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rather than applying this biometric only in situations with
speciﬁc devices.
However, letter-level writer identiﬁcation is very challenging. This is because of the following two aspects. First, the
identiﬁable writing cues are implicitly provided, as compared
to the document-level or text-level problem setting. As compared to the document-level or text-level identiﬁcation that
consists of explicit cues about the language style information,
the letter-level writer identiﬁcation mainly implicitly contains
identity information in the writing style. Hence, it is much
challenging to extract the feature of implicit writing cues.
Second, the intra-class discrepancy could be very large, as a
certain writer may write a certain letter in different styles as
shown in Figure 4.
In consideration of these challenges, we propose a novel
deep model called Multi-Branch Encoding net (Mul-BEnc)
for the letter-level writer identiﬁcation problem. Considering
that identifying a writer with only a few letters requires rather
elaborate encoding, our model adopts a deep framework
which takes advantages from both the Recurrent Neural Network (RNN) and the Convolutional Neural Network (CNN)
to automatically learn an encoding feature. To address the
intra-class discrepancy problem, we propose a novel multibranch aggregated encoder with a maximum aggregation.
The multi-branch encoder encodes any letter by multiple
branches, and then aggregates the resulting encodings with
maximum aggregation. Such structure can handle the intraclass discrepancy better, as different intra classes are treated
in different branches that customize for the speciﬁc intra
class. Furthermore, we suppose that the writings of the
writers will be unreliable sometimes and some letters own
their speciﬁc characteristic, which is shown in Figure 7 and
Figure 6. So in order to enhance model’s robustness, we
propose a letter-speciﬁc aggregation to aggregate the letterspeciﬁc feature and increase the model’s stability.
To provide a benchmark for this novel problem and
evaluate our model, we collect a large Letter-stroke sequence
Writer identiﬁcation DataBase (LetWriterDB [11]). To our
best knowledge, this is the ﬁrst benchmark for the letter-level
writer identiﬁcation problem. It has over 30k samples from
over 90 persons. We show some samples from the database
in Figure 1.
Our main contributions are three-fold. (I) We propose
a novel and meaningful problem, i.e., letter-level writer

Abstract— Writer Identiﬁcation aims to identify a certain
writer from a given group of candidates by their handwriting. Although it is very signiﬁcant in security systems like
bank account veriﬁcation systems, existing works focus on
document-level or text-level writer identiﬁcation. This limits
their scalabilities and ﬂexibilities in realistic scenarios as they
require complete document or text. To facilitate the realistic
applications of writer identiﬁcation, we propose a novel technology, letter-level writer identiﬁcation, which requires only a few
letters as the identiﬁcation cue. It is challenging due to large
intra-class discrepancy and implicit identiﬁable writing cues.
Considering these challenges, we propose a novel deep model
called Multi-Branch Encoding net (Mul-BEnc). To evaluate our
model and provide a benchmark for this problem, we have
collected a large Letter-stroke sequence Writer identiﬁcation
DataBase (LetWriterDB). The experimental results validate the
effectiveness of our model.
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I. INTRODUCTION
Writer identiﬁcation aims to identify a certain writer from
a given group of candidates by their handwriting. It is
signiﬁcant in the ﬁeld of security systems, e.g., in criminal
justice systems and bank account veriﬁcation systems. It is
a supplementary approach for biometrics recognition especially when other devices are not available. The popularity of
electronic handwriting devices like smartphones promotes its
development and makes it more important and meaningful
in realistic scenarios.
In the literature of writer identiﬁcation, existing works
[7], [12], [16], [4], [19], [17], [22] focus on documentlevel or text-level problems. This limits their scalabilities
and ﬂexibilities in realistic applications as they require a
full document or text. To further facilitate the applications
of writer identiﬁcation, we propose the letter-level writer
identiﬁcation, which only requires a few letters for identiﬁcation. This problem setting is very meaningful in realistic
scenarios because it largely promotes the practicability of
writer identiﬁcation. For example, in a smartphone, writing
a few letters is much more applicable than writing a full
document. As such, it promotes the popularity of writer
identiﬁcation, so that we can leverage this reliable biometrics
for anyone with a touch-screen smartphone conveniently,
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crafted effort is also required. In [22], a handcrafted effort
is needed at data augmentation phase called DropSegment,
and data processing phase called path-signature feature maps.
In [23], handcrafted effort like random hybrid strokes is
required too.
Apparently, our model has some advantages compared to
the existing methods. (I) Models above depend on handcrafted feature and require some domains knowledge of
handwriting. In our model, no handcrafted effort and no
domain knowledge of handwriting is needed because our
model directly learns from raw data. (II) At letter level,
most existing models cannot achieve a high accuracy. The
accuracy decreases compared with text or document level. In
our model, the performance is remarkable at letter level. The
main reason is that both shallow models and deep models
do not consider difference of the same writer’s writing
styles. We exploit a novel architecture namely multi-branch
aggregated encoder to take such situation into consideration.
III. M ULTI -B RANCH E NCODING N ET

