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ABSTRACT

Multimodal learning, integrating the information from multiple sensory modali-
ties, is naturally expected to outperform the single-modal counterparts. However,
the heterogeneity of multimodal data often leads to two imbalance problems that
impede unimodal representation learning prior to fusion. The first problem arises
from inconsistent gradient magnitudes across modalities, and the second from op-
posing gradient directions in a unimodal encoder due to competing losses. While
recent progress is achieved by strengthening within-modality representations, we
identify cross-modality compatibility as another critical factor for effective fea-
ture fusion. Jointly considering these two factors for better fusion, we propose the
Gradient Orthogonalization and Adaptive Leveraging (GOAL), a parameter-free
gradient modification method. Specifically, guided by the principle that imbal-
anced dependency on each modality follows the inverse relationship with pre-
diction variance, the AL dynamically re-weights gradient magnitude by utilizing
prediction entropy as a variance estimator. Furthermore, the GO ensures a syn-
ergistic update to obtain the compatible multimodal features through the projec-
tion of conflicting gradients. Extensive experiments across various modalities and
frameworks indicate that GOAL consistently and significantly outperforms exist-
ing state-of-the-art methods, providing a plug-and-play module for multimodal
optimization. Our code will be made publicly available.

1 INTRODUCTION

To simulate human perception of the world through various sensory modalities, such as text, vision,
and audio, multimodal learning has attracted increasing attention (Baltrušaitis et al., 2018; Ngiam
et al., 2011; Liang et al., 2024; Yuan et al., 2025). To better leverage feature encoders from indi-
vidual modalities, a common framework in multimodal learning is the “multi-encoder” architecture
with both modality-specific and modality-shared losses (see upper part of Fig. 1) (Chen et al., 2020;
Du et al., 2022; Zhang et al., 2022; Wei & Hu, 2024). In this setup, each modality has its own feature
encoder, and the resulting features are then fused for downstream tasks such as classification. In this
architecture, it is commonly assumed that integrating information from multiple modalities should
lead to better perception than single modality. However, the inherent heterogeneity of multimodal
data raises significant challenges to effectively leverage their correlations and complementarities,
called the imbalanced multimodal learning problem (Wang et al., 2020; Peng et al., 2022). Conse-
quently, such a problem not only limits the potential of multimodal learning but may even cause the
multimodal model to perform worse than its unimodal counterparts (Wang et al., 2020; Peng et al.,
2022; Li et al., 2023; Wei & Hu, 2024).

From the view of model optimization, recent studies attribute the modality imbalance problem to two
key gradient-related factors with respect to unimodal encoders. The first problem is characterized
by a divergence in gradient magnitudes across different unimodal encoders (Wang et al., 2020).
Consequently, encoders from different modalities exhibit divergent update rates, which may lead
to a situation where one modality is dominant while another lags behind (Peng et al., 2022). The
second problem arises when the gradients from two competing losses oppose each other, leading to
inefficient encoder updates (Wei & Hu, 2024).
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To address these two issues, existing studies have primarily concentrated on the gradient modifica-
tion. One research direction aims to tackle the magnitude problem by leveraging gradient modula-
tion techniques to adjust the learning rates across different modalities, such as Gradient-Blending
(GB) (Wang et al., 2020), On-the-fly Gradient Modulation (OGM) (Peng et al., 2022), Adaptive Gra-
dient Modulation (AGM) (Li et al., 2023), and Asymmetric Representation Learning (ARL) (Wei
et al., 2025). A second line of work tackles the direction problem. Methods such as MMPareto (Wei
& Hu, 2024) solve this issue through a multi-objective optimization framework, aiming to identify
an optimal compromise between two competing losses.

Despite achieving promising results, these works exhibit certain drawbacks that require further at-
tention. Through analysis in Sec. 3.2, we identify that an effective unimodal feature before fusion
should possess two key properties: strong representational capacity within its own modality and
high compatibility across different modalities. However, current gradient-based approaches primar-
ily focus on enhancing within-modality representational capacity but neglect cross-modality com-
patibility, as shown in Fig. 2a. As a result, fusion of such features may exhibit reduced performance,
sometimes even worse than single-modality baselines (Li et al., 2023; Wei & Hu, 2024).

To move forward, we propose the Gradient Orthogonalization and Adaptive Leveraging (GOAL),
a simple but effective parameter-free gradient modification method, jointly pursuing strong within-
modality representation and high cross-modality compatibility. Generally, we separate the gradient
vectors of each unimodal feature encoder into two groups: one corresponding to the modality-shared
loss and the other to the modality-specific loss, where the previous group is modulated by the pro-
posed GOAL. Specially, since the gradient variance is able to reflect the imbalanced dependency on
each modality (Wei et al., 2025), the AL module employs prediction entropy as a variance estimator
to adaptively re-weight gradient magnitudes for alleviating the problem of modal laziness. More-
over, by the projection of conflicting gradient vectors, the GO component is inspired by PCGrad (Yu
et al., 2020), ensures that the features from different modalities are compatible for better fusion.
Importantly, GOAL is plug-and-play for various “multi-encoder” multimodal learning frameworks,
and we develop a Pytorch module for it.

Our contributions are as follows.

• Focusing on the imbalance issues in multimodal learning, we identify a key limitation
of existing paradigms in learning unimodal encoders: they often emphasize the within-
modality representation but overlook the cross-modality compatibility.

• To address this limitation, we propose GOAL, a plug-and-play parameter-free module that
jointly considers the above two key abilities through gradient modification.

• Extensive experiments on diverse multimodal benchmarks indicate that GOAL significantly
and consistently outperforms existing SOTA methods in efficiency and generalization. For
practicality, we implement it as an easy-to-use PyTorch module.

2 RELATED WORK

Multimodal learning, by fusing data from different modalities, has demonstrated superior perfor-
mance over unimodal methods across various applications (Ramachandram & Taylor, 2017; Guo
et al., 2019; Prakash et al., 2021; Jiang et al., 2022; Driess et al., 2023; Caffagni et al., 2024). To
leverage well-pretrained single-modality encoders, a common multimodal learning framework is to
build a “multi-encoder” architecture, which is jointly optimized via modality-specific and modality-
shared objectives (Chen et al., 2020; Du et al., 2022; Zhang et al., 2022; Wei & Hu, 2024). However,
the heterogeneity of multimodal data often prevents joint training strategies from fully exploiting all
modalities, known as the modality imbalance issue. In this situation, the multimodal methods fail to
meet expectations and may even underperform compared to the best unimodal method (Wang et al.,
2020). Motivated by multi-task learning, a variety of gradient-based strategies have been proposed
to modify the original gradients, either in magnitude or direction.

