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Abstract

Multimodal learning aims to leverage information from di-
verse data modalities to achieve more comprehensive per-
formance. However, conventional multimodal models often
suffer from modality imbalance, where one or a few modal-
ities dominate model optimization, leading to suboptimal
feature representation and underutilization of weak modal-
ities. To address this challenge, we introduce Gradient-
Guided Distillation (G*D), a knowledge distillation frame-
work that optimizes the multimodal model with a custom-
built loss function that fuses both unimodal and multimodal
objectives. G’D further incorporates a dynamic sequen-
tial modality prioritization (SMP) technique in the learn-
ing process to ensure each modality leads the learning pro-
cess, avoiding the pitfall of stronger modalities overshad-
owing weaker ones. We validate G’D on multiple real-
world datasets and show that G>D amplifies the significance
of weak modalities while training and outperforms state-of-
the-art methods in classification and regression tasks. Our
code is available here.

1. Introduction

Multimodal learning is one of the most prominent multidis-
ciplinary research areas due to the increasing demand to de-
velop intelligent agents that perceive information from di-
verse sensory modalities. One of the primary challenges
of multimodal learning models is the modality imbalance
phenomenon [21, 24, 36, 41], also known as the modal-
ity competition [17, 18, 21] or modality laziness [8, 45].
Modality imbalance occurs when one modality dominates
and other modalities are underutilized in the optimiza-
tion of multimodal learning models. This causes (i) infe-
rior multimodal performance compared to unimodal mod-
els [24, 29, 35], or (ii) a larger gap in individual modal-
ity when they are optimized jointly but still improve the
model performance [9, 21]. This imbalance occurs due to
poor alignment of the modalities, model overfitting to the
modalities [35], and differences in the rate of model con-
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vergence [47]. An example of a modality imbalance with
the multimodal dataset CREMA-D [4] is given in Figure 1.
It is evident that the audio features(Figure 12) dominate the
video features(Figure 1b) when optimized in a multimodal
fashion. However, video features give better performance
with unimodal training. This results in sub-par performance
with the joint multimodal training, shown in Figure Ic.
In this work, our goal is to (i) increase the performance
of weak modalities in multimodal settings and (ii) increase
the overall performance of the multimodal model in down-
stream supervised tasks.

In recent years, many methods have been proposed to
address modality imbalance in multimodal learning [8-
10, 17, 21, 24, 35, 36, 38, 41, 42, 45]. Gradient modulation
is one of the popular approaches in state-of-the-art meth-
ods to dynamically modify multimodal optimization gradi-
ents and maximize equal contributions from all modalities.
A common form of gradient modulation is dynamically in-
creasing the gradients of weak modalities only for late fu-
sion [24, 42, 44] or for any type of fusion methods [9, 21]
during the training process. Multiple variations of these
gradient modulations also exist, for example, alternating
gradients of each modality [45] and controlling the domi-
nant modality gradients [10]. Although there exist multiple
gradient modulation methods, there are very few methods
that optimize both unimodal and multimodal learning ob-
jectives [8, 36] to add the benefits of both worlds. We aim
to follow this trend in this work and introduce a novel opti-
mization strategy by incorporating knowledge distillation.

In this work, we aim to utilize the full potential of both
unimodal and multimodal learning for the given multimodal
downstream task. We propose a framework Gradient-
Guided Distillation (G*D) that transfers knowledge from
multiple unimodal teachers to multimodal student models.
Novelty of G*D is its use of knowledge distillation with a
new learning objective and gradient modulation technique
to mitigate modality imbalance and produce state-of-the-art
results in multimodal learning. As depicted in Figure 1,
G’D improves the feature quality of multimodal encoder,
allowing both the audio and video encoders to approach
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Figure 1. Performance of unimodal-only, unimodal in multimodal training, and purely multimodal models on the CREMA-D test set
for multimodal classification. (a) audio modality is indifferent to training configurations; (b) video modality is vulnerable to the audio
modality in a multimodal setting; (c) performance of the multimodal model is not optimal because of modality imbalance. G?D limits the
optimization of superior modality and enhances the video modality to optimize the multimodal performance.

the accuracy of their unimodal counterparts when integrated
into the multimodal model. This leads to an overall more
balanced and better-performing multimodal model while
addressing the modality imbalance issue (Figure Ic). Our
three-fold contributions in this work are:

* We introduce a knowledge distillation framework called
G?D that adapts a new optimization technique to fuse both
unimodal and multimodal learning to enhance the perfor-
mance of downstream tasks.

