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Abstract: Language bias stands as a noteworthy concern in Visual Question Answering (VQA),
wherein models tend to rely on spurious correlations between questions and answers for prediction.
This prevents the models from effectively generalizing, leading to a decrease in performance. To
address this bias, we propose a novel modality fusion collaborative de-biasing algorithm (CoD). In our
approach, bias is considered as the model’s neglect of information from a particular modality during
prediction. We employ a collaborative training approach to facilitate mutual modeling between
different modalities, achieving efficient feature fusion and enabling the model to fully leverage
multi-modal knowledge for prediction. Our experiments on various datasets, including VQA-CP
v2, VQA v2, and VQA-VS, using different validation strategies, demonstrate the effectiveness of
our approach. Notably, employing a basic baseline model resulted in an accuracy of 60.14% on
VQA-CP v2.

Keywords: visual question answering; collaborative learning; language bias

1. Introduction

Visual-language tasks typically necessitate models to comprehend features from different
modalities for knowledge reasoning. In practical applications such as intelligent service robotics,
visual-language tasks play a crucial role [14,21]. Visual Question Answering (VQA), as one of the tasks
within visual-language understanding, aims to answer textual questions based on provided images.
An ideal VQA model should possess the ability to comprehend and reason with image-textual data.

However, recent research [10] indicates that many VQA methods tend to rely on superficial
correlations between questions and answers, neglecting to extract accurate visual information from
images to answer questions. Furthermore, as highlighted in [22], similar bias issues are influenced
by visual modalities. These biases prevalent in the current VQA domain mainly involve inherent
language distribution biases in training and test sets, as well as incorrect visual grounding shortcuts
due to significant visual regions [13].

Currently, prominent techniques to address biases involve integration-based [10],
counterfactual-based [5], and contrast learning-based [24] methodologies. Notably, the
integration-based approach lessens bias effects by training two models comprehensively, where one of
them captures shallow or spurious associations, allowing the main model to concentrate on more
complex instances. Counterfactual-based techniques support training by producing counterfactual
samples and supplementary visual annotations. Contrastive learning-based techniques amplify
problem contribution by generating negative sample image-problem pairs with irrelevant images from
the training data.

However, certain studies [19] have observed that the effectiveness improvement of some methods
isn’t due to a reasonable visual basis but rather an undisclosed regularization effect. Current methods
focus on modeling dataset biases to mitigate their influence during de-biasing but overlook the model’s
ability for modal understanding and inference. Therefore, our approach aims to enhance the model’s
ability to comprehend multimodal information. We incorporate collaborative learning into multimodal
training [3] to address bias issues in VQA and reduce their impact.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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We classify VQA's bias problem as a scenario where two parallel modalities are involved
in training, but one modality is absent or fails to fulfill its intended function. For instance, the
question-answer shortcut bias refers to the model relying solely on the shortcut between the question
and the answer for answering, disregarding the relevant visual region (visual bias refers to the same
phenomenon). We contend that this approach completely excludes the visual modality information
during the inference process. Despite modal feature fusion, the model still disregards the image
content for the final prediction and instead relies on the bias to answer the question.

Inspired by the concept of collaborative learning, we present an intuitive multimodal training
approach to enhance the model’s comprehension of visual text characteristics. Our approach entails
leveraging various modalities to reinforce one another during training, thereby mutually aiding the
training process. As illustrated in Figure 1, conventional VQA methods are susceptible to verbal and
visual biases during training. When confronted with biased questions, these methods usually answer
the questions directly based on the influence of bias. In the "CoD-VQA" approach, the model initially
identifies possible bias in the present example and its type. A cooperative learning methodology
integrates both modalities equally to support each other’s training. This implementation enables the
model to use multimodal knowledge thoroughly to make predictions and reduce bias.

A': Gray A': Gray A: Gray A Gray

‘What color is the dog?

Language Bias Training

7 | What color is the dog? Familiar question? /| What color is the dog?

Must be gray

A dog?

B A

e B b

Conventional VQA

Coordinate vVaA "

Vision Bias Training

What color is the dog?

Figure 1. Existing VQA models are impacted by biases originating from both linguistic and visual
domains. Our model forcibly discerns information from diverse modalities during training, maximizing
data utilization for predictions.

In our experiments, we categorize single visual and verbal modal information to enable the model
to make predictions. We then compare the unimodal prediction results with real results to identify
missing modalities in cooperative learning. Finally, we re-represent and integrate these missing
modalities to alleviate bias and enhance participation in prediction.

Overall, we propose a co-training debiasing method. In our approach, the issue of bias resulting
from visual and textual modalities is viewed as a common underlying problem, leading us to suggest a
new fusion technique that tackles this problem by focusing on the modal characteristics and adopting
the principle of collaborative learning. During the training phase, we assess the parallel visual textual
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modal data, identifying the "impoverished" and "enriched" modalities. We augment the role of the
"deprived" modality artificially to increase the model’s awareness of its presence and reduce bias.

