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Abstract. As mid-level semantic properties shared across object cate-
gories, attributes have been studied extensively. Recent approaches have
attempted joint modelling of multiple attributes together with class
labels so as to exploit their correlations for better attribute prediction
and object recognition. However, they often ignore the fact that there
exist some shared properties other than nameable/semantic attributes,
which we call latent attributes. Basically, they can be further divided
into discriminative and non-discriminative parts depending on whether
they can contribute to an object recognition task. We argue that learn-
ing the latent attributes jointly with user-defined semantic attributes not
only leads to better representation for object recognition but also helps
with semantic attribute prediction. A novel dictionary learning model
is proposed which decomposes the dictionary space into three parts
corresponding to semantic, latent discriminative and latent background
attributes respectively. An efficient algorithm is then formulated to solve
the resultant optimization problem. Extensive experiments show that the
proposed attribute learning method produces state-of-the-art results on
both attribute prediction and attribute-based person re-identification.

Keywords: Attribute learning · Latent attributes · Person
re-identification · Zero-shot learning · Dictionary learning

1 Introduction

Attributes are a type of mid-level semantic properties of visual objects that can
be shared across different object categories. Typically, semantic attributes are
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(a) (b)

Fig. 1. (a) Given only three user-defined attributes as representation, the two people
are mis-matched. (b) When complemented by latent attributes, the representation is
more discriminative and solving the person re-identification problem becomes easier.

nameable and often annotated based on a user-defined ontology. Attribute learn-
ing has been studied extensively recently [1–9]. Existing approaches vary drasti-
cally depending on the objectives of learning attributes. Specifically, attributes
learning methods have been developed for three objectives: (1) attribute predic-
tion for image search [10], where each image is indexed by a list of predicted
attributes and can thus be searched by text queries; (2) learning mid-level rep-
resentation from low-level features for object recognition, typically at the fine-
grained [6] or instance-level [11]; (3) zero-shot learning where given an attribute
‘prototype’ [12], unseen classes can be recognised by comparing the prototypes
with the predicted attributes.

Earlier attribute learning works often tried to learn a set of binary attribute
classifiers for each attribute separately and independently, whilst ignoring the
existence of correlations among them, e.g., ‘female’ and ‘long-hair’ are correlated.
This has been rectified by recent approaches [4–9] which jointly learn multiple
attributes together with the object class labels so as to exploit their correla-
tions. However, all these joint modelling approaches focus on the semantic user-
defined attributes only, whilst ignoring the factors that (1) semantic attributes
are often not exhaustively defined; and (2) there are also other shareable but not
nameable/semantic properties. We call these shareable but undefined properties
latent attributes and argue that they should also be jointly modelled with the
user-defined semantic attributes and object class labels.

Jointly learning semantic and latent attributes is important for both attribute
prediction and object recognition. This is due to two reasons: First, these latent
attributes can also be discriminative and thus useful for object recognition. For
example, Fig. 1 shows that a limited list of user-defined semantic attributes
are often inadequate for instance-level object recognition such as person
re-identification [13]. However, when a set of complementary and discriminative
latent attributes are learned to augment the user-defined semantic attributes,
recognition can be made easier. Second, even if predicting the user-defined
attributes is the only goal, discovering and learning these latent attributes is still
useful – it is certain that shareable properties that do not belong to the user-
defined attributes are accounted for the model rather than act as a distractor
to corrupt the learned semantic attribute predictor. Furthermore, by modelling
latent attributes together with class labels, we can identify two types of latent
attributes: those that are related to class labels and thus are potentially useful
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Fig. 2. Our framework for joint learning of user-defined-attribute-correlated (UDAC),
discriminative latent attribute (D-LA), and background latent attribute (B-LA) dic-
tionary subspaces.

for object recognition, and those that are not. The former is called discriminative
latent attributes (D-LA), while the latter background latent attributes (B-LA)
which could literally be object background that might appear in any object class.

