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Abstract: Inspired by the human capability, zero-shot learning
research has been approaches to detect object instances from
unknown sources. Human brainsare capable of making decisions
for any unknown object from a given attributes. They can make
relation between the unknown and unseen object just by having
the description of them. If human brain is given enough
attributes, they can assess about the object. Zero-shot learning
aimsto reach this capability of human brain. First, we consider a
machine to detect unknown object with training examples.
Zero-shot learning approaches to do this type of object detection
where there are no training examples. Through the process, a
machine can detect object instances from images without any
training examples. In this paper, we develop a dynamic system
which will be able to detect object instances from an image that it
never seen before. Which means during the testing processthetest
image will completely unknown from trained images. The system
will be able to detect completely unseen objects from some
bounded region of given images using zero shot learning
approach. We approach to detect object instances from unknown
class, because there are lots of growing category in the world and
the new categories are always emerging. It is not possible to limit
objects in this fast-forwarding world. Again, collecting,
annotating and training each category isimpossible. So, zero-shot
learning will reduce the complexity to detect unknown objects.

Keywords: Zero-shot learning, Region Proposal Network,
Object recognition.

. INTRODUCTION

H uman brain is capable of recognize an unknown object,

they never seen before just by having a description of the
related object. It has been estimated that humans mostly can
recognize between 5000 and 30000 categories of object [1]
[2]. Humans can learn completely unknown classes from a
high-level description without having any previous training
data.
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For example, if we ask someone to find a person whom he
never seen before and give him some characteristics of that
person then it is possible for him to recognize the unknown
person from any kind of domain. In such, Zero-shot learning
(ZSL) approach is meant to recognize an unknown object
without any prior training image.

ZSL can be treated as a specia case of unsupervised
domain adaptation, where the source domain and the target
domain have completely digoint label spaces [3]. It is
basicaly a two-stage process, which are training stage and
inference stage. Knowledge about the attributesis captured in
the training phase, and this knowledge is used to categorize
instances among a new set of classes in the inference phase
[4]. The existing object detection models require training data
for all classes which are not optimal because the number of
object class is growing and there are huge number of living
spaces. So, for this large-scale data we need to train for each
object class individually otherwise it couldn't detect outside
the box. Again, it is time consuming and arises space
complexity for large data-set.

To overcome the problem, we proposed a model where you
don’t need to train your machine every timewith visual image
for new object class, instead set the attributes for this new
class. TheZSL formulaisgenerally been realized by using the
attributes to eliminate the semantic gap between human class
descriptionsand low-level features[5]. The system will detect
the object from test image, compare the attributes using
semantic level vectors and recognize the unknown object.

[I. RELATED WORK

Zero-shot Learning: Humans can recognize an object by
relating known objects, without prior visual experience.
Simulating this behavior into an automated machine vision
system is caled Zero-shot learning (ZSL). ZSL attempts to
recognize unseen objects without any prior examples of the
unseen data.

Zero-shot Object Recognition: Zero-shot learning
recognize unknown object in asingle dominant. But, Asapart
of complex scene, unknown object appears only. Shafin et a
[6] showed that, how Zero-shot localize and recognize each
instance of new object classes individually from a complex
domain and also can recognize without having any prior
visual examples of those classes during the training stage.

Semantic Embedding: In natural language processing,
Word embedding is the process to represent a set of word
modeling and feature learning techniques. This process maps
word into vectors of real number.
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It aso involves a mathematical embedding of one
dimension per word from a space to a much lower dimension
having continuous vector space. Semantic embedding
presents the similarity between the words according to their
vector representation.

Shujon et al [7] established a relationship between known
and unknown class using semantic label vectors.

[1I. METHODOLOGY
The flowchart of our proposed methodological steps are
given below:
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Fig. 1. Flowchart of methodology

We illustrate al the methods in step by step process as
follows:

Step 1. Input Image: Collect image from ImageNet
ILSVRC-2017.

Step 2: Resnet: A residual neural network (ResNet) is used to
obtain intermediate convolution activation.

Step 3: Feature Map: Feature map is used to obtain object
bounding box and their features.

Step 4: RPN: Region proposal network or RPN generates
object proposal by automatically ranking.

Step 5: ROI Pooling: This layer operates the starting feature
map.

Step 6: Classification: Classification istrained to predict each
object category and their class.

Step 7: Semantic embedding: Semantic embedding is applied
to perform zero-shot object detection.

Step 8: Output image: Finaly, we get the output result of
unknown object class with their bounding box.it.

