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◼ 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.

◼ 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. (c) 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 
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.

(a) (b) (c) (d)



Methodology

5



Methodology

6

1.Multi-Grained Adaptive Margins

◼ 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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1.Multi-Grained Adaptive Margins

Frequency-aware margins impose larger margin penalties on 

minority classes for driving their representations closer to the 

respective class centers and smaller margin penalties on 

majority classes.

Fixed margins fail to adapt to the dynamic inter- and intra-class 

variances in real-world data, thereby impairing the model's 

discriminability and generalization. We incorporate random 

Gaussian noise into frequency-aware margins
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1.Multi-Grained Adaptive Margins 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. 

We introduce a question-only branch and an image-only branch:

Recognizing the challenges of imbalanced multimodal learning, we 

leverage the posterior distributions as the weights for unimodal logits:

The weighted hybrid confidence and confidence-aware margins are formulated as follows:
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1.Multi-Grained Adaptive Margins

Although logits can simply and intuitively reflect sample difficulty, 

their static nature limits the fine-grained mining of intrinsic 

sample difficulty and makes it difficult to modulate stubborn 

decision boundaries. We develop a fine-grained difficulty model 

that evaluates instance difficulty from two perspectives: a) 

Learning Rate: akin to human learning, where easy samples are 

learned quickly, and b) Classification Margins: reflecting relative 

confidence, where smaller margins indicate closer proximity to the 

decision boundary. Specifically, given an instance representation, 

its difficulty after t iterations is estimated as:
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1.Multi-Grained Adaptive Margins

The quantification method for learning rate is as follows:
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1.Multi-Grained Adaptive Margins

The quantification method for classification margins is as follows:
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1.Multi-Grained Adaptive Margins

Ultimately, the various margin terms are aggregated in a cohesive 

manner to form the multi-grained adaptive margins:
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2.Difficulty-aware Contrastive Learning

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.
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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.
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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.



Thank you for your attention!
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