To jointly learn both types of latent attributes as well as semantic attributes
together with their correlations with the class labels, we propose a novel dic-
tionary learning model with dictionary decomposition. Dictionary learning is
naturally suited for learning a low-dimensional subspace corresponding to the
latent attribute space. This is because by sharing the same dictionary with all
object classes, it automatically discovers shareable properties. More importantly,
we can easily decompose the learned dictionary into multiple parts and different
parts are subject to different correlations with the available object annotations.
Specifically, the learned dictionary subspace are decomposed into three parts:
(1) The D-LA dictionary subspace part that is subject to the label correlation
constraint so as to make sure that it is discriminative, (2) The B-LA dictionary
subspace part that only helps data reconstruction and is subject to no constraint,
and (3) The user-defined-attribute-correlated (UDAC) dictionary subspace part
which is correlated to the user-defined attribute annotations. Note that in our
framework, the user-defined attributes are learned through the latent attribute
space. This is because a dictionary learning model aims to reconstruct the origi-
nal signal using all dictionary atoms together, enforcing the learned three differ-
ent types of attributes to be complementary to each other. Figure 2 illustrates
the proposed dictionary learning framework.

2 Related Work

Learning Semantic Attributes. Earlier works on semantic attribution learn-
ing [1–3,14] consider predicting each attribute as a binary classification problem
and solve them independently. Later works [4,5,7–9] realised that there exist
correlations between different attributes, as well as between attributes and class
labels, and proposed to learn different attributes jointly together with the class
labels. For example, a unified multiplicative framework is proposed in [7] which
projects images and category/class information into a shared feature space and
the latent factors were disentangled and multiplied for attribute prediction. In
[9,15], they learn the semantic attributes by incorporating class label informa-
tion. Our model also learns user-defined semantic attributes and class labels
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jointly. Different from existing jointly attribute modelling works, we addition-
ally model discriminative latent attributes and background latent attributes to
improve the learn of user-defined semantic attributes as well as making the
learned attribute-based representation more discriminative for the object classi-
fication task.

Learning Latent Attributes. The method for learning discriminative latent
attributes has been exploited before [6,16–21]. However, in theses works, the
latent attributes are not learned jointly and thus are not necessarily comple-
mentary to the user-defined attributes. Comparing to the few exceptions which
learn them jointly [22,23], there is a significant difference: by using an addi-
tive dictionary, we aim to reconstruct the original feature representation; we
thus devise the third type of attributes: background latent attributes (B-LA)
to explicitly account for non-discriminant part of the representation (e.g. scene
background, or what a person looks like in general) that is useless for the tar-
geted task but has to be learned to avoid corrupting the other two types of useful
attributes. Experimental results demonstrate clearly the importance of learning
all three jointly. This novel concept can also be applied to existing joint attribute
learning models.

Attribute-Based Person Re-identification. Semantic attributes have been
exploited as a mid-level representation for matching people across non-
overlapping camera views, or the person re-identification (Re-ID) problem
[13,24–26]. However, these attribute-based Re-ID representations are not com-
petitive on the benchmark datasets. This is because (1) the user-defined attribute
representations have very low dimensions (dozens vs. tens of thousands for the
typical low-level feature based representations used by the state-of-the-art Re-ID
methods [27]); and (2) no latent attributes are exploited. Recently, user-defined
attributes and low-level feature are modelled jointly in [28] in a multi-task learn-
ing framework to learn a discriminative representation for Re-ID. However, the
user-defined attributes are predicted independently and no latent attributes are
used. In contrast, our model is flexible in that discriminative latent attributes
can still be learned when no annotation on user-defined attributes is available.
Another relevant work is [11] which deploys a generative model to transfer
attribute annotations from auxiliary data (fashion clothing) to the target data
(surveillance video). Again, as a generative model, it is weak in learning discrim-
inative representation.

