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The shift from one-hot to distributed representation, popularly referred to as word embedding has 

changed the landscape of natural language processing ( nlp ) and information retrieval ( ir ) communities. 

In the domain of document images, we have always appreciated the need for learning a holistic word im- 

age representation which is popularly used for the task of word spotting. The representations proposed 

for word spotting is different from word embedding in text since the later captures the semantic aspects 

of the word which is a crucial ingredient to numerous nlp and ir tasks. In this work, we attempt to 

encode the notion of semantics into word image representation by bringing the advancements from the 

textual domain. We propose two novel forms of representations where the first form is designed to be 

inflection invariant by focusing on the approximate linguistic root of the word, while the second form is 

built along the lines of recent textual word embedding techniques such as Word2Vec. We observe that 

such representations are useful for both traditional word spotting and also enrich the search results by 

accounting the semantic nature of the task. We conduct our experiments on the challenging document 

images taken from historical-modern collections, handwritten-printed domains, and Latin-Indic scripts. 

For the purpose of semantic evaluation, we have prepared a large synthetic word image dataset and re- 

port interesting results for the standard semantic evaluation metrics such as word analogy and word 

similarity. 

© 2020 Elsevier Ltd. All rights reserved. 
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. Introduction 

What’s in a word? According to the linguist Ferdinand de Saus-

ure [1] , a word is like a coin which has two sides to it that can

ever be separated. On one side, we have the form of the word,

omposed of sounds and letters that combine to make a spoken

r written word. While on the other side we have the meaning

hich gives us the concept or an intuition on the word usage. In

he domain of document images, for decades we have appreciated

he need for learning a holistic word level representation which is

opularly used for the task of word spotting. However, most of the

revious works in this space have restricted the representations

hich only respect the word form, while ignoring its meaning. In

his work, we attempt to bridge this gap by encoding the notion

f semantics by introducing novel forms of word image represen-

ations. 

Learning representation from the data forms the basis of any

attern recognition problem. With a good representation, one

chieves both better performance and insights into the underlying

roblem. In the text domain, the shift from one-hot to distributed
∗ Corresponding author. 
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epresentations learned using techniques such as Word2Vec [2] ,

nd GloVe [3] have changed the entire landscape for informa-

ion retrieval ( ir ) and natural language processing ( nlp ) problems.

uch distributed representations, popularly referred as word em-

eddings, essentially embed the relationships among words by for-

ulating a proxy task such as language modeling. The embed-

ing process projects each word into a vectorial space where the

istances among the words define its semantic relationships. The

earning process exploits the cue that: the words which are related

n semantics keep the company (context) of similar words in a doc-

ment . The widespread use of word embeddings as the underly-

ng representation brought a revolution in the nlp domain. In this

ork, we would like to capitalize this success to document images

here the community largely restricts itself to image representa-

ions which captures only the visual properties. Fig. 1 (a) presents

 couple of word image pairs and their similarity values projected

long visual and semantic axes. As mentioned before, the tradi-

ional word image representations captures only the visual proper-

ies (top-axis), while in our proposed work, we would like to addi-

ionally encode the semantic properties (bottom-axis) of the word

hich further enriches the representation. 

One of the interesting aspects in the domain of document im-

ges is its close relationship with the text domain. A document im-

ge essentially contains text, and hence the “semantics” that are

https://doi.org/10.1016/j.patcog.2020.107542
http://www.ScienceDirect.com
http://www.elsevier.com/locate/patcog
http://crossmark.crossref.org/dialog/?doi=10.1016/j.patcog.2020.107542&domain=pdf
mailto:praveen.krishnan@research.iiit.ac.in
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Fig. 1. (a) Projection of word similarity scores onto visual and semantic axes as shown in top and bottom locations respectively. Here the top axis uses word image 

representation [4] which only focus on the visual space, while the bottom axis uses the proposed semantic representation which focus on the meaning of the word. (b) 

Visualization of the proposed semantic representation space using t-SNE. 
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involved in creation of the original text are seamlessly transferable

to it. In linguistics, “semantics” refers to a broad area which inves-

tigates the meaning and relationship among words, phrases, sen-

tences and documents. In this work, we restrict the scope to indi-

vidual words (word images) which can be treated as a fundamental

and meaningful unit for a document. We explore two major rela-

tionships among words:- (i) at the level of individual word usages

caused by “inflections”, which expresses different grammatical cat-

egories such as tense, case, number, etc., and (ii) semantic relat-

edness among words which associates words with similar mean-

ing in a given context. We address both these problems by bring-

ing external linguistic knowledge from textual domain in the form

of algorithms (stemming, lemmatization, etc.) and learned statisti-

cal models (such as Word2Vec). Although most of our discussions

are for English, we will also present results for Indic scripts which

demonstrate the generic nature of the proposed framework. Note

that, in this work, we limit our discussions to segmentation based

settings where we obtain word segmentation information in the

form of ground truth. Fig. 1 (b) presents a snapshot of the proposed

word image semantic representation space visualized using the t-

SNE algorithm. Here the neighboring word images belong to se-

mantically related entities and are invariant of handwriting styles. 

1.1. Recognition vs. representation 

Broadly, there are two paradigms of solution in the direction of

our problem: (i) recognition (or transcription) of a word image into

its constituent textual string and later transferring it into the se-

mantic space using existing textual ir algorithms, and (ii) a direct

embedding of word images into the semantic representation space

through a learned model. 

A perfect recognition is all we want for building any type of

ir or nlp application around document images. However, the doc-
ment images that we are interested in this work are handwrit-

en, historical manuscripts and degraded printed books where tra-

itional printed Optical Character Recognizer ( ocr ) based meth-

ds would result in noisy text and could lead to inferior results.

his leads us to the complementary method, where the idea is to

ormulate the problem from a retrieval perspective. In this case,

he focus is to learn an appropriate representation space which

reserves the similarity among the content words irrespective of

heir variations due to style and degradation. One of the classical

orks in this space is the development of word spotting problem,

riginally proposed in the speech community [5] and later intro-

uced in the document community [6] . Here, the basic idea is to

epresent the underlying word images into a representation space

here matching between the query and the candidate is posed as

 retrieval problem. In literature, there exist many successful rep-

esentations which are learned either in an unsupervised setting

r in a supervised fashion. These representations are successful in

apturing the lexical similarity at the level of word-forms, while

emaining invariant to a large extent to different (writers) styles

nd degradations. More details on these methods are presented in

he related works under Section 2.1 . 

.2. Why semantic representation? 

Our motivation to learn a semantic representation for word im-

ges is two-folded. The first and foremost reason is that, this en-

bles the user to retrieve words based on the meaning of the

uery. The second important motivation is driven by the fact

hat these representations could open newer research directions

here one could attempt to solve certain nlp problems directly

n document images. This draws parallels to how textual embed-

ing techniques became the de facto representation scheme in nlp

asks such as machine translation, sentiment analysis, pos tagging,
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Fig. 2. The top row shows the nearest neighbors of a query “watched” in the traditional word spotting setting, while the middle row shows the word images that are related 

to query in terms of inflections or word morphology, while the bottom row shows the nearest neighbors which are either related in terms of inflections, or synonyms, or 

related in terms of semantics. 
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amed entity recognition ( ner ) and also to certain multi-modal

roblems such as image captioning and visual question answer-

ng. In similar spirits, in the domain of document images, there

as been a recent interest [7,8] in solving some of these nlp tasks.

ome of the attempted problems are finding document similar-

ty [9] , Named Entity Recognition ( ner ) [7,8] , automatic essay grad-

ng [10] , etc. 

.3. Traditional spotting vs. semantic spotting 

A traditional word spotting method respects the similarity

mong the word images on the basis of their form by embedding

hem into an approximate verbatim space. Note that, in this work

e refer to the traditional word representation space as “verba-

im” as coined in the work of Wilkinson and Brun [11] in order 

o differentiate it with semantic space. For example, in the verba-

im space the representation for word images written/printed in

ifferent styles or handwriting are supposed to lie close to each

ther. The top row of the Fig. 2 shows the traditional spotting sys-

em for the example query “watched” along with its top nearest

eighbors. In this work, we propose two novel form of representa-

ions which project the word images into a semantic space where

istances among the representations define the semantic relation-

hips. We refer this task as semantic spotting as shown in the mid-

le and bottom rows of Fig. 2 . Here, the middle row presents the

op nearest neighbors for the same query, which includes other re-

ated word images that are invariant to word form inflections. We

efer this representation as normalized word embedding . We further

eneralize this to include broader semantics along the lines of tex-

ual word embedding techniques such as Word2Vec, and GloVe.

he bottom row of the Fig. 2 shows the result from the proposed

emantic representation . 