2. Related Work

2.1. Language Bias

The bias problem in VQA has received a great deal of attention, and a lot of excellent work has
emerged from ongoing research. Firstly, the most straightforward way to mitigate the bias problem is to
construct balanced datasets, e.g., [1] adds complementary scenarios with opposing answers for binary
questions in the VQA v2 dataset. Second, the ensemble model-based regularization [4,7,9,11,12,15]
approach relies on two integrated learning models to deal with linguistic biases to improve the
robustness of the main model. Third, adversarial methods [17] such as using adversarial losses, use
to reduce known sources of bias by inducing errors in the model when it is presented with only
the question. Fourth, contrast learning-based methods [6,16,22] use to enhance the utilization of
information between the visual context and the question by constructing negative image-question
pairs. Fifth, an additional annotation-based approach, [18] aids training in mitigating linguistic bias
through pre-trained human attention maps or additional counterfactual samples. In this paper, we
approach multimodal reasoning from the perspective of feature fusion, which makes the model treat
the two modalities as equal "status" and strengthens the role of the deprived modality in training to
mitigate the bias problem.

2.2. Multimodal Fusion

In multimodal tasks, in addition to dealing with the relationship between data to alleviate the
bias problem, improving the model’s ability to understand the data is also one of the ways to deal
with the bias problem. Multimodal fusion methods are one of the very important topics in multimodal
deep learning, and the existing mainstream fusion methods can be categorized into early fusion, late
fusion and hybrid fusion. The proposed multimodal fusion [23] can provide more stable prediction for
multimodal prediction, and at the same time, it can supplement the information between multiple
modalities in case of missing modalities. In VQA, multimodal fusion methods can be classified
into simple fusion, attention-based fusion, and tensor-based fusion methods, the most important of
which is the fusion method based on bilinear pooling in attention and tensor. The multimodal fusion
methods are currently used for better feature representation in VQA and have not been applied to VQA
debiasing. The core idea of multimodal fusion is to obtain more significant feature representations
so that the model receives information from different modalities. Therefore, in our approach, we
reconsider how multimodal fusion methods can be useful in the VQA debiasing problem by playing
the role of each modality when the modalities are inferencing.

2.3. Collaborative Learning

Collaborative learning refers to helping model resource-poor modalities by leveraging knowledge
from a resource-rich modality. The classification of modal data defined in collaborative learning can
be categorized into parallel, non-parallel and hybrid data. In parallel data, [2] uses CAA to construct
acoustic features on acoustic and articulatory data, and constructs an unimodal representation of
the generated acoustic by using articulatory data. With non-parallel data dominated by transfer
learning, [8] uses text to improve image classification by combining CNN visual features with word2vec
textual features trained on large-scale datasets. With mixed data, [20] uses a large corpus of text to
guide image segmentation.

In this paper, we consider visual textual modalities in VQA as parallel data, in determining rich
and scarce modalities, using the idea of collaborative learning to help link between modalities as well
as to help the model to understand the modalities, thus alleviating the bias problem.
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3. Methods

Figure 2 depicts an overview of our CoD-VQA, where we consider the relationship between
visual modality, textual modality, language bias, and visual bias to obtain more accurate modal
representations and model comprehension.

We specifically examine the impacts of visual bias and language bias separately within the model.
During training, we dynamically analyze sample pairs to identify the ‘'missing’ modality, aiding the
model in acknowledging and understanding the modality better, and increase the participation of that
modality in the model to remove the bias. The approach incorporates a ‘bias detector’ to identify the
present bias. Upon determining the bias type, we identify the ‘missing’ modality and incorporate it as
a ‘third’ modality in the overall modal fusion. During actual training, the fusion process depicted on
the right side of Figure 2 will occur only on one side.

Bias Detector Bias Detector

VQA Model

[ Vision modal' ——>/ VQA Model «—{ Language modal |

L y, \_ J
Language Bias Vision Bias S— N—
~ i mi
/L dal | [ Vision modal [ \ [ h
\ -anguage mocal ) | sienmocal ) [ Language modal | [ Vision modal |
\\777// \\7771/ AN J AN

Current Model Our Model

Figure 2. In the comparison between our method and previous VQA models, the Bias Detector signifies
a bias detector used to identify the type of bias present in the current sample. In our model, the modality
fusion process on the left and right sides only occurs unilaterally during a single training iteration.

3.1. Definition of Bias

For the VQA task, conventional methods typically approach it as a multi-class classification
problem. The model is focused on a provided triplets D = {v;,¢;,4;}Y ;, in which the i-th image
v; € V, the question q; € Q, the answer 4; € A, primarily aiming to train a mapping that accurately
allocates responses across the answer set .[A. When a categorization layer with fixed parameters and
only one modality (either visual or textual) is given as input, the model predicts the answer distribution.
In our testing, we found that the model maintains a certain level of accuracy when solely provided
with either visual or question features, particularly when using UpDn as the baseline model. Alongside
insights from [22], we integrated the concept of visual bias into our approach. We defined this concept
in Equation (1):

By = cp(0(vy)), (1)

where B, denotes the distribution of answers with visual bias, v; denotes image v; € V, and ¢, denotes
the only-visual classification network. We consider B, as the bias on the image side of the model.

