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Abstract
Learning an efficient label embedding framework for word images enables effective word spotting of handwritten documents.
In this work, we propose different schemes of label embedding for word images using deep neural architectures and their
representations. We refer to our first scheme as the two-stage label embedding technique which projects both word images
and their corresponding textual strings into a common subspace. We further introduce an end-to-end label embedding scheme
using deep neural architecture which simplifies the embedding process and reports state-of-the-art performance for the task
of word spotting and recognition. We also validate the role of synthetic data as a complementary modality to further enhance
the embedding process. On the challenging IAM handwritten dataset, we report an mAP of 0.9753 for query-by-string-
based word spotting, while under lexicon-based word recognition, our proposed method reports 1.67 and 3.62 character and
word error rates, respectively. We also present the detailed ablation study on various variants of our end-to-end embedding
architecture and perform analysis under varying embedding sizes. We further validate the embedding scheme on degraded
printed document datasets from both Latin and Indic scripts.

Keywords Word image embedding · Word spotting · Word recognition · Label embedding

1 Introduction

Accurate recognition and retrieval of handwritten text from
scanned document images have remained as the prime prob-
lem of importance for many decades. In recent years, there
have been significant advancements in the field of computer
vision and machine learning. Especially in deep learning,
interesting methods with competitive performances on the
standard handwritten benchmarks have evolved. Given the
inherent challenges in handwritten documents, the problem is
either posed in a recognition-free manner which is popularly
referred to as word spotting [36] or in a recognition-based
manner where the input image (line/word) is transcribed into
a valid textual string. One can consider these two paradigms
as complementary where the former tackles the problem of
finding a holistic representation for word images, optimum
for various downstream tasks, including retrieval and recog-
nition of words, while in the latter, the goal is explicitly set
for transcription rather than representation learning. In this
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work, we follow the quest of learning the appropriate repre-
sentation for word images and their corresponding text in a
label embedding framework [4,38],which is useful for down-
stream tasks such as word spotting and recognition.

The basic idea of label embedding is to embed both images
and their labels (text) into a common subspace that respects
the lexical similarity across modalities (image and text). The
key question for optimum label embedding for a textual
image lies in three parts: (i) finding a good representation
of images, (ii) deriving a similar representation for text and
(iii) finding the common subspace and a similaritymetric that
respects the lexical similarity across modality. In the domain
of word spotting, the concept of word attributes [4,38] using
the pyramidal histogram of characters (phoc) has been a key
contribution to the community, which enabled label embed-
ding techniques to effectively apply to word images. The
textual phoc attributes are calculated by dividing the word
into multiple pyramid levels, and at each level, the histogram
of characters and bi-grams is computed and later concate-
nated for the final representation. Here each attribute or
dimension denotes the presence or absence of a character
at a particular spatial position. Taking inspiration from phoc
representation, recent works [33,48–50,55] use deep convo-
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lutional networks to project a word image onto a phoc-based
attribute space. Embedding word images, and the textual
strings onto a common space, enables comparisons using
a suitable similarity metric. In our work, we also utilize the
phoc representation as a way to encode textual modality.
However, we also demonstrate unique ways of using a syn-
thetic image as a complementary representation to embed
textual modality effectively.

1.1 Contributions

The major contributions of this work are:

– We propose different schemes of label embedding in the
domain of document images.

– We present a novel end-to-end embedding framework
for learning the embedding space using a multi-task loss
function.

– We validate the role of synthetic data as a complementary
modality to enhance the embedding process.

– We perform extensive experimentation on different vari-
ants of the proposed label embedding schemes, embed-
ding sizes and also explore the reduced need for real data
with effective pre-training using synthetic dataset.

The embedding architectures presented in this work first
appeared in our previous works [21,22]. In [21] we first
proposed the two-stage label embedding framework, and in
[22], we extended it to an end-to-end embedding framework.
All our architectures including the variants proposed in this
work use HWNet v2 [25] as the trunk model for computing
features before the actual embedding process. In the cur-
rent work, we further present our insights in designing the
end-to-end architecture and also simplify the existing archi-
tecture and propose a newer variant titled as HWNet v3. We
also demonstrate the effectiveness of the synthetic modality
toward learning better features for both of our embedding
schemes. The proposed representation reports a state-of-the-
art performance for both word spotting and constrained word
recognition on major handwritten datasets. In addition to
handwritten documents,we also present the results on printed
degraded datasets from Indic scripts to validate the generality
of the embedding scheme.

Figure 1 presents the sample results on the task of con-
strained word recognition using a test lexicon. Here, we use
the learned representation ofword images and its correspond-
ing textual strings of our proposed end-to-end embedding
scheme to associate a word image to their correct tran-
scription. The transcribed words are shown in green color
on top of its word image. Note that, in this work, we
assume the availability of the word-level segmentation from
document images, similar to other related works such as
[4,12,33,48,49,55].

Fig. 1 Sample results of constrained word recognition using test lexi-
con. Here, we use the learned representation of word images and their
corresponding textual strings of our proposed end-two-end embedding
scheme to associate the word image to its correct transcription. The
transcribed words are shown in green color on top of its word image

The rest of the paper is organized as follows. In Sect. 2, we
present the related works in this domain, and in Sect. 3, we
present the deep HWNet v2 architecture, which is used as the
trunk model for computing the word-level representation. In
Sects. 4 and 5 , we introduce the proposed label embedding
schemes and its variants. In Sects. 6 and 7 , we demonstrate
the various experiments using the proposed representation.
In Sect. 8, we present the visualization on embedding space
along with some qualitative results, and finally, in Sect. 9, we
present our conclusion.

2 Related works

This section discusses the prominent works in word image
representation learning for handwritten and printed docu-
ments. We split our discussion majorly into two parts; firstly,
we overview the classical methods and move on to the recent
methods based on deep architectures.Much of our discussion
will be limited to the methods involving segmentation-based
word spotting and label embedding frameworks proposed for
word images and their text. For a much more detailed survey
on word spotting methods, readers are recommended to refer
[11].

2.1 Classical methods

Word spotting for document images was the first introduced
by Manmatha et al. in [29] for indexing handwritten word
images, and the idea was quickly popularized to degraded
machine-printed documents and languages that do not have
robust optical character recognizers (ocr). Initial attempts
[27,29,37,53], mostly focused on variable-length represen-
tations of word images by considering it as a temporal
sequence. Dynamic time warping (DTW)-based algorithms
are found to be useful for matching variable-length repre-
sentations (features) and are quite popular in speech [32,41]
and other sequence matching problems. Most of these meth-
ods used profile features [30,35] which are computed at each
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column of the word image and modeled in a temporal fash-
ion. In [37,53] the local gradient features such as sift [28],
hog [8] were adapted for word spotting. For matching, [53]
used a continuous DTW algorithm for partial word matches
from line images, while [37] used hidden Markov model
(HMM)-based classificationmethod.Most of the former fea-
tures discussed above are not robust to different fonts and
writing styles, and are language-specific (Latinmanuscripts).
Moreover, the DTW, HMM-based scheme of matching does
not scale to large datasets due to the higher time complexity.
Hence the newer methods focused more on fixed length rep-
resentation built on highly engineered features proposed in
computer vision.

