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Visual question answering (VQA) has recently emerged as a challenging

multi-modal task and has gained popularity. The goal is to answer questions that

query information associated with the visual content in the given image. Since the

required information could be from both inside and outside the image, common

types of visual features, such as object and attribute detection, fail to provide enough

materials for answering the questions. External information, such as captions,

explanations, encyclopedia articles, and commonsense databases, can help VQA

systems comprehensively understand the image, reason following the right path, and

access external facts. Specifically, they provide concise descriptions of the image,

precise reasons for the correct answer, and factual knowledge beyond the image. In

this dissertation, we present our work on generating image captions that are targeted

to help answer a specific visual question. We use explanations to recognize the
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critical objects to prevent the VQA models from taking language prior shortcuts.

We introduce an approach that generates textual explanations and utilizes them to

determine which answer is mostly supported. At last, we explore retrieving and

exploiting external knowledge beyond the visual content, which is indispensable, to

help answer knowledge-based visual questions.
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Chapter 1

Introduction

Visual question answering (VQA) is a recently introduced “AI-complete”

task that requires AI models to utilize multimodal knowledge beyond a single sub-

domain. Building more trustworthy VQA models has many bene�cial real-world

daily life applications in education, medicine, and other areas that involve answering

questions that require both visual and textual information. Also, it provides direct

accessibility tools for helping the visually impaired. The goal of this task is to

answer questions that query information associated with the visual content in the

given image.

Figure 1.1: Different types of visual questions.

VQA [Antol et al., 2015, Agrawal et al., 2018, Park et al., 2018, Wang

et al., 2018, Marino et al., 2019] is a broad topic that covers different categories

1



of questions requiring different types of information and reasoning skills. General

visual questions mainly query the visual attributes of a speci�c object in the image,

for example, the �rst question in Figure 1.1 asks about whether the man is wearing a

full wetsuit. These questions require VQA models �rst to comprehend the question

and the image and then localize the relevant objects or scenes to �nd the desired

attributes. The middle one shows a commonsense visual question that the necessary

information could be from both inside and outside the image.

However, our world and language systems are complicated, and the common

types of visual features, such as object and attribute detection, fail to provide enough

information to answer the questions. For example, the relations among multiple

detected objects, the commonsense behind the objects, and the factual knowledge are

indispensable to answering some types of questions. External information, such as

captions, explanations, encyclopedia articles, and commonsense databases, can serve

as information supplements to the question and the given image. This information

helps VQA models better comprehend the image, understand the right reason for the

answers, and access external facts. For example, the middle question in Figure 1.1

requires the VQA models to understand the common knowledge that the characters

are Japanese and that means that is an Asian country. The last question shows a

knowledge-based case where the external knowledge “Teddy bear is named after

President Roosevelt.” is needed.

In Chapter 3, we explore using automatically generated image captions as

the external information to help VQA. The captions highlight salient visual concepts

in the image with a concise description of their relationships, complementing the

2



individual objects' features used in most VQA models. Moreover, we found that

the generated question-relevant captions using our approach can serve stronger

complements than normal image captions, further improving the VQA performance.

In Chapter 4, we utilize human explanations to debias the VQA model under

changing answer distribution. These explanations highlight objects the VQA model

should focus on when predicting the answer. We use visual and textual explanations

to �nd this set of in�uential objects. We force this set of objects to contribute to the

right answer more than other objects in the image.

In Chapter 5, we discuss our work on generating object-level faithful explana-

tions for VQA that focuses on the same set of objects as the VQA model. In Chapter

6, we show that explanations could also be helpful when the answer distribution is

unchanged. We generate explanations for a set of answer candidates and judge how

well the explanations support the answer candidates. We obtain the explanations

using either generation- or retrieval-based approaches.

In Chapter 7, we present our work on Outside-Knowledge VQA (OK-VQA),

where external commonsense or facts are required. We introduce a multimodal

answer validation (MAVEx) framework that judges the supportiveness of the re-

trieved knowledge for each answer candidate. On the knowledge side, we propose

an entity-focused retrieval model to retrieve question-relevant knowledge, focusing

on a set of critical objects for answering the question.

