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Abstract

This paper proposes a novel multiclass classification
method and exhibits its advantage in the domain of text cat-
egorization with a large label space and, most importantly,
when some of the labels were not observed in the training
data. The key insight is the introduction of intermediate as-
pect variables that encode properties of the labels. Aspect
variables serve as a joint representation for observed and
unobserved labels. This way the classification problem can
be viewed as a structure learning problem with natural con-
straints on assignments to the aspect variables. We solve the
problem as a constrained optimization problem over multi-
ple learners and show significant improvement in classify-
ing short sentences into a large label space of categories,
including previously unobserved categories.

1. Introduction

Text Categorization is an archetypical example for multi-
class classification and has many applications, ranging from
spam filtering to E-mail classification to sentiment analysis.
Our interest is in the case where the text documents are quite
short, typically only a short text snippet of 3-10 words, and
the number of possible categories is quite large, at least a
few hundreds. In addition, unlike traditional text classifi-
cation where each label is only one simple phrase such as
shopping, we consider the case in which each of the cate-
gories is more expressive, i.e., represented as a short sen-
tence such as find the nearest supermarket.

One case where this situation is important is in the do-
main of categorizing free text or spoken commands into op-
erating commands to devices, e.g., as a way to control de-
vices in a car. Moreover, in such applications, it is often
the case that new labels are introduced, with minimal or no
training data. The new labels may be variations of exist-
ing labels—the system may be familiar with labels such as
“turn on the radio” and “turn off the cd player” and is now
requested to categorize also into a new label “turn off the
GPS”. Traditional text categorization techniques do not do

well when the “document” is very short, and even worse
when the number of labels is very large. And, there is
no principled solution to the problem of dealing with new,
previously unobserved labels, beyond re-training the classi-
fiers. Moreover, category labels are only treated as mutually
exclusive flat symbols without any structure.

In this paper we introduce a new method for multiclass
classification of text documents that addresses all these is-
sues. Specifically, it handles well the case of a very large
number of labels and, most significantly, it can robustly
categorize text snippets into previously unobserved labels
which traditional methods cannot deal with at all. Our
model, Multi-Aspect Multiclass Classification (MAMuC),
introduces a set of intermediate aspect variables, each rep-
resenting a property of the data and its associated labels.
Rather than training a multiclass classifier to predict a label,
we train a structured classifier, that learns to assign values to
the aspect variables. This allows us to enforce natural con-
straints (hard and soft) among aspect variables—e.g, if an
aspect takes the value “turn”, it is unlikely that another as-
pect will take the value “restaurant”, and it is likely that one
will take either the value ‘on’ or ‘off’. We define an objec-
tive function that scores assignments to the aspect variables;
we then predict a category by choosing the one that maxi-
mizes the score of the assignment to the aspect variables,
subject to the constraints. This view constitutes a reformu-
lation of the original classification problem as a structured
learning problem. We consider two training paradigms of
the aspect variables. In one, we train individual models for
aspect variables, and then predict a category label by com-
bining the aspect models’ predictions and weights via a con-
strained optimization framework, subject to the constraints.
In the other, we train a joint model for the aspect variables,
taking into account the constraints during training.

The key novelty in our model is that the variables dictat-
ing the decision are not explicit in the problem definition,
but rather introduced as an intermediate level in order to ex-
ploit hidden structure of the category labels. As we show,
our scheme allows us to significantly improve over tradi-
tional state-of-the-art multiclass classification. More signif-
icantly, one of the key advantages this model provides is
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the ability to handle the case of new, previously unobserved
labels. While existing multiclass classification cannot deal
with unobserved labels, our method can predict aspects of
the data. Since aspects are chosen to provide a representa-
tion of the label space, predicting the aspect allows us to ap-
proximate and often predict a label that was never observed
in the training data by determining some of its aspects. In
our application, where each label is a short sentence, a par-
tial prediction of the label is useful, since it can trigger in-
teraction to clarify its exact value.

2. Related Work

Multiclass classification is a central problem in machine
learning. Existing literature on MCC assumes the inde-
pendence of the output labels. With the exception of some
work on MCC with hierarchies [8], this paper is the first
to explore the latent structure of the output labels, and to
formulate MCC as a structured learning problem. While
there has been a lot of work on structured output learning
in the last few years [5, 11, 17, 18, 15], we are unaware of
any use of it as a way to resolve MCC problems as we do
here. The paradigm that comes closest to ours is that of er-
ror correcting output codes [7]. Superficially, our scheme
can be viewed as one that first generates an output code,
and then assembles it to form a legitimate category using
constrained optimization. However, there are several key
differences–the key one being that in ECOC the decompo-
sition of the label space is done “syntactically”, without any
understanding of the output space. Consequently, the result-
ing binary classification problems could be very difficult
learning problems, and the scheme cannot support predic-
tion on new, previously unobserved labels.

