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In Visual Question Answering (VQA), the model’s ability to understand and reason across different
modalities—language, visual, and multimodal—is crucial for accurate predictions. However, recent stud-
ies have identified a significant challenge of language bias in VQA models, where the model’s reasoning
often hinges on incorrect linguistic associations rather than genuine multimodal understanding. To address
this issue, We propose a novel Ensemble Bias Gradient Debiasing Approach (EBGDA) that combines bias
detection with a dynamic forgetting mechanism. Our method utilizes a bias detector to identify and score
biases across linguistic, visual, and multimodal data, enabling the model to focus on unbiased informa-
tion for more accurate predictions. Additionally, inspired by human reasoning, we introduce the Forgotten
Attention Algorithm (FAA), which iteratively “forgets” irrelevant visual content, progressively concentrat-
ing attention on the image regions most relevant to the question. This combination of bias mitigation and
attention focusing enhances the model’s ability to make multimodal inferences, reducing bias and improv-
ing overall performance. Extensive experiments on the VQA-CP v2, VQA v2, VQA-VS, GQA-OOD, and
VQA-CE datasets demonstrate the effectiveness of our approach, showing state-of-the-art performance in
mitigating biases and excelling in complex multimodal scenarios. Our approach achieves a 21.32% im-
provement over UpDn on VQA-CP v2, establishing a new state-of-the-art among methods without data
augmentation.

Povzetek: Članek predlagametodo za VQA, ki z detekcijo pristranosti in dinamičnim pozabljanjem odstran-
juje jezikovno pristranskost ter preusmeri pozornost na relevantne vizualne regije, da izboljša večmodalno
sklepanje.

1 Introduction

In recent years, Visual Question Answering (VQA) has be-
come one of the prominent tasks in the field of deep learning
[1], achieving significant accomplishments in various ap-
plications, such as intelligent service systems [2, 3]. How-
ever, recent research has found that many existing VQA
methods tend to rely on false associations between ques-
tions and answers, without sufficiently extracting accurate
visual information from images to answer questions. For
example, when answering questions “What color?”, some
VQAmodels are inclined to use the most common answers
from training data of that type, like “yellow”, rather than
extracting genuine color information from images. Addi-
tionally, some studies [4, 5] have indicated deficiencies in
the existing methods’ understanding of images, resulting
in answers generated by the model relying on image re-
gions with low relevance to the questions. In other words,

specific methods often provide correct answers based on
incorrect image regions, which does not genuinely reflect
the model’s performance in the question-answering task.
Consequently, the factors affecting the robustness of VQA
models can be summarized into two primary aspects: in-
herent biases in the language distribution of training and
testing datasets, and the improper shortcut biases caused by
the inadequate utilization of visual information [6]. How-
ever, biases in VQA are multifaceted, affecting not only
language but also the improper use of visual information,
resulting in models that often focus on irrelevant regions of
the image. As shown in Fig. 1, when the object elements
in the image are nearly the same, the model during training
will generate the answer “Standing” based on the object and
keyword (“What” and “doing”). However, during testing,
for the same question, the model will generate the incorrect
answer based on similar objects and keywords (the correct
answer is “Jumping”, but the model gives the wrong answer
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Q:What are the animals doing in the picture?


A: Jumping


Q:What are the animals doing in the picture?


A: Standing


Figure 1: An example of multimodal bias: the presence of
visual features related to the dog and horse, along with the
keyword “what” and “doing” in the question, misleads the
model into predicting an incorrect answer. While the cor-
rect action for the second image is “Jumping”, the model in-
correctly predicts “Standing” based on similar objects and
keywords.

“Standing”).
The state-of-the-art and noteworthy methods primarily

revolve around data augmentation techniques and attention-
based approaches. Data augmentation methods [7] aim
to enhance a model’s understanding of critical features
within the data by expanding the dataset with samples,
such as counterfactual instances and additional annotations
[8, 9], which help eliminate biases and enhance robustness
[10, 11] by obtaining more critical sample features and sup-
plementary information. However, it is still of great inter-
est and challenge to remove the language biases in VQA
model without resorting to data augmentation [12]. Regard-
ing attention-based methods [13], the majority currently in-
tegrate these into pre-trainedmodels for efficient feature fu-
sion [13–17], with limited emphasis on fully utilizing visual
information.
We introduce an Ensemble Bias Gradient Debiasing Ap-

proach (EBGDA), which incorporates ensemble learning
to dynamically identify and score different types of biases
in the data. The method applies overfitting techniques to
certain biases to ensure that the main model focuses on
unbiased and relevant information during prediction. Our
bias detector, tailored to the multimodal nature of VQA,
assesses the degree of bias in both linguistic and visual do-
mains, helping the model to adapt its learning process ac-
cordingly.
Additionally, inspired by the idea of iterative human rea-

soning, where we progressively focus on relevant areas of
an image based on the question, we propose a novel ap-
proach called the Forgotten Attention Algorithm (FAA).
This algorithm progressively “forgets” irrelevant image re-
gions after each iteration, allowing the model to concen-
trate on the most relevant visual information for answering
the question. In Fig. 2, it is evident that prominent ob-
jects (i.e., the bench) often dominate the model’s attention,
causing it to overlook the finer image area that is relevant
to the question (i.e., the people). This observation poses a
new challenge: how to focus on the right image area that
is the most relevant to the question. To address this prob-

lem, we are inspired by the process of answering questions
of human beings, where people always gradually reduce the
focus area in the image with the aid of question information
until the final related area is retained. This iterative forget-
ting process helps the model mitigate the impact of biased
associations by focusing on the crucial regions of the image
that relate to the question, improving its reasoning capacity.
To validate the effectiveness of our approach, we con-

ducted extensive experiments on the VQA-CP v2, VQA v2,
VQA-VS, GQA and VQA-VE. The results show that our
method, combining FAA and EBGDA, significantly out-
performs existing models, without relying on additional an-
notations or data augmentation. Our approach effectively
mitigates language and visual biases, enhancing the robust-
ness of VQA models across various challenging scenarios.
The main contributions of this study are summarized as fol-
lows:

(1) Ensemble Bias Gradient Debiasing Approach: We
propose a unifiedmulti-bias debiasing approachwhich
leverages ensemble learning to dynamically identify
and evaluate the impact of linguistic, visual, and mul-
timodal biases. The method selectively overfits to
harmful biases, enabling themainmodel to focusmore
effectively on unbiased and relevant information dur-
ing prediction.

(2) Cognitive-Inspired Attention Mechanism: We pro-
pose a novel Forgotten Attention Algorithm (FAA) in-
spired by human cognitive processes, which progres-
sively refines visual focus by iteratively “forgetting”
irrelevant image regions, thereby enhancing alignment
between question-guided attention and critical visual
content.

(3) Bias Mitigation via Deliberate Forgetting: The FAA
addresses language bias in VQA by systematically
suppressing spurious question-answer correlations
through multi-round attention refinement, forcing the
model to rely on genuine multi-modal reasoning rather
than linguistic shortcuts.

