
1

Adaptive Graph Guided Disambiguation for
Partial Label Learning

Deng-Bao Wang, Min-Ling Zhang, and Li Li

Abstract—In partial label learning, a multi-class classifier is learned from the ambiguous supervision where each training example
is associated with a set of candidate labels among which only one is valid. An intuitive way to deal with this problem is label
disambiguation, i.e. differentiating the labeling confidences of different candidate labels so as to try to recover ground-truth labeling
information. Recently, feature-aware label disambiguation has been proposed which utilizes the graph structure of feature space to
generate labeling confidences over candidate labels. Nevertheless, the existence of noises and outliers in training data makes the graph
structure derived from original feature space less reliable. In this paper, a novel partial label learning approach based on adaptive
graph guided disambiguation is proposed, which is shown to be more effective in revealing the intrinsic manifold structure among
training examples. Other than the sequential disambiguation-then-induction learning strategy, the proposed approach jointly performs
adaptive graph construction, candidate label disambiguation and predictive model induction with alternating optimization. Furthermore,
we consider the particular human-in-the-loop framework in which a learner is allowed to actively query some ambiguously labeled
examples for manual disambiguation. Extensive experiments clearly validate the effectiveness of adaptive graph guided disambiguation
for learning from partial label examples.

Index Terms—Machine Learning, weakly supervised learning, partial label learning, label disambiguation.
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1 INTRODUCTION

MULTI-CLASS classification has been successfully ap-
plied in various real-world applications such as com-

puter vision, natural language processing and web advertis-
ing [11], [71]. It is well-known that learning from supervised
data sets is effective, however, collecting large-scale accu-
rately labeled data is expensive and thus a critical bottleneck
in many tasks. To solve this problem, weakly supervised
learning has been widely studied in recent years [9], [21],
[26], [29], [30], [40], [41], [53], [73], [75]. Partial label learning
is an emerging weakly-supervised learning framework for
learning from ambiguous supervision [6], [7], [14], [15], [18],
[38], [44], [45], [48]–[51], [54]–[57], [64], [68], [69]. It aims
to induce a multi-class classifier from training examples
where each of them is associated with a set of candidate
labels, among which only one is the ground-truth label. This
learning problem arises in domains in which a large number
of ambiguously labeled (or weakly supervised) training
examples are available while it is costly to acquire explicit
labeled data [10], [32], [35], [65].

Formally speaking, let X = Rd be the d dimensional
feature space and Y = {0, 1}q be the label space with q
possible class labels. Suppose we have the partial label
training set D = {(xi, Yi)| 1 ≤ i ≤ m} where xi ∈ X is a
d dimensional feature vector and Yi is the corresponding
candidate label set. The task of partial label learning is to
induce a multi-class classifier g : X → Y based on training
setD. Here the basic assumption under partial label learning

• Deng-Bao Wang, and Min-Ling Zhang are with the School of Computer
Science and Engineering, Southeast University, Nanjing 210096, China,
and the Key Laboratory of Computer Network and Information Integration
(Southeast University), Ministry of Education, China. E-mail: {wangdb,
zhangml}@seu.edu.cn.

• Li Li is with the College of Computer and Information Science, Southwest
University, Chongqing 400715, China, E-mail: lily@swu.edu.cn.

Fig. 1. Label disambiguation for partially labeled examples. Left: The in-
stances are assigned with multiple candidate labels. Right: The ground-
truth labeling confidences are expected to be recovered after label
disambiguation.

framework is that the ground truth label yi of xi resides in
Yi but it is not accessible to the algorithm during training
phase.

The major difficulty for partial label learning lies in
that the ground-truth label of each training example is not
directly accessible to the learning algorithm while concealed
in its candidate label set. Therefore, the common strategy
to learn from partial labeled data is to try to disambiguate
the candidate label sets, i.e. differentiating the labeling
confidences of individual candidate labels so as to recover
ground-truth labeling information (Fig. 1). There are mainly
two label disambiguation strategies, i.e. the averaging-
based strategy and the identification-based strategy. For
averaging-based disambiguation, all the potential labels of
each example are treated equally and the averaged output
from all candidate labels is distinguished from the outputs
from non-candidate labels [9], [25], [67]. For identification-
based disambiguation, the ground-truth label is regarded
as latent variable and identified through iterative refining
procedure such as EM algorithm [8], [27], [32], [36], [38].

