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Abstract. Despite the current dominance of typed text, writing by hand

remains the most natural mean of written communication and informa-

tion keeping. Still, digital pen input provides limited user experience
and lacks flexibility, as most of the manipulations are performed on a

digitalized version of the text. In this paper, we present our prototype

that enables spellchecking for handwritten text: it allows users to inter-
actively correct misspellings directly in a handwritten script. We plan

to study the usability of the proposed user interface and its acceptance
by users. Also, we aim to investigate how user feedback can be used to

incrementally improve the underlying recognition models.
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Introduction

Handwriting continues to be one of the most popular means of communication. It
has been shown to be more efficient than keyboard input [1], useful in cognitive
assessment [2], as well as beneficial in various learning tasks [3,4,5]. It is not
uncommon for written text to contain spelling errors which users would like to fix,
better without rewriting their own samples. Although spelling correction has been
studied for decades [6], only a few papers addressed this problem for handwritten
scripts [7,8]. In that case, the user could continuously use the writing device
without the need to switch between handwritten and digital representation to
correct errors. This task requires a combination of handwriting recognition [9,10],
spell checking [11], and handwriting synthesis [12,7] techniques. In this demo, we
present SpellInk1: a mobile application which allows users to take handwritten
notes, immediately spellcheck and interactively correct them, while the user’s
writing style is preserved. The system runs on any Android tablet or smartphone
and performs all processing on the device, thus preserving the user’s privacy.

Spelling Correction Application

The main screen of our prototype contains a canvas where the user can enter
notes with a digital pen. After a user writes a word by hand, the system checks

1https://github.com/DFKI-Interactive-Machine-Learning/spellink

https://github.com/DFKI-Interactive-Machine-Learning/spellink


it for spelling mistakes. If one is identified, the erroneous word is underlined with
a double red line. Tapping on it with a pen opens a context menu showing to
the user a list of corrections (see Figure 1). Upon selection, the correct word is
transformed into a handwritten form, preserving the user’s style, to substitute
the incorrect word.

Figure 1.: By tapping a word,
marked as erroneous, the user
invokes a menu with suggested
corrections.

Our text recognition module relies on
the code by Daniel Vorberg2, which we
reimplemented in Kotlin and TensorFlow
Mobile for being used on Android mo-
bile devices. It follows the approach to
online handwriting recognition proposed
by Liwicki et al. [13], augmented with a
specifically designed set of features. The
underlying model is based on a bidirec-
tional LSTM neural network with a Con-
nectionist Temporal Classification (CTC)
loss function and a CTC beam search de-
coder. To process the pen input, we first
normalize pen coordinates of strokes (the slant, dimensions, and the baseline are
adjusted) and transform them into a sequence of cubic B-splines. Next, using this
representation and temporal data, we compute a set of features, which are then
fed to the pre-trained model. While the model training has been performed on a
server using the IAM-OnDB dataset [14], the inference runs on the mobile device
such that no sensitive user data is sent outside.

When the results of the handwriting recognition become available, they are
passed to the spellchecking service. We built it on top of the well-known Hunspell
package [15], which we compiled into a native library using Android NDK. If a
written word is not in the dictionary of known words, our service generates a list
of corrections, which will be shown to the user upon request (see Figure 1). To
seamlessly integrate the selected correction in the text, it should be converted to a
handwriting script that reflects the user’s style. We use the recurrent neural net-
work proposed by Graves et al. [12] to generate a handwritten version of the cor-
rect word for replacing the incorrect one. As a backbone we use the handwriting-
synthesis project3, which we reimplemented in TensorFlow Mobile. As outlined
by the authors, this model often fails in reliably generating handwritings for styles
that are not presented in the training data. Since retraining is very expensive, we
personalize the generation by selecting the most similar style from a set of 200
available styles. To compare them with the user’s style, we use the Mahalanobis
distance calculated on digital pen features by Rubine [16]. This way, SpellInk
substitutes the incorrect word with a generated instance of the selected correct
word that preserves the user’s writing style.

Next, we plan to study the usability of the proposed user interface and its
acceptance by users. Besides, we propose to investigate how user feedback can be
used to incrementally improve the underlying recognition and generation models.

2https://github.com/antemons/smart-manuscript
3https://github.com/sjvasquez/handwriting-synthesis

https://github.com/antemons/smart-manuscript
https://github.com/sjvasquez/handwriting-synthesis
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