(4) Iterative Attention Refinement for Precision: Un-
like conventional static attention mechanisms, our
FAA dynamically narrows the model’s focus across
successive iterations, ensuring precise localization of
question-relevant visual features while discarding dis-
tracting information.

(5) Extensive Experimental Validation: On VQA-CP v2,
our enhancements in leveraging visual information led
to optimal performance. Notably, without additional
annotations, our approach attained a 21.32% improve-
ment compared to the UpDn baseline model.

To address these challenges, our study focuses on the fol-
lowing research questions: RQ1: Can ensemble gradient
modeling effectively identify and suppress linguistic, vi-
sual, and multimodal biases without relying on data aug-
mentation? RQ2: Can an iterative forgetting mechanism,
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What are the people doing?

Wrong Answer: Sitting

Right Answer: Cycling

Figure 2: Due to the presence of biases, the influence of the size of prominent objects in the image on model reasoning
leads to incorrect answers, while the image regions relevant to the answers often occupy a small portion. FAA achieves
this by masking irrelevant regions in the image, allowing the model to focus on image details for inference.

inspired by human cognition, progressively refine attention
maps to enhance multimodal alignment and reasoning ac-
curacy?

2 Related works

2.1 Visual question answering

The Visual Question Answering (VQA) task requires mod-
els to provide accurate answers to natural language ques-
tions based on visual content. Since its introduction, signif-
icant progress has been made in dataset development and
multimodal fusion techniques. Benchmark datasets such
as VQA v2 [18], GQA [19], and CLEVR [20] have driven
advancements by providing large-scale annotated samples
with balanced linguistic distributions. For more complex
reasoning, OK-VQA [21] focuses on outside-knowledge-
based questions, while VideoQA [22] extends the task to
dynamic video understanding.
Current state-of-the-art approaches primarily adopt

single-stream or dual-stream architectures [23–27]. Single-
stream models (e.g., ViLBERT [24], LXMERT [25]) em-
ploy unified transformers to jointly encode image-text
pairs, enabling deep cross-modal interaction. In contrast,
dual-stream methods (e.g., MCAN [26], UNITER [27])
process visual and linguistic features separately before fu-
sion, often achieving higher precision through modular de-
sign. These models benefit from large-scale pretraining on
datasets like Conceptual Captions [28] or Visual Genome
[29], which enhances their ability to align visual and tex-
tual representations.
However, despite their strong performance, these meth-

ods still face two critical challenges:

(1) Language Bias: Models tend to exploit statistical pri-
ors in training data (e.g., favoring frequent answers
like “yellow” for color questions) rather than ground-
ing responses in visual evidence [30].

(2) Weak Visual Grounding: Attention mechanisms of-
ten focus on salient but irrelevant objects (e.g., a

“bench” dominating attention when the question con-
cerns “people”), leading to incorrect reasoning paths
[11].

Recent work attempts to address these issues through de-
bias strategies (e.g., adversarial learning[31], counterfac-
tual samples [7]) and enhanced atten tion mechanisms (e.g.,
compositional attention [15]).Yet, most methods either rely
on costly data augment tation or fail to fully leverage visual
cues. Such as HINT[32], SCR[33], and GGE-DQ[34] ad-
dress VQA bias from different angles. HINT aligns model
attention with human annotations, but relies on external
supervision. SCR introduces causal regularization to sup-
press language priors, while GGE-DQ uses gradient-based
ensemble training with dual questions, increasing compu-
tational cost. Our work bridges this gap by introducing
a human-inspired iter ative attention refinement approach,
eliminating language biases without external data.

2.2 Mitigate language bias
In recent research, researchers have proposed a range of de-
biasing methods to address language bias concerning exist-
ing defined bias issues. These methods include adversarial-
based techniques [38], regularization approaches [4, 12,
39–41], and data augmentation strategies. Our approach
focuses on addressing bias issues from the perspective of
the visual modality.
The pervasive issue of language bias in VQA systems has

been extensively documented in recent literature [4, 12].
These biases manifest when models exploit statistical reg-
ularities in question-answer pairings while neglecting gen-
uine visual evidence, leading to compromised generaliza-
tion capabilities, particularly on out-of-distribution datasets
like VQA-CP [7]. Existing methodologies for mitigat-
ing language bias can be categorized into three primary
paradigms:

(1) Adversarial-based Techniques: Methods such as [38]
employ gradient reversal layers or auxiliary adversar-
ial networks to explicitly disentangle language priors
from visual reasoning pathways. While effective in
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Table 1: Comparison of methods on VQA-CP v2 dataset

Method Type External Data/
Augmentation

VQA-CP v2
Acc(%) Notes

RUBi [35] Adversarial No 44.23 Learns bias via gradient reversal
LMH [36] Ensemble + Heur. No 52.01 Uses language prior estimation
CSS [7] Augmentation Yes 58.95 Generates counterfactual samples
CF-VQA [37] Regularization No 53.55 Uses bias-weighted contrastive loss
GGE [30] Gradient-based No 57.32 Trains bias expert model
D-VQA [11] Feature-level Aug Yes 61.91 Debiasing in feature and sample space
Ours Gradient + FAA No 62.78 No extra annotation, no augmentation

theory, these approaches often face optimization chal-
lenges, as noted in [42], where the adversarial training
dynamics can inadvertently suppress semantically rel-
evant linguistic patterns along with harmful biases.

(2) Regularization Approaches: Recent advances in
regularization-based debiasing employ specialized
loss functions to mitigate language prior overfitting
while preserving model generalizability. Representa-
tive approaches include: a question-only branch with
entropy maximization to discourage shortcut learn-
ing [4], attention divergence constraints to ensure vi-
sual grounding [40], and a contrastive learning frame-
work to distinguish between vision-relevant and bias-
driven features [41]. These approaches demonstrate
that structured regularization can effectively reduce
linguistic bias without compromising model capacity,
offering computationally efficient alternatives to ad-
versarial training or data augmentation.

(3) Data Augmentation Strategies: Techniques like [7, 11,
43] generate counterfactual samples or synthetic QA
pairs to break spurious correlations. The VQA-CP
dataset [7] represents a notable example of this ap-
proach through systematic answer distribution inver-
sion. However, such methods may introduce new bi-
ases during synthetic data generation while incurring
significant annotation costs[43].

2.3 Attention mechanism

In the context of Visual Question Answering (VQA), at-
tention mechanisms are employed to integrate information
from different modalities [13], allowing models to focus
on the most relevant regions between images and texts.
Presently, attention-based methodologies include linear at-
tention [44], co-attention [16], detection attention [13], and
relational attention [45]. Consequently, in our approach, we
explore the integration of attention mechanisms into debi-
asing methods in VQA, strengthening the model’s retrieval
capabilities between images and questions. Leveraging at-
tention mechanisms enhances the role of visual informa-
tion, ultimately aiding in debiasing strategies.