In summary, we consider visual bias in our approach as a complementary aspect to solve the bias
problem in VQA and treat it, together with linguistic bias, as a multimodal collaborative debiasing
problem to be solved.

3.2. Multimodal Collaborative Learning in VQA

In this section, we focus on the concepts related to collaborative learning.

In multimodal scenarios, especially when modal resources are limited, it becomes crucial to
accurately represent modal information as well as the multimodal knowledge required in the model
inference process. Collaborative learning aims to utilize the knowledge of a relatively resource-rich
modality to assist in modeling a resource-poor modality. Methods based on the concept of collaborative
learning can improve the representation performance of not only multimodal but also unimodal data.
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According to the difference of training resource categories in collaborative learning, collaborative
learning methods can be categorized into three types:

e Parallel data methods: in parallel data, the observation data of one modality in the dataset is
required to be directly associated with the observation data of another modality. For example,
in a video-audio dataset, it is required that the video and voice samples come from the same
speaker.

¢ Non-parallel data methods: in non-parallel data, methods do not require a direct correlation
between different modalities, and usually methods in this data context achieve co-learning
through overlap at the category level. For example, in OK-VQA, multimodal datasets are
combined with out-of-domain knowledge from Wikipedia to improve the generalization of
quizzes.

¢ Hybrid data approach: in hybrid data, different modalities are connected to each other through
shared modalities. For example, in the case of multilingual image captioning, the image modality
always matches the caption in any of the languages, and the role of intermediate modalities is to
establish correspondences between the different languages so that the images can be associated
to different languages.

Overall, collaborative learning aims to utilize complementary information across modalities so that
one modality can influence the other, thus creating better multimodal fusion models. In the next
section, we will further describe how collaborative learning can be combined with VQA.

3.3. CoD-VQA

In VQA, the question-image pairs in the dataset used for training tend to be strongly correlated,
i.e., the entity words in the questions tend to have corresponding detection regions in the images,
which suggests that there is the same semantics between the images and the questions, and that the
model can only make correct predictions when the semantics contained in the two are unified. In our
approach, we view the bias problem as both visual and linguistic modalities, which are independent
of each other, and all existing bias problems can be viewed as caused by the model ignoring the role of
a particular modality in the prediction.

In this context, when the semantics in the data is relatively simple, the semantics between multiple
modalities can be represented by a single modality, and the model can make a correct answer simply
based on the semantics of the single modality. And when the semantics in the data need to be combined
with both image and text, if the semantics of one modality is lost, even if the model makes a correct
answer, it can still be considered that the model does not have the ability to understand the multimodal
knowledge. Therefore, we regard image and text as parallel data under collaborative learning, and
they are directly related in training, unified through semantics, and assist each other to supplement
information for each other.

For example, under the condition of linguistic bias, we can assume that the model gets the answer
directly through the question, ignoring the language of visual modality. In collaborative learning, the
textual modality is used as the "rich" modality and the visual modality as the "scarce" modality in
this training. Similarly, in the visual shortcut condition, the textual modality can be regarded as the
"scarce" modality and the visual modality as the "rich" modality. The CoD-VQA algorithm consists of
three steps:

1. Bias prediction: single branch prediction of instances Q and V in the training dataset to obtain
unimodal predictions B, and By.

2. Modality selection: based on the B; and B, obtained in the previous step, binary cross-entropy
calculation is performed with labels to obtain the corresponding bias loss in different modalities.
Then according to the size of the loss and the result of the bias detector, we determine which
modality in the image and text is the "deprived" modality.
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3. Modal Fusion: After determining which modality is "deprived", we fix the "enriched" modality
and use modal fusion to get a new modal representation, which enhances the "deprived" modality
in the joint representation. We use modal fusion to obtain a new modal representation, which
enhances the participation of the "scarcity” modality in the joint representation.

3.4. Reducing Bias

In this section, we describe how we apply collaborative learning to the VQA debiasing problem
in the context of the Algorithm 1.

Algorithm 1: CoD-VQA
Input :Image coded representation:V; Text coded representation: Q.
Output: Fusion Modal:Joint_modal.

