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Latent Structured Perceptrons for Large-Scale
Learning with Hidden Information
Xu Sun, Takuya Matsuzaki, and Wenjie Li
Abstract—Many real-world data mining problems contain hidden information (e.g., unobservable latent dependencies). We propose a
perceptron-style method, latent structured perceptron, for fast discriminative learning of structured classification with hidden
information. We also give theoretical analysis and demonstrate good convergence properties of the proposed method. Our method
extends the perceptron algorithm for the learning task with hidden information, which can be hardly captured by traditional models. It
relies on Viterbi decoding over latent variables, combined with simple additive updates. We perform experiments on one synthetic data
set and two real-world structured classification tasks. Compared to conventional nonlatent models (e.g., conditional random fields,
structured perceptrons), our method is more accurate on real-world tasks. Compared to existing heavy probabilistic models of latent
variables (e.g., latent conditional random fields), our method lowers the training cost significantly (almost one order magnitude faster)
yet with comparable or even superior classification accuracy. In addition, experiments demonstrate that the proposed method has
good scalability on large-scale problems.
Index Terms—Structured perceptron, latent variable, hidden information, convergence analysis, large-scale learning
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INTRODUCTION

M

real-world data mining problems contain hidden
information, which is important for successful pattern
recognition in those tasks. For example, in human activity
recognition problems [1], [2], [3], the training data are
usually collected from different persons (because the data
collected from each individual are quite limited and sparse).
In this case, an important type of hidden information is the
person ID, because different persons usually have very
different activity patterns. If this kind of hidden information
(person ID) can be successfully modeled within the learning
process, it is expected to be helpful to the performance of
the learning system. There are also plenty of hidden
structure examples in other real-world tasks among
different areas [4], [5], [6], [7], [8], [9], [10]. For example,
in the syntactic parsing task for natural language processing, the hidden structures can be refined grammars that
are unobservable in the supervised training data [11]. In the
gesture recognition task of the computational vision area,
there are also hidden structures which are crucial for
successful gesture recognition [12].
In such cases, models that exploit latent variables are
advantageous in learning, as presented in [4], [5], [13], [11],
[6], [7], [10]. As a representative structured classification
ANY
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model with latent variables, the latent conditional random
fields (LCRFs) have become widely used for performing a
variety of tasks with hidden structures, e.g., vision recognition [5], and syntactic parsing [10], [11]. For example,
Morency et al. [5] demonstrated that LCRF models can learn
latent structures of vision recognition problems, and outperform several widely used conventional models, such as
support vector machines (SVMs), conditional random fields
(CRFs) and hidden Markov models (HMMs). Petrov and
Klein [11] and Petrov [10] reported on a syntactic parsing
task that LCRF models can learn more accurate grammars
than conventional nonlatent techniques.
Nevertheless, the current structured latent conditional
models (e.g., LCRFs) have very high computational cost.
Hence, they have difficulties in dealing with large-scale
problems. For example, experiments in [11] have highlighted both time and memory cost problems on training a
structured latent conditional model. They used eight CPUs
in parallel for three days to train the weighted grammars
with latent variables. Because of the time and memory
limitations, their solution fails to learn more complex
grammars. Furthermore, our experiments in a text mining
task confirmed that the training of LCRFs with a low
Markov order is already computationally expensive. On a
corpus of 20,000 sentences, our training of LCRFs took more
than six days for LCRFs.
On the other hand, the perceptron models [14], [15], [16]
have been shown to be competitive to the heavy learning
algorithms on structured classification tasks, as presented in
[17], [18]. The (structured) perceptrons have much lower
computational costs. However, there was no prior work and
it is unclear how to apply the perceptron algorithms for the
learning task with hidden information.
With those motivations, we propose a new method, latent
structured perceptron, for fast discriminative learning of
structured classification with hidden information. Our
target is threefold: First, the new method should be able
to outperform conventional nonlatent models when the
Published by the IEEE Computer Society
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data have hidden information. Second, the new method
should have a fundamentally faster training speed than
existing structured latent conditional models, so that it can
be applied to large-scale problems. Third, the new method
should be theoretically sound (e.g., to have good convergence properties). The major contributions of our research
are the following:
.

.

.

2

To our knowledge, this is the first study of latent
structured perceptrons. Compared with neural networks or multilayer perceptrons with hidden states,
the latent structured perceptron is fundamentally
different. First, the model definitions are different.
The latent structured perceptron is based on the
specific model definition of structured perceptron,
which was first proposed by Collins [17] in 2002.
Second, the functions of latent variables in latent
structured perceptron are completely different than
the hidden states in neural networks or multilayer
perceptrons. The latent variables in latent structured
perceptrons are for discriminatively modeling hidden structures, while the hidden states in neural
networks or multilayer perceptrons are for feeding
(forward or backward) activation functions. The
latent variables in latent structured perceptrons do
not use activation functions at all.
We will make theoretical analysis on the proposed
method. We will show that the latent structured
perceptron has sound convergence properties.
We will show that the proposed latent structured
perceptron outperforms a variety of strong baselines,
including structured perceptrons, CRFs, and LCRFs.
Compared to conventional nonlatent models, our
method is significantly more accurate on real-world
tasks. Compared to existing heavy latent conditional
models (e.g., LCRFs), our method lowers the training cost significantly (almost one order magnitude
faster) yet with comparable or even superior
classification accuracy. In addition, experiments
demonstrate that the proposed method has good
scalability on large-scale problems.

RELATED WORK

We will review two well-known structured classification
models, structured perceptrons and CRFs. We also introduce a representative latent conditional model for learning
hidden information, LCRFs. Other related work includes
SVMs with latent variables and the applications on object
detection, language modeling, and so on [19], [20], [21].
Compared with the work of Yu and Joachims [21], our
proposal is substantially different. The method in [21]
alternates between imputing the latent variables that best
explain the training sample and solving the structural SVM
optimization problem while treating the latent variables as
completely observed. In their setting, imputing the latent
variables is task dependent. While the method in [21]
requires task-specific engineering (inference algorithms) on
latent information, our method has no need for such taskspecific knowledge and engineering.

2.1 Structured Perceptrons
The structured perceptron is an extension of the standard
nonstructured perceptron to structured classification [17].
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Suppose the structured perceptron is parameterized by a
weight vector w , training a structured perceptron is
performed in a similar way of training the binary
classification perceptron. When reading through the instances of the training data, if the produced (classified)
label sequence yi for the observation sequence xi is
different from the gold-standard label sequence yi , the
structured perceptron then updates its weight vector w.
Assuming a feature function that maps a pair of observation sequence x and label sequence y to a feature vector f ,
the update is as follows:
wiþ1 ¼ wi þ f ðyyi ; x i Þ  f ðyy0i ; x i Þ;

ð1Þ

where y 0i is the incorrect label sequence predicted for this
observation sequence x i . To limit overfitting, averaged
perceptron is proposed, which performs parameter averaging on structured perceptrons.

