guide the
inferior modality, reducing the effectiveness of the margin enhancement encouraged by MNL.

4.3 Ablation Study

Table 3|compares the performance of three guidance strategies—Prior, Confident, and Robust—under
different noise levels (¢ = 0, 5, 10) on both dynamic PDF and static late fusion frameworks. Prior



Table 2: Performance of different methods under varying noise levels across four (MVSA, FOOD101,
NYU Depth V2, and CREMA-D) datasets. We add noise (Salt noise for image-related modalities)
on 50% modalities and ¢ presents the noise degree. LF denotes static late fusion. Full results with

standard deviation are reported in Appendix @

Method MVSA UMPC FOOD101

e=0.0 5.0 100 e=0.0 5.0 10.0

NYU Depth V2 CREMA-D
e=0.0 50 10.0 e=0.0 50 10.0

Unimodall 64.12 56.72 50.71 64.62 50.75 36.83 63.30 50.99 38.56 60.70 59.60 49.52
Unimodal2 75.61 69.50 47.41 86.46 67.48 43.88 62.65 49.14 3476 56.23 50.62 43.90

LF 76.88 67.88 5543 90.69 77.99 58.75 70.03 62.05 51.50 68.04 62.50 52.61
DYNMM 79.07 7135 5996 9259 7891 57.64 6550 52.26 38.17 6327 6292 5233
T™MC 74.87 68.02 56.62 89.86 77.86 60.22 70.40 59.33 4532 63.63 6231 58.44
QMF 78.07 7390 6041 9290 80.87 61.60 69.54 62.02 51.87 66.13 63.73 51.55
PDF 79.94 7511 6197 9332 8121 61.76 7137 64.27 53.62 67.07 63.44 53.71

LE+MNL 79.50 74.68 62.31 92.77 80.87 61.41 71.05 64.8%8 54.08 73.71 68.06 58.41
A 12.62 16.80 16.88 12.08 12.88 12.66 11.02 12.83 12.58 15.67 15.56 15.80
QMF+MNL 7945 75.14 64.68 93.03 81.14 6247 7125 63.62 5330 68.18 64.05 52.32
A 1138 1124 1427 10.13 1027 10.87 1171 11.60 1143 12.05 10.32 10.77
PDF+MNL 80.54 75.76 64.93 9333 81.52 6295 71.52 64.32 54.08 69.18 63.77 54.30
A 10.60 10.65 12.96 10.01 1031 11.19 10.15 10.05 1046 12.11 10.33 10.59

uses fixed modality dominance from prior knowledge, Confident dynamically selects guidance based
on each modality’s confidence, and Robust incorporates UCoM into dynamic guidance.

Our proposed MNL corresponds to the Confident
+ Robust (v'v') setting, which jointly considers
modality-wise confidence and UCoM to dynamically
determine the guidance direction. This dynamic guid-
ance mechanism not only identifies which modality
is currently more trustworthy, but also detects and
compensates for potential modality imbalance, en-
hancing fusion stability. As shown in the results,
our method consistently outperforms all other vari-
ants. For instance, on PDF at ¢ = 10, it achieves
63.78%, compared to 63.24% for Confident-only
and 61.02% for Prior-only. Similar trends are ob-
served on LATE FUSION, with our method reaching
63.01%, significantly better than Prior-only (62.77%)
and Confident-only (59.35%). These results demon-
strate that our joint Confident + Robust guidance
leads to more adaptive and balanced decision fusion,
especially under noisy and imbalanced conditions
where single-criterion strategies fail to generalize. In
general, benefiting from the dynamic guidance mech-
anism, MNL can improve the performance of most
methods and achieve optimal results.

Table [] presents an ablation study comparing two
guidance strategies: All-Class guidance, which aligns
inferior modalities across the full label space, and our
proposed Non-Target guidance, which focuses only
on suppressing non-target categories. Across all per-
turbation levels, Non-Target guidance consistently
outperforms All-Class guidance in both the dynamic
PDF framework and the static LATE FUSION base-
line. For instance, under the highest noise level (e
= 10), Non-Target guidance improves accuracy from

LATE FUSION CREMAD

[ 2 4 6 8 10
Noise Level

Figure 3: Accuracy varies with Gaus-
sian noise level on the CREMA-D dataset.
“+” indicates models trained with the pro-
posed Multimodal Negative Learning (MNL).
Our method consistently improves accuracy
across all noise levels.

61.56% to 63.78 % on PDF (+2.22%) and from 62.52% to 63.01% on LATE FUSION (+0.49%).
Even in the clean setting (e = 0), it shows noticeable gains: +1.9% for PDF and +0.60% for LATE



Table 3: Performance comparison under differ-  Table 4: Performance comparison under all-class
ent guidance strategies on MVSA dataset. and non-target guidance across different pertur-
bation levels on MVSA dataset.

Prior Confident Robust e =0 ¢ =5 ¢ = 10

LATE FUSION 76.88 63.46 55.16 All-Class Non-Target e =0 ¢ =5 ¢ =10
v 78.06 72.69 6277 LATEFUSION  76.88 63.46 55.16
v 78.74 71.87 59.35 Y 1890 16 £2.59

v v 79.50 74.03 63.01 : : :
v 79.50 74.03 63.01

PDF 79.94 74.40 63.09

v 79.19 71.85 61.02 PDF 79.94 74.40 63.09
v 80.23 72.68 63.24 v 78.64 72.45 61.56
v v 80.54 74.07 63.78 v 80.54 74.07 63.78
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Figure 4: (a) We visualize the average KL divergence between the two modality predictions and
compare the performance gaps between our method and the baseline across varying noise levels. (b)
and (c) show the evolution of UCoM on the CREMA-D and MVSA datasets, respectively.