Initialize:Coor, < 0, Coorq +— 0.
Function CoD(V, Q):
By, By < CIs(V, Q)
Ly < L(By, labels)
Ly < L(By, labels)
if M(By) * Ly < M(By) * Ly, then
‘ Coory + 1;
else
L Coorg + 1;
| Joint_modal = [Coory x Z(V) + Coorg x Z(Q)] * (V x Q)
return Joint_modal

3.4.1. Bias Prediction

Similar to previous research, the most straightforward way to capture VQA bias is to train a
model that accepts only one modal input and use it as a bias-capturing branch in the overall model.
Specifically, the unimodal bias branch can be represented as Equation (2):

{Bv = co(0(v;))
)

2)
B, = Cq(a(qz) ’

where B, (x € {v,q}) denotes the bias under unimodal branching. c. (x € {v,q}) denotes the
classification prediction layer, which is used to obtain the prediction results. v; denotes image v; € V
and g; denotes question g; € Q.

3.4.2. Selecting the “Scarce” Modality

The key step in our approach is to determine which modality is missing in the bias condition,
and we define the missing modality as the "scarce" modality. To be clear, we believe that the cause of
the bias problem can be explained in terms of missing modalities, which are generated by the model
when processing the biased samples, and that it is not reasonable to identify "scarce" modalities in
training by artificial definitions. Therefore, in our approach, we utilize the bias prediction defined in
the previous subsection to assist in the judgment. Specifically, after obtaining the biases, we calculate
the cross-entropy loss between them and the correct answers, and determine which modality should
be used as the "scarce” modality based on the size of the resulting loss. The specific process is defined
in Algorithm 1 as Equations (3) and (4):

Ly, = L(By,labels) 3)
L; = L(By, labels),
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{COOT’U =1 if M(By) %Ly < M(By) % Ly @

Coorg =1 if M(By) * Lg > M(By) * Lo,

where L, (x € {v,q}) denotes the loss of the corresponding single-branch bias after cross-entropy
computation with the true prediction, respectively, and Coor. (x € {v, q}) denotes the "scarce" modality
identified in the methodology, which has an initial value of 0. mathcal M represents the bias detection
classifier, which is used to detect whether the prediction corresponding to the current unimodal
mode can be considered as biased. In our approach, we intuitively determine the "rich" modality
by comparing the loss corresponding to the bias: a biased pair of samples usually corresponds to a
prediction that is initially closer to the true result, which corresponds to a lower loss, whereas the
other modality can be considered as a "scarce" modality. " modality. However, this approach is based
on the assumption that all samples of the training data are biased, whereas in reality, not all samples
are biased or the presence of bias in the samples does not always have a negative impact on training.
Therefore, we introduce the M classifier as a bias detector for determining the degree of bias in the
current sample.

3.4.3. Modality Fusion

After identifying the "scarce” modality, we perform a re-mapping and fusion of the modalities.
Inspired by the work of CF-VQA [15], we consider the bias induced by each single modality and the
direct impact on the model as mutually independent. Consequently, we re-map the features of the
"scarce” modality and fuse them with the original modality, represented as Equation (5):

Joint_modal = [Coory * Z(V) 4 Coorg * Z(Q)] * (V * Q), )

where Joint_modal denotes the newly fused mixed modality, and Z represents the mapping layer used
for feature handling.

During the training process, we adopt a two-stage training approach to update the different
phases of the algorithm, as illustrated in Figure 3. In the first training phase, we determine the
"scarce" and "rich" modalities during training based on modeled biases and the bias detector, updating
the relevant parameters of the bias detector. In the second training phase, based on the identified
modalities, we proceed with a new round of modality fusion to ensure the model can recognize and
predict from different modality sources, updating the classification layers used for prediction.

Fisrt Phase Second Phase

GT
Deficient
Modal

VQA

Deficient ; :
> ~ .
Modal Model

@

Figure 3. Two-stage training process in our approach: the first stage focuses on bias identification and

modality determination, while the second stage re-fuses the "scarce" modality and predicts answers.

4. Experiments

In this section, we present the experimental results of our method on different datasets to validate
its effectiveness.


https://doi.org/10.20944/preprints202401.1211.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 January 2024 doi:10.20944/preprints202401.1211.v1

8 of 14

4.1. Datasets and Evaluation

Our experiments are mainly tested on the VQA v2 and VQA-CP v2 datasets, where the VQA-CP
v2 dataset is composed by reorganizing the VQA v2 dataset with the aim of making the answers under
the same question word exactly opposite in the training and test sets. In addition, the VQA-VS dataset,
which is a new benchmark proposed in a recent study for the bias assessment benchmark problem,
is similarly constituted by re-slicing the VQA v2 dataset and by setting a shortcut based on different
elements as a bias selection. For the evaluation of the results, we use the standard VQA evaluation
metrics: answer prediction accuracy, and the CGD criterion, which is used to assess whether visual
information is employed in answer decision making.

4.2. Results on the VQA-CP v2 and VQA v2 Datasets

4.2.1. Quantitative Results

We compare our CoD-VQA method with state-of-the-art methods on VQA-CP v2 and VQA
v2 using the evaluation metric of answer prediction accuracy, as shown in Table 1. From the table,
we observe:

1. Comparing to the backbone models used, our method demonstrates a significant improvement
over the UpDn baseline model, achieving an approximate 20% performance boost, showcasing
the effectiveness of our approach in reducing language bias.