Dictionary Learning. Beyond attribute learning, dictionary learning [29,30]
has been studied widely as a method for learning a low-dimensional subspace.
Originally designed for unsupervised learning, it has been extended for super-
vised learning for tasks such as face verification/recognition [31] and person
Re-ID [32–34]. Our model is related to these dictionary-learning-based Re-ID
models in that all models learn discriminative latent attributes through the
learned dictionary subspace. However, only our model is able to additionally
learn user-defined attributes and background latent attributes for better repre-
sentation learning.
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Contributions. Our contributions are as follows: (1) A unified framework
for learning both user-defined semantic attributes and discriminative latent
attributes is proposed. (2) We further develop a novel dictionary learning model
which decomposes the learned dictionary subspace into three parts correspond-
ing to the semantic, discriminative latent as well as background latent attributes
respectively. An efficient optimisation algorithm is also formulated. Extensive
experiments are carried out on benchmark attribute prediction and person
Re-ID datasets. The results show that the proposed unified framework generates
state-of-the-art results on both tasks.

3 Methodology

3.1 Formulation

Assume that a set of training data are given which are labelled with some user-
defined (semantic) attributes1 and object classes. In this paper, we focus on
the problem of learning user-defined semantic and latent attributes jointly by
dictionary learning. Specifically, the learned dictionary are decomposed into
following three parts (see Fig. 2): (1) Du corresponding to the user-defined-
attribute-correlated (UDAC) dictionary subspace part which is correlated to the
user-defined attribute annotations, (2) Dd corresponding to the discriminative
latent attributes (D-LA) dictionary subspace part which is correlated to the class
labels and thus useful for the given classification/recognition task, and (3) Db

corresponding to the background latent attributes (B-LA) dictionary subspace
part which captures all the residual information in the training data which is
uncorrelated to either user-defined attributes or class labels and thus is learned
without any supervision.

Formally, we assume Y ∈ R
m×n is a data matrix where each column yi

corresponds to an m-dimensional feature vector representing the ith object’s
appearance. n denotes the numbers of training samples. A is a p × n matrix
where each column ai ∈ {0, 1}p indicates the absence or presence of all p binary
user-defined attributes. The proposed method can be formulated as:
[
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where matrices Xu, Xd and Xb are codes/coefficients corresponding to dictio-
naries Du, Dd and Db respectively; W is used to build correspondence between
the codes obtained using Du and the user-defined attribute annotation matrix
A; du

i , dd
i , d

b
i and wi are the ith columns of Du, Dd, Db and W respectively; xd

i

is the ith column of Xd; α and β are free parameters controlling the strengths of
1 We will show later that the requirement on the availability of user-defined attributes

can be removed.
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two regularisation terms to be explained later; M is an affinity matrix indicating
the class-relationships (same/different class) among different training samples.
Specifically, mi,j = 1 if xd

i and xd
j are of same class, and mi,j = 0 otherwise. The

third term can be rewritten using the Laplacian matrix as:
n∑

i,j=1

mi,j

∥∥xd
i − xd

j

∥∥2
= Tr(XdLXd′

), (2)

where L = Q − M and Q is a diagonal matrix whose diagonal elements are the
sums of the row elements of M . There are four terms of three categories in the
cost function which are now explained in detail:

1. The first two terms are reconstruction errors that make sure the learned
dictionaries can encode the data matrix Y well. Note that the two recon-
struction error terms are stepwise ordered. Specifically, the minimisation of
the first reconstruction error term enables Du and Dd to encode Y as much
as possible, while the minimisation of the second reconstruction error term
enables Db to encode and align the residual part of Y that cannot be coded
by Du and Dd. This stepwise two reconstruction error term formulation is
important to prevent the B-LA Db from dominating the reconstruction error
leading to trivial solutions for Du and Dd.

2. The third term is a graph Laplacian regularisation term which dictates that
the projections of columns of Y in the D-LA subspace, i.e., Xd are close to
each other if the corresponding data points belong to the same class. The
goal of this term is thus to make the D-LA subspace parametrised by Dd to
be more discriminative (class-dependent).

