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Abstract

Many structured prediction tasks are using (struc-
tured) perceptrons. In spite of the advantages, the
perceptron model unfortunately has relatively low
accuracy due to the lack of probability information.
To address this issue, we propose a novel proba-
bilistic extension of perceptrons, probPerc, which
decodes the n-best outputs, derives probabilities of
the candidates, and performs simple additive upda-
tes scaled by probabilities. The proposed method
on one hand keeps the key advantages of traditio-
nal perceptrons (fast learning and implementation
convenience), and on the other hand gains probabi-
lity information in learning, which leads to better
accuracy than existing methods. Experimental re-
sults show that the proposed method can achieve
state-of-the-art results on real-world natural lan-
guage processing (NLP) tasks, and at the same time
running as fast as perceptrons. To our knowledge,
this is the first probabilistic extension of percep-
trons.

1 Introduction
With the advantages of fast learning and implementation sim-
plicity, many structured prediction tasks are using structu-
red perceptrons [Collins, 2002] and their variations like mar-
gin infused relaxed algorithm (MIRA) [Crammer and Sin-
ger, 2003]. A major advantage of those methods is that in
their learning phase the gradient is not needed and the lear-
ning is done by simply decoding and comparing the promi-
sing output candidates with the oracle labellings, and then
update the model weights accordingly. By avoiding gra-
dient computation, those methods have fast speed compa-
red with gradient-based learning methods like conditional
random fields (CRF) [Lafferty et al., 2001; Le and Zuidema,
2014] and deep learning methods like recurrent neural net-
works (e.g., LSTM) [Hochreiter and Schmidhuber, 1997;
Graves et al., 2005].

Another advantage of perceptron family methods is that
they are very easy to implement. The major implementation is
simply decoding for the output candidates, and do the update
accordingly. This is much simpler than the implementation of
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Figure 1: An illustration of the proposed method.

gradient-based models, because the gradient is typically dif-
ficult to compute.

In spite of the advantages, the perceptron family methods
unfortunately have relatively low accuracy on structured pre-
diction due to the lack of probability information. Without
probability information, in perceptron learning the update is
conducted without weighting the confidence of the produced
candidates. Instead, each output candidate is treated exactly
the same in terms of the weighting in spite of the difference
of the confidence, and this is harmful to the prediction accu-
racy of the learned models.

To address the issue, we propose a novel probabilistic ex-
tension of (structured) perceptrons, called probabilistic per-
ceptron (probPerc), for structured NLP problems. The propo-
sed method does n-best decoding for the top-n output candi-
dates, derives probabilities based on the candidates, and per-
forms simple additive updates scaled by the derived proba-
bilities. An illustration of the proposed method is shown in
Figure 1.

The contributions of this work are as follows:
• To the best of our knowledge, this is the first probabi-

listic extension of perceptrons. The proposed probPerc
method has better accuracy than existing large margin
methods like perceptrons, MIRA, and even existing pro-
babilistic models like CRF and LSTM.
• The proposed method has fast training and testing speed,

which is almost as fast as traditional perceptrons. Com-
pared with existing probabilistic methods like CRF and



Algorithm 1 Probabilistic perceptron learning
1: definitions: yyy∗ is oracle labelling, FFF (yyy) is feature vector,

n is n-best decoding parameter, γ is learning rate
2: repeat
3: Draw a sample zzz = (xxx,yyy∗) from training set
4: Decode top-n outputs Yn = {yyy1, yyy2, · · · , yyyn}
5: Add yyy∗ to Yn if yyy∗ /∈ Yn (avoid ill-defined prob.)
6: for ∀yyyk ∈ Yn do
7: Pk ← P (yyyk|Yn) (derive prob. of outputs)
8: www ← www − γPkFFF (yyyk)
9: end for

10: www ← www + γFFF (yyy∗)
11: until Convergence
12: output: the (averaged) learned weights www

Algorithm 2 Conventional perceptron learning
1: repeat
2: Draw a sample zzz = (xxx,yyy∗) from training set
3: Decode top-1 output yyy1
4: if yyy1 ̸= yyy∗ then
5: www ← www −FFF (xxx,yyy1)
6: www ← www +FFF (xxx,yyy∗)
7: end if
8: until Convergence
9: output: the (averaged) learned weights www

LSTM, the probPerc is an order of magnitude faster.

• We give theoretical analysis to show that probPerc is
convergent in training.

2 Proposal
We first describe the proposed probabilistic perceptron algo-
rithm, then we discuss the implementation issues and the con-
vergence properties of the proposed method.

2.1 Probabilistic Perceptron
The proposed probabilistic perceptron method has the key

components as follows: top-n decoding, a scheme for calcu-
lating probabilities, and the additive update of weights based
on the derived probabilities. We introduce the technical de-
tails of those schemes as follows, and after that we summarize
the algorithm in a figure.