3



Chapter 2

Background and Related Work

This chapter presents the related work and background knowledge supporting

this dissertation. To begin with, we introduce object detection, which serves as

standard visual features for VQA. Then, we present the task of VQA and discuss

some common challenges with typical VQA models. After that, we discuss three

tasks that equip VQA models with relevant external information beyond the question

and the image, i.e., image captioning, explanation generation, and passage retrieval.

2.1 Object Detection

Object detection is a foundation computer vision task aiming to discover

salient semantic objects or scenes in images or videos. Detection provides an abstract

characterization of the visual content and is commonly used as a visual feature for

downstream tasks, such as image captioning and VQA. In practice, objects in an

image or a single video frame are frequently expressed as bounding boxes [Ren et al.,

2015b] or points [Zhou et al., 2019]. We introduce this task in the following two

aspects, i.e., the categories of objects involved and common detection frameworks.

Categories of objects:Different from image classi�cation, where only the image-

level categories need to be predicted, the object detection task requires an AI system
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to produce the precise bounding boxes of the objects of interest. Therefore, more

human annotations must be collected on the objects' location. Despite the dif�culties

of collecting required annotations, the scope of object categories has been widely

enlarged over the past decade. To begin with, the PASCAL VOC dataset [Everingham

et al., 2010] introduces 11 object categories, COCO dataset expands the categories to

80 common objects. Visual genome [Krishna et al., 2017] adopts coarse annotation

strategies, and [Anderson et al., 2018] cleans up the dataset to include 1,600 common

types of objects. LVIS [Gupta et al., 2019] collects more than 1,200 object categories

with a long-tail distribution. With the recent proliferation of large language models

(LM) [Vaswani et al., 2017, Devlin et al., 2019], there is a recent trend towards open

vocabulary object detection [Zareian et al., 2021] where the large LM is used to

match the detected object labels.

Object detection frameworks: Most object detection models can be categorized as

single- or two-stage framework. In the single-stage framework [Redmon et al., 2016],

the models learn to simultaneously predict whether the current location contains an

object and the object label. The advantages of the single-stage framework are the

end-to-end training nature and the detection speed. On the other hand, the two-stage

framework [Ren et al., 2015b] additional employs a region-proposal network (RPN)

that separately raises object candidates without knowing the detail categories, and

then a box classi�cation network predicts the categories.
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2.2 Visual Question Answer (VQA)

Visual Question Answering (VQA) [Antol et al., 2015, Hudson and Manning,

2019, Singh et al., 2019, Marino et al., 2019] has emerged as a challenging task

where arti�cial intelligence systems predict answers by jointly analyzing both natural

language questions and visual content. The scope of the visual questions spans every

aspect of daily life that requires many capabilities for the VQA models, from basic

object recognition to commonsense reasoning and analyzing external knowledge

beyond the visual content. In this section, we �rst present some common challenges

in VQA and the datasets that try to address them. Then, we introduce some basic

VQA models designed for different types of visual questions.

2.2.1 Visual Question Datasets and Challenges

To begin with, Antol et al. [2015] de�nes the free form and open-ended VQA

task by collecting human-annotated visual questions and answers on COCO images.

The dataset has two main limitations, existing language priors and the scope of the

visual questions.

The language prior refers to the fact that question types and their answers are

highly correlated. For instance, questions that begin with “How many” are usually

answered by either two or three. These language priors allow VQA systems to take

a shortcut when answering questions by only focusing on the questions without

reasoning about the visual content. In order to prevent this shortcut, Goyal et al.

[2017] balanced the answer distribution so that at least two similar images with

different answers for each question exist in VQA v2. Recently, Agrawal et al. [2018]
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introduced a diagnostic recon�guration of the VQA v2 dataset called VQA-CP,

where the distribution of the QA pairs in the training set is signi�cantly different

from those in the test set. For example, most utensils in the training set are forks,

and knives are the most common answer in the test set.

For the question scope, questions in [Antol et al., 2015] mainly require basic

visual recognition instead of visual reasoning, commonsense and factual knowledge.

