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Abstract: In recent years, with the development of deep learning technology, visual question answering tasks have gradually
attracted the attention of scientific researchers. Due to the continuous improvement of relevant large-scale standard data sets, a
large number of visual questions answering research results have been released one after another, and the accuracy rate of the
visual question answering model based on deep learning on the data set has been continuously improved. Recent studies have
found that the previously proposed visual question answering model has different degrees of data set language prior problems,
that is, the model is overly dependent on the strong phase between the question and the answer in the training process. Many
articles briefly describe various research methods, and look forward to the future development direction of alleviating the prior
problem of visual question answering based on the existing research.
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1.

Visual question answering (VQA) is one of the
representative problems in the intersection of computer vision
and natural language processing, and is an important research
task of artificial intelligence. The goal of this task is that the
question answering model takes the given image and text
questions as input and gives the correct answer through the
visual question answering model. Thanks to the development
of deep learning, computer vision, natural language
processing and other technologies, as well as the continuous
improvement of related data sets, a large number of visual
questions answering research results have emerged in recent
years.

Due to the enthusiasm of researchers for visual question
answering tasks, more and more complex models achieve
higher and higher accuracy rates on larger and larger data sets.
However, recent studies have shown that the current SOTA
(state-of-the-art) visual question answering model lacks a
good image foundation and answers questions by making
extensive use of the superficial correlation between questions
and answers in the training data, that is, language priors.
question. This leads to the fact that the model trained on the
dataset cannot be well applied to the real world. The training
model affected by the language prior question will blindly
output the answer according to the first few predicted word
distributions of the question. If the answer to the question
asking the number of questions in the training data is the
highest proportion of "2", the model will use "2" As the
question "How many ... in the graph?" predicts the answer;
answering "yes/no" questions also give affirmative answers
due to the large number of questions answered "yes" during
training. During training, the model focuses too much on the
superficial association between the question and the answer,
while ignoring the more information contained in the image.
This is very unreasonable. The generalization and robustness
of the model trained in this way are severely limited; the same
unreasonable problem is that there is a strong language prior
in the test data with the same distribution as the training data,
which leads to the performance of the model cannot be
accurately evaluated under the existing evaluation criteria.
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Usually tested on datasets with different question-answer
distributions, most existing models experience significant
performance degradation.

2. Related Work

2.1. Improvements for Dataset

Agrawal et al. proposed the VQA-CP dataset, which is a
repartition of the existing VQA dataset, where the split of the
answer distribution for each question type in the training and
test sets is inverted. For example, in the training of VQA-CP
vl, "tennis" was the most common answer to the question
"What sport is...?". And "skiing" is uncommon; in the test
split, this prior is reversed. The VQA-CP dataset is currently
the main dataset for dealing with language priors.

In order to minimize the influence of language prior in the
dataset on training, some scholars are committed to
constructing a balanced dataset. Zhang et al. [1] collect fine-
grained scene pairs for each question type asking “yes/no”
such that for the exact same question, the answer to one scene
is “yes” and the answer to another scene is "No"; Goyal et al.
[2] also balance the VQA dataset by collecting
complementary images, so that each question is not only
related to one image, but to a pair of similar pictures.
AGRAWAL et al. [3] re-divided the VQA-v2 dataset so that
the distribution of each question type (such as "what color...",
"how much...", etc.) and its answer is different on the training
set and the test set is large, so models with poor image bases
and overly reliant on language priors will perform poorly on
this new split. The re-divided VQA-CP data set improves the
strong correlation between the questions and answers of the
original VQA data set to a certain extent. Currently, this
dataset is mainly used to evaluate the generalization ability of
the VQA model.

2.2. Improvements for Visual Question
Answering Models

2.2.1. Methods based on Strengthening Visual
Information

Selvaraju et al. [4] proposed the HINT method (Human
Importance-aware Network Tuning), which is a general



framework for aligning network sensitivity with input regions
that humans consider relevant to tasks. This method can
effectively use human demonstrations to improve the visual
basis, HINT encourages deep networks to be sensitive to the
same input regions as humans. This method optimizes the
alignment between human attention maps and gradient-based
network importance to ensure that model training relies on
task-relevant visual concepts for human predictions.

Li et al. [5] proposed a relation-aware graph attention

network (Relation-Aware Graph Attention Network, ReGAT).