Feature-aware disambiguation [64], [69] was proposed
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(a) POS tagging. (b) Automatic face naming. (c) Learning with partial annotation.

Fig. 2. There real-world partial label learning scenarios. (a) In Part-of-speech (POS) tagging, the predictive model will be learned given a dictionary
of words with their possible POS tags; (b) In automatic face naming, the predictive model will be learned with the image/caption pair collected from
websites; (c) In crowdsourcing-based classification, the predictive model will be learned from inaccurate labeling information.

recently to generate labeling confidences over candidate
label set by exploiting the manifold structure of instance
space. Feature-aware disambiguation makes use of the
smoothness assumption to facilitate the disambiguation pro-
cess, i.e. the examples close to each other in the feature space
will tend to share identical label in the label space. Existing
feature-aware label disambiguation approaches work in a
two-stage manner which firstly generate pseudo labeling
confidences over candidate label set for each example and
then learn a multi-class classifier by fitting a multi-output
regressor with the generated labeling confidences.

The results reported in previous partial label learning
studies [13], [67], [69] have shown the effectiveness of
feature-aware disambiguation strategy. Nevertheless, the
existence of noises and outliers in training data makes the
graph structure derived from original feature space less
reliable. To solve this potential drawback, we propose a
novel partial label learning approach in this paper based
on adaptive graph guided disambiguation (PL-AGGD). We expect
that adaptive graph guided disambiguation could be more
robust and accurate to reveal the intrinsic manifold structure
among training examples compared to fixed graph based
disambiguation. Instead of the two-stage learning strategy
used in previous approaches, our proposed approach aims
to accomplish the partial label learning task in a joint
manner. Specifically, a unified optimization framework was
presented which enables simultaneous adaptive graph con-
struction, candidate label disambiguation and predictive
model induction with alternating optimization. Extensive
experiments on controlled UCI data sets as well as real-
world partial label data sets show that PL-AGGD performs
favorably against other state-of-the-art partial label learning
approaches.

Furthermore, we consider the particular human-in-the-
loop framework in which a learner is allowed to selectively
query examples from ambiguously labeled data for manual
disambiguation. Two simple yet effective query strategies
are proposed which can be conveniently injected into our PL-

AGGD method and significantly improve the predictive per-
formance with small amount of queries and annotations. We
also empirically show that the superiority of the proposed
method compared with the fixed-graph-based counterpart
is more obvious when active disambiguation is allowed in
the loop.

The rest of the paper is organized as follows. We review
related work in Section 2, and introduce the proposed
approach in Section 3; Section 4 presents the settings and
results of the experiments, followed by the conclusion in
Section 5.

2 RELATED WORK

Real-World Applications In recent years, the need to learn
from ambiguous supervision naturally arises in many real-
world applications. For instance, a Part-of-speech (POS)
tagging model can be learned given a dictionary of words
with their possible POS tags among which only one tag is
true (Fig. 2a) [72]; in automatic face naming, for a news
article one can treat each face detected from the picture as an
instance and those names extracted from associated caption
as candidate labels, while the ground-truth correspondence
between each face and name is not known (Fig. 2b) [20],
[65]; for a crowdsourcing-based classification, if the label
space is large (can be hundreds or even thousands of labels),
it is hard for the annotator to select the exact ground-truth
label among all possible labels while relatively easy to query
inaccurate labeling information (Fig. 2c).