.4. Contributions 

The underlying architectures used in this work are first pre-

ented in our previous works [4,12] and were primarily used for

ord spotting. These are summarized in Section 3 and 4 respec-

ively for completeness. The primary focus of this work is to bring

emantic into the learned representations. More specifically, the

ajor contributions of this work are: (i) We propose a normal-

zed word representation which is invariant to word form inflec-

ions. The representation achieves state of the art performance as

ompared to a conventional verbatim based representation, (ii) We

ntroduce a novel semantic representation for word images which

espects both its form and meaning , thereby reducing the vocabu-

ary gap that exists between the query and its retrieved results, (iii)

e demonstrate semantic word spotting task and evaluate the pro-

osed representation on standard ir measures such word analogy

nd word similarity, and (iv) The proposed representation is suc-

essfully demonstrated on both historical and modern document

ollections in printed and handwritten domains across Latin and

ndic scripts. 
. Related works 

We broadly categorize our literature review into three major

ubsections. We first explore the prominent methods in the do-

ain of word image representations. We then discuss the exist-

ng literature of semantic embedding from the ir or nlp commu-

ities where the problem is more fundamental and has numerous

pplications. Finally, we discuss some of the recent papers in the

omain of document images that address the problem of learning

emantic embeddings from word images. 

.1. Word image representation 

Learning holistic representation for word images was popular-

zed with the problem of word spotting [6] . Given a corpus of

ord images, segmentation based word spotting involves retriev-

ng all the relevant instances of a given query from the corpus.

ost of the traditional methods only consider the lexical correct-

ess of the word while performing the retrieval. Initial methods

n this space used variable length representation schemes [13] , to

xploit the temporal information in words. These methods were

ostly based on profile features [6,14] which essentially summa-

ize the pixel level statistics. However these features are less ro-

ust to wide variations in style and demand robust pre-processing

tages such as binarization and noise removal. With the popular-

zation of bag of words ( bow ) [15] method in the vision commu-

ity, such frameworks were adapted for learning holistic represen-

ations for word images [16–18] . These methods were based on

ncoding local patch level descriptors such as sift [19] using a vi-

ual code book learned in an unsupervised fashion. Given an image

ith a set of encoded code words, pooling is performed to com-

ute a fixed-length vectorial representation. In [16] , the represen-

ation is further projected onto a topic space using latent semantic

ndexing ( lsi ) [20] , where the latent topic space is assumed to pre-

erve the lexical content of word images. Although the authors use

 semantic model ( lsi ) in their work, the purpose was to exploit

he semantic relatedness in visual word space, thereby improving

he quality of holistic representation for lexical matching. For fur-

her details on bow based word representation schemes for docu-

ent images, readers can refer to [18] . 

More recently, learning representation in a supervised setting

as gained a lot of interest. One of the prominent methods in

his space is [21] which uses the concept of word attributes using

 representation called pyramidal histogram of characters ( phoc ).

 phoc representation is built by concatenating the histogram of

haracters at multiple spatial regions in a pyramidal fashion. Un-

ike previous methods (e.g., gradient features, bow , etc.) which do

ot use supervised learning, these attributes are learned from im-

ges in a supervised setting. 

With the advancements in deep learning and its wide success

n feature learning for natural images, numerous methods have

een proposed which use deep features for learning word image

epresentations [9,11,12,22–24] . In our earlier works [9,12] , we pro-

osed a deep convolutional network (HWNet) for word image rep-
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1 http://cvit.iiit.ac.in/research/projects/cvit-projects/hwnet . 
resentation learning by formulating a proxy task of word clas-

sification. Here, the holistic features are taken from the penul-

timate layer of the network. We further extend our architecture

in [4,25] to embed word images and textual representations onto

a common subspace which enable both query-by-string and query-

by-image word spotting. Along the lines of phoc attributes, Poz-

nanski and Wolf [22] adapted VGGNet [26] for recognizing these

attributes by having multiple parallel fully connected layers where

each one predicts a phoc attribute at a particular level. One of the

prominent works in this space is from Sudholt and Fink [23] which

proposes an architecture to directly embed image features to phoc

attributes by having sigmoid activation in the final layer. It is re-

ferred as PHOCNet, which uses the final layer activations to de-

rive a holistic representation for word spotting. In continuation,

the authors adapt PHOCNet with a temporal pooling layer (TPP-

PHOCNet) [24,27] which enriches the temporal features by pre-

serving information at multiple regions (similar to spatial pyra-

mids) from a word image. The above methods learn representa-

tions which respect lexical similarity, thereby ignoring the seman-

tics of these words. In this work, we propose novel form of seman-

tic representations for word images which provides a platform for

semantic word spotting. 

2.2. Textual word embedding 

Learning continuous representation for textual words (word

embedding) which respects their semantic properties has been a

fundamental quest in the text processing community. Such word

embeddings are useful in many downstream nlp and ir applica-

tions such as text classification [28] , named entity recognition [29] ,

etc. The term word embedding was coined in the classical work

of Bengio et al. [30] where the problem is formulated in terms of

language modeling. Here, the underlying task is to learn a prob-

ability distribution of word sequences present in a context. This

implicitly learns a distributed representation of words. The task is

achieved using a neural architecture with a cross entropy based

loss function, however the complexity in the output softmax layer,

which is equivalent to the size of vocabulary, presented the ma-

jor computational bottleneck. One of the most popular and cited

works in the field of word embedding is by Mikolov et al. and is

referred as Word2Vec [2,31] . Word2Vec uses a shallow neural ar-

chitecture and a negative sampling loss function which is compu-

tationally far efficient than softmax. Another popular formulation

referred as GloVe proposed by Pennington et al. [3] uses word-to-

word co-occurrence statistics from the corpus to learn word repre-

sentations. Here, the basic idea is to exploit the semantic informa-

tion that is the present in the ratio of word co-occurrence prob-

abilities. Both Word2Vec and GloVe learn high quality word rep-

resentations which can be readily used in many downstream nlp

tasks. However, one of the major limitation in the above formu-

lations is that one cannot extract the word embedding for an out

of vocabulary ( oov ) word. This is because the underlying formu-

lation treats the individual unit as a word and hence, the word

embeddings are only learned for the words in training vocabulary.

To avoid such limitations, recent methods [32,33] were proposed at

sub-word level while keeping the overall formulation similar. Such

models can now also define representations for oov words, and are

also quite useful for morphologically rich languages. 

2.3. Word image semantic embedding 

In the document image community, there has been only very

few pursuits in learning the semantic aspects of the word images.

One of our initial work [34] highlights the need for semantics, and

demonstrated a two-stage approach for performing semantic re-

trieval. The basic idea is to perform a query expansion by matching
he query to an annotated corpus of word images (semantic index)

hich contains the associated relationships among words defined

y WordNet [35] . The work could not be considered as semantic

mbedding since we didn’t embed word images into a semantic

pace, however the final goal for semantic retrieval remains simi-

ar to this work. In [36] , the authors proposed an end2end repre-

entation learning using a chosen subset of concepts from Word-

et using a deep convolutional architecture. Here, each word im-

ge is annotated with a semantic attribute vector generated from

he WordNet and the network is trained using a weighted rank-

ng loss function. The work demonstrated the results on synthetic

cene text dataset in both query-by-concept and query-by-image

ormulations. Both the above mentioned works [34,36] utilize the

exical database WordNet which is limited to the available human

nnotations, supports very few languages and defines only spe-

ific semantic relationships. However, the recent textual embed-

ing techniques such as Word2Vec or GloVe have the ability to

earn both generic and specific semantic relationships in an unsu-

ervised fashion. The recent work from Wilkinson and Brun [11] is

ne of the first work which uses these textual embeddings to learn

ord image representation. The authors propose a two-stage neu-

al architecture which uses a cosine embedding ranking loss to

roject word images into the semantic space. However, [11] only

nalyzes the performance of the traditional word spotting task

nd does not study the semantic aspects of such a representation.

e draw inspiration from this work and systematically present a

ramework which can learn a better semantic representation, and

lso evaluate it under both semantic tasks and the conventional

ord spotting task. 