This method constructs a relational graph for each image, and
uses the attention mechanism to analyze the relationship
between multiple types of objects. Modeling is performed to
learn adaptive relational representations between problems.
The relationship between objects is divided into explicit
relationship and implicit relationship. The former is used to
represent the geometric position relationship of objects and
the semantic interaction relationship between objects, and the
latter is used to capture implicit activities in image regions
and hidden relationships between regions. Experiments show
that on the VQA V2 and VQA-CP datasets, ReGAT's
performance takes the lead; the article further shows that
ReGAT can be used as a general encoder to embed today's

cutting-edge visual question answering models and improve
their performance in terms of robustness.

Hirota et al. [6] believe that it is difficult for traditional
deep visual features to capture all the details in the image as
humans do. At the same time, with the recent progress of
natural language models, the authors propose to replace the
"image-question" pair with the "description-question" pair as
input and feed them into a language-only Transformer model.
Experiments show that models based on deep visual features
are not more competitive than pure language models.

Si et al. [7] proposed a select-and-rerank (SAR) framework
based on Visual Entailment, in which the Visual Entailment
task is used to judge the degree of correlation between the
given text and the image. Specifically, the method first selects
answers that are highly relevant to the image or question as
candidates, and then uses Visual Entailment to verify whether
the image semantically contains the synthetic statement of the
question and the candidate answer. The SAR framework is a
general framework, which can make full use of the interaction
between images, questions and candidate answers, and can be
combined with existing VQA models to improve its
performance.

Table 1. Methods based on strengthening visual information [24]

VQA-CP v2 test VQA v2 val
Methods Base
All Y/N Num Other All Y/N Num Other
AttAlign[4] UpDn 39.37 43.02 11.89 45.00 63.24 80.99 42.55 55.22
HINT[4] UpDn 46.73 67.27 10.61 45.88 63.38 81.18 42.99 55.56
SCR[25] UpDn 49.45 72.36 10.93 48.02 62.20 78.80 41.60 54.50
ReGAT[5] UpDn 40.42 - - - 67.18 - - -
ESR[26] UpDn 48.90 69.80 11.30 47.80 62.60 - - -
VGQE[27] UpDn 48.75 - - - 64.04 - - -
Picture[6] UpDn 43.64 45.13 20.06 49.33 69.74 87.91 56.47 59.43
SAR[7] UpDn 61.71 - - - - - - R
KAN[28] UpDn 42.60 4212 15.52 50.28 - - - -
2.2.2. Methods based on Weakening Language Priors generalization ability of binary questions, but it will weaken
Ramakrishnan et al. [8] introduced adversarial the performance on questions with heterogeneous answer

regularization (AdvReg) to the visual question answering task.

It introduces a question-only model that uses the question
encoding in the VQA model as input to capture as much
language bias information as possible in the question
encoding of the model, as shown in Figure 1. Then, the
training process is regarded as an adversarial training between
the main visual question answering model and the question-
only model to prevent the main model from continuing to use
the language bias information captured by the question-only
model during the training process. At the same time, the
article introduces the confidence measurement standard,
which encourages the model to pay more attention to visual
information by showing the rule to maximize the confidence

difference between the two models. Subsequently, Grand et al.

[9] studied the advantages and disadvantages of this
adversarial regularization, and found some undesirable side
effects of AdvReg, including the adversarial training method
will bring a lot of noise to the gradient, resulting in unstable
gradients and in-domain examples. (indomain example)
Performance degrades dramatically. This study shows that
introducing regularization during training can help alleviate
the above problems but cannot completely solve them.
Through error analysis, it is found that AdvReg improves the
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distribution; it also finds that the regularization model tends
to rely too much on visual features, while ignoring the
important in the question. language clues.
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Figure 1. Diagram of introducing confrontational regularization
visual question answering model

When training a deep network classifier on a multimodal
dataset, multimodal data is exploited at different scales, all
modalities contribute to better classification, and some
modalities are better than others in actual training. states are
more likely to contribute to the classification results. This is
not ideal for training because the classifier is inherently
biased towards a subset of modalities causing the model to
ignore data from one or more other modalities. In order to
alleviate this shortcoming, Gat [10] et al. proposed a new



regularization term based on function entropy, which
encourages to balance the contribution of each modality to the
classification results; and designed a method based on the
"log-Sobolev" inequality method, binding the function
entropy with its Fisher information to maximize the amount
of information contributed by the mode.