FUSION. These consistent improvements verify that Non-Target guidance leads to better noise
resilience and decision stability, by avoiding overfitting to uncertain target predictions and instead
stabilizing the decision space through suppressing irrelevant classes. Further details regarding the
settings of A and the warm-up epochs can be found in Appendix

4.4 Discussion

Analyzing the Sources of Performance Improvements. Fig. 3|illustrates the performance of each
modality and fusion model under increasing noise levels (e = 0—10), with and without the proposed
MNL loss. We observe that adding the MNL loss (“+” curves) consistently improves accuracy across
all settings. For example, under the static late fusion setting (top), Fusion+ outperforms Fusion by
up to 3.2% at € = 6, and maintains higher robustness as noise increases. Similarly, in the dynamic
PDF setting (down), Fusion+ indicates that MNL not only improves clean performance but also
significantly reduces performance degradation under perturbation. Moreover, both Audio+ and
Video+ curves show that MNL benefits single-modality branches as well, with especially noticeable
gains on the weak video modality. This confirms that MNL effectively guides weak modalities to
suppress noisy predictions, stabilizing decision fusion and mitigating modality imbalance.

Analysis of Guidance on Non-Target Classes. Fig. [f[a) illustrates the optimization behavior of
MNL by comparing the average KL divergence between dual-modal outputs and the corresponding
performance gap under different guidance strategies. We use the average KL divergence between
modality predictions to quantify modality discrepancy, and compare our Non-Target class guidance
with All-Class guidance under varying noise levels. Results show that although Non-Target guidance
leads to higher KL divergence, it consistently achieves better multimodal performance across three
noise levels, with gains of +1.83%, +0.85%, and +4.64%, respectively. Notably, the weaker modality
benefits the most from this strategy. This seemingly counterintuitive result highlights a core strength
of our method: unlike All-Class guidance, which enforces rigid alignment by pushing the weaker
modality to imitate the stronger one, our Non-Target guidance selectively preserves discriminative
cues in the weaker modality. This selective preservation maintains modality diversity and enhances
cross-modal complementarity, ultimately improving system robustness.



Analysis of the Unimodal Confidence Margin. For presentation, UCoM is normalized via a softmax
over the output logits. Fig. f[b) shows the UCoM of correctly classified validation samples during
training for LATE FUSION and LATE FUSION+MNL on CREMA-D. Typically, one modality
quickly stabilizes while the weaker modality lags at a lower UCoM. As UCoM directly governs
multimodal robustness (Theorem 3.1), this gap is critical. MNL consistently boosts the weak
modality’s UCoM, reinforcing its decision boundary and improving overall robustness to perturbations.
And Fig. fc) shows the £ values for all samples of each modality under different noise levels on the
MVSA dataset. Notably, for weak modality (e.g., image), £ is consistently higher with MNL, which
ultimately leads to improved model performance under noisy conditions.

Furthermore, theoretical analysis reveals that the effectiveness of MNL depends on satisfying a
robustness condition. As shown in a representative case, when modality A exhibits a higher predicted
probability than modality B, Py(A) > Py(B) but a lower UCoM {4y < &(p), directly using the
non-target class signals from A modality to guide the B modality can actually reduce the UCoM of
B. This phenomenon highlights that guidance strategies lacking robustness-aware constraints can
disrupt UCoM, ultimately degrading overall system performance and robustness.

Analysis of the extensibility of MNL. MNL  Tapje 5. Results of experiments conducted on
demonstrates strong scalability. In terms of the o CMU-MOSEI dataset.

number of modalities, according to Definition 3.3,
it can be easily extended to multiple modalities.

We conducted experiments on the CMU-MOSEI Method €=0 e=5 =10

dataset [34] under varying levels of noise inter- LATE FUSION 6642 61.71  45.80

ference, including the visual, textual, and audio + MNL 67.44 63.36  55.09

modalities in Table[5] MNL consistently improves

model performanceEa}cross both static ar?d dyrr)lamic PDE 06.14 63.54 ~ 42.47
+ MNL 6729 6435  48.62

fusion methods, particularly under noisy condi-
tions. Moreover, MNL can be further extended to
LLMs QA tasks and MLLMs VQA tasks. Specif- Table 6: Results of the QA task on MathQA
ically, we apply logit fusion to the answer token dataset, where M1 is Qwen2.5-0.5B-Instruct and
generated by two models, a process we refer to as M2 is Qwen2.5-1.5B.