2. Our method also exhibits considerable performance gains compared to other debiasing methods.
CoD-VQA achieves state-of-the-art performance without using additional annotations, obtaining
the best overall accuracy in the "All" category. In specific question types, the CF-VQA variant
performs best in "Y/N" questions, while CoD shows better performance in question types
requiring more visual content, labeled as "Other."

3. Comparing with methods employing data augmentation and additional annotations, our
approach similarly demonstrates competitive performance. When using the same UpDn
baseline model, our method exhibits approximately 1.8% improvement over the latest
feature-enhancement method, D-VQA. Additionally, CoD outperforms in the "Other" question
category, strongly validating the efficacy of our debiasing approach.

4. On the VQA v2 dataset, our method displays robust generalization capabilities, overcoming the
constraints of unknown regularization effects present in the v2 dataset.
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Table 1. The results of VQA-CP v2 test set and VQA v2 validation set are presented in the following
table. Each column illustrates the Best performances of each method, excluding data augmentation

techniques. Our CoD method has been compared with state-of-the-art methods on both datasets.

Data Set VQA-CP v2 Test VQA v2val

Method Base All Y/N Num. Other All Y/N Num. Other
GVQA - 31.30 5799  13.68 2214 4824 72.03 31.17 34.65
SAN - 2496 3835 11.14 21.74 5241 70.06 39.28 47.84
UpDn - 39.96 43.01 12.07 45.82 63.48 81.18 42.14 55.66
S-MRL - 3846 4285 1281 43.20 63.10 - - -
HINT UpDn 4673 6727  10.61 45.88 63.38 81.18 4299 55.56
SCR UpDn 4945 7236  10.93 48.02 62.2 78.8 41.6 54.5
AdvReg UpDn 41.17  65.49 15.48 35.48 62.75 79.84 42.35 55.16
RUBI UpDn 4423 6705 1748 39.61 - - - -
RUBI S-MRL 47.11 6865 20.28 43.18 61.16 - - -
LM UpDn 4878 7278  14.61 45.58 63.26 8l.16 4222 55.22
LMH UpDn 5201 7258 31.12 4697 5635 65.06 37.63 54.69
DLP UpDn 4887 7099 1872 4557 5796 76.82  39.33 48.54
DLR UpDn 4887 7099 18.72 4557 5796 76.82  39.33 48.54
AttAlign UpDn 3937 43.02 11.89 45.00 63.24 8099 4255 55.22

CF-VQA(SUM) UpDn 5355 9115  13.03 4497  63.54 82.51  43.96 54.30
Removing Bias LMH 5455 7403 49.16 45.82 - - - -

CF-VQA(SUM) S-MRL 55.05 90.61 2150 45.61 6094 81.13 43.86 50.11
GGE-DQ-iter UpDn 5712 8735 26.16 49.77 5930 73.63  40.30 54.29
GGE-DQ-tog UpDn 5732 87.04 2775 49.59 5911 7327  39.99 54.39

AdaVQA UpDn 5467 7247 53.81 4558 - - - -
CoD(Ours) UpDn 6014 8566 39.08 5254 6286 7865 4501 5413
Methods of data augmentation and additional annotation:

AttReg LMH 5992 8728 5239 4765 6274 7971 41.68  55.42
CSss UpDn 5895 8437 4942 4824 5991 725 3977 5511
CSs+CL UpDn 59.18 8699 4989 4716 5729 6727 3840 5471
Mutant UpDn 6172 8890 49.68  50.78 6256 8207 4252 5328
D-VQA UpDn 6191 8893 5232 5039 6496 8218 4405 5754
KDDAug UpDn 6024 86.13 55.08  48.08 6286 8055 41.05 55.18
OLP UpDn 5759 8653 29.87  50.03 - - - -

4.2.2. Qualitative Results

To further demonstrate the effectiveness of our method on the dataset, we present visual cases in
Figure 4. The first row illustrates examples of visual shortcut biases. Under the prediction of the UpDn
model, it misidentifies the correct region, despite covering a part related to the question, resulting in
an incorrect answer. Our model accurately localizes the image region and provides the correct answer.
The second row showcases instances of language bias. Both UpDn and our model correctly identify
relevant image regions. However, UpDn tends to utilize distribution bias to answer questions, whereas
our model leverages visual information to provide the correct answer.
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‘What color is the rug on the floor? Our : gray UpDn : tan

Figure 4. Qualitative comparison of our CoD-VQA with UpDn on the VQA-CP v2 test set, focusing on
language and visual biases.