In order to stress the need for visual reasoning, VQA-X [Park et al., 2018] split out

some portion of VQAv2 where the questions are judged to require children older

than nine years to answer. VQA-X dataset also provides both visual and textual

explanations for the visual questions. Visual Commonsense Reasoning (VCR)

[Zellers et al., 2019] is another related topic that requires a machine learning system

to choose the right commonsense rationales. Knowledge base visual questions

[Wang et al., 2018, 2017] requires VQA systems to extract helpful question-relevant

knowledge from existing knowledge bases. Finally, there is a recent trend towards

outside knowledge visual question answering (OK-VQA) [Marino et al., 2019]

where open domain external knowledge outside the image is necessary.

2.2.2 VQA Models

As VQA requires VQA models to understand which part of the image is

question-relevant, a large amount of attention-based deep-learning methods have

been proposed for VQA, including top-down [Ren et al., 2015a, Fukui et al., 2016,

Wu et al., 2016a, Goyal et al., 2017, Li et al., 2018a] and bottom-up attention

methods [Anderson et al., 2018, Li et al., 2018b]. Speci�cally, a typical model
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�rst extracts image features using a pre-trained CNN and then trains an RNN to

encode the question, using an attention mechanism to focus on speci�c features of

the image. Finally, both question and attended image features are used to predict the

�nal answer. With the proliferation of large transformer models, more recent VQA

models [Lu et al., 2019, Tan and Bansal, 2019, Liu et al., 2019, Li et al., 2019, Yu

et al., 2019, Li et al., 2020a, Zhou et al., 2020, Chen et al., 2020, Lu et al., 2020]

feeds both visual and textual embeddings into a multi-modal transformer, which is

pre-trained on auxiliary tasks using large-scale multi-modal datasets such as [Sharma

et al., 2018, Hudson and Manning, 2019, Kazemzadeh et al., 2014].

To train a VQA system to be right for the right reason, recent research has

collected human visual attention [Das et al., 2017, Gan et al., 2017] highlighting

image regions that most contribute to the answer. Then, the VQA systems try to

align either the VQA system's attention [Qiao et al., 2018, Zhang et al., 2019] or the

gradient-based visual explanation [Selvaraju et al., 2019] to the human attention.

In order to answer outside-knowledge visual questions, VQA models [Marino

et al., 2019, Gard�eres et al., 2020, Zhu et al., 2020, Li et al., 2020b, Narasimhan et al.,

2018, Marino et al., 2021, Gui et al., 2021] incorporate a retriever-reader framework

that �rst retrieves textual knowledge relevant to the question and image and then

“reads” this text to predict the answer. As an online free encyclopedia, Wikipedia is

often used as the knowledge source for OK-VQA.

We list a few VQA models that are used in this dissertation.

UpDn: This is the original Top-Down Bottom-Up VQA [Anderson et al., 2018]
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model, which uses a single layer GRU to encode questions. The question vector

is then used to compute single-stage attention over the detected objects to produce

attended visual features. Finally, a two-layer feed-forward network computes answer

probabilities given the joint features of the question and visual content.

LXMERT: In order to learn richer representations for both questions and visual

content, LXMERT [Tan and Bansal, 2019] uses transformers [Vaswani et al., 2017,

Devlin et al., 2019] that learn multiple layers of attention over the input. In particular,

it �rst learns nine layers over the input question and �ve layers over detected objects,

then �nally, another �ve layers of attention across the two modalities to produce the

�nal joint representation.

ViLBERT-multi-task: ViLBERT-multi-task model utilizes auxiliary pretraining

tasks, such as VQA, VCR, and visual entailment, to help enrich multimodal repre-

sentation. Similar to LXMERT, the ViLBERT model incorporates large transformers

to encode the visual and textual inputs.

2.3 Image Captioning

Image captioning is the task of generating a textual description of the image.

The descriptions should typically cover salient objects and scenes and describe the

relationships among them. The COCO dataset [Chen et al., 2015] provides over

a million human captions (5 per image) focusing on the 80 categories of common

daily objects. Conceptual captions [Sharma et al., 2018] collect over 12 millions

image-caption pairs from the web.
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Automatically Evaluating generated image captions is challenging as it is

hard to tell whether a caption is good or not without human judgment. Machine

translation automatic evaluation metrics, for example, BLEU[Papineni et al., 2002],

ROUGE [Lin, 2004], and METEOR [Banerjee and Lavie, 2005] are frequently used

in the image captioning task. Besides, some metrics are designed speci�cally for

image captioning to evaluate different aspects, such as object hallucination issues

[Rohrbach et al., 2018]. SPICE metric [Anderson et al., 2016] is proposed to measure

the graph similarity between the generated captions and a set of human reference

captions.