. HWNet: word image representation 

Given our interest in bringing semantics into word image repre-

entation, one of the foremost design challenge is to come up with

n architecture, which can embed word images into an appropriate

eature space. In this work, we use our previous proposed architec-

ure referred as HWNet v2 [12] for learning representation which

s given to the embedding architecture (originally proposed in [4] )

hich brings both text and images into a common subspace. In

his section we present the HWNet style of representation, while

n the next section we present the joint image and text embedding

ramework. In both these sections, we limit our discussion to the

exical properties of an image, while in Section 2.3 , we adapt these

rchitectures for the purpose of semantic embedding. Note that for

implicity, we would refer HWNet v2 as HWNet in this paper. 

One of the key observation from a trained deep cnn network

sing a large dataset (e.g. AlexNet [37] trained on ImageNet cor-

us) is that the feature maps obtained at the intermediate lay-

rs are generic in the nature. The design of HWNet architec-

ure [12] follows the inspiration from this recent form of fea-

ure learning scheme. However, one of the major challenges to be

olved first is the need for a huge annotated corpus in our domain

hich could substitute the role ImageNet played for vision tasks.

ortunately there exists an unique solution for generating huge

ynthetic dataset from open source fonts which could practically

rovide a large annotated corpus of word images for free. iiit-hws

ataset 1 is a collection of synthetic word images rendered from

andwritten style fonts with suitable post-processing for adding

nough realism to the generated dataset. In this work, we would

se this dataset for pre-training our networks in order to obtain a

etter initialization of weights. 

The top part of the Fig. 3 shows the HWNet architecture. It

ses a ResNet34 architecture along with spatial pyramid pooling.

http://cvit.iiit.ac.in/research/projects/cvit-projects/hwnet
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Fig. 3. Figure depicts two streams in the End2End word image embedding architecture, where the real stream inputs the handwritten/printed word image through the 

HWNet network for feature extraction. The label stream contains two parts which takes a synthetic image and a phoc representation for the corresponding textual label. 

Both the streams converge to a common representation space shown as embedding layer which is implemented using a multi-layer perceptron. The layer contains softmax 

units which computes the class probabilities for each word in the vocabulary. 
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nstead of using global average pooling after convolutional layers

as used in the original ResNet architecture [38] ), we found fully

onnected ( fc ) layers learn better features at the penultimate layer.

n order to support variable length word images as input, which

lso preserve the aspect ratio of the input images, we use a spatial

yramid pooling layer ( spp ) after the final convolutional layer. spp

s a multi-scale generalization for region of interest pooling ( roi ).

pp takes a variable length representation as input and produces

 fixed length output depending on number of grids. In our usage

f spp along HWNet, we create pyramid levels only vertically with

evels set at 1, 2 and 3 similar to the one used in [24] . This would

ssentially capture the temporal properties present in the word

mage. This is referred as temporal pooling layer tpp . For much de-

ailed analysis on HWNet architecture and the training process, the

eaders are advised to refer to [12] . 

. Joint image and text embedding 

The idea for joint image and text embedding, is to learn a com-

on subspace for both word images and the corresponding textual

trings. Fig. 3 , presents our architecture which was first proposed

n [4] , where we achieve the joint embedding using a two stream

real and label) network with a multi-task loss function. In this

ork, we refer this as End2End embedding architecture. The real

tream is essentially the HWNet network which takes real word

mages as input, while the label stream incorporates the super-

ised label information. The label stream is further split into two

odalities, which inputs the synthetic image rendered in one sin-

le font and the textual stream which is fed using phoc [21] rep-

esentation. The features of both real images and synthetic im-

ges are captured using convolutional layers, where we use HWNet

rchitecture for real images and a shallower cnn network simi-

ar to HWNet for the synthetic image stream. These choices are

otivated by the complexity level of data variations in individ-

al streams. In both the cnn networks (real and synth), we use

pp pooling after the last convolutional layer to operate on vari-

ble length images. The textual stream, where the inputs are fed

sing the phoc extractor, is appended to the synthetic stream and

s treated as a conditional label. This is achieved by concatenating

he flattened activations from the synthetic network with the phoc

ased textual representation. After concatenation, we use a fully

onnected network to merge both information. We believe this

reserves the complementary information from both the modali-

ies (synth and text). Note that the weights of individual streams

s part of the convolutional layers are not shared because:- (i)

e need both real and synthetic (along with its text) streams to

earn complementary features, and (ii) to learn real stream with-

ut any conditional label information. Given the two sets of fea-

ures, one from the real stream and another from the label stream,

e perform label embedding by projecting both these features into
 common subspace. We achieve this using an embedding layer as

hown in the Fig. 3 (right-most block), which is a typical Siamese

tyle network implemented as a multi-layer perceptron. Here, the

eights are shared since we want to identify the common sub-

pace where the correlation among similarly paired data is max-

mized. Finally, the embedding features are given to the softmax

ayer to compute the class-wise probability of each word in the

raining vocabulary. To train the network, we use a multi-task loss

unction as given below:- 

 (φr , φl , y ) = L 1 (φr , y ) + L 2 (φl , y ) + L 3 (φr , φl ) (1) 

Here, φr , φl are the embeddings obtained from the real and

abel streams respectively as shown in the Fig. 3 , while y is the

round truth label represented using one hot representation. The

rst two components ( L 1 , L 2 ) of the loss function are cross en-

ropy based classification loss functions computed on the soft-max

cores for real and label embeddings respectively. The third com-

onent ( L 3 ) is a similarity loss function, which is defined using

he cosine similarity between the pairs of features belonging to the

ame label, and is given as:- 

 3 (φr , φl ) = 1 − cos (φr , φl ) (2) 

The choice of multi-task loss was done following our experi-

nce with training HWNet [12] , which convinced us that the fea-

ures learned while training a word classification network are ro-

ust enough to perform word spotting. More details on the training

trategy such as pre-training, data augmentation and architectural

etails will be discussed in Section 6.3 as part of implementation

etails. Given the trained embedding network, in order to com-

ute embedding for the test images and strings, we extract the L 2 
ormalized activation from the penultimate layer of the network,

hich in our case are φr and φl respectively. As mentioned earlier,

he original motivation of this network and learning procedure is

o learn a generic representation for word images and text, suit-

ble for spotting lexically similar words with respect to query. In

ext section, we adapt our architecture and the loss functions to

nduce semantics into the representation. 

. Word image semantic embedding 

In this work, we propose a word image representation which

espects both the lexical and the semantic properties of a word.

hile the definition of semantics is quite broad, in this work we

estrict our scope in two forms:- (i) words which are related to

ach other in the form of “common linguistic root”, and (ii) the

ords which are related to each other in terms of “common con-

ext”. In the following section, for each form, we propose represen-

ations which respect these semantic relationships. 
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Fig. 4. Intuition behind the semantic embedding process. Here each point refers to a word image embedding either shown in the lexical space (shown in left) or the 

semantic space (shown in right). We propose two schemes to embed word images from lexical to semantic space (a) Recognize+Embed, and (b) Direct Embedding. 
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5.1. Normalized word embedding 

In textual search systems, one of the first pre-processing stage

is word normalization, which includes normalizing the case of the

word to lower case and reducing each word to its root/stem form.

For example, words such as look, looking, looked, looks will all re-

duce to its root form look . In terms of linguistic rules, these in-

dividual words convey different grammatical categories, however

from a search perspective they all convey the same information.

We follow a similar paradigm where we would like to learn nor-

malized word embeddings for word images which are invariant to

such word forms in a language. 

In the English language, we observe variations in the form of

inflections to a word which expresses different grammatical cate-

gories. These are expressed in the form of either prefix or a suffix

(more generally called as affixes). The popular inflectional ending

in English are “-s” (plural), “-ed” (past tense), “-ess” (adjective),

“-ing” (continuous form), etc. These affixes are added to the root

word, thereby resulting in a semantically related word. In text do-

main, there are two ways to normalize such words to their root

forms:- (i) use of stemming algorithms which use heuristics to re-

duce the word to a stem which is very close to the actual root

form, and (ii) use of lemmatizers or morphological analyzers which

are more of linguistic rule based systems which use the parts of

speech ( pos ) information to deduce the root for the word. 

In this work, we imitate the process of stemming and lemma-

tization in visual domain using our image embedding network by

formulating the problem of normalized word embedding. Here we

use standard and popular linguistic tools such as Porter stem-

mer [39] and WordNet based Lemmatizer [40] which are pro-

vided as part of the nltk toolkit [41] to strip out common affixes.