4.3. Ablation Studies

4.3.1. Modality Selection Evaluation

Within the initial phase of our method’s training process, we establish a modality selection module
to identify the "scanty modality." To assess the efficacy of this modality, we conduct experiments on
the VQA-CP v2 dataset by excluding the modality selection module and employing a fixed "scanty"
modality instead. The experimental results are shown in Table 2:

Table 2. Effect of different "scanty” modalities on model accuracy.

Language Vision Both VQA-CP Test
1 v 54.72
2 v 56.36
3 v 60.14

From Table 2, the following conclusions can be drawn:

1. Distinguishing different scanty modalities within samples has a beneficial impact on model
performance.

2. Language modality biases are more challenging in the overall bias problem in VQA compared
to visual modality biases. When we default the "scanty” modality to the visual modality, the
model’s performance improves slightly compared to when fixed as the language modality.

These results indicate that determining the "scanty” modality contributes to enhancing model
performance.

4.3.2. Comparison of Other Baseline Models

In this subsection, we examine the effectiveness of our method by utilizing pre-trained models
and other baseline models. We test our approach on the VQA-CP v2 dataset, and the results are shown
in Table 3.
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Table 3. CoD-VQA experimental results on pre-trained models and performance on different
baseline models.

Model Yes/No Num. Other Overall
SAN 39.44 1291 46.65 39.11
+CoD 81.81 47 .46 38.20 52.56
UpDn 43.01 12.07 45.82 39.96
+CoD 85.66 39.08 52.54 60.14
RuBi 67.05 17.48 39.61 44.23
+CoD 79.93 45.78 46.04 55.87
LXMERT 42.84 18.91 55.51 46.23
+CoD 82.51 57.84 58.64 65.47
+D-VQA 80.43 58.57 67.23 69.75

Table 3 presents our CoD method’s results on the LXMERT pre-trained model. It’s evident
that our method exhibits more significant performance improvements when using LXMERT as the
baseline model. Our primary objective is to facilitate modalities "aiding" each other in information
acquisition, leading to better fusion between different modalities. The modality encoders obtained by
large-scale pre-trained models are more effective in representing features for the same samples. Hence,
we employ the feature extractor from the LXMERT encoder layer in our method for efficient feature
representation. Results indicate some performance gains on top of LXMERT. Additionally, compared
to other LXMERT-based D-VQA versions, CoD demonstrates competitive performance. Meanwhile,
our approach exhibited a certain degree of performance enhancement when combined with other
baseline models.

4.3.3. VQA-VS

Recent studies highlight that the composition of the VQA-CP v2 dataset considers only one type
of shortcut, i.e., shortcut between question types and answers, while VQA-VS reconstructs the VQA v2
dataset, considering three different shortcut categories to include various false associations. Therefore,
we conducted experiments of CoD on the VQA-VS benchmark, and the experimental results are shown
in Table 4.

Table 4. Experimental Results of CoD-VQA on the VQA-VS dataset, showcasing relevant experimental
report findings from this dataset. Each column displays the corresponding Best and second

performance results.

VQA-VS OOD Test Sets

Model Base Language-Based Visual-Based Multi-Modality Mean
QT KW KWP OQT+KW KO KOP QT+KO KW+KO QT+KW+KO
S-MRL - 2733 39.80 53.03 51.96 27.74 35.55 4217 50.79 55.47 42.65
UpDn 3243 45.10 56.06 55.29 3339 4131 46.45 54.29 56.92 46.80
+LMH UpDn 3336 4397 5476 53.23 33.72  41.39 46.15 51.14 54.97 45.85
+SSL UpDn 3141 4397 5474 53.81 3245 4041 45.53 52.89 55.42 45.62
BAN - 3375 46.64 5836 57.11 3456 42.45 47.92 56.26 59.77 4853
LXMERT - 36.46 5195 64.17 64.22 37.69 46.40 53.54 62.46 67.44 53.70
CoD-VQA(Ours) UpDn 3291 49.65 62.65 61.51 3446 43.58 51.47 60.84 66.35 51.49

In Table 4, we report the performance of CoD-VQA under various shortcuts in the
VQA-VS benchmark. In Table 4, various evaluation metrics can be categorized into language
modality-based shortcuts: QT (Question Type), KW (Keyword), KWP (Keyword Pair), QTKW
(Question Type+Keyword); visual modality-based shortcuts: KO (Key Object), KOP (Key Object
Pair); and cross-modal shortcuts: QTKO (Question Type+Key Object), KWKO (Keyword and Key
Object), QTKWKO (Question Type, Keyword, and Key Object).
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Our method exhibits competitive performance when addressing specific shortcut issues in the
VQA-VS dataset using the same baseline model. In cases of language modality shortcuts, our method
notably improves performance regarding biases induced by Keywords. Similarly, our approach shows
some enhancement in the visual modality aspect. This demonstrates the effectiveness of our method
in mitigating biases from a modality perspective.