3. The last term is the constraint for learning the UDAC subspace part Du. Note
that we attempt to establish a linear constraint W between the projection
in that subspace, Xu and user-defined attribute annotations A, rather than
simply setting them to be equal (Xu = A), because user-defined attributes are
always not additive. As explained earlier, modelling user-defined attributes
via the same dictionary subspace makes the learned other two types of latent
attributes to be complementary to the user-defined attributes.

3.2 Optimisation

Here we detail how the optimisation problem in (1) is solved. The problem is
divided into the following subproblems:

1. Computing codes Xu. Given fixed Du, Dd, Dd, W , Xd and Xb, the coding
problem of estimating Xu becomes:

min
∥
∥
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and I is the identity matrix. Let the derivative of (3) equal to 0 and the
analytical solution of Xu can be obtained with:

Xu =
(

D̃′D̃
)−1

D̃′Ỹ . (4)

2. Computing codes Xd. Given the other variables fixed, the coding problem of
Xd becomes:
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2
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), (5)

where
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i (the ith column of Xd) is:
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where lk,i is the (k, i) element of L and ỹi is the ith column of Ỹ .
3. Computing code Xb. Fix other terms and Xb can be solved by:
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F
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Let the derivative of (7) equal to 0 and the analytical solution of Xb is:

Xb =
(

Db′
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)−1
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)

. (8)

4. Updating dictionaries. First, when Db, Xu, Xd and Xb are given, Du and Dd

are estimated by the following optimisation problem:
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where

D = [Du, Dd], Y = [Y, Y − DbXb], X =

[
Xu Xu

Xd Xd

]

. (10)

(9) can be optimised with the Lagrange dual. Thus, the analytical solution
of D is: D = (YX ′) (XX ′ + Λ)−1, where Λ is a diagonal matrix constructed
from all the dual variables. Second, we fix other variables and solve Db with
the following objective function:
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(11) can be solved similar to (9).
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Algorithm 1. The proposed algorithm
Input: Xt; initialise Du, Dd, Db and W randomly; Xd → 0,Xb → 0;
Output: Du, Dd, Db, Xu, Xd, Xb and W .
while Non-convergence do

Coding problem:
compute code Xu using (3),
compute code Xd using (5),
compute code Xb using (7).

Updating dictionaries:
update Du and Dd using (9),
update Db using (11).

Updating W :
update W using (12),

5. Updating W . Similar to the dictionary updating procedure in Step 4, we fix
other variables and solve W by:

min ‖Xu − WA‖2
F , s.t. ‖wi‖2

2 ≤ 1(∀i). (12)

(12) can be optimised using the Lagrange dual. The analytical solution of W

is: Du = (XuA′) (AA′ + Λ)−1, where Λ is a diagonal matrix constructed from
all the dual variables.

Algorithm 1 summaries the whole algorithm. In practice, we found that it
always converges after a few (<50) iterations in our experiments.

3.3 Application to Person Re-ID

In the Person Re-ID problem, we assume that the training images are repre-
sented by some feature representation denoted as Y , and labelled with identities
encoded in the matrix M , and a set of user-defined attributes A. Once the three
dictionaries are learned using the training set as described above, each test image
y can be encoded as

[
xu, xd, xb

]
via Du, Dd and Db respectively. The encoding

problem can be formulated as:
[
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]

= arg min
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(13)

where xu, xd and xb are the projections of y in the UDAC, D-LA and B-LA
part of the learned dictionary subspaces respectively, and γ is a weight for the
regularisation terms. (13) can be solved easily with a linear system. After we
obtain xu, the user-defined attribute vector a can be predicted via the linear
constraint W :

a = arg min ‖xu − Wa‖2
2 + γ ‖a‖2

2 . (14)
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Now, the test sample y can be represented as the predicted user-defined
attributes a and D-LA xd. Simply treating the predicted attributes as features,
Re-ID could be performed by score-level fusion of computing the cosine distance
of a and xd between the attribute vectors of a probe sample and a gallery one.

