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content of an image. In embodiments, the model comprises four
components: a Long Short-Term Memory (LSTM) component
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Network (CNN) component to extract the visual representation;
an LSTM component for storing the linguistic context in an an-
swer, and a fusing component to combine the information from
the first three components and generate the answer. A Freestyle
Multilingual Image Question Answering (FM-IQA) dataset was
constructed to train and evaluate embodiments of the mQA
model. The quality of the generated answers of the mQA model
on this dataset is evaluated by human judges through a Turing
Test.
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MULTILINGUAL IMAGE QUESTION ANSWERING

Cross-REFERENCE TO RELATED APPLICATION
{0001} This application claims the priority benefit under 35 USC § 119(e) to commonly
assigned and co-pending U.S. Provisional Patent Application No. 62/164.984 (Docket
No. 28888-1948P), filed on May 21, 2015, entitled “Dataset and Methods for Multilingual
Image Question Answering” and listing Haoyuan Gao, Junhua Mao, e Zhou, Zhiheng Huang,
Let Wang, and Wei Xu as inventors. The aforementioned patent document is incorporated by

reference herein in ifs entirety.
BACKGROUND

A. Technical Held
[0602] The present invention relates generally (o timproving the interfacing of human-
computer interactions. More particularly, the present disclosure relates to systems and methods

for improving the automation of question answering from image and question inputs.

B. Description of the Related Ast

10003} Question Answering (QA) 18 a computer scicnee discipline within the fields

of information retricval and natural language processing (NLP), which is related to building a
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system that automatically answers questions posced by humans in a natural language setting.
In information retrieval, an open domain question answering system aims (o refurn an answer
in responsc to the user’s question. The system uses a combination of technigues
from computational  linguistics, information  retrieval and knowledge  representation for
finding answers.
{0004] Many studies have been made on the task of image captioning. Most of them
are built based on deep neural networks {e.g., deep Convolutional Neural Networks), Recurrent
eural Network (RNN) or Long Short-Termn Memory (LSTM). The large-scale image datasets
with sentence annotations play a crucial role in this progress. Despite the soccess of these
methods, there are still many issues to be explored and resolved. In particular, the task of image
captioning only requires generic sentence descriptions of an image. But in many cascs, only a
particular part or object of an image is of interest. The image captioning task lacks the
interaction between the computer and the user, since the users cannot input their preference
and interest.
[0005] Accordingly, what is nceded are systems and methods that provide improved

question answering given an image and an input question.
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BRIFF DESCRIPTION OF THE DRAWINGS
[0006] References will be made to embodiments of the invention, examples of which
may be illustrated in the accompanying figures. These figures are intended to be illustrative,
not limiting. Although the invention is generally described in the context of these embodiments,
it should be anderstood that it is not intended to limit the scope of the invention to these
particular embodiments.
j0607] Figure 1A (“FIG. 1A”) depicts a block diagram for image question answering
model according to embodiments of the present disclosure.
[0008] Figure 1B depicts a sample answer to a visual question generated by an
embodiment of 2 multimodal guestion answerning (mQA) system according (o embodiments of
the present disclosure.
j0009] FIG. 2 depicts a component diagram for a multimodal question answering
{mQA) model according to embodiments of the present disclosure.
0010} FIG. 3 depicts a multimodal question answering (m{QA) model architecture
according to embodiments of the present disclosure.
[0011] FIG. 4 depicts a component diagrare for the first L3TM component and the
second LSTM component according to embodiments of the present disclosure.
{0612} FIG. § depicts an exemplary flow diagram for image question answering
according to embodiments of the present disclosure.
{0013} FIG. 6 depicts a method for generating the final answer using a fusion
component of a mQA system according to embodiments of the present disclosure.
j0014] FIG. 7A depicts a method of training the Convolutional Neural Network
component according to embodiments of the present disclosure.
[0015] FIG. 7B depicts a method of joint-training the first LSTM component, the
second LSTM component, and the fusion component according to embodiments of the present
disclosure.
0016} FIG. 8 depicts an example generated answer bascd upon an input question and
input image according to embodiments of the present disclosure.
{0017} FIG. 9 depicts a simplified block diagram of a computing system for the
implementation of a multimodal question answering according to embodiments of the present

disclosure.



WO 2016/187472 PCT/US2016/033363

DETAILED DESCRIPTION OF THE PREFERRED EMBODIMENTS

[0018] In the following description, for purposes of explanation, specific details are set
forth in order to provide an understanding of the invention. It will be apparent, however, to one
skilled in the art that the invention can be practiced without these details. Furthermore, one
skilled 1n the art will recognize that embodiments of the present invention, described below,
may be implemented in a varicty of ways, such as a process, an apparatus, a system, a device,
or a method on a tangible computer-readable medivm.

{0019} Components, or modules, shown in diagrams are dllustrative of exemplary
cmbodiments of the invention and are meant to avoid obscuring the invention. It shall also be
understood that throughout this discussion that components may be described as separate
functional units, which may comprise sub-units, but those skilled in the art will recognize that
various components, or portions thereof, may be divided into scparate components or may be
integrated together, including integrated within a single system or component. It should be
noted that functions or operations discussed herein may be implemented as components.
Components may be implemented in software, hardware, or a combination thereof.

{0620} Furthermore, connections between components or systems within the figures
are not intended to be lmited to direct connections. Rather, data between these components
may be modified, re-formatted, or otherwise changed by intermediary components. Also,
additional or fewer connections may be used. It shall also be noted that the terms “coupled,”
“connected,” or “communicatively coupled” shall be understood to include direct connections,
indirect counections through one or more intermediary devices, and wireless connections.
[0021] Refercnce in the specification to “one embodiment,” “preferred emmbodiment,”
“an embodiment,” or “embodiments” means that a particular feature, structure, characteristic,
or function described in connection with the embodiment is included in at least one
embodiment of the invention and may be in more than one emnbodiment. Also, the appearances
of the above-noted phrases in various places in the specification are not necessarily all referving
to the same embodiment or embodiments. Furthermore, the use of certain terms in various
places in the specification is for illustration and should not be construed as limiting. Any
headings used herein are for organizational purposes only and shall not be used to Hmit the
scope of the description or the claims.