We propose a new Sequential Modality Prioritization
strategy that dynamically balances the optimization of
weak and dominant modalities to mitigate imbalance.
With extensive experiments on six real-world datasets,
we show that G>D minimizes modality imbalance and
achieves superior performance. We also show that our
approach is adaptive to existing methods.

2. Related Work

Knowledge distillation (KD) transfers knowledge from a
larger and more complex model (teacher) to a smaller and
more efficient model (student) [2, 16, 30]. Multimodal KD
extends this concept by leveraging information from mul-
tiple modalities to enhance learning, which supports sev-
eral real-world Al applications ([22, 26, 34, 39, 43]). Mul-
timodal KD distills knowledge from one modality to im-
prove performance of other modalities or in multimodal
downstream tasks. Multimodal KD has demonstrated sub-
stantial benefits, including improved performance, better
multimodal alignment, and enhanced generalization across
modalities ([11, 19, 40, 43]). Multimodal KD has been used
in multiple real-world problems like medical imaging [34]
to address missing modality and action recognition [26] to
transfer knowledge from multimodal ensemble to a uni-
modal model. In this paper, we build upon recent advances
in multimodal KD [8], specifically targeting the modality
imbalance problem during multimodal training. By utiliz-
ing unimodal teacher models to guide the multimodal stu-
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dent model, we ensure balanced learning across modalities.

Several methods have been proposed to mitigate the
modality imbalance through gradient modulation, feature
rebalancing, or modality-specific learning rate adjustments
([9, 10, 21, 24, 42, 44]). Gradient modulation techniques
dynamically adjust gradients to balance modality contribu-
tions during training [21, 24]. However, these methods of-
ten require careful tuning of hyperparameters, which can
limit their generalizability. Feature rebalancing aims to
optimize multimodal interaction by adjusting the contribu-
tion of each modality by enhancing the performance of uni-
modal learners [17, 36, 37, 45]. There is another perspec-
tive of alleviating modality imbalance with a proper label
fitting using contrastive learning [41]. In the context of
multimodal KD, limited work has used unimodal teachers
to supervise a multimodal student. UMT [7] directly super-
vises with unimodal teachers, while UME [8] aggregates
their logits. Choosing between them requires empirical tun-
ing, limiting adaptability across tasks and datasets. In this
work, we propose the G?D framework to address these lim-
itations by combining multimodal knowledge distillation
with a new gradient modulation technique. Unlike previ-
ous approaches that require careful hyperparameter tuning
([7, 8, 21, 24]), our approach dynamically suppresses dom-
inant modalities based on insights from unimodal teachers.
This not only makes our method applicable across differ-
ent settings but also allows underrepresented modalities to
learn more effectively.

3. Methodology

We propose Gradient-Guided Distillation (G*D) to mitigate
modality imbalance in multimodal learning through a com-
bination of knowledge distillation and sequential modal-
ity prioritization. The proposed G’D adapts to labeled
multimodal datasets D = (xi,yi)fil,where each sam-
ple x; consists of k-modality inputs, denoted as x; =
(", 2™, ..., z;""), and an associated label y;.

i i P
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Figure 2. G2D consists of multiple, independently optimized unimodal teacher encoders and jointly optimized multimodal student encoders
with all encoders generating feature representations and logits for each modality. The L, Loss Module consists of student loss, feature
distillation loss, and logit distillation loss. Confidence scores from the Scoring Module are used by the Sequential Modality Prioritization
Module to generate dynamic modulation coefficients that adaptively adjust the gradients of each encoder to ensure balanced contributions.

G2D, as illustrated in Figure 2, combines unimodal and
multimodal learning by distilling the knowledge from uni-
modal teachers to the multimodal student with a new learn-
ing objective Lpp. The scoring module in G’D determines
modality-specific scores based on the knowledge of multi-
ple unimodal teachers. The proposed Sequential Modality
Prioritization dynamically identifies inferior modalities and
empirically modulates the gradients of multimodal student
encoders to mitigate modality imbalance.