Most image captioning models are attention-based deep-learning models

[Donahue et al., 2015, Karpathy and Fei-Fei, 2015, Vinyals et al., 2015, Luo et al., Liu

et al., 2018, Wu and Mooney, 2019b]. The output words' probabilities at each step

are trained to maximize the human captions' log-likelihood or some end evaluation

metric (e:g:CIDEr) directly using REINFORCE. Most of them encode the image

using a CNN and build an attentional RNN (i:e: GRU [Cho et al., 2014], LSTM

[Hochreiter and Schmidhuber, 1997]) on top of the image features as a language

model to generate image captions. As image captions are relatively easy to collect,

the captioning task is frequently used as a pretraining task for large multi-modal

transformer models.

2.4 Explanation Generation

While image captions provide general descriptions about the image, expla-

nations reveal the actual reasons for answering the visual questions. This section
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discusses three types of explanations for VQA, including visual, textual, and mul-

timodal explanations. First, we introduce human-annotated explanations and then

discuss common approaches to generate these explanations for each category.

2.4.1 Visual Explanation

The VQA-HAT dataset [Das et al., 2017] is a visual explanation dataset that

collects human attention maps by giving human experts blurred images and asking

them to determine where to deblur to answer a given visual question.

Many approaches have been proposed to visually explain decisions made by

vision systems by highlighting relevant image regions. For example, GRAD-CAM

[Selvaraju et al., 2017] analyzes the gradient space to �nd visual regions that most

affect the decision. Attention mechanisms in VQA models can also be directly used

to determine highly-attended regions and generate visual explanations.

2.4.2 Textual Explanation

Visual explanations highlight key image regions behind the decision but do

not explain the reasoning process and crucial relationships between the highlighted

regions. There are two textual explanation datasets, VQA-E [Li et al., 2018b]

and VQA-X [Park et al., 2018]. Explanations in VQA-E are automatically re�ned

versions of the most relevant captions from the COCO dataset [Chen et al., 2015],

which have a larger scale but are not strictly explanatory. In contrast, the VQA-X

dataset collects textual explanations for the questions that are judged to require

children older than nine years to answer by directly asking the crowdsourced human
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workers.

Therefore, there has been some work on generating textual explanations for

decisions made by visual classi�ers [Hendricks et al., 2016]. These models typically

adopt a sequence-to-sequence framework that learns to generate the explanation by

taking the question and the visual representation as input.

2.4.3 Multimodal Explanation

Multimodal explanations link textual and visual explanations [Park et al.,

2018] together to present the critical image region and the reasons for the answer.

Besides textual explanations, the VQA-X dataset also annotates important image

segments, serving as a multimodal explanation dataset.

On the model side, previous works [Hendricks et al., 2018] mainly adopt a

post-hoc approach that �rst generates multiple textual explanations and then �lters

out those that could not be grounded in the image.

2.5 Passage Retrieval

While image captions and explanations provide commonsense knowledge,

factual knowledge beyond the visual content are indispensable for some visual

questions, where we need to retrieve passages from online corpus. We present

passage retrieval in the section by introducing general sparse and dense retrievers

and then discussing the retrieval models for VQA.
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2.5.1 Sparse Retrieval

Before the recent proliferation of transformer-based dense passage retrieval

models [Karpukhin et al., 2020], previous works mainly explored sparse retrievers,

such as TF-IDF and BM25 [Robertson and Zaragoza, 2009], that measure the

similarity between the search query and candidate passage utilize weighted term

matching. These sparse retrievers require no training signals on the relevancy of

the passage and show solid baseline performances. However, exact term matching

prevents them from capturing synonyms and paraphrases and understanding the

semantic meanings of the query and the passages.

2.5.2 Dense Retrieval

To better represent semantics, dense retrievers [Karpukhin et al., 2020, Chen

et al., 2021b, Lewis et al., 2022, Lee et al., 2021] extract deep representations for

the query and the candidate passages using large pretrained transformer models.

