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Multi-Language Online Handwriting Recognition

Daniel Keysers, Thomas Deselaers, Henry A. Rowley, Li-Lun Wang, and Victor Carbune

Abstract—We describe Google’s online handwriting recognition system that currently supports 22 scripts and 97 languages. The
system’s focus is on fast, high-accuracy text entry for mobile, touch-enabled devices. We use a combination of state-of-the-art
components and combine them with novel additions in a flexible framework. This architecture allows us to easily transfer improvements
between languages and scripts. This made it possible to build recognizers for languages that, to the best of our knowledge, are not
handled by any other online handwriting recognition system. The approach also enabled us to use the same architecture both on very
powerful machines for recognition in the cloud as well as on mobile devices with more limited computational power by changing some
of the settings of the system. In this paper we give a general overview of the system architecture and the novel components, such as
unified time- and position-based input interpretation, trainable segmentation, minimum-error rate training for feature combination, and a
cascade of pruning strategies. We present experimental results for different setups. The system is currently publicly available in several
Google products, for example in Google Translate and as an input method for Android devices.

Index Terms—Online handwriting recognition, handwriting recognition

1 INTRODUCTION

N this paper we discuss online handwriting recognition.

The goal is to output the best textual (Unicode) interpreta-
tion of a given sequence of handwritten strokes, where a
stroke is a sequence of points (z, y, t) with position (z, y) and
a timestamp ¢. We will use the term ink here to denote such
an input, where one of the point sequences is called a stroke.
Table 1 lists the terminology used in this paper.

Fig. 1 illustrates example inputs to our online handwriting
recognition system in different languages and scripts. The
left column shows examples in English with different writ-
ing styles and sampling rates. The center column shows
examples from four different languages that share a lot of
common structure with English: German, Russian, Vietnam-
ese, and Greek. The right column shows scripts that are
significantly different from English in various ways:
Chinese and Japanese have a much larger character set, as
does Korean. Hindi writing often contains a connecting
‘Shirorekha’ line, and Hindi (Devanagari) characters can
form larger structures (grapheme clusters) which influence
the written shape of the components. Arabic is written right-
to-left and characters may change shape depending on the
position within a word. Heart shapes (which are a commonly
received input across many different languages) are a repre-
sentative of ‘general Unicode symbols’ that we also recog-
nize. Observing these inputs, we concur with Nagy [1] that
we “are often reminded that English is blessed with one of the sim-
plest scripts in the world” .
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Research in online handwriting recognition seems to
have peaked in the late 1990s, but there are current reasons
for a renewed interest, including;:

e A strong growth in the usage of mobile computing
devices, many of which are equipped with touch
screens that allow for easy recording of online hand-
writing input. This is emphasized by the availability of
numerous smart phone devices that ship with a stylus.

e The desire to support more scripts, some of which
are particularly difficult to type on a soft keyboard,
and for some of which no standard keyboard layout
is commonly adopted, (e.g., Khmer).

e Advances in the underlying technology in areas like
speech recognition, deep learning, machine transla-
tion, and optical character recognition, which can be
applied to the task of online handwriting recognition.

In this paper we describe a system that was built to recognize
online handwriting for text entry across many languages.
Here, the input to the system is an ink along with the language
it should be interpreted in.' Our primary focus is on mobile
devices using touch screens, but the system is also used for
other types of input. We build on results from related disci-
plines and extend existing techniques in various directions. We
aim to use machine learning as much as possible but use heu-
ristics where appropriate. In this paper we describe the com-
plete recognition setup, also discuss novel components, and
describe how we built a unified system to recognize 97 lan-
guages in 22 different scripts. We also describe the approaches
used to address the language- and script-specific problems.
One of our design principles was to build a modular
training and recognition system, in which individual com-
ponents can be adapted to the specific languages. Also, we

1. We also support a truly language-agnostic handwriting recog-
nizer system in which the user does not need to specify the input lan-
guage based on the system described here. However, the description of
this system is beyond the scope of this paper.
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Fig. 1. Example inputs for online handwriting recognition in different
languages. See text for details.

WA A

try to share as much data (and code) between recognizers
for various languages as possible. While this approach may
have been taken before, here we discuss in detail which of
the components are shared between languages and which
differ in what way.

While the first commercial online handwriting recogni-
tion systems were already available in the 1980s, their suc-
cess and capabilities were limited. We believe that online
handwriting recognition is still not a solved problem and
would like to highlight some of the challenges briefly:

e There is a strong variability in writing style between
different groups of people and between individuals,
for example preference for printed style versus cur-
sive writing or the age and location where writing
was taught for the same language.

e There is a strong variability even for the same per-
son, depending on the input speed, sloppiness, or
context in which the text is input, e.g., while walking
and on a mobile phone.

e Many ambiguities are inherent in the input, e.g., a
small stroke could indicate an apostrophe or could
just be accidental ‘noise’. Also, many characters are
virtually indistinguishable without context. e.g., a sin-
gle round stroke could be any of the Unicode charac-
ters shown in Fig. 2. Similar ambiguities exist for other
basic shapes such as horizontal or vertical strokes.

e For scripts with thousands of characters, machine
learning is still a challenge, as is the gathering of
proper training and evaluation data and the cover-
age of all common input symbols.

e Handwriting input often has a non-monotonic rela-
tionship to the output which is caused by delayed
strokes (e.g., t-strokes and i-dots in English) or correc-
tions that are entered later (e.g., a forgotten letter is
inserted into a word). This is in contrast to otherwise

0 U+0030 DIGIT ZERO

O U+004F LATIN CAPITAL LETTER O

o U+006F LATIN SMALL LETTER O

° U+00B0 DEGREE SIGN

o U+03BF GREEK SMALL LETTER OMICRON
[o] U+043E CYRILLIC SMALL LETTER O

° U+0AEG GUJARATI DIGIT ZERO

0 u+0B20 ORIYALETTER TTHA
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TABLE 1
Terminology Used in this Paper

Point
Stroke

A location in x and y coordinates plus a timestamp ¢.
A sequence of points where a pen (or finger, stylus, ...)
consecutively touched the writing surface.

Ink A user input, a sequence of one or more strokes.

Segmentation/ A point at which another character may start. These

cut point points can be at the beginning of a stroke, but also in the
middle of strokes.

Segment A segment represents the (partial) strokes between two
consecutive segmentation points. Segments may consist
of one or more complete or partial strokes.

Character A set of one or more segments (not necessarily consecu-

hypothesis tive).

similar tasks like speech recognition, where the
speaker can not ‘go back in time’ to correct input
except by using explicit utterances, and OCR (or off-
line handwriting recognition), which does not use
time information.

2 RELATED WORK

Online handwriting recognition is a topic that has been
studied in much detail in the research literature in the past
and extensive reviews exist [2], [3]. More recently, [4] also
summarized the current state of the art.

Kim et al. [4] state that “techniques are language and
script-dependent”. We believe that this is only partially
true, but many of the underlying approaches can and
should be shared in a multi-language recognition system.

In the literature, there are two main approaches to online
handwriting recognition:

1)  Over-segment and classify (or segment-and-decode):
this approach is used in the Newton [5] and the Tab-
letPC [6], for example.

2)  Time-sequence interpretation: this approach includes
hidden Markov models (HMMs) [2], time-delay neu-
ral networks (TDNN) [7], and recurrent neural net-
works (RNN) [8], of which long-short-term-memory
networks (LSTM) [9] are a specific case currently
receiving a lot of attention in machine learning.

Combinations of these approaches are possible, e.g., [6]
uses a segment-and-decode approach at the global level
and a TDNN for classification of the segments.

A variety of preprocessing steps are discussed in the
literature [4], [10], of which we only employ very few
(Section 4). Common steps include normalization of size,
density, rotation (slope), and slant as well as resampling or
smoothing of the strokes.

o U+0D20 MALAYALAM LETTER TTHA

o U+0E50 THAI DIGIT ZERO

0 U+17F0 KHMER SYMBOL LEK ATTAK SON
) U+25CB WHITE CIRCLE

° U+3002 IDEOGRAPHIC FULL STOP

@) U+3007 IDEOGRAPHIC NUMBER ZERO

© U+3147 HANGUL LETTER IEUNG

0 U+FF10 FULLWIDTH DIGIT ZERO

Fig. 2. Examples of ambiguities: a selection of symbols that look like a circle with their Unicode code-point number and short descriptions.