2.4 Summarize
To provide a clearer comparison, we summarize represen-
tative debiasing methods in Table 1, categorized by their
core technique, reliance on external data, and performance
on VQA-CP v2. This table highlights the novelty and ad-
vantage of our method in balancing performance and data
efficiency. To provide a clearer comparison, we summarize
representative debiasingmethods in Table 1, categorized by
their core technique, reliance on external data, and perfor-
mance on VQA-CP v2. This table highlights the novelty
and advantage of our method in balancing performance and
data efficiency.

3 Method
We describe the architecture and algorithmic flow of FAA.
As shown in Fig. 3, the left side illustrates the primary
structure of the UpDn baseline model [13], responsible for
extracting visual-language features. On the right side, there
are stacked Attention_Layers that iteratively mask irrel-
evant features and make answer predictions.

3.1 Visual information combination
On the left side of Fig. 3, we utilize the UpDn encoding
layer to extract features. For a given text, the UpDn lever-
ages a standard GRU to encode each question, generating
a question vector. Regarding the provided image, UpDn
uses the detected visual features as input. The visual feature
set is represented as F = {f1, ..fi.., fn}, where fi denotes
the feature of the i-th object in the image. In our method,
we also incorporate factors such as spatial position. We re-
encode all the outputs from Faster-RCNN [46] into new vi-
sual features. The visual input V is represented as Eq. (1):

V = V isual_Encoder(F, S,Cls, Ari) (1)

where V isual_Encoder represents the visual encoder re-
sponsible for re-encoding the four types of features into
visual input. These four types of features are represented
as visual feature vectors F , spatial features S, classifica-
tion scores Cls, and attribute information Ari. During the
initialization phase, this re-encoded visual data V is intro-
duced as the visual input for the VQA process.
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Question：What color are 
the vegetables on the plate?

word encoder

visual features

spatial features

attribute infomation

classification scores

Answer：Green.Attention 
Layer1

Attention 
Layer2

Attention 
Layern

Word Embedding

Visual Feature

Attention Map

Masking Matrix

New Visual Feature

...

Visual Encoder: extracting 
visual-language features

Mask irrelevant features

Cross-Modal Retrieval: multi-round retrieval 
information process

GRU

Possibility 
Prediction

Figure 3: Our proposed FAA follows the architecture of the UpDn baseline model, comprising the feature extraction stage
and the attention layers. The attention layers aim to retrieve information from the encoded question and image features,
facilitating a multi-round retrieval process. In each round of retrieval, an image mask matrix is constructed to mask out
the information deemed irrelevant by the model during this round, retaining crucial information for subsequent reasoning.

3.2 Bias definition

For the VQA, traditional methods typically treat it as a
multi-class classification problem. The model generally
takes a given triplet dataset D = {vi, qi, ai}Ni=1 as input,
where the i-th image is vi ∈ V , the question is qi ∈ Q,
and the answer is ai ∈ A. The main goal is to train a map-
ping that generates an accurate answer distribution over the
answer set A based on the input data. In VQA-VS, the
authors define nine different types of biases across three
modalities, namely, linguistic, visual, and multimodal bi-
ases. In practice, we focus on the VS dataset as the pri-
mary research dataset, and for the biases corresponding to
the three modalities, we follow the previous work by mod-
eling each modality individually to capture biases within
each modality. Furthermore, we treat bias in VQA as the
absence ofmodality-specific reasoning during the inference
process. Specifically, for the input sample pair (V,Q), we
establish three bias models to perform bias feature model-
ing on the sample pair.

Bq = cq(σ(qi)) (2)
Bv = cv(σ(vi)) (3)
Bm = cm(σ(mi)) (4)

where qi, vi, and mi represent the question, image, and
multimodal representation, respectively. In our implemen-
tation, the components cq , cv , and cm are each imple-
mented as two-layerMLPs with ReLU activation and Layer
Normalization. These modules encode the question-only,
vision-only, and joint features respectively to generate bias
predictionsBq ,Bv , andBm for ensemble gradient analysis.

3.3 Bias detection
Firstly, we believe that in practical prediction tasks, a model
must be able to identify different types of biases, which en-
ables it tomaintain strong generalization performancewhen
handling diverse types of data. Additionally, in VQA, not
all biases necessarily have a purely negative impact on the
model. For instance, bias based on keywords or key ob-
jects may require the model to incorporate some additional
real-world knowledge, which can act as supplementary in-
formation for making accurate predictions, rather than mis-
leading the model. Therefore, in this paper, we propose a
bias detector that not only assists the model in identifying
biases but also estimates the weights of the detected biases
to assess their influence on the model’s performance.
Specifically, based on the bias feature results and defi-

nitions obtained in the previous step, we calculate the loss
of the corresponding bias features to determine the type of
bias the model is currently encountering.

Lossq = L(Bq, A) (5)
Lossv = L(Bv, A) (6)

Lossm = L(Bm, A) (7)

where A represents the ground truth answers in the dataset,
and Loss∗ denotes the loss calculated for the correspond-
ing bias feature results. The reason for calculating the loss
between the bias feature results and the ground truth labels
in our method is that if the loss between the bias feature
and the actual result is too large, it indicates that the predic-
tions generated by the bias model are poor, meaning that
the model has a weak ability to capture the bias. In the
ensemble model approach, we aim to sufficiently train the
bias model to achieve overfitting, so that the overall model
develops a strong capacity for bias recognition.
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In summary, in our method, we treat the modality with
the largest Loss∗ as the one where the model exhibits bias,
and we mark it accordingly.

F = B∗ (8)

Where F represents the bias flag. B∗ represents the corre-
sponding modality bias in max(Lossq, Lossv, Lossm).

3.4 Bias score
After identifying the biases present in the sample pair, we
use the bias detector to score the bias features, with the
scores reflecting the degree of harm the bias imposes on
the model (i.e., whether the bias is beneficial or harmful).
If the bias in the current sample aids the model’s perfor-
mance, there is no need to overfit to it during training. How-
ever, if the bias harms the model, it is necessary to ensure
the model thoroughly learns the features corresponding to
that bias during training. Accordingly, beneficial biases
receive higher scores, while harmful biases are assigned
lower scores.

score = 1− softmax(mc(F,A)) (9)

where, F represents the bias flag obtained in the previous
step, andmc denotes the linear layer, which linearly fits the
bias features corresponding to the flag with the labels. Fi-
nally, the bias score is computed through the softmax layer.
In our implementation, the bias scoring function mc is a
two-layer MLP with ReLU activation. Its input consists
of the fused feature vector concatenated with a one-hot en-
coded bias type flag (length 3, indicating linguistic, visual,
or multimodal bias). The output is a scalar score represent-
ing the confidence of bias activation. The MLP uses a hid-
den dimension of 512 with LayerNorm for stability. The
bias score represents the softmax probability that the bias-
specific features F support the ground truth label A. If the
score is high (close to 1), it implies the bias aligns with the
correct answer and is potentially helpful. If the score is low
(close to 0), it indicates that the bias contradicts the correct
label and is more likely to be harmful. We leverage this
score to modulate the influence of gradient contributions:
harmful biases (low score) are down-weighted, while be-
nign ones (high score) are preserved. This design allows
our model to adaptively suppress misleading bias without
discarding all bias signals.