0022} it shall be noted that these experiments and resulis are provided by way of
tllustration and were performed under specific conditions using a specific embodiment or

embodiments; accordingly, neither these expertments nor their results shall be used to limit the
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scope of the disclosure of the current patent document. Furthermore, it shall be noted that: (1)
certain steps may optionally be performed; (2) steps may not be limited to the specific order
set forth herein; (3) certain steps may be performed in different orders; and (4) certain steps

may be done concurrently.

Al Introduction

joo23] Recently, thers is increasing interest in the field of multimodal learning for both
natural langoage and vision. In particular, many studics have made rapid progress on the task
of image captioning. Most of them are built based on deep neuvral networks, Recurrent Newral
Network or Long Short-Term Memory. The large-scale image datasets with sentence
annotations play a crucial role in this progress. Despite the success of these methods, there are
still many issues to be addressed. In particular, the task of image captioning only reguires
generic sentence descriptions of an image. But in many cases, a particular part or object of an
image is the subject of attention. Currently, the image captioning approaches lack the
interaction between the computer and the user (as user preference and intcrest are not
considered in these approaches).

0624} The task of visual question answering with improved user-computer interfacing
is a focus of embodiments disclosed herein. In this task, embodipents provide an answerto a
freestyle question about the comtent of an image, which greatly enhances the interaction
between the computer and the wser as compared to prior approaches. Embodiments of a
multimodal question answering {mQA) model were developed to address this task. Figure 1A
depicts a block diagram for image question answering model according to embodiments of the
present disclosure. The mQA model 130 receives an tmage input 120 and a guestion input 110
related to the image input and generates an answer 140 compwising multiple words. Current
approaches provide simple one-word answers. Providing multiple word answers, including full
sentences, enhance both the computer-user interaction and utility but do so dramatically
increases the complexity. In embodiments, the mQA model 130 receives the question input and
an image input via the same or different input interface. Figure 1B depicts a sample answer to
a visual question generated by an embodiment of an mQA system according to embodiments
of the present disclosure. Although the image, the question, and the answer are shown together
in Figure 1B, it is understood that they may he arranged differently; for example, the question,
the answer, or both may be may be in a text format, an audio format, or a combination thereof.
{0025] in embodiments, an mQA model 130 comprises four components, as shown in

Figure 2. In embodiments, the first component 210 is a Long Short-Term Memory (LSTM)
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component that receives the question input 120 and encodes a natural language sentence of the
question input into a dense vector representation. In embodiments, the second component 220
is a deep Convolutional Neural Network (CNIN} component that receives the image input and
cxiracts an uwvage represeniation. fn embodiments, the CNN may bhe pre-trained and fixed
during the training. In embodiments, the third component 230 is a second LSTM component
that encodes the information of a current word and previous words in the answer into dense
representations. In erabodiments, the fourth component 240 is a fusing component that fuses
information from prior coroponents to predict the next word in the answer. In embodiments,
the fusing component 240 comprises a fusing layer 242, an intermediate layer 244, and a
Softmax layer 246. In embodiments, the fusion layer 242 is communicatively coupled to the
first three components to fuses information from these components to generate a dense
multirmnodal representation that 1s used to help predict the next word in the answer. It shall be
noted, however, that the mQA system may be differentdy configured, and the fusing layer may
fuse information fewer or more components. For example, the first component may feed into
the third component and the fusing laver may only the second and third component outputs. In
cmbodiments, the intermediate layer 244 maps the dense multimodal representation in the
fusing layer back to a dense word representation. In embodiments, the Softmax layer 246
predicts the probability distribution of the next word in the answer.

{0026] in embodiments, the first, third, and fourth components are jointly trained by
maximizing the probability of the ground truth answers in the training set using a log-likclihood
loss function. To lower the risk of overfitting, weight sharing of the word embedding layer
between the LSTMs in the first and third components may be used. A transposed weight
sharing scheme may also be adopted to allow weight sharing between the word embedding
tayer and the fully connected Softmax layer.

0027} In embodiments, to train an mQA model, a large-scale Freestyle Multilingual
Image Question Answering dataset (FM-IQA, see details in Section D) was constructed based
on the Microsoft Common Obijects in Context (MS CO{0) dataset. The current version of the
dataset contains 158,392 images with 316,193 Chinese question-answer pairs and thetr
corresponding English translations. To diversify the annotations, the annotators were allowed
to raise any question related to the content of the image. Strategies proposed herein monitor
the quality of the annotations. This dataset contains a wide range of artificial intelligence (AD)
related questions, such as action recognition {e.g., “Is the man tryving to buy vegetables?”),

object recognition {e.g., “What is there in yellow?”), positions and interactions among objects
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in the image (e.g. “Where is the kitty?”) and reasoning based on common sense and visual
content {e.g. “Why does the bus park here?”).

[0028] Because of the variability of the freestyle question-answer pairs, it is hard to
accurately evaluate using automatic metrics. A Visual Turing Test was conducted using human
judges. Specifically, the question-answer pairs gencrated by an embodiment of the mQA
system are muxed with the same set of question-answer pairs labeled by annotators. Human
judges were involved to determine whether the answer was given by a model or a human. In
addition, the judges were also asked to give a score of § (ie. wrong), 1 (i.e. partially correct),
or 2 {ie. correct). The results show that the tested embodiment of an mQA system passed
64.7% of this test (treated as answers of a human) and the average score is 1.454. In the
discussion section herein, an mQA system that includes or is combined with an m-RNN model

can automatically ask a question about an image and answer that question.