Cerence Operating Company, Ex. 2012

Samsung Electronics Co., Ltd., etc. v. Cerence Operating Company, IPR2024-01267

Paae 2 of 15



1182

While not absolutely necessary for some approaches (e.g.,
when using LSTMs), traditionally features are extracted from
the ink to represent the input in a way that lends itself to re-
cognition. Two types of features are commonly used: (1) point-
wise features that are computed for each point in the ink
are very well suited to be used in the time-sequence interpreta-
tion approach and (2) global features that are computed for
larger chunks of ink. The latter are commonly applied on the
segments in the segment-and-decode approach. The point-
wise features can easily be used as global features by accumu-
lating them over a segment, for instance in a histogram.

Descriptions of many commonly used features can be
found, e.g., in [7], [9]-[12], including normalized coordi-
nates, curvature, aspect ratio, curliness, linearity, inflection
points, stroke crossings, velocity, ascenders and descenders,
directional features, moments, number of strokes, rendered
bitmaps, and orientation maps. The feature set we employ
is described in (Section 5.3.1).

Many research papers are restricted to single character
entry, e.g., [13], and use the well known UNIPEN data
set [14]. We briefly present a basic experiment on that data
in Section 10.1. For single-character classification, almost
every known classification technique has been evaluated in
the literature, including nearest neighbor approaches, clus-
tering, HMMSs, support vector machines, and neural net-
works of various flavors.

The common approach of combining multiple classifier
systems has been evaluated in the context of online hand-
writing recognition in the past as well, e.g., [15]. We use
classifier combination at the character recognizer level for
our Japanese and Chinese recognition systems.

Further, many approaches focus specifically on one
language or script, for example Arabic [16], Tamil [17],
Chinese [18], or Japanese [10].

Language modeling for online handwriting recognition
bears many similarities with the use of language information
in OCR and speech recognition, which often employ statis-
tical n-gram models on the character- or word-level [19],
[20]. Often in the online handwriting recognition literature,
a restriction to a fixed dictionary is imposed, e.g., [21].
We believe that the capability to recognize arbitrary letter
sequences, while hurting on some ambiguous inputs, can be
viewed as an advantage over some other text input methods
and we therefore use a combination of character-based n-
grams and probabilistic state machines (Section 6.1).

The literature also suggests several ways of handling
delayed strokes (in scripts that make use of them) [4]:

e assigning to a character hypothesis based on a heu-

ristic or fixed position based reordering

e removing delayed strokes and performing recogni-

tion without them

e explicit training of delayed-strokes-free models (e.g.,

for ‘dot-free i’) and capturing nearby delayed strokes

e running two recognitions in parallel (with and with-

out reordering).

We propose a novel integrated approach in which a reor-
dered and a non-reordered decoding is done in a single
pass with little overhead (Section 5.2).

There exist many end-to-end systems. Some of the first
commercial handwriting recognition systems were based

IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.39, NO.6, JUNE 2017

on unistroke single-character inputs [22] and applications
that use similar approaches still exist today. We have
already mentioned the systems developed by Apple [5]
and Microsoft [6]. There are other commercially developed
systems for online handwriting recognition that are worth
mentioning, although we are not aware of public descrip-
tions of their technology at a detailed level. The most promi-
nent current technology is probably the system developed
by MyScript/Vision Objects. Apple’s iOS products ship
with a handwriting recognition system for Chinese. For the
specific case of Chinese handwriting recognition, there exist
several additional systems (e.g., for the Android operating
system) by various parties. Some websites on the World
Wide Web also show a handwriting recognition input field,
for example http://hk.yahoo.com allows their users to
enter single characters that can then be used for searching.
There are also a variety of open source systems available,
but an in-depth discussion of these is out of the scope of this
document.

3 SYSTEM ARCHITECTURE

Our system follows the segment-and-decode approach: it
first over-segments the ink into character hypotheses, then
classifies the character hypotheses as characters, and finally
recognizes the entire ink in a lattice decoding phase.

The main steps are the following;:

1)  preprocessing (Section 4)

2) segmentation and search lattice creation (Section 5)

3) generation & scoring of character hypotheses (Sec-
tion 5.3)

4) Dbest path search in the resulting lattice using addi-
tional knowledge sources (Section 6).

4 PREPROCESSING

The preprocessing we apply to the ink is fairly simple and
consists of only two steps.

1)  Resampling: We apply a length-based resampling
along the strokes of the ink with a resampling rate of
5 percent of the height of the writing area. This
means that a fully vertical stroke across the entire
writing area will be represented using roughly 20
points. The writing area size can be set by the appli-
cation and is considered part of the input. If the writ-
ing area is not set, or if the input is very small or
very large with respect to the writing guide, we use
a heuristic to adjust the writing area.

2)  Slope correction: To handle inks that are not written
along a horizontal base line, we project the input
points onto rotated y-axes between —15 and +15
degrees and score them using the variance of the
projection with a bias towards horizontal input. We
rotate the input according to the best scoring slope.

These preprocessing steps deliberately do not restrict the

input to be written on a fixed baseline, with a specific
height, or on a single line. This has the advantage that our
system is robust to handwriting from a variety of different
applications without specific tuning. We chose not to apply

other, potentially helpful, preprocessing methods to keep
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Fig. 3. Lattice creation: on the input ink (a), we determine cut points and create three segments (b). From the segments, we create a segmentation
lattice (c) by grouping adjacent segments in character hypotheses. The character hypotheses are classified (d) and the lattice is labeled (e).

our system as flexible as possible with respect to the types of
input it can process. In the course of developing the system
we evaluated several other techniques from the literature
(e.g., removal of erroneous touch inputs, noise filtering, or
slant correction) but did not find them to consistently
improve accuracy on the datasets that we evaluated on.

5 SEARCH LATTICE CREATION

Once the ink has been preprocessed we determine a set of
character hypotheses to create a segmentation lattice. We first
apply a segmenter to find an overcomplete set of potential
cut points between characters (Section 5.1). With these cut
points we create a segmentation lattice by grouping sets of
ink segments into character hypotheses (Section 5.2), which
we then label using the classification of the character
hypotheses (Section 5.3) and additional feature functions
(Section 5.4).

5.1 Segmentation

During segmentation the goal is to obtain high recall of all
actual character boundaries. High precision, while beneficial
for the computational cost and overall accuracy, is not as
important because we will drop cut points and merge seg-
ments during later stages but we will not be able to recover
missing cut points and thus missing character boundaries
will likely affect recognition success in later stages.

In the presented system, segmentation is a two-step pro-
cess: a heuristic creates a set of potential cut points and then
a neural network assigns a score to each cut point. Segmen-
tation points with cut scores under a learned threshold are
dropped from further consideration.

The heuristic in the first step is chosen based on the
script. E.g., for Latin script, the heuristic proposes points at
local minima of the y-coordinate and additionally inserts
cut points between two minima if the segment is longer
than a threshold (Fig. 3b). In contrast, for Chinese script,
consecutive characters are usually not connected and thus,
the heuristic only proposes to cut between strokes. An over-
view of our segmentation heuristics and for which script
they are used is given in Table 2 and Section 9.

In the second step, a neural network is used to compute a
score for each cut point. This neural network uses a set of
simple geometric features of the point and its surrounding
as input. This cut classification network is trained during
the normal training procedure (see Section 7.2) and is tuned
to have the desired balance between precision and recall.

5.2 Creating a Segmentation Lattice

From the resulting segments, we create a segmentation lat-
tice (Fig. 3¢c). The segmentation lattice is a graph in which
both edges and nodes correspond to sets of ink segments:
The edges correspond to the ink segments which are
grouped in a character hypothesis and the nodes correspond
to the part of the ink that has been consumed up to the node.