Fig. 1. Examples of LetWriterDB. LetWriterDB is the ﬁrst benchmark for
letter-level writer identiﬁcation.

The traditional handcrafted models of text-independent
writer identiﬁcation can achieve pretty high performance
at document level. Therefore we suppose that the hidden
discriminative information of different strokes or letters that
distinguishes the special writer can be extracted identically.
In other words, most useful information for identifying the
writer is independent of strokes’ types, as writers own their
special writing style independent of letters or words. Hence,
we extract the feature of different letters with the same
architecture, called multi-branch aggregated encoder.
However, when investigating the writing samples, we can
ﬁnd that the same writer writes the same letter differently,
shown in Figure 4. Obviously, such different writings should
be treated variously because of the various writing styles and
font types. Namely, the distribution of the same letter’s input
is multimodal and there is a large inter-class discrepancy.
Hence, in the multi-branch aggregated encoder, we use
unshared CNN-RNN (CRNN) encoders and a maximum
aggregation to ﬁt such multimodal function and learn a more
discriminative feature.
Furthermore, as shown in Figure 7 not all extracted feature
are reliable and as shown in Figure 6, it is signiﬁcant to
extract the letter-speciﬁc characteristic. Hence, to enlarge the
stability and extract the letter-speciﬁc feature, we propose a
letter-speciﬁc aggregation to aggregate the encodings of each
letter.

identiﬁcation, which aims to identify a writer by only a few
letters. This is signiﬁcant in the development and deployment
of writer identiﬁcation. (II) We propose a novel deep model
Mul-BEnc to address the letter-level writer identiﬁcation
problem. In our model, we propose a novel concept of multibranch aggregated encoder, where each branch is customized
for the speciﬁc writing style and propose a letter-speciﬁc
aggregation to enhance the robustness of our model. (III) We
provide a benchmark for the letter-level writer identiﬁcation
problem.
II. R ELATED W ORK
There is a large amount of literature on writer identiﬁcation dating back over 30 years and the accuracy of writer
identiﬁcation has achieved promising promotion in recent
years.
Conventionally, researches exploit sophisticated handcrafted feature to model the handwriting. For example, the
work [12] adopts a shape primitive approach, modeling the
handwriting with temporal sequences and shape codes, then
it classiﬁes the writers based on diffusion-function [13].
Some works [4], [16] extract a codebook by clustering, using
the code in the codebook to represent the handwriting. In [4],
the dimensionality of representing a document is reduced
through a trick of weighted summation of sparse code. Then
the document is modeled with tf-idf feature based on the
weights. Some works focus more on spatial characteristic
rather than the global one to represent the special writer’s
handwriting. In [7], point-based feature is extracted ﬁrst
and the document is described by super feature based on
the point-based feature above. All the works above achieve
promising performances on document-level writer identiﬁcation but they are still not satisfactory at text level. Although,
in the latest work, neural network has been successfully
applied for text-level writer identiﬁcation [22], [23], hand-