First, the proposed method draws a training sample zzz =
(xxx,yyy∗) at random from training set S, where yyy∗ represents an
annotated oracle output. Then, the proposed method decodes
for the top-n outputs:

Yn = {yyy1, yyy2, · · · , yyyn}
To avoid ill-defined probability in case that yyy∗ is not con-

tained in top-n decoding results, we add the oracle output yyy∗
to Yn if yyy∗ /∈ Yn. Our n-best decoding method is implemen-
ted following the idea of Liang and Chiang [2005], which can
perform very efficient top-n decoding on different structures
(e.g., linear chain and tree structures, see more detailed ana-
lysis of the efficiency at the experiment section).

Then, for every yyyk ∈ Yn, we compute the probabilities of
the candidate outputs with a log-linear function:

Pk , P (yyyk|Yn,xxx,www) ,
exp[wwwTFFF (xxx,yyyk)]∑

∀yyy∈Yn
exp[wwwTFFF (xxx,yyy)]

(1)

where www is the vector of the model weights, FFF (xxx,yyyk) is the
feature vector based on xxx and yyyk, and Yn is the n-best deco-
ding outputs defined before. With this definition, we can see
that

∑n
k=1 Pk = 1.

After that, the proposed method updates the weights with
a additive fashion scaled with the derived probabilities. For
every predicted output yyyk ∈ Yn, the weights are updated as
follows:

www ← www − γPkFFF (xxx,yyyk) (2)

As we can see, this is similar to the perceptron update, except
each update is scaled with a probabilistic confidence Pk and
smoothed with a learning rate γ. A typical choice of learning
rate is as follows [Collins et al., 2008]: γt = γ0

1+t/|S| , where
γ0 is a constant, t is the update counter, and S is like before.

On the other hand, for the oracle output yyy∗, the weights are
updated by

www ← www + γFFF (xxx,yyy∗) (3)

As we can see, this step is simply the conventional perceptron
update smoothed with a learning rate γ. There is no need to
use a probability scaler here, because the probabilistic confi-
dence can be seen as 1 here.

To sum up, the proposed learning algorithm is summari-
zed in Figure 1, where we simply use P (yyy|Yn) to denote
P (yyy|Yn,xxx,www), and F (xxx,yyy) to denote F (yyy). The conventio-
nal perceptron learning algorithm is shown in Figure 2 for
the convenience of comparisons.

As we can see, the proposed method is very simple to im-
plement. We only need to replace the 1-best decoding with
n-best decoding, which can be conveniently done following
Huang and Chiang [2005].

2.2 Implementation
N-Best Decoding
There are several methods to implement top-n decoding. One
solution is to use the A* search algorithm [Hart et al., 1968]
with an admissible heuristic function [Sun and Tsujii, 2009].
Another solution is to apply the n-best decoding idea of Hu-
ang and Chiang [2005], so that we can decode the top-n
outputs by dynamically building the successive candidate by
using the historical decoding information of the prior can-
didate. With this general purpose idea of incremental deco-
ding, the n-best decoding can be efficiently implemented for
no matter tree structures or linear chain structures [Huang and
Chiang, 2005].

Testing Stage
We do not use probability during testing stage. Simply using
1-best decoding (i.e., Viterbi decoding) will be fine for the
test data. Actually, many probabilistic models only use non-
probabilistic Viterbi-decoding for test, including CRF. It is a
similar case for probPerc.



Probability Function
We also tested other forms of probabilities, like compu-
ting the probability with a linear function and a polynomial
function. We find that the log-linear function works better
than the linear function and the polynomial function in mo-
deling the probability distribution. It is because log-linear
function leads to a probability distribution that is more con-
centrated on the top-n candidates, such that it fits the n-best
decoding scheme of the proposed method.

2.3 Theory Justifying the Algorithm
Here we analyze the theoretical properties of the proposed
probPerc, we show that it has as good theoretical properties
as traditional perceptrons.

Separable Data
At each time step, probabilistic perceptron draws a sample
(x, y∗), and search for the top-n outputs:

Yn = {yyy1, yyy2, yyy3, ..., yyyn} (4)

Recall that the update is as follows:

wwwi+1 = wwwi + γFFF (xxx,yyy∗)−
n∑

k=1

γPkFFF (xxx,yyyk) (5)

Here, Pk and FFF (xxx,yyyk) are the probability and feature vector
of the searched output yyyk, while wwwi is the parameter vector at
ith time step.

For the probPerc on separable data, we have the following
convergence theorem:
Theorem 1. For any sequence of training samples (xxxi, yyy

∗
i )

which is separable with margin δ:

UUU ·FFF (xxxi, yyy
∗
i )−UUU ·FFF (xxxi, yyyi) ≥ δ (6)

where UUU is an existing separation vector (because the data is
separable) satisfying ∥UUU∥ = 1, then the probabilistic percep-
tron has bounded number of updates before convergence:

t ≤ R2/δ2 (7)

where R has the same definition following Collins [2002]
such that ∥FFF (xxx,yyy∗)−FFF (xxx,yyyk)∥ ≤ R.