There are several way to train an objective function for
structured output problems. We follow a discriminative
approach and train the model both jointly and separately
within a constrained optimization framework [3, 13]. It
has been shown that, when individual components can be
learned reliably, the latter is a better training scheme. Our
work substantiates this conclusion in the current context.

3. Multi-Aspect Mutliclass Classification

Text categorization is an archetypical MCC problem; the
goal is to learn a function f : X → Y where X and Y are
collections of documents and labels. It is generally assumed
that variables in Y do not have any latent structure.

The key contribution of our MAMuC model is the intro-
duction of a collection Z = {z11, z12, . . . , zij} of interme-
diate aspect variables. Each aspect variable can be thought
of as a property of the Y labels. Aspect variables take val-
ues that are interdependent; this allows us to exploit con-

straints among these variables as a way to improve aspect
predictions and, consequently, the Y values.

In our domain (see Sec. 4) the labels are operating com-
mands such as “find nearest Chinese restaurant” or “CD
track 3”. We make use of five types of aspects which we
call: Topic, Action, Manner, Modifier and Detail; each type
can take multiple values. For the aforementioned labels,
Topic takes the values restaurant and CD, resp., and Action
takes the values find and null, resp.

An aspect variable zij is a function, zij : X × Y →
[0, 1] which indicates the probability that the ith aspect type
takes its jth value. At evaluation time, given a document
x ∈ X , we predict the label y ∈ Y that maximizes the
score assigned to the aspect variables Z:

ŷ = arg max
y

score(Z(x, y)).

Our formulation follows the one developed in [14, 16, 3].
The score is a linear objective function defined in Eq. 1:

ŷ = arg maxy

m∑

i=1

wizij(x, y)−
∑

Ck∈C
ρkdCk

(Z(x, y), 1Ck
)

(1)
where:

1. zij = probability(ith aspect takes its jth value).

2. Ck : 2Z → {0, 1} are constraints over possible values
of the zijs. E.g., if C1(z23, z34, z15) = 0, then we do
not allow the simultaneous assignment of the 3rd value
to the 2nd aspect, the 4th value to the 3rd aspect and the
5th value to the 1st aspect. More concretely, we may
not allow the Action aspect take the value ‘turn’, when
the Topic aspect takes the value ‘restaurant’. Note that
we always have a constraint ∀i, j, k : C(zij , zik) = 0.

3. d : Z × Ck → [0, 1] measures the degree to which the
the assignment z ∈ Z violates the constraint Ck. 1Ck

denotes the set of all assignments in Z that satisfy Ck;
d measures the distance from assignment z ∈Z to 1Ck

.

This allows us to choose a value j for each zij , taking
into account constraints among these variables and conse-
quently choose the category ŷ ∈ Y as the solution to the in-
teger linear programming in Eq. 1. This objective function
is trained discriminatively, and both wi and ρk are learned
from the training data.

We note that the introduction of the aspect representa-
tion can be viewed also as addressing the common sparsity
problem in the label space. While is it likely (and happens
often in our domain) that a label is represented by a small
number of examples, an aspect is typically represented by
more examples, thus enabling learning more robust aspect
functions.
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3.1. Learning and Inference

We follow a discriminative approach and train the model
weights wi in two ways, following [13]. In both cases we
use an online training paradigm, and make use of the Aver-
aged Perceptron Algorithm [9].

Our Learning plus Inference (L + I) training model learns
individual zi∗ classifiers that are unaware of the constraints.
Once we have for each zi∗ the distribution of the values it
can take, we run the inference in Eq. 1, with the constraints,
to assign the labels y.

The joint training model, Inference Based Training
(IBT), incorporates the constraints into the training, by run-
ning the inference step in Eq. 1 with each evaluation of the
classifiers. Model weights are updated when a mistake is
encountered after the inference procedure. At decision time,
as in L+I, we run the inference in Eq. 1, with the constraints,
to assign the labels y. The details of the algorithms are de-
scribed in Algorithms 1 and 2, resp.