Cadene et al. [11] proposed the RUBi (Reducing Unimodal
Biases) training strategy to reduce the bias in the visual
question answering model. This strategy reduces the most
biased samples, that is, samples that can be answered
correctly without image information. The visual question
answering model designed in this article uses two input
modules to replace the dependence on the surface correlation
between questions and answers, and captures language bias
during training through a question-only model, through which
the loss is dynamically adjusted to compensate for the effects
of prejudice. The specific process refers to treating the
prediction result of the problem model as a mask between 0
and 1, and merging the prediction result distribution of the
main model with the prediction distribution of only the
problem model before using the prediction result to calculate
the loss, and correcting the prediction result, the mask is used
to dynamically change the loss, that is, the mask is multiplied
by the original prediction result to generate a new prediction
result. It can be seen that this strategy increases the score of
the correct answer through the mask output by the question
model and reduces the score of other answers, which
ultimately leads to a reduction in the loss caused by biased
samples and reduces the importance of biased samples. Clark
et al. [12] designed a new method based on this. The first step
is still to train a question-only model that captures bias; the
second step is to train a main model that integrates the
question-only model. When the article constructs the model,
it presupposes a strong assumption that the bias factors in the
known samples are independent of other factors except the
bias factors. Because this assumption is too strong, the article
introduces a new learning factor g(x!) in subsequent
experiments to show the correlation between the two. And for
the case where g(x!) is zero, a regularization method that
adds entropy penalties to the loss is designed, through which
the model's attention to the answers of highly biased samples
is reduced.

Han [13] et al. analyzed several robust visual question
answering models through experiments, and proposed that
language bias in VQA can be divided into distribution bias

and shortcut bias, and based on this, a greedy gradient
integration (Greedy Gradient Ensemble, GGE) strategy to
eliminate these two biases. GGE combines multiple biased
models for integrated training to achieve an unbiased model:
a greedy strategy is used to force the biased model to overfit
the biased data from the beginning, so that the basic model
can pay more attention to the biased model that cannot be
solved of samples. Experiments show that this method can
make better use of visual information and achieve good
performance on the VQA-CP dataset without using additional
annotations.
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Figure 2. RUBI training strategy diagram

Shrestha et al. [23] pointed out in their article that the
performance improvement of the method of alleviating VQA
language bias is not the result of improving the visual basis,
but often the result of regularization to prevent over-fitting
language priors, even if random, irrelevant the visual cues of
the model can also have a similar improvement effect on the
model. The article further demonstrates that there is no
statistically significant change in model predictions for
correlated, unrelated, or random regions. Therefore, the
article proposes a regularization method under the assumption
that degrading the model on the training set will reduce its
dependence on language priors and improve test accuracy.
This method always penalizes the model regardless of
whether its predictions are correct or not, in order to achieve
the purpose of model degradation. It is worth mentioning that
the article questioned whether visual cues were actually used.

Table 2. Methods based on weakening language priors [24]

VQA-CP v2 test VQA v2 val
Methods Base

All Y/N Num Other All Y/N Num Other
AdvReg[8] UpDn 41.17 65.49 15.48 34.48 62.75 79.84 42.35 55.16

GRL[9] UpDn 42.33 59.74 14.78 40.76 - - - -

RUBI[11] UpDn 4423 67.05 17.48 39.61 - - - -
LM[12] UpDn 48.78 72.78 14.61 45.58 63.26 81.16 42.22 55.22
LM+H[12] UpDn 52.01 72.58 31.12 46.97 56.35 65.06 37.63 54.69

Semantic[21] UpDn 47.50 - - - - - - -

RMFEJ[10] UpDn 54.55 74.03 49.16 45.82 - - - -
GGE-DQJ13] UpDn 57.32 87.04 27.75 49.59 59.11 73.27 39.99 54.39
LPF[29] UpDn 55.34 88.61 23.78 46.57 55.01 64.87 37.45 52.08

2.2.3. Methods Based on Data Argumentation
Hirota [6] et al. use descriptive text to replace traditional
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deep visual features, while increasing the diversity of training
data to avoid learning language bias. Experiments show that



most data augmentation techniques improve model
performance, especially question-based back-translation
performs very well.