The segmentation lattice has one start node (the empty
set of segments) and one target/sink node (the set of all seg-
ments). For each node in the lattice, the set of segments rep-
resented by it is the union of the segments of the edges
along each path to that node from the start node. Equiva-
lently, each node corresponds to the part of the input ink
that has been consumed along each path up to this node.

A character hypothesis often consists of more than one
segment: character hypotheses are formed by selecting a set
of consecutive segments from a sorted list of segments, and
are influenced by two parameters:

1)  the maximum number of segments that are allowed

to form a character hypothesis, and

2) the order in which the segments are sorted to deter-

mine succeeding segments.
The maximum number of segments is chosen such that
complete characters can be formed from the segments. Mak-
ing this number smaller will make the recognizer faster, as
the resulting lattices are smaller, but making the number
too small will have an impact on accuracy and may make it
impossible to write some characters.

For the sort-order of the segments we use two strategies
or their combination: time order which sorts the segments
according to their temporal writing order, and spatial order
which sorts the segments according to their z-coordinates.
The time order approach is useful to support overlapping
writing, e.g., when a user writes subsequent letters on top
of each other in the same location. The spatial order
approach is useful to support delayed strokes, e.g., when a
user writes cursively and adds t-strokes and i-dots later.
The combination of the two approaches is shown in Fig. 3c,
where the segmentation lattice contains paths for both time
order (segments 0, 1, 2) and spatial order (segments 0, 2, 1).

For Chinese script, which is not usually written with
delayed strokes, using just time order is sufficient. For Latin
script and several others, we use both strategies in parallel,
because this allows support for both cursive writing with
delayed strokes and overlapping writing. For bidirectional
languages (such as Arabic and Hebrew) using both orders

Cerence Operating Company, Ex. 2012

Samsung Electronics Co., Ltd., etc. v. Cerence Operating Company, IPR2024-01267

Paae 4 of 15



1184 IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL.39, NO.6, JUNE2017
TABLE 2
Summary of the Characteristics of the Different Languages and Scripts and How We Adjust Our System to Handle Them
& &
o & ol S
o & &OQ N S & & e
& o & < & & & & [$ o o
& 50 QQQ qob 82 & & & & &
& > @QQS} “Q%o > & \’Zﬁe ¥ 'i@% & ? < s ’»&Q
Ho & xR X & & & & &L 9 &®
Latin English 59 2x26+2x92+1 293  LTR yes T/S yes no no min-and-between
Vietnamese tingViet 1 2% 26+2x 67 223 LTR yes T/S yes no no min
Cyrillic pycckmii 11 2 x 2442 x 33 237 LIR yes T/S yes no no min-and-between
Greek eMNVIKG 1 2x33+3 183 LTR yes T/S yes no no min-and-between
Chinese 3L 3 ~50,000 12362 LTR no T no yes no strokes 3
Japanese AR 1 46 + 48 + ~50,000 6710 LTR no T no yes  no strokes 3
Korean I 1 11,172 428 3318 LTR no T yes yes mno®  strokes
Arabic Al 3 28+18° 353 bidi yes S yes no yes® min-and-between
Hebrew nMW 1 2245 117 bidi  yes S yes no  no min
Devanagari = 3 47 4625 LTR Shirorekha T/S yes no yes’ strokes 8
Punjabi e 1 51 678 LTR Shirorekha T/S yes no yes’ min-andbetween 8
Bengali B 1 50 2471 LTIR  Shirorekha T/S yes no yes’ min 8
Gujarati goralcll 1 51 892 LTR yes T/S yes no yes’” min
Telugu Seed 1 53 978 LIR yes T/S yes no yes’” min
Kannada S= 1 50 1293 LTR yes T/S yes no yes’ strokes
Tamil s18lp 1 36 807 LTR yes T/S yes no yes’ min
Malayalam 2eI@Ogo 1 56 1987 LIR yes T/S yes no yes” min
Sinhala Bome 1 43 2998 LTR yes T/S yes no yes’ strokes
Odia [l 1 42 1808 LTR yes T yes no yes’ min
Burmese Gioomogep 1 54 1148 LTR yes T yes no yes” min-and-between
Khmer manigs 1 49 3966 LTR yes T no no yes” min-and-between
Lao W99 1 67 855 LIR yes T yes no yes” min-and-between
Thai aelng 1 59 1305 LTR yes T yes no yes’ min

St

: The stroke orderings considered when creating the segmentation lattice (Sec.
: The segmenter heuristics are: strokes: insert cut points between each pair of strokes; min: in addition to the "stroke” cuts, insert cut points at local minima of y

5.2): T = time order, S = spatial order.

coordinates of the ink; min-and-between: in addition to the ‘'min’ cuts, insert additional cuts between two cuts if the segment is long enough.

: We use not only a neural network for character classification, but also an approximate nearest neighbor classifier. To make that effective, we reduced the

features to represent character representations to use only the bitmap features and quantized stroke direction histograms (Sec. 5.3.3).

0 N o o

would make bidirectional text (e.g., mixed Arabic script and
numbers) ambiguous during decoding, and because we
want to handle delayed strokes, we use spatial ordering.
Which orders are used in which script is detailed in Table 2.

The combined set of character hypotheses for the enabled
segment orders are then used to create one joint lattice. This
is straightforward because nodes and edges are represented
as sets of segments of the same input. Combining segment
orders in one lattice in this manner allows to hypothesize all
orderings jointly in a single recognition pass. Note that this
approach introduces no additional cost should the order-
ings coincide, e.g., if the time order and the spatial order are
identical in a piece of Latin-script input.

In informal experiments we observed relative reductions
in the error rate of 2 percent for various languages including
Latin-script languages like English, Spanish, and German
when switching from spatial order to the combination of
spatial and time order. In this comparison the overall search
space was kept fixed; improvements were larger when the
search effort was allowed to increase.

In the resulting segmentation lattice, there will be charac-
ter hypotheses that correspond to incomplete characters,
combinations of incomplete characters, or multiple charac-
ters together. (See Fig. 3c, where the hypothesis of only seg-
ment 0 is an incomplete character, and the hypothesis that
combines the segments 0 and 1 corresponds to part of the ‘i’
and part of the ‘s’.) To handle these cases, we model these
non-characters explicitly using a garbage class.

: Hangul could be seen as grapheme clusters of the underlying Jamo. We use the Hangul Unicode representation directly.

: While the Arabic script only has fewer letters we learn explicit models for the presentation forms.

: We use presentation forms and ligatures to represent characters during training.

: We use grapheme clusters as defined per Unicode as well as subgraphemes that we defined to allow for more data sharing.
: We remove the Shirorekha line as a preprocessing step to make segmentation easier.

5.3 Character Classification

After the segmentation lattice has been created, the charac-
ter hypotheses are classified with the goal of determining
the characters most likely to have been written.

5.3.1 Feature Extraction

To classify the character hypotheses created during the lat-
tice creation into characters (or non-characters), we use
a fixed-length, dense feature vector representation of the
ink. We distinguish between two general classes of features:

1)  Pointwise features are extracted for each point along
a stroke. In our approach, the pointwise features are
then accumulated into histograms for a complete
character hypothesis to arrive at a fixed-length
representation.
2) Character-global features are extracted for entire
character hypotheses.
The full feature vector is linearly normalized to have a
distribution (per-dimension) with mean zero and a range
not exceeding the interval [—1, 1] on the training data.

5.3.2 Pointwise Features

As pointwise features, we compute 23 simple geometric
features following ideas from the literature [5], [7] including
normalized z /y-coordinates, derivatives, curvature, and cur-
liness. Further, we compute local image features following
[23] for each point by rendering the ink into a bitmap and
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using a local neighborhood (scaled to 3 x 3 pixels) of each
point as a feature vector. A similar approach is called ‘context
map’ in [7].