Most dense retrievers are trained using a contrastive objective that encourages

the representation of the query to be more similar to the relevant passages than

other irrelevant passages. During training, the passage with a high sparse retrieval

score containing the answer is often regarded as a positive sample for the question-

answering task. However, these positive passages may not �t the question's context

and only serve asweak supervision. Therefore most dense retrievers fail to explicitly

discover and utilize critical entities for the question [Chen et al., 2021b]. This often

leads to overly general knowledge without a speci�c focus.

Dense passage retrieval for VQA:Motivated by the trends toward dense retrievers,
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previous work has also applied them to OK-VQA. Qu et al. [2021] utilize Wikipedia

as a knowledge source. Luo et al. [2021] crawl Google search results on the training

set as a knowledge source. However, the weak training signals of passage retrieval

become more problematic for VQA as the visual context of the question makes

it more complex. Therefore, the “positive passage” become less likely to �t the

visual context and provide suitable supervision. In order to better incorporate visual

content, Gui et al. [2021] adopt an image-based knowledge retriever that employs

the CLIP model [Radford et al., 2021] pretrained on large-scale multi-modal pairs as

the backbone. However, question relevancy is not considered, so the retriever has to

retrieve knowledge on every aspect of the image for different possible questions.

Phrase-based dense passage retrieval:The most relevant work to ours is phrase-

based dense passage retrieval. Chen et al. [2021b] employ a separate lexical model

that is trained to mimic the performance of a sparse retriever better at matching

phrases. Lee et al. [2021] propose a DensePhrase model that extracts each possible

phrase feature in the passage and only uses the most relevant phrase to measure the

similarity between the query and passage. However, the training signals are still

from the exact matching of the ground truth answers, and the phrases are parsed

from the candidate passage, limiting the search scope.
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Chapter 3

Generating Image Captions for VQA

3.1 Motivation and Chapter Overview

In recent years, VQA [Antol et al., 2015] and image captioning [Donahue

et al., 2015, Rennie et al., 2017] have been widely studied in both the computer

vision and NLP communities. Most recent VQA research [Lu et al., 2017, Pedersoli

et al., 2017, Anderson et al., 2018, Lu et al., 2018] concentrates on directly utilizing

visual input features, including detected objects, attributes, and relations between

pairs of objects.

However, little VQA research works on exploiting textual descriptions of

the image which are able to tersely encode the necessary information to answer

the questions. This information could be richer than the visual features in that the

sentences have fewer structural constraints and can easily include the attributes

of and relationships among multiple objects. In fact, we observe that appropriate

captions can be very useful for many VQA questions. In particular, we trained a

model to answer visual questions for the VQA v2 challenge [Antol et al., 2015] only

using the human-annotated captionswithout images and achieved a score of 59.6%,

outperforming a large number of VQA models that use image features. Existing

work using captions for VQA has generatedquestion-agnosticcaptions using a
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Figure 3.1: Examples of our generated question-relevant captions. During the
training phase, our model selects the most relevant human captions for each question
(marked by the same color).

pretrained captioner [Li et al., 2018a]. This approach can provide additional general

information; however, this information is not guaranteed to be relevant to the given

VQA question.

Therefore, we explore a novel approach that generatesquestion-relevant

image descriptions, which contain information that is directly relevant to a particular

VQA question. Figure 3.1 shows examples of our generated captions given different

questions. Then, we integrate the generated question-relevant captions as additional

inputs to aid VQA.

This chapter is based on the [Wu et al., 2019]. In the following sections, we
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present the captioning and VQA models in detail and then discuss the experimental

results.

3.2 Question-Relevant Image Captioning Model

In this section, we present the question-relevant image captioning model that

takes as input the question and the image. We start with the question and image

representations and then introduce the caption generation model with the question

relevancy criterion. We usef (x) to denote fully-connected layers, wheref (x)

= LReLU(Wx + b) with input featuresx and ignore the notation of weights and

biases for simplicity, where thesefc layers do not share weights.LReLU denotes a

Leaky ReLU [He et al., 2015].

Image and question embedding:We use object detection as bottom-up attention

[Anderson et al., 2018], which provides salient image regions with clear boundaries.