The constraint penalty weights ρis in Eq. 1 are learned
independently from the weights wi [4]. Note that some of
the constraints are hard constraints; e.g., those that encode
that zi∗ takes a single value. For most of the constraints, we
set the weights ρi by calculating the corresponding violation
probability in the training data:

ρi = − log P (Ci is violated in the training data) (2)

The weight of a constraint that is never violated is set to∞;

Algorithm 1 L + I: Inference refers to the decision making process
subject to global constraints, by optimizing Eq. 1. This training algorithm
decouples the Learning and Inference. Aspect models zi∗ are learned in-
dependent of each other, and constraint penalties are also learned indepen-
dently from the training data.
1: LEARNING MODELS:
2: for each aspect zi∗ do
3: zi∗ = learn(TrainingData)
4: note: * ranges over the values of ith aspect.
5: end for
6: LEARNING CONSTRAINTS:
7: for each Ci do
8: if Ci is not violated in Training Data then
9: ρi = ∞

10: else
11: ρi = − log P (Ci is violated in Training Data)
12: end if
13: end for
14: INFERENCE at DECISION TIME:
15: Use the distribution over zi∗ and solve Eq. 1

It has been shown that the IBT paradigm is more expres-
sive and should ultimately perform better given sufficiently
many training examples [13]. However, it was also shown
that when each of the individual classifiers is good, L+I
performs better than IBT. In addition, training the individ-
ual classifiers independently requires fewer examples and

Algorithm 2 IBT: Aspect models zi∗ are learned jointly subject to
the constraints. In the on-line algorithm used, model update and global
inference (Eq. 1) are interleaved.
1: LEARNING CONSTRAINTS:
2: for each Ci do
3: if Ci is not violated in Training Data then
4: ρi = ∞
5: else
6: ρi = − log P (Ci is violated in Training Data)
7: end if
8: end for
9: LEARNING MODELS

10: Initialize weights for zi∗
11: for each example (x, ygold) in Training Data do
12: Evaluate zi∗
13: ypred = solution of Eq. 1
14: if ypred 6= ygold then
15: for each aspect zij do
16: if (zij)pred 6= (zij)gold then
17: w(zij) = w(zij) + zij(x, ygold)− zij(x, ypred)
18: end if
19: end for
20: end if
21: end for
22: INFERENCE at DECISION TIME:
23: Use the distribution over zi∗ and solve Eq. 1

this paradigm has been used successfully by several authors
[12, 6, 1]. Our empirical results, comparing between these
two paradigms, (see Sec.4) agree with earlier results, and
favor decoupling the training from the inference via L+I.

In both of these learning and inference paradigms we
make use of a regularized version of the Averaged Per-
ceptron algorithm [9], implemented within the Sparse Net-
work of Winnow framework [2]. While classical Perceptron
comes with generalization bound related to the margin of
the data, Averaged Perceptron also comes with a PAC-like
generalization bound [9]. This linear learning algorithm is
known, both theoretically and experimentally, to be among
the best linear learning approaches and is competitive with
SVM and Logistic Regression, while being more efficient in
training. It also has been shown to produce state-of-the-art
results on many natural language applications [12].

Our inference, both at decision time and during training
(when running the IBT algorithm) is implemented as an ex-
haustive grid search algorithm in the space constructed by
the top k outputs from each individual classifier. This is fa-
cilitated by the fact that, despite the large number of values
each of the aspect variables zi∗ can take, only one of these,
zij , can be active in each instance (allowing also for a null
value). It is easy to observe that when wi is the probability
that the ith aspect takes the value j, the solution to the op-
timization problem is the element in Z that maximizes the
expected number of correct aspects, modulo the constraints.
This is especially important when some of the labels have
not been observed previously, as discussed in Sec. 4.3.2.

The constraints Ci used in our application can also be
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represented as rules such as “if event X = x′, then A =
a” (corresponding to C([X = x’] and ¬[A = a]) = 0). For
comprehensibility, we present examples this way in Table 1.

With the exception of the constraints that are part of the
problem formulation (e.g., ∀i, j, k : C(zij , zik) = 0), all
the constraints used in our application are learned semi-
automatically using the following process. First we gen-
erate the Z space by mapping from the given labels; then
we use a simple association rule mining algorithm on the
Z space to find interesting constraints. We set minimum
thresholds on support and confidence and learned about 45
constraints over the space of 318 Z tuples.

Constraints Type ρi

za(find) ∧ zt(restaurant) → zd(nearest) hard ∞
zm(null) ∧ zt(store) → za(find) soft 2.207

zt(cd) ∧ za(play) ∧ zm(null) → zmo(normal) hard ∞

Table 1. Examples of soft and hard constraints. za(find)
means that the value of Action aspect is find.