Based on the 23 geometric and 9 bitmap features, we
compute an additional 23-22/2=253 and 9-8/2 =36
second-order (product) features, yielding a total of 321
pointwise features. Then we accumulate a 10-bin histogram
per feature for each character hypothesis leading to a 3,210
dimensional feature vector. The value of 10 bins was deter-
mined in informal experiments with varying numbers of
bins and showed improvements over the direct use of the
values. The histogram bin boundaries are determined on
the training data to have equal frequencies per bin on aver-
age. We use the square roots of normalized histogram
counts as features, following [24].

5.3.3 Character Global Features

In addition to the pointwise features, we compute a set of
features on the entire character hypothesis. These help to
capture spatial structure, long-range correlation, and char-
acter shape.

Bitmap features (3x64-Dimensional). For each character
hypothesis we compute a feature vector based on an image
representation of the ink. We render the ink into a binary
32 x 32 pixel bitmap and then scale it to a gray scale image
of 8 x 8 pixels. We then also compute Sobel filter responses
along z and y directions, which have been used for image-
based character classification [23].

Simple Statistics (384-Dimensional). For each character
hypothesis we compute a set of simple statistical features: a
bounding box feature that captures the size of the hypothe-
sis; the mean, variance, and z/y covariance of the points;
the number of stroke-crossings and dots; the sum of lengths,
widths, heights, histogram of directions, and average curva-
tures of each stroke; the minimum, maximum, mean, and
variance of the curvature along points; an estimate of the
height of the baseline of the writing and how many points
are above and below the baseline; the number of strokes in
the character hypothesis.

Water Reservoir Features (64-Dimensional). We compute a
water reservoir bitmap feature in four directions based on
ideas from [25].

Stroke Direction Features (180-Dimensional). We extract
stroke direction features similar to those described in [5].

Quantized Stroke Direction Maps (512-Dimensional). We
compute quantized maps of stroke directions in an 8 x 8
spatial grid quantized to eight directions [26].

5.3.4 Classification

The main character classifier we use is an artificial neural
network based on the framework described in [27]. The net-
work topology is simple: a single, fully-connected hidden
layer of size 1,024. The hidden layer uses tanh activation,
and the output layer uses softmax activation. This approach
is in many ways similar to the approach taken in the
Newton [5]. In informal experiments we did not see accu-
racy gains from deeper network structures, which may be
related to the use of a rich feature set. Note that the use of
deeper network structures also tends to increase latency at
the time of classification. We train the network using dis-
tributed stochastic gradient descent using up to 200 epochs.
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For Chinese and Japanese the very large character sets
pose a special challenge: some of the characters are written
only rarely but are still relevant to the language. When
using only the neural network model these characters can
be very hard to recognize. Therefore, for Chinese and Japa-
nese we use two character classifiers: the neural network, as
described above, and an approximate nearest neighbor clas-
sifier [28] which improves accuracy for rare characters. To
compute meaningful scores for the nearest neighbor classifi-
cation we use a modified quadratic discriminant func-
tion [29] which we use to compute the scores for the top 50
classes returned by the nearest neighbor classifier. We use
these scores as an additional feature function in the lattice
alongside the scores returned by the neural network.

5.3.5 Labeling the Lattice

In the next step we create a labeled lattice, which will later
be decoded to find the final recognition result.

Starting from the segmentation lattice (Fig. 3c), we create
a multi-graph by adding edges for each potential label for
each character hypothesis (Fig. 3e). These edges are
assigned the classification result for the character hypothe-
ses (Fig. 3d) as a label and the score for that label from the
classifier as a cost which is later linearly combined with the
other feature functions. The garbage class is treated spe-
cially: each edge is assigned an additional garbage feature
function with a value corresponding to the classifier score
for the garbage class.

For each character hypothesis we consider the top 20
classification results, thus the labeled lattice will have 20
times the edges as the segmentation lattice and the same set
of nodes.

5.4 Spaces, Relative Size, and Other Feature
Functions

Beyond the scores computed from the character classifier
we use a variety of additional feature functions (extra scores
per character recognition hypothesis) to guide the recogni-
tion and to introduce additional prior knowledge. Some of
these feature functions resemble what are called ‘geometric
contexts” in [30]. These additional feature functions can be
added to the lattice explicitly or they can be generated
implicitly during decoding.

Each edge with a character hypothesis is assigned extra
scores based on the character that it corresponds to:

1) A character prior feature that captures how well the
character was represented in the training data. This
feature is useful to allow for balancing the prior
which the discriminative character classifier has
learned. We use the negative logarithm of the relative
frequency of occurrence in the training data as value.

2) A character class feature that scores characters based
on their meaning within a language, e.g., whether a
character is a commonly used character, a numeric
symbol, a currency symbol, a punctuation symbol, or
an undesired symbol. This feature allows for an easy
adaption of a script-specific system to a language-spe-
cific system. For instance, the sets of common charac-
ters in the Spanish and French recognizers are

slightly different but otherwise these two recognizers
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share the same character classifier. A specific exam-
ple is the use of the highly confusable characters LATIN
CAPITAL LETTER ETH (U+00DO0, D) used in Icelandic and
the LATIN CAPITAL LETTER D WITH STROKE (U+0110, D)
used, e.g., in Bosnian.

3)  Astring length feature that is useful to allow for learn-
ing a weight to balance long versus short recognitions
(similar to the word penalty in speech recognition [31]
or the fertility model in machine translation [32].)

4)  Cut features—one feature for each possible type of cut
from the segmenter that precedes the character (e.g.,
did the cut happen within a stroke or between two
separate strokes) as the cut score assigned by the
neural network.

Additionally, we use two ‘bigram’ ‘feature’ functions that
are applied not at the level of single edges but for pairs of
successive edges on a decoding path:

1) A relative size feature function that looks at pairs of
character hypotheses on successive edges on the
decoding path. For the relative size information we
use a prior about the bounding boxes of successive
candidates and compute a score that depends on how
well the bounding boxes of the character hypotheses
align with their respective priors.

2)  Aspace insertion feature function that looks at the hor-
izontal space between successive character hypothe-
ses relative to their size and allows to hypothesize
spaces during recognition.

When computational resources are very limited (as is the
case on mobile devices) we do not use bigram feature func-
tions. In that case the space feature function can be replaced
by a function that looks only at the previous and following
ink for a space (in contrast to looking at the previous and
next character hypotheses, which depend on the path taken
during decoding). Relative size information could be used
in a post-processing step but we currently just omit this
knowledge source for on-device recognition.

6 LATTICE DECODING

Given the labeled lattice (Fig. 4) along with an additional
language model (LM), we search for the best path to deter-
mine the recognition result.

6.1 Language Models

To model the likelihood of the character sequences that are
recognized, we use two types of language models. The unit
at which we determine the probability estimates in the LMs
is a character (more precisely, a Unicode codepoint), which
is in contrast to the word-based LMs often used in speech
recognition or machine translation.

The main LM we apply is a stupid-backoff [33] entropy-
pruned 9-gram character LM. Note that we do not claim
this to be the optimal choice of language model for online
handwriting recognition in general (which would be out-
side of the scope of this paper), but we believe it is a reason-
able choice in the current design of the overall system. The
LMs are trained on a large corpus of web-mined text for the
specific language [33]. In our cloud recognizers, we use
100M n-grams for most languages. For some languages that
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Fig. 4. Additional features in the lattice (Section 5.4) and beam search on
this lattice with all weights set to 1.0, except for the garbage weight set to
—1. The beam search uses a beam size of 4 which means that in each
step it expands the top-4 entries of the beam. The edge costs in the
beam correspond to the newly added costs from traversing an edge and
the newly added language model cost. The total cost contains the sum
of these and the total cost of the path before this last step. The gray
entries in the beam are those that are not expanded in the next step.

get comparatively few requests (e.g., Esperanto) we trade
off memory use versus accuracy and use a smaller model
with 10M n-grams. For ondevice recognition we use 5M n-
grams for all languages and we compress them into a space-
efficient data structure using ideas from [34].

The second LM we use is a word-based probabilistic
finite automaton created using the 100,000 most frequent
words of a language, determined from a web-mined corpus.
In this LM, back-off is handled using an additional feature
function for out-of-vocabulary events and word frequencies
are used to assign scores to letter sequences.