LATE FUSION. During optimization, MNL en-

ables the more robust and accurate model to guide Method Fusion Ml M2

the weaker model in eliminating incorrect answers,
given that the models share the same vocabulary.
We conducted experiments on the MathQA dataset
[45] (QA task). For the QA task, we fine-tuned
Qwen2.5-0.5B-Instruct and Qwen2.5-1.5B [46] using LoRA [47]. We then compared the performance
to validate the effectiveness of our approach in Table[6] Further details about the task setting and the
VQA task are provided in Appendix

LATE FUSION  50.89 42.85 4941
+ MNL 5142 4332  50.85

5 Conclusion

In this work, we address the challenge of modality imbalance and fragility in multimodal fusion by
rethinking the role of weak modalities. Rather than forcing weak modalities to align with strong ones,
we propose a novel Multimodal Negative Learning (MNL) framework that guides weak modalities to
suppress non-target classes while preserving their unique contributions. Theoretically, we prove that
this strategy tightens the robustness lower bound in decision-level fusion and reduces the empirical
error of weak modalities. Our method can be flexibly integrated into existing late fusion architectures.
Extensive experiments on noisy and imbalanced benchmarks demonstrate consistent improvements
in both accuracy and robustness, confirming the effectiveness of our approach.

In future work, we plan to extend this framework to more complex multimodal scenarios, such
as multi-label classification, open-set recognition, and temporal/sequential fusion. In addition, we
are interested in developing more fine-grained uncertainty estimation methods to enhance dynamic
guidance, and in exploring theoretical generalization bounds under adversarial or missing-modality
settings. We believe that our perspective offers a new and promising direction for building more
robust, adaptive, and trustworthy multimodal systems.
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paper’s contributions and scope?

Answer: [Yes]

Justification: Main contributions and scope were reflected in the abstract and introduction
(in the last paragraph of introduction, page 2).

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
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2. Limitations
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might suffice, or if the contribution is a specific model and empirical evaluation, it may
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appropriate to the research performed.
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nature of the contribution. For example

(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Justification: We provide an code repository. All datasets used in this work are publicly
available.
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* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental setting/details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: The experimental details are presented in Sectiond.1] For data splits, hyper-
parameter selection, and the type of optimizer used, we follow the same settings as the
baselines.

Guidelines:

» The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]
Justification: We run the main experiments 5 times with different random seeds.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.
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8.

10.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

¢ It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

o If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: The computer resource information for all experiments was provided in the

section .11
Guidelines:

* The answer NA means that the paper does not include experiments.

 The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

. Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: The research conducted in the paper conforms, in every respect, with the
NeurIPS Code of Ethics.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We talk about the broader impacts in Appendix [E]
Guidelines:

* The answer NA means that there is no societal impact of the work performed.
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11.

12.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

 The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]
Justification: Our paper does not deal with this aspect of the problem.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The assets (datasets, code, models) used in the paper are open source, and our
use follows the relevant protocols.

Guidelines:
» The answer NA means that the paper does not use existing assets.

* The authors should cite the original paper that produced the code package or dataset.

* The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.
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13.

14.

15.

* If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: This paper does not release new assets.
Guidelines:

» The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: This paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.
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* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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Appendix

A Proof

A.1 Robust Lower Bounds for Multimodal Learning with Late Fusion

In the decision-level late fusion framework, following the standard setting, let f(") denote the logit
output from modality m, where C'is the number of classes and B is the batch size. For simplicity,
we illustrate the formulation using two modalities. The fusion weights satisfy w; + we = 1, with
w1, wg > 0. The fused multimodal output is defined as:

f(z) = w .f(l)(w(l)) +w® -f(2)(:v(2)) (10)

where z = {1, 2} f(x) € RB*C. According to the definition of UCoM, for a given ground-
truth class y and competing class k # y (the runner-up class), the UCoM is given by:

Emy = (™) — f0) (@), (11)

In real-world scenarios, modality inputs are often subject to perturbations. Let the perturbed input be
denoted as 2/ = {z(1)", 2(2)"}. We consider a critical condition under which the perturbed multimodal
margin becomes zero for some k # y,

2 2
F@)y = @)=Y wt™ gy =" wtm - (f0m @), — f (@M )) =0 (12)
m=1 m=1
The perturbed multimodal logit output can then be expressed as:
f@) = wD . f(l)(x(l)/) +w®. f(2)(x(2)’) (13)

where ' = {z(1" 2@} f(2') € RB*C. We now compute the multimodal CoM between class
y and the competing class k:

Fx)y — f@), =wh &qy +w® Eo) — (w(l) Sy + w® .522)) (14)
= wW (&) = 1) + 0P (E2) — €2)- (15)

According to the Lipschitz continuity assumption [16,37], for modality m, there exists a constant
T(m) Such that:

[€m) = Elamy| < T l12t™) = 272, (16)
Combining Equation[I5]and Equation[I6] the total margin variation is upper bounded as:

F@)y — f@)r < wWryllz® — 2Dy + w7 2@ — 2@, (17)

Using the Cauchy-Schwarz inequality, define
a = w(l)T(l), b= 111(2)7'(2)7

u = (a7b)7 v = (”'r(l) - 'r(l)/||27 ||I(2) - x(Q)IHQ)v

then

(u,0) < [lullz - [vll2 = Via? + b2 - [z — 2']|2. (18)

Therefore,

F@)y = F@h £/ (@O 7)) + (@72 o = 2. (19)
Hence, the multimodal robustness radius is lower bounded as:

Mg, 4 w®
R(x) = min ||z — 2|2 > Wt W) .
V(@O)? + (w72

(20)
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Figure 5: During the training process, examples are provided for both the guiding and guided
modalities, with the green bar representing the ground truth class. Specifically, (d) highlights the
predicted probabilities for the ground truth class and the runner-up class.