In particular, we use a Faster R-CNN head [Ren et al., 2015b] in conjunction with a

ResNet-101 base network [He et al., 2016] as our detection module. The detection

head is �rst pre-trained on the Visual Genome dataset [Krishna et al., 2017] and

can detect1; 600objects categories and400attributes. To generate an output set of

image featuresV, we take the �nal detection outputs and perform non-maximum

suppression (NMS) for each object category using an IoU threshold of0:7. Finally,

a �xed number of 36 detected objects for each image are extracted as the image

features (a2; 048dimensional vector for each object) as suggested by Teney et al.

[2017].
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For the question embedding, we use a standard GRU [Cho et al., 2014] with

1; 280hidden units and extract the output of the hidden units at the �nal time step as

the question featuresq. Following Anderson et al. [2018], the question featuresq and

image feature setV are further embedded together to produce a question-attended

image feature setVq via question visual-attentionAqv as illustrated in Figure 3.2.

Figure 3.2: Overall structure of our model that generates question-relevant captions
to aid VQA. Our model is �rst trained to generate question-relevant captions as
determined in an online fashion in phase 1. Meantime, the human annotated captions
are also used to pretrain the VQA part of the model. Then, the VQA model is
�ne-tuned with generated captions from the �rst phase to predict answers.
 denotes
element-wise multiplication and� denotes element-wise addition. Blue arrows
denote fully-connected layers (fc ) and yellow arrows denote attention embedding.

Caption generation model:We adopt an image captioning model similar to that

of [Anderson et al., 2018]. The key difference between our module and theirs lies

in the input features and the caption supervision. Speci�cally, we use the question-

attended image featuresVq as inputs and only use the most relevant caption, which

is automatically determined in an online fashion (detailed below), for each question-

image pair to train the captioning module. This ensures that only question-relevant
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captions are generated.

Selecting relevant captions for Training:Previously, [Li et al., 2018b] selected rel-

evant captions for VQA based on word similarities between captions and questions;

however, their approach does not take into account the details of the VQA process.

In contrast, during training, our approach dynamically determines for each problem

the caption that will most improve VQA. We do this by updating with a shared

descent direction [Wu et al., 2018] which decreases the loss forbothcaptioning and

VQA. This ensures a consistent target for both the image captioning module and the

VQA module in the optimization process.

During training, we compute the cross-entropy loss for thei -th caption

using Eq. 3.1, and back-propagate the gradients only from the most relevant caption

determined by solving Eq. 3.2.

L c
i = �

TX

t=1

log(p(wc
i;t jwc

i;t � 1)) (3.1)

In particular, we require the inner product of the current gradient vectors from the

predicted answer and the human captions to be greater than a positive constant� ,

and further select the caption that maximizes that inner product.

arg max
i
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where thêspred is the logit1 for the predicted answer,Wc
i denotes thei -th human

caption for the image andk traverses theK object features.

3.3 Integrating Captions in VQA

Now that we obtain the question-relevant captions, we present our approach

to embed the generated captions in the VQA model.

Figure 3.3: Overview of the caption embedding module. The Word GRU is used to
generate attention to identify the relevant words in each caption, and the Caption
GRU generates the �nal caption embedding. We use question-attended image
featuresVqv to compute the attention. Blue arrows denotefc layers and yellow
arrows denote attention embedding.

Caption embedding: It takes as input the question-attended image feature setVq,

question featuresq, andC captionsWc
i = f wc

i; 1; wc
i; 2; :::; wc

i;T g, whereT denotes the

1The input to the softmax function.
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length of the captions andi = 1; :::; C are the caption indices, and then produces the

caption featuresc.

The goals of the caption module are to serve as a knowledge supplement to

aid VQA, and to provide additional clues to identify the relevant objects better and

adjust the top-down attention weights. To achieve this, as illustrated in Figure 3.3,

we use a two-layer GRU architecture. The �rst-layer GRU (called the Word GRU)

sequentially encodes the words in a captionWc
i at each time step ash1

i;t .

h1
i;t = GRU(We� c

i;t ; h1
i;t � 1) (3.3)

whereWe is the word embedding matrix, and� c
i;t is the one-hot embedding for the

wordwc
i;t .