2.1 GRADIENT MAGNITUDE MODIFICATION

Wang et al. (2020) observed that different modalities overfit and generalize at different rates, a
phenomenon termed the laziness problem. To address this problem, several methods have been
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developed by modifying gradient magnitudes, so as to balance the learning rates across different
unimodal encoders. For instance, Gradient Blending (GB) (Wang et al., 2020) computes an op-
timal blending of modalities based on their overfitting behaviors; On-the-fly Gradient Modulation
(OGM) (Peng et al., 2022) and Adaptive Gradient Modulation (AGM) (Li et al., 2023) dynamically
adjust the gradient magnitudes of every modality by continuously monitoring the discrepancy in
their contributions to the learning objective; Wei et al. (2025) proved that imbalanced dependency
on each modality obeying the inverse ratio of their variances contributes to optimal performance, and
proposed an Asymmetric Representation Learning (ARL) strategy to assist multimodal learning.

2.2 GRADIENT DIRECTION MODIFICATION

Wei & Hu (2024) identified that previous methods ignored gradient conflict between modality-
specific and modality-shared objectives, potentially misleading the unimodal encoder optimization.
To move forward, they analyzed Pareto integration (Sener & Koltun, 2018; Lin et al., 2019) in mul-
timodal learning scenarios and then proposed an MMPareto algorithm. As a result, it ensures a
final gradient with direction that is common to all learning objectives. Such similar observation and
strategies are presented in different applications (Ma et al., 2020; Dimitriadis et al., 2023; 2024).

2.3 ADVANTAGES OF GOAL COMPARED WITH EXISTING WORKS

Basically, existing gradient-based methods, including magnitude and direction modification ones,
emphasize on promoting the within-modality representation ability, while less considering the cross-
modality compatibility. By contrast, GOAL takes both objectives into account simultaneously, re-
alized by the proposed GO and AL components. Technically, different from gradient direction
modification methods such as MMPareto (Wei & Hu, 2024), reducing conflicts (induced by com-
peting losses) within a single modality, GO mitigates conflicts across different modalities to learn
more compatible features. Moreover, beneficial from the none-parameter-free construction, GOAL
can be implemented as a plug-and-play PyTorch module for easy integration.

3 GRADIENT ORTHOGONALIZATION AND ADAPTIVE LEVERAGING (GOAL)

To alleviate the imbalance problem efficiently and effectively, we propose a parameter-free and
plug-and-play method called GOAL, composed by two main modules, GO and AL.

Figure 1: Illustration of “multi-encoder” multimodal framework and the implementation of GOAL,
where we omit the subscript i for simplicity.
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3.1 PROBLEM FORMULATION

Let’s consider a “multi-encoder” architecture involving M modalities. For simple demonstration,
we follow Peng et al. (2022); Li et al. (2023); Wei & Hu (2024); Wei et al. (2025) and assume a
classification scenario in this section. In experiments, we will evaluate our methods on other tasks.

Specifically, a dataset composed by N samples is denoted by D =
{
{x(m)

i }Mm=1, yi

}N

i=1
, where the

label yi ∈ {1, 2, · · · ,K}. As shown in Fig. 1, for i-th sample, the m-th unimodal feature vector,
f
(m)
i ∈ Rdm , is obtained via the m-th encoder parametrized by {θ(m)}, i.e.,

f
(m)
i = E(m)(x

(m)
i ;θ(m)), m = 1, · · · ,M. (1)

With a fusion module C(·;θc), {f (m)
i }Mi=1 are combined into a fused representation ffus

i ∈ Rdc ,
which is then fed into a classifier to produce the modal-fused logits zfus

i , formally as:

zfus
i = Wffus

i + b; ffus
i = C({f (m)

i }Mm=1;θ
c). (2)

To further enhance the discriminative capability of unimodal representations, existing methods also
introduce a classifier for every modality to produce modal-specific logits as

z
(m)
i = W(m)f

(m)
i + b(m), m = 1, · · · ,M. (3)

Based on this architecture, the total training objective Ltotal contains two cross-entropy (CE) losses:

Ltotal = Lmm + Ls; Lmm =

N∑
i=1

LCE(yi, z
fus
i ),Ls =

M∑
m=1

L(m) =

M∑
m=1

N∑
i=1

LCE(yi, z
(m)
i ).

(4)
where, Lmm and Ls indicate the modality-fusion and the modality-specific losses, respectively.

Thus, for every unimodal encoder E(m), the total gradient of its parameters θ(m) is calculated by:

∇θ(m)Ltotal = ∇θ(m)Lmm +∇θ(m)L(m) =
∂Lmm

∂f (m)︸ ︷︷ ︸
g(m)

∂f (m)

∂θ(m)
+

∂L(m)

∂f (m)︸ ︷︷ ︸
G(m)

∂f (m)

∂θ(m)
. (5)

To alleviate the imbalance problem across modalities, our GOAL focuses on modulating the magni-
tude and direction of every g(m), which will be discussed below.

3.2 MOTIVATION OF THE GOAL

In Eq. 5, G(m) originates from the modality-specific loss, enhancing within-modality representation
learning by improving properties such as the discriminative power. By contrast, g(m) is derived from
the modality-fusion loss, serves to both enhance feature discriminability and boost cross-modality
compatibility. Therefore, the compatibility among final unimodal features {f (m)}Mm=1 is potentially
affected if their gradient {g(m)}Mm=1 exhibits conflicting directions with those of other modalities.

For better illustration, we conduct experiments based on the CREMA-D dataset, including audio
and visual modalities. Specifically, Fig. 2a visualizes the histogram of the cosine similarity between
g(1) and g(2) for a baseline method without balancing strategies, exhibiting a clear conflict between
them. Moreover, in Fig. 2b, we apply Canonical Correlation Analysis (CCA) to track the evolution
of the feature correlation coefficient between f (1) and f (2) during training. All the four methods
show a consistent increase in correlation, indicating a progressive enhancement of multimodal fea-
ture compatibility. Notably, GOAL achieves the highest final coefficient, validating its greater focus
on optimizing this aspect. Moreover, by incorporating our proposed GO component into existing
gradient magnitude-based methods, as shown in Fig. 2c, we observe consistent performance im-
provements. This further demonstrates the general efficacy and motivation of our approach. The
AL component is proposed to perform gradient re-weighting, maintaining consistency with prior
work (Wei et al., 2025) while remaining synergistic with GO and agnostic to the fusion module.

4



216
217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241
242
243
244
245
246
247
248
249
250
251
252
253
254
255
256
257
258
259
260
261
262
263
264
265
266
267
268
269

Under review as a conference paper at ICLR 2026

(a) Gradient conflict in baseline. (b) Correlation coefficient. (c) Accuracy increase with GO.