A.2 Empirical Error

We incorporate Multimodal Negative Learning (MNL) into both traditional static late fusion methods
and advanced dynamic fusion approaches. Within the MNL framework, we define one modality
as the guiding modality (Robust Dominant Modality, RDM) and the other as the guided modality
(Inferior Modality, IM). To analyze the impact of MNL on empirical error, we conduct a case study
based on different combinations of prediction correctness:

1. Both modalities predict correctly or both incorrectly: Since MNL operates independently
of the ground-truth label, it does not directly affect the empirical error in these cases, as
illustrated in Fig. [5(a) and (b).

2. The guiding modality predicts correctly, while the guided modality predicts incorrectly:
As shown in Fig. [5[c), MNL encourages the guided modality to align with the guiding
modality on non-target classes. This alignment helps steer the guided modality toward the
correct prediction, thereby reducing the empirical error.

3. The guiding modality predicts incorrectly, while the guided modality predicts correctly:
As illustrated in Fig. [5[d), from the perspective of empirical error, if the guiding and guided
roles are assigned solely based on prediction confidence, it is possible for the guiding
modality to have a higher confidence score on the ground truth class (Puiding > Phuided)
but a lower UCoM (&guiding < guided)- In such cases, the guiding modality may be making
an incorrect prediction while the guided modality is actually correct. Therefore, in MNL,
the assignment of guiding and guided roles is not solely based on prediction confidence or
the probability of the ground truth class. Instead, it also considers the UCoM. As a result,
instances like the one shown in Fig. [5]d), where the guiding modality is incorrect despite
high confidence, are excluded from contributing to the guidance.

Overall, integrating MNL into existing late fusion methods leads to a consistent reduction in empirical
error.

B More Analysis

B.1 Analysis of Unique Information in Modalities

In this subsection, we demonstrate the effectiveness of our approach from a mutual information
perspective. Let the two modalities be represented by X7 and X5, and let ) denote the ground-truth
labels. Following the methodology in [48] 49], we decompose the multimodal mutual information
I(X;, X>;Y) into three conditional mutual information components:

(X, X)) = I(X1; Xo;)) + I(X, V| As) + I(Xs, V| X))
—_—— —_——— —_———
S(X1,Xz)=relevant shared info. U (X1 )=relevant unique info. in X1 U (X2)=relevant unique info. in X

In the main paper, we analyze the relationship between the KL divergence of modality outputs and
overall system performance to investigate the unique role of non-target class guidance in multimodal
learning. Unlike traditional all-class guidance, the non-target strategy adopted by MNL does not
enforce strict alignment across modalities. Instead, it selectively preserves discriminative features in
the weaker modality. In other words, MNL’s strength lies in the fact that the dominant modality is
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more effective at excluding non-target classes, while the weaker modality can learn this exclusion
ability without compromising its own distinctive representation for target classes. This prevents
the dominant modality from overwhelming the weaker one and helps maintain a healthy diversity
between modalities.

Specifically, we employ the dit toolkit [S0] to perform partial information decomposition, quantifying
the unique information contributed by each modality. It is important to note that this quantification
reflects only the relative magnitudes of unique information within the multimodal system.

Fig. [6] reports the relative unique information of each modality under varying noise levels on the
CREMA-D dataset, measured as the ratio of unique information from the weaker modality to that
from the stronger one. Under zero-noise conditions, methods that apply guidance across all classes
tend to suppress the contribution of the weaker modality, resulting in limited benefits for fusion. In
contrast, MNL, which applies guidance only to non-target classes, consistently reduces the disparity
between modalities and effectively preserves or enhances the unique information of the weaker
modality.
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Figure 6: Results on the CREMA-D dataset under Gaussian noise (left) and Salt noise (right). “*”
denotes methods applying guidance across all classes. The lines show the relative modality-specific
unique information (Proportion), measured as the ratio of the weaker to the stronger modality.

AAccuracy reflects the performance improvement brought by the MNL method over conventional
all-class guidance approaches.

B.2 Extended Training for Improved Audio Modality Performance

In the main paper, based on previous methods, we compared the multimodal and unimodal perfor-
mances of two strategies, Non-target Class Guidance (MNL) and All Class Guidance, after training
for 100 epochs under different noise levels. The results show that at e = 0 and € = 5, the audio
modality under the MNL method performs worse than that under All Class Guidance. This may be
due to the dynamic guidance mechanism of MNL causing insufficient training of the audio modality.
To this end, we conducted two separate experiments: one extending the training to 200 epochs, and
the other increasing the loss weight of the audio modality from 1.0 to 2.0.

Fig. [Taland[7D]illustrate the performance differences between the MNL method and the All-Class
Guidance baseline under various levels of Gaussian noise, with extended training duration and
increased loss weight for the audio modality, respectively. Notably, MNL continues to achieve
superior multimodal fusion performance, yielding improvements of (+0.83%, +1.14%, +6.45%) after
training for 200 epochs, and (+1.88%, +1.20%, +5.58%) when the loss weight for the audio modality
is increased to 2.0.

More importantly, MNL not only improves the overall multimodal performance but also consistently
outperforms All-Class Guidance in the audio modality alone, with gains of (+0.23%, +0.13%,
+2.99%) in Fig. and (+0.77%, +0.10%, +5.81%) in Fig. These results indicate that prolonged

training or accelerating the learning of the stronger modality can be beneficial when adopting the
MNL strategy.
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Figure 7: On the CREMA-D dataset with added Gaussian noise, we compared the performance
differences between the MNL method and the approach guided across all class under various noise
levels.