Then, we design a caption attention moduleAc which utilizes the question-

attended feature setVq, question featuresq, andh1
i;t to generate the attention weight

on the current word in order to indicate its importance. Speci�cally, the Word GRU

�rst encodes the words embedding� c
i;t in Eq. 3.3, and then we feed the outputsh1

i;t

andVq to the attention moduleAc as shown in Eq. 3.6.

vq =
KX

k=1

vq
k (3.4)

ac
i;t = h1

i;t � f (vq) + h1
i;t � f (q) (3.5)

� c
i;t = � (ac

i;t ) (3.6)

where� denotes the sigmoid function, andK is the number of objects in the bottom-

up attention.
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Next, the attended words in the caption are used to produce the �nal caption

representation in Eq. 3.7 via the Caption GRU. Since the goal is to gather more

information, we perform element-wise max pooling across the representations of all

of the input captionsci in Eq. 3.9.

h2
i;t = GRU(� c

i;t We� c
i;t ; h2

i;t � 1) (3.7)

ci = f (h2
i;T ) (3.8)

c = max(ci ) (3.9)

wheremax denotes the element-wise max pooling across all of caption representa-

tionsci of the image.

The generated captions are usually capable of capturing relations among

the question-relevant objects; however these relations are absent in the bottom-up

attention. Therefore, our VQA module utilizes the caption embeddingsc to adjust

the top-down attention weights in VQA in order to produce the �nal caption-attended

featuresvqc in Eq. 3.12:

acv
k = f (f (c) � f (vq

k)) (3.10)

� cv
k = sof tmax (acv

c;k) (3.11)

vqc =
KX

k

vq
k � cv

k (3.12)

wherek traverses theK objects features.

To better incorporate the information from the captions into the VQA process, we

add the caption featuresc to the attended image featuresvqc, and then element-wise
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multiply by the question features as shown in Eq. 3.13:

h = q � (f (vqc) + f (c)) (3.13)

ŝ = � (f (h)) (3.14)

We frame the answer prediction task as a multi-label regression problem

[Anderson et al., 2018]. In particular, we use the soft scores in the gold-standard

VQA-v2 data (which are used in the evaluation metric), as labels to supervise the

sigmoid-normalized predictions as shown in Eq. 6.3:

L vqa = �
NX

j =1

sj logŝj + (1 � sj ) log(1 � ŝj ) (3.15)

where the indexj runs overN candidate answers ands are the soft answer scores.

In case of multiple feasible answers, the soft scores capture the occasional

uncertainty in the ground-truth annotations. As suggested by Teney et al. [2017], we

collect the candidate answers that appear more than8 times in the training set, which

results in3; 129answer candidates. The overview of our caption aided VQA model

is shown in Figure 3.2. We use a modi�ed UpDn attention model as the suggested

in [Singh et al., 2018].

3.4 Experimental Setup and Results

We perform extensive experiments and ablation studies to evaluate our joint

model on VQA.
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3.4.1 Datasets and evaluation metrics

VQA dataset: We use the VQA v2.0 dataset [Antol et al., 2015] for the evaluation

of our proposed joint model, where the answers are balanced in order to minimize

the effectiveness of learning dataset priors. This dataset is used in the VQA 2018

challenge and contains over1:1M questions from the over200K images in the

MSCOCO 2015 dataset [Chen et al., 2015].

Following Anderson et al. [2018], we perform standard text pre-processing

and tokenization. In particular, questions are �rst converted to lower case and then

trimmed to a maximum of14words, and the words that appear less than5 times are

replaced with an “< unk> ” token. To evaluate answer quality, we report accuracies

using the of�cial VQA metric using soft scores, which accounts for the occasional

disagreement between annotators for the ground truth answers.

Image captioning dataset:We use the MSCOCO 2014 dataset [Chen et al., 2015]

for the image caption module. To maintain consistency with the VQA tasks, we

use the dataset's of�cial con�guration that includes82; 372images for training and

40; 504for validation. Similar to the VQA question pre-processing, we �rst convert

all sentences to lower case, tokenizing on white spaces, and �ltering words that do

not occur at least5 times.

Training and implementation details: We train our joint model using the AdaMax

optimizer [Kingma and Ba, 2015] with a batch size of384and a learning rate of

0.002 as suggested by Teney et al. [2017]. We use the validation set for VQA

v2 to tune the initial learning rate and the number of epochs, yielding the highest
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overall VQA score. We use1; 280 hidden units in the question embedding and

attention model in the VQA module with36object detection features for each image.