B. Related Work
[0029] Recent work has made significant progress using deep neural network models
in both the fields of computer vision and natural language. For computer vision, methods based
on Convolutional Neural Network achieve the state-of-the-art performance in various tasks,
such as object classification, detection and segmentation. For natural language, the Recurrent
Neural Network (RNN) and the Long Short-Termn Memory network (LSTM) are also widely
used in machine transiation and speech recognition.
0630} Embodiments of an mQA system were inspired in part by the n-RNN maodel
for the image captioning and image-sentence retricval tasks. It adopts a deep CNN for vision
and a RNN for language. Embodiments of the model may be extended to handle the input of
question and image pairs, and generate answers. In the experiments, it was found that an mQA
system can learn how to ask a good question about an image using the m-RNN maodel, and this
question can be answered by an embodiment of an mQA system.
{0031} There has been recent effort on the visual question answering task. However,
most of them use a pre-defined and restricted set of questions. Some of these questions are
generated from a template. In addition, the FM-IQA dataset is muich larger than the dataset in
those prior arts.
{0632} There are some concurrent and independent works on this topic: some propose
a largescale dataset also based on MS COCO. They also provide some simple baseline methods
on this dataset. Compared to their method, embodiments based upon the teachings disclosed

herein for this task are better, and hwman judges were used to perform the at least some of the

-7
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cvaluations. The dataset also contains two different kinds of language, which can be useful for
other tasks, such as machine translation. Because a different set of annotators and different
requirements of the annotation are used, the proposed dataset and the aforementioned
largescale dataset based on MS COCO can be complementary to cach other, and Iead to some
interesting topics, such as dataset transferring for visual question answering.

{0033} Some other researches use a model containing a single LSTM and a CNN. They
concatenate the question and the answer, which is a single word or preferable to be a single
word, and then feed them to the LSTM. Different from them, embodiments of the current
disciosure use two separate LSTMs for questions and answers respectively in consideration of
the different propertics {c.g. granmumnar) of questions and answers, while allow the sharing of the
word-embeddings. For the datasct, some prior approaches adopted a dataset much smaller than
the FM-1QA dataset. Some other prior approaches utilized the annotations in MS COCO and
synthesize a dataset with four pre-defined types of questions (i.e. object, number, color, and
location). They also synthesize the answer with a single word. These datasets can also be

complementary to the FM-IQA dataset.

C. Emboduvents of a Multimnodal QA (mA) Svstem
0034] An exemplary architecture of an mQA model is shown in Figires 2 and 3

according to embodiments of the present disclosure. In embodiments, the model comprises four
componenis: (1) a first Long Short-Term Memory (LSTM) 210 for extracting semantic
representation of a question, () a deep Convolutional Neural Network (CNN} 220 for
extracting the image representation, (I a second L5TM 230 to extract representation of the
current word in the answer and its linguistic context, and (IV) a fusing component 240 that
incorporates the information from the first three parts together and generates the next word in
the answer. In some embodiments, these four components are jointly trained together. The
details of the four model components are described in subsection 1 below. The effectiveness
of the important components and strategies are analyzed in Section E, subsection 3. In Figure
3, the first LSTM component comprises unfilled blocks, the second LSTM component
comprises vertical Hine filled blocks and the fusing component comprises dot-filled blocks.

[0835] FIG. 4 depicts an exemplary component diagram for the first LSTM component
and the sccond LSTM component model according to embodiments of the present disclosure.
The first LSTM component 210 comprises a first word embedded layer 212 and a first LSTM

tayer 214. The second LSTM component 230 comprises a second word embedded layer 232
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and a second LSTM layer 234, In embodiments, the weight matrix in the word embedding
tayers of the two LSTMs {one for the question and one for the answer) are shared. In addition,
in embodiments, the shared weight matrix in the word embedding layers is also shared with a
weight matrix in the Softmax laver 246 in a transposed manner (also shown in Figure 3). In
embodiments, the weight matrix in the second LSTM layer is not shared with the weight matrix
in the first LSTM layer in the first component.

j0636] The adoption of two separate components (LSTMs) for questions and answers
respectively while allow the sharing weight matrix between these two components {in the word
embedding layers) provides a unigue advantage compared to the prior arts. On one hand, taking
consideration of the different propertics (¢.g. grammar) of questions and answers, using
separate different LSTMs enables a more “suthentic” answer which provides a more natural
and engaging interface for a user to use the image-question-answer model. On the other hand,
by sharing weight matrix between these two components, the overall answer generation process
may be streamlined and simplificd, which allows faster computation time without scarifying
the “authentic” quality of the answer generated. Furthermore, a multiple words answer would
cnable the mQA model capable of answerning more complex guestions, ncluding free-style
questions. The answer can be complex sentences. Therefore, the utlity of the mQA model is
also greatly enhanced.

j0037] in embodiments, the inpuis of to the model are a reference image 110 and a
question 120 related to the image. In embodiments, the model is trained to generate an answer
to the question. In embodiments, the words in the question and answer are represented by one-
hot vectors (i.e., binary vectors with the length of the dictionary size N and have only one non-
zero vector indicating its index in the word dictionary). A <BOA> (beginning of answer) sign
and an <EQOA> (end of answer) sign are added, as two spatial words in the word dictionary, at
the beginning and the end of the training answers, respectively. They will be used for
generating the answer o the question in the testing/use stage.

{0038] in the testing/use stage, an image and a question about the image are input into
the model. In embodiments, the answer generation process starts with the start sign <BOA>
and uses the model to caleulate the probability distribution of the next word. A beam search
scheme may then be used to keep the best K candidates with the maximum probabilitics
according to the Softmax layer. The process is repeated until the mode! generates an end sign

of the answer <FEOA>.
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0039} FIG. 5 depicts an exerplary flow diagram for image question answering
according to embodiments of the present disclosure. In embodiments, the mQA model receives
an image input in step 505 and extracts a visual representation out of the image nput in step
5310. The mQA model also reccives a question input in a natural language sentence related to
the image input in step 5315 and encodes the natural language sentence info a dense vector
representation in step 320. it shall be noted that the mQA model may receive the image input
and question mput in different order or concurrently instead of receiving the image input first.
In step 325, the mQA model extracts a representation of a current word in the answer and is
hinguistic context. In step 530, a next word in the answer is generated using a fusion comprising
the dense vector representation, the visual representation, and the representation of the current
word. Steps 325 and 530 are repeated until an end of answer <EOA> is reached. Finally, the

model outputs the final multi-word answer in step 540.