3.5 Fitting gradients
Based on the obtained scores, we follow the Boosting con-
cept in our method by employing different classifiers to
overfit the training data. For weak features associated with
bias, we apply an overfitting approach to learn the bias dis-
tribution. By leveraging a biased model’s gradient to train
the base model, we aim to eliminate language bias in VQA
tasks.
In training, based on the ensemble model concept, the

main goal of the method is to minimize the gap between

the predictions of the main model, bias models, and the true
labels. Therefore, the three bias models in this method are
defined as M = {Mv,Mq,Mm}, representing the visual,
question, and multimodal bias models, respectively. The
ultimate objective is to fit the prediction set of these three
models, along with the main model, to the ground truth la-
bels Y .

minL(σ(
v,q,m∑
i=v

Mi + f(v, q)), Y ) (10)

where, M represents the biased model, and f denotes the
neural network. Our goal is to ensure that the biased parts of
the dataset are fit exclusively through the biased model. In
our method, we use the opposite direction of the gradient as
pseudo-labels to guide the model in overfitting the biased
training data. We differentiate between the effects of dif-
ferent types of biases on the model, and based on the bias
scores obtained in the previous step, we scale themagnitude
of the gradient during the gradient descent process. Sim-
ply put, higher scores correspond to beneficial biases in the
training data, resulting in less decrease during backpropa-
gation, as the model should leverage such biases to acquire
knowledge. Conversely, for harmful biases, the gradient
descent is amplified during backpropagation to reduce the
model’s reliance on such biases.

Ynew = −∇L(f(v, q)) (11)

minL(σ(
v,q,m∑
i=v

Mi + f(v, q)), s ∗ Ynew) (12)

where s represents the bias score. During the testing phase,
we only use the main model for predictions, allowing the
main model to handle the prediction of unbiased data under
normal conditions. To clarify, Eq. 10 is the main objec-
tive applied to all samples, while Eq. 11 is an auxiliary loss
used only for biased samples. These two losses are opti-
mized jointly. Eq. 11 provides a targeted correction signal
for harmful bias features by leveraging pseudo-gradients,
scaled by bias scores. The combined optimization ensures
both general supervision and bias suppression.

3.6 Attention layers
Each attention iteration in FAA corresponds to one instance
of the Attention Layer stack, as implemented in Algorithm
1. Thus, the N-layer configuration of FAA represents N it-
erative refinement steps in attention focus. In the right side
of Fig. 3, we have stacked N layers of Attention_Layer
to achieve visual information masking and retrieval. The
number of Attention Layers (N) in FAA equals the num-
ber of iterative forgetting steps, where each layer corre-
sponds to one round of attention refinement (masking ir-
relevant regions and updating focus)”. Specifically, the
Attention_Layer module consists of three main compo-
nents:

(1) Initial Impression. After obtaining visual and text
features, the next step in our process is to employ
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the Self_Attention mechanism. This mechanism
helps identify the most critical components within
each modality, similar to how humans instinctively
react when first encountering an image or text. We
establish the model’s initial assessment of the pivotal
image regions and word vectors within the provided
features. As formally delineated in Algorithm 1, this
process can be mathematically defined as follows:

attv = Self(V )

attq = Self(Q)

V 1 = attv ∗ V
Q1 = attq ∗Q

(13)

where attv and attq represent the initial attention. V 1

andQ1 represent the features obtained after fusing the
initial attention with the original data.

Algorithm 1: Forgetting Attention Algorithm
Input : Representation of Object Detection

Outputs:F ,S, Cls, Ari; Text coded
representation: Q; Number of layers of attention
stack: N ; Attention threshold: α.

Output: Predicted answer probability:A.
Initialize:V ← [F ,S, Cls, Ari], k ← 3.
Function FAA(V , Q):

while n ≤ N do
attv, attq ← SelfAttention(V,Q)
V 1, Q1 ← attv ⊙ V, attq ⊙Q
V 2, Q2 ← CrossAttention(V 1, Q1)
Att← V 2 ⊙Q2

if Att ≥ α then
Vmask ← 1;

else
Vmask ← 0;

V 3 ← Vmask ⊕ V 2

V,Q← V 3, Q2

A ← V 3, Q2

return A

(2) Cross-Modal Retrieval. With the obtained features
V 1 and Q1, we consider using the Cross Attention
mechanism [14] to explore information across modal-
ities. This step is analogous to how humans associate
objects with words. We perform cross-modal informa-
tion retrieval separately in the image and text domains.
This is defined as Eq. (14):

V 2 = CrossAttv→q(Q
1, V 1)

Q2 = CrossAttq→v(V
1, Q1)

(14)

where V 2 and Q2 represent the feature outputs after
conducting cross-modal retrieval for the image and
text, respectively. CrossAtt respectively represents
the cross-modal information retrieval layer, with “im-
age” and “question” as the primary modalities.

(3) Masking Matrix. After Cross-Modal Retrieval, we
calculate the masking matrix for V 2 and Q2. Initially,
we employ the Top-Down attentionmechanism [13] to
obtain an attention weight matrix: Att, which is then
compared to a predefined threshold α to determine the
masking matrix. As depicted in Algorithm 1, this is
defined as Eq. (15):

Att = V 2 ⊙Q2

Vmask = Mask(Att ≥ α)

V 3 = Vmask ⊕ V 2

(15)

where Vmask represents the masking matrix, and
Mask() denotes the process in whichAtt is compared
to α in Algorithm 1. The value of α is determined by
the mean of attention. ⊕ denotes linear fusion.
In the FAA, the threshold α is a critical parameter for
controlling the “forgotten regions” in the attention dis-
tribution, used to mask image regions with attention
scores below α in each iteration to focus on visual
features relevant to the question. The definition of α
supports two strategies: (1) a fixed threshold strategy,
where an empirical value is determined by analyzing
the distribution of attention scores (ranging from 0 to
1); for instance, we found that α = 0.6 performs op-
timally in balancing masking strength and preserving
key features by examining sample attention scores; (2)
a dynamic threshold strategy, where α is set as a hy-
perparameter and adaptively adjusted based on the dis-
persion of attention responses in each iteration to pre-
vent over-forgetting or under-forgetting. This adap-
tive adjustment dynamically updates α by calculating
the standard deviation of attention scores, ensuring the
model effectively focuses on relevant regions across
different scenarios.
V 3 represents the features obtained by merging the
masking matrix with visual features. ⊕ denotes the
linear fusion of two types of features.