4. Experiments and Analysis

4.1. Data

Our experimental study is done in the domain of catego-
rizing short text snippets provided by passengers in a car,
into operating commands to devices such as radio, ac, nav-
igation system in the car. The data set consists of 72,483
labeled examples with 318 short navigation commands as
class labels. Table 2 shows several concrete examples from
the data set. The data was collected from the OpenMind
Indoor Common Sense Project [10].

Labels Texts

find nearest restaurant
locate next diner
where is the closest restaurant
show me where I can eat nearby

display map
show map setting
point location
route display

radio seek down
change the radio station
run down through the stations
tune down

Table 2. Concrete examples from the data set. Notice that the
label carries similar meaning to the text.

4.2. Aspects Variables

We define a collection of 5 types of aspect variables:
Topic, Action, Manner, Modifier and Detail, each of which
can be thought of as a property of a text snippet and its cor-
responding label – the car command. If an aspect is not

present in the data, the value null is assigned. Examples of
data, labels and corresponding aspects are listed in Table 3.
Each of the five aspects can take multiple values. Using the
notation in Sec. 3, zij , indicates a variable with the aspect
type set to i ∈ {1, 2, 3, 4, 5} and the value of the ith type
aspect is set to j.

4.3. Evaluation and Results

We evaluate our text categorization scheme by reporting
the results of our scheme compared to the standard MCC
protocol. We evaluate in two settings. In one, all labels are
assumed to be seen in the training data. We therefore ran-
domly select 80% of the examples for each label as train-
ing, 10% as development and the rest as test data. In the
second setting, we evaluate the ability of our method to pre-
dict labels that are not part of the training data. In this case,
we eliminate examples that correspond to 10% of the la-
bels from the training data. These examples are then pre-
sented during testing and we measure the performance of
our model on them.

Note that classifiers trained using MCC cannot make any
predictions on these examples; however, since most aspects
of these labels are observed in training, we expect that our
MAMuC model will do reasonably well on them.

We evaluated the system’s performance using two mea-
sures. The first is the standard accuracy computed as the
percentage of correctly labeled examples. The second met-
ric is motivated by the specific application, where even a
partially labeled instance is useful; for example, it could
trigger an interaction with the passenger in order to get
a clarification. This measure, a Weighted Aspect based
Metric (WAM), is a weighted Hamming distance computed
at the aspect level, between the predicted and the correct as-
pect value; it assigns a weighted per-aspect score to partially
correct predictions. We formally define it in equation 3.

Formally, let n be the number of test examples, m be
the number of aspects and ωk be the weight assigned to the
k-th aspect. We denote by ai

k the k-th aspect of the i-th
example and by gi

k be the true value of the k-th aspect of
this example. Then, 1[ai

k:gi
k] is an indicator variable that

takes the value 1 when ai
k equals gi

k, and 0 otherwise. The
WAM measure is then written as follows:

WAM =
1
n

n∑

i=1

m∑

k=1

ωk 1[ai
k:gi

k]

m∑

k=1

ωk = 1 (3)

4.3.1 Standard Multiclass Classification Setting

The results of the setting in which all labels in test have been
observed in training are summarized in Tables 4,5 and 6.

The baseline result in Table 4, achieved with a regular-
ized MCC Averaged Perceptron, is the best result achieved
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Original Label(318) Input Text Topic (98) Action (27) Manner (40) Modifer (49) Detail (14)
climate control defrost off stop defrosting climate control defrost off null null
display current location show location location display null current null
find nearest american restaurant american food restaurant find null american nearest
volume up turn it up louder volume null up null null
d v d title chapter disc chapter title d v d null null title chapter

Table 3. Example of input text, their associated gold standard labels and the corresponding values of the five aspects. There are 318 different
labels, and the values in parenthesis above the aspect columns indicate the number of possible values each aspect can take.

Algorithm Accuracy (%) WAM (%)
Baseline 67.84 86.14
Aspects (No Inference) 64.70 88.94
MAMuC (IBT)) 61.76 84.16
MAMuC (L+I) 71.18 89.65
Error Reduction (%) 10.39 25.32

Table 4. Comparing several approaches in the standard text cat-
egorization setting. The Baseline is learned via a MCC Averaged
Perceptron [9]. IBT is the joint training model and L+I is the de-
coupled model. Our best model result (MAMuC with L+I training)
is only marginally lower than human performance.