Relations to Other Frameworks In partial label learning,
the ground-truth label of a training example resides in
its candidate label set and thus is not accessible to the
algorithm during training phase. Therefore, partial label
learning can be considered as a special weakly-supervised
learning framework with ambiguous supervision. To put the
partial label learning problem into perspective, we firstly lay
out several related machine learning scenarios, including
semi-supervised learning, multi-instance learning, multi-
label learning and multi-instance multi-label learning. In
semi-supervised learning [75], training examples are ei-
ther explicitly labeled or unlabeled, while in partial label
learning training examples are ambiguously labeled. Multi-
instance learning [1], [2] learns from examples which are
not individually labeled but grouped into bags, while in
partial label learning labels are assigned at the level of in-
dividual instances. Multi-label learning [17], [33], [34], [46],
[70] learns from data sets in which each example is assigned
with multiple labels all of which are valid, while in partial
label learning the set of labels assigned to training examples
are only candidate ones. Multi-instance multi-label learning



3

[37], [74] can be regarded as a generalized version of multi-
instance learning and multi-label learning, where training
instances are not only represented by multiple instances
but also associated with multiple labels. Each multi-instance
multi-label example can be transformed into a number of
partial label examples by treating the assigned class labels
as candidate ones for each instance in the bag [32].

Partial Label Disambiguation In recent years, many partial
label learning approaches have been proposed. The major
strategy is trying to solve the learning task by disambiguat-
ing the candidate label set, which can be achieved in two
basic ways. One intuitive way is to treat all the candidate
labels of an example in an equal manner. For parametric
model g(x) (y ∈ Y), the averaged output over all candi-
date labels, i.e. 1

|Yi|
∑
y∈Yi

gy(xi), is distinguished from the
outputs from non-candidate labels, i.e. gy(xi) (y /∈ Yi) [9];
For instance-based models, the predicted label for test ex-
ample is determined by voting among the candidate labels
of its neighboring examples [25]. Despite the intuitiveness
of the averaging-based strategy, its effectiveness could be
affected by the false positive labels whose outputs would
overwhelm the essential output yielded by the ground-truth
label. Therefore, another way towards disambiguating the
candidate label set is to identify the ground-truth label along
with model training. Existing approaches following this
strategy take the ground-truth label as latent variable which
is identified as: ŷi = argmaxy∈Yi

gy(xi). Generally, the
latent variable and model parameters are refined iteratively
via EM-style procedure which optimizes objective function
defined according to the maximum likelihood criterion:∑m
i=1 log(

∑
y∈Yi

gy(xi)) [27], [32], or the maximum margin
criterion:

∑m
i=1(maxy∈Yi

gy(xi)−maxy/∈Yi
gy(xi)) [38], [63].

The drawback of the identification-based disambiguation
strategy lies in that, rather than recovering the ground-truth
label, the identified label might turn out to be false positive
label in the candidate label set.

Graph-Based Disambiguation The recently-proposed
feature-aware disambiguation strategy [13], [67], [69] makes
use of the local manifold structure in feature space to
help disambiguate the candidate label set, which differs
from both averaging-based and identification-based disam-
biguation strategies. In [67], an instance-based method was
proposed which firstly disambiguates the label space using
the manifold structure of instance space, and then predicts
the unknown examples by label propagation. The approach
proposed in [69] works in a two-stage manner which firstly
generates latent labeling confidences over candidate label
set by utilizing the graph structure of feature space and
then learns a multi-class model by fitting a multi-output
regressor with the generated labeling confidences. Another
approach proposed in [13] also works in a two-stage manner
by firstly constructing the graph structure and then leverag-
ing the latent label distributions for model training. One
potential drawback of this strategy lies in that real-world
data are usually contaminated by significant noises and
outliers which make the fixed graph structure recovered
from original feature space less reliable [52], [66]. In the
next section, we will introduce a novel approach which
can iteratively refine the labeling confidences and model
parameters while update the similarity graph adaptively.

TABLE 1
Summary of major mathematical notations.