Note that the proposed method can still work without the user-defined
attribute annotations A in the training data. In this case, Du, W and Xu will
be dropped and (1) becomes:
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(15) can be solved as a special case of (1). Consequently, the test sample y is rep-
resented only by its D-LA xd, which can be obtained by solving an optimisation
problem similar to (13).

3.4 Application to User-Defined Attribute Prediction

In this task, our only goal is to predict the user-defined attributes, hence having
a separate D-LA Dd is unnecessary and Db alone can be used to explain any
information that cannot be explained by Du. Consequently, Dd, Xd and the
graph Laplacian regularisation from (1) can be removed, and the optimisation
problem for dictionary learning becomes:
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(16)

It can also be solved as a special case of (1) with a similar solver as described
in Sect. 3.2. Once the model is learned using a training set, a test sample y can
be encoded with Du and Db by solving an optimisation problem similar to (13).
Finally, the user-defined attribute vector a is predicted via (14).

4 Experiments

The proposed attribute learning model is evaluated on three tasks: attribute-
based person re-identification (Re-ID), user-defined attribute prediction and
zero-shot learning2.

4.1 Person Re-ID

For this task, our attribute learning model is used to learn a discriminative
mid-level representation for matching people across camera views.

Datasets. Four widely used benchmark datasets are chosen for person Re-ID.
VIPeR [35] contains 1,264 images of 632 individuals from two distinct camera
2 The code can be downloaded at http://pkuml.com/resources/code.html.

http://pkuml.com/resources/code.html
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views (two images per individual) featured with large viewpoint changes and
varying illumination conditions. All individuals are randomly divided into two
equal-sized subsets for training and testing respectively with no overlapping in
identity between the two subsets. This random partition process is repeated 10
times, and the averaged performance is reported. For fair comparison, we use the
same data splits as in [36]. PRID [37] consists of images extracted from multiple
person trajectories recorded from two surveillance static cameras. Camera view
A contains 385 individuals, camera view B contains 749 individuals, and 200 of
them appearing in both the two views. The single shot version of the dataset
is used in our experiments as in [36], and we use the same data splits as in
[36]. In each data split, 100 people with one image from each view are randomly
chosen from the 200 present in both camera views for the training set, while the
remaining 100 of View A are used as the probe set, and the remaining 649 of
View B are used as gallery. Experiments are repeated over the 10 splits. iLIDS
[38] has 476 images of 119 individuals captured in an airport terminal from
three cameras of distinct viewpoints. It contains heavy occlusions caused by a
large number of people and luggages. As in [39], 119 identities are randomly
divided into two equal halves, one for training and the other for testing. The
reported results are obtained by averaging over 10 trials. Market-1501 [40] is
the biggest re-id benchmark dataset to date, containing 32,668 detected person
images of 1,501 identities. Each identity is captured by six cameras at most, and
two cameras at least. We use the provided fixed training and test sets in [40],
under both the single-query and multi-query evaluation settings.

Attribute Annotation. The training sets of all three datasets have labels
indicating the identities of the people. In addition, a total of 105 user-defined
attributes have been annotated on each training images in VIPeR, PRID and
iLIDs as in [14]. We remove the user-defined attributes which appear in each
dataset rarely, and the numbers of the remaining attributes are 85, 56 and 73
for VIPeR, PRID and iLIDs respectively. Note that the attribution annotation is
unavailable on Market-1501. As mentioned in Sect. 3.3, our model works with and
without the user-defined attributes. For fair comparisons with existing methods
which do not use additional attribute annotations, we report results of our model
both with and without user-defined attributes.

Features and Evaluation Metric. The low-level feature representation in [36]
is employed in our experiments. These include colour histogram, HOG and LBP
features which are concatenated resulting in 5,138 dimensions. For evaluation
metric, we compute Cumulated Matching Characteristics (CMC) curves. Due
to space constraint as well as for easier comparison with published results, we
only report the cumulated matching accuracy at selected ranks in tables rather
than reporting the actual CMC curves. The only exception is the Market-1501
dataset. Since there are on average 14.8 cross-camera ground truth matches for
each query, we additionally use mean average precision (mAP) as in [40].