1. Embodiments of Components of an mOA Model

a3} Component (1)

0840} In embodiments, the semantic meaning of the question is extracted by the first
component 210 of the model. In embodiments, it contains a 312 dimensional word embedding
tayer 212 and an LSTM layer 214 with 400 memory cells. The function of the word embedding
layer is to map a one-hot vector of the word into a dense semantic space. This dense word
representation is feed into a LSTM layer.

[0041] In embodiments, the LSTM layer is a Recurrent Neuwral Network (RNN)
designed for solving the gradient explosion or vanishing problem. The LSTM layer stores the
context information in its memory cells and serves as the bridge among the words in a sequence
(e.g., a question}. In embodiments, to model the long-term dependency in the data more
effectively, the LSTM layer adds three gate nodes to the traditional RNN structure: the input
gate, the output gate, and the forget gate. The input gate and ovtput gate regulate the read and
write access to the LSTM memory cells. The forget gate resets the memory cells when their
contents are out of date. Different from prior approaches, in embodiments, the image
representation does not feed into the L3TM layer in this component because questions are just
another input source for the model This approach is reasonable becausce the questions are
treated as another input source for the model, so images should not be added as the supervision
for them. The information stored in the L3TM memory cells of the last word in the question

(i.e., the g

¥
1
X%

uestion mark) will be treated as the represeuntation of the sentence.
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1) Component (1
[0042] In embodiments, the second component 220 is a deep Convolutional Neural
Network (CNN) that generates the representation of an image. In some embodiments, the
GoogleNet is used. It is noted that other UNN models, such as AlexNet and VggNet, may also
be used. In embodiments, the final SoftMax layer of the deep CNN is removed and the

remaining top layer is connected to the embodiments of the models presented herein.

¢y Component (3

[0043] In embodiments, the third component is the second LSTM component 230,
which contains a second word embedding layer 232 and a second LSTM layer 234. The
structure of the third component is similar to the first component. The activation of the memory
cells for the words in the answer, as well as the word embeddings, may be fed into the fusing
component o generate the next words i the answer.

j0044] In some prior approaches, training question and answer are concatenated, and a
single LSTM is used. Because of the different properties (i.e., grammar) of questions and
answers, in embodiments herein, two separate LSTMs are used for questions and answers
respectively. The L3TM layers for the question and the answer may be denoted as LSTM{(Q)
and LSTM(A}, respectively, herein. In embodiments, the weight matrix in LSTM(Q) is not
shared with the LSTM(A) in the first components. It is poted that the semantic meaning of
single words should be the same for questions and answers so that the parameters in the word-

embedding layer for the first and third component may be shared.

4y Component (IV)

[0845] Finally, in embodiments, the fourth component 240 fuses the information from
the first three layers. In embodiments, the fourth component 240 comprises a fusing layer 242,
an intermediate layer 244, and a Softmax layer 246. FIG. 6 depicts a method for generating
the final answer asing a fusion component of the mQA system according to embodiments of
the present disclosure.

0046} In erbodiments, the fusing layer 242 fuses the dense vector representation, the
visual representation, and the representation of the current word for the activation of the fusing
tayer £(2) for the current word in the answer. Specifically, the activation of the fusing layer £(2)
for the #" word (or the current processing answer word) in the answer can be calculated as
follows:

j0047] f(t) = gV, 1 -+ Vil + ¥V, 0, (O + VY, wit)); (O

i
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048] where “+7 denotes element-wise addition, ry stands for the activation of the
LSTM((3) memory cells of the last word in the question,  denotes the image representation,
v, (£) and w(t) denotes the activation of the LSTM(A) meemory cells and the word embedding
of the #* word in the answer respectively. ¥, o V;. V.. and ¥V, are the weight matrices that are
fearned. g{. ) is an element-wise non-finear function.

[0049] In ervbodiments, after the fusing layer 242, the intermediate layer 246 maps the
dense multimodal representation in the fusing fayer back to the dense word representation in
step 620. In embodiments, a fully connected Softmax layer 246 in step 630 predicts the
probability distribution of the next word in the answer. This strategy allows the weight sharing
between word embedding layer and the fully connected Softmax layer (see details in
Subsection 2, below).

0650} In embodiments, a sigmoid function is used as the activation function of the
three gates and a Rel.U is adopted as the non-lincar function for the LSTM memory celis. In
cmbodiments, the non-linear activation function for the word embedding layer, the fusing laver,
and the intermediate layer is a scaled hyperbolic tangent function: {x) = 1.7159 - tanh(é X}.
[0851] At step 640, the next word predicted in step 630 is verified whether it is the end
of answer (g.g., <EOA>). If it is not the end of the answer, the process goes returns to step 645,
m which the next word 1s added to the answer and set as the current word, to reiterate the
process of fusion layer activation for the current word, the next answer word prediction and
generation (steps 610~630). H it is the end of the answer, the component yes, the system outputs

the final answer in step 650.

2. The Weight Sharing Strategy

[0852] As mentioned in Section B, the mQA system adopts different L3TMs for the
question and the answer because of the different grammar propertics of questions and answers.
However, the meanng of single words in both guestions and answers should be the same.
Therefore, the weight matrix between the word-erabedding layers of the first component and
the third component may be sharcd.