The proof is shown in Appendix. Theorem 1 shows that
probabilistic perceptron has bounded number of updates be-
fore convergence, and the number of updates is bounded by
t ≤ R2/δ2. It means that probabilistic perceptron has as good
convergence rate as traditional perceptron in separable cases.

Inseparable Data
For inseparable data, following the analysis of traditional per-
ceptron [Collins, 2002], we have the following theorem for
probabilistic perceptron:
Theorem 2. For a training set {(xxxi, yyy

∗
i )}mi=1, we define DUUU,δ

as a measure of how close UUU is to separate the data with
margin δ:

mi = UUU ·FFF (xxxi, yyy
∗
i )−max

yyy′
i

UUU ·FFF (xxxi, yyy
′
i) (8)

ϵi = max {0, δ −mi} (9)

DUUU,δ =

√√√√ m∑
i=1

ϵ2i (10)

then probabilistic perceptron has finite number of mistakes
for the first pass over the training set:

err ≤ min
UUU,δ

(R+DUUU,δ)
2

δ2
(11)

The proof is similar to that of traditional perceptron [Col-
lins, 2002]. Theorem 2 shows that the algorithm makes a
small number of mistakes for inseparable data, and the bound
is as good as traditional perceptron case.

3 Related Work
Among the existing structured learning methods, the most
close methods to the proposed one are conventional struc-
tured perceptrons [Collins, 2002], max-violation perceptrons
[Yu et al., 2013], and n-best MIRA [McDonald et al., 2005].

If we compare the proposed method with the conventional
structured perceptron [Collins, 2002], the conventional per-
ceptron can be seen as an extreme case of the proposed met-
hod with n = 1 (i.e., using top-1 decoding instead of top-n
decoding). The max-violation perceptron [Yu et al., 2013] is
an extension of the perceptron with max-violation updates.
The proposed method is also substantially different compa-
red with max-violation perceptrons because of the probability
estimations.

The MIRA algorithm has a variation of n-best MIRA
which also uses n-best decoding [Crammer and Singer, 2003].
Nevertheless, the proposed probabilistic perceptron is sub-
stantially different compared with n-best MIRA. The major
difference is that probabilistic perceptron has probability dis-
tribution of different outputs, and n-best MIRA treat different
outputs equally without probability difference. Another dif-
ference is that probabilistic perceptron does not use the “mi-
nimum change of weights” optimization criterion of MIRA
during weight update, which on the other hand is the core
algorithmic component in MIRA and n-best MIRA.

Appendix
Here we give a brief proof of the Theorem 1. The proof of
Theorem 2 is similar to that of structure perceptron [Collins,
2002].

Note that the probabilities of top-n outputs add up to 1:∑n
k=1 Pk = 1, Thus, Eq.5 can be rewritten as:

wwwi+1 = wwwi +

n∑
k=1

γPk(FFF (xxx,yyy∗)−FFF (xxx,yyyk)) (12)

Hence, it goes to:

UUU ·wwwi+1 = UUU ·wwwi +

n∑
k=1

γPkUUU · (FFF (xxx,yyy∗)−FFF (xxx,yyyk))

≥ UUU ·wwwi +

n∑
k=1

γPkδ

= UUU ·wwwi + γδ



Since the initial parameter www1 = 0, we will have that
UUU · wwwt+1 ≥ tγδ at tth time step. Because UUU · wwwt+1 ≤
∥UUU∥∥wwwt+1∥, we can see that

∥wwwt+1∥ ≥ tγδ (13)

On the other hand, ∥wwwi+1∥ can be written as:

∥wwwi+1∥2 = ∥wwwi∥2 + ∥
n∑

k=1

γPk(FFF (xxx,yyy∗)−FFF (xxx,yyyk))∥2

+ 2wwwi · (
n∑

k=1

γPk(FFF (xxx,yyy∗)−FFF (xxx,yyyk)))

≤ ∥wwwi∥2 + ∥
n∑

k=1

γPk(FFF (xxx,yyy∗)−FFF (xxx,yyyk))∥2

≤ ∥wwwi∥2 + γ2R2

The first inequality is based on the property of perceptron up-
date such that the incorrect score is always higher than the
correct score (the searched incorrect structure has the highest
score) when an update happens. Thus, it goes to:

∥wwwt+1∥2 ≤ tγ2R2 (14)

Combining Eq.13 and Eq.14, we have:

t2γ2δ2 ≤ ∥wwwt+1∥2 ≤ tγ2R2 (15)

Hence, we have:
t ≤ R2/δ2 (16)

⊓⊔
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