Figure 2: Motivation of the GOAL. (a) The negative cosine similarity between g(1) and g(2) for the
baseline method illustrating the existence of gradient conflict between them. (b) GOAL achieves the
largest feature correlation coefficient between f (1) and f (2), indicating more compatible multimodal
features. (c) Incorporating GO with existing methods can further improve the performance. The
experiments are conducted on the CREMA-D dataset (Cao et al., 2014).

3.3 ADAPTIVE LEVERAGING (AL) COMPONENT

The AL component in GOAL addresses the problem of the inconsistency in the magnitudes of the
gradients g(m). Wei et al. (2025) theoretically demonstrated that optimal information fusion is
achieved when the contribution of each modality is weighted inversely proportional to its predic-
tion variance. Under the assumption of feature concatenation as ffus

i = [f
(1)
i , · · · ,f (M)

i ], Wei
et al. (2025) further proposed a method to approximate their prediction variances. Building on their
insight but move beyond the assumption of fusion by concatenation, we introduce a logits-based
method to obtain the predictive uncertainty to re-weight the gradient magnitude.

Specifically, in classification task, the entropy of a predicted probability distribution serves as a
natural measure of uncertainty and is closely correlated with the variance of the prediction (proof
in Appendix A.3). In other words, given a sample x

(m)
i , if the unimodal encoder E(m) produces a

prediction with high entropy, the prediction variance for that modality is also high. Therefore, AL
modulates the magnitude of the gradient g(m) through the following three steps.

Step 1: Uncertainty Calculation. For sample x
(m)
i , we calculate its uncertainty u

(m)
i as the nor-

malized entropy of its prediction probability distribution p
(m)
i = Softmax(z(m)

i ):

u
(m)
i =

H(p
(m)
i )

log(K)
= − 1

log(K)

K∑
k=1

p
(m)
i,k log(p

(m)
i,k ), (6)

where the normalization factor log(K) scales u(m)
i to the range [0, 1], thus making it independent of

the number of classes.

Step 2: Weight Calculation. We define the prediction confidence as c
(m)
i = 1 − u

(m)
i , which is

then used to compute the modulation weight w(m) for the gradient magnitude of g(m):

w(m) =
1

N ′

N ′∑
i=1

exp(c
(m)
i /T )∑2

m=1 exp(c
(m)
i /T )

, (7)

where N ′ is the total number of samples in one minibatch; temperature T (set to 1 in all experiments)
controls the sharpness of the weighting.

Step 3: Gradient Magnitude Scaling. The original gradient for each modality g(m) is scaled by
its corresponding weight as:

g(m)′ = w(m) · g(m). (8)

Although the discussions above focus on classification, the proposed method can be extended to
other tasks such as regression (experiment in Table 4) as long as a type of uncertainty estimation for
prediction can be provided.
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3.4 GRADIENT ORTHOGONALIZATION (GO) COMPONENT

After re-weighting by AL, the GO component is applied to mitigate the modality conflict caused by
opposing gradient directions across different g(m)′ for higher compatibility among {f (m)}Mm=1. As
shown in Figure 1 with two modalities as example, when the angle between g(1)′ and g(2)′ exceeds
90◦, GO removes their opposing components. Specifically, if treating g(2)′ as the reference gradient,
we compute the component of g(1)′ that opposes the direction of g(2)′ as lg(1)−>(2) , which is then
removed from g(1)′ as:

g(1)′′ = g(1)′ − lg(1)−>(2) ; lg(1)−>(2) = (g(1)′ · g(2)′)
g(2)′

∥g(2)′∥2 + ϵ
, (9)

where ϵ is a small constant for numerical stability. Similar, if treating g(1)′ as the reference gradient,
we can get:

g(2)′′ = g(2)′ − lg(2)−>(1) ; lg(2)−>(1) = (g(1)′ · g(2)′)
g(1)′

∥g(1)′∥2 + ϵ
. (10)

In practice, the above two projections are applied iteratively and mutually for all conflicting pairs
within a batch.

Finally, after AL and GO, we obtain the magnitude-direction-modified gradient g(1)′′ and g(2)′′

with both strong within-modality representations and high cross-modality compatibility. Then, any
gradient-based optimized algorithm can be used to update the unimodal encoder E(m). GOAL is a
plug-and-play module for any gradient-based optimization algorithm. In Algorithm 1, we provide
the complete training loop with GOAL, where prediction and loss can be replaced according to
different tasks. In Appendix 2, a Pytorch pseudo code of GOAL is provided for easy use.

Algorithm 1 Optimization of “multi-encoder” architecture for multimodal classification with GOAL

1. Input: Get minibatch data D.
2. Forward: Obtain modal-specific features f (m) and fused features ffus by Eq. 1 and 2.
3. Prediction: Obtain modal-specific logits z(m) and fused logits zfus by Eq. 2 and 3.
4. Loss: Calculate loss Ltotal with two components Lmm and Ls by Eq. 4
5. Backward: Calculate gradients by Eq. 5.
6. Gradient modification by GOAL.
7. Update: Update all parameters by any SGD-like algorithms.

4 EXPERIMENTS

The experimental evaluation is designed to assess the efficacy and generalizability of our proposed
GOAL module by answering the following three questions. i) Section 4.2: Does GOAL consistently
outperform existing state-of-the-art methods on a diverse range of multimodal classification bench-
mark as previous related works do. ii) Section 4.3: Are both the AL and GO components indispens-
able to performance improvement, and do they exhibit a synergistic relationship? iii) Section 4.4:
How about the generalizability of GOAL across different feature encoder backbone, different mul-
timodal tasks, and more complex data?

4.1 EXPERIMENTAL SETTINGS

4.1.1 DATASETS AND BASELINES

Following previous works, we first evaluate on three standard Audio-Visual benchmarks known for
exhibiting modal imbalance. We further conduct experiments on another three Audio-Visual-Textual
tri-modal datasets, and one Visual-Textual dataset to verify the generalization of our method.

Audio-Visual Datasets. i) CREMA-D (Cao et al., 2014) is an audio-visual emotion recognition
dataset consisting of 7,442 clips with facial and vocal emotional expressions, annotated into 6 emo-
tions (e.g., happy, anger). Its key characteristic is the dominance of the audio modality, where vocal

6



324
325
326
327
328
329
330
331
332
333
334
335
336
337
338
339
340
341
342
343
344
345
346
347
348
349
350
351
352
353
354
355
356
357
358
359
360
361
362
363
364
365
366
367
368
369
370
371
372
373
374
375
376
377

Under review as a conference paper at ICLR 2026

cues often outperform visual features in predicting emotional states, leading to inherent modal im-
balance. ii) Kinetics-Sounds (KS) (Arandjelovic & Zisserman, 2017) is a large-scale audio-visual
video event classification dataset containing 31 human action classes for scalability testing. iii)
Audio-Visual Event(AVE) (Tian et al., 2018) focuses on audio-visual event localization in uncon-
strained videos. It contains 4,143 10-second videos from YouTube, covering 28 event categories.