This generates a normalized representation of words with common

roots. Here, the Porter stemmer uses multiple heuristic rules in

stages to strip the affixes, while the lemmatization algorithm uses

the knowledge of WordNet [35] , a large lexical database of English

annotated by humans, along with the pos tag information of the

word to derive the root form of the word. Note that pos compu-

tation for isolated words could be ambiguous without the context

information. Given the reduced number of word classes obtained

from stemmer and the lemmatizer, we train our embedding net-

work (as presented in Section 4 ) with the modified classification

losses ( L 1 , L 2 ) which now computes the loss in recognizing the

root word from the word image. Note that the L 3 loss remains

the same as mentioned earlier. We empirically observe that such a

trained network gives lesser weights to popular word suffixes and

learns a feature space where both the root of the word and its in-

flections lie close to each other. 
s
.2. Semantic embedding 

We now generalize our notion of semantic representation by

aking inspiration from the word embedding techniques proposed

n the text/ nlp community, such as Word2Vec [2] and GloVe [3] al-

orithms. The distributed representations learned using these word

mbedding techniques establish relationships among words which

ccur in a similar context in a language. In this work, we use a

re-trained textual word embedding model and project word im-

ge features into the learned textual embedding space with no loss

f generality in representation space. We achieve this transfer in

wo ways: a) recognize+embed, and b) direct embedding. This is

isually demonstrated in Fig. 4 . In both schemes the target seman-

ic embedding space remains the same. 

.2.1. Lexicon based recognition and embedding 

We consider lexicon-based recognition and embedding scheme

s a two-stage semantic embedding process, where first we recog-

ize the word image into a string w ∈ D , and then transfer it into a

ontinuous representation space w s = F w 

defined by a pre-trained

extual semantic look-up table such as Word2Vec. Here D is the list

f lexicon words from a dictionary, F is the semantic look-up table,

nd F w 

is the representation for word w . 

We achieve the first task using our lexical word-image embed-

ing architecture as presented in Section 4 . We project each textual

ord in the dictionary D into the lexical embedding space through

he label stream of the architecture which utilizes both the syn-

hetic rendering of the textual word and its phoc representation.

n order to recognize a handwritten word image, we perform a

-nearest neighbor operation with k = 1 in the lexical embedding

pace after projecting each word image through the real stream.

nce we have mapped a word image to a textual label w , we use

 pre-trained semantic look-up table to transfer w to w s which lies

n the semantic space. 

There exists a limitation in this scheme which enables only in-

ocabulary semantic transfers due to the usage of a pre-defined list

f words in the dictionary D . However, as discussed in the exper-

ments section, we observe that the proposed two-stage scheme

rovides a powerful representation which enables an efficient se-

antic spotting in the domain where we have a fair knowledge on

arget lexicons. We also perform an ablation study to validate the

obustness of such a scheme under varying sizes of lexicon. The

dea of recognition followed by embedding is generic and the per-

ormance is directly proportional to the recognition performance.

lso, one can substitute an unconstrained recognition system in-

tead of the constrained one as used in this work. 
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Fig. 5. Direct word image embedding architecture. Here, we use a semantic stream 

which provides the textual word embedding for the current word image being 

passed through the real stream. 
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.2.2. Direct embedding 

One of the limitations of the previous scheme is that if the

ecognition is wrong, we transfer the wrong semantics which

s non-recoverable in the embedding space. In this alternative

cheme, we propose to directly embed into the target semantic

pace. To enable such a formulation, we adapt our embedding net-

ork as shown in Fig. 5 by incorporating a semantic stream in-

tead of the label stream. In the real stream, the final fully con-

ected layer has now a dimension equivalent to the textual word

mbedding size (typically ∼ 100 − 300 ). 

To train the network, we use two loss function variants.

he first one is the mean square error ( mse ) loss as given in

q. 3 which minimizes image embedding with respect to the pre-

rained textual embedding. 

 mse (φr , φs ) = ‖ φr − φs ‖ 

2 
2 (3) 

Here φr and φs refer to the word image embedding and its pre-

rained textual word embedding obtained from real and semantic

treams respectively. The mse loss function only considers the dis-

ance between the target word image representation and its cor-

esponding semantic feature while completely ignoring its differ-

nce from the negative samples which could lead to inferior rank-

ng. Therefore we update the loss function to include this property

hich could potentially alleviate the problem by simultaneously

inimizing the distance between both the positive samples and

aximizing the distance between the negative ones. This is done

hrough a cross domain triplet ranking loss as given below: 

 rank (φr , φs p , φs n ) = max (d(φr , φs p ) − d(φs p , φs n ) + α, 0) (4)

Here, φs p refers to textual word embedding for current word

mage whose representation is φr , φs n refers to the embedding cor-

esponding to a negative sample, and α is the margin (typically

0 − 1 ). In the above equation, d (., .) refers to the L 2 distance be-

ween the two embeddings. Here the embedding variables, φ(.) are

ormalized with details given in the implementation Section 6.3 .

e train the network using similar training strategies [2] such as

ub-sampling the words while forming the triplets so that com-

only occurring words are sampled fewer times and do not bias

he training. Similarly, while choosing negative samples, we sam-

le the words from the distribution w ~ P n ( w ), where P n ( w ) is

omputed using unigram frequency of the word. The above triplet

ased ranking loss enables capturing the relationships among sam-

les in the embedding much better as compared to the mse loss. 

. Experiments 

In this section, we first present our results on handwritten

atasets which are popular in the community. In our work, we also

se a synthetic dataset in order to evaluate the models in a con-

rolled fashion thereby allowing to simulate evaluation tasks used

n text embedding. We later present our results on printed datasets

rom Indic scripts. 
.1. Datasets 

The IAM Handwriting Database [42] : It includes contributions

rom 657 writers making a total of 1539 handwritten pages com-

rising of 115,320 words. The database is labeled at the sentence,

ine and word levels. We use the official partition for writer in-

ependent text line recognition that splits the pages into training,

alidation and test sets which are writer independent. 

George Washington (GW) [13] : It contains 20 pages of histor-

cal letters written by George Washington and his associates in

755. The images are annotated at the word level and contain ap-

roximately 5K words. Since there is no official partition, we use a

andom set (similar to [21] ) of 75% for training and validation and

he remaining 25% for testing. 

HW-SYNTH [43] : We also use an in-house synthetic word im-

ge dataset rendered from open source handwritten fonts as pro-

osed in [43] . We use a vocabulary of 12K most frequent words in

he English language. For each word in the vocabulary, we render

0-4 train-test word images which are sampled from nearly 710

onts. The train and test data come from mutually exclusive font

ets. This gives us nearly 0.6M word images. 

.2. Evaluation measures 

In order to evaluate performance under word spotting tasks, we

se the standard information retrieval evaluation measure, mean

verage Precision (mAP) [44] . The selection of queries for each

ataset follows the protocol used in [21] , where we filter the

topwords from the test corpus while all words (including stop-

ords as distractors) are kept in the retrieval dataset in which

he search is performed. We perform evaluation under both query-

y-example ( qbe ) and query-by-string ( qbs ) setting. In qbe setting,

ince the query image is taken from the corpus, the first retrieved

mage is not included in the mAP calculation. While in qbs setting,

he queries in test set are the unique strings (words). Also, note

hat all evaluations are done in a case-insensitive manner. 

For evaluating the learned semantic representation, we follow

he standard measures used in the ir community which are: (i)

ord similarity and (ii) word analogy. In word similarity measure,

here exists human similarity judgements on a pre-defined set of

ord pairs as part of the dataset. For English, we use the popu-

ar dataset WS353 [45] which contains word pairs along with hu-

an similarity judgements, where 0 means totally unrelated words

nd 10 is very much related or identical words. We compute Spear-

an’s rank correlation coefficient [46] between the human judge-

ent score and the cosine similarity score between the pair of

ord image representation. Since the words in the WS353 dataset

re specific ones which may not be present completely in the

andwritten image datasets, we evaluate this measure only on the

ynthetic dataset where we have the control to render the appro-

riate word images. 

For word analogy task, we use dataset introduced in [31] . The

ataset contains questions of the form A is to B as C is to D , where

 must be predicted by the model. We evaluate this task on HW-

YNTH and IAM datasets. Note that the questions which contain

ords which are not present in the test image corpus are excluded

rom the evaluation. Here we report mean accuracy of correct pre-

iction on the questions. 