The popularity of the Bag Of Words (bow) [46] frame-
work using local gradient features such as sift and hog led
to its successful proliferation into the domain of document
images [2,40,42,56]. In [42,56], bow-based representation
for word image retrieval of machine-printed documents was
proposed using standard keypoint detectors such as Harris
[16], fast [39] corner detectors. The local features at those
keypoints are computed using sift. Due to the fixed length
and sparse nature of the representation, the matching was
done using cosine distance and an inverted index was used
for faster retrieval. To improve the precision of the search,
Yalniz et al. [56] proposed the Longest Common Subse-
quence (lcs)-based spatial verification scheme between the
top-k retrieved results and the original query representation.
In [1,2] the bow representation is further improved by pro-
jecting it on a topic space computed using latent semantic
analysis [9],while the indexing is done throughproduct quan-
tization [19]. Aldavert et al. [2] present a detailed survey
of bow-based representation for handwritten word spotting
with its analysis on the effect of codebook size, choice of
encoding and normalization of the performance of word
spotting. In [3], Almazán et al. use an exemplar-svm for
representing a query and performing the initial scoring of
candidate words using a sliding window. Given the initial
matches, the list is re-ranked using a Fisher vector-based rep-
resentation. The key advantages of all these approacheswere:
(i) scalable representation and (ii) due to the unsupervised
nature of learning, the methods were directly applicable to
historical databases where the annotation is hard and expen-
sive. However, its applicability was limited to single writer
handwritten datasets where the variations in handwriting
styles are less.

2.2 Word attributes

In the domain ofword spotting, the concept ofword attributes
[4,38] using the pyramidal histogram of characters (phoc)
has been a key contribution to the community to formulate
label embedding techniques. An attribute representation such
as phoc is the common link that connects a word image to

its text. phoc attributes are calculated by dividing the word
into multiple pyramid levels and computing the histogram of
characters and bi-grams at each level. The final representa-
tion is the concatenation of individual-level representations.
The intuition behind the attribute is that it denotes the pres-
ence/absence of a character at a particular spatial position.

Similar to the textual representation, the phoc repre-
sentation for word images can be derived from the scores
of attribute-level binary classifiers, which are learned from
training word images that possess the particular attribute. In
the originalworkof phoc [4],Almazán et al. useFisher-based
holistic features of word images to build attribute classifiers
that represent each word image as a vectorial representa-
tion computed from normalized attribute classifier scores.
The choice of the number of levels and the character set is
fixed during the training which in turn decides the number
of attributes. Given the attribute-level representation for both
word images and text, one can compare both representations
seamlessly. Further, the same work proposes a common sub-
space regression formulation with a closed-form solution to
project both representations onto a common subspace which
captures the correlation among the attributes and leads to
better representation.

2.3 Deep embedding

The concept of learning word attributes using phoc has been
recently demonstrated successfully using convolutional neu-
ral networks [33,48,49], which validates the generality of this
representation. Poznanski et al. [33] adapted VGGNet [45]
for the recognition of phoc attributes by having multiple
fully connected layers in parallel, each one predicting phoc
attributes at a particular level. In a similar direction, differ-
ent architectures [48,55] were proposed using cnn networks
which embeds the features into textual embedding spaces.
Sudholt et al. [48] proposed an architecture to embed directly
image features to phoc attributes by having sigmoid activa-
tion in the final layer and avoiding multiple fully connected
layers. It is referred to as PHOCNet,which uses the final layer
activation to derive a holistic representation for word spot-
ting. In their subsequent works [49,50], the authors extended
the PHOCNet network by adding a temporal pooling layer
(TPP-PHOCNet) and evaluated the different textual embed-
ding and loss functions.

In [55], the authors proposed a two-stage architecture
where a triplet cnn network is trained using SoftPN loss
function in the first stage, and the learned image representa-
tion is embedded into a word embedding space (either phoc,
dctow, semantic, etc.) using a fully connected neural net-
work where the loss is defined using a cosine embedding
function. Here dctow refers to discrete cosine transform of
Words, which is an alternative textual representation scheme
proposed by the same group. Given a textual string, the
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characters are converted into a one-hot representation and
represented as a matrix. Further, a discrete cosine transform
is taken for each row of this matrix and cropped to retain
only the first R components. The resulting matrix is flat-
tened and provides a fixed dimensional representation. The
work also explores a semantic textual representation obtained
using LSTM Char–Large model [20].

A more recently published work in the same space is
from Gomez et al. [12], which learns an embedding space
that respects Levenshtein distance between the samples. In
[6], the authors proposed a convolutional siamese network
for learning embedding for word images. Most of the above
works use the output activation from the penultimate layer
of the cnn network as the word features to perform spotting
or retrieval.

In this work, we present two significant ways of label
embedding for word images and their corresponding text,
which enables both retrieval and recognition of handwritten
word images. Our first approach extends the framework pro-
posed by Almazán et al. [4] using deep features and impro-
vises the framework with an additional synthetic modality.
Our second approach introduces a novel end-to-end embed-
ding scheme that simplifies the learning process and provides
better representation. In both of the approaches, we bank
upon the HWNet v2 architecture [25], which provides a
robust holistic representation for word images. In the next
section, we briefly overview the HWNet v2 architecture and
later, we present the different embedding techniques pro-
posed in thiswork. For amoredetailed explanationofHWNet
v2 architecture, interested readers are suggested to refer [25].

3 HWNet v2 architecture

We use the improved HWNet architecture referred to as
HWNet v2 [25] for computing the holistic representation
of word images toward the task of label embedding. Fig-
ure 2 presents the HWNet v2 architecture which consists of
a ResNet34 network with four blocks where each block con-
tains multiple resnet modules, a temporal tpp pooling layer
and two fully connected layers. Here each ResNet module
consists of two convolutional layers and a shortcut connec-
tion to enable residual learning. We also use two layers of
fully connected networks toward the end instead of global

Fig. 2 HWNet v2 architecture [25]

average pooling (as originally proposed for ResNets) in order
to capture better features in the penultimate layer of the net-
work. To improve generalization and also converge faster, we
use batch normalization after each convolutional and fully
connected layer (fc) except the last one. The input word
images are resized at multiple random scales on a padded
image of size 128 × 384. While placing the image, we tend
to avoid distorting the aspect ratio of word images except in a
few rare caseswhere the imagewidth is greater than 384. This
scheme enables the ability to train at multiple scales, which is
typically observed for amultiplewriters scenario and thereby
the network remains invariant to different scales while test-
ing. The use of tpp pooling layer [with the valid region of
interest (roi) information] after the last convolutional net-
work preserves only the valid activations coming from the
region where the input word image is rendered and extracts
a fixed dimensional representation which is further given to
the fc layers. The training objective is formulated as a word
classification problem using multinomial logistic regression
loss and the weights are updated using a mini-batch gra-
dient descent with momentum. To improve generalization,
we train the network from scratch using iiit-hws synthetic
dataset [23] and fine-tune it on a real dataset to reduce the
domain gap between synthetic and real-world data. The acti-
vations from the penultimate layer of the network are taken as
word image embedding after performing the L2 normaliza-
tion. For simplicity, we would refer to HWNet v2 as HWNet
in the subsequent sections.