Parameter Settings. On the VIPeR, PRID and iLIDs datasets, the sizes of
Du, Dd and Db are set to 100. We found that the performance of our model is
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insensitive to the dictionary size when it is between 100 to 200. The size of Dd is
increased to 400 for Market-1501 due to the fact that the Market-1501 dataset
is much bigger than the other three. The other free parameters in our model, α
and β in (1) and γ in (13), are obtained using four-fold cross-validation.

Competitors. Twelve state-of-the-art Re-ID methods are selected for com-
parison. They fall into five categories: (1) Unsupervised: BoW features [40]
based on Colour Names (CN) alone or in combination with Hue-Saturation His-
tograms (HS) are used to compute l2 distance. (2) Distance metric leaning based
methods: RPLM [41], Mid-level Filter [42], LADF [43], and Similarity Learn-
ing [44]. (3) Kernel-based Discriminative subspace learning methods: MFA [39],
kLFDA [39], kCCA [36], XQDA [27], and MLAPG [45]; (4) Deep learning based:
Improved Deep [46]; (5) Feature fusion based: Metric Ensembles [47]. Note that
this method fuses more than one kind of features, which is known to be beneficial
to all methods. (6) Attribute-based method: aMTL [28]. This is the most relevant
to ours as it also utilises the user-defined attributes. Note that aMTL requires
multiple images of each person for training, hence they apply data augmentation
to generate more training samples on VIPeR and utilises the multi-shot setting
of PRID rather than the single-shot one adopted by most other methods includ-
ing ours. Furthermore, different from our model, aMTL cannot work without
user-defined attributes. For fair comparison, we use the same features and the
same training-test splits for the compared methods whenever possible (i.e. when
the code is available we use the same features as ours). Three versions of our
models are evaluated: “Ours L” means only latent attributes are learned as rep-
resentation, that is, the user-defined attribute annotation is not used as do most
other compared methods. “Ours U” means that only user-defined attributes are
used to represent a person. “Ours All” means both the user-defined and latent
attributes are used.

Comparative Results. From the results shown in Table 1, we have the fol-
lowing key findings: (1) Even without using the additional attribute annotation,
our method Ours L outperforms all compared method particularly at low ranks.
(2) If user-defined attributes are available, the results of Ours U is very poor,
showing that the user-defined attributes cannot represent a person discrimi-
natively without latent attributes, because the user-defined attribute represen-
tations have very low dimensions as explained. Ours All outperforms Ours L
and Ours U on all datasets. That shows the learned user-defined attributes
and discriminative latent attribute are indeed complementary to each other.
(3) Compared to the alternative attribute-based Re-ID model aMTL, our model
(Ours All) is clearly better. In particular, the proposed method outperforms
aMTL by a large margin even when they used more training data on PRID.
In addition, aMTL can only be applied when there are user-defined attribute
annotations, whilst our model is not restricted by that.



Joint Learning of Semantic and Latent Attributes 347

Table 1. Comparative results on four benchmark Re-ID datasets. ‘*’ means we compare
these methods with the same features using the author-provided code. ‘-’ means no
reported result is available.