B.3 Advantages of Late Fusion and Comparison with Latent Fusion

In multimodal learning, the advantages of late fusion lie in its flexibility, robustness, and inter-
pretability [36].

* Flexibility. Latent fusion requires aligning and projecting heterogeneous modalities into a
unified representation space, which is often challenging and prone to noise or information
loss. In contrast, late fusion processes each modality independently and combines only the
final predictions, significantly reducing the need for strict alignment. As a result, late fusion
is more flexible and better suited for integrating diverse multimodal data types.

* Robustness. In real-world scenarios, data from one modality may be missing entirely or
severely degraded (e.g., due to noise). In latent fusion, such incomplete or low-quality
modalities can corrupt the shared representation, leading to a significant drop in perfor-
mance [36}[51]]. In contrast, late fusion treats each modality independently and fuses only
the final predictions. As a result, if one modality is missing, its output can be simply ignored,
and if one modality is noisy, it does not directly affect the others. This modular structure
makes late fusion inherently more robust to missing or noisy modalities.

* Interpretability. Latent fusion occurs at the intermediate stages of the model, where fused
features are often highly abstract, making it difficult to clearly understand the specific
contribution of each modality to the final decision. In contrast, late fusion combines
individual modality predictions, allowing inspection of each modality’s output separately.
This enables easier identification of which modality’s prediction caused an error, thereby
offering superior interpretability.

We have further added comparisons with latent fusion methods on the MVSA dataset. The experiments
are conducted under varying levels of Gaussian noise, and all the competing methods share the same
backbone. The compared methods are described as follows:

 Deep CCA: Following [52], we implement the CCA loss and combine it with a cross-entropy
loss, which performs learning using the shared latent representation.

e LFM [22]]: LFM integrates contrastive learning into multimodal learning to align features
across modalities.

 SUFA [53]: SUFA aligns different modalities by minimizing the KL divergence between
them. In addition, it constructs positive and negative sample pairs within each unimodal
branch for contrastive learning.
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Table 7: Compared with latent fusion
Method e=0 e=5 e€=10

Deep CCA 7649  63.58 53.94

LFM 77.26  66.47 57.80
SUFA 78.18  71.40 59.11
MNL 79.50 74.03 63.01

C More Details

C.1 Image-text Classification

For the image-text classification task, we conduct experiments on the MVSA and UMCP-FOOD101
datasets, following the experimental settings described in [42} [33]]. We use a ResNet architecture
[54] pretrained on ImageNet [S5] as the backbone for the image modality, and a pretrained BERT
model [56] for the text modality. The results of competing methods are reported based on the
implementations and settings from [42,|33]]. All models are trained for 100 epochs with a batch size
of 16, using the Adam optimizer. The learning rate is set to le-4, with a warmup proportion of 0.1.

C.2 Senses Recognition

For the sense recognition task on the NYU DEPTH V2 dataset, we compare the proposed method
with several multimodal fusion approaches, following the experimental setting [42}133]. We adopt the
ResNet architecture [54], pretrained on ImageNet [S5]], as the backbone network for each modality.
All models are trained for 100 epochs with a batch size of 32, using the Adam optimizer. The learning
rate is set to 1e-4, with a warmup proportion of 0.1.

C.3 Emotion Recognition

For the emotion recognition task, we conduct experiments on the CREMA-D dataset, implementing
the baseline and comparison methods based on the settings in [57]]. All models are reproduced under
the same experimental conditions. We use ResNet-18 [54] as the backbone network, and all models
are trained from scratch for the text and visual modalities. Optimizer settings, learning rates, and
other hyperparameters follow those used in the respective baseline methods. Specifically, for LATE
FUSION, QMF [42], PDF [33]], and the variants incorporating MNL, we use the SGD optimizer with
a batch size of 64, a learning rate of 0.002, and train for 100 epochs.

C.4 Multi-LLM Fusion

Recent MLLMs and LLMs [58] primarily rely on feature-level fusion. To demonstrate the gen-
eralizability of our approach, we extend MNL to large language models, thereby constructing a
multi-LLM fusion setting. Specifically, for both QA and VQA tasks, each individual model, given
a prompt, a question, and the corresponding answer candidates, is required to predict only a single
token representing the symbol of the chosen option. We collect the logits produced by each model (all
models share the same vocabulary) and fuse them with fixed weights at the decision level. We refer
to this procedure as LATE FUSION, which allows MNL to be naturally adapted to the multi-LLM
fusion setting. A similar strategy can also be applied to MLLMs.

For the QA task, we use the MathQA dataset [45]], which contains math word problems annotated
with gold answers and step-by-step solution programs. The problems span diverse domains such as
arithmetic, algebra, geometry, and probability. MathQA is widely employed to evaluate and improve
models’ mathematical reasoning and problem-solving capabilities.

For the VQA task, we conduct experiments on the Visual7W dataset [39], a widely used benchmark
for visual question answering. Each question in Visual7W is annotated with a gold answer and
belongs to one of six categories: what, where, when, who, why, and how. This dataset is commonly
used to study image understanding and multimodal reasoning. From Visual7W, we sample data 6993
examples for training and 1400 examples for inference. We fine-tune Qwen2-VL-2B-Instruct and
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Qwen2.5-VL-3B-Instruct using LoRA, and compare the performance of LATE FUSION and LATE
FUSION + MNL to validate the effectiveness of our method. The results are summarized in Table [§]

Table 8: Performance comparison of VQA task.