2.2 CRFs
CRFs are popular models for structured classification [22].
The probability function is defined as follows [22], [23]:


exp w> f ðyy; x Þ

;
P ðyyjx
x; wÞ ¼ P
ð2Þ
>
y0 ; x Þ
8yy0 exp w f ðy
where w is a parameter vector.
Given a training set consisting of n labeled sequences,
ðx
xi ; yi Þ, for i ¼ 1 . . . n, parameter estimation is performed by
maximizing the objective function,
Lðw
wÞ ¼

n
X

log P ðyyi jx
xi ; w Þ  Rðw
wÞ:

ð3Þ

i¼1

The second term is a regularizer, typically an L2 norm. In
what follows, we denote the conditional log likelihood of
xi ; w Þ, as ‘ði; wÞ.
each sample, log P ðyyi jx

2.3 LCRFs
LCRFs are defined as [5], [11]:
X
4
P ðyyjh
h; x ; wÞP ðh
hjx
x; wÞ:
P ðyyjx
x; wÞ ¼
h

Each h is a latent variable in a set HðyÞ, possible latent
variables for the class label y, and Hðyi Þ \ Hðyj Þ ¼  if
yi 6¼ yj . H is defined as the set of all possible latent
variables; i.e., H ¼ [y2Y HðyÞ.
Assume that hðiÞ is the ith latent variable in the latent
variable sequence h. Since sequences that have any hðiÞ 62
h; x ; wÞ ¼ 0, the model
HðyðiÞ Þ will by definition have P ðyyjh
can be simplified as:
X
4
P ðh
hjx
x; w Þ:
ð4Þ
P ðyyjx
x; wÞ ¼
h 2Hðyð1Þ Þ...HðyðmÞ Þ

yðmÞ is the mth label in the label sequence. The formula
h 2 Hðyð1Þ Þ  . . .  HðyðmÞ Þ indicates that the latent labeling
h “belongs” to the labeling y, which can be more formally
defined as follows:
h 2 Hðyð1Þ Þ  . . .  HðyðmÞ Þ () hðiÞ 2HðyðiÞ Þ; i ¼ 1 . . . m:
P ðh
hjx
x; wÞ is defined by the usual CRF formulation, (2).
Given a training set consisting of n labeled sequences,
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ðx
xi ; y i Þ, for i ¼ 1 . . . n, parameter estimation is performed by
optimizing the objective function,
Lðw
wÞ ¼

n
X

log P ðyyi jx
xi ; wÞ  Rðw
wÞ:

i¼1

The second term is a regularizer.

3

PROPOSAL

3.1 Problem Definition
Following the examples given in Section 1, we give a more
formal definition of the problem. The task is to learn a
mapping between a sequence of observations x ¼ xð1Þ ;
xð2Þ ; . . . ; xðmÞ and a sequence of labels y ¼ yð1Þ ; yð2Þ ; . . . ; yðmÞ .
Each yðiÞ is a class label for the ith observation of an
observation sequence and is a member of a label set, Y. For
each sequence, we also assume a latent variable sequence,
h ¼ hð1Þ ; hð2Þ ; . . . ; hðmÞ , which is not observable. To keep the
training efficient, we restrict the model to have a disjointed
set of latent variables associated with each class label; Each
hi is a member of a set, Hðyi Þ, which represents the possible
latent variables for the class label yi . Note that the notation
hðiÞ means the latent variable on the ith position of h, while
hi means a specific latent variable in the set H.
As we have discussed, discriminative modeling of
hidden information are helpful for many real-world tasks.
Nevertheless, the most recent developments of latent
conditional models, LCRFs, face inefficiency problems on
large-scale learning. With this motivation, we propose a
novel model: latent structured perceptron. We will show that
the latent structured perceptron is an ideal solution for
large-scale learning with hidden information.
3.2 Maximized Estimation of Latent Structures
Since the hidden information (modeled by latent variables)
is unobservable, a proper method should be proposed for
learning the latent structures. We consider two natural
schemas for learning latent structures in structured perceptron settings: maximized or randomized latent structures.
Some prior work on machine translation studies also
adopted the intuition of maximized estimation, and with
different problem settings [24].
In the schema of maximized estimation of latent
structures, the score of a gold-standard label sequence,
F ðyy jx
x; wÞ, will be estimated by using the maximum score
of its latent sequence:
4

x; wÞ ¼
F ðyy jx

max

h :Projðh
hÞ¼yy

F ðh
hjx
x; wÞ;

ð5Þ

where Projðh
hÞ is the projection from a latent sequence h to
its label sequence y:
Projðh
hÞ ¼ y () hðiÞ 2HðyðiÞ Þ for i ¼ 1; . . . ; m;
and F ðh
hjx
x; wÞ is the score of a latent sequence:
X
½w
wk  f k ðh
h; x Þ;
F ðh
hjx
x; wÞ ¼ w  f ðh
h; xÞ ¼

ð6Þ

ð7Þ

k

h; x Þ,
where the kth value of the global feature vector, f k ðh
can be represented as a sum of the local edge features,
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tðhðj1Þ ; hðjÞ ; x 0 Þ, or local state features, sðhðjÞ ; x 0 Þ, in which x 0
represents the context, i.e., the local observations. It is
common (e.g., see [17]) for each feature to be an indicator
function. For example, one such feature might be
“sðhðjÞ ; x 0 Þ ¼ 1 (if current context x 0 is the word the) or 0
(otherwise).” In this paper, we also use indicator features.
The latent structured perceptron attempts to minimize
the difference between the score of the gold-standard latentlabeling (latent variable sequence) and the score of the
(model) predicted latent labeling, with the following update
formula:


 
wiþ1 ¼ wi þ f arg max F hjyyi ; xi ; w i ; x i
h
ð8Þ
 


xi ; w i ; x i ;
 f arg max F h jx
h

where argmaxh F ðh
hjyyi ; x i ; w i Þ is the optimal (Viterbi) latent
labeling of the gold-standard labeling yi ; i.e., the latent
sequence (conditioned on y ) with maximum score. The
hjx
xi ; wi Þ is the predicted (unconstrainted) Viterbi
argmaxh F ðh
latent labeling.

3.3 Randomized Estimation of Latent Structures
In the schema of randomized estimation of latent structures,
x; w Þ, will
the score of a gold-standard label sequence, F ðyy jx
be estimated by using the score of its randomized latent
labeling:
4

x; wÞ ¼ F ðh
h0 jx
x; w Þ;
F ðyy jx

ð9Þ

where h 0 is a randomly selected latent labeling from the
gold-standard labeling y  . In other words, let the set
S ¼ f8h
h; Projðh
hÞ ¼ y g, and h 0 2 S is randomly selected
from S.