Rank MAMuC Accuracy(%)
Top 1 71.18
Top 2 80.74
Top 3 84.08
Top 4 86.49
Top 5 88.17

Table 5. Performance of top-k accuracy (k ∈ {1, 2, 3, 4, 5}) of
the MAMuC model.

on this data set, when compared to other common MCC al-
gorithms. The MAMuC result shows a significant improve-
ment of about 3.5% in accuracy and WAM, which is more
than 10% (25%) error reduction in accuracy (WAM, resp.).
The improvement achieved by incorporating the inference
step, as indicated in the MAMuC (L+I) row, shows the ef-
fectiveness of the global constraints in our model1. Among
our two training paradigms, L+I is shown to perform much
better than IBT. Given these results we performed an anal-
ysis of the individual aspect classifiers, shown in Table 6.
Each individual classifier is shown to have a pretty high
baseline accuracy. And, these results are shown to improve
significantly when we consider each aspect’s accuracy once
global constraints were taken into account. This analysis
agrees with earlier studies on the tradeoff between L+I and
IBT training paradigms [13], which argues that L+I is likely
to perform better when the individual models are relatively
easy to learn. We note that we have experimented with other

1Human performance on this data set is around 75%. Three annotators
labeled a sample of 100 examples from this data set. The Fleiss Kappa
agreement for this experiment is 0.764, which means substantial agreement
among annotators.

Aspects MAMuC baseline error reduction (%)
Topic 86.14 81.55 24.88
Action 88.31 82.72 32.35
Manner 89.98 87.35 20.79
Modifier 91.15 89.51 15.64
Detail 92.68 89.59 29.68

Table 6. Improvement of individual aspect classifiers zi∗ with
inference over a MCC baseline.

structured learning algorithms, such as structured SVM [18]
but these produced even weaker results, probably since the
structure supported there is not expressive enough for our
setting.

Finally, we show results on the top k ranking of the
model prediction; table 5 shows that the model’s accuracy
is more than 88% in its top five predictions.

4.3.2 Predicting Previously Unobserved Labels

The main results in this setting are summarized in Ta-
bles 7 and 8. In this experimental setting, sentences in the
test data have labels that were not observed in training. This
explains the baseline 0 performance in Table 7 – MCC algo-
rithms cannot handle this case. However, in MAMuC, we
can predict the aspects of the text snippet provided in test,
and evaluate how much it can (partially) predict the new
label.

Table 7 summarizes the results of the MAMuC model
when we insist that our model predicts all aspects, and then
use these to construct a new label (using the inference pro-
cedure).

Algorithm Accuracy (%) WAM (%)
Baseline 0.00 58.43
Aspect(No Inference) 21.39 69.86
MAMuC 28.16 70.27
Error Reduction (%) 28.16 28.48

Table 7. MAMuC’s ability to predict unobserved labels. Tradi-
tional classification methods cannot make any prediction on these
examples. However MAMuC can achieve partial success by pre-
dicting the intermediate aspect representation.
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In fact, the intermediate aspect representation can be
used in order to support partial label prediction. We do
this by considering the top n most confidently predicted as-
pects (n ≤ 5). Table 8 shows the accuracy of a partial pre-
diction consisting of the aspect prediction for the n most
confidently predicted aspects. For example, if our model
only makes predictions on its top 2 aspects, its accuracy on
unseen labels is 82.67%. This evaluation shows that our
model is very good at predicting aspects of unobserved la-
bels, even if it cannot “name” the label. This can be used,
for example, in an interactive setting – where partial labels
are reliably proposed by the model, and the new label is
then derived via interaction. In addition, this model can be
used to enrich the label space with new labels.

Partial Prediction Accuracy(%)(no inference)
Top 1 Aspect 92.61
Top 2 Aspect 82.67
Top 3 Aspect 65.17
Top 4 Aspect 43.43
All 5 Aspect 21.39

Table 8. Top n partial prediction evaluation for MAMuC in the
case of previously unobserved labels. The accuracy of the partial
prediction is measured before the inference procedure.

5. Conclusion

We propose a new approach to Multiclass Classification
of text documents that exploits the structure of the label
space as a way to improve categorization of short text snip-
pets. Our approach works by introducing a set of interme-
diate aspect variables that capture properties of the text.

The key advantage of this view is that aspects can be
constrained to support the prediction of better labels. Since
values taken by aspect variables are constrained in a natural
way, we predict labels that correspond to an assignment of
values to aspects that satisfies all constraints.

Even more significantly, the aspects provide a shared
representation for the label space, one that is shared also by
previously unobserved labels. Therefore, once we can pre-
dict aspects reliably, we can say something sensible about
aspects of the unobserved label too and, at least, predict
it partially. As we have shown, this yields significant im-
provements on our problem and has great potential to cor-
rectly predict unobserved labels which traditional multi-
class classification methods cannot get at all.
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