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B Visual Question Answering (VQA) has emerged as a challenging
task that blends computer vision and natural language processing

to provide answers to natural language questions about images.

B Networks still suffer from language bias, where the model learns
spurious correlations between questions and answers. This bias
occurs when models overly rely on common patterns in questions

and answers, neglecting crucial visual information.
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(a) The gradient norms across modalities differ considerably, reflecting an imbalance in how learning signals are
propagated. (b) This imbalance leads to modality-specific optimization deviations, where the question modality of
baseline disproportionately accumulates gradient updates, thereby amplifying its influence. (¢) As a result, the fused
representation becomes skewed, with question features occupying a dominant share of the multimodal space and
suppressing contributions from visual features. (d) Furthermore, the classifier weights reveal directional bias: the
singular value spectrum is highly uneven, suggesting that the model primarily aligns with directions that capture biased
cues while overlooking secondary directions that encode meaningful information.

In this work, we conduct a comprehensive investigation into bias formation. First, we identify a modality gradient 4
optimization deviation (see Fig.1(b)), where the image modality is under-optimized and the question modality is over-
optimized. Second, we observe a feature fusion component deviation (see Fig.1(c)), in which question features dominate

the joint representation and image features are marginalized. These phenomena culminate in directional deviation of the
classifier weights (see Fig.1(d)), amplifying primary (question-driven) directions and attenuating secondary (vision-
driven) axes.
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Our MAM mechanism aims to address the challenge

of chaotic class boundaries posed by imbalanced data.

By considering answer frequency and evaluating

instance difficulty from coarse-grained and fine-

grained perspectives, MAM enhances intra-class

compactness and inter-class separation, thus refining

a discriminative and robust feature space.

Specifically, MAM integrates three components:

frequency-aware, confidence-aware, and difficulty-

aware margins.
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Sample difficulty significantly affects the discriminative decision
margin and class separability. A simple yet effective measure of
difficulty is the prediction logits. We incorporate auxiliary
branches dedicated solely to the question and image modalities.
These branches promote multimodal integration by deliberately
introducing controlled modality bias. This strategy not only boosts
ID performance but also prevents excessive bias correction.

m%ﬁ];n + 91 _______ . —Limam  We introduce a question-only branch and an image-only branch:
ik : Minority
* Majorty /7 Clss B fa(@) = cqleq(q)),  fo(v) = culen(v)).

Class A - 7,
R ra .
.~

Recognizing the challenges of imbalanced multimodal learning, we
leverage the posterior distributions as the weights for unimodal logits:

b b
s, = softmax(W, - e,(q) + 5)[gﬂ, s, = softmax(W, - e,(v) + 5)[gt],

The weighted hybrid confidence and confidence-aware margins are formulated as follows:

spef4+sq-fqg+ 50 fo
m — ) 'conf — ¥ ftme m ;
f ST gy = softma(fn /1),




K '\-:é.'.-\&, ° °
}i’mNEUR;’-\LINFORMATION Blomedlcal

%:%;PROCESSINGSYSTEMS & AI Group I

1.Multi-Grained Adaptive Margins

Frequency-based
Margins
Majority Class

Although logits can simply and intuitively reflect sample difficulty,
__ Minority Class their static nature limits the fine-grained mining of intrinsic
Answer Class Index sample difficulty and makes it difficult to modulate stubborn

Kouanbaig

Gaussian e decision boundaries. We develop a fine-grained difficulty model
Noise ‘ 5= mli] +86, ey that eYaluates inst?tnce difficulty frqm two perspectives: a)
Confidence-based margin o MAM Learning Rate: akin to human learning, where easy samples are
Margins Y ol ; Minority learned quickly, and b) Classification Margins: reflecting relative
Prediction Distribution confidence, where smaller margins indicate closer proximity to the
oo ’F_' E; decision boundary. Specifically, given an instance representation,