4 HWNet embedding

Taking inspiration from the HWNet-based word image rep-
resentation, we now apply these features onto the word
attributes framework [4] which enables the joint feature
embedding for images and text. We refer to this scheme as
the two-stage feature embedding, and it will be described
in detail in Sect. 4.1. We will further enhance the two-
stage scheme by incorporating the synthetic modality into
the joint feature embedding process, and it will be presented
in Sect. 4.2. However, before delving into the joint feature
embedding process, we firstmotivate the need for embedding
HWNet features.

A fundamental assumptionusedwhile training theHWNet
architecture using the classification loss is that each class
(vocabulary word) is assumed to be independent. In reality,
different classes of word images share a considerable amount
of visual information. For example, the words “School” and
“Schooling” differ by just an inflection of “ing” in the suf-
fix part of the second word, and we would prefer the feature
space to obey the corresponding lexical ordering. Note that in
this work, we only focus on lexical similarity and not on the
actual semantics, for e.g., the words “car” and “cat,” both are
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perceived to have a lexical similarity, although they differ a
lot in the semantic space. One can argue that such sharing of
information is implicitly learned in the convolutional layers
of the network. However, we believe that there is a need to
make such relationships more explicit to aid learning better
representation. In this section, we exploit the fine-grained
relationships present among the word images using the word
attribute framework [4] alongwith embedding the label infor-
mation onto a common reduced subspace where both the
text and image representations lie close to each other. Given
such a reduced space, we have the following advantages: (i)
The reduced space is of much lower dimensions as com-
pared to the original dimensions with no loss in accuracy,
(ii) seamlessly enables both query-by-string and query-by-
example-based retrieval and (iii) less memory footprint for
representation,which enables large-scale retrieval and recog-
nition.

4.1 Two-stage joint feature embedding

The two-stage joint feature embedding, also referred as
DeepEmbed, first converts the HWNet-based image features
and the corresponding textual strings onto phoc-based repre-
sentations. Given the parallel representation from both image
and text modality, we further embed it into a common sub-
space. This process is referred to as two-stage since the
training of HWNet model and attributes model (for phoc-
based image representation) happens independently of each
other. The computation of phoc features for text and learning
of the attribute models for phoc-based image representation
is done similarly as presented in [4].

Let I = {I1, I2, . . . , In} be the set of n images from
the training data and Y = {Y1,Y2, . . . ,Yn} be the corre-
sponding text labels. Let φY : Y → R

d be the text label
embedding function which gives the textual phoc represen-
tation. Here d is the number of attributes which is equivalent
to phoc dimension. Let X = {X1,X2, . . . ,Xn} where Xi is
the HWNet representation for Ii word image. We can learn
a similar attribute space for HWNet features by training d
attribute classifiers which predict the probability of a par-
ticular attribute given its image representation. This would
result in having both text and images in an R

d space and
mutually comparable. We train the attribute classifiers using
linear SVMs since the cnn (HWNet) features act as explicit
feature maps that encode the nonlinearities present in feature
space. Here each attribute classifier is trained discrimina-
tively to predict a particular attribute such as “the presence
of character ‘x’ in the first half of the word image” and so on.
Given d attribute classifiers, the attribute embedding func-
tion is given as φX : X → R

d , which encodes the classifier
scores in predicting each attribute. Figure 3 presents the com-
putation of φY and φX , respectively.

ICFHR

A�r.1 A�r.2 A�r.d

Text

Image

(a) Textual PHOC Computa�on (b) Image PHOC Computa�on

HWNet 
Representa�on

Fig. 3 Computation of phoc representation using the embedding func-
tions (φY , φX ) for text and image, respectively

Even though both image and text representation lie in Rd

space, they are not optimally comparable because the scores
lie in different ranges. To calibrate the scores along with
maximizing the correlation between the multivariate vectors
(text and images) we formulate the problem as a common
subspace regression (csr) as follows:

argmin
U ,V

1

2
‖ UTA − V TB ‖2F +α

2
‖ U ‖2F +α

2
‖ V ‖2F

s.t. ψX (X )ψX (X )T = 1

ψY (Y)ψY (Y)T = 1

(1)

Here, ψX (X ) = UTA, ψY (Y) = V TB, A = φX (X ), and
B = φY (Y). U , V are the projection matrices to be learned,
and A, B are the features matrices storing the phoc-based
representation for image and text computed from the first
stage. In the csr formulation, the objective is to minimize
the distance between an image and its corresponding text
representation in a common subspace (Rd ′

) found by the
optimal projection matrices. In typical cases, d ′ < d, which
is set empirically by tuning on a validation dataset. The above
optimization problem could be treated as a generalized eigen
vector problem, having a closed-form solution as presented
in [4].

The learned subspace using projection matrices allows
embedding both word images and text into joint feature
space. This facilitates search using query-by-example and
query-by-string word spotting seamlessly. It also enables
constrained word level recognition using a finite lexicon.
More details are presented in the experimental section. In the
next subsection, we present an enhancement of the two-stage
feature embedding frameworkwhich improves the projection
of text modality into the common subspace.

123



406 P. Krishnan et al.

Fig. 4 Synthetic attribute embedding

4.2 Synthetic attribute embedding

In training theHWNet architecture, we demonstrated the role
of synthetic data in pre-training deep neural networks which
paved the way for efficient fine-tuning on real data. In this
work, we present another interesting role of synthetic data,
which could help to perform joint feature embedding more
efficiently. Figure 4 presents the extended framework of the
two-stage joint feature embedding, referred to as the syn-
thetic attribute embedding or Synth+DeepEmbed, in results
Sect. 6.5. We propose to use an additional synthetic modal-
ity to enrich the attribute embedding process of text labels
and observed that it gives complementary information,which
leads to effective learning of common subspace. Synthetic
data for word images [23] are easy to generate and are avail-
able for most languages. For each textual label, we generate
the corresponding synthetic image using a given font type.
We use a shared attribute model to compute phoc represen-
tation for both the real and synthetic images. Given the phoc
representation for both text label and synthetic image, we
perform a weighted sum as follows:

φS(Y,S) = α × φY (Y) + (1 − α) × φX (S) (2)

Here, S is the HWNet feature for the synthetic image cor-
responding to label Y , and φS(Y,S) refers to the attribute
embedding function on synthetic images and its correspond-
ing label strings as presented in the above equation. Also,
the csr formulation remains the same as presented in Eq. 1;
with the only difference being instead of φY , we now use the
newer representation given as φY,S . The basic idea of com-
posing the label representation using both text and visual
(synthetic) modality allows us to exploit the complementary
information during embedding. We refer to this as synthetic
attribute embedding, which performs better for query-by-
string retrieval. The value for α is set empirically. Note that,

in comparison with our previous framework, as presented
in Sect. 4.1, the synthetic attribute embedding framework
does not add any complexity to the total number of learnable
parameters of the system.