[0053] In addition, this weight matrix for the word-embedding tayers may be shared
with the weight matiix in the fully connected Softmax layer in a transposed manner, as shown
in Figures 2 and 3. Intuitively, the function of the weight matrix in the word-cmbedding laver
is to encode the one-hot word representation into a dense word representation. The function of

the weight matrix in the Softmax layer is to decode the dense word representation into a pseudo
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onc-word representation, which is the inverse operation of the word embedding. This strategy
reduces nearly half of the parameters in the model and provides better performance in fmnage
captioning and novel visual concept learning tasks.

7

3. Training Details

{0054] In embodiments, the CNIN may be pre-trained. For example, the CNN may be
pre-trained as shown block 710 in Figure 7A on the ImageNet classification task. This
component may also be fixed during the QA training. A log-likelihood loss defined on the word
sequence of the answer is adopted. Mintmizing this loss fanction is equivalent to maximizing
the probability of the model to gencrate the ground truth answers in the training set. In
cmbodiments, the first, third and the fourth components are jointly trained as shown block 720
in Figure 7B using stochastic gradient decent method. In embodiments, the inttial learning rate
is 1 and is decreased by a factor of 10 for every epoch of the data. In embodiments, the training
is stopped when the loss on the validation set does not decrease (or does not decrease by a
threshold amount) within three epochs. In embodiments, the hyperparameters of the model are
selected by cross-validation. [t shall be noted that these training examples are provided by way
of ilustration and were performed under specific conditions using a specific embodiment or
embodiments; accordingly, they shall not be used to limit the scope of the disclosure of the
current patent document.

{0055] For the Chinese guestion answering task, the sentences are segmented into

several word phrases. These phrases can be treated equivalently to the English words.

D. The Freestvie Multilineual Image Question Answering (FM-IQA)
Dataset
j0056] Some embodiments were trained and evaluated on a large-scale multilingual

visual question answering dataset. In Subsection 1 (below), a process of collecting data s
described, and a method to monitor the quality of annotations is also described. Some statistics

and examples of the dataset arc given below in Subsection 2.

1. The Data Collection

[0857] The initial image set started with the 158,392 images from the newly released
MS COCO training, validation, and testing set. The annotations were collected using Baidu’s
online crowdsourcing server. To make the labeled question-answer pairs diversified, the
annotators were frec to give any type of questions, as long as these questions were related to

the content of the image. The question should be answered by the visual content and
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conunonsense (e.g., it is not expectad (o get questions such as “What is the name of the person
in the image?”). The annotators needed to give an answer fo the question themselves.

[0058] On the one hand, the freedom given to the annotators was beneficial in order to
get a freestyle, interesting, and diversified set of questions. On the other hand, i moade i harder
to control the quality of the annotation compared to a more detailed instruction. To monitor the
annotation guality, an initial quality filtering stage was conducted. Specifically, 1,000 images
were randomiy sampled as a quality monitoring dataset from the M5 COCO dataset as an initial
set for the annotators (they did not know this is a test). Sorne annotations were then sampled
and their quality was rated after each annotator fimished some labeling on this quality
monitoring dataset (about 20 question-answer pairs per annotator). Unly a small number of
annotators (195 individuals) whose annotations were satisfactory (i.c., the guestions were
related to the content of the image and the answers are correct) were selected. Preference was
also given to the annotators who provided interesting questions that regquire high level
reasoning to give the answer. Only the selected annotators were pormitied to label the rest of
the images. A set of good and bad examples of the annotated question-answer pairs from the
quality monitoring dataset were picked and shown to the selected annotators as references.
Reasons were also provided for selecting these examples. After the annotation of all the images
was finished, the dataset was further refined and a small portion of the images with badly

labeled questions and answers were removed.

2. The Statistics of the Dataset

[0059] Currently, there are 158,392 tmages with 316,193 Chinese question-answer
pairs and thetr Enghish wranslations. Each image has at least two question-answer paps as
annotations. The average lengths of the questions and answers are 7.38 and 3.82 respectively
measured by Chinese words, One thousand (1,000) question-answer pairs and their
corresponding images were randomly sampled as the test set.

{0060} The guestions in this dataset are diversified, which requires a vast set of artificial
inteHigent (Al capabilities in order to answer them. They contain some relatively simple image
understanding questions of, for example, the actions of objects {e.g., “What is the boy in green
cap doing?”), the object class {e.g., “Is there any person in the image?”), the velative positions
and inferactions among objects (e.g., “Is the computer on the right or left side of the
gentleman?”), and the attributes of the objects {e.g., “What is the color of the frishee?”). In
addition, the dataset contains some questions that need a high-level reasoning with claes from

vision, language, and commonsense. For example, to answer the question “Why does the bus
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park there?”, it should be known that this question is about the parked bus in the image with
two men holding tools at the back. Based on commonsense, there might be some problems with
the bus and the two men in the image are trying to repair it. These questions are hard to answer
but it is helicved they are actually the most interesting part of the questions in the dataset. The
questions are categorized into § types and the statistics of thern is also shown on the project
page.

j0061] The answers are also diversified. The annotators were allowed to give a single
phrase or a single word as the answer {e.g. “Yellow™) or, they could give a complete sentence

{e.g., “The frisbee is yellow”).

E. Experiments

{0062] it shall be noted that these experiments and results are provided by way of
illustration and were performed under specific conditions using a specific embodiment or
embodiments; accordingly, neither these experiments nor their results shall be used to limit the
scope of the disclosure of the current patent document. For some very recent works for visual
question answering, the methods were tested on datasets where the answer to the question was
a single word or a very short phrase. Under this setting, it is plausible to use automatic
cvaluation metrics that measure the single word similarity, such as Wu-Palmer similarity
measure (WUPS). However, for the newly proposed dataset discussed herein, the answers in
the dataset are freestyle and could be complete sentences. For most of the cases, there are
nurperous choices of answers that are all correct. The possible alternatives are BLEL score,
METEOR, CIDEr, or other metrics that are widely used in the image captioning task. A
problem of these metrics is that there are only a few words 1o an answer that are semantically
critical. These metrics tend to give equal weights {e.g., BLEU and METEOR) or different
weights according to the term frequency-inverse document frequency (tf-idf) term (e.g.,
CIDEr) of the words in a sentence, hence cannot fully show the importance of the keywords.
The evaluation of the image captioning task suffers from the same problem (not as sgvere as
question answering because it only needs a general description).