\‘ ’,f' "\‘.. b Hard

its difficulty after t iterations is estimated as:

i

Difficulty-based D a VUit + C n (1 Oz) Mugt +C
- it — T — T o

Margins ’ vl +c ml;+ + ¢
Learning Speed ~ 7 », . ’ _
Pit-1 . Dit W v

learning learning speed classification margins
unlearning
+

Classification Margin

unlearning gt
- A
learning b P




'*-’§.-' %, ° ®
S Biomedical

3* " NEURAL INFORMATION

%:%.PROCESSING SYSTEMS & AI Group I

1.Multi-Grained Adaptive Margins

Frequency-based g. = ;
. i = mli] +6; —
Margins m‘a‘;:g;n e -~ Lmam

Minority

Majority Class
The quantification method for learning rate is as follows:

Kouanbaig

— Minority Class

Answer Class Index
N (@, o)

G aussian%;j\‘
Noise

Confidence-based
Margins
/
(VUi = B -vuie1 + (1= B) - vugy,

1 1
Vit = §KL(Pq:,t—1||Qi,t) + §KL(pi,t|lq$',t):

vljy =B vl + (1 —B) "Ulg,ta

Prediction Distribution
f — Basy C
fq / . t t ; ; .
_ g g . J ] .
“dﬂ“""wm ”m M)lfvmd VU = mm(pi’t —Pit1s 0)v;¢|gt] + E m.‘fm(p,‘i’]t Pit 1 0)vi+[7],
1 b < j=Li#gt
Difficulty-based c . :
- I gt gt : J J 3
LMa_rglsnsd vl = max(p,i,t —Dit1s 0)vi+|gt] + E mm(p,‘i’]t — Dii1s 0)vi+[7],
Pic-1 blppu \ J:]-:Jigt
]earnmE
unlearning
+
Classification Margin
unlearning gt .
10

S
learning b pie




Qs
SR Biomedical

NEURAL INFORMATION

PROCESSING SYSTEMS & AI Group I

"4 Methodology bt

1.Multi-Grained Adaptive Margins

Frequency-based g. = ;

. i = mli] +6; —

Margins m‘a‘;:g;n e -~ Lmam
20 Minority

Majority Class

Kouanbaig

. (,,Minority Class
The quantification method for classification margins is as follows

Answer Class Index
N (@, 0)

Gaussian%g\‘ '
Noise

Confidence-based
Margins
Prediction Distribution ,

mu; s = 3 mui -1+ (1— 6) LML 4,

f — Easy
fq
hdhic R RS S

!
JE\I!

Difficulty-based
Margins

Learning Speed
Pit-1 Pic

leamin&

unlearning
[Ee———

+
Classification Margin

unlearning gt .
4+~ A L L.

J=1...Cj #gt,

t
mie = |Pi s = il

ml; + = 3 - ml” 1+ (1=75)- mlztﬂ

learning b pie




'*-’§.-' %, ° ®
S Biomedical

3* " NEURAL INFORMATION

-};',I%:'.PROCESSINGSYSTEMS & AI Group I

1.Multi-Grained Adaptive Margins

Frequency-based g. = ;

. i = mli] +6; —

Margins m‘a‘;:g;n e -~ Lmam
20 Minority

Majority Class

Kouanbaig

— Minority Class

Answer Class Index

Ultimately, the various margin terms are aggregated in a cohesive

é\. N (@, o)
Gaussian
Noise manner to form the multi-grained adaptive margins:
g P g
Confidence-based
Margins ([ TMMAM = M freg;
Prediction Distribution
o Bas mmam|gt] = (1 — A1) - mmam[gt] + A1 - Meonslgt],
f Y

Hard “q H‘ ”‘ vaard TMMAM [qt] — (1 — )\2) * TNMAM [gf] —|— )\2 . mdiff} CPOCh 2 w,
_.lﬂ'm N[M HTHMW] A . Myam = 1 — mmam,

Difficulty-based
Margins

Learning Speed
Pii-1 Dit

]eaming

unlearning
[Ee———

+
Classification Margin
unlearning gt .
4+~ A L L.
learning .