5 End-2-end embedding

The idea of synthetic attribute embedding discussed in the
previous section is a two-stage approach where the image
embedding is learned in the first pass, while the projection
into the attribute space happens in the second pass. We now
propose an end-to-end trainable deep word embedding net-
work with three main objectives: (i) replacing the attribute
classifiers using multi-layer fully connected networks, (ii) to
learn a new embedding space rather than fixing it to be phoc
and (iii) to simplify both training and testing phases. Note
that, although phoc has shown the optimum attribute repre-
sentation ofword images and text, in thiswork,we investigate
the possibility of automatic learning of such representation.
Figure 5 presents the two variants of end-to-end deep con-
volutional network for simultaneous learning of both textual
and image embeddings. Here, the Variant I architecture was
proposed in our initial work [22]. Later as an extension, we
simplified the architecture and the learning process for better
sharing of features among channels, and this is represented
as the Variant II architecture in the figure. In the following
discussion,we first explain theVariant I architecture and later
present theVariant II architecturewhich allows better sharing
of information among real and synthetic image modalities.

5.1 Variant I

There are two streams in the proposed architecture, real and
label stream, respectively, and each stream is passed through
a set of layers of feature extraction and embedding. The real
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PHOC

Label
Stream

s t e v e
Synthetic

Text

Feature Extraction

TPP 
Pooling

TPP 
Pooling

Embedding

Real 
Stream

(a)

PHOCs t e v e
Synthetic

Text

Feature Extraction

TPP 
Pooling

Embedding

Label
Stream

Real 
Stream

(b)

Fig. 5 The proposed variants of end-2-end embedding network for
learning both image and textual embedding using multi-task loss func-
tion. aVariant I which was first proposed in [22], uses a separate feature
extraction channel for real and synthetic images, while b presents the
Variant II of the end-2-end embedding network which allows better
sharing of features among the real and synthetic image

stream is associated with actual handwritten/printed word
images, while the label stream is used for propagating the
label information. We further split the label stream into two
parts: the textual string, and the synthetic image rendering
of the text. In the current set-up, we use phoc as our textual
representation and the synthetic image is rendered using one
single font. Note that, the architecture is generic to support
other textual representations such as DCToW [55] and the
rendering of synthetic images could be done using multiple
fonts. In comparison with the previous two-stage embedding
scheme (synthetic attribute embedding), one could think of
the real stream as the left part of Fig. 4 and the label stream
as its right part.

The features of both real and synthetic images are cap-
tured using convolutional layers, where we use ResNet34
architecture for real images, while a simpler network similar
to AlexNet is used for extracting features from the synthetic
image. The choice is made by understanding the complexity
level of data variations of individual image domains. Here
also, we use the tpp pooling layer after the last convolutional
layer, similar to the one used for HWNet architecture which
is presented in Sect. 3. The label stream consists of the net-
work comprisingof a phoc extractorwhich is appended to the
features obtained from the synthetic image. This is achieved
by L2 normalization of both features and concatenating the
normalized features. Note that, the weights of the convolu-
tional network (feature extraction) of individual streams are
not shared in the Variant I scheme.

Given the pair of normalized features from real and label
streams,we nowperform label embedding by projecting both

these features into a common subspace.We achieve this using
the embedding layer as shown in the figure, which is a typical
Siamese style network implemented as a multi-layer percep-
tron. Here, the weights are shared since we want to identify
the common subspace where the correlation among similarly
paired data is maximized.

5.2 Variant II

Variant II follows an overall architecture that is similar to
Variant I; however, we now share the convolutional network
for extracting features from the real and synthetic images as
shown in Fig. 5b. This allows the features extracted from the
synthetic image to be more robust and follows a similar dis-
tribution as learned from the real stream. The other obvious
advantage is reduction of the number of parameters to be
learned. Given the synth features from the real stream, it is
concatenated with the phoc features coming from the label
stream, and a fully connected layer is used to fuse both the
features after L2 normalization. The rest of the architecture,
which includes the embedding layer, remains the same. We
refer to this simpler variant as HWNet v3 in our experiments.

5.3 Training end-to-end network

To train the above variants of the end-to-end network which
could exploit features from both the streams, we use a multi-
task loss function as given below:

L(φr , φl , y) = L1(φr , y) + L2(φl , y) + L3(φr , φl) (3)

Here, φr , φl are the embeddings obtained from the real
and label streams, respectively, as shown in the figure, while
y is the ground truth label represented using one hot rep-
resentation. The first two components (L1,L2) of the loss
function are cross-entropy-based classification loss functions
computedon the soft-max scores for real and the label embed-
dings, respectively. The third component (L3) is a similarity
loss function, which is defined using the cosine similarity
between the pairs of features belonging to the same label,
and is given as:

L3(φr , φl) = 1 − cos(φr , φl) (4)

The choice of classification loss was done following our
experience with training HWNet, which helped in learning
efficient word image features useful for word spotting. Sec-
ondly, we chose a simpler cosine-based loss function instead
of contrastive loss [7], because, in our experiments, we found
that such a network is slow to train and the selection of
pairs (positive and negative) is extremely crucial for optimum
training.Note that using cosine loss,we achieved slightly bet-
ter performance than contrastive loss; however, we believe
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Table 1 The list of datasets used in this work

Dataset Historical #Words #Writers

iam No 1,15,320 657

gw Yes 4894 1∗
Botany Yes 20,004 1∗
Konzilsprotokolle Yes 12,993 1∗
Here gw, Botany and Konzilsprotokolle datasets are historical docu-
ments, written primarily by a single author and probably along with a
few assistants(*)

that with careful selection of hard negative samples, one
may achieve better learning using the contrastive loss. In
the experiment section, we present a thorough ablation study
of the importance of each variant of architecture, each loss
function and type of label stream information. More details
on the training strategy, such as pre-training, data augmen-
tation and architectural details, will be discussed in Sect. 6.3
as part of the implementation details.

5.4 Image and text representation

Given the trained end-to-end embeddingnetwork, to compute
embedding for the test images and textual strings, we extract
the L2 normalized activation from the penultimate layer of
the network, which in our case are φr and φl , respectively.
Note that for computing the representation of word images,
we use only the real stream and embedding layer, whereas
for computing the textual representation, we use label stream
and the embedding layer. Note that the synthetic image being
rendered in the label stream is of the same font used while
training.

6 Experiments

In this section, we present the experiments conducted on the
proposed embedding schemes, their variants and validate
its effectiveness for the task of word spotting and recog-
nition. We begin this section by mentioning the datasets
used in this work, followed by an explanation of the eval-
uation metrics being chosen. Later we present the ablation
study on the proposed variants of the end-to-end embed-
ding scheme and choose the best variant. We then evaluate
our two-stage approach and end-to-end embedding schemes
with other state-of-the-art methods for the task of word spot-
ting and recognition for both handwritten and printed word
images. We also conduct various analyses on embedding
size, percentage of training data required and present interest-
ing visualizations on both embedding space and qualitative
results.