Note that the main type of request that our system handles
consists of very short phrases or even single words or charac-
ters as they are typically entered on a mobile device. This
makes a longer-range LM less useful than it would be for long
sentences or even paragraphs. We plan to evaluate more types
of LMs including longer-range LMs in the future as we
believe that they may be useful for certain types of input.

In some cases, the input to the recognizer may addition-
ally contain context information about the text that was
written before the current input. We use this pre-context
information (which is restricted to 20 characters of text) as
history for the LM scoring. This also allows us to hypothe-
size and predict a leading space in the recognition without
any indication in the actual stroke input. For example, the
written sequence ‘is” may be best recognized as ‘is” with a
leading space if it follows the word ‘she’ (to form a com-
bined string of ‘she is’), but as ‘is” without leading space for
a pre-context of ‘th’ to yield the combined string ‘this’.

The language model scores are not stored in the lattice
but are used implicitly during search.

6.2 Search

At this point we have a graph that represents the entire
input and by finding the best path from the source node (no
ink recognized) to the target node (all ink recognized) we

obtain a recognition result for the entire ink. During the
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search we implicitly expand the lattice to consider the his-
tory for the language model and the bigram feature func-
tions described in the previous section.

The search algorithm is an ink-aligned beam search that
starts at the start node and proceeds through the lattice in
topological order. The partial order is given by set-inclusion
on the nodes (which are sets of segments, compare Fig. 3).
At the beginning, the set of open search states consists of
only the start node with a language model history corre-
sponding to already written preceding text (if any exists). In
each node expansion pass, the decoding algorithm consid-
ers all edges that leave the current node and expands the
states into new states by computing a combined weighted
score for the feature functions and the language model.
Once all states of the current node are expanded, the set of
open states is pruned to only include the states with the best
scores and state recombination happens. During this pro-
cess, the open states may correspond to different sets of seg-
ments, but the differences are limited by the maximal
number of segments in a character hypothesis and the topo-
logical sorting. At the end of the iteration, the open states all
correspond to the lattice end node, i.e., the full set of seg-
ments has been processed. At that point, the state with the
best score corresponds to the determined best recognition
result. Alternative recognition results can be obtained from
states with worse scores that correspond to alternative
decoded strings. Fig. 4 shows an example for the beam
search on a graph including the language model scores.

6.3 Pruning Strategies

Pruning is a well-known method to speed up tasks like
speech recognition, OCR, and many others. Besides search
pruning, we apply a variety of different pruning strategies at
different stages of recognition to allow for a fluent interaction
of users with the recognizer while keeping the accuracy as
high as possible. In this tradeoff, there are often different par-
eto-optimal points that can, e.g., be used for on-device recog-
nition versus server-based recognition, where the latter can
use more computational resources. In the following we
describe the different pruning strategies in the order which
they are applied in our recognition pipeline.

6.3.1 Segmenter Pruning

As described in Section 5.1, the aim of the segmenter is to
have a high recall. To reduce the size of the segmentation
lattice, segmentation points with very low scores from the
segmenter are not considered, which directly reduces
the size of the segmentation lattice and thus avoids any of
the subsequent steps.

6.3.2 Lattice Edge Pruning Before Classification

Before we perform (computationally costly) feature extrac-
tion and classification on an edge of the lattice, we use a
simple (log-)linear classifier to discard some of the edges.
The input to this classifier consists of simple features such
as the number of segments, the type of cut at start and end,
the size of the ink with respect to the input, and the number
of dots and intersections. When removing edges, we ensure
that we do not disconnect any node from the lattice by leav-
ing at least one incoming and one outgoing edge for each
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node. We prune up to 20 percent of the edges at this point,
depending on the desired speed/accuracy tradeoff.

6.3.3 Lattice Edge Pruning after Classification

After character hypotheses have been classified by the char-
acter model, we use the character scores as additional input
to prune edges from the labeled lattice. Here we use the val-
ues of all feature functions that do not depend on the search
history, which mainly excludes the language model feature
functions. When an edge between two nodes has a much
higher cost than other edges between the same nodes it is
very unlikely that this edge is chosen during the final search
unless it has a much better language model probability. We
prune up to 90 percent of the edges at this point, depending
on the desired speed/accuracy tradeoff, again, ensuring
that all nodes can be traversed by not removing all incom-
ing or all outgoing edges from any node.

6.3.4 Edge Factor Pruning

Next, we limit the number of total edges in the lattice to be at
most 100 times the length of the longest path. This is done
using an A-star search without LMs. Edges that are traversed
by the search are kept until this limit is reached and there are
no partially connected nodes. Edges that are not traversed in
this process are removed from the lattice.

6.3.5 Beam Search Pruning

When we perform the search through the lattice to identify
the most promising hypothesis, we use a conventional
beam search approach and limit the number of expanded
states (including LM history) to a maximum between 40
and 120.

7 TRAINING

The full system is trained by alternately training the individ-
ual system components. Some components are considered
as fixed during a training run, e.g., the language models
that are derived from separate data sources.

There are three main training components:

e training the character model (‘C")

e training the segmentation model (‘S")

e training the feature weights (‘W’).

A typical training run may consist of a sequence of these
steps following each other, e.g., C-C-W-C-W-5-W-C-W-5-
W. We will briefly discuss each of these steps here. The
number of steps in a typical training run usually varies
between 5 and 20. The iterative improvement structure of
the training seems reminiscent of the EM-algorithm [35],
though we do not claim any convergence or optimality
properties.

7.1 Training the Character Models

We determine a forced alignment of each training observa-
tion by recognizing it while restricting the decoding to allow
only the correct label. From this forced alignment we deter-
mine a segmentation of the training data, which gives us a
mapping of character hypotheses to recognition labels

(characters or grapheme clusters, see Section 9).
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We then train the character models aiming to classify the
force-aligned character hypotheses. In addition we add a
‘garbage’ (non-character) class ® from character hypotheses
that were not chosen in the decoding. Since the total amount
of potential garbage training data is very large we sub-sam-
ple it by a small integer factor. Nonetheless, it usually is the
most common class in the resulting training data.

The very first character model may be trained using
either a linear alignment of segments to characters, an align-
ment proportional to the number of segments observed in
the training data using a linear regression, or restricting the
training set to only instances of single recognition classes.

7.2 Training the Segmenter

Training the segmenter bears many similarities to character
model training. We train the neural network cut classifier
using the segmentation points that were selected during the
forced alignment as positive samples and all other segmen-
tation points as negative samples.

7.3 Training the Feature Weights

To balance the weight that each knowledge source has in the
final decoding process, the individual feature functions that
are associated with each edge are weighted (log-)linearly.
This is similar to the use of a language model weight in
speech recognition or the log-combination of translation and
language model weights in machine translation. We use the
minimum error rate training (MERT) framework [36] to esti-
mate the weights on a hold-out set separate from training,
validation, and test data sets. In MERT weight training, we
repeatedly decode the items in the weight-training set with
the current weights and construct the decoding lattices,
which are combined over several iterations. For the full set of
segmentation graphs of all items, the MERT algorithm then
improves the weights with respect to the character error rate
by considering changes in one weight at a time. When con-
sidering one weight (e.g., the language model weight), the
algorithm optimizes the error rate with respect to this one
weight while keeping all other weights fixed. In this sub-
optimization the error rate is a piecewise constant function
of the weight. Finding the optimal weight becomes feasible
by considering the following property: the score of each
hypothesis that is represented in the set of lattices is a linear
function of the weight that is considered. Determining the
values of the parameter at which the best scoring hypothesis
changes is therefore equivalent to finding the intersections of
linear functions. This makes it feasible to enumerate all pos-
sible values at which the error rate changes, and therefore to
determine all possible values of the error rate. Picking the
optimum is then also feasible. Note that varying only one
parameter at a time means that this procedure cannot guar-
antee finding the global optimum over all parameter combi-
nations, although it works well in practice.