.3. Implementation details 

We train our network and its modified version for semantic

mbedding using stochastic gradient descent algorithm with mo-

entum. We set the momentum factor to be 0.9 and the learn-

ng rate is set as 0.01 while training from scratch on synthetic

ata. While performing fine tuning, the learning rate is initialized
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Table 1 

Quantitative results of normalized word spotting evaluated under mean Average 

Precision (mAP) and reported in percentages. Here we evaluate the learned em- 

beddings in three different scenarios (Exact, Stem and Lemma). 

Concept GT. Evaluation HW-SYNTH IAM GW 

QBE QBS QBE QBS QBE QBS 

Exact Exact 98.49 98.96 92.54 96.54 99.37 99.46 

Stem 74.62 88.31 86.35 90.79 97.46 98.61 

Lemma 81.54 91.32 86.11 92.09 97.60 98.69 

Stem Exact 87.70 87.31 90.65 92.15 98.14 96.31 

Stem 97.56 98.73 92.05 95.69 99.45 99.12 

Lemma 93.94 95.12 90.19 94.40 99.07 98.82 

Lemma Exact 93.18 92.70 91.08 93.34 98.14 96.89 

Stem 90.88 95.85 90.76 93.95 98.97 98.13 

Lemma 97.56 98.62 91.67 95.01 99.01 98.20 

Exact PHOC-Exact [23] - - 72.51 82.97 - - 

PHOC-Stem - - 70.37 34.05 - - 

PHOC-Lemma - - 68.18 60.22 - - 
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from 0.001 and reduced by a factor of 2 once the loss does not

change within a certain threshold in last two epochs. The weights

are initialized using He initialization [47] . We perform extensive

data augmentation [12] while training the network which includes

elastic distortion, and affine transformations (scaling, translation,

rotation and shear). The augmentations are done on-the-fly with

50% probability whether to augment the current sample from the

mini-batch. For elastic distortion, we set the hyper-parameters

α = 0 . 8 and σ = 0 . 08 , denoted as scaling and smoothing parame-

ters [48] respectively, which regulate the amount of distortion. For

affine transformation, we randomly pick whether to rotate, shear

or pad. The rotation and shear angles are sampled in the range of

(−5 , 15) and (−0 . 5 , 0 . 5) degrees respectively. For bringing transla-

tion in-variance, we randomly insert padding in the four bound-

aries within a range of 0–20 pixels. 

As mentioned earlier, for the purpose of embedding word

images into semantic space, we used fastText pre-trained mod-

els [49] for English, Hindi and Telugu. Given the textual embedding

from fastText, we further perform normalization of the features by

subtracting the mean and dividing by the standard deviation as

computed from the training corpus. We found this to help in bet-

ter training of the network and the same values are used while

computing the test set features. For using the synthetic dataset,

pre-trained network files along with codes for extracting features,

please visit the project page 2 . 

6.4. Normalized spotting 

In normalized word spotting task, we evaluate our representa-

tion presented in Section 5.1 which is invariant to word form vari-

ations due to inflections. Here we validate whether the represen-

tation essentially captures the root form of word. Table 1 presents

the quantitative results evaluated with the proposed representa-

tion under the word spotting task using our image embedding

network, and also compares it with PHOCNet representation in-

troduced in [23] . Although PHOCNet is not primarily trained for

capturing the linguistic root of the word, we consider this eval-

uation to verify whether this happens implicitly due to the shar-

ing of attributes in the final layer of PHOCNet. As discussed in

the Section 5.1 , we have utilized two major linguistic knowledge

sources, stemming and lemmatization to learn our embedding. We

trained our embedding in three different scenarios (Concept GT):

“exact”, “stem” and “lemma”. Here “exact” corresponds to the ac-

tual ground truth of the word taken for training, while “stem”

and “lemma” corresponds to the approximate linguistic root of the
2 https://cvit.iiit.ac.in/research/projects/cvit-projects/sem-embed . 

g  

o  

s  
iven word. In either case, the training of the network is formu-

ated as a classification problem while feature/representation is

aken from the penultimate layer of the network after perform-

ng L 2 normalization. The evaluation criteria for the representa-

ion models trained under each of three Concept GT scenarios is

lso designed in the similar fashion. Here, we evaluate each model

nder all three scenarios. For example, the evaluation criteria of

Stem’ under the Concept GT model ‘Lemma’ would be the setting

here the model is trained on lemma of the word obtained using

he lemmatizer, and during evaluation we consider true prediction

o be all the words which are related with common stem. 

In the table, we first evaluate (2nd row) the traditional word

potting performance (“exact” criteria) across all the datasets. Note

hat the networks trained for IAM and GW are first pre-trained on

he HW-SYNTH dataset. The obtained results are slightly better to

he ones reported in the original work [4] due to the usage of the

pp layer along with better implementation strategies as explained

n Section 6.3 . As shown in the table, we first observe that using

he exact representation as the Concept GT, the evaluation of re-

rieving words having common stem and lemma is inferior since

he original representation is a holistic feature focusing on the en-

ire word. In the other two scenarios where we use Concept GT as

ither stem or lemma, we observe that performance of exact eval-

ation drops. This is because for “exact” retrieval, the words having

ommon roots are deemed false positives. However, the results on

he original training criteria where the Concept GT and Evaluation

re same are quite promising and better than their correspond-

ng counterparts where the Concept GT is exact. This demonstrates

hat the network is able to focus on the root form of the words

nd put lesser importance to the affixes (prefix and suffix) that are

ommon across language. In the last row, we compare the perfor-

ance of the original PHOCNet [23] architecture using the publicly

vailable pre-trained model on IAM dataset. Much similar to our

odel trained on Exact Concept GT, we see drop in performance

nder stem and lemma evaluation criteria. However, the drop in

HOCNet is much higher as compared to our model. The qualita-

ive results of our method are presented in Section 6.5.2 . 

.5. Semantic spotting 

Table 2 presents the quantitative analysis of the proposed se-

antic representation learned under different schemes. As men-

ioned in Section 6.2 , we use standard measures from textual word

mbedding literature such as word similarity and word analogy to

valuate our representation. Note that, under both these schemes

e report mean performance along with the standard deviation of

he results across multiple trial runs. In text literature, one does

ot see such trials because for each textual word, there exists only

ne representation. However, in case of image corpus, for each tex-

ual word one can sample images under different styles. There-

ore, to be fair in evaluation, we conduct multiple trials, where in

ach trial and for each textual word, we sample a random style

mage from our corpus and take its representation for evaluation

urposes. In addition, we also compute the mAP-Exact similar to

ormalized Spotting evaluation (as shown in Section 6.4 ). This will

elp to understand the performance of the semantic representation

or lexical word spotting where the goal is to only retrieve exact

imilar images. Note that we have avoided evaluating GW dataset

or semantic tasks (WS353 and Word Analogy), since the corpus

as very few images which intersect with the words in WS353 and

ord analogy datasets. 

In this work, for the purpose of embedding word images into

emantic space, we used fastText pre-trained models [49] for En-

lish. The first method reported in the table (fastText) evaluates

ur ground truth representation under semantic evaluation mea-

ures. Here, for the analogy task, we only take those words (anal-

https://cvit.iiit.ac.in/research/projects/cvit-projects/sem-embed
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Table 2 

Quantitative evaluation of word image semantic representation. Following shortened notation are used: word analogy (WA), query-by-example (QBE), query- 

by-string (QBS) and in-vocabulary QBS (In-QBS). As mentioned in Section 6.2 , we use Spearman’s rank correlation co-efficient (0,1) to report word similarity 

measure in WS353 dataset. While, WA uses word accuracy (0-100%) and semantic spotting reports the mean Average Precision (mAP) (0-100%). In each of the 

performance measure higher the value, better the method. 