6.1 Datasets

The IAM Handwriting Database [31]: It contains a total of
1539 handwritten forms written by 657writers and is catego-
rized as part of a modern collection. The database is labeled
at the sentence, line and word levels. We use the official par-
tition for writer independent text line recognition that splits
the pages into training, validation and testing sets, which are
writer-independent (Table 1).
GeorgeWashington (GW) [36]: It contains 20 pages of letters
written byGeorgeWashington and his associates in 1755 and
thereby categorized into a historical collection. The images
are annotated at the word level and contain approximately
5000 words. Since there is no official partition, we use a
random set (similar to [4]) of 75% for training and validation,
and the remaining 25% for testing.
Botany and Konzilsprotokolle [34]: These two datasets are
part of ICFHR 2016 Handwritten Keyword Spotting Com-
petition [34]. We considered only the segmentation-based
track data which contained cropped word images split into
training and test sets. There were also three partitions of
training sets: small, medium and large. Here we took only
the largest partition, which contains 16,686 training images
for Botany and 9102 for Konzilsprotokolle. And the test set
contains 3318 word images for Botany and 3891 for Konzil-
sprotokolle. These two datasets are also categorized under
historical document collection.

6.2 Evaluationmeasures

We evaluate the proposed embedding schemes for the task of
word spotting and recognition. In word spotting, we design
the protocol similar to [4] and also follow the train-val-test
splits given along with each dataset. We perform our evalua-
tion in a case-insensitive manner and also remove stopwords
from the test query set; however, stopwords are kept in the
retrieval set to act as outliers. For the query-by-example (qbe)
setting, we test with each exemplar image from the test query
set, while for query-by-string (qbs) scenario, we take the
unique strings in the test set as queries. We evaluate word
spotting using mean average precision (mAP), which is the
standard evaluation method under retrieval problems.

The second major experiment is on word recognition,
which is evaluated using the mean character error rate (cer)
and mean word error rate (wer). Both cer andwer are com-
puted using the Levenshtein distance between the predicted
sequence of characters/words with the actual ground truth.
Since in this work, we requireword-level segmentation along
with lexicon for recognition, our comparisons in this space
will be limited to the methods in the literature that operate
under this setting. Note that, as per the standard protocol, we
remove only the punctuation from the test set while keeping
all the other words, including stopwords for evaluation.
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6.3 Implementation details

We train our end-to-end network using the stochastic gradient
descent algorithm with momentum. We set the momentum
factor to be 0.9 and the learning rate as 1e−2 while train-
ing from scratch on synthetic data. While fine-tuning, we
initialize the learning rate at 1e−3 and reduce it by a factor
of 2 once the loss does not change within a certain thresh-
old in the last two epochs. The weights are initialized using
He initialization [17]. We perform extensive data augmenta-
tion [25] while training the network, which includes elastic
distortion, and affine transformations (scaling, translation,
rotation and shear). The augmentations are done on-the-fly
with a 50% probability of augmenting 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 parameters [44], 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 translation in-variance,
we randomly insert padding in the four boundaries within a
range of 0–20 pixels.

In our experiments using phoc, we extract unigrams at
10 levels, and the bigrams are extracted up to 6 levels. We
use NVIDIA GeForce GTX 1080 Ti GPUs for all our exper-
imentations, and the codes are written in PyTorch library.

6.4 Ablation study

In Sect. 5, we presented two variants of the end-to-end
embedding network along with the multi-task loss function
used while training. In Table 2, we present a detailed ablation
study on the IAM dataset over these two variants (column
1), the choice of loss function (column 2) and the choice
of modality in each stream (columns 3 and 4). We pick the
valid combination of loss functions among the proposed three
losses (L1,L2,L3). Note that the valid combination requires

at least one loss function from the label stream for achieving
common subspace embedding. Similarly, the possiblemodal-
ity through convolution layers of the real stream includes
either real or both real + synth images. The later setting
is referred to as Variant II. Similarly, in the label stream, we
got three possible settings: synth, phoc, synth + phoc.
The first row of the table presents the setting with Variant I,
training with all loss functions and uses a fusion of synth +
phoc in the label stream.We treat this as our baseline perfor-
mance where we obtain an mAP of QBE 0.9289 and 0.9650
forQBS,while theCERandWERare in the range of 3.76 and
6.77, respectively. The next three rows (row 2–4) show the
results of using different combinations of these loss functions
by excluding one loss function at a time.Herewe observe that
both (L1,L3) loss functions are quite important for embed-
ding, while the L2 loss function acts as redundant and even
deteriorates the performance of word recognition (last two
columns) as compared to the baseline performance. We also
notice the need for L3 loss since the exclusion of it (row 2)
resulted in a huge drop in the performance of word recog-
nition. One might observe a slight inconsistency in terms of
the drop in performance among word spotting and recogni-
tion. Here, we see that there is only a slight drop in word
spotting, while there is a huge drop in CER andWER values.
This is because of the word images used for testing in word
spotting and recognition. Under word spotting, the standard
query set removes the stopwords which are typically shorter
in length, while in word recognition, we have kept all the
words except the punctuation. In our analysis, we observe
that the majority of word recognition errors have occurred
for shorter words and stopwords since the embedded fea-
tures were not discriminative enough. Given the initial set of
observations under different loss settings, we pick the com-
bination of L1,L3 for our further experimentation.

We now experiment with the choice of modality in each
stream under both variants with the fixed loss function. This
is depicted from rows 5–8. Here at first, we use the Variant
I architecture while keeping only one modality (synth or

Table 2 Ablation study on IAM dataset under two variants (column 1) of end-to-end embedding architectures, the choice of loss functions (column
2) and the choice of modality in each stream (columns 3 and 4)

Variant Loss Real stream Label stream mAP-QBE mAP-QBS CER WER

Variant I L1 + L2 + L3 real synth + phoc 0.9289 0.9650 3.76 6.77

L1 + L2 0.9168 0.9631 31.50 28.71

L2 + L3 0.9146 0.9289 7.90 12.36

L1 + L3 0.9306 0.9705 1.90 4.10

Variant I L1 + L3 real synth 0.9333 0.9695 1.98 4.18

phoc 0.9316 0.9711 1.98 4.31

Variant II real + synth synth 0.9297 0.9738 1.75 3.84

synth + phoc 0.9322 0.9753 1.67 3.62

Bold values refer to the best performing method under each variant (column 1) against each evaluation criteria (last four columns)
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phoc) in the label stream.We observe the performance of the
synth stream to be either better or comparable with phoc
under all the tasks. Finally, we present the analysis onVariant
II architecture where the real stream is shared among the real
and synth images. Here we also evaluate two possible label
stream settings which are synth or synth + phoc. More
specifically, the fused representation (synth + phoc) in
the label stream was found to be better than using only one
modality. In our further experiments, we refer to this Variant
II architecture, trained with the loss function (L1 +L3), with
real stream (real + synth) and label stream (synth +
phoc) as HWNet v3.