IV. EXPERIMENTAL DETAILS

Theimplementation of ZSL isatwo-step process. The first
process is training and second inference. We experiment on
ImageNet ILSVRC-2017 for our proposed model for dataset,
which has 200 object categories. The dataset has 456,567
images and for training purpose the dataset has 478,807
bounding box annotations around object instances. 200 object
categories with 20,121 fully annotated images, which totally
includes 55,502 object instances is used for validation
purpose. For some objects having multiple parents, there has
been defined hierarchy. We define a single parent for each
category because, we evaluate our approach on meta-class
detection and tagging.

First, wetrain Faster R-CNN for only seen classesusing the
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training set. RPN or Region Proposal Network involves
pre-trained model ResNet for shared layers. Then, we applied
semantic network instead of Faster R-CNN classification
layer. While we train our model, we trained shared layer and
RPN is fix because object proposal remains similar from
previous step. For each input image, RPN consist of total 'R’
Rolsin both negative object proposal and positivetoo. Any of
the known class are positive proposals and negative ones
contains background. In Rol pooling layer afeature branch is
generated for each Rol which forwarded to the regression
branch and classification as well. The overal loss is
calculated by the summation of classification and regression
loss as follows:

Lcls(oiayi) = )\me(oi7yi) S (1 - /\)me(oi,g(yi)),

Classification Loss: Classification loss is calculated for

both seen and unseen class.
1
Lym(0i,yi) C'\ 3] CGCZ,\yi log (1 + exp(0. — 0y, ))

Where, lambdais a parameter which works as a bridge and
tries to trade-off between the two losses.

Here, o represents the prediction class. For separating true
class prediction response L_m_m is used and for clustering
together the member of each meta class L_m c is used.
Regression loss is fine tuned for each seen class. The
calculation is based on the ground truth co-ordinates and the
co-ordinates. In the semantic space, high level supervision is
being added by the meta-class assignment. For this
experiment, we have taken into consider both seen and unseen
classes. With the same approach, the maximum loss margin
considersthe set C consisting of both seen and unseen classes.
For ZSL, to address domain adaptation this problem setting
helps to identify the clustering structure of the semantic
embeddings. To solve the problem, we use seen word vectors
only as fixed embedding to train the whole framework with
max-margin |oss,

Ll (04, 4:) = m 2cesi\y: 108 (1 + exp(o. — oy'))

Prediction: To calculate each output prediction value we

normalize each prediction. Between word vectors and image
features, it calculates the cosine similarity.

Fig. 2. Selected Input image for Zero-shot learning
detection
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VI. RESULT ANALYSIS

We compare our result along with the baseline according to
loss configuration L' m mand L_c |_s. The loss deals with
both known and unknown class. L' m m denotes the
max-margin loss and L' m_c denotes meta-class clustering

loss.
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Table- I: Result analysis

Average | Syringe | Harmonica | Burrito | Can
opener
Similar class not present
Base | 10.85 3.9 0.5 36.3 2.7
L’mm | 13.05 8.0 0.2 39.2 4.8
Las | 7.78 1.0 0.1 27.8 2.2

Average precision of individual unknown classes using
ResNet & w2v loss calculation L' m mand L_c |_s when
similar classes aren't present.

Average precision of individual unknown classes using
ResNet & w2v loss calculation L' m mand L_c | s when
similar classes are present.

As we can see, across all zero-shot tasks performance get
improved from baseline to ours (with L' _m_m). The reason
behind the improvement is, during the training the baseline
method did not consider word vectors. As a result, about the
semantic embeddings of classes, overall detection could not
get enough supervision. For this situation, our desired
L' m_m loss formulation considers word vector for better
outcome.

Table- II: Result analysis

| Average | Bench | Electric Fan | iPod | Hamster | Tiger | Ray | Train | Golf Ball
Similar class not present
Base 22.56 1.0 0.6 22.0 40.9 75.3 0.3 284 12.0
L’mm 28.74 0.0 7.1 233 50.5 75.3 0.0 44.8 28.9
Lys 3171 | 41 5.3 26.7 47.3 71.3 215 51.1 26.2

VIl. CONCLUSION

In supervised learning we detect objectsfrom trained image

only. But, zero-shot learning detect object instances from a
completely unknown image. In our work, we have devel oped
a system by using zero-shot learning, where we are able to
detect objects from completely unknown class. We used
ILSVRC-2017 dataset for both training and testing of this
paper. We showed that, zero-shot learning is capable of detect
object instances from unknown examples while other
supervised learning can't where we got better result from
baseline results.
Zero-shot learning further warrants limitation of training the
attributes. We expect to detect object which has visualy and
semantically similar to a corresponding class. While doing
this, we see that the system detect object which is semantically
and visually similar but of different object. To get better
resultsto avoid this circumstance we will experiment by using
word vectorsin future.
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