A. Model Architecture
The Mul-BEnc network takes six sequences of letters (a,
b, c, d, e, g) as input. The network ﬁrst processes each
letter with the same multi-branch aggregated encoder. In
the multi-branch aggregated encoder, the letter would be
encoded by several unshared CRNN encoders and the several
outputs of different CRNN encoders would be aggregated by
maximum aggregation as a feature map. Then the six feature
maps would be aggregated by the letter-speciﬁc aggregation
(max aggregation). Finally, the Fully Connect layer (FC)
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Fig. 2. The illustration of Mul-BEnc Architecture. The input consists of six sequences of letters (a, b, c, d, e, g). Each letter is encoded into a feature map
by multi-branch aggregated encoder. The multi-branch aggregated encoder is made up of several unshared CRNN encoders and the maximum aggregation,
which can compute the representative feature maps of each letter. Then the letter-speciﬁc aggregation (max) aggregates the six feature maps, which can
extract the letter-speciﬁc feature and increase the stability of the system. Finally, the Fully Connect layer (FC) takes the letter-speciﬁc aggregated feature
map as input and outputs the probability distribution of each writer.

takes the letter-speciﬁc aggregation as input and outputs the
probability distribution of each writer.
More detailedly, The multi-branch aggregated encoder is a
function fe : RT ×P → RT ×H , where T is the total timesteps of
the writing letter trajectory, P is the input dimension of each
timestep and H is the output dimension of each timestep. The
CRNN encoder is a function fb : RT ×P → RT ×H . In multibranch aggregated encoder, each letter would be encoded by
N CRNN encoders into N encodings (1).
[eb,1 , · · · , eb,N ] = [ fb,1 (X), · · · , fb,N (X)].

(1)
Fig. 3. The architecture of CRNN encoder, the substructure of multi-branch
aggregated encoder.

Then it combines the N branches with an aggregated
function fa that aggregates N CRNN encoded results (2).
ec = fe (X) = fa ([eb,1 , · · · , eb,N ]).

(2)

Finally, after encoding each input letter X into encoding
ec , the letter-speciﬁc aggregation in Mul-BEnc aggregates
all encodings of each letter [ec,1 , · · · , ec,L ] into a feature E,
where L is the number of letters. Then we feed the feature
into the classiﬁer. The classiﬁer distinguishes the writers
based on the predicted probability distribution. In short, the
Mul-BEnc architecture is shown Figure 2. In the following
subsection, we will introduce CRNN encoder, multi-branch
aggregated encoders and letter-speciﬁc aggregation in detail.

Fig. 4. The writer writes letter ’b’ differently. It shows that the intra-class
discrepancy is large.

effects and architecture of convolutional layer and LSTM
layer respectively.
1) Convolutional Layer Learns Higher Level Feature:
Intuitively and traditionally, in the researches of trajectory
recognition, the velocity, the accelerated velocity, the angular velocity and the accelerated angular velocity are often
aggregated together to generate a new feature [20], [14],
[12]. In the following description, we show that convolutional
layer can learn the features above. Firstly, we illustrate the
computation of convolutional layer and then explain that
the transformation from absolute position to the velocity

B. CRNN Encoder
As the architecture of combining recurrent neural networks
and convolutional neural networks achieved promising results both in computer vision as well as natural language
processing [3], [18]. So, we leverage the similar architecture
in the CRNN encoder, stacking the LSTM [9] layer upon
the convolutional layer, which is shown in Figure 3. We
use convolutional layer to extract the spatial information
from the strokes and apply LSTM unit to store the strokes’
global information.In the following, we will describe the
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has resemblances to the computation in the 1 dimensional
convolution.
Following the convolutional layer architecture in [6],
we give an example of a kernel computation output to
illustrate its resemblances to the velocity. We deﬁne O =
Conv1D(W, X), where O ∈ RT −S+1 , W ∈ RS×P , X ∈ RT ×P ,
T is the total timesteps of the sequence, P is the input
dimension of each timestep, S is the kernel size. The output
of Conv1D is (3).
S

P

ok = ∑ ∑ wi, j xi+k−1, j , k ∈ {1, · · · , T − S + 1}.

(3)

i=1 j=1

To compare the computation between the velocity and
Conv1D, we assume that P = 1, S = 2. The velocity computation is (4).
vt = 1 × xt+1,1 − 1 × xt,1 , t ∈ {1, 2, · · · , T − 1}.