Method HW-SYNTH IAM GW 

WS353 WA mAP-Exact WA mAP-Exact mAP-Exact 

QBE QBS QBE QBS In-QBS QBE QBS In-QBS 

fastText [49] 0.7300 81.97 - - 83.45 - - - - - - 

NormSpot-Exact 0.0799 ± 0.018 17.15 ± 0.4 98.49 98.96 23.17 ± 1.1 92.54 96.54 97.01 99.37 99.46 99.67 

RecEmbed-90K 0.6841 ± 0.053 70.67 ± 0.5 96.85 98.19 60.19 ± 2.6 79.78 88.31 89.43 95.37 93.29 92.02 

Sem-MSE 0.5660 ± 0.05 67.73 ± 1.1 92.82 94.76 63.22 ± 3.1 84.63 69.72 88.12 97.63 94.38 98.94 

Sem-Rank 0.6498 ± 0.04 79.90 ± 1.1 93.41 95.53 65.64 ± 3.1 83.28 71.26 86.13 97.83 93.72 98.79 

Sem-Rank + NormSpot 0.5912 ± 0.038 67.88 ± 0.6 97.96 98.78 61.53 ± 2.8 90.61 94.28 95.11 99.35 98.78 99.55 

Triplet [11] (Semantic) - - - - - 81.58 75.74 - 96.91 69.81 - 
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gy question pairs) which are present in our test corpus of each

ataset. The numbers reported under fastText could be taken as

he upper bound for our proposed semantic representation for

ord images. Next, we measure the performance of our normal-

zed word representation ( Table 1 , ConceptGT:Exact) which is as-

umed to contain only the lexical representation. Here, we are

nterested in understanding whether such a representation en-

odes semantics or not? As one can clearly notice, the perfor-

ance on both WS353 and Analogy is considerably low in all the

atasets, which states the need for dedicated encoding of seman-

ics while training. The next three rows in the table present the

esults of the proposed semantic representation as discussed in

ection 5.2 . Here, RecEmbed-90K refers to our two stage recog-

ition+embedding scheme under the lexicon size of 90K which

s significantly larger than the test lexicons in these datasets and

hereby most of the words acts as distractors. The methods Sem-

SE and Sem-Rank refer to learned representations under direct

mbedding scheme using the mean square error loss and ranking

oss respectively. As compared to the performance of NormSpot,

e observe that is that there is a significant improvement under

emantic evaluation criterion (WS353 and Word Analogy), however

here is also a drop of nearly 8 − 12% in IAM mAP-Exact evaluation

hile for GW and HW-SYNTH it in range of 2 − 5% . As mentioned

arlier, the loss in performance for “exact” evaluation is due to in-

ucing semantics. However, in order to strike a balance between

emantic and exact word spotting without compromising much

n either, in the next row (Sem-Rank+NormSpot), we evaluate the

erformance of representation obtained by concatenating both the

emantic embedding and normalized word embedding. Here, we

bserve a huge improvement of performance in exact word spot-

ing which is now comparable to NormSpot-Exact while there is

ome drop in semantic evaluation measures (WS353,WA). How-

ver this drop is still better or comparable to Sem-MSE method

nd much better than original NormSpot-Exact method. 

The other set of observation to notice is between recognition-

ased and recognition-free setting. We see that in HW-SYNTH

ataset, which contains synthetic images and thereby easier

o recognize, RecEmbed (recognition-based) method works bet-

er in analogy and mAP-Exact than Sem-MSE and Sem-Rank

recognition-free). However, for real handwritten datasets, direct

mbedding is better in most of the scenarios. This emphasizes the

mportance of direct embedding schemes where actual recognition

s difficult. Within direct embedding schemes, we observe that al-

hough both obtain a comparable mAP-Exact performance, rank-

ng based loss provides better results under semantic measures of

ord similarity using WS353 and word analogy tasks. This vali-

ates that a triplet based ranking loss captures the relationships

mong samples in the embedding space much better as compared

o the mse loss. Another important point to note here is that the

a  
AP performance of query-by-string (QBS) for both Sem-MSE and

em-Rank is inferior than its query-by-example (QBE) counterpart.

he reason is the out-of-vocabulary (OOV) words in the test set.

ince these OOV words did not exist while training, their embed-

ings through real stream does not occupy the expected semantic

pace where the textual strings from semantic stream exist. Due

o this reason, we also provide a In-QBS measure which only mea-

ures the in-vocabulary performance. 

The last row in the table compares our representations from the

mbedding proposed in Wilkinson and Brun [11] which is the clos-

st method in literature which does semantic spotting similar to

urs. However, the paper does not report semantic evaluation re-

ults as done in this work, but presents the results qualitatively.

s shown, the table reports their performance for exact (verbatim)

potting using their semantic representation which is learned us-

ng a character level language model. Although, the proposed rep-

esentations of this work obtain better results on mAP-Exact mea-

ure, since [11] have not reported semantic evaluation results on

ord similarity and analogy, we could not directly compare among

he two methods. 

.5.1. Ablation study 

Fig. 6 (a-b) presents an ablation study done for lexicon based

ecognition and embedding on the IAM dataset. The chart on the

op shows semantic spotting performance in terms of mAP for ex-

ct evaluation, while the chart on the bottom reports the word

WER) and character error rates (CER) of the recognizer. In both the

ases, the x axis shows the varying lexicon size of order 0K-90K

ords. Here, 0K refers to only having lexicon words taken from

he test set. Each lexicon set is the union of test set words and

ther words from English vocabulary acting as distractors. As one

an clearly notice, in both the scenarios the drop in performance

s moderate and even on using an extremely large lexicon of size

0K, we obtain an mAP of 88.31% for QBS, word error rate of 8%

nd character error rate of 3.9%. 

.5.2. Qualitative analysis 

Inspired by the popular example of king − man + woman =
ueen in the textual word embedding literature [2] , Fig. 6 (c)

resents few such example analogical questions and their answers

btained using the proposed semantic representation of word im-

ges. Here, we present two scenarios where the top block shows

he results when the query B − A + C =? was formulated using its

extual representation (analogous to QBS), whereas in the mid-

le block, the query was entirely formulated using the word im-

ge representation (analogous to QBE). In both the cases, we show

he result as the nearest word image representation (top-1) in

he image corpus to its corresponding query formulation. The top

nd the middle blocks are taken from the IAM dataset where the
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Fig. 6. (a-b) Rate of the performance change while increasing the lexicon size in lexicon based recognition and embedding for the IAM dataset. (a) shows semantic spotting 

performance in terms of mAP for exact evaluation, while the chart (b) reports the word and character error rates of the recognizer. (c) Qualitative results of analogical 

questions and their answers obtained using the proposed semantic representation of word images. 

Fig. 7. Qualitative results of normalized and semantic word spotting. Note that, while showing the nearest neighbors, we have removed the consecutive similar word images 

to emphasize the distances among different lexical word images. 
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queries were mostly syntactic in nature due to the limited vocab-

ulary coverage of the dataset. In order to demonstrate semantic

queries (for e.g. relationships in country, family ), we utilize our syn-

thetic dataset HW-SYNTH as shown in the bottom block. One can

clearly notice that the learned features preserve the linear seman-

tic relationships of the original word embedding on which it was

trained. These features are largely invariant to handwritten styles

and degradations. In the Fig. 6 (c), the last rows of each block shows

the failure scenarios (marked within a red bounding box) where

the nearest image retrieved for the particular query was wrong.

E.g., for the query looked − looking + going = gone is a wrong match,

whereas the correct match is went as per the ground truth. We ob-
erve that the failure scenarios are reasonable and not far from its

ctual answer. 

Fig. 7 presents the qualitative results from the learned repre-

entation for the word spotting task. The first three rows show

he results of the proposed normalized word embedding where

he representation is invariant to the word form inflections. The

esults are shown for the network trained using stem information.

ere, one can notice that for the query interest we obtain top re-

ults which include interest, interests, interesting, interested irrespec-

ive of multiple handwriting styles. The first two rows belong to

he IAM dataset, while the third row presents results from the GW

ataset. The next five rows present results using the proposed se-
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Table 3 

Semantic evaluation on printed datasets from English, Hindi and Telugu languages. Here also we report the mean average precision 

(mAP) for semantic spotting and word analogy (WA) reports the word level accuracy. Both these values are reported in percentages 

(0-100%). 

Method Supervision English Hindi Telugu 

WA mAP-Exact WA mAP-Exact mAP-Exact 

QBE QBS QBE QBS QBE QBS 

fastText [49] - 81.40 - - 57.14 - - - - 

Yalniz et al. [17] No - 93.00 - - - - - - 

Krishnan et al. [50] No - - - - 60.55 - 74.38 - 

HWNet v2 (TPP) [12] Yes - 95.70 - - 95.09 - 95.82 - 

Sem-Rank (This Work) Yes 79.01 ± 0.3 99.05 95.66 53.21 ± 1.8 94.28 93.59 95.38 94.61 
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(  

b  
antic embedding where we have showcased the results for re-

rieving semantically relevant word images. E.g., the query six re-

rieves six and other nearby numbers, the query joy retrieves joy,

xcitement, happiness, love etc. Here, the query philip is an interest-

ng case where we observe that the query being a named entity,

hich may not have any semantic sense, the top similar results are

rom other named entity words such as john, nicholas, hubert, phil ,

tc. Please note that while showing the semantic spotting results,

e have avoided few successive results which have same ground

ruth label in order to show the diversity. Also the false positives

re marked inside red bounding box. 