4.4. Analysis of Other Metrics

In our approach, we enable collaborative training among different modalities by identifying the
"scarce” modality. To validate whether this "scarce" modality is involved in the model’s final reasoning
process, we used additional evaluation standards on the VQA-CP v2 dataset to assess the involvement
of the "visual modality" in our method.

For a detailed understanding of CGD, please refer to the papers [11,19]. Here, we provide a
brief overview. The core idea behind CGD is that during inference, the model’s utilization of visual
information should not only contribute to correct predictions based on appropriate visual evidence
but also highlight incorrect answers resulting from inappropriate visual cues.

In Table 5, we present a comparison between our method and others in terms of CGD. Compared
to GGE [11], our approach reduces the rate of the model using incorrect visual regions to answer
questions, thereby achieving a certain level of accuracy in the overall CGD standard, akin to the GGE
method. The enhancement in CGD performance indicates an improvement in our method’s ability to
leverage visual information for answer prediction.

Table 5. Experiment on the evaluation metric CGD using the CoD-VQA 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
HINT 45.21 34.87 10.34
RUBIi 39.60 33.33 6.27
LMH 46.44 35.84 10.60

CSS 46.70 37.89 8.87
GGE-DQ-iter 44.35 2791 16.44
GGE-DQ-tog 42.74 27.47 15.27

CoD (Ours) 37.50 21.46 16.04

5. Conclusions

In this paper, we have introduced a de-biasing model for Visual Question Answering (VQA) based
on multimodal collaborative training. Our approach considers image and text features in VQA as
equally important modalities and employs the concept of collaborative learning to assist each other in
training, mitigating bias issues from a modality feature perspective. Specifically, within the de-biasing
process, we defined symmetrical language and visual biases, categorizing the reasons behind biases
as attentional deficits of modality information during model predictions. Subsequently, we further
utilized the concept of collaborative learning to define the missing "scarce”" modality during training.
Leveraging mutual assistance among modalities in training, we aimed to achieve better modal fusion
and feature representation, thereby addressing bias issues. Our extensive experiments conducted on
benchmark datasets, VQA-CP v2, VQA v2, and the novel de-biased dataset VQA-VS, demonstrate the
effectiveness of our CoD-VQA method in tackling bias-related problems.

Author Contributions: Conceptualization, Q.L.; data curation, Q.L.; formal analysis, Q.L. and S.C.; investigation,
Q.L. and S.C.; supervision, S.C. and X.Z; visualization, A.N.; writing—original draft, Q.L.; writing— review and
editing, Q.L., S.C. and X.Z. All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.


https://doi.org/10.20944/preprints202401.1211.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 January 2024 doi:10.20944/preprints202401.1211.v1

13 of 14

Data Availability Statement: All the data used in this paper are available on these collections: https://phoebussi.
github.io/VQA-VS-homepage/; https:/ /www.iro.umontreal.ca/~agrawal/vqa-cp/; https:/ /visualqa.org/index.
html. Our code can be read at: https://github.com/EASONGLLL/Coor

Conflicts of Interest: The authors declare no conflict of interest.

References

1.  AGRAWAL, A., BATRA, D., AND PARIKH, D. Analyzing the behavior of visual question answering models.
arXiv preprint arXiv:1606.07356 (2016).

2. ARORA, R., AND LIVEscU, K. Multi-view cca-based acoustic features for phonetic recognition across
speakers and domains. In 2013 IEEE International Conference on Acoustics, Speech and Signal Processing (May
2013).

3. BALTRUSAITIS, T., AHUJA, C., AND MORENCY, L.-P. Multimodal machine learning: A survey and taxonomy.
IEEE Transactions on Pattern Analysis and Machine Intelligence (Feb 2019), 423—443.

4.  CADENE, R., DANCETTE, C., CORD, M., PARIKH, D., ET AL. Rubi: Reducing unimodal biases for visual
question answering. Advances in neural information processing systems 32 (2019).

5. CHEN, L, YAN, X., XIAO, J., ZHANG, H., PU, S., AND ZHUANG, Y. Counterfactual samples synthesizing
for robust visual question answering. In Proceedings of the IEEE/CVF conference on computer vision and pattern
recognition (2020), pp. 10800-10809.

6. CHEN, T., KORNBLITH, S., NOROUZI, M., AND HINTON, G. A simple framework for contrastive learning of
visual representations. Cornell University - arXiv,Cornell University - arXiv (Feb 2020).

7. CLARK, C., YATSKAR, M., AND ZETTLEMOYER, L. Don’t take the easy way out: Ensemble based methods
for avoiding known dataset biases. arXiv preprint arXiv:1909.03683 (2019).

8. FROME, A., CORRADO, G., SHLENS, J., BENGIO, S., DEAN, J., RANZATO, M., AND MIKOLOV, T. Devise: A
deep visual-semantic embedding model. Neural Information Processing Systems,Neural Information Processing
Systems (Dec 2013).