Method Fusion Qwen2-VL-2B-Instruct Qwen2.5-VL-3B-Instruct
LATE FUSION 84.87 83.71 84.76
LATE FUSION + MNL  85.21 84.57 84.82

C.5 Symbols Table

To avoid potential confusion, we provide a table for main symbols in Table[9]

Table 9: Summary of Symbols

Symbol Description

M Modality Set

|M| Number of Modalities

R(x;) Multimodal robustness radius of the sample x;

J The most probable class among the non-target classes

f(z) Fusion logits output given sample z;

fzi)k Fusion logits output for class k given sample x;

fim (:cgm)) Logits output from the m-th modality given modality-specific input

o(+) Softmax function

gm) UCoM for modality m as defined in Eq. (2), where j denotes the most

probable class among the non-target classes

Em) UCoM for modality m, in its simplified form, denoted by §gm) without
explicitly specifying the competing class j

13 Em) UCoM for modality m after perturbation

T(m) Lipschitz constant of modality m

w™) Weight assigned to modality m in late fusion

pim) The predicted probability of modality m

P;m) The predicted probability of the target class from modality m

C.6 Pseudocode of MNL

To facilitate better understanding, we provide pseudocode in Algorithm (1).

Algorithm 1 Multimodal Learning with MNL

Input: Training set Dy qin = {(z4,v:)}Y, C X x Y; Iteration number 7'; Warm-up epoch W
Output: Trained multimodal model parameters 6

1: fort =1toT do
2:  Sample a fresh mini-batch B; from Dyy.qin
3:  Feed-forward B; to the model
4:  Obtain modality-specific logits (™ and the fusion logits f(z) according to Eq.
5. ift > W then
6: Compute each modality £(,,,) (Eq.[3) and identify RDM and IMs according to Definition 3.3.
7: Compute MNL loss (Eq. [7) and the total loss (Eq. [9)
8: else
9: Compute cross-entropy loss to warm up
10:  endif
11:  Update model parameters 6
12: end for
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D Additional Results

D.1 Additional Ablation Study

In the main paper, we conducted ablation studies on both the guidance scope and guidance conditions.
To more intuitively demonstrate the effectiveness of MNL, we performed a comprehensive ablation
experiment on the aforementioned conditions, as shown in Table[13]

D.2 Additional Experiments on Hyperparameters

For the hyperparameter A in Eq.[9} which controls the strength of MNL, our setup sums the MNL
loss equally with the CE loss. To illustrate this, we report results on the MVSA dataset, where the CE
weight is fixed at 1 while the MNL weight is varied from 0.2 to 2.0 under different noise levels as
Table

Table 10: Performance under different noise levels with varying MNL weights.
A 02 04 06 08 10 12 14 16 18 20

Gauss e =0 76.88 78.03 79.19 78.03 80.54 79.38 79.00 81.02 80.35 79.77
Gausse =5 72.56 72.02 73.41 73.56 74.07 73.64 72.06 73.22 73.80 72.87
Gauss € = 10 62.46 62.36 62.66 63.38 63.78 63.46 62.12 61.19 63.74 63.70
Salte =5 74.95 74.57 74.37 74.95 75.76 75.14 75.72 74.76 74.37 75.26
Salte =10 62.27 63.09 63.46 63.27 64.93 65.06 64.08 63.50 61.96 63.01

Table 11: Effect of warm-up epochs on accuracy.
Warm-up Epoch 0 2 5 10 15 20 30

Accuracy (%) 68.55 68.11 68.11 69.18 68.79 68.26 69.05

To further investigate the effect of warm-up epoch settings, we report the results on the CREMA-D
dataset with noise level 0 in Table[TT] We observe that the hyperparameter warm-up epoch is not
sensitive (we set it to 10). This may be because the benefit of MNL is relatively small during the
early stages of training and becomes more pronounced as training progresses and the modality gap
widens, allowing for more meaningful guidance. Therefore, the warm-up is primarily introduced to
reduce unnecessary computational costs during the initial training phase.

D.3 Additional Overhead During Training

Integrating MNL with baseline methods incurs minimal computational overhead and requires no
modification to the underlying network architecture. During training, MNL operates solely at the
output level, identifying the Robust Dominant Modality (RDM) and the Inferior Modality (IM),
determining the guidance direction, and computing the additional loss. At inference time, the
procedure is identical to that of the baseline, introducing no extra cost. Specifically, we calculate
the average time per training iteration (per batch) on MVSA, FOOD101, NYUDv2, and CREMAD,
respectively. As shown in Table[I2] the additional overhead introduced by MNL during training is
negligible.

Table 12: Inference time (in milliseconds) of different methods on various datasets.
Method MVSA FOOD101 NYUDv2 CREMA-D

LATE FUSION 2096 ms  69.23 ms 32.27 ms 63.03 ms
LATE FUSION + MNL 31.15ms  85.76 ms 49.19 ms 87.11 ms

28



D.4 Full Results with Standard Deviation
In this section, we present the full results with standard deviation in Table@] and Table @
Table 13: Performance comparison under different guidance scopes and conditions across various

Gaussian perturbation levels on the MVSA dataset, where red and blue indicates the best/runner-up
performance.