3.4 Learning Model Parameters
First, to make a comparison, we review the training of LCRFs.
P
hjx
xÞ,
Fitting the LCRFs involves the normalizer, 8hh exp w ff ðh
and the summation over latent labelings for their correP
hjx
x; wÞ. Both of
sponding labeling,
h 2Hðyð1Þ Þ...HðyðmÞ Þ P ðh
them are computationally expensive. In addition, during
the training process, it requires computing the gradient of the
objective function, which is also computationally expensive.
Compared to LCRFs, training the latent structured
perceptron is much more efficient. It avoids computing
the normalizer, the summation operation and the gradients during optimization. The major cost of the latent
structured perceptron is from the computation of the
Viterbi latent labelings by using the Viterbi dynamic
programming algorithm.
The latent structured perceptron training algorithm is
shown in Fig. 1, with a comparison to the training of the
perceptron. In the algorithm, the projection from latent
sequence to label sequence is to check whether the weight
update is required for a sample. Since the weight update is
based on the latent structures, the freedom of latent
variables will not be reduced. In other words, the projection
from latent sequence to label sequence is only a signal for
weight updating, and the real operation of weight update is
based on latent structures from maximized estimation.
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margin  > 0 if there exists some vector U with kU
Uk ¼ 1
such that1
8i; 8yy0 2 Gðx
xi Þ; U  f ðyyi ; x i Þ  U  f ðyy0 ; x i Þ  :

ð10Þ

For the case of maximized estimation of latent structures,
a latently separable problem is defined as following:
Definition 2. Let Sðx
xi Þ signify all possible candidates of latent
sequence for an example x i ; let S  ðx
xi Þ ¼ fh
hjProjðh
hÞ ¼ y i g,
and Sðx
xi Þ ¼ Sðx
xi Þ  S  ðx
xi Þ. In other words, S  ðx
xi Þ represents the correct latent candidates for xi , and Sðx
xi Þ represents
the incorrect ones. Then, a training sequence ðx
xi ; yi Þ for i ¼
1 . . . d is latently separable with margin  > 0 if there exists
some vector U with kU
U k ¼ 1 such that
xi Þ; 8h
h0 2 Sðx
xi Þ;
8i; 9h
h 2 S  ðx
U  f ðh
h; x i Þ  U  f ðh
h0 ; xi Þ  :

Fig. 1. Traditional structured perceptron algorithm (upper one), and the
proposed latent structured perceptron algorithm (bottom one).

For simplicity, we only show the training based on the
schema of maximized estimations, because it is straightforward to adapt this algorithm to another schema with
randomized estimations. The parameters are initialized
randomly. Each training sample is decoded using the
current parameter settings. If the predicted latent labeling
(under the current parameters) is different from the Viterbi
latent labeling (conditioned on the gold-standard labeling),
then the parameter vector w is updated in a simple
additive fashion.

4

THEORETICAL ANALYSIS

We now give theoretical analysis regarding the convergence
of the latent structured perceptron. We will first analyze
the case of maximized estimation of latent structures, then
the case of randomized estimations. For both cases, we will
show that separable data will remain separable with a
bound. Moreover, after a finite number of updates, the latent
structured perceptron is guaranteed to converge to the
parameters with zero training error. Furthermore, as for
the data which are not separable, we will derive a bound on
the number of updates in the latent structured perceptron.

4.1 Maximized Estimation
To facilitate the discussion, we will refer to a problem as
separable with the following definition:
Definition 1. Let Gðx
xi Þ signify all possible label sequences for an
example x i ; Let Gðx
xi Þ ¼ Gðx
xi Þ  fyyi g. We will say that a

training sequence ðx
xi ; y i Þ for i ¼ 1 . . . d is separable with

ð11Þ

By using latent variables, a local state feature in the
perceptron, sðy; x 0 Þ, will be mapped into a new feature set,
fsðhi ; x 0 Þg for all possible hi 2 HðyÞ, with the dimension
mk ¼ jHðyÞj.2 Similar mapping can be also extended to
local edge features.3 Since a global feature vector consists
of local features, we use mk to denote the dimension
augmentation of the kth feature of the original feature
vector, f k ðyy; x Þ, then we get a vector m ¼ ðm1 ; . . . ; mn Þ so
that a global feature vector, f ðyy; x i Þ ¼ ð1 ; . . . ; n Þ, will be
mapped into a new feature vector with latent variables,
f ðh
h; x i Þ ¼ ð11 ; . . . ; 1m1 ; . . . ; n1 ; . . . ; nmn Þ.
Based on the mapping, it is straightforward to prove that
P k i
k ¼ m
i¼1 k for k ¼ 1 . . . n. Since mk is only related to jHðyÞj
for all possible y from f k ðyy; x Þ and HðyÞ is fixed before the
training, mk will be an integral constant. We then define
the latent feature mapping as the vector m ¼ ðm1 ; . . . ; mn Þ, and
we can state the following theorems:
Theorem 1. For any sequence of training examples ðx
xi ; yi Þ which
is separable with margin  by a vector U represented by
P
ð1 ; . . . ; n Þ with ni¼1 i 2 ¼ 1, the examples then will also be
latently separable with margin , and  is bounded below by
  :

ð12Þ

The proof is sketched in Section 9.
Theorem 2. For any sequence of training examples ðx
xi ; yi Þ which
is separable with margin , the number of mistakes of the latent
structured perceptron algorithm in Fig. 1 is bounded above by
number of mistakes  2M 2 =2 ;

ð13Þ

where M is the maximum 2-norm of an original feature vector,
i.e., M ¼ maxi;yy kff ðyy; x i Þk.
The proof is sketched in Section 9.
In the case of inseparable data, we need the following
definition:
qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
P 2
1. kU
U k is the 2-norm of U , i.e., kU
Uk ¼
k U k.
2. See Section 2 for HðyÞ; jsetj means the number of elements of the set.
3. The only difference for the mapping is that an edge feature consists of
more than one labels.
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Definition 3. Given a sequence ðx
xi ; yi Þ, for a U ,  pair, define

h; x i Þ  maxh 0 2Sðxxi Þ U  f ðh
h0 ; x i Þ. Then,
gi ¼ minh 2S ðxxi Þ U  f ðh
define DU ; as the least obtainable error:
"
DU ; ¼

d
X

T¼
:

ð14Þ

i¼1

We can further have the following theorem:
Theorem 3. For any training sequence ðx
xi ; y i Þ, the number of
mistakes made by the latent structured perceptron training
algorithm is bounded above by
pﬃﬃﬃ
2
ð15Þ
number of mistakes  minð 2M þ DU ; Þ2 = ;
U ;

where M is as before.
The proof can be adapted from Freund and Schapire [16]
and Collins [17].