(a) VIPeR

Rank 1 5 10 20
RPLM [41] 27.00 55.30 69.00 83.00

Mid-level [42] 29.11 52.34 65.95 79.87
Similarity[44] 36.80 70.40 83.70 91.70
LADF [43] 30.22 64.70 78.92 90.44
kCCA [36] 37.00 - 85.00 93.00
MFA* [39] 39.56 69.89 80.38 88.61

kLFDA* [39] 39.87 72.78 81.86 90.19
XQDA [27] 40.00 - 80.51 91.08
Deep [46] 34.81 63.61 75.63 84.49

MLAPG [45] 40.73 - 82.34 92.37
Ours L 41.25 73.60 81.77 90.12

Metric Ensembles [47] 45.90 82.09 90.51 95.92
Ours U 28.39 55.32 65.89 76.01

aMTL [28] 42.30 72.20 81.60 89.60
Ours All 45.03 74.11 83.13 90.51

(b) PRID

Rank 1 5 10 20
RPLM [41] 15.00 32.00 42.00 54.00
kCCA [36] 15.00 - 47.00 60.00
MFA* [39] 20.90 50.30 57.90 68.10

kLFDA* [39] 21.60 51.50 60.00 68.10
Ours L 23.60 52.60 61.70 69.70

Metric Ensembles [47] 17.90 39.00 50.00 62.00
Ours U 16.30 27.60 34.80 43.20

aMTL [28] 18.00 37.40 50.10 66.60
Ours All 26.80 55.30 62.50 71.00

(c) Market-1501

Query singleQ multiQ
Evaluation metrics Rank-1 mAP Rank-1 mAP
BoW (CN) [40] 34.38 14.10 42.64 19.47

BoW(CN+HS) [40] - - 47.25 21.88
MFA* [39] 37.56 16.94 48.83 22.41

kLFDA* [39] 38.40 18.36 47.23 21.34
Ours L 47.39 21.06 56.17 26.85

(d) iLIDs

Rank 1 5 10 20
MFA* [39] 49.20 80.41 87.90 94.28

kLFDA* [39] 48.41 78.40 87.73 96.13
Ours L 52.35 81.60 88.77 94.91

Metric Ensembles [47] 50.34 72.50 81.50 91.00
Ours U 39.19 65.38 75.49 83.52
Ours All 56.80 82.21 90.25 95.85

4.2 User-Defined Attribute Prediction

Datasets and Settings. Three widely used benchmark datasets are chosen in
this experiment. AwA is composed of 30,475 images from 50 animal categories
and each category is annotated with 85 attributes. Following [2,3,9], we divide
the dataset into two parts: 40 classes (24,295 images) for training and 10 classes
(6,180 images) for testing. For fair comparison with the state-of-the-art meth-
ods, we adopt the same 4096-dimensional deep learning features DeCAF [48]
provided by [3]. CUB contains 11,788 images of 200 bird classes. Each category
is annotated with 312 attributes. We split the dataset following [8,9] to facilitate
direct comparison with the state-of-the-art methods (150 classes for training and
the rest 50 classes for testing). We also extract the same 4096-D DeCAF fea-
tures as in [9]. PETA comprises 10 publicly available small-scale person image
datasets totalling 19,000 images. Each image is labelled with 105 attributes. For
fair comparison with [14], we follow the same setting and randomly select 9,500
images for training, 1,900 for validation and 7,600 for testing. We repeat 10
times and the average result is reported. As in [14], the same low-level color and
texture features are extracted and the prediction results of the same selected 35
attributes are evaluated.

Competitors and Evaluation Metrics. Six state-of-the-art attribute learn-
ing approaches are compared. These include Direct Attribute Prediction (DAP)
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Table 2. Comparative results on (a) predicting user-defined attributes and (b) zero-
shot learning. “*” means same feature are used and “-” means no reported results.

(a) Attributes prediction

Approaches AwA CUB PETA
DAP* [3] 72.80 61.80 69.50
IAP* [3] 72.10 - -
ALE [8] 65.70 60.30 -

CSHAP* [9] 74.30 68.70 -
TbOs* [15] 67.55 68.37 70.20
MRF [14] - - 71.10

Ours 73.61 74.85 73.12

(b) Zero-shot learning

Approaches AwA CUB
DAP* [3] 57.23 -

UMF-IS [7] 48.60 18.20
CSHAP [9] 45.60 17.50

SSE-ReLU* [49] 76.33 30.41
Akata et al.* [50] 61.90 40.30

JLSE* [51] 80.46 42.11
Ours 82.81 49.87

[2,3], Indirect Attribute Prediction (IAP)[2,3], Attribute Label Embedding
(ALE) [8], Class-Specific Hypergraph based Attribute Predictor (CSHAP)
[9],“Two birds, One stone” (TbOs) [15] and Markov Random Field graph (MRF)
[14]. For direct comparison with the reported results in the literature, the
attribute prediction performance is measured by mean area under ROC curve
(mAUC) on AwA and CUB, while the mean classification accuracy (mACC) is
used on PETA.