8 TRAINING DATA

We use various types of training data, and the amount we
use varies by script. Sources of training data include:

e Data collected through prompting volunteers to write
a set of short phrases or characters on a mobile device.
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Data that we could obtain a commercial license for.
Artificial inflation of data from existing samples to
increase variability, especially for characters with
very few training samples, compare e.g., the concept
of ‘elastic distortions’ [37].

e Recognition requests which are not associated with a

user and are labeled by humans.

e Recognition requests which are not associated with a

user and are self-labeled by one of the recognizers.

We apply a simple binary log-linear classifier as a filter to
the self-labeled data to exclude items that are likely to be
just ‘scribbles’. Self-labeled data is then used in the training
process in the same way as labeled data.

The number of training samples varies from tens of thou-
sands to several million, depending on the script. We tend
to use more training items for languages that have many
possible recognition classes (like Chinese or Devanagari
script) and for languages that have a lot of usage.

9 LANGUAGE-SPECIFIC ADAPTATIONS

Table 2 gives an overview of the different languages and
scripts that we support in our system, their characteristics,
and how we adapted our system to handle them.

The Latin script recognizer serves the largest family of a
total of 59 languages. Beyond the basic 2 x 26 characters, it
supports the accented (or otherwise modified) characters
needed to support the 59 languages. The total set of sup-
ported labels in the character classifier is slightly larger to
support numbers, punctuation marks, and a few special
characters such as a heart, a smiley, and a checkmark.

Vietnamese, while a Latin script language, is handled in a
recognizer separate from the other Latin script recognizers
because of the large number of diacritics on many of the
characters in that language which are not used in any other
Latin script language (Fig. 5b). Otherwise it is nearly identi-
cal to the Latin script recognizer in its configuration.

Similarly, the Cyrillic and Greek script recognizers also are
nearly identical in configuration to the Latin script recog-
nizer. The larger gap between the alphabet sizes and the
number of supported labels in these recognizers is due to
our decision to support the basic Latin script alphabet in all
of our recognizers independently of whether or not they are
part of the official alphabet because nearly all languages
seem to occasionally mix with Latin script text.

Chinese script is quite different from the previously dis-
cussed scripts in many respects. First, the total number of
characters is about 50,000 but many of these are mostly

used in historical scripts. Most Chinese actively know about
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3,000—4,000 characters and we chose to support a superset of
about 12,000 characters including the most commonly used
characters in simplified Chinese (used mostly in mainland
China), traditional Chinese (mostly used in Taiwan), and
Cantonese (mostly used in Hong Kong). In addition, like all
our recognizers, the Chinese recognizer supports the basic
Latin alphabet, numbers, and a variety of punctuation marks.
Second, Chinese characters are often far more complex than
e.g., Latin script characters and an individual character can
consist of up to 36 strokes. The individual characters often
have a rectangular shape and when writing cursive, charac-
ters are not connected but only the strokes within a character
are connected. In addition, a standard stroke order of writing
Chinese characters is taught in schools and most writers
employ this ordering. To account for these properties, we
adapted the Chinese system in terms of preprocessing
(none), features to represent the ink, and classifiers that we
use. As features, we use only bitmap features and quantized
stroke direction maps (cp. Section 5.3.3). The stroke direction
maps are used in two configurations: once in the same way as
described before and once after we insert pen-up strokes
(connections between the last point of one stroke and the first
point of the next one) into the ink. These help to reduce
the variation between cursive and printed writing, and
emphasize the common stroke order. To support the large
number of different characters we use an approximate near-
est neighbor classifier [28] which improves the accuracy for
rare characters (Section 5.3.4).

The Japanese recognizer is configured identically to the
Chinese one. Japanese uses three different alphabets: Hira-
gana (46 characters), Katakana (48 characters), and Kanji
which are adopted Chinese characters. The set of Chinese
characters that we use in Japanese contains 6,355 characters
which we support in addition to the full Hiragana and Kata-
kana alphabet as well as the basic Latin alphabet, numbers
and punctuation.

The Korean script is explicitly combinatorial: it combines
individual pieces (28 Jamo) into larger syllabic units called
Hangul (Fig. 5a). In theory, 11,172 distinct Hangul are
defined but in practice only about 2,000 are used. Our recog-
nizer supports about 3,000 Hangul and all Jamo, as well as
Latin script, numbers, and punctuation symbols. To allow
for adding support for some not very commonly used
Hangul we generate some artificial training data by re-
combining Jamo segmented from other characters into new
Hangul. When building the recognizer we experimented
with settings similar to the Chinese recognizer and settings
similar to our Latin script system. We found that accuracy
for Korean was best for a system similar to the Latin script
system with only the segmenter based on the same heuristic
as the Chinese system.

Arabic script is another that poses several challenges:
First, Arabic script is generally written cursively, i.e., nearly
all characters within a word are connected to their neigh-
bors, making segmentation hard. Interestingly, for segment-
ing Arabic script, the same heuristic as used for cursive
Latin script can be applied. Second, most characters have
different representations that depend on their position
within a word, e.g., the characters look different when writ-
ten isolated, at the beginning of a word, in the middle of a
word, or at the end of a word (Fig. 5c). While the basic
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Arabic alphabet consists of only 28 letters (and an additional
18 letters to allow for supporting Urdu and Persian) and no
cases, due to the presentation forms and common ligatures
we support a total set of about 250 character variations, in
addition to both Latin script numerals and two variants of
Arabic script numerals, the basic Latin script alphabet, and
punctuation marks. Third, the differences between charac-
ters often are subtle, e.g., depending on the exact position of
dots, which may be accidentally misplaced in handwriting
and thus Arabic character recognition is more ambiguous
than most other scripts. Fourth, Arabic script is written from
right-to-left, but numbers (or words in Latin script) are writ-
ten left-to-right, which effectively makes the language bidi-
rectional. To support the bidirectional input we chose to
disable the time-order in our lattice creation and use the spa-
tial ordering only. To make the handling of Arabic script eas-
ier, we flip the ink horizontally, which makes Arabic script
left-to-right for recognition purpose and potentially embed-
ded numbers or Latin script regions are right-to-left, which
we reorder as a special case in postprocessing.

Hebrew script, like Arabic, is written bidirectionally but
doesn’t share the cursiveness. Hebrew has only 22 letters
(five of which take a different form at the end of a word)
and no cases. In Hebrew handwriting, characters are rarely
connected which allows for having the smallest set of sup-
ported labels in our Hebrew recognizer including basic
Latin script support, numbers, and punctuation marks.

The remaining Indic and South-east Asian scripts all are
Brahmic-derived scripts and share the property that they
formally have a relatively small alphabet but the effective
number of character hypothesis labels is much larger. E.g.,
up to 12 consecutive characters (in Odia) can form a graph-
eme cluster. Examples for grapheme clusters are shown in
Devanagari script (Fig. 5d), Khmer (Fig. 5e), and Lao
(Fig. 5f). Grapheme cluster forming can be complex, non-
monotonic (i.e., later Unicode codepoints in the output
string are rendered to the left of earlier ones), two-dimen-
sional (layout above or below), or subtractive (adding a code
point removes parts of a character). In these scripts the con-
sonants typically carry an implicit vowel sound and in
many of them, the Virama is a special character that removes
the implicit vowels and in writing forms grapheme clusters.

Devanagari script, which is used for Hindi, Marathi,
Nepali, and many other languages, has 33 consonants and
14 vowels and defines a large variety of grapheme clusters.
It is also characterized by the Shirorekha, a line connecting
letters at the top. While many users write the Shirorekha
line in handwriting, not all do.

Gurmukhi (used for Pumnjabi, 41 consonants and 10 vow-
els), Bengali (39 consonants and 11 vowels), and Gujarati (36
consonants and 15 vowels) scripts are very similar to Deva-
nagari script. Gurmukhi and Bengali also use the Shirore-
kha, Gujarati does not.

Telugu (35 consonants + 18 vowels) and Kannada (25
structured + 11 unstructured consonants, 14 vowels) share a
lot of similarity. So do Tamil (24 consonants, 12 vowels),
Malayalam (41 consonants + 15 vowels), and Sinhala (20 con-
sonants, 23 vowels) and to a lesser degree Odia (38 conso-
nants 14 vowels) and Burmese (33 consonants, 21 vowels).