6.5 Word spotting results

Table 3 presents the results of word spotting under various
proposed embedding methods, and comparisons are made
with other recent state-of-the-art methods. We split the rows
of the table into four blocks, where in the first block, we list
out the state-of-the-art word spotting methods from litera-
ture. The next three blocks present and compare the results
from our contributions evolved starting from HWNet archi-
tecture and various embedding schemes such as two-stage
joint embedding, synthetic attribute embedding and finally to
end-2-end embedding scheme. As mentioned in the dataset

section, we will be evaluating against the four prominent
datasets used in the community.

Most of themethods reported in the table are based ondeep
neural networks except for the first method kscr [4], which
uses Fisher-based representation for attribute embedding. As
one can observe, the introduction of deep features gave a sig-
nificant push to the performance of all handwritten datasets.
Nevertheless, the phoc-based representation originally pro-
posed in this work inspired many of the deep learning
methods [21,33,48] including ours due to its optimal rep-
resentation of textual strings in the form of attributes. Rows
2–8 present the recent methods in word spotting which uses
deep features for representation. Among these, the PHOCNet
[48] architecture presented by Sudholt et al. uses phoc repre-
sentation as the output space and learns an embedding using
a deep convolutional network along with spatial pyramid
pooling (spp) to accommodate variable sized input images.
Later in the extension of this work [50], authors modified the
spp architecture to temporal pooling layer (tpp) and evalu-
ated the method under different loss functions, embedding
schemes and optimization functions. Here TPP-PHOCNet
(BPA) stands for Binary Cross-Entropy Loss, PHOC embed-
ding and Adam optimization (BPA), while TPP-PHOCNet
(CPS) is Cosine Loss, PHOC embedding and standard SGD
optimization. We report the best-performing methods in our

Table 3 Quantitative evaluation of various word spotting methods on standard handwritten datasets

Method IAM GW Botany Konzilsprotokolle

QBE QBS QBE QBS QBE QBS QBE QBS

KCSR [4] 0.5573 0.7372 0.9304 0.9129 0.7577 0.6569 0.7791 0.8291

PHOCNet [48] 0.7251 0.8297 0.9671 0.9264 0.8969 0.7447 0.9605 0.9420

Triplet-CNN [55] 0.8158 0.8949 0.9800 0.9369 – – – –

LSDE [12] – – – 0.9131 – – – –

Conv. Siamese Net. [6] – – 0.49 – – – – –

TPP-PHOCNet (BPA) [50] 0.8480 0.9297 0.9790 0.9673 0.9605 0.9738 0.9811 0.9802

TPP-PHOCNet (CPS) [50] 0.8274 0.9342 0.9796 0.9792 0.8081 0.9015 0.9642 0.9463

PHOCNet (BPA) [50] 0.8550 0.9238 0.9758 0.9558 0.9410 0.9543 0.9708 0.9622

HWNet [24] 0.8061 – 0.9484 – 0.8416 – 0.7913 –

DeepEmbed [21] 0.8425 0.9158 0.9441 0.9284 – – – –

HWNet v2 (roi) [25] 0.9065 – 0.9601 – 0.9401 – 0.9427 –

DeepEmbed (roi) [22] 0.9038 0.9404 0.9801 0.9886 0.9546 0.9717 0.9411 0.9065

Synth+DeepEmbed (roi) [22] – 0.9509 – 0.9898 – 0.9718 – 0.9143

End-2-End Embed (roi) [22] 0.9157 0.9621 0.9839 0.9894 0.9554 0.9372 0.9316 0.7105

HWNet v2 (tpp) [25] 0.9241 – 0.9824 – 0.9526 – 0.9347 –

DeepEmbed (tpp) 0.9180 0.9463 0.9848 0.9922 0.9617 0.9804 0.9435 0.8896

Synth+DeepEmbed (tpp) – 0.9614 – 0.9922 – 0.9804 – 0.9024

HWNet v3 0.9322 0.9753 0.9948 0.9980 0.9713 0.9777 0.9624 0.9364

Here, the first block (rows 1–7) presents results from methods proposed in the literature. Note that in Triplet-CNN [55] we have taken the best
results for IAM and GW across different word embedding used in the paper. The next three blocks of methods (rows 8–9, 10–13 and 14–17) present
the different embedding schemes proposed in this chapter. Note, Conv. Siamese Net. [6] uses a different test set from GW, which is built using
out-of-vocabulary words and is not directly comparable. Bold values refer to the best performing method for each dataset in QBE and QBS setting
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table among all the ablation studies conducted in [50]. As
one can observe, the TPP-PHOCNet (BPA) generally per-
forms the best among other variations of the TPP-PHOCNet.
Another significant architecture is the Triplet-CNN proposed
by Wilkinson et al. [55] that uses a similar scheme as ours
with a triplet CNN architecture for image embedding and
a separate word embedding network for textual embed-
ding. Given both image and text embedding, a shared fully
connected 2-layer embedding network is used for common
subspace embedding. The work uses a SoftPN loss func-
tion for image embedding and evaluates different textual
embedding such as phoc, DCToW, n-gram and semantic.
In our table, we have taken the best results for IAM and
GW across different textual word embeddings used in their
paper. In comparison with PHOCNet variants, Triplet CNN
performs slightly inferior on the IAM dataset and, however,
report a good performance on GW dataset. Note that while
training for the GW dataset, Triplet-CNN used an exter-
nal real world CVL database for pre-training the network,
while the other methods do not use any external real data.
More recently, Gomez et al. [12] proposed a novel embed-
ding scheme (LSDE), which projects both word images and
the corresponding string into a space that respects the Leven-
shtein distance. The paper only evaluates the GWdataset and
is slightly inferior to other methods in this space. The con-
volutional siamese network [6] uses a siamese network for
learning the embedding, which is similar to the embedding
stage of our end-2-end network. However, the method uses
a different protocol to evaluate the GW dataset wherein only
the out-of-vocabulary words are kept in the test set. Note that
this is not directly comparable with the other set of methods
in this table.

We now sequentially bring the embedding schemes intro-
duced in this work and compare them against the existing
methods from the literature. In the second block (rows 8-
9), we first report the performance of our baseline HWNet
architecture which was proposed in [24]. The next rowDeep-
Embed [21] reports the performance of the two-stage joint
feature embedding scheme on top of the original HWNet fea-
tures. Note that we refer to the two-stage embedding scheme
as DeepEmbed since we introduced this notation in our pre-
vious work [21]. As one can observe, the joint embedding
scheme enables both QBE and QBS-based word spotting. It
also improves the QBE performance. In the next block (rows
10–13) we first demonstrate the effectiveness of HWNet v2
(using roi pooling) features and the corresponding Deep-
Embed scheme, which utilizes these features. Note that at
this stage, we report the state-of-the-art results for IAM and
GW datasets across other methods proposed in the literature.
The enhancement of DeepEmbed features using synthetic
modality as presented in Sect. 4.2 shows a minor improve-
ment for all the datasets under the QBS setting. Note that
the QBE values remain the same for the Synth+DeepEmbed

setting. The last row in the third block (row 13) presents
the end-to-end embedding architecture Variant I, which was
introduced in [22]. In comparison with DeepEmbed and
Synth+DeepEmbed, the end-to-end Variant I result shows
improvements in the IAM and GW datasets; however, for
Botany, it is just comparable and for Konzilsprotokolle it is
quite inferior under the QBS setting. We found that while
training for the Konzilsprotokolle dataset in [22] we used an
English font instead of using a German one which caused
nonoptimal learning of the label stream. The choice of font
was rectified in our later experiments.