4.2 Randomized Estimation
For randomized estimation of latent structures, a latently
separable problem is defined as following:
Definition 4. Let Sðx
xi Þ signify all possible candidates of latent
xi Þ ¼
sequence for an example x i , we then define S  ðx
xi Þ ¼ Sðx
xi Þ  S  ðx
xi Þ. Then, a
fh
hjProjðh
hÞ ¼ y i g, and Sðx
training sequence ðx
xi ; y i Þ for i ¼ 1 . . . d is latently separable
Uk ¼
with margin  > 0 if there exists some vector U with kU
1 such that
xi Þ; 8h
h0 2 Sðx
xi Þ;
8i; 8h
h 2 S  ðx
U  f ðh
h; x i Þ  U  f ðh
h0 ; x i Þ  :

ð16Þ

We can state the following theorems:
Theorem 4. Given the latent feature mapping m ¼ ðm1 ; . . . ;
xi ; y i Þ which is
mn Þ, for any sequence of training examples ðx
separable with margin  by a vector U represented by
P
ð1 ; . . . ; n Þ with ni¼1 i 2 ¼ 1, the examples then will also
be latently separable with margin , and  is bounded below by
  =T ;
where T ¼ ð

Pn

i¼1

P
P
that T ¼ ð ni¼1 mi i 2 Þ1=2 > ð ni¼1 i 2 Þ1=2 . In addition, it is
Pn
obvious that ð i¼1 i 2 Þ1=2 ¼ 1. Then,

#1=2
ðmaxf0;   gi gÞ2

2 1=2

mi i Þ

ð17Þ

.

The proof is sketched in Section 9.
Theorem 5. For any sequence of training examples ðx
xi ; y i Þ which
is separable with margin , the number of mistakes of the latent
structured perceptron algorithm in Fig. 1 is bounded above by
number of mistakes  2T 2 M 2 =2 ;

ð18Þ

where T is as before, and M is the maximum 2-norm of an
original feature vector, i.e., M ¼ maxi;yy kff ðyy; x i Þk.
The proof is sketched in Section 9.

4.3 Interpretations and Discussions
For both maximized and randomized estimations of latent
structures, we have shown that separable data will remain
separable with a bound:  and =T , respectively. We can see
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n
X

!1=2
mi i

2

> 1:

i¼1

Hence, the randomized estimation will have a worse
(smaller) lower bound. We conclude that the maximized
estimation has better theoretical properties in terms of latent
separability. With larger number of latent variables, mi in
the latent feature mapping (feature augmentation with latent
variables) will have larger values. It follows that T will have
a larger value. It follows that, with a larger number of latent
variables, the latent separability of the maximized estimation will have a more significant advantage (compared with
the randomized case).
Moreover, for both maximized/randomized cases, after
a finite number of updates, the latent structured perceptron
is guaranteed to converge to the parameter values with zero
training error. For the maximized and randomized cases,
the number of updates are bounded by 2M 2 =2 and
2T 2 M 2 =2 , respectively. Similar to the analysis of latent
separabilities, we can see that the number of updates of the
maximized case will be T times less than the one of the
randomized case. With a larger number of latent variables,
this advantage will be more significant.
Other than learning hidden information, it is possible
that the latent variables can have other functions to make
the problem more tractable. For example, one function of
latent variables is to improve the separable margin of
samples in practice. We have experimental observations
that some originally inseparable instances (with the
perceptron) became separable by adding latent variables.

5

A NEW TRAINING METHOD

In practice, there is a refinement to the algorithm in Fig. 1,
called a parameter averaging method, as discussed in the case
of averaged perceptrons. Define wq; i as the values of
parameters after the ith training example has been
processed in pass q over the training
P data. The averaged
parameters are then defined as  Q;d ¼ q¼1...Q; i¼1...d wq; i =dQ
[16], [25].
It is a natural idea to use this averaged training method
for latent structured perceptrons. However, we find this
averaged training can be further improved for the latent
structured perceptrons. Since the averaged parameters
have better quality (for classification accuracies) than
naive parameters, we have a question: Why not reinitiate
the naive parameters by using averaged parameters in the
training process? With this question, we consider updating the new parameters by using the averaged parameters.
We propose a parameter averaging with feedback (PAF)
algorithm for training the latent structured perceptrons:
Instead of using wq; start ¼ wq1; end , we reinitiate (feeding
back) the parameters of the new pass with the averaged
parameters in a “good timing.” We will show that a
reasonable feedback schedule is the key to make the latent
structured perceptron being robust and accurate.
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do the feedback, i.e., the length of each period should be
adjusted reasonably as the training goes on. For example, at
the early stage of the training, the w is highly noisy, so that
the feedback operation to w should be performed more
frequently. As the training goes on, less frequent feedback
operation would be better to adequately optimize the
parameters. In practice, we adopt a schedule of linearly
slowing-down feedback.
Fig. 2 shows the steps of the PAF. Here, we analyze the
averaged parameters produced by each period. We denote
wb;c;d as the model parameters after the dth sample is
processed in the cth pass of the bth period. Without making
any difference, we denote wb;c;d more simply as wb;cnþd
where n is the number of samples in a training data.
Similarly, we use gb;cnþd to denote rw ‘ðd; wÞ in the cth pass
of the bth period. Let wðbÞ be the averaged parameters
produced by the bth period. We can derive the explicit form
of wð1Þ :
X n  d þ 1 
ð1Þ
1;0
g1;d :
ð20Þ
w ¼w þ
n
d¼1...n

Fig. 2. The PAF training. In the steps, it has the gradient term rw ‘ðj; wÞ,
because the description is based on general stochastic learning
frameworks. For latent structured perceptron, we have 0/1 loss function,
and we can simply replace the gradient term with the additive update
h0j ; xj Þ. When h j equals to h 0j , this additive update
term f ðh
hj ; xj Þ  f ðh
term is 0.