Audio-Visual-Text Datasets. i) CMU-MOSI (Zadeh et al., 2016) is a seminal dataset for multi-
modal sentiment analysis, featuring 2,199 opinion video clips from YouTube annotated for sentiment
intensity. ii) MELD (Poria et al., 2018) is a large-scale, multi-party conversational emotion recog-
nition dataset with over 13,000 utterances from the Friends TV series. It requires understanding
context from three modalities within a dynamic, conversational setting, presenting a complex fusion
challenge. iii) IEMOCAP (Busso et al., 2008), is a multimodal benchmark for emotion recognition,
which includes interactions between ten actors. It contains approximately 12 hours of audiovisual
recordings annotated with categorical emotions such as happiness, sadness, anger, and neutrality.

Image-Text Dataset. i) Hateful Memes (Kiela et al., 2020) is developed for multimodal hate speech
detection. This dataset includes more than 10,000 multimodal samples to advance visual-linguistic
classification research, particularly in identifying hateful content combining images and text. ii)
MM-IMDB (Arevalo et al., 2017) is a large-scale dataset for multimodal movie analysis. It inte-
grates visual data from movie posters and textual information from plot summaries.

Baselines. We compare GOAL with 8 SOTA methods: Grad-Blending (Wang et al., 2020),
OGM (Peng et al., 2022), AGM (Li et al., 2023), PMR (Fan et al., 2023), MMPareto (Wei & Hu,
2024), MLA (Zhang et al., 2024), D&R (Wei et al., 2024), and ARL (Wei et al., 2025).

4.1.2 IMPLEMENTATION DETAILS

For fair comparison with baselines, we follow their settings. Specifically, we apply ResNet-18 (He
et al., 2016) as the backbone for audio and visual modality. The audio inputs are processed in the
same way as OGM (Peng et al., 2022). For video inputs, two frames of each clip are sampled
for CREMA-D, CMU-MOSI, MELD and IEMOCAP datasets; three frames for Kinetics-Sounds
and AVE datasets. For textual inputs, we utilize pre-trained BERT (Devlin et al., 2019) to extract
embeddings. We use feature concatenation along the channel dimension for fusion, and apply the
SGD optimizer (Robbins & Monro, 1951) with the momentum value 0.9 with weight decay 1×10−4.
The learning rate is set as 4× 10−4, and the classification Accuracy (Acc) as well as the macro F1-
score (Sokolova & Lapalme, 2009) are used as the evaluation metric. All experiments are performed
on a single NVIDIA GeForce 5090 GPU. In all tables, bold and underline represent the best and the
second best methods, respectively.

Table 1: Performance comparison of different methods on three Audio-Visual benchmarks.

Dataset CREMA-D KS AVE

Methods Acc macro F1 Acc macro F1 Acc macro F1

Audio-only 63.17 63.52 59.29 58.75 59.95 55.90
Visual-only 65.05 64.40 60.69 60.31 32.84 30.29

Concatenation 69.62 70.14 69.88 69.64 65.17 60.87
Grad-Blending (CVPR2020) 71.51 71.99 70.37 69.86 65.92 61.66
OGM (CVPR2022) 73.79 73.83 71.21 70.75 64.93 60.95
AGM (ICCV2023) 72.31 72.82 71.10 70.86 66.42 61.62
PMR (CVPR2023) 68.95 69.96 70.16 69.97 65.17 61.34
MMPareto (ICML2024) 74.87 75.57 72.89 72.36 67.41 63.29
MLA (CVPR2024) 75.54 76.36 72.36 71.88 68.66 63.55
D&R (ECCV2024) 75.27 74.85 71.59 70.77 68.16 64.92
ARL (ICCV2025) 76.48 76.84 73.06 72.39 71.02 68.14
GOAL 78.23 78.85 75.37 74.57 72.14 67.39

4.2 COMPARISON WITH SOTA METHODS ON MULTIMODAL CLASSIFICATION TASKS

We comprehensively evaluate the GOAL on three standard audio-visual benchmarks, comparing
it against a naive concatenation baseline and eight SOTA methods designed for imbalanced multi-

7



378
379
380
381
382
383
384
385
386
387
388
389
390
391
392
393
394
395
396
397
398
399
400
401
402
403
404
405
406
407
408
409
410
411
412
413
414
415
416
417
418
419
420
421
422
423
424
425
426
427
428
429
430
431

Under review as a conference paper at ICLR 2026

modal learning. The results are reported in Table 1. Clearly, GOAL consistently achieves the best
performance in both accuracy and macro F1 (only one second best in macro F1 on AVE). Compared
to the second-best method, GOAL improves the accuracy by 1.75%, 2.31%, 1.12% on CREMA-D,
KS and AVE datasets, respectively. These results demonstrate the effectiveness of GOAL for allevi-
ating imbalanced multimodal learning problems. Further in Fig. 3, we visualize the fused features of
the baseline method and our model via UMAP on the CREMA-D dataset. It can be observed that our
model generates more compact and well-separated clusters than the base concatenation operation,
to yield higher classification performance.

4.3 ABLATION STUDY FOR DIFFERENT COMPONENTS IN GOAL

To measure the contributions of GOAL’s components, AL and GO, we conduct an ablation study
on the CREMA-D dataset, whose results are presented in Table 2. The concatenation without any
additional processing is our baseline method. Obviously, both AL and GO effectively enhance
model performance compared to the baseline. The GO component, however, achieves a more sub-
stantial gain, highlighting the critical importance of resolving gradient direction conflicts. Fur-
thermore, considering the GO component is a plug-and-play module to be incorporated into exist-
ing magnitude-oriented methods, we apply the GO to representative ARL and OGM. As shown in
Fig. 2c, OGM+GO and ARL+GO perform much better than the original OGM and ARL, respec-
tively. These results indicate that it is important to introduce a method for alleviating the gradient
direction conflict between different modalities. Besides, the full GOAL model outperforms both
AL-only and GO-only, demonstrating a synergistic relationship between AL and GO.

Table 2: The effects of various com-
ponents of GOAL on the CREMA-D
dataset.