[0063] To avoid these problems, a veal Visual Turing Test was conducted using human
judges for the presented model, which will be described in details in Subsection 1, below. In
addition, cach generated sentence with a score {the larger the better) is rated as described in
Subsection 2 below, which gives a more fine-grained evaloation. In Subscction 3, the
performance comparisons of different variants of the mQA model on the validation set are

provided.
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1. The Visual Turing Test

[0064] In this Visual Turing Test, a human judge was presented with an image, a
question, and the answer to the question generated by the testing model or by human annotators.
Hc or she needed to determine, based on the answer, whether the answer was given by a human
(i.e., pass the test) or a machine (i.e., fail the test).

{0065] In practice, the images and questions from the test set of the presented FM-IQA
dataset were used. An embodiment of the mQA system was used to gencrate the answer for
cach question. A bascline model of the question answering without visual information is also
implemented. The structure of this bascline model is similar to embodiments of the mQA
system, except that the image information extracted by the CNN is not fed into the fusing layer.
It is denoted as blind-QA. The answers generated by the presented mQA model, the blind-QA
model and the ground truth answer are mixed together. This led to 3000 question answering
pairs with the corresponding images, which were randomly assigned to 12 human judges.
[0066] The results are shown in Table 1. It shows that 64.7% of the answers generated
by the example mQA model are treated as answers provided by a human. The blind-QA
performs very badly in this task. But some of the generated answers pass the test. Because
some of the questions are actually multi-choice questions, it is possible to get a correct answer

by random guess based on pure linguistic clucs.

{0067] Table 1: The results of an embodiment of the mQA model for the FM-IQA
dataset
Vispal Taring Test Human Rated Scores
Pass Fail  Passrate (%) 2 1 0 Ave. Score
Human 948 52 94.8 927 64 9 1.918
Blind-
340 660 3490 - - - -
QA
mQA 647 353 64.7 628 198 174 1.454
{0068] To study the variance of the VTT evaluation across different sets of human

judges, two additional evaluations were conducted with different groups of judges under the

same setting. The standard deviations of the passing rate were 4.013, 0.019, and 0.024 for
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human, the blind-mQA model, and the mQA model embodiment, respectively. It shows that

VTT is a stable and reliable evaluation metric for this task.

2. The Score of the Generated Answer

{0069] The Visual Turing Test gives a rough evaluation of the generated answers. A
fine-grained evaluation was also conducted with scores of “07, “17, or “27. “0" and “2” meant
that the answer was totally wrong and perfectly correct respectively. 17 meant that the answer
was only partially correct {¢.g., the gencral categories are right but the sub-categorics were
wrong) and made sense to the human judges. The homan judges for this task are not necessarily
the same people for the Visual Turing Test. After collecting the results, it was found that some
human judges also rated an answer with “17 if the question was very hard to answer so that
even a human, withouot carefully looking at the tmage, would possibly make mistakes.

{0670} The results are shown in Table 1. It is shown that among the answers that are
not perfectly correct (i.e., scores are not 2), over half of them are partially correct. Similar to
the VTT evaluation process, two additional groups were also conducted using this scoring
evaluation. The standard deviations of human and the presented mQA model are 4.020 and
0.641 respectively. In addition, for 88.3% and 83.9% of the cases, the three groups gave the

same score for human and output of the tested mJA system embodiment, respectively.

3. Performance Comparisons of the Different mOA Vasiants

{0071} In order to show the cffectiveness of the different components and strategies of
the mQA model, three variants of the mQA were implemented. For the first variant (ie.,
“miJA-avg-question”), the first LSTM component 210 of the model (1.e., the LSTM fo extract
the question embedding) was replaced with the average cmbedding of the words in the question
using word2vec. This was used to show the effectiveness of the LSTM as a question embedding
learner and extractor. For the second variant {i.e. “mQA-same-LSTMs™), two shared-weights
LSTMs were used to model guestion and answer. This was used to show the effectiveness of
the decoupling strategy of the weighis of the LSTM(Q) and the LSTM(A) in embodiments of
the model. For the third variant (Le., "mQA-noTWS”), the Transposed Weight Sharing {TWS)
strategy is not adopted. This was used to show the cifectiveness of TWS.

0072} The word error rates and losses of the three variants and the complete mQA
model (ie. mQAcomplete) are shown in Table 2. All of the threc variants perform worse than

the presented mQA model

[
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{0073} Table 2: Performance comparisons of the different mQA variants
Word Error Loss
mQA-avg-question 0.442 237
mJA-same-LSTMs (0.439 2.09
mJA-no TWS (.438 2.14
"""" mQA-complete 0393 191
F. Discussion

[0074] In this disclosure, embodiments of a2 mQA model are presented to give a
sentence or a phrase as the answer to a freestyle question for an image. To validate
ctiectiveness, a Freestyle Multilingual Image QJuestion Answering (FM-IQA) dataset
containing over 310,000 question-answer pairs was constructed. Embodiments were evaluated
using human judges through a real Turing Test. It showed that 64.7% of the answers given by
an embodiment of the mQA model were treated as the answers provided by a human. The FM-
1QA dataset may be used for other tasks, such as visual machine translation, where the visual
information can serve as context information that helps to remove ambiguity of the words ina
sentence. In embodiments, the LSTM in the first component was also modified to a multimodal
LSTM. This modification allows the generation of a free-style question about the content of
image, and provides an answer to this question. An cxample result is shown in Figure 8.