5.1 PAF
The naive version of parameter averaging is inspired by the
averaged perceptron technique [17]. Let witerðcÞ;sampleðdÞ be
the parameters after the dth training example has been
processed in the cth pass over the training data. We define
the averaged parameters at the end of the pass c0 as:
P
iterðcÞ;sampleðdÞ
0 4
c¼1...c0 ; d¼1...n w
witerðc Þ ¼
:
ð19Þ
0
nc
It is noteworthy that the parameter averaging can be
performed on the fly as follows:
wt ¼

t  1 t1 1 t
w þ w;
t
t

where t is a count of the weight updates. Hence, there is no
need to store the previous weight vectors.
As we discussed, we want to further improve the
averaged training for latent structured perceptrons. A
potential problem of traditional parameter averaging is
that the model parameters w receive no information from
the averaged parameters: The model parameters w are
trained exactly the same like before (traditional parameter
averaging). w could be misleading as the training goes on.
To solve this problem, a natural idea is to reset w by using
the averaged parameters, which are more reliable. We
propose a refined version of parameter averaging by further
applying a “periodic feedback.”
We periodically reset the parameters w by using the
averaged parameters w. The interval between a feedback
operation and its previous operation is called a training
period or simply a period. It is important to decide when to

When the second period ends, the parameters are again
averaged over all previous model parameters, w 1;0 ; . . . ;
w1;n ; w2;0 ; . . . ; w 2;2n , and it has this form:
X n  d þ 1 
wð2Þ ¼ w1;0 þ
g1;d
n
d¼1...n
ð21Þ
X 2n  d þ 1 
2;d
:
g
þ
3n
d¼1...2n
Similarly, the averaged parameters produced by the bth
period can be expressed as follows:
"
#
X  in  d þ 1
X
ðbÞ
1;0
i;d
:
ð22Þ
w ¼w þ
g
niði þ 1Þ=2
i¼1...b d¼1...in
The derivation of (22) is sketched in Section 9. We will show
in experiments that this new training method is helpful for
training latent structured perceptrons. We will also show in
experiments that this new training method is convergent.

6

EXPERIMENTS: SYNTHETIC DATA

In this section, we use synthetic data to demonstrate that the
latent structured perceptron is able to address problems
containing hidden information, which cannot be solved by
conventional models.
The synthetic data sets are generated by an HMM model.
The labels are fy1 ; y2 g; the latent variables are fh1 ; h2 ; h3 ; h4 g,
with Hðy1 Þ ¼ fh1 ; h2 g and Hðy2 Þ ¼ fh3 ; h4 g; the observable
tokens are fx1 ; x2 g. We vary the significance of the hidden
information (dependencies among latent variables) to make
experimental comparisons among different methods. The
dependencies among latent variables are shown in Fig. 3. In
the figure, p represents the transition probability
P ðhðiþ1Þ jhðiÞ Þ. A large value of p indicates a strong dependency between the two latent variables hðiÞ and hðiþ1Þ (the
remaining probability mass 1  p is uniformly distributed to
the remaining transitions). The observations x1 and x2 are
generated with P ðxjhÞ. We set the observations to be weakly
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Fig. 3. Latent dependencies of the synthetic data, and the corresponding
label dependencies.

dependent. The artificial label sequences are observable as
oracle labelings during training but not observable during
test. The latent variable sequences are unobservable in both
training and test.
Modeling hidden information is important when this
data set has strong hidden information (a large value of p).
We illustrate this by using an example as follows: We
assume the extreme case of strong hidden information that
p ¼ 1, and the current observations is xðiÞ and its oracle
label is y1 with the oracle latent variable h1 . Then,
identifying the correct latent variable (i.e., h1 here) is
critical for the accuracy of the label sequence. If the system
incorrectly decide this latent variable as h2 , then it will
produce a labeling y1 ; y2 ; y2 ; y1 for the observations
xðiÞ ; xðiþ1Þ ; xðiþ2Þ ; xðiþ3Þ , because of the dependencies learned
from Fig. 3. If the system correctly decide this latent
variable as h1 , then it will produce a labeling y1 ; y1 ; y2 ; y2 ,
which is correct. We can see that the produced labelings
can be very different if the learned latent variable on the
current observation is different.
We vary the latent dependency probability p and
therefore generate a variety of synthetic data with weak
or strong hidden information. All the models employ
the same features: node features fxðiÞ g  fyðiÞ g with edge
features fyði1Þ yðiÞ g for conventional models, and node
features fxðiÞ g  fhðiÞ g with edge features fhði1Þ hðiÞ g for
latent structured perceptrons. We use the token accuracy to
measure the performance.
As can be seen in Fig. 4, the latent structured
perceptron outperforms conventional models like CRFs
and structured perceptrons, and the significance of
differences increase rapidly when the latent dependencies
are becoming significant.
In this experiment, LatPerc is the latent structured
perceptron with #LV ¼ 2 (i.e., setting two latent variables
for each label). More latent variables (e.g., #LV ¼ 4) are not
necessary in this task, because the latent dependencies are
simple in this data set. The training algorithm for LatPerc is
the PAF algorithm, because it achieves better performance
than other training algorithms (e.g., traditional parameter
averaging). In this experiment, Perc is the averaged
perceptron method, because it performs better than naive
perceptron methods. CRF is the CRFs with stochastic
gradient descent (SGD) training. It is well known that
SGD training can achieve as good accuracy as batch training
methods for CRFs, SVMs and neural networks [26], [27],
[28]. Moreover, the SGD training has much faster convergence speed than batch training methods.

7

EXPERIMENTS: ACTIVITY RECOGNITION

We use the ALKAN human activity recognition data set [29]
for experiments. In human activity recognition problems,
the training data are usually collected from different

Fig. 4. Accuracy curves of the latent structured perceptron (LatPerc),
structured perceptron (Perc) and CRFs on the synthetic data, when the
degree of hidden information p varies.

persons (because the data collected from each individual
is quite limited and sparse). In this case, an important type
of hidden information is the person ID, because different
persons usually have very different activity patterns. If this
kind of hidden information (person ID) can be successfully
modeled within the learning process, it is expected to be
helpful to the performance of the learning system.
Our extracted data set contains more than 15,000 sessions,
with about 500 temporal samples per session on average. The
data are collected by iPod accelerometers with the sampling
frequency of 20 Hz. A sample contains four values: time
stamp and triaxial signals. For example, {539.266(s), 0.091(g),
0:145(g), 1:051(g)}.4 There are six kinds of activity labels:
act-0 means “walking or running,” act-1 means “on an
elevator or escalator,” act-2 means “taking car or bus,” act-3
means “taking train,” act-4 means “up or down stairs,” and
act-5 means “standing or sitting.”
We randomly select 85 percent of samples for training,
5 percent samples for tuning hyperparameters, and the rest
10 percent samples for testing. The evaluation metric are
window accuracy (the number of correctly predicted
windows divided by the total number of windows). Other
evaluation metrics like precision and recall are not proper in
this task, because an activity segment is quite long (typically
contains thousands of time windows), and small difference
on the boundaries of segments can cause very different
precision and recall. On the other hand, the accuracy metric
is much more reliable in this scenario.

7.1 Experimental Settings
We have three traditional baselines and one latent-variable
baseline to compare with the proposed method. The three
traditional baselines include well-known structured classification models: perceptron (Perc-naive), averaged perceptron (Perc-avg), and CRFs. The latent-variable baseline is
the powerful and heavy model: LCRFs.
4. In the example, “g” is the acceleration rate of gravity.
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TABLE 2
Results in the Activity Recognition Task

where the mi is the mean value defined before. The
correlation feature is defined as follows:
A  B means a Cartesian product between two sets; i represents the
window index; hðiÞ is the latent variable (for latent models) or the label
(for nonlatent models).