Method Component CREMA-D
AL GO Acc macro F1

Concat 69.62 70.14
✓ 75.13 75.35

✓ 76.75 77.33
GOAL ✓ ✓ 78.23 78.85

(a) Baseline (b) GOAL.

Figure 3: Distribution of fused feature colored by
different classes on the CREMA-D dataset.

4.4 GENERALIZATION VALIDATION

4.4.1 DIFFERENT FEATURE ENCODER BACKBONES

To demonstrate that our proposed model is an architecture-agnostic optimization module, we replace
the ResNet-18 with another CNN backbone, ConvNeXt (Liu et al., 2022), and also the Transformer
backbone. Specifically, we apply ConvNext-B with 89M parameters and ViT-B/32 (Dosovitskiy
et al., 2020) with 87M parameters on CREMA-D, Kinetics Sounds and AVE datasets.

The accuracy results are reported in Table 5, where “ConvNeXt” and “ViT” denote naive feature
concatenation without any processing while “ConvNeXt†” and “ViT†” represent original methods
with gradient modulation by GOAL. The results show that GOAL can also get performance improve-
ments when applied to different baselines. GOAL’s generalizability stems from its parameter-free
design, which leverages the universal backpropagation process by operating directly on gradients,
making it inherently generalizable across diverse deep neural network architectures.

4.4.2 MORE COMPLEX DATASET IN MULTIMODAL CLASSIFICATION TASK

To demonstrate the broader applicability of GOAL beyond the above audio-visual tasks commonly
addressed in prior works, we evaluate it on more complex and diverse scenarios. Specifically, we
conduct experiments on two tasks: a tri-modal classification tasks including audio, vision, and text; a
challenging visual-text classification task. For a fair comparison, we reproduce the baseline methods
with their original settings from official public codes. Table 3 exhibits the detailed results, where
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we also report the accuracy and macro F1 of different methods. Clearly, even in more complex
tri-modality cases, our proposed method achieves the SOTA performance.

Table 3: Comparison of different methods on Audio-Visual-Text and Image-Text datasets. The “*”
means we extend the original method to a trimodal version.

Dataset CMU-MOSI
(Audio/Visual/Text)

MELD
(Audio/Visual/Text)

IEMOCAP
(Audio/Visual/Text)

Hateful Memes
(Image/Text)

Methods Acc macro F1 Acc Macro F1 Acc macro F1 Acc macro F1

Audio-only 75.95 55.47 66.13 63.44 65.25 65.73 - -
Visual/Image-only 73.47 50.23 64.95 62.74 64.33 65.60 56.50 45.70

Text-only 76.53 54.06 67.55 64.24 66.45 67.04 57.85 49.16

Concatenation 78.43 56.82 68.58 64.92 68.94 69.19 60.20 56.87
Grad-Blending 79.74 57.32 69.46 67.22 70.05 70.75 60.65 56.59

OGM∗ 81.05 57.59 70.34 67.80 71.43 71.90 61.30 58.56
AGM∗ 80.17 58.15 70.65 67.08 71.61 72.41 61.80 58.66
PMR∗ 79.45 57.53 68.35 65.82 69.68 70.41 60.35 57.25

MMPareto∗ 81.34 57.16 70.46 67.53 71.89 72.38 61.85 57.95
D&R∗ 80.61 56.63 71.07 67.93 70.88 71.64 61.35 54.60
ARL∗ 80.90 56.88 70.77 67.84 71.24 71.57 61.60 59.08

GOAL 81.78 58.32 71.23 68.22 72.90 73.61 62.30 60.51

Table 4: Performance comparison on two re-
gression datasets in terms of MAE (↓). The “*”
means the version we modified for this task.

Dataset MM-IMDB CMU-MOSI

Methods MAE MAE

Baseline 0.7145 0.7708
MMPareto* 0.6978 0.7562

ARL* 0.7037 0.7521
GOAL 0.6854 0.7412

Table 5: Performance comparison using differ-
ent backbones. “†” denotes the baseline back-
bones with GOAL.

Dataset CREMA-D KS AVE

Methods Acc Acc Acc

ViT 70.83 82.49 85.82
ViT† 72.45 83.51 87.06

ConvNeXt 74.46 84.98 86.32
ConvNeXt† 76.88 86.72 88.06

4.4.3 REGRESSION TASK

To demonstrate that our method is not limited to classification tasks, we validate on multimodal re-
gression tasks. Specifically, we perform a regression task of predicting movie ratings on a image-text
dataset MM-IMDB (Arevalo et al., 2017), and a regression task of predicting sentiment scores on a
trimodal dataset CMU-MOSI (Zadeh et al., 2016). We adopted Mean Absolute Error (MAE) (Will-
mott & Matsuura, 2005) as our evaluation metric. The model was trained using Mean Squared Error
loss (Ruppert, 2004) and Negative Log Likelihood Loss (Seitzer et al., 2022). More details are
shown in Appendix A.4. The results are shown in Table 4. It can be seen that after applying the
GOAL method, the prediction error of the model is further reduced compared to the baseline.

5 CONCLUSION AND FUTURE WORK

In this work, we propose to address the imbalanced multimodal learning problem via i) within-
modality representation enhancement and ii) cross-modality incompatibility elimination, where re-
cent papers primarily concentrate on the former issue. Specifically, we introduce a parameter-free
gradient modification framework named GOAL in this paper, comprising the Adaptive Leverag-
ing (AL) part and the Gradient Orthogonalization (GO) part. Among these, AL is responsible for
gradient magnitude adjustment according to modality uncertainties, while GO encourages different
features of different modalities to be compatible through the conflicting gradient projection. Com-
prehensive experiments beyond the standard audio-textual benchmarks validate the robustness and
efficiency of GOAL, and we also evaluate GOAL as a plug-and-play module. In the future, GOAL is
expected to support more general multimodal learning, such as “joint-encoder” architecture, model
pretraining, and different tasks.