Chen et al [15] proposed a cross-modal training strategy for
model-independent Counterfactual Samples Synthesizing and
Training (CSST), where CSS (Counterfactual Samples
Synthesizing) consists of two types of sample synthesis: V-
CSS and Q-CSS. For V-CSS, a counterfactual image is
synthesized by masking key objects in the original image, and
anew image-question (VQ) pair is composed of the generated
counterfactual image and the original text image; for Q-CSS,
by using a special the counterfactual question is synthesized
by replacing keywords in the original question with the tag
"MASK", and a new VQ pair is composed of the generated
counterfactual question and the original image. For newly
generated samples, a dynamic answer allocation mechanism
is used to form new triplet samples. By using this method for
sample amplification, the model can pay more attention to the
visual area related to the question, that is, to answer the
correct area; and be sensitive to the language change of the
question, that is, when the sensitive word in the question
changes. The answers to should also change accordingly,
improving the visual interpretability and question sensitivity
of the model. The dynamic answer assignment mechanism
designed in this paper approximates the answers of all
synthesized vision-question pairs, avoiding expensive human
annotations.

Image Question Answer
| |
Original : What color is the man's tie green | (a)
I
I T
V-CSS : What color is the man's tie NOT green |(b)
I

Q-Css

(c)

Figure 3. Counterfactual Samples Synthesizing diagram

Zhu et al. [16] also adopted a strategy-assisted model with
enlarged training samples for training, and introduced a self-
supervised learning framework to solve the language prior
problem in the model. Specifically, the method first
automatically generates labeled data and balances the biased
data through a self-supervised auxiliary task, which does not
require the introduction of external annotations. Gokhale et al.
[17] proposed an input mutation training strategy, which is
assisted by multi-angle sample expansion. The method
includes covering, replacing or negating keywords, color
inversion and removal of key areas and key objects in the
image, its essence is still a way of data augmentation. A large
number of samples are formed by pairing new images and
questions generated by mutations of images and questions;
different from traditional classification methods, this paper
uses a noise-contrastive method to predict the correct answer,
and a regularized loss function of pairwise consistency to
narrow the real answer and the distance to predict the answer.
This idea reaches the highest level in the VQA-CP v2 dataset.
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2.2.4. Methods based on Training Strategies

Mahabadi et al. [18] introduced three new strategies to
reduce bias: the first is an ensemble-based approach that
combines multiple probabilistic models of the same data by
multiplying the probabilities together and then renormalizing
them. The idea is still to combine the probability distributions
of the problem-only model and the main model, enabling
them to make predictions based on different characteristics of
the input. The second method proposes two variants on the
basis of RUBI, namely "RUBi+logarithmic space" method
and "RUBi+standardization". The third method improves the
method of improving a single classifier by reducing the
weight of well-classified samples proposed by Lin et al. [19],
and designs a new loss function "Debiased Focal Loss" to
reduce the importance of biased samples, and make the model
pay more attention to samples that require visual information
to answer.

Wau et al. [19] found through the research that the existing
research robust visual question answering model is
encouraged to pay more attention to the image area that
people think is important, even if the image area will
eventually cause the model to produce wrong answers, and
the so-called influential area Often identified automatically
through human visual/textual annotations or more key words
in questions and answers. In response to this phenomenon, the
paper proposes a "self-criticism" method, which reduces the
sensitivity to the area of the image by criticizing the image
area that the wrong answer focuses on, so as to ensure that the
visual interpretation of the correct answer can be compared
with other competing answer candidates. More closely
matches the most influential image areas. For the training of
each sample, first determine the area that most affects the
correctness of the model, and when the model answers the
question wrongly through this image area, then punish the
attention to this area, so as to ensure that the correct answer
can be more important than other answers in the image There
is stronger competitiveness in the region.

Generally, the visual question answering task is regarded
as a classification problem. Although this method is easy to
handle, each answer is independent of each other, and the
similarity between answers cannot be calculated, so the
semantic relationship between them cannot be considered.
Kervadec et al. [21] believe that directly defining the loss
function will lead to damage to the generalization of the
model, and if there is content that is not in the training set
during the test, it will also lead to incorrect prediction of the
model answer. Aiming at this problem, the author designed a
new loss function semantic-loss. By establishing the semantic
space embedded in the answer, the distance function is
defined to measure the similarity between the answers, so as
to guide the model to adjust the loss value reasonably. Guo et
al. [22] believe that the existing work on alleviating language
priors for visual question answering models cannot explain
the reasons for language bias well. It believes that the reason
for the obvious error of the model during the test is caused by
the sparseness of the answer. Therefore, Guo et al. [22]
proposed to assign different weights to each answer, so that
the model will have different losses when predicting the
answer. In this way, the dependence of the model on the
problem is adjusted. However, visual question answering
datasets are often complex, large and interconnected, so it is
difficult to assign reasonable weights to each answer.