For CRFs and LCRFs, we use SGD for their training. It is
well known that SGD training can achieve as good accuracy
as batch training methods [26], [27], [28], and with much
faster convergence speed. Our preliminary experiments
show that the batch training methods (e.g., limited-memory
BFGS) require more than 200 passes in the training, but the
final accuracy is almost the same like the SGD training in
50 passes. For CRFs and LCRFs, we vary the variance of the
L2 regularization from 0.1 to 100, and we found that  ¼ 1
worked well for both LCRFs and CRFs. For both the latent
structured perceptron and LCRFs, we vary the number of
latent variables per label from 2 to 5, and we will show their
accuracies and efficiency (in terms of training time).
Following prior work in activity recognition [1], [2], [3],
we use acceleration features, mean features, standard
deviation, energy, and correlation features. The features are
listed in Table 1. The relationship between single variables in
observation is captured by features based on combinations of
single variables. For example, the feature fragment sði1Þ sðiÞ
represents the combination of the previous observation
variable sði1Þ and the current observation variable sðiÞ .
Since the single-axis-based features on the three axes are
extracted in the same way, for simplicity, we only describe
the features on one axis. For multiaxis-based features, we
use 1, 2, and 3 to index/represent the three axes. Following
previous work [1], window-based features (mean, energy,
deviation, etc.) are extracted. We use exactly the same
feature set for all systems.
We denote the window index as i. The mean feature is
simply the averaged signal strength in a window:
Pjwj
mi ¼

k¼1 sk

jwj

;

where s1 ; s2 ; . . . are the signal magnitudes in a window. The
energy feature is defined as follows:
Pjwj
ei ¼

2
k¼1 sk

jwj

:

The deviation feature is defined as follows:
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
Pjwj
2
k¼1 ðsk  mi Þ
;
di ¼
jwj

c1;2;i ¼

covariance1;2;i
;
d1;i d2;i

where d1;i and d2;i are the deviation values on the ith
window of axes 1 and 2, respectively. The covariance1;2;i is
the covariance value between the ith windows of axes 1 and
2. We define correlation feature between other axis pairs in
the same manner.

7.2 Results and Discussion
The major results are summarized in Table 2. In the figure,
#passes is the number of training passes, which is
determined by empirical convergence (for Perc-avg, CRF,
LCRF, LatPerc-avg, and LatPerc-PAF). For the Perc-naive
and LatPerc-naive methods, which are nonconvergent, their
#passes are set as a large enough number, e.g., 50 (to make
the experimental information complete, we will also show
their detailed curves later).
As we can see, the proposed method, LatPerc-PAF,
significantly outperforms traditional baseline methods,
including structured perceptrons, averaged perceptrons,
and CRFs. In addition, the proposed LatPerc method has
much faster training speed than the CRF and LCRF
methods. This is because the LatPerc method has very
simple and efficient update schedule.
We perform experiments to compare the performance of
LatPerc-Max and LatPerc-Rand in real-world applications.
The results are shown in Fig. 5. As we can see, the maximized
estimation performs much better than the randomized
estimation in real-world applications, which confirms the
theoretical superiority of the maximized estimations of
hidden information.
Then, we compare the LatPerc (PAF training, maximized
estimation) with traditional baseline methods with more
details. The result curves are shown in Fig. 6. As we can see,
the LatPerc has stable performance across different number
of training passes (the curve has insignificant fluctuations).
The structured perceptron has the most drastic fluctuations,
because the parameter update is drastic and unstable in the
naive training. The LatPerc achieves consistently higher
accuracies than traditional baselines, because the activity
recognition data contain strong hidden information
(e.g., personal activity patterns).
We also compare the three training methods on LatPerc.
The result curves are shown in Fig. 7, with latent variables
varying from 2 to 5. As we can see, the proposed training
method, PAF, outperforms the naive training and the
averaged training. Overall, the LatPerc with #LV ¼ 3; 4; 5

SUN ET AL.: LATENT STRUCTURED PERCEPTRONS FOR LARGE-SCALE LEARNING WITH HIDDEN INFORMATION
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Fig. 7. Curves of the latent structured perceptron with three different
training methods: naive training, averaged training (avg), and the
proposed PAF training.

Fig. 8. The curves of the latent structured perceptron and the latent CRFs.

Fig. 6. The curves of the latent structured perceptron and baseline
methods.

has much better performance than the LatPerc with
#LV ¼ 2. This indicates that the hidden information in
activity recognition can be grouped into three or more
types. In this activity recognition data set, we find the naive
training with latent variables had more severe fluctuations
compared with the naive training without latent variables.
We also compare the LatPerc with a powerful and heavy
latent variable model, LCRFs. The result curves are shown in
Fig. 8. As we can see, interestingly, the LatPerc outperforms
the LCRFs as well. The LatPerc is also more stable in the
performance. The gap is smaller than the gaps between
LatPerc and traditional nonlatent models, which is expected,
because LCRFs can also effectively learn hidden information.
Finally, we show the training speed of the LatPerc and
the baseline methods. The training speed is compared in
terms of training time per pass. The results are shown in
Fig. 9. As we can see, the LatPerc is faster than CRFs and
LCRFs. Especially, the speedup of the LatPerc over the

Fig. 9. Training time of different methods.

LCRFs is very significant: LatPerc is almost one order
magnitude faster than LCRFs. Since both of the LatPerc and
LCRFs are latent variable models, we will more focus on
their comparison. The right panel in Fig. 9 shows the
training speed of LatPerc and LCRFs over different number
of latent variables. As we can see, the training time has a
roughly linear increase on the increase of latent variables.
The LatPerc has a less steep increase of training time when
increase the number of latent variables. This means that the
LatPerc has better scalability than LCRFs when increase the
number of latent variables.

8

EXPERIMENTS: TEXT MINING

A large amount of training data is available for the
BIONLP-2004 shared task on Biomedical Named Entity
Recognition (Bio-NER), which is appropriate for testing
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TABLE 3
Summary of the Bio-NER Data Set

TABLE 4
Features Used in Bio-NER
Fig. 10. Curves of the LatPerc with three different training methods in the
Bio-NER task.

wðiÞ is the current word, tðiÞ is the POS tag, oðiÞ is the orthography mode,
and hðiÞ is like before.