9
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A APPENDIX

A.1 PSEUDOCODE OF GOAL IN A PYTORCH-LIKE STYLE

Algorithm 2 Pseudocode of GOAL in a PyTorch-like style

def GOAL(g, z, T=1.0, eps=1e-8):
# z: modality-specific logits (B x M x K)
# B: batch size
# M: number of modalities
# K: number of classes

p = softmax(z, dim=2) # (B x M x K)
log_p = log(p) # (B x M x K)
H = -sum(p * log_p, dim=2) # (B x M)
u = H / log(K) # (B x M)
c = 1 - u # (B x M)
exp_c = exp(c / T) # (B x M)
denom = sum(exp_c, dim=1, keepdim=True) # (B x 1)
weights_per_sample = exp_c / denom # (B x M)
w = mean(weights_per_sample, dim=0) # (M)

leveraged_gradients = [w[m] * g[m] for m in range(M)]

final_gradients = leveraged_gradients.clone()

for i in range(M):
for j in range(M):

if j == i:
continue

dot = final_gradients[i] @ leveraged_gradients[j]
if dot < 0:

norm_sq = (leveraged_gradients[j] @ leveraged_gradients[j]) + eps
proj = (dot / norm_sq) * leveraged_gradients[j]
final_gradients[i] = final_gradients[i] - proj

return final_gradients

A.2 TRAINING PIPELINE

Algorithm 3 Pseudocode of Training Loop with GOAL in a PyTorch-like style

for epoch in range(total_epochs):
for minibatch_x, minibatch_y in dataloader:

f, f_fus = Encoder_and_Fusion(minibatch_x)
z, z_fus = classifier(f, f_fus)
L_total = loss(minibatch_y, z, z_fus)
g, G = L_total.backward()
g_new = GOAL(g, z_fus)
Theta = SGD_like_algorithm(g_new, G, Theta)

A.3 PROOF OF THE EQUIVALENCE OF SHANNON ENTROPY AND TOTAL VARIANCE AS
UNCERTAINTY PROXIES

In this section, we provide a rigorous mathematical justification for using Shannon entropy as a
proxy for the prediction variance of a categorical output distribution. We first establish a formal def-
inition for categorical variance and then demonstrate its local and global equivalence with Shannon
entropy.
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For a K-class classification task, the model output is a probability vector p = (p1, . . . , pK) defining
a categorical distribution. To define variance, we use the one-hot vector representation, where a
prediction of class k corresponds to the basis vector ek ∈ RK . The expectation of this random
vector is E[Z] = p. The variance is captured by the K × K covariance matrix Σ = E[(Z −
E[Z])(Z − E[Z])T ], which can be shown to be Σ = diag(p)− ppT .

To obtain a scalar measure of dispersion, we use the Total Variance, defined as the trace of the
covariance matrix, VarT (p) = Tr(Σ).

VarT (p) =
K∑

k=1

Σkk =

K∑
k=1

pk(1− pk) = 1−
K∑

k=1

p2k

This quantity is equivalent to the Gini impurity and represents the probability that two indepen-
dent samples from the distribution p belong to different categories. It provides a principled, scalar
measure of prediction variance.

We demonstrate a local equivalence between Shannon entropy, H(p) = −
∑

pk log pk, and
total variance, VarT (p), by analyzing their behavior around the uniform distribution u =
(1/K, . . . , 1/K), which is the point of maximum uncertainty.

A second-order Taylor expansion of H(p) around u yields:

H(p) ≈ H(u) + (p− u)T∇H(u) +
1

2
(p− u)T∇2H(u)(p− u)

Evaluating the terms gives H(u) = logK, ∇H(u) = (logK−1) ·1, and ∇2H(u) = −K · I . The
first-order term vanishes because

∑
(pk − uk) = 0. The approximation simplifies to:

H(p) ≈ logK − K

2
∥p− u∥22 =⇒ logK −H(p) ≈ K

2
∥p− u∥22

This shows the reduction in entropy from its maximum is locally proportional to the squared Eu-
clidean distance from the uniform distribution.

By writing p = u + (p − u), we find that
∑

p2k =
∑

(uk + (pk − uk))
2 =

∑
u2
k + ∥p − u∥22 =

1/K + ∥p− u∥22. Therefore:

VarT (u)− VarT (p) =
(

1

K
+ ∥p− u∥22

)
− 1

K
= ∥p− u∥22

Combining these results, we establish a direct, local linear relationship:

logK −H(p) ≈ K

2
(VarT (u)− VarT (p))

This proves that for distributions near uniform, entropy and total variance are tightly coupled, justi-
fying the use of one as a proxy for the other in high-uncertainty regimes.

The relationship holds globally due to a shared fundamental property. A function f(p) is Schur-
concave if for any two probability vectors p, q where q is “more uniform” than p (i.e., p majorizes
q), it holds that f(p) ≤ f(q). This property formalizes the notion of an uncertainty measure.

It is a well-known result that Shannon entropy, H(p), is Schur-concave. We can also show that
Total Variance, VarT (p) = 1 −

∑
p2k, is Schur-concave. The function ϕ(x) = x2 is convex, which

implies that g(p) =
∑

p2k is Schur-convex. Since VarT (p) = 1 − g(p), it follows that VarT (p) is
Schur-concave.

Because both measures are Schur-concave, they are guaranteed to respond monotonically in the
same direction to any change in the uniformity of the prediction distribution. This shared symmetry
provides a robust global justification for the proxy relationship, confirming that they are intrinsically
linked measures of categorical dispersion.
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A.4 DETAILS OF THE REGRESSION TASKS

The MM-IMDb dataset (Arevalo et al., 2017) is designed to promote the development of models that
combine multimodal data types for analysis. It primarily contains data from two modalities: Textual
data: plot summaries and synopses of movies. Image information: movie posters. The metadata of
this dataset contains the category of each movie data and movie rating data (such as 1-10 ratings
from IMDb users) used for regression analysis as shown in Figure 4.

Figure 4: Details of MM-IMDB

The CMU-MOSI dataset (Zadeh et al., 2016) is a landmark benchmark in the fields of sentiment
analysis and multimodal machine learning. It focuses on in-depth sentiment analysis of people’s
expressed opinions across three dimensions: visual, auditory, and linguistic.

The core of the CMU-MOSI dataset is to analyze the emotional intensity of people’s opinions or
comments. It quantifies this intensity. The core label of CMU-MOSI is a continuous value repre-
senting the emotional intensity of the opinion expressed in each video clip. This label is derived
from the combined scoring of multiple human annotators using a professional scale. The score
ranges from -3 (very negative) to +3 (very positive).

A.5 LLM USAGE

We use LLMs to assist in the polishing of a part of the paper.

A.6 COMPARISON OF THE COSINE SIMILARITY

To prove our GOAL can effectively mitigates the modality conflict, we visualize the cosine similarity
between g(1) and g(2) on the CREMA-D dataset. Specifically, Fig. 5 visualizes the histogram of the
cosine similarity between g(1) and g(2) for a baseline method without balancing strategies. We also
visualizes the gradient cosine similarity after using our GOAL method.
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Figure 5: A comparison of the cosine similarity between g(1) and g(2) before and after GOAL.

A.7 THEORETICAL PROOF FOR THE AL MODULE

The derivation reference Wei et al. (2025) here.