Specifically, in each attention layer, we establish a mask-
ing matrix based on the magnitude of attention weights,
which masks regions in the image that contribute less to
the answer. Through N such attention layers, we allow the
model to progressively identify precise regions with high
relevance to the given question.

3.7 Training phase
Our model is designed to effectively identify and mitigate
various biases that arise in VQA tasks. The process begins
with the integration of multimodal features, where visual
information is extracted using object detection techniques
such as Faster R-CNN. These visual features, including ob-
ject location, classification scores, and spatial attributes, are
then combined with textual features derived from the ques-
tion to form a comprehensive representation for each input
pair. A key component of this phase is the Bias Detection
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mechanism, as shown in Fig. 4. Here, the model evalu-
ates and scores biases in both the linguistic and visual do-
mains. The linguistic biases, such as word associations, are
detected through a specialized language bias model, while
visual biases are identified by analyzing the model’s ten-
dency to focus on irrelevant or dominant visual features.
By dynamically assessing these biases, the model adjusts
its learning process to ensure that it prioritizes unbiased in-
formation, allowing it to better reason across both modali-
ties.
Furthermore, the FAA is employed to progressively filter

out irrelevant image regions during training. This iterative
attention mechanism helps the model to focus on the most
relevant parts of the image that contribute to answering the
question, simulating the human-like reasoning of gradually
reducing focus to the most pertinent visual areas. The FAA
works bymasking less important image regions in each iter-
ation, ensuring that the model refines its attention and con-
centrates on the critical visual details.
Through this training process, which integrates bias de-

tection, bias scoring, and the FAA, themodel becomesmore
robust and capable of handling complex, real-world VQA
scenarios without relying on biased shortcuts.

4 Experimental analysis and
discussion

In this section, we will present the quantitative and qualita-
tive analysis results from the experiments.

4.1 Experimental setup

We adopt the following unified training setup: all models
are trained for 30 epochs using the Adam optimizer with
a learning rate of 1e−4, β1 = 0.9, and β2 = 0.999. The
batch size is set to 256, and the cross-entropy loss is used as
the objective function. All experiments are conducted on a
single NVIDIA A100 32GB GPU, with an average training
time of approximately 6 hours.
Dataset and evaluation metric. We validated our

method on multiple VQA datasets: VQA v2, VQA-CP v2,
VQA-VS, GQA, and VQA-CE. The VQA-CP v2 is em-
ployed to evaluate bias in VQA models across various sce-
narios, while GQA-OOD assesses the model’s robustness
on both ID and OOD data. VQA-CE and VQA-VS con-
centrate on multimodal biases, analyzing shortcut learning
patterns to provide a more detailed evaluation of OOD per-
formance. Standard evaluation on VQA v2 gauges the ap-
proach’s generalizability. All test results are based on stan-
dard VQA evaluation metrics.
Baseline. We mainly used the UpDn[13] model as the

baseline model.

4.2 Comparisons with SOTAs

We compared our method with other bias reduction meth-
ods, as shown in Table 2. First, we introduce the method
names and their corresponding baseline models, followed
by the experimental results onVQA-CP v2 andVQAv2, re-
spectively. In Table 2, our method achieves state-of-the-art
performance on VQA-CP v2 (62.78%). Moreover, com-
pared to other methods using the same baseline models,
our approach demonstrates superior performance across all
three categories, particularly achieving the best results in
the Num. and Other categories. On VQA v2, we also at-
tain state-of-the-art performance (65.47%), ranking in the
top three across all specific categories.
We further compared our method to approaches that uti-

lize supplementary data. As seen, ourmethod remains com-
petitive against methods like CSS and D-VQA, which are
trained on balanced datasets, even though such compar-
isons are considered unfair in [37].
As shown in Table 3, all reported results are derived from

multiple independent replicate experiments to ensure relia-
bility and reproducibility. Mean accuracy and standard de-
viation are computed over 5 random seeds. 95% confidence
intervals are calculated using Student’s t-distribution with 4
degrees of freedom. Two-sided t-tests are used to evaluate
statistical significance against the UpDn baseline. p< 0.05
(*) indicates statistically significant improvement; p< 0.01
(**) indicates strong significance.

4.3 Multimodal debiasing experiments

Recent studies emphasize that VQA-CP v2 primarily ad-
dresses limited biases, particularly shortcuts between ques-
tion types and answers. In contrast, VQA-VS reorganizes
VQA v2 by incorporating three different forms of bias to
tackle various incorrect correlations. Therefore, we con-
ducted debiasing experiments on the VQA-VS benchmark,
with the results presented in Table 4. Table 4 illustrates the
performance of the EBGDA+FAA model on the VQA-VS
benchmark, where it demonstrates superior performance in
addressing linguistic, visual, and multimodal biases, out-
performing most baseline models. Compared to the pre-
trained LXMERT model, EBGDA+FAA exhibits consider-
able robustness, effectively mitigating various biases in the
VQA task.

4.4 Analysis of other metrics

In our approach, we aim to increase the role of visual con-
tent in reasoning. To assess its effectiveness, we use ad-
ditional metrics. Table 5 reports the performance of FAA
compared with reverse attention and linear decay. FAA
achieves higher accuracy on all benchmarks, and we fur-
ther introduce three auxiliary metrics to quantify its effect
on bias suppression at the gradient level: CGR (Counterfac-
tual Gradient Reduction): the average decrease in gradient
magnitude for biased predictions after FAAmasking. CGW
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Figure 4: Training phase diagram

(Counterfactual Gradient Weighting): the normalized con-
tribution of biased gradients in the overall weight update.
CGD = CGR × CGW, reflecting the overall suppression ef-
fect on gradient-level bias flow. Compared to GGE [30],
our approach performs better in terms of CGD, indicating
improved utilization of visual information for answer pre-
diction.

4.5 Results on GQA-OOD and VQA-CE

GQA-OOD and VQA-CE are new datasets and evalua-
tion methods for VQA debiasing. Table 6 presents the
experimental results of EBGDA+FAA. On GQA-OOD,
EBGDA+FAA outperforms methods such as CSS, LMH,
and RUBi. In VQA-CE, EBGDA+FAA achieves the high-
est accuracy in the Counter, validating its debiasing capa-
bility. These results strongly demonstrate the debiasing ef-
fectiveness of EBGDA+FAA.

4.6 Ablation experiments

The ablation experiment section verifies the performance of
the EBGDA and FAA components in the method. EBGDA
suppresses bias gradients at the feature level, while FAA
refines visual focus via iterative masking; their combina-
tion enhances debiasing by addressing both feature-level
and spatial-level biases.
The effectiveness of EBGDA. In this section, we con-

duct experiments using only the EBGDA component. The
experimental results are shown in Table 7. By comparing
EBGDAwithmethods that use the same baselinemodel, we
can see that EBGDA also achieves performance improve-
ments.
The effectiveness of FAA. In this section, we conduct

experiments using only the FAA component. The experi-
mental results are shown in Table 8. When comparing FAA
with methods using the same baseline model, we can ob-
serve that FAA also achieves performance improvements.
As shown in Table 9, we compared the experimental re-

sults of FAA with those of other methods using attention
mechanisms.