3.1. G2D Loss Function

We extend traditional multimodal knowledge distillation [8]
by introducing a new training objective (L) that com-
bines unimodal feature distillation (L yeqt) loss and uni-
modal logit distillation (Liog;) loss with the multimodal stu-
dent loss (Lg) to mitigate modality imbalance. We define
the unimodal teacher model {7™}% _, and the multimodal
student model [S]¥. Each teacher model 7™ is responsi-
ble for a single modality m and consists of an encoder ¢}"
parameterized by 6", which produces corresponding fea-
ture representations f{" = ¢ (z!"; 67"). We represent log-
its [;" of teacher models after passing f;" through a linear
classifier ¢)/". Similarly, the student model [S]} processes
the multimodal input x; through modality-specific encoders

™, parameterized by 07", to obtain student feature rep-
resentations fI" = ¢T(a;0™). These features are then
combined through a traditional multimodal fusion module
Dpysion (f711, fI2, ..., f™*), to produce a multimodal rep-
resentation, which is used to calculate multimodal student

logits Is = s (Pusion (I, 2, ..., f™*)). The proposed
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L, comprises three key components:
1. Multimodal Student Loss (Ls) is a supervised loss
to map multimodal inputs x; to the label y;:

Ls=Eq o, Upy)] 1)
where ¢ is the cross-entropy loss (¢(p,y) —
— Yo Ywlog(p)) for C-class classification

tasks with p ls(x;05) or mean squared error
Upy) = + Zijil(p — y)?) for regression tasks with
p=o(ls(x;0s)), where o is the sigmoid function.

2. Feature Distillation Loss (Lgy): To prevent the
student model from discarding information from weaker
modalities, we impose an L2-based feature alignment loss
that minimizes the discrepancy between multimodal student
and unimodal teachers’ feature representations:

£ = Bonn [J07 ™ 00) — 6 (2 07) ]

feat

2

where ¢7* and ¢} are student and teacher features, respec-
tively, as functions of input ™ and encoder parameters.

3. Logits Distillation Loss (Ljegi¢): Logit-based distil-
lation enables the student model to capture class-level re-
lationships and decision boundaries defined by the teacher.
We integrate a new logit-based distillation using Kullback-
Leibler (KL) divergence [16] that learns the distribution
from unimodal teachers to the multimodal student:

togit = Eanp [KL (o (1" (25 61"))[lo (ls(; 605)))] - (3)

where o denotes the softmax function.
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Figure 3. Unimodal teacher confidence scores across multimodal datasets. Each line is the confidence of a specific modality (audio,
visual, or text). Modality bias on all datasets, with higher scores for one modality, motivates our use of sequential modality prioritization.

We define the G?D loss as: 3.3. Modulating Gradients with Sequential Modal-

& & ity Prioritization (SMP)
Lop=Ls+a Z Ligu + B Z Liggic 4) Multimodal datasets often undergo modality overfitting dur-
m=1 m=1 ing training [35] and give priority only to dominant modal-
where « and /3 are weighting coefficients for the feature loss ities, limiting the optimization of weaker modalities. Using
and the logit loss, respectively. This formulation enables the the modality scores p", we find this trend on all four clas-
multimodal student model to leverage the strengths of each sification datasets, as shown in Figure 3. It is evident that
unimodal teacher model effectively. Feature distillation loss one modality consistently exhibits higher confidence scores,
ensures that the student retains modality-specific represen- indicating a modality imbalance and dominance over other
tations, while logit distillation loss aligns the student’s pre- modalities in the given downstream task. We also note that
dictions with teacher distributions, capturing inter-class and this pattern is not grounded to a specific modality. For ex-
intra-class dependencies. Although this new learning ob- ample, in CREMA-D (Figure 3a), the audio teacher has
jective enables maximization of quality, multimodal mod- higher scores than the video teacher, and in UR-Funny (Fig-
els can still be biased to dominant modalities as they opti- ure 3d), the text modality remains dominant over audio and
mize all modalities simultaneously. We introduce an adap- visual inputs. These findings align with previous research
tive training strategy based on unimodal confidence scores that identifies modality bias as a prevalent issue in multi-
to mitigate modality imbalance. modal datasets [1, 13, 46]. This further leads to modality

imbalance in multimodal learning, as analyzed in Figure 1.
To address this issue, we hypothesize the following:

3.2. Quantifying Modality Confidence

Scoring mechanisms are widely used to measure the con- Hypothesis 1. Leveraging the confidence scores of uni-
tributions of individual modalities in multimodal learn- modal models to determine less confident modalities and se-
ing [21, 24]. As unimodal models are outside the bounds quentially prioritizing them during multimodal training can
of modality imbalance, we utilize their confidence in deter- mitigate modality imbalance.

mining the imbalance ratio. Our scoring module in G’D To test this hypothesis, we propose sequential modal-
quantify the confidence p of each unimodal teacher 7" as ity prioritization strategy for the multimodal training in our
the batch-wise average of their softmax function: proposed G*D framework. For each training iteration g, we

rank confidence scores of all teacher models p;*. If this

- 1 T, ranked list is given as 7, then 7;[1] corresponds to the least
Pt = 7| Bm| Z Softmax (Iy" (z;";0™))[yi"], (5) confident modality, and 7 [k] corresponds to the most dom-
(

oy eBm inant modality. We aim to generate an automatic training
where |B™| represents the number of m modality data sam- schedule process to iden.tify the set of prioritized moQalitijcs
ples in the batch, and Softmax (I (z™; 6™))[y] is the M, b'ased on the modality confidence scores 7¢, as given in
probability assigned to the ground truth label y;" by the Equation (6).
teacher model 7" for the sample z;.

The score pl* serves as an indicator of how confident {me[1]} forl<e<m

the unimodal teacher 7™ is in predicting the correct label {m[2]} form <e<m+m7
for the given batch. A higher score indicates greater confi- M, =1
dence, signifying that modality m dominates in multimodal ) ke b1
training. This information is then used to guide gradient {mk — 1]} for > i T <e<)> 1T
updates in the student model, dynamically adjusting train- {m[1],...,m[k]} for Z;:ll T <e< Z?zl T
ing to mitigate the dominance of any single modality. (6)
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where e is the training epoch, and 7; is the hyperparame-
ter set to denote the number of epochs for optimizing j-th
prioritized modality, where j is the index of the ranked list
7. The modulation coefficients " for each modality m
identifies the modality to optimize in multimodal learning,
as given in Equation (7).

mo_
ﬁq_{

The gradient update for the parameters 6" of modality
m for iteration ¢ in the multimodal student model S is then:

if modality m € M,

0 otherwise,

(7

m
q+1

8£GZD (.%‘i7 yi)

o0
where 7 is the learning rate, and £, represents the total
loss function as defined in Equation (4).

During each epoch range 7;, only the corresponding
modality 7;(j) is assigned x;* = 1, while all others are
set to 0, ensuring that the prioritized modality receives full
gradient updates. After the prioritized phases for all less
confident modalities, the most confident modality (m:(k))
is trained jointly with all other modalities, with ;" = 1 for
all m. This sequential prioritization strategy allows each
modality to lead the learning process in turn, thereby mit-
igating persistent modality dominance. We summarize the
complete multimodal training with G?D in Algorithm 1.

= egn -n “Zn ’ ]E(xial/i)"’p |: ] ®)

Algorithm 1 Multimodal Learning with G?D
D

1: Input: = {(zs,v:)}Y,, unimodal teachers
{T™}F _,, multimodal student S, iterations ¢
Initialize student model S with random weights
Load pre-trained weights for teacher models {7 }* _,
for iteration7 = 0,...,q — 1 do
Sample a fresh mini-batch (z, y) from D
Feed-forward the batch through S to obtain
{f7 =1 and I
Feed-forward each modality of a batch through
{1 Yz to get {7}y and {1},
: Compute L2, loss using Eq. (4)
Calculate p;"* for each modality using Eq. (5)
Calculate ™ using Eq. (7)

AN o

10:
11:

Find modality gradients 39‘3333 and update parame-
ters 0™ for each modality m using Eq. (8)
12: end for

: return Trained multimodal student model S

4. Experiments

We evaluate the G?D framework on the basis of the fol-
lowing questions: Q1: How does G?D compare to state-
of-the-art methods for addressing modality imbalance and
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overall multimodal performance in supervised tasks? Q2:
How does G?D influence the modality gap in multimodal
learning?, Q3: Does G?D enhance feature space alignment
between unimodal and multimodal models?, Q4: How SMP
is influencing the multimodal learning?, and QS: Which fu-
sion and suppression techniques are the best for G>D?