We consider two input modalities as m0 and m1. The dataset is denoted as D =
{xm0

i , xm1
i , yi}i=1,2,...,N , where y ∈ {1, 2, . . . ,M}, and M is the number of categories. We use

two encoders φ0(θ0, ·) and φ1(θ1, ·) to extract features . The representation outputs of encoders are
denoted as z0 = ϕ0(θ0, x

m0
i ) and z1 = ϕ1(θ1, x

m1
i ). Here, let ϕf (θf , ·) denotes the fusion module.

W ∈ RM×(d0+d1) and b ∈ RM denote the parameters of the linear classifier. The output of input xi

in a multimodal model can be expressed as follows,

{
f(xi) = Wzf + b

zf = ϕf (θf , z0; z1)

Take the most widely used vanilla fusion method, concatenation as an example, zf = [z0; z1] and
thus f(xi) can be rewritten as follows,

f(xi) = W0 · z0 + b0 +W1 · z1 + b1

Let sm0
i = W0 · z0 + b0, which denotes the logit output of modality m0, and sm1

i = W1 · z1 + b1,
which denotes the logit output of modality m1. As a result, the final output is the summation of
sm0
i and sm1

i . Thus, the gradient is determined by sm0
i and sm1

i and the optimization dependency
coefficient di is defined as follows,

d =
dm0

dm1
=

exp(sm0
i (yi))/

∑M
j=1 exp(s

m0
i (j))

exp(sm1
i (yi))/

∑M
j=1 exp(s

m1
i (j))

Previous work has focused on making d equal to 1, but in [1] it was found that increasing the
gradient of the dominant mode by a factor of 5 actually improves performance. Therefore, the best
optimization dependency coefficient is not 1. And it should satisfy the following formula,{

minw0,w1 g = 1
N

∑i=N
i=1 L(f(xi), yi)

f(xi) = w0s
m0
i + w1s

m1
i

where w0 > 0 and w1 > 0 denotes the contribution of modality m0 and m1, respectively, and w0 +
w1 = 1. L(.) measures the generalization error from prediction and groundtruth. For simplification,
we define E [f(x)] = 1

N

∑i=N
i=1 f(xi). According to the bias-variance decomposition, the error

between prediction and groundtruth can be rewritten as follows,
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
g = (Bias(f(x), y))2 + V ar(f(x)) + V ar(ϵ)

Bias(f(x), y) = E [f(x)− y]

V ar(f(x)) = E
[
f(x)2

]
− E [f(x)]

2

where Bias(f(x), y) is the bias of prediction, which measures the error of the prediction. Var(f(x))
is the variance of f(x), which measures the uncertainty of the prediction, Var(ϵ) is the irreducible
error in the dataset and cannot be reduced by any model. We need to minimize Bias(.)2 is to
minimize Bias(sm0 , y) and Bias(sm1 , y) and Var(f(x)).

For the term of Var(f(x)), we can convert it as follows,

Var(f(x)) = w2
0Var(sm0) + w2

1Var(sm1)

Then, with the constraint w0 + w1 = 1, we get the solution of w0 and w1 as follows,{
w0 = Var(sm1 )

Var(sm1 )+Var(sm0 )

w1 = Var(sm0 )
Var(sm1 )+Var(sm0 )

Here, we can get the relationship between w0

w1
and Var(sm0) as well as Var(sm1) as follows,

w0

w1
=

1
Var(sm0 )

1
Var(sm1 )

In other words, to minimize the Var(f(x)) of multimodal models, we should enable the modality
with a lower variance to have a larger contribution to model optimization.

A.8 ADDITIONAL INFORMATION FOR TABLE 3

Table 6: Additional information for Table 3. The “*” means we extend the original method to a
trimodal version.

Dataset CMU-MOSI
(Audio/Visual/Text)

MELD
(Audio/Visual/Text)

IEMOCAP
(Audio/Visual/Text)

Hateful Memes
(Image/Text)

Methods Acc macro F1 Acc Macro F1 Acc macro F1 Acc macro F1

Audio-only 75.95 55.47 66.13 63.44 65.25 65.73 - -
Visual/Image-only 73.47 50.23 64.95 62.74 64.33 65.60 56.50 45.70

Text-only 76.53 54.06 67.55 64.24 66.45 67.04 57.85 49.16

Concatenation 78.43 56.82 68.58 64.92 68.94 69.19 60.20 56.87
Grad-Blending 79.74 57.32 69.46 67.22 70.05 70.75 60.65 56.59

OGM∗ 81.05 57.59 70.34 67.80 71.43 71.90 61.30 58.56
AGM∗ 80.17 58.15 70.65 67.08 71.61 72.41 61.80 58.66
PMR∗ 79.45 57.53 68.35 65.82 69.68 70.41 60.35 57.25

MMPareto∗ 81.34 57.16 70.46 67.53 71.89 72.38 61.85 57.95
D&R∗ 80.61 56.63 71.07 67.93 70.88 71.64 61.35 54.60
ARL∗ 80.90 56.88 70.77 67.84 71.24 71.57 61.60 59.08

GOAL 81.78 58.32 71.23 68.22 72.90 73.61 62.30 60.51

A.9 PROOF OF THE ORTHOGONALITY OF EQU 9-10

Take Eq.9 as an example. We can prove it by showing that the dot product of g(1)
′′

and g(2)
′

is zero.

Proof:

1. Compute the dot product: g(1)
′′ · g(2)′

2. Substitute the definition of g(1)
′′

:

=
(
g(1)

′
− lg(1)→(2)

)
· g(2)

′
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3. Expand the dot product:

=
(
g(1)

′
· g(2)

′
)
−
(
lg(1)→(2) · g(2)

′
)

4. Substitute the definition of lg(1)→(2) (for clarity, ignore ϵ):

=
(
g(1)

′
· g(2)

′
)
−

((
g(1)

′ · g(2)′

∥g(2)′∥2
g(2)

′

)
· g(2)

′

)
5. The term inside the parentheses is a scalar, so we can regroup:

=
(
g(1)

′
· g(2)

′
)
−

(
g(1)

′ · g(2)′

∥g(2)′∥2

)(
g(2)

′
· g(2)

′
)

6. By definition,
(
g(2)

′ · g(2)′
)
= ∥g(2)′∥2.

7. The numerator and denominator cancel out:

=
(
g(1)

′
· g(2)

′
)
−
(
g(1)

′
· g(2)

′
)
= 0

By mathematical construction, the updated gradient g(1)
′′

is necessarily orthogonal to g(2)
′
. This op-

eration removes the conflicting component by subtracting the projection of g(1)
′

onto g(2)
′
, leaving

only orthogonal (neutral) or synergistic (co-directional) components.

A.10 THE EFFECT OF DIFFERENT VALUES OF T ON THE RESULTS IN EQU 7

Table 7: Accuracy with different T values.