As shown in Table 10, these values confirm FAA in-
troduces moderate overhead while significantly improving
performance and focus alignment.
Forgotten Sequence. The concept of forgetting atten-

tion in this paper is based on the process of human answer-
ing relevant questions. The ablation experiment considers
the order of forgetting in the algorithm to verify the validity
of the concept. Table 11 shows the effect of three different
sequences of attention on the performance of the model:

(1) In the method of this article, we follow the normal at-
tention process, pay attention to the image areas that
are most relevant to the problem, and forget the results
obtained from the irrelevant areas.

(2) In contrast to the normal attention flow, the model first
notices the areas of the image that are less relevant to
the problem, assigns higher weights to them, and fi-
nally forgets the areas of the imagewith lowerweights.

(3) The feature areas in the image are arranged in the orig-
inal linear order, and the model forgets the relevant
features in the same order.

By comparing the model performance of different forget-
ting sequences, we were able to observe that the FAA
achieved excellent performance by forgetting irrelevant re-
gions, while the other forgetting sequences resulted in de-
creased performance. This suggests that the human atten-
tional forgetting mechanism on which the FAA is based
works.
Attention Threshold Selection. In this method, we set

thresholds to allow the model to filter image regions to de-
termine which are forgotten and which are retained. Differ-
ent threshold sizes make the model achieve different perfor-
mance when forgetting the image region. If the threshold
is too high, the model will forget most of the image region,
resulting in the model being unable to obtain useful infor-
mation from the image, while if the threshold is too low, the
model will retain useless information, thus degrading the al-
gorithm to a common attention algorithm. Therefore, this
section sets up a comparative analysis of different threshold
sizes to determine the appropriate parameter as the forget-
ting threshold. As shown in Table 12, the corresponding
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Table 2: The results of VQA-CP v2 test set and VQA v2 validation set are presented in the following table. Each column
illustrates theBest performances of eachmethod, excluding data augmentation techniques. Ourmethod has been compared
with state-of-the-art methods on both datasets

Method

Dataset VQA-CP v2 test VQA v2 val

Base All Y/N Num. Other All Y/N Num. Other

UpDn[13] - 39.96 43.01 12.07 45.82 63.48 81.18 42.14 55.66

AdvReg[47] UpDn 41.17 65.49 15.48 35.48 62.75 79.84 42.35 55.16
RUBi[35] UpDn 44.23 67.05 17.48 39.61 - - - -
LMH[36] UpDn 52.01 72.58 31.12 46.97 56.35 65.06 37.63 54.69
AdaVQA[48] UpDn 54.67 72.47 53.81 45.58 - - - -
CF-VQA[37] UpDn 53.55 91.15 13.03 44.97 63.54 82.51 43.96 54.30
CIKD[49] UpDn 54.05 90.01 15.10 45.88 61.29 76.34 40.20 55.43
GGE[30] UpDn 57.32 87.04 27.75 49.59 59.11 73.27 39.99 54.39
D-VQA[11] UpDn 61.91 88.93 52.32 50.39 64.96 82.18 44.05 57.54
GGD[34] UpDn 59.37 88.23 38.11 49.82 62.15 79.25 42.43 54.66
GenB[40] UpDn 59.15 88.03 40.05 49.25 62.74 86.18 43.85 47.03

Template-based[50] UpDn 39.75 43.03 14.98 44.83 63.83 81.61 41.98 56.10
ASL[51] UpDn 46.00 58.24 29.49 44.33 - - - -
CVL[39] UpDn 42.12 45.72 12.45 48.34 - - - -
GradSup[52] UpDn 46.80 64.50 15.30 45.90 - - - -
RangImg[53] UpDn 55.37 83.89 41.60 44.20 57.24 76.53 33.87 48.57
CSS[7] UpDn 58.95 84.37 49.42 48.24 59.91 73.25 39.77 55.11
Mutant[9] UpDn 61.72 88.90 49.68 50.78 62.56 82.07 42.52 53.28
Unshuffling[54] UpDn 43.47 47.82 14.35 49.18 43.47 81.99 43.07 55.21
SimpleAug[55] UpDn 52.65 66.40 43.43 47.98 64.34 81.97 43.91 56.35
ECD[56] LMH 59.92 83.23 52.29 49.71 57.38 69.06 35.74 54.25
KDDAug[57] UpDn 60.24 86.13 55.08 48.08 62.86 80.55 41.05 55.18
AttReg[58] UpDn 46.75 66.23 11.94 46.09 64.13 81.72 43.77 56.13

SSL[59] UpDn 57.59 86.53 29.87 50.03 - - - -
CSS+CL[60] UpDn 40.49 42.90 12.44 46.93 - - - -
MMBS[61] UpDn 48.19 65.00 14.05 48.75 63.84 79.61 44.23 57.05
LSP[6] UpDn 61.95 89.50 52.44 50.12 65.26 82.38 44.77 57.67
DM[62] UpDn 61.13 88.13 45.98 51.13 63.53 81.09 39.61 56.52

GVQA[63] UpDn 31.30 57.99 13.68 22.14 48.24 72.03 31.17 34.65
AttAlign[32] UpDn 39.37 43.02 11.89 45.00 63.24 80.99 42.55 55.22
HINT[32] UpDn 46.73 67.27 10.61 45.88 63.38 81.18 42.99 55.56
SCR[33] UpDn 49.45 72.36 10.93 48.02 62.2 78.8 41.6 54.5
DLR[31] UpDn 48.87 70.99 18.72 45.57 57.96 76.82 39.33 48.54
LPF[64] UpDn 51.57 87.33 12.25 43.61 62.63 79.51 42.90 55.02
CCB[65] UpDn 57.99 86.41 45.63 48.76 60.73 78.37 36.88 53.17
Loss-Rescaling[66] UpDn 47.09 68.42 21.71 42.88 55.50 64.22 39.61 53.09
RMLVQA[67] UpDn 60.41 89.98 45.96 48.74 59.99 76.68 37.54 53.2
LRLGC[68] UpDn 60.91 89.95 45.13 50.03 60.81 77.65 39.25 53.71
Ours UpDn 62.78 87.90 51.74 52.79 65.47 82.51 57.84 58.64

experimental results of the three threshold sizes selected by
us are reported.

Considering the three different choices of attention
threshold, in the original attention scheme of UpDn, the
contribution degree of different image regions to the an-
swer is realized by the assigned weight, whose value is be-
tween 0 and 1. Therefore, we choose the sizes of 0.5, 0.6
and 0.7 for experimental comparison. The final experimen-
tal results show that when the threshold size is 0.6, the ex-
perimental effect reaches the optimal performance, and the
model achieves a balanced trade-off in attention precision.