4.1. G*D Evaluation
4.1.1. Experimental Setup

Datasets. We chose five multimodal classification datasets
and one regression dataset. CREMA-D [4] is an audio-
visual dataset for speech emotion recognition with six emo-
tion classes. AV-MNIST [33] is a synthetic dataset with
PCA-projected MNIST images and audio spectrograms for
ten-digit classes. VGGSound [6] is a large-scale audio-
visual dataset with 309 classes of everyday audio events,
featuring video clips of 10 seconds each. UR-Funny [14]
is a binary classification dataset for humor detection that
incorporates text, visual gestures, and acoustic modalities.
IEMOCAP [3] is an audio-visual-text dataset for emotion
recognition in dyadic conversations. MIS-ME [27] is a re-
gression dataset containing raw soil patch images and corre-
sponding meteorological data for soil moisture estimation.
To the best of our knowledge, we are the first to evaluate the
modality imbalance in a multimodal regression setting and
use tabular data for multimodal learning problems.

Baselines. We compare G?D with ten state-of-the-art
methods that address modality imbalance, including MSES
[10], MSLR [42], AGM [21], PMR [9], OGM-GE [24],
MLA [45], MM-Pareto [36], ReconBoost[17], DLMG[41],
and UMT [8]. We compare the baseline methods across four
datasets that include audio, visual, and text modalities. For
the regression task, we compare our approach to MISME
[27], which estimates soil moisture from soil patch images
and meteorological data. We evaluate the performance of
each baseline in both unimodal and multimodal contexts for
each modality. Please refer to ?? for more detailed baseline
descriptions.

Backbone and Hyperparameter Settings. For audio-
visual datasets (CREMA-D, VGGSound, and AV-MNIST),
we use ResNet-18 [15] as the encoder for both audio and
video modalities in the teacher and student models. For the
UR-Funny and IEMOCAP dataset, which involves audio,
visual, and text modalities, we use a Transformer-based en-
coder [32] for each modality. For MIS-ME, we adopt Mo-
bileNetV2 [28] as the image feature extractor and use the
fully connected neural network proposed in [27] for pro-
cessing tabular meteorological data. To ensure a fair com-
parison, we use identical backbone architectures across all
baseline models and employ late fusion for training. All
models are optimized using SGD with a batch size of 16
and trained on a single NVIDIA A10 GPU. More details on
experimental settings are provided in 2?.



Table 1. Performance comparison on various audio-visual datasets reported in accuracy (%). “Multi” represents the evaluation of the
multimodal student model, while ”Audio” and ”Video” rows indicate the performance of modality-specific encoders within the multimodal
model. T, and T’ denote unimodal evaluations for the audio and video teacher models, respectively.

o , Joint- OGM- MM Recon G*D
Dataset T T Train MSES MSLR AGM PMR GE MLA Pareto  Boost DLMG | UMT (Ours)
Audio | 61.69 - 5995 | 54.86 54.86 48.58 49.19 58.60 59.27 65.46 57.71 5437 |61.02| 56.45
CREMA-D Video - 7648 2742 | 22.57 2631 57.85 2325 49.06 6491 5524 6521 70.89 [2540| 72.72
Multi - - 67.47 | 6099 6442 7848 59.13 72.18 79.70 75.13 79.82 83.62 |67.61| 85.89
Audio | 42.69 - 16.05 | 27.50 2272 38.90 37.60 2453 4226 42.11 4150 41.99 |31.55]| 39.10
AV-MNIST Video - 65.44 55.83| 63.34 6292 63.65 58.50 55.85 6530 6526 64.28 65.04 |64.08| 65.09
Multi - - 69.77 | 70.68 70.62 72.14 71.82 71.08 6532 72.63 7247 72.14 |72.33| 73.03
Audio | 43.39 - 39.22 | 39.57 39.10 38.15 2630 3796 37.56 42.44 4235 41.54 [42.12| 39.43
VGGSound Video - 3232 18.70 | 17.85 18.66 25.65 7.12 22.64 32.02 1794 18.12 23.65 |23.77| 29.88
Multi - - 5097 | 50.76 5098 47.11 33.07 5145 51.65 49.69 5097 52.74 |53.78 | 53.82
4.1.2. Results MMPareto, and ReconBoost, as well as the KD-based ap-