.5.3. Results on printed documents 

In order to validate the proposed framework on different scripts

nd modalities, we now present our results on scanned document

mages taken from printed books in both English and Indic scripts.

English-1601 [17] : The dataset contains a single book in English

itled “Adventures of Sherlock Holmes” written by Arthur Conan

oyle. This was first used in [17] for comparing ocr based results

ith image search. 

DLI Hindi and Telugu [50] : These two datasets belonging to

indi and Telugu languages from Indic scripts are part of the Dig-

tal Library of India (DLI) [51] project. DLI has emerged as one of

he largest collections of document images in Indian scripts. Many

f the pages present in DLI contain serious forms of document

egradation which restricts present day ocr s and text spotting sys-

ems to work efficiently. We take one such subset [50] which was

nnotated at the level of lines and words, and are referred to as

S1 and TS1 datasets. 

Table 3 presents the results on these datasets using the same

etrics as used earlier. Similar to Table 2 , fastText method refers

o text based representation which we use for semantic embed-

ing and its evaluation on analogy tasks is depicted in column WA.

here are very few prior works which have reported results on

hese datasets. We take three such works among which the meth-

ds proposed in [17,50] uses BoWs based features which are com-

uted in an unsupervised setting and could not be directly com-

ared with supervised methods as shown in this work. As one

an notice, the supervised methods result in better representation

earning. We also compare our earlier work HWNet v2 [12] with

he Sem-Rank method as proposed in this work. We observe that

n terms of analogy performance (WA), the gap between the fast-

ext and Sem-Rank is quite closer than the one reported for hand-

ritten domain. Also, one can see a similar trend in the perfor-

ance of mAP-Exact between Sem-Rank and HWNet v2 which was

rained in a lexical manner. Here, interestingly for the printed En-

lish dataset, we obtain a better result than HWNet v2 on the lex-

cal evaluation. The bottom four rows in Fig. 7 show qualitative re-

ults for Hindi and Telugu language word images. Note that the ex-

sting dataset is binary in nature and contains degradations due to
he binarization process. Here the top results are meaningful and

emantically coherent in nature. 

.6. Application to POS tagging 

In order to validate the utility for nlp tasks, we formulated a

imple classification task using our learned representation to per-

orm parts of speech ( pos ) tagging from word images. We used the

AM dataset which already has pos annotations. The original anno-

ations are fine-grained with nearly 200+ different tags. We manu-

lly mapped these to around 36 tags taking parts-of-speech tags of

enn Treebank project as reference. We trained a simple two-layer

erceptron with hidden dimensions of 512 weights. We used ReLU

s the activation function and also added batch normalization. We

valuate the classification performance in terms of F 1 score since

he number of words in each class is skewed in nature. Note that

he learned representations are taken from the models presented

n Section 6.5 . We obtain a F 1 score of 70.20% for the Sem-Rank

odel while for the NormSpot-Exact model the F 1 score is 68.60%.

his reinforces our assumption that semantic features would be a

etter choice for performing nlp tasks on document images. Note

hat our experiment is about proving the validity of semantic fea-

ures and the considered model architecture may not be the opti-

um design choice. 

. Conclusion and future work 

In this work, we have presented new forms of holistic repre-

entations for word images which preserve the semantic properties

f words along with their forms. We introduced two such frame-

orks: a) a normalized word embedding, which is invariant to

ultiple word inflections, and b) semantic embedding that draws

ts properties along modern textual word embedding schemes and

re more generic in capturing the relationships among semanti-

ally similar words. Our experiments, presented promising results

or semantic evaluation tasks such as word analogy and word simi-

arity. In our analysis, we also performed a direct comparison with

he traditional word spotting task, with a belief that an ideal se-

antic representation should also be optimum for the purpose of

xact evaluation. However in this case, we observed that there ex-

sted a gap in the performance. One of the major reasons for this

ap is that, due to the infusion of semantically similar words along

ith the exact matches, there is a reduction in precision for the

xact evaluation. One can notice this issue for the query joy in

ig. 7 (Row: 5), where we see the exact matches are at rank 1, and

, while the top results also contain other related words which are

elevant in semantic sense. 

Our work presented two ways for doing semantic embedding:

i) lexicon based recognition and embedding, and (ii) direct em-

edding. Here we observe that the direct embedding gives better
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performance for semantic tasks (analogy and similarity) whereas

the recognition scheme gives better performance for exact spot-

ting. The limitation in the direct embedding scheme is that its se-

mantic coverage is limited to training vocabulary, whereas for the

recognition scheme, it is limited by the lexicon words which are

independent of the training vocabulary. In our experiments, we

tested the limits of recognition based scheme by having a huge

lexicon of size 90K words where we observed the drop in perfor-

mance to be marginal. However, there exists a typical issue in the

recognition based framework when the recognition of word im-

age fails. In these cases, we typically embed into a wrong semantic

representation which may be completely unrelated with query. We

believe that a direct embedding scheme is relatively better in such

setting of failures since it can take partial cues from the root of

words (if such roots existed in training corpus). 

As a future work, we notice that there exists more scope in fus-

ing the traditional lexical representation along with semantic rep-

resentation, which could exploit their complementary properties.

We performed one basic experiment (Sem-Rank+NormSpot) in this

direction, as shown in Section 6.5 where we concatenated both

the representations. The initial results proves the direction worth

to pursue. Another interesting direction of work which takes upon

one of the limitation of the current work is dealing with out of vo-

cabulary words (OOVs). We indeed believe that char/n-gram level

embeddings could partly solve the problem of OOVs as demon-

strated in the nlp community [32,33] . 

Declaration of Competing Interest 

The authors declare that they have no known competing finan-

cial interests or personal relationships that could have appeared to

influence the work reported in this paper. 

Acknowlgedgments 

This work is partly supported by IMPRINT. Praveen Krishnan is

supported by Amazon Alexa Graduate Fellowship. 

References 

[1] C. Anderson, Essentials of linguistics, Last Retrieved 2019-01-19 ( https://

essentialsoflinguistics.pressbooks.com/ ). 

[2] T. Mikolov , I. Sutskever , K. Chen , G.S. Corrado , J. Dean , Distributed representa-
tions of words and phrases and their compositionality, NIPS, 2013 . 

[3] J. Pennington , R. Socher , C. Manning , Glove: Global vectors for word represen-
tation, EMNLP, 2014 . 

[4] P. Krishnan , K. Dutta , C.V. Jawahar , Word spotting and recognition using deep
embedding, DAS, 2018 . 

[5] J.R. Rohlicek , W. Russell , S. Roukos , H. Gish , Continuous hidden markov mod-
eling for speaker-independent word spotting, ICASSP, 1989 . 

[6] R. Manmatha , C. Han , E.M. Riseman , Word spotting: A new approach to index-

ing handwriting, CVPR, 1996 . 
[7] C. Adak , B.B. Chaudhuri , M. Blumenstein , Named entity recognition from un-

structured handwritten document images, DAS, 2016 . 
[8] J.I. Toledo , S. Sudholt , A. Fornés , J. Cucurull , G.A. Fink , J. Lladós , Handwrit-

ten word image categorization with convolutional neural networks and spatial
pyramid pooling, S+SSPR, 2016 . 

[9] P. Krishnan , C.V. Jawahar , Matching handwritten document images, ECCV,

2016 . 
[10] A. Sharma , D.B. Jayagopi , Automated grading of handwritten essays, ICFHR,

2018 . 
[11] T. Wilkinson , A. Brun , Semantic and verbatim word spotting using deep neural

networks, ICFHR, 2016 . 
[12] P. Krishnan , C.V. Jawahar , HWNet v2: an efficient word image representation

for handwritten documents, IJDAR (2019) . 

[13] T.M. Rath , R. Manmatha , Word spotting for historical documents, IJDAR (2007) .
[14] U. Marti , H. Bunke , Using a statistical language model to improve the per-

formance of an HMM-based cursive handwriting recognition system, IJPRAI
(2001) . 
[15] J. Sivic , A. Zisserman , Video Google: A text retrieval approach to object match-
ing in videos, ICCV, 2003 . 

[16] M. Rusiñol , D. Aldavert , R. Toledo , J. Lladós , Browsing heterogeneous document
collections by a segmentation-free word spotting method, ICDAR, 2011 . 

[17] I.Z. Yalniz , R. Manmatha , An efficient framework for searching text in noisy
document images, DAS, 2012 . 