Additionally, we also present the approach using a dynamic
threshold, where the threshold is treated as a hyperparame-
ter and optimized during training.

To further justify the choice of dynamic threshold α =
0.6, we present two analytical curves in Fig. 5. The left sub-
plot shows that as α increases, the recall of relevant visual
regions steadily declines, indicating that overly aggressive
masking may suppress informative content. Conversely,
the right subplot shows that model accuracy improves with
moderate filtering, peaking aroundα = 0.6 , and then drops
as too much information is retained. These trends suggest
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Table 3: Comparison of methods across different datasets with accuracy, 95% confidence intervals, p-value, and signifi-
cance levels

Method Dataset Accuracy (%) 95% CI (%) p-value (vs UpDn) Significance

EBGDA

VQA-CP v2 60.10 ± 0.26 [59.81, 60.39] 0.0004 **
VQA v2 64.01 ± 0.23 [63.75, 64.27] 0.043 *
VQA-VS 56.44 ± 0.21 [56.21, 56.67] 0.006 **
GQA-OOD 52.68 ± 0.22 [52.44, 52.92] 0.012 *
VQA-CE 58.42 ± 0.21 [58.19, 58.65] 0.0012 **

FAA

VQA-CP v2 60.18 ± 0.31 [59.83, 60.53] 0.0003 **
VQA v2 63.87 ± 0.22 [63.63, 64.11] 0.048 *
VQA-VS 56.52 ± 0.24 [56.26, 56.78] 0.004 **
GQA-OOD 52.60 ± 0.20 [52.38, 52.82] 0.017 *
VQA-CE 58.17 ± 0.19 [57.95, 58.39] 0.0024 **

EBGDA+FAA

VQA-CP v2 62.78 ± 0.28 [62.49, 63.07] 0.0001 **
VQA v2 64.39 ± 0.25 [64.09, 64.69] 0.026 *
VQA-VS 57.90 ± 0.20 [57.68, 58.12] 0.002 **
GQA-OOD 53.74 ± 0.23 [53.47, 54.01] 0.006 **
VQA-CE 59.26 ± 0.18 [59.06, 59.46] 0.0009 **

Table 4: Regarding the experimental outcomes of EBGDA+FAA on the VQA-VS dataset, we have presented the relevant
experimental performance reports associated with this dataset. Each column displays the performance results of the cor-
responding best and second-performing models

VQA-VS OOD Test Sets

Model Base Language-based Visual-based multi-modality mean
QT KW KWP QT+KW KO KOP QT+KO KW+KO QT+KW+KO

UpDn 32.43 45.10 56.06 55.29 33.39 41.31 46.45 54.29 56.92 46.80
+LMH UpDn 33.36 43.97 54.76 53.23 33.72 41.39 46.15 51.14 54.97 45.85
BAN UpDn 33.75 46.64 58.36 57.11 34.56 42.45 47.92 56.26 59.77 48.53

LXMERT - 36.46 51.95 64.17 64.22 37.69 46.40 53.54 62.46 67.44 53.70

EBGDA+FAA UpDn 32.45 47.83 59.27 60.59 34.75 43.98 44.47 56.69 55.6 51.33

Table 5: Experiment on the evaluation metric CGD using
the FAA method on the VQA-CP v2 dataset. Best results
are displayed in each column

Method CGR CGW CGD

UpDn 44.27 40.63 3.91
RUBi 39.60 33.33 6.27
CSS 46.70 37.89 8.87

GGE-DQ-iter 44.35 27.91 16.44
GGE-DQ-tog 42.74 27.47 15.27
EBGDA+FAA 45.09 27.54 17.56

that α = 0.6 achieves a well-balanced trade-off between
visual focus (selectivity) and reasoning completeness (cov-
erage), supporting the empirical results reported in Table
12.
Visual Information. All experiments in Table 13 are

conducted using the UpDn baseline model with modified
visual input features. The purpose is to isolate and eval-
uate the contribution of diverse visual inputs independent
of debiasing components (FAA and EBGDA). As shown

in Table 13, While object-only features offer a reason-
able baseline, adding semantic attributes and classification
logits consistently improves performance across all ques-
tion types, especially in the “Other” category where visual
grounding is more complex. The best configuration (Obj
+ Attr + Cls) achieves a +2.62% gain in All accuracy and
+3.51% in Other compared to object-only features.
Layers of Attention. As shown in Table 14, we set up

different levels of attention in themethod to perform valida-
tion experiments. Specifically, when humans answer ques-
tions by focusing on different areas in the image, they may
go through multiple target shifts to determine the final area,
while in the simulation of a computer, this operation can be
achieved by setting the number of layers of attention. In this
experiment, we set up a total of five different layers, as you
can see the model performs the best with two attention lay-
ers. This configuration significantly improves performance
during inference compared to fewer layers. However, in-
creasing the number of layers yields a slightly worse overall
accuracy as well as increasing inference time by nearly 200
seconds. Regarding accuracy degradation, we believe that
this phenomenon arises due to the fact that the model rec-
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Figure 5: (Left) Recall vs. Threshold α: As the threshold α increases, the model becomes more selective, leading to a
gradual decrease in the recall of question-relevant visual regions. (Right) Accuracy vs. Coverage: Coverage denotes the
proportion of retained visual tokens. Model accuracy peaks around α = 0.6 , indicating a favorable balance between
retaining useful information and filtering out noise.

Table 6: Experimental results on GQA-OOD and VQA-
CE. Compared to the Best methods, EBGDA+FAA
achieves the best performance on GQA-OOD. On VQA-
CE, EBGDA+FAA also demonstrates the best performance
in the Counter

Model GQA-OOD Test VQA-CE

All Tail Head Counter Easy

UpDn 46.87 42.13 49.16 33.91 76.69
RUBi 45.85 43.37 47.37 32.25 75.03
LMH 43.96 40.73 45.93 34.26 73.13
CSS 44.24 41.20 46.11 34.36 62.08

RandImg - - - 34.41 76.21
Genb 49.43 45.63 51.76 34.80 68.15

EBGDA+FAA 51.71 46.54 54.29 35.93 63.98

ognizes incorrect visual information and masks relevant re-
gions, thus hindering accurate answer retrieval. With three
layers, the model may excessively mask relevant regions
due to cumulative attention filtering, leading to information
loss and accuracy degradation
Q-CSS. In our approach, we opted for a single-word re-

placement strategy, combined with FAA. The experimental
results in Table 15 encompass a partial replication of the Q-
CSS strategy from the CSS method and the QV-CSS strat-

Table 7: Ablation experiments with EBGDA
Method All Yes/No Num. Other ∆

UpDn 39.96±0.18 43.01 12.07 45.82 -
SAN 38.65±0.20 40.09 12.98 44.67 -1.31
BAN 35.94±0.22 40.39 12.24 40.51 -4.02
S-MRL 38.46±0.25 42.85 12.81 43.20 -1.50
EBGDA 60.10±0.26 86.99 36.72 52.42 +20.14