TABLE 5
Results in the Bio-NER Task

the scalability of the models. The Bio-NER task is for
recognizing five kinds of biomedical named-entities
(DNA, RNA, Protein, etc.) on the GENIA corpus [30].
For each type of biomedical named entity, there can be
subtypes of this entity. For example, there can be
subtypes of DNA and they can have different patterns.
Such subtypes can be treated as hidden information in
this task, and we expect modeling such hidden information will be helpful to this task. Typical approach to this
problem recasts it as a sequential labeling task with the
BIO encoding.
This data set consists of 20,546 training samples (from
2,000 MEDLINE article abstracts, with 472,006 tokens) and
4,260 test samples. From the training data, we choose
2,500 samples as development data set for tuning hyperparameters. The properties of the data are summarized in
Table 3. The evaluation metrics for this task [30] can be Fscore or accuracy. Since in experiments we find the F-score
and accuracy measures are always consistent with the
same tendencies, we use the accuracy measure for
simplicity and efficiency.
We use word features, POS features and orthography
features (prefix, uppercase/lowercase, etc.), as listed in
Table 4, and low frequency features are removed for
efficiency. The experimental settings of baselines and
hyperparameters are similar to those settings in the previous
task of human activity recognition. For simplicity, we do not
repeat the descriptions of experimental settings.

Fig. 11. LatPerc versus CRFs with different regularizers in the BioNER task.

Fig. 12. LatPerc versus LCRFs with different regularizers and number of
latent variables in the Bio-NER task.

8.1 Results and Discussion
The major experimental results are summarized in Table 5.
As we can see, like the previous task, the proposed LatPerc
method outperforms all of the baseline methods. In
addition, the proposed method has much faster training
speed than CRFs and LCRFs. An interesting difference
compared with the activity recognition task is that the LCRF
model works worse than CRFs and averaged perceptrons.
The major reason could be from the nonconvexity of the
objective function of the LCRFs. With a nonconvex objective
function, only local optimums can be achieved by optimizing the LCRF weights. It is probable that the LCRF model
did not find a good local optimum (a good local optimum
means a local optimum that is close to the global optimum).
Fig. 10 shows the curves of the LatPerc with different
training methods. As we can see, the proposed PAF training
method works the best. Fig. 11 shows the curves of the
LatPerc and the CRFs with different regularizers
( ¼ 1; 3; 5). We can see that the CRF model has the best
performance with  ¼ 1.
Fig. 12 shows the curves of the LatPerc and the LCRFs
with different regularizers and number of latent variables.
We try #LV ¼ 2; 3; 4; 5. For simplicity, we illustrate curves
with #LV ¼ 2; 4. As we can see, different from the activity
recognition task, the LatPerc works well on #LV ¼ 2.
Interestingly, the LatPerc works better on #LV ¼ 2 than
#LV ¼ 4. This indicates that increasing the number of
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According to the definition of latent separability in the
case of maximized latent structures, the examples of
ðx
xi ; yi Þ are latently separable with a margin that is lower
bounded by .
u
t
Proof of Theorem 2. Let wk be the parameters before the kth
mistake is made, and suppose it is made at the ith
example. Let h 0 be the output proposed at this example,
h; x i Þ  wk . Also, let
h 0 ¼ argmaxh 2Sðxxi Þ f ðh
h  ¼ argmax f ðh
h; x i Þ  w k :

Fig. 13. Comparing the training time of different methods in the BioNER task.

latent variables may not always bring better performance.
This is probably because increasing the number of latent
variables can potentially bring higher risk of overfitting and
data sparseness. Therefore, it is important to choose a
proper number of latent variables for a specific data set.
This can be done by using held-out data.
Finally, Fig. 13 shows the training time per pass of
different methods. As we can see, the proposed LatPerc has
faster training speed than CRFs and LCRFs. Especially, the
speedup of the LatPerc over the LCRFs is impressive. The
right panel of Fig. 13 shows the training speed of LatPerc
and LCRFs over different number of latent variables. As we
can see, like the previous task, the LatPerc has a less steep
increase of training time when increase the number of latent
variables. The flat curve of the LatPerc means that the
LatPerc has good scalability. On the other hand, the LCRFs
has weak scalability.

9

PROOFS AND DERIVATIONS

This section gives proofs of Theorem 1, 2, 4, and 5. We also
give the derivation of (22) here.
Proof of Theorem 1. By the definition of seperability of ,
we know that

h 2S  ðx
xi Þ

It follows from the algorithm that wkþ1 ¼ w k þ
h0 ; x i Þ. Then, by using Theorem 1, it is
f ðh
h ; x i Þ  f ðh
clear that
h ; x i Þ  U  f ðh
h0 ; x i Þ
U  wkþ1 ¼ U  wk þ U  f ðh
 U  wk þ :

It follows by induction on k that U  w kþ1  k for all k
(according to the initialization, kw
w1 k 0). In addition,
kþ1
kþ1
 kU
U k  kw
w k and kU
U k ¼ 1, it follows
because U  w
that
kw
wkþ1 k  k:

wk k2 þ kff ðh
h ; x i Þ  f ðh
h0 ; x i Þk2
kw
wkþ1 k2 ¼kw
þ 2  wk  ½ff ðh
h ; x i Þ  f ðh
h0 ; x i Þ:

ð26Þ

h ; x i Þ  f ðh
h0 ; x i Þ < 0 (because of the upSince wk  ½ff ðh

h0 ; x i Þ  0 (because of indidate rule) and f ðh
h ; x i Þ  f ðh
cator features), it follows that
wk k2 þ kff ðh
h ; x i Þ  f ðh
h0 ; x i Þk2
kw
wkþ1 k2  kw
 kw
wk k2 þ kff ðh
h ; x i Þk2 þ kff ðh
h0 ; x i Þk2
mj
mj
n X
n X
X
X
 k 2
j
¼ kw
wk k2 þ
ðjk Þ2 þ

Let f ðyyi ; x i Þ ¼ ðf1 ; f2 ; . . . ; fn Þ and let f ðyy00 ; x i Þ ¼ ðf10 ;
xi Þ so that
f20 ; . . . ; fn0 Þ, where y00 is an instance of y0 2 Gðx
it produces the maximum score of U  f ðyy0 ; x i Þ.
Given the latent feature mapping m ¼ ðm1 ; . . . ; mn Þ
and U 2 IRn represented by nonnegative Pvector
ð1 ; . . . ; n Þ, there exists a U 2 IRN with N ¼ ni¼1 mi
represented as follows:

j¼1 k¼1
k 2

 kw
w k þ
¼ kw
wk k2 þ

n
X

mj
X

j¼1
n
X

k¼1

!2
jk

ðj Þ2 þ

j¼1

j¼1 k¼1

þ

mj
n
X
X
j¼1

!2
jk

ð27Þ

k¼1

n
X
ðj Þ2
j¼1

 0 
¼ kw
wk k2 þ kff ðyyi ; x i Þk2 þ kff y h ; x i k2

mn
m1
m2
 zﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄ{
zﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄ{
zﬄﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄﬄ{ 
1 ; 0; . . . ; 0 ; 2 ; 0; . . . ; 0; . . . ; n ; 0; . . . ; 0 :

 kw
wk k2 þ 2M 2 :
Then, it follows that kw
wkþ1 k2  2kM 2 . Combining the
upper bound and lower bound, we have