(4)

If we let w1,1 = 1 and w2,1 = −1, then Conv1D (3) is the
same as the velocity (4). Similarly, if we let P = 1, S = 3,
w1,1 = 1, w2,1 = −2, w3,1 = 1 then Conv1D (3) is the same
as the accelerated velocity (5).
at = 1 × xt−1,1 − 2 × xt,1 + 1 × xt+1,1 .

(5)

Namely, the model capacity of convolutional layer is
larger.
The analysis above is the reason why we apply convolutional layer to extract higher level feature rather than
leveraging the handcrafted feature or raw data feeding the
LSTM layer. Besides, when identifying a writers, the convolutional computation is good at extracting partial feature
which provides a lot of discriminative information.
2) LSTM: Recurrent neural network has been extensively
used and achieved remarkable result in the area of processing
sequences.
One of the popular variation of recurrent neural network
is LSTM. One of the advantages of LSTM is that it can store
long-distance history information, handling the information
based on the state. In our work, we leverage all outputs of
each timestep to extract global distinguished information.
Following the LSTM unit in [9], we deﬁne a function
[st , yt ] = LST M(xt , st−1 , yt−1 ) (6).
T

T
ft = σ (Wf · [yt−1
, xtT ] + b f ),
T

T
, xtT ] + bi ),
it = σ (Wi · [yt−1
T

T
, xtT ] + bs ,
s˜t = Ws · [yt−1
st = ft ∗ st−1 + it ∗ σ (s˜t ),

(6)

T

T
, xtT ] + bo ),
ot = σ (Wo · [yt−1
yt = ot  tanh(st ).

Where W∗ ∈ RH×(H+K) and b∗ ∈ RH . K is the kernel
number in the convolutional layer. In speciﬁc time step t,
xt ∈ RK is the input, st ∈ RH is cell state, yt ∈ RH is the unit

output, ft is the output of unit forget gate, it is the output of
unit input gate and ot is the output of unit output gate. σ is
the sigmoid function,  means element-wise product.
Single direction recurrent network suffers a weakness of
not taking advantage of future information. Bidirectional
recurrent network [15] utilizes both the previous and future
feature by processing the sequence on two directions, and
then concatenates the two independent sequences, i.e., yt =
→
−
yt ||←
y−t . As a result, we use bidirectional LST M (biLSTM).
Finally, we concatenate the output of each time step, gener−
→
y1 , · · · , −
yT , ←
y−1 , · · · , ←
y−
ating the encoding ec = [→
T ].
C. Multi-Branch Aggregated Encoder
We propose a novel idea of modeling handwriting, namely
multi-branch aggregated encoder. There are two components in the multi-branch aggregated encoder, the multiple
branches of CRNN encoder and the maximum aggregation.
In the following description, we will introduce the multiple
branches of CRNN encoder and the maximum aggregation
respectively.
1) Multi-branch CRNN Encoders: In reality, a writer can
write the same letter differently. For example, the writer
would write the letter sometime squiggly and sometime very
formally, or the writer would write the letter with different
font types (e.g. sometime cursive type and sometime italic
type). Figure 4 shows the different writing styles of the
same writer. In brief, it needs various encoders to handle
various situations as the large intra-class discrepancy. Hence,
treating the different situations with multi-branch encoder
can alleviate the inﬂuence of the diversity of different writing
styles. The unshared CRNN encoders own their weights
respectively. The different branches of CRNN encoder are
customized for different writing styles.
2) Maximum Aggregation: As analyzing at the beginning
of section III, each letter would be encoded through N
branches of CRNN encoder (1) and would be aggregated
in the shared multi-branch aggregated encoder by fa (2). We
describe the aggregated function following.
The same letter has been encoded by N branches in order
to alleviate the inﬂuence of the diversity of different writing
styles. Furthermore, it is signiﬁcant to ﬁnd an effective way
to aggregate the encodings. It can represents the writing
better. Inspired by aggregation in [21] and maxout activation
in [8], we aggregate the [eb,1 , · · · , eb,N ] with a maximum
function. As our problem is a multimodal problem, the inputs