In the final block (rows 14–17), we present the extended
results while using an improved HWNet v2 architecture with
tpp layer and the Variant II of end-to-end embedding scheme
referred to as HWNet v3. One can notice that using HWNet
v2 (tpp) has improved the overall results for word spotting
under different embedding schemes. The HWNet v3 (Vari-
ant II) end-to-end architecture gives the best performance
on IAM, GW and Botany datasets, among other methods
in the literature. Considering the Konzilsprotokolle dataset,
the QBE performance of HWNet v3 (Variant II) end-2-end
architecture is comparable to that of the TPP-PHOCNet
architecture, while the QBS performance is slightly inferior
to that of the TPP-PHOCNet architecture.

6.6 Word recognition results

In this experiment, we evaluate the proposed embedding
schemes for the task of word recognition. Note that, the cur-
rent framework only supports recognition through lexicon;
thereby, we compare our method with other methods in the
literature that follow this convention. Table 4 presents the
quantitative results on lexicon-based word recognition on the
IAMdataset under three different lexicon settings: (i) the text
lexicon which contains all words from the evaluation or test
set, (ii) the train+ test lexicon includes all the unique words
from the training set along with the test set and (iii) a large
lexicon setting that contains 90K words taken from the Hun-
spell dictionary. The large lexicon also includes train+test
unique words. In general, the performance gets better with a
reduced lexicon size provided there are no out-of-vocabulary
words. This trend is visible where the error rates for test lexi-
con setting are low compared to train+ test lexicon scenario.

One of the classical methods in this space is again from
Almazán el al. [4] that represents a word image in terms
of learned attribute representation constructed from Fisher
features. One of the first extensions of attribute-based rep-
resentation using deep features is proposed by Poznanski et
al. [33] that uses a shared set of convolutional layers and
multiple fully connected layers toward the end to predict
phoc attributes at various spatial levels. Most of the recent
related works in word recognition uses either BLSTMs [15],
encoder–decoder style architectures, or CNN-RNN hybrid
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Table 4 Word recognition results on the iam dataset under different
settings of lexicon-based evaluation for making the predictions

Method Lexicon WER CER

Almazán et al. [4] Test 20.01 11.27

Sueiras et al. [51] 12.7 6.2

Wigington et al. [54] 4.97 2.82

CRNN-STNsynth [22] 5.10 2.66

Dutta et. al. [10] 4.07 2.17

DeepEmbed (HWNet) [21] 6.69 3.72

DeepEmbed (HWNet v2) [22] 5.46 3.00

HWNet v3 3.62 1.67

Sun et al. [52] Train+Test 11.51 –

Wigington et al. [54] 5.71 3.03

Stuner et al. [47] 5.93 2.78

Poznanski et al. [33] 6.45 3.44

Dutta et. al. [10] 4.80 2.52

HWNet v3 4.59 2.09

HWNet v3 Large (90K) 7.80 3.42

Bold values refer to the best performing method in WER and CER
criteria against different Lexicon settings

style architectures [43]. In [51], the authors propose an
encoder–decoder style architecture with CNNs for feature
extraction from input patches of the word image, whilemeth-
ods such as [10,22,54] use a CNN-RNN style architecture
which comprises of a set of convolutional layers for feature
extraction and RNN (more specifically LSTM/BLSTM) lay-
ers for character prediction through a CTC [14] loss function.
Wigington et al. [54] use novel pre-processing and data aug-
mentation schemes for better learning. CRNN-STNsynth uses
an additional spatial transformer layer [18] for making the
network invariant to affine transformation. Later the authors
extended their work in [10] by explicitly performing input
pre-processing (image slant and slope correction), alongwith
data augmentation techniques to train a better model. Sun et
al. [52] use a convolutional multi-directional recurrent net-
work to capture context from all the three directions (top,
bottom and diagonal) during prediction, while Stuner et al.
[47] use a cascade of LSTMs classifiers along with a lexi-
con verification operator to increase the reliability of word
predictions. The table reports the performance of all these
methods under different lexicon settings.

In test-based lexicon setting, we progressively observe
an improvement over the proposed two-stage embedding
schemes (DeepEmbed) using HWNet and HWNet v2 fea-
tures; however, they are slightly inferior to other existing
methods in this space. The performance of the proposedVari-
ant II architecture, referred to as HWNet v3, is better than
all the related methods in this space with a considerable mar-
gin. Here we report a CER and WER values of 1.67 and
3.62, respectively. A similar trend is observed in train+test

lexicon setting where the HWNet v3 reports the best per-
formance with a CER and WER values of 2.09 and 4.59,
respectively. Note that these values are even better than most
of the reported methods in the test lexicon setting. Finally, to
observe the robustness of theHWNet v3-basedword recogni-
tion under a large lexicon setting that imparts a huge amount
of distractors, we extend our lexicon to contain 90K words
from an external dictionary. We observe that under such a
large lexicon, our method works fairly enough by giving a
CER and WER value of 3.42 and 7.80, respectively. The last
experiment also validates the robustness of these embeddings
for recognition andopens an interesting direction in the future
for lexicon-free word recognition using such representation
schemes.

6.7 Analysis of embedding size

Given the choice of varying the embedding sizes or dimen-
sions for the embedding layer in end-to-end variants, we now
present the analysis on reducing its size by the power of 2
from the default embedding size of 2048. Note that from
now onward, we will be using HWNet v3 representation
and its corresponding architecture for our analysis. Figure 6
presents these analyses on the IAMdataset for the word spot-
ting (top-part) and recognition (bottom-part) tasks. In both

Fig. 6 Effect on performance after varying the HWNet v3 embedding
size on the IAM dataset. The top figure shows analysis of word spotting
under both QBE and QBS setting. The bottom figure presents the word
recognition CER and WER values
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Table 5 Evaluation of word
spotting and recognition on the
IAM dataset by learning HWNet
v3 representation with the entire
synthetic dataset while
fine-tuning varying percentages
of the IAM training data

Train % 100% 80% 60% 40% 20% 10% 0%

mAP-QBE 0.9322 0.9247 0.9173 0.8979 0.8837 0.8431 0.5411

mAP-QBS 0.9753 0.9703 0.9666 0.9427 0.9232 0.8614 0.6918

CER 1.67 1.89 2.04 3.36 4.01 6.65 26.40

WER 3.62 4.03 4.40 6.67 7.87 12.11 37.87

Here Train=0% refers only to using synthetic data for training

the experiments, we vary the embedding size in the range
of (2048-4). As one can observe the drop in performance is
quite negligible in the range of (2048-32), while below 32
dimensions, there is a drop in the performance. This pattern
is the same for both word spotting and recognition and also
marks the similarity with the original HWNet representation
as presented in [25]. Usingmere 32 dimensions, we report an
mAP of 0.9047 and 0.9438 for QBE and QBS, respectively,
whileCER,WERvalues are 3.61 and 5.96, respectively.Hav-
ing a lower-dimensional robust representation helps in both
the tasks to build compact search indexes and perform faster
retrieval.