All-Class Non-target Prior Confident Robust e=0 e=5 e=10
v v 78.77£1.52 T72.77£0.36 62.36 £ 2.09
v v 78.47£0.87 72.74+£0.62 62.62+1.40
v v v 78.90 £0.29 72.16 £0.48 62.52+3.95
v v 78.66 £ 0.87 72.69 £ 1.07 62.77 & 1.62
v v 78.74£0.79 T71.87+£1.93 59.35+0.16
v v v 79.50 +£1.70 74.03+£1.11 63.01 +1.74

E Limitations and Broader Impacts

The limitations of MNL can be better understood by examining the performance gap between
modalities across datasets, as shown in Fig. [§] In the CREMA-D dataset, the audio modality
outperforms the visual modality by a large margin, whereas in the NYU Depth V2 dataset, the RGB
modality slightly outperforms the depth modality. The modality gap in CREMA-D is noticeably
larger than in NYU Depth V2. Since MNL primarily relies on leveraging the stronger modality
to guide the weaker one, its benefits may be limited when the performance gap is small and both
modalities improve in sync. These observations suggest that the effectiveness of MNL is closely tied
to the degree of modality complementarity and asymmetry present in the data.

Reviewing Equation 20} the lower bound of multimodal robustness is determined by both the
modality weights and the UCoM. MNL aims to improve the robustness of the multimodal system
by enhancing the UCoM of weaker modalities. In contrast, dynamic late fusion methods typically
assign higher weights to modalities that are more confident in predicting the ground truth class. This
fundamental difference introduces a degree of incompatibility between MNL and existing dynamic
weight allocation strategies. As a result, the performance gains achieved by MNL are often smaller
than those observed with static late fusion methods. In future work, it would be valuable to explore
whether dynamic weight allocation can be guided by UCoM, so that the enhancements MNL provides
to weaker modalities are not undermined by their lower assigned weights.

Furthermore, MNL can be directly integrated with most late fusion methods, with the exception of
certain approaches such as evidence-based late fusion. In contrast, how to effectively incorporate
MNL into early fusion frameworks remains an open question, which we leave for future work.

Regarding the potential social impact, this paper proposes a method that leverages robust dominant
modalities to guide inferior modalities in suppressing non-target classes, effectively enhancing the
robustness of multimodal systems under noisy conditions. This approach holds promise for safety-
critical applications such as human-computer interaction, helping multimodal systems remain stable
and reliable in complex environments. However, due to the high uncertainty and uncontrollability of
noise in open environments, certain risks may still exist in high-stakes scenarios like autonomous
driving and medical diagnosis.
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Table 14: Performance of different methods under varying noise levels across four (MVSA, FOOD101,
NYU Depth V2, and CREMA-D) datasets. We add Gaussian noise on 50% modalities and € presents

the noise degree.

DATASET METHOD e=0.0 €=5.0 e =10.0
IMG 64.12 +1.23 49.36 +2.02 45.00 + 2.63

TEXT 75.61 £ 0.53 69.50 + 1.50 47.41 £ 0.79

LATE FUSION 76.88 +1.30 63.46 + 3.46 55.16 + 3.60

DYNMM 79.07 £ 0.53 67.96 +1.65 59.21 + 1.41

MVSA TMC 74.87 £2.24 66.72+4.55 60.35+ 2.79
QMF 78.07£1.10 73.85+1.42 61.28 +2.12

PDF 79.94+0.95 74.40+1.51 63.09 + 1.33

LATE FUSION+MNL 79.50 + 1.70 74.03 + 1.11 63.01 + 1.74
QMF+MNL 79.45 4+ 0.60 74.12+0.06 62.75 + 0.04

PDF+MNL 80.54 £ 0.85 74.07+1.93 63.78 £ 1.27

IMG 64.62 £ 0.40 34.72 4+ 0.53 33.03 £ 0.37

TEXT 86.46 £ 0.05 67.38£0.19 43.88 £ 0.32

LATE FUSION 90.69 £ 0.12 68.49 +3.37 57.99 £ 1.59

DYNMM 92.59 £ 0.07 74.74+0.19 59.68 £ 0.20

UMPC TMC 89.86 +0.07 73.93+£0.34 61.37£0.21
FOOD 101 QMF 92.90 £ 0.11 76.03+0.70 62.21 +0.25
PDF 93.32 £ 0.22 76.47+0.31 62.83 + 0.31

LATE FUSION+MNL  92.77 £0.17 75.16 = 0.80 62.06 4 0.49
QMF+MNL 93.03+£0.16 75.41 +0.48 62.59 + 0.55

PDF+MNL 93.33 £ 0.22 76.65+0.31 63.16 £ 0.32

DEPTH 63.30 £ 0.48 53.124 1.52 45.46 + 2.07

RGB 62.65 +1.22 50.95+ 3.38 44.13 + 3.80

LATE FUSION 70.03 £ 0.84 64.37£0.80 60.55 £ 1.65

DYNMM 65.50 £ 0.37 54.31 +1.72 46.79 £ 1.09

NYU TMC 70.40 £ 0.31 59.33 £2.19 50.61 £ 2.87
DEPTH V2 QMF 69.54 +1.06 64.10 & 1.42 60.18 + 1.23
PDF 71.37£0.76 65.72+ 1.72 62.56 + 1.84