{0075] Aspects of the present patent document are directed to a computing system. For
purposes of this disclosure, a computing system may include any instrumentality or aggregate
of instrumentalitics opcrable to compute, calculate, determine, classify, process, transmit,
receive, retrieve, originate, route, store, display, communicate, manifest, detect, record,
reproduce, bandle, or utilize any form of information, intelligence, or data for business,
scientific, control, or other purposes. For example, a corpuiing may be a personal computer
(e.g.. desktop or laptop}, tablet computer, mobile device (e.g., personal digital assistant (PDA)
or smart phone}, server {e.g., blade server or rack server}, a network device, or any other
suitable device and may vary in size, shape, performance, functionality, and price. The
computing system may include random access memory (RAM), one or more processing
resources such as a central processing unit (CPU) or hardware or software control logic, ROM,

and/or other types of memory. Additional components of the computing system may inchude
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one o more disk drives, one or more network ports for conmmunicating with cxternal devices
as well as various input and output (I/0) devices, such as a keyboard, a mouse, touchscreen
and/or a video display. The computing system may also include one or more buses operable
to transmit communications between the various hardware components.

{0076} Figure 9 depicts a block diagram of a computing systern 900 according to
embodiments of the present invention. It will be understood that the funcuonalities shown for
system 900 may operate to support various embodiments of a computing systern—although it
shall be understood that a computing systemn may be differently configured and inchide
ditferent components. As illustrated in Figure 9, system 900 inchudes one or more central
processing units (CPU) 901 that provides compuiing resources and controls the computer.
CPU 901 may be implemented with a microprocessor or the like, and may also include one or
more graphics processing anits (GPU)Y 817 and/or a floating point coprocessor for mathematical
computations. System 900 may also include a system memory 902, which may be in the form
of random-access memory (RAM), read-only memory (ROM), or both.

{0077} A number of controllers and peripheral devices may also be provided, as shown
in Figure 9. An input controller 303 represents an interface to vartous input device(s) 904, such
as a keyboard, mouse, or stylus. There may alse be a scanner controller 905, which
cornmunicates with a scanner 906, System 900 moay also include a storage controller 907 for
interfacing with one or more storage devices 908 each of which includes a storage medium
such as magnetic tape or disk, or an optical medium that might be used to record programs of
instructions for operating systems, utilities, and applications, which may include embodiments
of programs that implement various aspects of the present invention. Storage device(s) 908
may also be used to store processed data or data to be processed in accordance with the
invention. System 900 may also include a display contreller 909 for providing an interface to
a display device 911, which may be a cathode ray tube (CRT), a thin film transistor (TFT)
display, or other type of display. The computing system 900 may also include a printer
controller 912 for communicating with a printer 913, A communications controller 914 may
interface with one or more comnunication devices 915, which enables system 90 to connect
to remote devices through any of a variety of networks including the Internet, an Ethernet
cloud, a Fiber Channel over Ethernet {FCoE)YData Center Bridging (DCUB) cloud, a local area
network (LAN}, a wide area network (WAN), a storage area network (SAN) or through any

suitable electromagnetic carrier signals including infrared signals.
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[0078] In the illustrated system, all major system components may connect to a bus
916, which may represent more than one physical bus. However, various system components
may or may not be in physical proximity to one another. For example, input data and/or output
data may be remotely transmitted from one physical location to another. In addition, programs
that implement various aspects of this invention may be accessed from a remote location (e.g.,
a server) over a network. Such data and/or programs may be conveyed through any of a variety
of machine-rcadable medium including, but are not limited to: magnetic media such as hard
disks, floppy disks, and magnetic tape; optical media such as CD-ROMs and holographic
devices; magneto-optical media; and hardware devices that are specially configured to store or
to store and execute program code, such as application specific integrated circuits {ASICs),
programmable logic devices (PLDs), flash memory devices, and ROM and RAM devices.

j0079] it should be understood that various system components ay or may not be in
physical proximity to one another. For example, image/question input and answer output may
be remotely transmitted from one physical location to another. In addition, programs that
implement various aspects of this invention may be accessed from a remote location (e.g., a
server) over a network. Such data and/or programs may be conveyed through any of a variety
of machine-readable medium including, but are not limited to: magnetic media such as hard
disks, floppy disks, and magnetic tape; optical media such as CD-ROMs and holographic
devices; magneto-optical media; and hardware devices that are specially configured to store or
to store and execute program code, such as application specific integrated circuits {ASICs),
programmmable logic devices (PLDs), flash memory devices, and ROM and RAM devices.

0080} Embodiments of the present invention may be encoded upon one or more non-
transitory computer-readable media with instructions for one O MOre processors oF processing
units to cause steps to be performed. It shall be noted that the one or more non-transitory
computer-readable media shall include volatile and non-volatile memory. 1t shall be noted that
afternative implementations are possible, including a hardware implementation or a
software/hardware implementation. Hardware-iroplemented functions may be realized using
ASIC(s), programmable arrays, digital signal processing circuitry, or the like. Accordingly, the
“means” terms in any claims are intended to cover both software and hardware
implementations. Similarly, the term “computer-readable medium or media” as used herein
inchudes software and/or hardware having a program of instructions embodied thereon, or a
combination thercof. With these implementation alternatives in mind, @ is to be understood

that the figures and accompanying description provide the functional information one skitled
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in the art would require to write program code {(i.¢., software) and/or to fabricate circuits (Le.,
hardware) to perform the processing required.

0081} it shail be noted that embodiments of the present invention may further relate to
computer products with a non-transitory, tangible computer-readable medium that have
computer code thereon for performing various computer-implemented operations. The media
and computer code may be those specially designed and constructed for the purposes of the
present invention, or they may be of the kind known or available to those having skill in the
relevant arts. Examples of tangible computer-readable media include, but are not limited to:
magnetic media such as hard disks, floppy disks, and magnetic tape; optical media such as CD-
ROMs and holographic devices; magneto-optical media; and hardware devices that are
specially configured to store or to store and execute prograrm code, such as application specific
integrated circuits (ASICs), programamable logic devices (PLDs), flash memory devices, and
ROM and RAM devices. Examples of computer code inciude machine code, such as produced
by a compiler, and files containing higher level code that arc executed by a computer using an
interpreter. Embodiments of the present invention may be unplemented in whole or in part as
machine-executable instructions that may be in program modules that are executed by a
processing device. Examples of program modules include libraries, programs, routings,
objecis, components, and data structures. [n distributed computing environments, program
modules may be physically located in settings that are local, remote, or hoth.