Fig. 7. Letter ’a’ and ’d’ share the similar writing at the tail of stroke
(surrounding by red circle), but currently the writer writes letter ’d’ squiggly
so that the special characteristic of letter ’d’ may be unreliable.

suppose that not all characteristics in the feature maps are
reliable. For example in intuition, both letter ’a’ and ’d’ share
the similar writing at the tail of stroke, but which is shown in
Figure 7 (surrounding by red circle) is that the writer writes
the tail of letter ’d’ squiggly. In other words, the characteristic
of the stroke’s tail of letter ’d’ is unreliable currently. It is
probably unstable to fuse the stroke’s tail characteristic of
such writing of letter ’d’. Therefore, if letter ’a’ and letter
’d’ stroke’s tail characteristic is corresponding to the speciﬁc
position of the feature maps, we greedily select largest one
among the L feature maps as it is the most reliable. In brief,
larger the value is, more reliable the characteristic is. Hence
the maximum can extract the most informative and reliable
value in the speciﬁc position that contributes most to identify
the writer and increase the model’s stability by ﬁltering the
less reliable or unreliable response.
In brief, we fuse the [ec,1 , · · · , ec,L ] into E with a maximum
function (8).

Fig. 5. Figure shows the trained results of networks with a few parameters.
The network f1 contains 2 hidden layers, 4 hidden units in each layer. The
network f2 is the maximum network of two sub dense networks. Each
subnetwork contains 2 hidden layers, 2 hidden units each layer. Apparently,
maximum network performs better.

Fig. 6. Letter ’g’ owns the speciﬁc characteristic different from other
letters (surrounding by red circle). The stroke’s tail writing from bottom
left to upper right only appears in letter ’g’. But the stroke’s tail writing
from upper left to bottom right appears in both letter ’a’ and letter ’d’.

Ei, j =
maximum network performs better.
In short, we adopt the maximum aggregation for
[eb,1 , · · · , eb,N ] (7).
fa (x) = maximum([ fb,1 (X), · · · , fb,N (X)]).

max ec,l,i, j .

(8)

l∈{1,··· ,L}

Then we feed the output into a fully connect layer followed
by a logistic regression layer with softmax activation to
predict the probability of each writer.

(7)

IV. L ET W RITER DB DATABASE

D. Letter-Speciﬁc Aggregation

A. Comparison with Other Databases

There are two effects of letter-speciﬁc aggregation, (I)
extracting letter-speciﬁc characteristics and (II) increasing
the stability of the model. The maximum function can
achieve both effects. In the following description, we will
explain the details of the effects above and how the maximum
function achieves the both effects.
(I) Some letters own speciﬁc characteristic as shown in
Figure 6. In the multi-branch aggregated encoder, all strokes
are encoded in an identical way. So the same place of different letter’s feature maps absolutely shares the same meaning.
It means that the speciﬁc characteristic is corresponding to
the speciﬁc position in the feature maps. The value of such
position should be much larger than others if the letter owns
the speciﬁc characteristic while other letters not. Apparently,
the maximum function can extract such characteristic among
the feature maps.
(II) Besides extracting the letter-speciﬁc characteristics,
maximum function can increase the model’s stability. We

In our model, we need the labels’ of letters, but it lacks
database to investigate. Though there are many databases
like [5], [1], [10] can be applied to identify the writers,
these databases are usually applied to text-level or documentlevel writer identiﬁcation. It is not suitable for letter-level
type
person#
letter#

a
91
5977

b
85
5050

c
83
4962

d
81
4700

e
77
4682

g
77
4723

TABLE I
S TATISTICS OF L ET W RITER DB

training set
test set

letter#
20687
8867

person#
60
60

TABLE II
T HE SPLIT OF TRAINING SET AND TEST SET
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total
91
30094

writer identiﬁcation. These databases only give some labels
for types of texts or documents but lack the labels of letter’s
types, while the labels of letter’s types are signiﬁcant in the
challenge. Furthermore, it is a challenging work to label the
letters as most ligatured words exist in the existing databases.