LATE FUSION+MNL  71.05+£1.06 67.02 4+ 0.56 63.81 4+ 1.63
QMF+MNL 71.25 +0.59 65.38+1.09 61.80 + 1.52

PDF+MNL 71.524£0.89 67.01 £ 1.72 63.07 £+ 0.50

AUDIO 60.70 £ 0.94 59.60 +1.40 49.52 + 2.91

VISUAL 56.23 + 1.67 52.47+2.06 38.17 + 3.74

LATE FUSION 68.04 + 3.92 64.25 +6.68 52.39 £+ 7.40

DYNMM 63.27 £ 0.68 62.01+1.27 51.43+1.24

CREMALD TMC 63.63+1.16 62.68+1.17 57.97 +2.14
QMF 66.13 £ 1.32 64.27 + 1.47 50.77 £ 5.83

PDF 67.07 £ 0.83 64.57+1.94 53.33 £ 2.78

LATE FUSION+MNL ~ 73.71 £ 2.10 70.35 + 1.27 57.26 + 4.28
QMF+MNL 68.18 £0.35 67.00£0.95 52.62 + 2.96

PDF+MNL 69.18 + 0.96 66.94 4+ 1.82 55.43 + 4.61
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Table 15: Performance of different methods under varying noise levels across four (MVSA, FOOD101,
NYU Depth V2, and CREMA-D) datasets. We add Salt noise on 50% modalities and € presents the

noise degree.

DATASET | METHOD e=0.0 e =5.0 e =10.0
IMG 64.12+1.23 56.724+1.92 50.71 + 3.20
TEXT 75.61 £ 0.53 69.50 = 1.50 47.41 £ 0.79
LATE FUSION  76.88+1.30 67.88+ 1.87 55.43 + 1.94
DYNMM 79.07 £0.53 71.35+£0.97 59.96 + 1.31
MVSA TMC 74.87 £2.24 68.02+3.07 56.62 £ 3.67
QMF 78.07 £ 1.10 73.90+1.89 60.41 + 2.63
PDF 79.94+0.95 75.11+1.15 61.97 + 1.14
LATE FUSION+MNL  79.50 + 1.70 74.68 & 1.43 62.31 + 1.71
QMF+MNL 79.45+0.60 75.1441.19 64.68 + 1.94
PDF+MNL 80.54 £ 0.85 75.76 +0.48 64.93 £ 1.37
IMG 64.62 +0.40 50.75+0.44 36.83 £ 0.92
TEXT 86.46 +0.05 67.38+0.19 43.88 £ 0.32
LATE FUSION  90.69 +0.16 77.99 £ 0.54 58.75 % 0.99
DYNMM 92.50 £ 0.07 78.914+0.20 57.64 £ 0.30
UMPC TMC 89.86 £ 0.07 77.86+0.41 60.22 & 0.43
FOOD 101 QMF 92.90 + 0.13 80.87 +0.40 61.60 + 0.20
PDF 93.32+£0.22 81.21+0.34 61.76 & 0.33
LATE FUSION+MNL  92.77 + 0.17 80.87 +0.57 61.41 + 1.49
QMF+MNL 93.03+£0.16 81.14+0.52 62.47 & 0.38
PDF+MNL 93.33+£0.22 81.52+0.27 62.95+0.19
DEPTH 63.30 £ 0.48 50.99 + 1.41 38.56 & 2.16
RGB 62.65+1.22 49.14+1.40 34.76 & 1.59
LATE FUSION 70.03 £0.84 62.05+1.17 51.50 £ 1.81
DYNMM 65.50 £ 0.37 52.26+1.45 38.17+1.17
NYU TMC 70.40 £ 0.31 59.33 +1.47 45.32 £ 2.84
DEPTH V2 QMF 69.54 £ 1.06 62.02+1.47 51.87 4 0.91
PDF 71.37 £ 0.76 64.27 +1.36 53.62 £2.15
LATE FUSION+MNL  71.05 + 1.06 64.88 & 0.97 54.08 + 2.34
QMF+MNL 71.25 +0.59 63.62 4+ 1.62 53.30 + 2.60
PDF+MNL 71.52 4+ 0.80 64.32 £ 0.58 54.08 + 0.83
AUDIO 60.70 £ 0.94 59.60 + 1.40 49.52 + 2.91
VISUAL 56.23 + 1.67 50.62 4+ 3.27 43.90 + 2.80
LATE FUSION 68.04 + 3.92 62.50 +6.63 52.61 £6.51
DYNMM 63.27 £ 1.74 62.92+0.98 52.33 + 3.57
CREMALD TMC 63.63 £ 1.16 62.31+1.93 58.44 + 3.16
QMF 66.13 £ 1.32 63.73+1.11 51.55+5.31
PDF 67.07 £ 0.83 63.444+2.39 53.71 £ 2.40
LATE FUSION+MNL  73.71 +2.10 68.06 + 1.25 58.41 + 4.70
QMF+MNL 68.18 £ 0.35 64.05+2.93 52.32 + 2.67
PDF+MNL 69.18 £ 0.96 63.77 +2.24 54.30 + 4.84
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Figure 8: Unimodal performance on the CREMA-D and NYU Depth V2 datasets
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