0082} One skilled in the art will recognize no computing system or programiming
fanguage is critical to the practice of the present invention. One skilled in the art will also
recognize that a number of the elements described above may be physically andfor fanctionally
separated into sub-modules or combined together.

[0883] it shall be noted that elements of the claims, below, may be arranged differently
including having nultiple dependencies, configurations, and combinations. For example, in
embodiments, the subject matter of various claimas may be combined with other claims.
0084} it will be appreciated to those skilled in the art that the preceding examples and
embodiments are exemplary and not limiting to the scope of the present invention. It is intended
that all permutations, enhancerents, equivalents, combinations, and tmprovements thereto that
are appavent to those skilled in the art upon a reading of the specification and a study of the

drawings are included within the true spirit and scope of the prescnt invention.
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1.

¥
[y

CLATMS

A computer-implemented method that improves computer-user intcraction by generating
an answer to a guestion input related to an image input, the method comprising:
receiving a guestion input in a natural langoage form;
receiving an image input related to the question input; and
inputting the question input and the image input nto a multimodal question
answering (mQA} model to generate an answer comprising multiple words
generated sequentially, the mQA model comprising:
a first component that encodes the question input into a dense vector
representation;
a second component {0 extract a visual representation of the image input;
a third component o extract representation of a current word in the answer
and its linguistic context; and
a fourth component to generate a next word afier the current word in the
answer using a fusion comprising the dense vector representation, the

visual representation, and the representation of the current word.

The computer-implemented method of Claim 1 wherein the first component is a first long
short term memory (LSTM) network comprising a first word embedding layer and a fivst

LSTM layer.

The computer-implemented method of Claim 2 wherein the third component s a second

LSTM network comprising a second word embedding layer and a second L3TM layer.

The computer-implemented method of Claim 3 wherein the first word-embedding layer

shares a weight matrix with the second word-cmbedding layer.

The computer-implemented method of Claim 3 wherein the first LSTM layer does not share

a weight matrix with the second LSTM layer.

The computer-implemented method of Claim 1 wherein the second component is a deep

Convolutional Neural network (CNN).

22
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7. The computer-taplemented method of Clain 1 wherein the CNN is pre-trained and is fixed
during guestion answering training.

8. The computer-implemented method of Claim 1 wherein the first, the third, and the fourth
components are jointly trained together.

8. The computer-implemented method of Claim 3 wherein the fowrth component is a fusing

component comprising:

a fusing laver that fuses information from the first LSTM layer, the second LSTM
layer, and the second component to generate a dense multimodal
representation for the current word in the answer;

an intermediate layer that maps the dense multimodal representation in the fusing
layer to a dense word representation; and

a softmax layer that predicts a probability distribution of the next word in the

AnsSwer,

18. A computer-implemented method that improves computer-user interaction by
generating an answer to a question input related to an image input, the method comprising:
extracting a semantic meaning of a question input using a first long short term
memory {LSTM) component comprising a first word-embedding layer and
a first LSTM layer,
generating a representation of an image input related to the question input using a
deep Convolutional Neural network (CNIN) component;
extracting a represcntation of a current word of the answer using a second LSTM
component comprising a second word-embedding layer and a second LSTM
layer; and
fusing the scmantic meaning, the representation of the image input, and a
representation of the current word of the answer to predict a next word of

the answer.

11. The computer-iroplemented method of Claim 10 wherein the first word-embedding layer

shares a weight matrix with the second word-embedding laver.

i2. The computer-implemented method of Claim 10 wherein the first LSTM layer does not

share a weight matrix with the second LSTM layer.
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13. The computer-implermented method of Claim 10 wherein the deep CNN is pre-trained and

is fixed during question answering training.

14. The computer-implemented method of Claim 11 wherein predicting the next word in the
answer further comprises:
fusing information from the first LSTM layer, the second LSTM laver, and the UNN
in a fusion layer to genecrate a dense multimodal representation for the
current answer word;
mapping in an intcrmediate fayer the dense multimodal representation to a dense
word representation; and
predicting in a softmax layer a probability distribution of the next word in the

answer.

15. The computer-implemented method of Claim 14 wherein the dense multimodal

representation in the fusion layer is a non-linear activation function.

16. The computer-implemented method of Claim 15 wherein the non-linear activation function

is a scaled hyperbolic tangent function.

17. The computer-implemented method of Claim 15 wherein the first word-embedding laver,

the second word-embedding laver, and the softmax layer share a weight matrix.

18. A non-transitory computer-readable medium or media comprising one or more scquences
of instructions which, when executed by one or more processors, causes the steps to be
performed comprising:

responsive to receiving from a user a question input, extracting a sermantic meaning
of the question input;

responsive to receiving an image input related to the question input, gencrating a
representation of the image input;

starting with a start sign as a current word in an answer to the question input based
upon the image input, generating a next answer word based on a fusion of
the semantic meaning, the representation of the image input, and a semantic
current answer word and adding it to the answer;

repeating the next answer word generating step uniil an end sign of the answer is

generated; and
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responsive to obtaining an end sign, outputting the answer.
19 The non-transitory computer-readable medium or media of Claim 18 wherein
generating the next answer word conprises:

fusing information from the first LSTM layer, the second LSTM laver, and the CNN
in a fusion layer for a dense multimodal representation for the current
answer word;

mapping in an intermediate layer the dense multimodal representation to a dense
word representation; and

predicting in a softmax layer a probability distribution of the next word in the

AnsSwer,

20. The non-transitory computer-readable medivm or media of Claim 19 wherein the
softmax layer has a weight matrix to decode the dense word representation into a

pseudo one-word representation.
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