In this section, we present the accuracy(%) of all models
with best results in bold and second best results underlined.

G?D on Two Modalities and Audio-Visual Domain.
Table 1 presents the following key observations:

1. Unimodal performances (T, and T),) and joint-
training reveal that modality imbalance is dataset-
dependent. On CREMA-D and VGGSound, video performs
well in the unimodal setup but becomes suppressed in mul-
timodal training, while it is the opposite in AV-MNIST as
audio is underutilized in multimodal setup. This confirms
that modality imbalance is a prevalent issue in multimodal
learning, leading to suboptimal fusion in joint-training.

2. DLMG, ReconBoost, and gradient modulation meth-
ods (AGM, OGM-GE, MLA, and MMPareto) attempt to re-
duce modality imbalance and improve fusion. While effec-
tive, they do not fully bridge the discrepancy among modal-
ities, as imbalance persists across datasets. G>D surpasses
all baselines, demonstrating that SMP ensures balanced op-
timization and better multimodal integration.

3. To the best of our knowledge, UMT is the only knowl-
edge distillation-based baseline addressing modality imbal-
ance. The results show that the proposed G D loss that dis-
tills knowledge from unimodal teachers with the dynamic
training strategy using SMP gives better optimization for
weak modalities to outperform UMT across all datasets.

G?D on Three Modalities and Text Domain. Unlike
prior approaches [9, 38], G’D is not constrained by the
number of modalities. We now analyze results with a three-
modality dataset on UR-FUNNY, given in Table 2. In this
special case of experiment, we compare our results with
baseline models using all combinations of modalities. We
find with joint-training that text modality is dominant in all
multimodal settings and incorporating all modalities leads
to the best multimodal performance. (i) G*D performance:
We observe that G>D consistently outperforms methods in-
corporating adaptive training strategies, such as OGM-GE,

proach UMT, demonstrating its effectiveness in mitigating
modality imbalance. (ii) Modality depression: Another in-
teresting finding with more than two modalities (A-V-TXT)
is the dominant modality (text) depression across most of
our baseline models. We suspect that these models give
over-prioritization to weak modalities while not allowing
the required optimization for dominant modalities. G?D, on
the other hand, treats all modalities fairly with the proposed
SMP to reduce modality depression.

Table 2. Accuracy (%) on the UR-Funny dataset across all modal-
ity combinations. Unimodal teacher performance for audio, vi-
sual, and text are 61.57%, 58.25%, and 61.77%, respectively.

Joint- | OGM- MM Recon G*D

Type Train| GE Pareto Boost UMT (Ours)
Audio | 57.34 | 59.76 61.77 60.53 | 54.63 | 59.05

A-V Visual | 53.92 | 53.82 55.73 57.87 |56.44 | 58.05
Multi | 61.57 | 61.87 61.27 62.07 | 60.46| 62.98

Audio | 50.30 | 54.12 58.15 50.18 |55.63 | 59.86

A-TXT  Text | 57.44 | 58.35 5845 5698 |57.75| 58.85
Multi | 62.17 | 62.47 62.88 61.06 | 62.47 | 63.28

Visual | 49.30 | 55.33 56.04 55.41 |56.34| 56.34

V-TXT  Text | 51.21 | 58.95 59.15 50.94 |53.82| 56.04
Multi | 62.07 | 6298 61.27 60.07 | 63.18 | 63.48

Audio | 55.03 | 50.30 58.05 51.65 |50.70| 59.15

Visual | 54.93 | 55.73 56.14 55.26 | 54.93 | 55.94
AVIXT rot 5825 | 5571 5855 56.25 |52.72 | 58.15
Multi | 62.58 | 63.68 62.88 61.37 | 63.38| 65.49

G?2D on the Multimodal Regression Task. To evaluate
the robustness and real-world applicability of G>D, we ap-
plied it to a soil moisture estimation task using an in-wild
raw soil patch dataset [27], captured via cameras. As given
in Table 3, we find that modality imbalance occurs in regres-
sion tasks as well. We find that G?D outperforms the base-
line method MIS-ME, indicating its effectiveness in multi-
modal regression tasks.
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Figure 4. Modality gap for AV-MNIST and UR-Funny datasets, with G°D increasing the modality separation compared to joint-training.