9. Guo, Y., CHENG, Z., NIE, L., L1U, Y., WANG, Y., AND KANKANHALLI, M. Quantifying and alleviating the
language prior problem in visual question answering. In Proceedings of the 42nd international ACM SIGIR
conference on research and development in information retrieval (2019), pp. 75-84.

10. HAN, X., WANG, S., SU, C., HUANG, Q., AND TIAN, Q. Greedy gradient ensemble for robust visual
question answering. arXiv: Computer Vision and Pattern Recognition (2021).

11. HAN, X., WANG, S., SU, C., HUANG, Q., AND TIAN, Q. Greedy gradient ensemble for robust visual question
answering. In Proceedings of the IEEE/CVF International Conference on Computer Vision (2021), pp. 1584-1593.

12.  HAN, X., WANG, S., SU, C., HUANG, Q., AND TIAN, Q. General greedy de-bias learning. IEEE Transactions
on Pattern Analysis and Machine Intelligence (2023).

13. L1y, ]., FaN, C., ZHOU, F., AND XU, H. Be flexible! learn to debias by sampling and prompting for robust
visual question answering. Information Processing &amp; Management (May 2023), 103296.

14. Luo, H., LIN, G, YAO, Y., L1y, F,, L1U, Z., AND TANG, Z. Depth and video segmentation based visual
attention for embodied question answering. IEEE Transactions on Pattern Analysis and Machine Intelligence 45,
6 (Jun 2023), 6807-6819.

15. NIU, Y., TANG, K., ZHANG, H,, LU, Z., HUuAa, X.-S., AND WEN, J.-R. Counterfactual vqa: A cause-effect
look at language bias. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition
(2021), pp. 12700-12710.

16. OORD, A., L1, Y., AND VINYALS, O. Representation learning with contrastive predictive coding. Cornell
University - arXiv,Cornell University - arXiv (Jul 2018).

17. RAMAKRISHNAN, S., AGRAWAL, A., AND LEE, S. Overcoming language priors in visual question answering
with adversarial regularization. Advances in Neural Information Processing Systems 31 (2018).

18. SELVARAJU, R. R., LEE, S., SHEN, Y,, JIN, H., GHOSH, S., HECK, L., BATRA, D., AND PARIKH, D. Taking a
hint: Leveraging explanations to make vision and language models more grounded. In Proceedings of the
IEEE/CVF international conference on computer vision (2019), pp. 2591-2600.

19. SHRESTHA, R., KAFLE, K., AND KANAN, C. A negative case analysis of visual grounding methods for vqa.
arXiv preprint arXiv:2004.05704 (2020).


https://phoebussi.github.io/VQA-VS-homepage/
https://phoebussi.github.io/VQA-VS-homepage/
https://www.iro.umontreal.ca/~agrawal/vqa-cp/
https://visualqa.org/index.html
https://visualqa.org/index.html
https://github.com/EASONGLLL/Coor
https://doi.org/10.20944/preprints202401.1211.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 16 January 2024 doi:10.20944/preprints202401.1211.v1

14 of 14

20. SOCHER, R., GANJOO, M., SRIDHAR, H., BASTANI, O., MANNING, C., AND NG, A. Zero-shot learning
through cross-modal transfer. International Conference on Learning Representations,International Conference on
Learning Representations (Jan 2013).

21. WANG, ]J., PRADHAN, M. R., AND GUNASEKARAN, N. Machine learning-based human-robot interaction in
its. Information Processing &amp; Management 59, 1 (Jan 2022), 102750.

22. WEN, Z,, XU, G., TAN, M., WU, Q., AND WU, Q. Debiased visual question answering from feature and
sample perspectives. Advances in Neural Information Processing Systems 34 (2021), 3784-3796.

23. YUHAS, B., GOLDSTEIN, M., AND SEJNOWSKI, T. Integration of acoustic and visual speech signals using
neural networks. IEEE Communications Magazine (Nov 1989), 65-71.

24. ZHU, X., MAO, Z., L1U, C., ZHANG, P., WANG, B., AND ZHANG, Y. Overcoming language priors with
self-supervised learning for visual question answering. arXiv preprint arXiv:2012.11528 (2020).

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those
of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s)
disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or
products referred to in the content.


https://doi.org/10.20944/preprints202401.1211.v1

	Introduction
	Related Work
	Language Bias
	Multimodal Fusion
	Collaborative Learning

	Methods
	Definition of Bias
	Multimodal Collaborative Learning in VQA
	CoD-VQA
	Reducing Bias
	Bias Prediction
	Selecting the ``Scarce'' Modality
	Modality Fusion


	Experiments
	Datasets and Evaluation
	Results on the VQA-CP v2 and VQA v2 Datasets
	Quantitative Results
	Qualitative Results

	Ablation Studies
	Modality Selection Evaluation
	Comparison of Other Baseline Models
	VQA-VS

	Analysis of Other Metrics

	Conclusions
	References