Languages like Malayalam, Odia (Oriya), Tamil, and
others with vowels which appear to the left of (or on both
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TABLE 3
Error Rates on UNIPEN-1 Data in Comparison to the
State of the Art
error rates [%]
UNIPEN dataset this work [11] [13]
la 0.8 1.1 29
1b 3.1 4.3 7.2
1c 5.1 7.9 9.3

sides of) a cluster of consonants present special challenges.
We typically recognize the left vowel in the order it is writ-
ten with respect to the consonant cluster, and as a post-
processing step reorder the sequence to the standard Uni-
code order placing the vowel at the end. In some languages
like Malayalam, there are multiple ways to write consonant
clusters (depending on the usage of traditional or reformed
orthography), which can result in the left vowel appearing
at different locations. The post-processing normalizes these
variations to the standard Unicode encoding order.

Finally at the bottom of Table 2 we note the three Asian
languages that complete the list: Khmer (33 consonants, 16
vowels) is a predecessor of Lao (34 consonants and 33 vow-
els) and Thai (44 consonants and 15 vowels).

10 EXPERIMENTS AND RESULTS

One problem with comparing online handwriting recogni-
tion systems is that there are only a few publicly available
databases to compare results on. Several publications in the
scientific community use the IAM database [38] for compar-
ison for the English language and we include comparison
results on the corresponding test set below. Other existing
databases with more suitable licenses often have very few
if any comparison results or are otherwise restricted.
One database that was used frequently in the past is the
UNIPEN-1 dataset [14], but most evaluations were
restricted to single character recognition. We also present
some results on this dataset below.

For quantitative evaluations of other factors we present
results on internal datasets of items in the given languages
that we use for evaluation of our system. These datasets
contain items which resemble the traffic that we observe in
our system, e.g., many short phrases, word-parts, or single
letters, also some words that are more frequent in other lan-
guages (e.g., Spanish text in the English recognizer) and
many words that are not dictionary words such as uncom-
mon proper names. As the measure of performance we use
the character error rate (CER) or word error rate (WER)
obtained from an edit distance alignment of the output to
the label of the item. As usual, we accumulate insertions,
deletions, and substitutions and divide by the number of
characters/words in the label.

One question in this context is whether a recognition sys-
tem should return a ‘spell-corrected” version of the input or
try to be as true to the written text as possible. For our experi-
ments, we have chosen the latter approach and generally try
to transcribe any user input exactly as written without an
integrated spelling correction, and do the same in labeling
evaluation sets. If an application wants spell-corrected user
input, this often can be performed as a postprocessing step.
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TABLE 4
Error Rates on IAM-OnDB Test Set in Comparison to the State
of the Art. A * in the ‘system’ Column Indicates
the Use of an Open Training Set

system CER[%] WER[%]
HMM [38] - 33.4
commercial-1 [15] * - 28.7
LSTM (comparison, see Section 10.3) * 8.8 26.7
commercial-2 [15] * - 20.8
LSTM [9] 11.5 20.3
LSTM [15] - 189
combination [15] * - 13.8
this work * 4.3 104
10.1 Single-Character Experiments on UNIPEN-1

We used the R01/V07 version of the UNIPEN-1 data with a
fixed 2:1 random partition into training and test data (not
writer-independent) and applied a simple aspect-ratio based
cleaning method according to the protocol from [11]. We
trained a single-character recognizer similar to those that we
use as character classifier in our full system and observed
competitive error rates as shown in Table 3. The table shows
comparison results for the best ‘multi-writer’ experiment
from [11] following the same experimental protocol. We also
included results from [13]. For additional comparison
results, we refer to [11] which compares to a wide range of
state-of-the-art comparison results. We observe that the
resulting error rates are very competitive but admit that the
comparison results are more than a decade old.

10.2 Word Recognition Experiments on IAM-OnDB

We also performed experiments on the test set IAM-OnDB-
t2 of the IAM database [38] that contains 3,859 items. We
used our existing English recognizer, so this comparison
should be regarded as ‘open training set’. The results are
summarized in Table 4. No optimization with respect to
the data was done on our side for these experiments. Again,
we observe that the resulting error rates are very competi-
tive with respect to other published results we are aware of.

10.3 Word Recognition Experiments on Internal
Data

We evaluate the recognition accuracy of our systems for all
supported languages regularly on validation data sets and
less frequently on test/holdout sets to be able to spot any
signs of overfitting to the validation data. Here we show
results for the validation sets in a few languages to illustrate
the effect of several of the system components and the
importance of a sufficiently large training set. The set of lan-
guages that we are evaluating in this paper as well as the
sizes of the validation sets are given at the top of Table 5.

Table 5 also shows the improvement of the character
error rate for our system when successively adding more of
the system components described above to a baseline sys-
tem for each of the languages.

The baseline system in line (1) uses only the character clas-
sifier and the simple frequent-word-based LM as feature
function in the search. The character classifier uses only the
first-order pointwise features as a reduced set of ink features
to represent the character hypotheses. In line (2) we added
additional feature functions that are used in decoding:
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116 1/8 1/4 12 11 11

+unsup

training
samples

Fig. 6. Character error rates for our system with respect to the number of
training samples used. Each point on the lines corresponds to doubling
the training set. The point at the position “1/1 + unsup” corresponds to
using the full set of labeled data along with a similar amount of unsuper-
vised (self-labeled, unlabeled) data.

cut-types, relative size features, and the character prior
(cp. Section 5.4). This leads to an improvement of 43 percent
relative in character error rate for English. In line (3), we
added more character features to the feature extraction:
second order pointwise features (cp. Section 5.3.2) and all
character global features (cp. Section 5.3.3). Using the full set
of features leads to 12 percent relative improvement here for
English. In line (4), making the system complete by adding
the n-gram-based character language model leads to another
41 percent relative improvement for English.

To provide a perspective of how our system compares to
other systems described in the literature we give results for
an LSTM-system using connectionist temporal classification
that closely follows the system described in [9]. This system
uses 40 pointwise and bitmap features (cp. Section 5.3.2) to
represent the ink and has 100 LSTM nodes. It was trained on
the same (supervised) training set as our main system and
uses the same character-based language model as our main
system. As shown in Table 4, this system obtains a better
CER on the IAM dataset than the original implementation
but it does have a higher WER. This difference in results
may be partially explained by our Latin-script training set
having a higher diversity in the used vocabulary (including
many non-English words). On our in-house datasets, our
system performs better than the LSTM-system on all of the
evaluated languages but Thai and Hindi, where the LSTM-
system has a small edge. In particular in Korean, the big gap
is probably explained by the fact that our system is able to
handle the large number of characters and the complex
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TABLE 6
Languages by Usage (Cloud Recognizer) over
a Week in January 2016

1 English 9 French

2 Chinese 10 Hindi

3 Japanese . o

4 Spanish 17 Malayalam
5 Russian ... .

6 Arabic 25 Guijarati

7 German ... .

8 Korean 28 Khmer

character structure better. Note that we did not engineer the
LSTM system as carefully as our system, so these results can-
not be used to claim that our approach is inherently more
suitable for this task. However, the competitive results on
Thai and Hindi show that this bias is not large.

Fig. 6 shows the dependence of the error rate on the size
of the training set. We ran the training pipeline on datasets
that resulted from repeatedly and randomly subsampling
the training data by a factor of 2. Similar to results pre-
sented in [39], we observe an expected improvement of the
classifier with increasing training set size. Note that adding
about the same amount of self-labeled (or unlabeled) train-
ing data in addition to the labeled data improves the results
about as much as the last doubling step. In experiments
with further increased amounts of unlabeled data we did
not observe further improvements for this particular data
set. The full English training set consists of about one mil-
lion labeled samples and one million self-labeled samples.
The last point of each line corresponds to the full system (4)
in Table 5.