Table 3. G”D for Soil Moisture Regression Task on MIS-ME
Dataset with tabular and image Modalities

Metrics | Tabular Image Joint-Train | MIS-ME  G’D

MAPE | 1549 822 1462 | 152 1701

R | 034 076 042 | 080 082
4.2. Analysis of G’D

Analyzing Modality Gap. Prior work has shown that mul-
timodal learning leads to distinct modality-specific embed-
dings, with a larger modality gap often correlating with
improved performance [23, 31]. Following these insights,
we visualize the modality gap in AV-MNIST (audio-visual)
and UR-Funny (visual-text) datasets, as shown in Figure 4.
Compared to joint-training (Figures 4a and 4c), G*D (Fig-
ures 4b and 4d) results in a more pronounced modality
gap, making modalities more distinguishable in the em-
bedding space. This separation is particularly evident in
text-inclusive models, facilitating better feature utilization.
These results highlight G’D’s ability to mitigate modal-
ity bias and enhance multimodal learning by preserving
modality-specific characteristics.
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Figure 5. Alignment between unimodal and multimodal features
in the audio encoder (Figure 5a) and the video encoder (Figure 5b).

Analyzing Feature Alignment of G?D. We first ana-
lyze the robustness of multimodal features by aligning them
with unimodal teacher features for both audio and video
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encoders in CREMA-D. In this experiment, we use co-
sine similarity to measure the feature alignment. With Fig-
ure 5a and Figure 5b, we show that the alignment of both
modalities between unimodal and multimodal features is
consistently higher for the G?D compared to a simple joint-
training without KD. We consider that better feature align-
ment in G?D is one of the important factors in improving
modality imbalance in multimodal learning.

Confidence Analysis: Joint-Training vs G2D
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Figure 6. Analyzing Confidence Ratio of Joint-Training with G*D

Analyzing Modality Imbalance with Confidence Ra-
tio. To quantify the impact of modality imbalance, we com-
pute confidence ratio to measure the weaker modality’s con-
fidence relative to its unimodal teacher. Specifically, we
first compute the average confidence score p for the weaker
modality across the entire dataset in both joint-training and
G?D. Then, we normalize these values by dividing them by
the corresponding unimodal teacher’s confidence score. A
lower confidence ratio indicates that the weaker modality is
overshadowed during training, while a higher ratio suggests
that the weaker modality in multimodal setting is reach-
ing its performance close to that of its unimodal setup. As
shown in Fig. 6, G’D consistently yields higher confidence
ratios than joint-training, demonstrating its ability to miti-
gate modality discrepancy by ensuring a more balanced op-
timization process and preventing weaker modalities from
being suppressed in the multimodal training.

Further analysis of G°D, including distinction from key
baselines and computational cost, is in ??.



4.3. Ablation Study

Table 4. Effect of SMP on Different Multimodal Methods

Method | SMP | CREMA-D AV-MNIST UR-Funny

v Tran | ¥ 67.47 6977 62.58
v 80.78 7251 63.58

X 67.61 7233 6338

umMT 82,39 72,68 64.59
| x 78.63 7276 6378
GDloss |, 85.89 73.03 65.49

Impact of SMP. The results in Table 4 demonstrate two-
pronged observations on SMP with three datasets. (i) SMP
integration enhances the performance of both vanilla joint-
training and the multimodal KD-based approach UMT. (ii)
Incorporating SMP to G?D loss achieves the best overall
performance, outperforming all baselines, highlighting its
role in mitigating modality imbalance and improving multi-
modal learning. This confirms the effectiveness and adapt-
ability of SMP, not just in G?>D but also in other models.