6.8 Effect of pre-training

In the implementation section, we mentioned the process of
pre-training the network using synthetic data. In Table 5, we
present an interesting outcome of pre-trainingwhich resulted
in the reduced need for real training data. Here we experi-
ment with the reduced need for real data for learning HWNet
v3 representation by varying the amount of training data as
compared to the previous experiments. Here we take the iam
dataset as our test bench and use different proportions of iam
real data for training and compare the performance with the
architecture that uses full training data. Here, full is depicted
as 100%, while 0% depicts the use of only synthetic data.
Note that all these experiments are first trained on the entire
synthetic data and later fine-tunedusing varying real data pro-
portions. As one can notice, the drop in performance with the
reduced real training data starts very slowly and surprisingly,
using a mere 20% of real data only drops the performance
by around 5% in word spotting and by around 4% in WER.
Although this suggests a lesser dependency on real data, we
believe that this needs a thorough study (out of the scope of
the current work) to evaluate the differences in domain gap
between synthetic data and the target handwritten styles.

7 Applicability for printed documents

To validate the performance of the proposed representation
on a different modality such as printed documents, we tested
our architecture on a standard book in English and a few

Table 6 The list of printed datasets used in this work. Here both Hindi
and Telugu datasets are taken from the Digital Library of India [5]
corpus

Dataset #Pages #Words

English-1601 310 1,13,008

DLI Hindi (HS1) 1533 4,20,100

DLI Telugu (TS1) 1005 1,61,265

challenging books taken from DLI corpus [5] in Hindi and
Telugu languages.
English-1601 [56]: The dataset contains pages from the book
in English titled “Adventures of SherlockHolmes”written by
Arthur Conan Doyle. It was first used in [56] for comparing
ocr-based results with image search. (Table6).
DLI Hindi and Telugu [26]: These two datasets, in Hindi and
Telugu languages from Indic scripts, are part of the Digital
Library of India (DLI) [5] project. DLI has one of the largest
collections of document images in Indian scripts.Many of the
pages that present in DLI contain serious forms of document
degradation which restricts the present-day ocr’s and text
spotting systems from working efficiently. We take one such
subset [26] which was annotated at the level of lines and
words and referred to as HS1 and TS1 datasets.

Table 7 presents the quantitative results of word spot-
ting on the printed datasets. Here are the methods proposed
by Yalniz et al. [56] and Krishnan et al. [26] that uses an
unsupervised bag of word framework for deriving a holistic
word-level descriptor. These methods are not directly com-
parable with HWNet v2 and HWNet v3 which are learned in
a supervised fashion. However, such comparisons highlight
the superiority of the supervised methods. As reported in the
table, we obtain better results using the HWNet v3 represen-
tation on these datasets. Note that the previous methods have
not reported query-by-string results since those methods did
not embed textual strings into the representation space.

8 Visualization and qualitative results

Figure 7 presents the t-SNE embedding of the HWNet v3
representation of IAMword images taken from its validation
corpus. For visualization, we embed these representations
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Table 7 Quantitative evaluation of word spotting on printed datasets

Method Supervision English Hindi Telugu
mAP-QBE mAP-QBS mAP-QBE mAP-QBS mAP-QBE mAP-QBS

Yalniz et.al [56] No 0.9300 – – – – –

Krishnan et.al [26] No – – 0.6055 – 0.7438 –

HWNet v2 (TPP) Yes 0.9570 – 0.9509 – 0.9582 –

HWNet v3 Yes 0.9939 0.9921 0.9537 0.9659 0.9499 0.9474

Bold values refer to the best performing method for each dataset in QBE and QBS setting

Fig. 7 tSNE image embedding

onto the 2D space. The top frequent words in the dataset
are usually the stopwords and the t-SNE embedding usually
projects the representations corresponding to these words
onto the outer periphery of the reduced space. In the fig-
ure, one can observe these clusters marked inside ellipses.
The inner region contains the rest of the word images which
have fewer occurrences in the corpus. Here we have zoomed
out few instances along with their word image. Some of the
examples are little, years, god, good, etc. To observe the
common space embedding, we take a small snapshot of the
reduced space and project both the image and their corre-
sponding textual representation as shown in Fig. 8. To reduce
the confusion,wehave only plotted 13uniquewords and their
instances in the dataset. The image embedding vectors are
depicted in a “circle,” while the text embeddings are shown
in a “star” shape.We observe nice clustering among different
classes of word images, and we also see that within a partic-
ular cluster, the image and its corresponding text embedding
lie close to each other.

Figure 9 presents the qualitative results of word spotting
across all the datasets in the query-by-string setting. The
query is shown in the left part of the column, while on the
right, we arrange the ranked results obtained for the query.
Notice the variation of styles among different writers, which
the representation can handle.

Figure 10 presents the qualitative results of word recog-
nition on the IAM dataset using the test lexicon. The top
two rows show the successful cases, while the bottom row

Fig. 8 tSNE common subspace embedding

shows the failure scenarios. Here the green box shows the
text where the prediction matches the actual text. In the fail-
ure cases, the red box shows the incorrect recognition, while
the blue box shows the correct answer. Notice the robust-
ness of the proposed representation to recognize some hard
words such as “shuffle,” “gilberto,”while some cases, such as
“rose,” “took” resulted in incorrect recognition as they were
quite ambiguous in the image space.

9 Conclusion and future works

In this work, we presented two major types of label embed-
ding techniques for word images using deep architecture and
their representations. This includes the two-stage embedding
framework and an end-to-end deep neural architecture that
embeds both word images and their corresponding textual
strings into a common subspace. We also extensively vali-
date the role of synthetic images for pre-training and also
utilize this modality for learning better representation of
the textual data. The proposed end-to-end framework and
its representation referred to as HWNet v3 reports state-of-
the-art performance for both word spotting and recognition
tasks. These are evaluated for standard handwritten, histori-
cal andprinted document datasets in bothLatin andnon-Latin
scripts. We also bring out a detailed ablation study on dif-
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Fig. 9 Qualitative results of query-by-string word spotting on a IAM, b GW, c Botany, d Konzilsprotokolle, e Hindi and f Telugu dataset,
respectively. The query is shown in the left most column, and the word images shown on the right are the retrieved images in the ranked order

Fig. 10 Qualitative results of word recognition on the IAM dataset
using the test lexicon. The top two rows show the successful cases,
while the bottom row shows the failure scenarios. Here the green box
shows the textwhere the predictionmatches the actual text. In the failure
cases, the red box shows the incorrect recognition, while the blue box
shows the correct answer

ferent variants of the end-2-end embedding architecture and
perform analysis of varying embedding sizes.

As a future plan, we would like to attempt the problem of
unconstrainedword recognition by learning representation at
the level of character n-grams of a word. Another interesting
directionwould be to generate synthetic data on the principles
of recent generative models such as GANs [13] which might
bring more realism and variation to synthetic data.
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