CREMA-D KS AVE

T Acc T Acc T Acc

0.2 76.08 0.2 74.35 0.2 70.15
0.4 77.96 0.4 74.49 0.4 71.23
0.6 77.42 0.6 74.63 0.6 70.23
0.8 77.82 0.8 74.91 0.8 71.98
1.0 78.23 1.0 75.37 1.0 72.14

A.11 COMPUTATION TIME AND MEMORY CONSUMPTION ANALYSIS

Table 8: Computation time and memory consumption analysis for per sample.

Dataset CREMA-D KS AVE

Methods Base GOAL Base GOAL Base GOAL

Average training time per sample (ms) 15.67 17.41 19.68 20.47 21.72 23.28
Average training time per epoch (min) 1.73 1.93 7.60 7.28 1.22 1.30

GPU usage (MiB) 1089 1089 1093 1093 1093 1093

A.12 ANALYSIS OF RELEVANT INDICATORS FOR TSNE

The feature visualization in Figure 3 is not particularly clear visually, so we need to analyze the
relevant clustering metrics.

Four classic clustering evaluation metrics are used to verify the optimization effect of the GOAL
module: silhouette score (measures intra-cluster compactness and inter-cluster separation, closer
to 1 is better), davies bouldin index (evaluates clustering discrimination, smaller value is better),
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normalized mutual info (quantifies consistency between clustering and true labels, closer to 1 is
better), and adjusted rand index (measures similarity between clustering and true categories, closer
to 1 is better). Experimental results show that the GOAL module significantly outperforms the Base
model on all metrics: the silhouette score nearly doubles, the davies bouldin index decreases by 25%,
and the normalized mutual info and adjusted rand index increase 18% and 23%. This is attributed
to the Adaptive Leveraging mechanism and Gradient Orthogonalization, which effectively enhance
feature discriminability and eliminate modal conflicts.

Table 9: Analysis of relevant indicators.

Metrics/Methods Base GOAL

Silhouette score(↑) 0.074 0.131
Davies bouldin index (↓) 2.566 1.910

Normalized mutual info (↑) 0.457 0.939
Adjusted rand index (↑) 0.403 0.498

Figure 6: Distribution of fused feature colored by different classes on the CREMA-D dataset by
Tsne.

A.13 TRACING THE WEIGHTS OF GRADIENTS

Figure 7: Tracing the weights of gradients

A.14 THE INDIRECT EFFECT OF GOAL ON GRADIENTS

According to our article, the GO and AL module only modifies the gradient g generated by the
multimodal loss, and does not modify the G generated by the unimodal loss. However, at time t, the
GOAL module will not affect G, but we can consider whether it has an effect at time t+ 1. In fact,
the GOAL module actually has an indirect effect on G, as demonstrated below.
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Let θt ∈ Rd denote the model parameters at the t− th iteration. In a multi-encoder architecture, the
total loss function Ltotal consists of two parts:

Ltotal(θ) = Lmm(θ) + Ls(θ)

Where Lmm(θ) is the loss of the multimodal task. Ls(θ) =
∑M

m=1 L(m)(θ) is the sum of the losses
of all unimodal tasks.

Define the original gradient vectors at time t : Multimodal gradient: gt = ∇θLmm(θt), Unimodal
gradient: Gt = ∇θLs(θt).

In standard Stochastic Gradient Descent (SGD), parameter updates follow the linear superposition
of gradients. Let the learning rate be η, then the update rule of the Baseline method is:

θbase
t+1 = θt − η(gt +Gt)

The GOAL framework introduces a nonlinear gradient correction operator Φ(·), which acts only on
the multimodal gradient gt. GOAL generates the corrected gradient g̃t via the AL and GO modules:

g̃t = ΦGOAL(gt,Dt) = GO(AL(gt))

Thus, the parameter update rule under the GOAL framework becomes:

θgoalt+1 = θt − η(g̃t +Gt)

Let ∆vt be the ”correction vector” applied by the GOAL algorithm (relative to the Baseline algo-
rithm) to the multimodal gradient at time t:

∆vt = g̃t − gt

This leads to the difference in parameter updates:

∆θt+1 = θgoalt+1 − θbaset+1 = [θt − η(g̃t+Gt)]− [θt − η(gt +Gt)]

∆θt+1 = −η(g̃t − gt) = −η∆vt

This indicates that GOAL causes the parameters to move in the direction of −∆vt by a step size
proportional to the learning rate.

We aim to examine the difference in the gradient of the unimodal loss function Ls at time t + 1.
Hessian matrix at θt of Ls is:

∇Ls(θt + δ) ≈ ∇Ls(θt) +Hs(θt)δ +O(|δ|2)

We calculate the approximate single-modal gradients of the Baseline and GOAL at time t + 1 re-
spectively:

1.Baseline Case: The update step size is: δbase = −η(gt+Gt), and Gbase
t+1 ≈ Gt+Hs(θt)[−η(gt+

Gt)].

2.GOAL Case: The update step size is: δgoal = −η(g̃t +Gt), and Ggoal
t+1 ≈ Gt +Hs(θt)[−η(g̃t +

Gt)].

Now, we calculate the difference between them, and the result is the indirect influence ∆Gindirect of
the GOAL module on the single-modal gradient:

∆Gindirect = Ggoal
t+1 −Gbase

t+1

∆Gindirect ≈ Gt − ηHs(θt)(g̃t +Gt)−Gt − ηHs(θt)(gt +Gt)
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∆Gindirect ≈ −ηHs(θt)g̃t + ηHs(θt)gt

∆Gindirect ≈ −ηHs(θt)(g̃t − gt)

Substitute ∆vt = g̃t − gt, we obtain the final proof conclusion:

∆Gindirect ≈ −ηHs(θt)∆vt

From the above proof, we can see that the effect of GOAL on G occurs at time t + 1. Therefore,
GOAL co-influences both g and G.

A.15 A PRELIMINARY STUDY ON THE INFLUENCE OF GOAL ON g AND G

Figure 8: The final model used to compute the loss and the corresponding gradients g and G on the
training set, and to check for any conflicts.

To verify whether GOAL effectively mitigates conflicts between g and G, we computed the gradients
and their cosine similarities across the entire training set using both the baseline model and the
model trained with GOAL. As illustrated in Figure 8 (taking the visual modality as a representative
example), the gradients g and G in the GOAL-trained model exhibit a high degree of alignment,
demonstrating that our method naturally resolves optimization conflicts.

A.16 COMPARISON OF CONVERGENCE SPEED BETWEEN GOAL AND BASELINE METHODS
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Figure 9: Comparison of convergence speed between GOAL and baseline methods
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