Comparative Results. We report the user-defined attribute prediction per-
formance in Table 2(a). The results show that the proposed method achieves
state-of-the-art performance on CUB and PETA. In particular, on CUB, its
mAUC is 6 % higher than the nearest competitor CSHAP. However, it is slightly
inferior to CSHAP on AwA.

4.3 Zero-Shot Learning

Since images from different classes may share common attributes, we can recog-
nize images from unseen classes based on transferred attribute concepts, which is
referred as zero-shot learning [3]. Specifically, the user-defined attributes learned
from seen classes are used to classify the images from unseen classes.

Datasets and Settings. Two benchmark datasets, AwA and CUB, are used
in this experiment. For AWA, 40 classes are chosen as seen classes for training and
the remanning 10 classes are chosen as unseen classes for testing. Also, we split
CUB as 150 classes for training and 50 classes for testing. For both datasets, we
utilize MatConvNet [52] with the “imagenet-vgg-verydeep-19” pretrained model
[53] to extract a 4096-dim CNN feature vector for each image (or bounding box).
The train-test split and features are as same as [49–51].

Comparative Results. In this experiments, we compare our methods with sev-
eral state-of-the-art methods and the image classification accuracy is reported.
As shown in Table 2(b), the performance of our method is significantly better
than the state-of-the-art approaches on both datasets.
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Table 3. Evaluation on the contributions of different model components for (a) user-
defined attributes (att) prediction on AwA, (b) person Re-ID on VIPeR and (c) zero-
shot learning (zsl) results on AWA. Note that Dd is not used for user-defined attributes
prediction and zero-shot learning; there is thus no result under ‘Without Dd’ for AwA.

Dataset AwA (att) VIPeR (Re-ID) AwA (zsl)

Evaluation metrics mAUC Rank 1 ACC

Without Dd - 28.39 -

Without Db 71.74 41.51 80.26

Without W 68.72 42.36 74.39

Ours full 73.61 45.03 82.81

4.4 Further Evaluations

Contributions of Model Components. There are several key components
in the proposed model (see (1)): (a) two types of latent attributes: D-LA (Dd)
and B-LA (Db) are learned together with the user-defined attributes; and (b)
instead of learning it directly as part of the dictionary subspace, we model a linear
transformation (W ) from the user-defined attributes A to the UDAC dictionary
subspace (Du). In order to evaluate the effectiveness of these two components,
we compare our full model (Ours full) with various striped-down versions of our
model. The results in Table 3 show clearly that all these components contribute
positively to the final performance of the model.

Running Cost. All algorithms are implemented in Matlab and run on a server
with 2.0 GHz CPU cores and 128 GB memory. For person Re-ID on the VIPeR
dataset, our model takes 28.29 seconds to train and 0.35 seconds to match 312
images against 312 images. For predicting user-defined attributes on AwA, it
takes 2,377 seconds to train and 0.33 seconds to predict 85 user-defined attributes
on 6,180 images. It is thus extremely efficient during testing as a linear model.

5 Conclusions

We have proposed a novel attribute learning model which learns user-defined
semantic attributes jointly with latent discriminative and background attributes.
The model is based on dictionary learning with dictionary decomposition. An
efficient algorithm is then formulated to solve the resultant optimization prob-
lem. Extensive experiments show that the proposed attribute learning method
produces state-of-the-art results on attribute prediction, attribute-based person
re-identification and zero-shot learning.
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