12



ﬁ M t h d I } ‘.T:IfE.URAL INFORMATION Blomedlcal
e o O Ogy ,.1. .PROCESSING SYSTEMS & AI Gr()up I

We further propose the DCL mechanism that integrates
our instance difficulty model into a supervised
contrastive paradigm, which dynamically emphasizes
hard samples by difficulty-adaptive weighting,
effectively enhancing intra-class compactness and inter-
class separation to form a discriminative feature space.

Lo = o exp(Dpt) exp(x ] p/72)
jEB |51 pEP; ZneN exp(Dn,t) exp(m;r:nn/72)’

13
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Table 1: Accuracy comparisons with other methods on the VQA-CP v2 and VQA-CP vl datasets.

Datasets VQA-CP v2 VQA-CP vl

Methods All Y/N Num Others All Y/N Num Others
UpDn [2] CVPR’18 39.74 4227 11.93 46.05 3796 42779 1241 42.53
RUBI [[7]] NeurIPS’19 47.11 68.65 20.28 43.18 - - - -
LMH [13] EMNLP’19 52.15 7029 44.10 44 .86 55.73 78.59 24.68 45.47

GGE-iter [18] ICCV’21 57.12 8735 26.16 49.77 5982 8552 2893  46.67
AdaVQA [17] IJCATI'21 54.02 70.83 49.00 46.29 6120 91.17 41.34  39.38

COB [21]] WACV’23 57.53 88.36 2881 4927 6098 8741 32.02 46.34
GENB [11] CVPR’23 59.15 88.03 40.05 4925 62.74 86.18 4385 47.03
GGD [19] TPAMI'23  59.37 88.23 3811  49.82 - - - -
CVIV [33] TMM 24 60.08 88.85 40.77  50.30 - - - -

PWVQA [41] TMM 24 59.06 88.26 52.890 4545 - - - -
MMCD Ours 61.34 8893 55.68 4844  63.62 90.72 52.67 41.08

14




Experiments

K ‘\-:é:'-\z, ° °
}i’tT:‘NEUR;’-\LINFORMATION Blomedlcal

';.:i':%‘.PROCESSINGSYSTEMS &AI Gr()un I
h

Table 2: Performance of our approach with different network architectures

Methods All Y/N Num Other Increased 1
SAN 26.88 35.34 11.34 24.70 3394
SAN+MMCD 60.12 86.97 54.62 47.56 '
S-MRL 38.46 42.85 12.81 43.20 9 23
S-MRL+MMCD 60.69 88.40 55.44 47.61 '
LXMERT 48.66 47.49 22.24 56.52 18.29
LXMERT+MMCD 66.95 91.79 63.28 54.39 '

We further evaluate the generalizability and robustness of MMCD across additional architectures, including
SAN, S-MRL, and LXMERT. As shown in Table 2, the MMCD approach consistently outperforms the
corresponding baselines, demonstrating strong adaptability and model-agnostic performance across diverse
network designs. In particular, applying MMCD to LXMERT, a widely adopted vision-language pre-trained
model commonly used in various multimodal downstream tasks, yields a notable 18.29% performance
improvement, further highlighting its effectiveness in enhancing a broad range of model families.

15
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»= In this paper, we investigated the origin of language bias in VQA and elucidated why margin-
based mechanisms effectively mitigate it.

= Building on these insights, we propose MMCD, an adaptive multi-margin framework that
incorporates sample frequency and difficulty to reshape decision boundaries and enhance feature
discrimination via difficulty-aware contrastive learning.

» Extensive experiments confirm the superior robustness of MMCD, with potential implications for

broader challenges such as shortcut learning, long-tail recognition, and class imbalance.
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