Point Based [7]
Histogram Based [4]
DeepWriterID [22]
DeepRNN Based [23]
Ours

LetWriterDB
19.97%
11.23%
35.19%(±0.1%)
7.53%(±0.1%)
0.29%(±0.1%)

IAM
67.99%
55.96%
49.35%(±0.1%)
7.83%(±0.1%)
2.97%(±0.1%)

TABLE III

B. Details of the Database

C OMPARISON WITH OTHER S TATE - OF - THE -A RT M ETHODS ON
L ET W RITER DB AND IAM DATABASE .

Therefore, to solve the challenge, we propose a large letterstroke sequences writer identiﬁcation database, LetWriterDB. Some examples of LetWriterDB are shown in Figure
1. LetWriterDB contains a large number of online letters
collecting from smartphones, where online means the handwriting are described by sequence. We sample the online
handwriting in mobile phones by a website, which is very
convenient for writers to offer their handwriting. While
collecting the online handwriting, we choose the types of
letters which can be written in just only one stroke. The
writers are asked to write six letters (a, b, c, d, e, g)
respectively. The reason of choosing the single-stroke letters
is following. The problem that we study is identifying writers
by requiring them to write several pre-speciﬁed letters. For
convenience, the number of letters and strokes should be as
few as possible. Table I shows some statistics of our database.

Average
Weighted Sum
Maximum

Top-1 Test Error
0.66%(±0.1%)
0.73%(±0.1%)
0.29%(±0.1%)

TABLE IV
E FFECT OF AGGREGATION IN M ULTI -B RANCH AGGREGATED E NCODER

c) DeepWriterID [22]: The paper propose a data augmentation method called DropSegment. The letter’s online
path is extracted into a path-signature [2] feature maps. Then
the feature maps are fed into convolutional neural network.
d) DeepRNN Based [23]: The paper propose a simple
RHS data augmentation method. The letter’s online path is
fed into bidirectional recurrent neural network.
The top-1 test errors on different baselines are shown in
Table III.
1) Comparison with Hand-crafted Models: The performance of our model is better than traditional hand-crafted
feature-based models. It illustrates that in the aspect of writer
identiﬁcation, especially at letter level, feature engineering
is not guaranteed to be an optimal solution. In other words,
our model with deep-learning-based method can learn more
discriminative feature from several letters and such method
is more suitable for the problem we proposed. More appealingly, our model directly learns from raw data and extracts
better representation of handwriting, which requires little
domain knowledge of handwriting.
2) Comparison with Other Deep Models: Our model
outperforms the other deep models as we propose some novel
structures in our model. We take the intra-class discrepancy
into consideration by multi-branch aggregated encoder while
other deep models not. Besides, we aggregate the letter’s
feature maps by letter-speciﬁc aggregation while others only
combine the results of probability distributions.

C. Evaluate Protocol
We randomly split the data into training set and test set
with the ratio 2:1 which is shown in Table II. We choose the
writers whose letter’s number is in the top 60. The reason
is that only the top-60 writers providing all required letters
are used, while the remaining writers lacking letters (e.g. e,
g) are invalid under our setting. We offer the other samples
as they can be applied in other situation like when we only
ask the writer to offer a, b, and c letters.
V. E XPERIMENTS
To evaluate the effectiveness of our model, we do some
experiments on the LetWriterDB and IAM [10]. We modiﬁed
IAM for letter-level writer identiﬁcation by selecting six
kinds of letters from texts, including both single-stroke letters
(e, h, y) and multi-stroke letters (f, i, t). There are 90 writers
in the IAM database after our modiﬁcation.
A. Compared with State-of-the-Art Methods
We compare our model with other state-of-the-art methods
including two shallow models and two deep models.
a) Point Based [7]: The shallow model describes the
stroke directly using N point-based feature like writing
direction angle and curvature angle. Besides the partial
information, a little global information from whole stroke
is extracted too, like stroke speed and word-based feature.
b) Histogram Based [4]: In the model, the document
is modeled with a weighted summation of K cardinalities
of sparse coding. The sparse coding are learned from the
all training strokes from the whole database. After then a
tf-idf feature is extracted, using the weights information.
In addition, each extracted stroke in [4] is described by
histograms.