Table 3. Methods based on data argumentation and training strategies [24]

VQA-CP v2 test VQA v2 val
Methods Base

All Y/N Num Other All Y/N Num Other

ActSeek[30] UpDn 46.00 58.24 29.49 44.33 - - - -

A1C-WSJ31] UpDn 39.60 42.70 12.90 453 - - - -
CSS[15] UpDn 58.95 84.37 49.42 48.21 59.91 73.25 39.77 55.11
CL-VQA[32] UpDn 59.18 86.99 49.89 47.16 57.29 67.27 38.40 54.71

GradSup[33] UpDn 46.80 64.50 15.30 45.90 - - - -
Mutant[34] UpDn 61.72 88.90 49.68 50.78 62.56 82.07 42.52 53.28
RandImg[35] UpDn 55.37 83.89 41.60 44.20 57.24 76.53 33.87 48.57

SSL[16] UpDn 57.59 86.53 29.87 50.03 63.73 - - -
Unshuffling[36] UpDn 42.39 47.72 14.43 47.24 61.08 78.32 42.16 52.81

LP-Focal[37] UpDn 58.45 88.34 34.67 49.32 62.45 - - -

ADA-VQAJ38] UpDn 54.67 72.47 53.81 45.58 - - - -
CCB-VQAJ39] UpDn 59.12 89.12 51.04 45.62 59.17 77.28 33.71 52.14
SBS[40] UpDn 59.57 87.44 52.96 46.79 61.97 78.80 42.17 54.41

WeaQA[41] UpDn 41.20 68.50 29.80 30.00 - - - -

X-GGMJ[42] UpDn 45.71 43.48 27.65 52.65 - - - -
CFT-VQAJ[43] UpDn 59.37 87.95 52.42 46.30 59.82 74.91 38.64 53.97

3. Conclusion

In the robustness research method of the visual question
answering model, there are still problems such as poor
generalization of the model, uninterpretable answers, and low
accuracy of counting questions. Among them, the visual
question answering model is affected by the surface
correlation of the training data and lacks image foundation,
that is, it is affected by the language prior problem and has
become a popular research direction in the field of visual
question answering in the past two years, and has become a
landmark branch in visual question answering. This research
direction attempts to solve the problem of unbalanced data
distribution in multimodal information deep learning models,
and unbalanced data distribution is also a common problem
faced by machine learning.

The current VQA task is generally to predict the correct
answer from the preset answers, and one of the sources of
language bias makes the data distribution uneven. Therefore,
enabling VQA models to answer questions using external
databases and external datasets or combining knowledge
graphs may effectively alleviate the problem of language bias.
Auxiliary methods through external knowledge may become
one of the research directions to address language bias. Due
to the uneven distribution of question answers in the data set,
there is a long-tail distribution problem, and the lack of finer-
grained labels for question answers makes it difficult to
transform the language bias problem into a long-tail problem.
Due to the limitation of human resources and other practical
factors, it is difficult to classify the data at a very fine-grained
level, which leads to the imbalance of fine-grained labels in
the data, and then the problem of language bias in the training
process. How to solve the problem of language bias in the
VQA task being transformed into a long-tail distribution,
deeply mining language and visual information, and
extracting fine-grained labels may become the research
direction to effectively solve the problem of language bias in
the future. Some of the existing methods for mitigating
language priors and data augmentation can be categorized as
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causal inference methods. The problem of language bias in
VQA can be analyzed from the perspective of causality,
including the construction of causality graphs, counterfactual
data augmentation, etc. Inferring models at multiple levels
through targeted data augmentation and constructing
counterfactual examples can analyze the source of language
bias from a causal perspective and mitigate it to some extent.
Therefore, allowing machine learning data to see profound
causal relationships is an effective way to solve language bias.
To achieve true artificial intelligence, there is still a long
way to go. In future research work, dealing with language
prior issues is still a direction worthy of further research.
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