[18] D. Aldavert , M. Rusiñol , R. Toledo , J. Lladós , A study of bag-of-visual-words
representations for handwritten keyword spotting, IJDAR (2015) . 

[19] D.G. Lowe , Distinctive image features from scale-invariant keypoints, IJCV

(2004) . 
[20] S. Deerwester , S.T. Dumais , G.W. Furnas , T.K. Landauer , R. Harshman , Indexing

by latent semantic analysis, J. Am. Soc. Inform. Sci. (1990) . 
[21] J. Almazán , A. Gordo , A. Fornés , E. Valveny , Word spotting and recognition with

embedded attributes, PAMI (2014) . 
[22] A. Poznanski , L. Wolf , CNN-N-Gram for handwriting word recognition, CVPR,

2016 . 

[23] S. Sudholt , G.A. Fink , PHOCNet: A deep convolutional neural network for word
spotting in handwritten documents, ICFHR, 2016 . 

[24] S. Sudholt , G.A. Fink , Attribute CNNs for word spotting in handwritten docu-
ments, IJDAR (2018) . 

[25] P. Krishnan , K. Dutta , C.V. Jawahar , Deep feature embedding for accurate recog-
nition and retrieval of handwritten text, ICFHR, 2016 . 

[26] K. Simonyan , A. Zisserman , Very deep convolutional networks for large-scale

image recognition, CoRR (2014) . 
[27] S. Sudholt , G.A. Fink , Evaluating word string embeddings and loss functions for

CNN-based word spotting, ICDAR, 2017 . 
[28] Y. Kim , Convolutional neural networks for sentence classification, EMNLP, 2014 .

[29] A. Passos , V. Kumar , A. McCallum , Lexicon infused phrase embeddings for
named entity resolution, CoNLL (2014) . 

[30] Y. Bengio , R. Ducharme , P. Vincent , C. Jauvin , A neural probabilistic language

model, JMLR (2003) . 
[31] T. Mikolov , K. Chen , G. Corrado , J. Dean , Efficient estimation of word represen-

tations in vector space, ICLR (2013) . 
[32] Y. Kim , Y. Jernite , D. Sontag , A.M. Rush , Character-aware neural language mod-

els., AAAI, 2016 . 
[33] P. Bojanowski , E. Grave , A. Joulin , T. Mikolov , Enriching word vectors with sub-

word information, TACL (2017) . 

[34] P. Krishnan , C. Jawahar , Bringing semantics in word image retrieval, ICDAR,
2013 . 

[35] G.A. Miller , Wordnet: a lexical database for english, Commun. ACM (1995) . 
[36] A. Gordo , J. Almazán , N. Murray , F. Perronin , LEWIS: latent embeddings for

word images and their semantics, ICCV, 2015 . 
[37] A. Krizhevsky , I. Sutskever , G.E. Hinton , Imagenet classification with deep con-

volutional neural networks, NIPS, 2012 . 

[38] K. He , X. Zhang , S. Ren , J. Sun , Deep residual learning for image recognition,
CVPR, 2016 . 

[39] M.F. Porter , An algorithm for suffix stripping, Program (1980) . 
[40] C.D. Manning , P. Raghavan , H. Schütze , Introduction to Information Retrieval,

Cambridge University Press, 2008 . 
[41] E. Loper , S. Bird , Nltk: The natural language toolkit, ETMTNLP, 2002 . 

[42] U. Marti , H. Bunke , The IAM-database: an english sentence database for offline
handwriting recognition, IJDAR (2002) . 

[43] P. Krishnan , C.V. Jawahar , Generating Synthetic Data for Text Recognition, arxiv,

2016 . 
44] C.D. Manning , P. Raghavan , H. Schütze , Introduction to Information Retrieval,

Cambridge university press, 2008 . 
[45] L. Finkelstein , E. Gabrilovich , Y. Matias , E. Rivlin , Z. Solan , G. Wolfman , E. Rup-

pin , Placing search in context: the concept revisited, ACM Trans. Inf. Syst.
(2002) . 

[46] C. Spearman , The proof and measurement of association between two things,

Am. J. Psychol. (1904) . 
[47] K. He , X. Zhang , S. Ren , J. Sun , Delving deep into rectifiers: Surpassing hu-

man-level performance on imagenet classification, ICCV, 2015 . 
[48] P.Y. Simard , D. Steinkraus , J.C. Platt , Best practices for convolutional neural net-

works applied to visual document analysis, ICDAR, 2003 . 
[49] E. Grave , P. Bojanowski , P. Gupta , A. Joulin , T. Mikolov , Learning word vectors

for 157 languages, LREC, 2018 . 

[50] P. Krishnan , R. Shekhar , C.V. Jawahar , Content level access to Digital Library of
India pages, ICVGIP, 2012 . 

[51] V. Ambati , N.Balakrishnan , R. Reddy , L. Pratha , C.V. Jawahar , The Digital Library
of India Project: Process, Policies and Architecture, ICDL, 2007 . 

raveen Krishnan is a PhD candidate in Computer Science at IIIT Hyderabad. His
rimary research interests include document image analysis and computer vision. 

C. V. Jawahar is a Professor at IIIT Hyderabad, India. His areas of research include

omputer vision, machine learning and document image analysis. 

https://essentialsoflinguistics.pressbooks.com/
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0001
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0001
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0001
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0001
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0001
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0001
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0002
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0002
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0002
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0002
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0003
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0003
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0003
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0003
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0005
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0005
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0005
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0005
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0006
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0006
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0006
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0006
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0007
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0007
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0007
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0007
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0007
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0007
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0007
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0008
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0008
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0008
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0009
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0009
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0009
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0010
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0010
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0010
http://refhub.elsevier.com/S0031-3203(20)30345-9/othref0002
http://refhub.elsevier.com/S0031-3203(20)30345-9/othref0002
http://refhub.elsevier.com/S0031-3203(20)30345-9/othref0002
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0011
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0011
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0011
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0012
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0012
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0012
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0013
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0013
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0013
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0014
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0014
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0014
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0014
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0014
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0015
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0015
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0015
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0016
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0016
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0016
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0016
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0016
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0017
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0017
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0018
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0018
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0018
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0018
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0018
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0018
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0019
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0019
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0019
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0019
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0019
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0020
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0020
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0020
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0021
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0021
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0021
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0022
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0022
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0022
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0023
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0023
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0023
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0023
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0024
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0024
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0024
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0025
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0025
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0025
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0026
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0026
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0027
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0027
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0027
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0027
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0028
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0028
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0028
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0028
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0028
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0031a
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0031a
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0031a
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0031a
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0031a
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0029
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0029
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0029
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0029
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0029
http://refhub.elsevier.com/S0031-3203(20)30345-9/othref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/othref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/othref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/othref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/othref0004
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0030
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0030
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0030
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0031
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0031
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0032
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0032
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0032
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0032
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0032
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0033
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0033
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0033
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0033
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0034
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0034
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0034
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0034
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0034
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0035
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0035
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0036
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0036
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0036
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0036
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0037
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0037
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0037
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0038
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0038
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0038
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0039
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0039
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0039
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0040
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0040
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0040
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0040
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0041
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0041
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0041
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0041
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0041
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0041
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0041
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0041
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0042
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0042
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0043
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0043
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0043
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0043
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0043
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0044
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0044
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0044
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0044
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0045
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0045
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0045
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0045
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0045
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0045
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0046
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0046
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0046
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0046
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0047
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0047
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0047
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0047
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0047
http://refhub.elsevier.com/S0031-3203(20)30345-9/sbref0047

	Bringing semantics into word image representation
	1 Introduction
	1.1 Recognition vs. representation
	1.2 Why semantic representation?
	1.3 Traditional spotting vs. semantic spotting
	1.4 Contributions

	2 Related works
	2.1 Word image representation
	2.2 Textual word embedding
	2.3 Word image semantic embedding

	3 HWNet: word image representation
	4 Joint image and text embedding
	5 Word image semantic embedding
	5.1 Normalized word embedding
	5.2 Semantic embedding
	5.2.1 Lexicon based recognition and embedding
	5.2.2 Direct embedding


	6 Experiments
	6.1 Datasets
	6.2 Evaluation measures
	6.3 Implementation details
	6.4 Normalized spotting
	6.5 Semantic spotting
	6.5.1 Ablation study
	6.5.2 Qualitative analysis
	6.5.3 Results on printed documents

	6.6 Application to POS tagging

	7 Conclusion and future work
	Declaration of Competing Interest
	Acknowlgedgments
	References