0

Then, 8i; 8h
h 2 Sðx
xi Þ, there exists
mn
m1
m2
 zﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄ{
zﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄ{
zﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄ{ 
h ¼ f1 ; 0; . . . ; 0; f2 ; 0; . . . ; 0 ; . . . ; fn ; 0; . . . ; 0

k2 2  2kM 2 :
Then, we have k  2M 2 =2 .

u
t

Proof of Theorem 4. Given the latent feature mapping m ¼
ðm1 ; . . . ; mn Þ and U 2 IRn represented
P by ð1 ; . . . ; n Þ,
there exist a U 2 IRN with N ¼ ni¼1 mi represented
as follows:

and h 2 S  ðx
xi Þ, so that
U  f ðh
h; x i Þ  U  f ðh
h0 ; xi Þ
 U  f ðyy ; x i Þ  U  f ðyy00 ; x i Þ
 :

ð25Þ

On the other hand, we also derive an upper bound for
kw
wkþ1 k2 . First, we have

xi Þ; U  f ðyyi ; x i Þ  U  f ðyy0 ; x i Þ  :
8i; 8yy0 2 Gðx

h0 ; x i Þ
¼ U  f ðyy ; x i Þ  U  f ðh

ð24Þ

ð23Þ




mn
m1
m2
zﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄ{ zﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄ{
zﬄﬄﬄﬄﬄﬄﬄ}|ﬄﬄﬄﬄﬄﬄﬄ{
1 ; . . . ; 1 ; 2 ; . . . ; 2 ; . . . ; n ; . . . ; n :
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Then, 8i; 8h
h 2 S  ðx
xi Þ; 8h
h0 2 Sðx
xi Þ,
U  f ðh
h; x i Þ  U  f ðh
h0 ; x i Þ
h; x i Þ  f ðh
h0 ; x i Þ
¼ U ½ff ðh
" m
#
j
n
X
X
 k

k
j  j
¼
j
¼
¼

j¼1

k¼1

n
X

mj
X

j¼1
n
X

j

jk

k¼1



mj
X

!
jk

ð28Þ

k¼1

j ðj  j Þ

j¼1
0

¼ U ½ff ðyyi ; x i Þ  f ðyyh ; x i Þ
 ;
h; x i Þ is the kth feature value mapped from
where jk 2 f ðh
j 2 f ðyyi ; x i Þ by using latent variables; similarly, jk 2
0
0
f ðh
h0 ; x i Þ is mapped from j 2 f ðyyh ; x i Þ; y h is the label
sequence
from the latent sequence h0 . Let T ¼
Pprojected
n
2 1=2
kU
U k ¼ ð i¼1 mi i Þ , then it can be seen that the vector
U =kU
U k latently separates the data with margin =T .
u
t
Proof of Theorem 5. Let wk be the parameters before the kth
mistake is made, and suppose it is made at the ith
example. Let h 0 be the output proposed at this example,
h 0 ¼ argmaxh 2Sðxxi Þ f ðh
h; x i Þ  w k . Also, let
h; xi Þ  wk :
h  ¼ argmax f ðh
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Then, at the beginning of the second period, we initialize
the model parameters with averaged parameters:
wð1Þ . In the second period, the parameters are
w2;0
updated based on the synchronized parameters, with a
new decaying rate and the passes increased to 2. When the
second period ends, the parameters are again averaged over
all previous model parameters, w1;0 ; . . . ; w1;n ; w2;0 ; . . . ; w2;2n :
P
P
1;d
þ d¼1...2n w2;d
ð2Þ
d¼1...n w
w ¼
n þ 2n
P
ð1Þ
nw
w þ d¼1...2n w 2;d
¼
3n
P
nw
wð1Þ þ ½2nw
wð1Þ þ d¼1...2n ð2n  d þ 1Þgg2;d 
¼
3n
X n  d þ 1 
g1;d
¼ w1;0 þ
n
d¼1...n
X 2n  d þ 1 
g2;d :
þ
3n
d¼1...2n
In a similar way, it is straightforward to conclude that
"
#
X  ni  d þ 1 
X
ðbÞ
1;0
i;d
P
g
:
ð31Þ
w ¼w þ
n k¼1...i k
i¼1...b d¼1...ni
This completes the derivation.

10 CONCLUSIONS AND FUTURE WORK

h 2S  ðx
xi Þ

w1;1 ¼ w1;0 þ g1;1 ;

We proposed a perceptron-style method, latent structured
perceptron, for fast discriminative learning of structured
classification with hidden information. We gave theoretical
analysis and demonstrated good convergence properties of
the proposed method. We performed experiments on one
synthetic data set and two real-world structured classification tasks. Compared to conventional nonlatent models, our
method was significantly more accurate on real-world
tasks. Compared to existing heavy probabilistic models of
latent variables, our method lowered the training cost
significantly (almost one order magnitude faster) yet with
comparable or even superior classification accuracy. In
addition, experiments demonstrated that the proposed
method has good scalability on large-scale problems.
Although we focused on the sequential labeling tasks in
this paper, the theoretical framework and algorithm should
also be applicable to a wide variety of models beyond
linear-chain structures.

w1;2 ¼ w1;1 þ g1;2 ¼ w1;0 þ  ð1Þ g1;1 þ  ð1Þ g1;2 ;
...

ACKNOWLEDGMENTS

Then, in a similar way like the proof of Theorem 2, we
can derive that
kw
wkþ1 k  k=T :

ð29Þ

Again, in a similar way like the proof of Theorem 2,
we can derive an identical upper bound for kw
wkþ1 k2 :
kw
wkþ1 k2  kw
wk k2 þ 2M 2 :

ð30Þ

It follows that kw
wkþ1 k2  2kM 2 . Combining the upper
and lower bounds completes the proof.
u
t
Derivation of (22). We follow the denotations of wb;cnþd ,
g b;cnþd , and wðbÞ defined in Section 5. First, based on the
optimization procedure defined in Fig. 2, we analyze the
resulting parameters at the end of each period. For the first
period, the parameters after each update is as follows:

1;n

w

1;n1

¼w

1;0

¼w

1;n

þg

þg

1;1

1;2

þg

1;n

þ  þ g

:

At the end of the first period, the parameters are averaged
as follows:
P
w1;d
ð1Þ
w ¼ d¼1...n
n
X n  d þ 1 
1;0
¼w þ
g 1;d :
n
d¼1...n
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