Table 8: Ablation experiments with FAA
Method All Yes/No Num. Other ∆

UpDn 39.96±0.18 43.01 12.07 45.82 -
SAN 38.65±0.20 40.09 12.98 44.67 -1.31
BAN 35.94±0.22 40.39 12.24 40.51 -4.02
S-MRL 38.46±0.25 42.85 12.81 43.20 -1.50
FAA 60.18±0.31 83.27 37.82 54.21 +20.22

Table 9: Comparison of methods on VQA-CP v2 dataset
Method VQA-CP v2 (%)

UpDn(baseline) 39.96
SCR 49.45
HINT 46.73
FAA(Ours) 60.18

Table 10: Placeholder caption for the performance metrics
comparison

Metric UpDn FAA (N=3) Overhead

Training Time/
epoch 23.1 min 26.6 min +15.2%

Inference Time/
sample 58.0 ms 65.4 ms +12.7%

Peak GPU memory
usage 14.6 GB 16.5 GB +13.0%

egy, incorporating FAA into both Q-CSS and CSS. Notably,
our approach exhibits approximately 2% improvement in
accuracy over Q-CSS and CSS.
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Q: What sport is this ?          

Answer: baseballGT: baseball 

Attention Layer 1 Attention Layer 2

(1)

Attention Layer 1 Attention Layer 2

GT: yes Answer: yes

Q: What color is the stop sign? Attention Layer 1 Attention Layer 2

GT: red Answer: red

Q: What color are the walls ? Attention Layer 1 Attention Layer 2

GT: white Answer: white
(3)

(2)

(4)

Q: Can you see this animal at the zoo?

Figure 6: The results of qualitative analysis show the flow of our model when making predictions by masking different
image regions so that the model focuses on the effective ones

Table 11: Impact of forgetten order on performance
VQA-CP v2 test

Order Base All Y/N Num. Other

FAA UpDn 60.74 83.99 41.45 53.85
Reverse UpDn 37.86 78.00 15.34 23.00
Linear UpDn 27.13 71.99 6.18 9.37

Table 12: Performance corresponding to different attention
thresholds

VQA-CP v2 test

Thresholds Base All Y/N Num. Other

0.5 UpDn 56.84 83.29 43.87 46.54
0.6 UpDn 60.18 83.99 41.45 53.85
0.7 UpDn 59.75 82.85 35.21 54.38

dynamic UpDn 61.65 85.37 40.68 54.98

4.7 Qualitative results

As depicted in Fig. 6, the original image, after two rounds
of attentional operations, masks out irrelevant areas based
on attentional weights in the Fig. 6 (1), ultimately identify-
ing the target region relevant to the answer.
In Fig. 6, more examples are given to analyze the effect

of forgotten attention on changes in image areas. For exam-
ple, in the example of the Fig. 6 (2), the image of the animal
is the area where the zebra is located, and there is overlap
between some areas that are unrelated to the problem and
the zebra, which is covered by the FAA to some extent, but
most of the zebra area is still captured by the model. Simi-
larly, in the Fig. 6 (3) and Fig. 6 (4), the areas of the sign
are somewhat obscured, but the model retains key semantic
features in the remaining areas, enabling accurate semantic
inference.

5 Conclusion
In this paper, we proposed a novel debiasing approach
for Visual Question Answering by leveraging an ensem-
ble model framework to address and mitigate various types
of biases, including linguistic, visual, and multimodal bi-
ases. Through the integration of a bias detection mecha-
nism, we dynamically identified and evaluated the impact
of biases on the model’s performance. By selectively ap-
plying overfitting strategies to biased components, the pro-
posed method allows the main model to concentrate on un-
biased and informative data, thereby enhancing its general-
ization ability across diverse scenarios. Our experiments on
VQA-CP v2, VQA v2, and VQA-VS benchmarks demon-
strated state-of-the-art performance, especially in challeng-
ing scenarios involving complex multimodal correlations.
This approach provides an effective solution for reducing
bias in VQA tasks, leading to more robust and accurate pre-
dictions.

6 Discussion
This section provides an in-depth analysis and discussion
of our proposed FAA+EBGDA approach. First, compared
with the LMH method, our approach does not rely on
heuristic strategies based on language prior scores. Instead,
we achieve more adaptive bias modeling by introducing
multimodal bias detection and gradient modulation. Un-
like methods such as CSS and Mutant, which depend on
external adversarial samples, our approach operates with-
out any data augmentation or external annotations, offering
stronger generalizability and deployment flexibility. Sec-
ond, the Forgotten Attention Algorithm (FAA) effectively
suppresses visually salient but question-irrelevant regions
in the image through amulti-round attention filtering mech-
anism. This helps avoid “saliency traps” that may mislead
the model’s decision-making, thereby enhancing both vi-
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Table 13: Comparison of visual features across different VQA question categories (Yes/No, number, other)
Visual Features All (%) Yes/No Number Other

Object (Obj) 57.12 ± 0.21 82.14 35.47 50.91
Attribute (Attr) 58.03 ± 0.19 82.31 35.81 52.14
Classification (Cls) 58.65 ± 0.23 83.02 36.04 52.88
Obj + Attr 58.83 ± 0.22 83.15 36.19 53.01
Obj + Cls 59.02 ± 0.25 83.28 36.41 53.38
Attr + Cls 59.16 ± 0.20 83.36 36.52 53.63
Obj + Attr + Cls 59.74 ± 0.24 83.85 37.04 54.42

Table 14: The performance under different number of at-
tention layers
Layers All Yes/No Num. Other Time/Epoch

1 56.95 83.77 42.99 46.72 1048s
2 60.74 83.99 41.45 53.85 1303s
3 57.67 82.66 46.44 47.66 1380s
4 58.56 80.81 50.68 47.26 1532s
5 56.21 84.48 35.66 47.03 1540s

Table 15: Ablation experiments on the combination of FAA
with Q-CSS and CSS methods
Method All Yes/No Num. Other

Q-CSS 56.19 80.83 40.33 47.63
CSS 58.17 84.57 46.99 47.40

FAA+Q-CSS 58.31 80.83 48.90 49.10
FAA+CSS 60.09 88.55 53.16 47.09

sual focus and multimodal alignment. In terms of com-
putational overhead, our method introduces approximately
a 15% increase in training cost compared to the standard
UpDn model. During inference, with a two-layer atten-
tion configuration, the overhead remains manageable. De-
tailed analysis is provided in Table 10. Finally, while our
method achieves competitive performance without relying
on large-scale pretraining, it still has limitations when han-
dling questions requiring external knowledge or complex
reasoning. In the future work, we can explore integrating
our approachwith pretrained languagemodels to further en-
hance its capabilities.
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