For captioning models, the dimension of the LSTM hidden state, image feature

embedding, and word embedding are all set to 512. We also use Glove vectors

[Pennington et al., 2014] to initialize the word embedding matrix in the caption

embedding module.

We initialize the training process with human annotated captions from the

COCO dataset [Chen et al., 2015] to pre-train the VQA model and caption-generation

modules for 20 epochs. After that, we generate question-relevant captions for all

question-image pairs in the COCO train, validation, and test sets. In particular,

we sample5 captions per question-image pair. We �ne-tune our model using the

generated captions with 0.25� learning rate for another 10 epochs.

3.4.2 VQA Results

We �rst report the experimental results on the VQA task and compare our

results with the state-of-the-art methods in this section. After that, we perform

ablation studies to verify the contribution of additional knowledge from the generated

captions, and the effectiveness of using caption representations to adjust the top-down

visual attention weights.

As demonstrated in Table 3.1, our single model outperforms other state-of-

the-art single models by a clear margin,i:e: 2:06%, which indicates the effectiveness

of including caption features as additional inputs. In particular, we observe that

our single model outperforms other methods, especially in the 'Num' and 'Other'
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Test-standard
Yes/No Num Other All

Prior [Goyal et al., 2017] 61.20 0.36 1.17 25.98
Language-only [Goyal et al., 2017] 67.01 31.55 27.37 44.26
MCB [Fukui et al., 2016] 78.82 38.28 53.36 62.27
Up-Down [Anderson et al., 2018] 82.20 43.90 56.26 65.32
VQA-E [Li et al., 2018b] 83.22 43.58 56.79 66.31
Ours(single) 84.69 46.75 59.30 68.37
Ours(Ensemble-10) 86.15 47.41 60.41 69.66

Table 3.1: Comparison of our results on VQA with the state-of-the-art methods on
the test-standard data. Accuracies in percentage (%) are reported.

categories. This is because the generated captions are capable of providing more nu-

merical clues for answering the 'Num' questions, since the captions can describe the

number of relevant objects and provide general knowledge for answering the 'Other'

questions. Furthermore, an ensemble of10models with different initialization seeds

results in a score of 69.7% for the test-standard set.

Figure 3.4 shows several examples of our generated question-relevant cap-

tions. These examples illustrate how different captions are generated for the same

image when the question is changed. They also show how the objects in the image

that are important to answering the question are described in the question-relevant

captions.

Comparison between using generated and human captions:Next, we analyze

the difference between using automatically generated captions and using those

provided by human annotators. In particular, we train our model with generated

question-agnostic captions using the Up-Down [Anderson et al., 2018] captioner,
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Figure 3.4: Examples of our generated question-relevant captions. The in�uential
objects with attention weights greater than 0.1 are indicated by bounding boxes
(annotated with their visual attention weights in the blue box), and the gray-scale
levels in the caption words indicate the word attentions from the caption embedding
module.

question-relevant captions from our caption generation module, and human annotated

captions from the COCO dataset.

As demonstrated in Table 3.2, our model gains about 4% improvement from

using human captions and 2.5% improvement from our generated question-relevant

captions on the validation set. This indicates the insuf�ciency of directly answering

visual questions using a limited number of detection features, and the utility of incor-

porating additional information about the images. We also observe that our generated

question-relevant captions trained with our caption selection strategy provide more

helpful clues for the VQA process than the question-agnostic Up-Down captions,

27



Validation
Up-Down [Anderson et al., 2018] 63.2
Ours with Up-Down captions 64.6
Ours with our generated captions 65.8
Ours with human captions 67.1

Table 3.2: Comparison of the performance using generated and human captions.
Both of them provide signi�cant improvements to the baseline model. However,
there is still a reasonable gap between generated and human captions.

outperforming their captions by 1.2%.

Figure 3.5: An example of caption attention adjustment. The question-relevant
caption helps the VQA module adjust the visual attention from both the yellow board
and the blue sail to the yellow board onl, which further leads to the right answer.

Effectiveness of adjusting top-down attention: In this section, we quantita-

tively analyze the effectiveness of utilizing captions to adjust the top-down attention

weights, in addition to the advantage of providing additional information. In particu-

lar, we compare our model with a baseline version where the top-down attention-

weight adjustment factorAcv is manually set to 1.0 (resulting in no adjustment).
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