10.4 Language Use
Table 6 shows the most used languages in our cloud recog-
nizer ordered by usage. We included Malayalam, Gujarati,
and Khmer because as far as we know there are no other
word-based online handwriting recognition systems for
these languages. The list does not hold great surprises, but
it shows that the system is used in a wide variety of scripts
and languages. Usage seems to be influenced by availability
of mobile devices and the ease of use of handwriting in
comparison to other mobile input methods.

Without going into more detail we would like to make
two statements underscoring the importance of online
handwriting recognition technology and research:

TABLE 5
Character Error Rates on the Validation Data Using Successively More of the System Components Described Above for
English (en), Spanish (es), German (de), Arabic (ar), Korean (ko), Thai (th), and Hindi (hi) Along with the Respective
Number of ltems and Characters in the Sets

Language en es de ar ko th hi
Ttems 5,320 4,137 11,408 8,581 19,955 20,599 6,030
Characters 24,287 25,578 66,289 71,637 45,803 96,726 25,548
System CER [%]

(1) Baseline 26.1 23.5 21.1 25.4 43.9 6.9 26.4
2) + feature functions 14.8 16.0 13.5 23.1 35.3 6.4 24.4
3) + more features 12.9 12.1 9.4 17.4 17.4 5.0 16.6
4) + n-gram LM 75 7.2 6.0 14.8 13.8 4.1 15.7
LSTM (comparison) 10.2 12.4 9.5 18.2 44.2 3.9 15.4
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Fig. 7. Example errors. See text for details.

e In many languages, the most-entered phrase uni-
formly seems to be ‘I love you’ or its translation in
the respective language. In that sense, handwriting
recognition brings some love to the world.

e In some products, the usage of online handwriting
recognition can be compared to other input methods
like speech recognition or camera OCR. In some lan-
guages and for some products, we observe that the
usage is of the same order of magnitude. In that sense,
online handwriting recognition adds significant user
choice to the set of available input methods.

10.5 Example Errors

Fig. 7 shows some example errors made by our English lan-
guage system. Each item is annotated with the ‘ground
truth’” label and the recognition result. The top right shows
two cases of input that our system currently does not handle
well: characters written with many repeated strokes and full
90-degree rotation. These types of input are infrequent
enough that a special handling does not seem warranted at
the moment, even though it would be possible to handle
these cases specifically. Other examples show that both the
human transcription and the recognition can be valid
decodings of the input. E.g., both ‘signi’ (as a prefix of
‘significant’) or ‘sign:’ can be valid interpretations. Based on
this (not surprising) observation, we do allow multiple cor-
rect labels in evaluations. An interesting special case is the
recognition of ‘I LOKE’ which may seem like a problem that
should be easily fixed by using a better language model.
However, a stronger emphasis on the language model than
the one picked by the MERT weight learning would lead to
more errors on some other out-of-vocabulary items. One
example for this effect is that the interpretation of the exam-
ple in the lower left of Fig. 7 becomes ‘signs” when the lan-
guage model weight is increased.

10.6 Test Data Drift over Time

One interesting problem, which does not typically occur in
academic research, but which we have observed with
respect to system evaluation is that the (anonymous) traffic
we see in our recognizers changes over time. This drift
makes it important to continuously adapt the system to new
requirements. The existence of the drift is not surprising
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(compare, e.g., the discussion of ‘Population Drift” in [40])
and there are several reasons for this, including

e  Users observe that a specific style of writing is recog-
nized better and prefer that in the future (e.g.,
printed English is often recognized with fewer errors
than cursive English).

e Some users observe that the recognizer doesn’t rec-
ognize their handwriting well and only try it a few
times, then never use this feature again.

e Handwriting support gets included in new products
and the population of users is different, e.g., hand-
writing input was first launched in Google Translate
for Android, and somewhat later in the iOS version
(which have different numbers of users in each coun-
try/language).

e Handwriting support gets included in new products
and the input characteristics are different, e.g., hand-
writing input on the Google Translate desktop ver-
sion has many users entering text by handwriting
with their mouse rather than on a touch screen device.

e New features are added to the recognizers and users
start using them, e.g., the concurrent recognition of
overlapping and delayed-strokes writing for Latin
script.

We address this problem by evaluating against an
‘evolving’ set of validation and test data. We regularly add
more items to the validation and test data sets based on the
current traffic that we observe. We also allow to add alterna-
tive labels, e.g., for the item in the lower left corner of Fig. 7
we may allow both labels as correct, because we do not
want to base a comparison of quality between two recogniz-
ers on this difference. Last, we sometimes discover obvious
label errors, i.e., the originally associated label did not corre-
spond to what was written. When comparing results across
two data sets, we always use the most current version of the
labels and alternative labels that we have in our database.

11 ON-SERVER VERSUS ON-DEVICE RECOGNITION

The presented system was originally designed to work well
on high-performance servers that allow the use of many
cores, large CPU-caches, and a comparably large amount of
memory. For applications that need access to the web, it is
very reasonable to also let the recognition happen in the
cloud. Examples for these are entering a query for web-
search using handwriting and entering text to be translated
into another language. In other cases, such as an input
method for a mobile phone or tablet, the recognition should
happen on the device that records the handwriting. These
devices typically have much more limited computational
resources. To allow recognition to be performed on a mobile
device, we followed the general principle of sharing as much
of the code and models as possible, but to make recognition
fast, a few changes were necessary:

Use slightly fewer features.
Use fewer hidden nodes in the neural network for
classification.

e Use a smaller language model and space-optimized
representation; use only a character n-gram.

e Do not use feature functions that require second-

order dependencies in search.
Cerence Operating Company, Ex. 2012

Samsung Electronics Co., Ltd., etc. v. Cerence Operating Company, IPR2024-01267

Paage 13 of 15



KEYSERS ET AL.: MULTI-LANGUAGE ONLINE HANDWRITING RECOGNITION

e Use adapted pruning thresholds and fewer segmen-

tation hypotheses.

e Do not use the additional nearest neighbor classifier

for Chinese and Japanese.

Because usability as an input method is strongly corre-
lated to the latency of recognition, we aim to recognize the
inputs quickly. The cloud recognition system for English
usually takes around 40 ms per recognized character. The
user-perceived latency for the cloud system also includes the
network round trip time, so much further speedup is not as
impactful as it is for on-device recognition. Recognition on-
device (on an ‘LG Nexus 5 device, equipped with a 2.26
GHz quad-core processor) for English takes around 25 ms
per character using a system that is reduced in the ways
described above. (Note that recognition on devices with a
less powerful processor may of course take longer.) The error
rate for the on-device recognizer is typically between 10 and
40 percent worse than the cloud recognizer, relative. For
English, the relative difference is around 25 percent.

12 CONCLUSION

We presented the architecture of a real-world, multi-script
and multi-language online handwriting recognition system.
The system combines several existing and some new compo-
nents. A key emphasis of the system is on the re-use of com-
ponents across many scripts and languages, which makes
the problem tractable as an engineering problem. We dis-
cussed a variety of script- and language-specific elements
that are used. Novel ideas presented include the following;:

e We combine time- and position-based interpretation
of the input in a single lattice for joint decoding. This
allows to recognize overlapping writing and handle
delayed diacritical marks.

e We train a segmenter as a filter to determine which
hypothetical cut points are valid character segmenta-
tions, which allows to keep the search space small
but still achieves a high recall segmentation.

e We use MERT, a method for learning feature weights
known from machine translation, to combine up to
35 knowledge sources (such as character classifiers,
language models, segmenter scores, and others).

e A flexible hierarchy of pruning approaches allows
the same system to run both on powerful servers
and on less powerful mobile devices.

e Because we use only a minimal amount of prepro-
cessing, the system is able to recognize handwriting
inputs from a large variety of input sources, includ-
ing text entry on mobile devices with touch screens,
mouse-drawn handwriting inputs on the web, and
input using reconstructed writing paths from gyro-
scope data [41].

The system described in this paper is currently used in
several publicly available products which include mobile
and desktop variants of ‘Google Translate’, and ‘Google
Handwriting Input’ for Android mobile devices.
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