B. Effects of Different Components in Mul-BEnc
The following evaluations of effects of different components in Mul-BEnc are based on LetwriterDB.
1) Effect of Aggregation in Multi-Branch Aggregated Encoder: To evaluate the effect of the maximum aggregation in
multi-branch aggregated encoder, we replace the maximum
aggregation with other conventional functions. In Table IV,
it is shown that maximum aggregation achieves the best
performance. This shows that by applying the maximum
aggregation, the multi-branch aggregated encoder can learn
better representation.
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Average
Weighted Sum
Maximum

Top-1 Test Error
0.37%(±0.1%)
0.82%(±0.1%)
0.29%(±0.1%)

TABLE V
E FFECT OF L ETTER -S PECIFIC AGGREGATION

N=1
N=2
N=3

RNN
0.89(±0.1%)
0.66(±0.1%)
0.53%(±0.1%)

RNN stacks on CNN
0.79%(±0.1%)
0.49%(±0.1%)
0.29%(±0.1%)

TABLE VI
T HE E FFECT OF CRNN

Fig. 8.

2) Effect of Letter-Speciﬁc Aggregation: To evaluate the
effect of the maximum aggregation in letter-speciﬁc aggregation, we also replace the maximum function with other
conventional functions. In Table V, it is shown that maximum
aggregation achieves the best performance too.
3) Effect of Branch Number N: For evaluating the exact
impact of branches of CRNN encoders, we compare the
performance of our model with various N. In Figure 8, it
is shown that the model with a single CRNN encoder gains
much higher error rate. It is likely that the representation
of different writing styles should be customized by different
branches. However, as the different written styles of the same
letter is ﬁnite, applying overmuch branches cannot gain better
performance. Adversely, such complex networks may be hard
to be trained as shown by model N = 5 and N = 6. To be
speciﬁc, the similar test errors between N = 3 and N = 4
show that when the number of branches is enough, larger N
cannot achieve better performance, while the network may
be hard to train.
4) Effect of Convolutional Layer: We evaluate the effect
of higher level extraction learned by convolutional layer by
comparing the performance of Mul-BEnc and Mul-BEnc (no
CNN). In Table VI, errors decrease by employing convolutional layer before recurrent neural network. It is evident that
feeding higher level feature into recurrent neural network can
achieve better performance.

Performances of Various Branch Number N.

letter type#
mean top-1 accuracy

6
99.71%

5
99.51%

4
98.75%

3
98.23%

TABLE VII
M EAN T OP -1 ACCURACIES OF C OMBINING D IFFERENT L ETTER ’ S
TYPES

VI. C ONCLUSION
The meaningful problem we address, letter-level writer
identiﬁcation, aims to identify a writer by only several letters
he/she writes. There are two main challenges, the intra-class
discrepancy and implicit identiﬁable writing cues. To solve
these challenges, we provide a benchmark LetWriterDB as
the inceptive work and propose a state-of-the-art model
called Mul-BEnc with accuracy 99.71% on the LetWriterDB.
In Mul-Enc, not only do we propose a novel multi-branch
aggregated encoder to alleviate the inﬂuence of large intraclass discrepancy but also propose letter-speciﬁc aggregation
to aggregate the letter-speciﬁc characteristic and increase the
model’s stability, enhancing the robustness. At last, we show
that our model is useful in reality as the performance does
not decrease a lot with fewer letters.
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Recalled the motivation of our work, we wish to make
the writer identiﬁcation easier to be deployed. In our model,
we can further cut down number of letter’s types while
maintaining the performance. To evaluate the performance
of our model at the situation of fewer letters, we randomly
abandon one to three letter’s types and train the model
again. We repeat the same situation six times. For example,
for the situation of abandoning one letter’s type, we do
six experiments without letter ’a’, ’b’, ’c’, ’d’, ’e’ and ’g’
respectively. Table VII shows the mean top-1 accuracy of
various number of letter’s types. Such results are competitive
among the state-of-the-art methods. In short, with fewer
letters, our model can still identify writers with remarkable
performance. The practicability of the model is high.
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