Table 5. Performance comparison of G*D using different fusion
strategies across multiple datasets in terms of accuracy (%).

Fusion | CREMA-D AV-MNIST VGGSound UR-Funny
Sum 81.59 72.70 50.67 63.08
Concat 83.60 72.98 53.40 64.49
FiLM [25] 84.27 72.73 48.11 63.48
BiGated [20] 81.32 72.89 46.66 63.38
Cross-Attention [5] 85.35 72.96 53.58 65.09
Late Fusion [12] 85.89 73.03 53.82 65.49

G?D with Various Fusion Modules. Table 5 com-
pares the effect of different fusion strategies on G?D. Out
of the traditional fusion methods used for the modality im-
balance problem, late fusion consistently achieves the best
results. This highlights the effectiveness of leveraging in-
dependent unimodal representations while preserving their
distinct contributions. However, Cross-Attention based fu-
sion closely follows the performance of late fusion, demon-
strating its ability to enhance cross-modal interactions by
dynamically attending to relevant features. Concat fusion
provides strong performance but falls slightly behind Late
Fusion. FiLM and BiGated offer adaptive feature integra-
tion yet fail to match the top-performing methods. Descrip-
tions of these fusion strategies are in ??.

Modality Suppression in G*D. We compare two sup-
pression strategies: partial suppression and complete sup-
pression. Partial suppression follows OGM-GE [24], ap-
plying gradient modulation with 1 — tanh(z), where x is
the ratio of modality scores. Complete suppression utilizes
SMP, which zeroes out gradients of dominant modalities,
allowing the suppressed modality to train to convergence.
Table 6 shows that complete suppression consistently out-
performs partial suppression across all datasets. This im-
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Table 6. Partial vs. Complete Modality Suppression in G*D

Type ‘CREMA-D AV-MNIST VGGSound UR-Funny
Partial 81.99 72.83 51.16 63.68
Complete 85.89 73.03 53.82 65.49

provement arises from SMP’s ability to shift optimization
focus toward the suppressed modality, preventing interfer-
ence and enabling more effective multimodal feature inte-
gration. So, complete suppression significantly mitigates
modality imbalance and enhances multimodal learning.

Table 7. Effect of 7; on G*D with two & three modalities

| (0,150) (50,150) (100,150) (150,150)

(Tl'r T‘l)

CREMA-D | 78.63 82.80 83.74 85.89
(11,72,73) | (0,0,150) (50,50,150) (75,75,150)
IEMOCAP | 75.30 76.99 77.19

Effect of Prioritization Epochs (7;). We analyze the
impact of 7;, the hyperparameter controlling the epochs for
each SMP stage, in Table 7. For instance, with two modali-
ties (k = 2), the schedule (71, 72) denotes epochs for train-
ing the weakest modality alone, followed by a joint training
phase for both. Similarly, for three modalities (k = 3),
(71,72, 73) defines epochs for the weakest alone, then the
second weakest alone, and finally a joint phase for all three.
The results in Table 7 show that systematically increasing
the dedicated epochs for weaker modalities consistently im-
proves G?>D’s performance. This finding strongly validates
our Hypothesis 1 (Sec. 3.3) that providing weaker modali-
ties with dedicated, interference-free training phases is cru-
cial for mitigating modality imbalance.

Additional ablations are provided in ??.

5. Conclusion

In this paper, we presented G>D, a simple but effective novel
framework designed to tackle modality imbalance in multi-
modal learning through gradient-guided distillation and se-
quential modality prioritization. By fusing unimodal and
multimodal learning objectives together with knowledge
distillation and utilizing confidence scores from unimodal
teachers, G*D dynamically prioritizes weaker modalities.
With these contributions, G2D ensures each modality con-
tributes effectively during training without being overshad-
owed by any dominant modalities. Our experimental re-
sults, which span multiple classification datasets and a re-
gression task, illustrate that G2D enhances feature align-
ment, mitigates modality imbalance, and outperforms exist-
ing state-of-the-art methods. We believe that the proposed
gradient modulation strategy holds great potential to ad-
vance balanced learning in complex multimodal scenarios,
paving the way for more inclusive and robust Al systems.
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