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Abstract

the three tags, we train a separate multi-modal transformer.
During test, we ensemble their predictions to vote for the
ﬁnal answer. We achieve an overall accuracy of 57.21% on
the test-dev subset on VizWiz VQA 2021 challenge.

Visual Question Answering (VQA) requires a comprehensive understanding of both visual (image) and textual
(question) contents. Existing methods usually emphasize
more on the improvements of visual branches by fusing grid
and ROI features, while ignoring the improvements of textual cues that are usually more directly correlated to the
answers. In this paper, we propose to enrich the textual
cues in the VQA task. Speciﬁcally, with a multi-modal transformer architecture, we incorporate representations of OCR
tokens, detected object categories, as well as the question
and answer tokens of the nearest reference image. Experiments on VizWiz VQA dataset demonstrate the effectiveness
of our approach, and we achieve an overall accuracy of
57.21% on the test-dev set.

2. Method
2.1. Overview
We take Oscar [2] as our baseline, and we extend it to
support three external tags: object categories, OCR tokens,
as well as the question-answer pairs of the closest reference
image. Figure 1 shows our multi-modal transformer architecture with three inputs: (1) the image features that are
extracted by Faster RCNN [3] pretrained with VinVL [4];
(2) the question tokens; and (3) the external tags. Three options are considered as the external tag: the categories of
detected objects, the OCR tokens, as well as the questionanswer pairs of the closest reference image. We concatenate
question tokens and the external tags, and perform word embedding to get the language encoding. Finally, through several attention layers, the multi-modal transformer outputs a
softmax score prediction over a pool of candidate answers.
We ensemble the predictions of the three transformers with
different external tags, and choose the answer with the highest score as the ﬁnal prediction.

1. Introduction
Visual Question Answering (VQA) aims at learning a
multi-modal model to answer the question according to a
given image. The task requires a comprehensive interpretation of both visual and textual information. To achieve this,
existing VQA methods usually follow a uniform paradigm,
i.e., using a multi-modal transformer to fuse language cues
that are extracted by BERT-style models, and visual cues
that are extracted by recognition or detection models.
Several existing works focus on the improvements of visual encoding as well as multi-modal fusion mechanisms.
However, the textual information have not been fully explored. Considering that a number of answers have high
correlation with the linguistic cues of images, the performance of these existing methods could be sub-optimal.
To address this issue, in this paper, we propose to enrich
the textual cues by exploring three external tags. First, we
include the category names of the detected objects in the
image. Second, we introduce OCR tokens extracted from
images with a pretrained OCR model. Third, in order to
fully explore the knowledge in the training data, we search
for the closest training image for each query image, and include its question-answer pairs as external tags. For each of

2.2. External Tags
2.2.1

Object Categories

Most existing methods only consider the RoI features extracted with a detection model as the object representation.
However, we ﬁnd some of the answers in VQA have high
correlation with the object categories. Therefore, similar to
Oscar [2], we also include the predicted object categories
as the external tag. With this modiﬁcation, we are able to
achieve an overall accuracy of 54.25% on the test-dev subset on VizWiz VQA 2021 challenge (baseline is 53.62%).
2.2.2

OCR Tokens

Many existing methods (e.g., BUTD-based [1]) overlook
the textual information in images. However, we ﬁnd that
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Figure 1: The overview of our approach. For each kind of external tags, we train three models (Model A, Model B and Model
C) respectively. During test, we ensemble their predictions to vote for the ﬁnal answer.
Table 1: Ablation study on the effectiveness of different
components in our method. We use the smaller VinVLB
[4] in the ablation study for fast experiments. However,
when submitted to the VizWiz challenge, we use the larger
VinVLL for higher accuracy.
Object Tags

OCR Tokens

Reference Tokens

X
X
X

X
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3. Conclusion
In this paper, we focus on how to enrich textual cues in
the VQA task. To achieve this, we explore three external
tags. First, we include the category names of the detected
objects in the image. Second, we introduce OCR tokens extracted from images with a pretrained OCR model. Third,
we search for the closest training image for each query image, and include its question-answer pairs as external tags.
For every kind of external tags, we train three models respectively, and ensemble their predictions to vote for the
ﬁnal answer. We achieve an overall accuracy of 57.21% on
the test-dev subset on VizWiz VQA 2021 challenge.

Accuracy
(%)
53.62
54.25
55.20
54.49
57.21
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many questions (e.g., “what does it say?”) require the model
to explicitly read texts within the image. Therefore, we use
a pretrained OCR model to extract OCR tokens from images, and feed them to the multi-modal transformer. With
this modiﬁcation, we can improve the performance from
53.62% (baseline) to 55.20%.
2.2.3 Reference Image Tokens
A natural way for a human to answer a new question is
to refer to existing answers of similar questions asked under similar contexts. We introduce this mechanism to our
model, where we search for the closest training data for each
query image by using cosine feature similarities with a pretrained ResNet50 model. If the cosine similarity is greater
than 0.65, we take the question-answer tokens of this reference image as the side information and feed them to the
transformer. Otherwise, we ignore them in all transformer
attention layers. With this modiﬁcation, we can improve the
performance from 53.62% (baseline) to 54.49%.
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