Notations Mathematical Meanings
X ,Y feature and label spaces
D, D̃ ambiguous data set and disambiguated data set
d, q dimensions of feature and label spaces
xi, yi feature and label of the i-th example
Yi candidate label set of the i-th example

X,Y feature matrix and partial label matrix
G,V, E similarity graph and its vertices and edges

S weight matrix of similarity graph
F disambiguated label confidence matrix
W model parameter matrix
H model output matrix

K, κ(•, •) kernel matrix and kernel function
φ(•) mapping function to Hilbert space

Gf ,Gx,Gx
φ,Λ different gram matrices

Active Learning with Weak Supervision In our work,
we are also interested in the active learning with par-
tially labeled data sets. There are many papers studying
the combination of active learning and weakly supervised
learning [3], [4], [12], [19], [22], [23], [31], [43], [58]–[61].
Most of these literatures focus on utilizing active learning
techniques when learning from imperfect supervision like
crowdsourced data sets. The most similar setting with our
work is learning with partial feedback [22], in which a
learner actively chooses instance-label pairs and obtain the
correctness of their correlations (as is shown in Fig. 2c),
then iteratively learns from these partial feedback. In this
paper, we show that our adaptive graph guided label dis-
ambiguation method can be conveniently injected into this
human-in-loop framework, and the active disambiguation
makes our method more effective with the help of manual
disambiguation.

3 THE PROPOSED APPROACH

In this subsection, we firstly present a unified framework
which aims to perform candidate label disambiguation,
adaptive graph construction and predictive model induction
simultaneously. Then, we introduce an alternative optimiza-
tion algorithm to solve the proposed objective function. We
also extent our method with kernelization for general no-
linear cases. Finally, we discuss the active learning scenario
of partial label learning tasks and show that our method can
be easily extended to this setting.

3.1 Symbol Definitions and Notations
Denote X = [x1,x2, ...,xm]> ∈ Rm×d as the feature matrix
and Y = [y1,y2, ...,ym]> ∈ {0, 1}m×q as the partial label
matrix where yij = 1 means that the j-th label is one of the
candidate labels of xi. Given the training set D, a weighted
graph G = (V, E ,S) is constructed over the training ex-
amples, where V = {xi|0 ≤ i ≤ m} corresponds to the
set of vertices and E = {(xi,xj)|xi ∈ KNN(xj), i 6= j}
corresponds to the set of edges from xi to xj iff xi is among
the k-nearest neighbors of xj . Furthermore, S ∈ Rm×m cor-
responds to the non-negative weight matrix where sij = 1
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if (xi,xj) ∈ E and sij = 1 otherwise. For ease of reference,
Table 1 lists major notations used throughout this section
along with their mathematical meanings.

3.2 Disambiguation with Fixed Graph
Given an ambiguously labeled training data set D, we aim
to generate a normalized real-valued labeling confidence
matrix F ∈ Rm×q . For each training example (xi, Yi), the
corresponding normalized real-valued vector is denoted as
fi ∈ Rq , where each fil represents the labeling confidence of
the l-th label being the ground-truth label for xi. The label-
ing confidence vector fi satisfies the following constraints:
(i)
∑
yil=1 fil=1 (normalization), (ii) fil≥ 0 (∀yil=1) (non-

negativity), and (iii) fil=0 (∀yil=0). The second constraint
implies that the ground-truth label of each example resides
in the candidate label set, and the third constraint guaran-
tees that the labeling confidence of each non-candidate label
must be 0. Note that F is a learnable matrix and we can
learn this matrix by minimizing the following Eq. (2) once
the similarity graph weights S is determined.

After generating the labeling confidence matrix F, the
original partial label data set D can be transformed into
its disambiguated counterpart: D̃ = {(xi,fi)|1 ≤ i ≤ m}.
Then we can induce the predictive model by performing a
multi-output regression on the disambiguated data set D̃. In
feature-aware disambiguation, the disambiguated labeling
confidences are generated by exploiting the graph structure
of the feature space. Specifically, the similarity graph weight
matrix S can be constructed by solving the following linear
least square problem:

min
S

m∑
j=1

∥∥∥xj −∑(xi,xj)∈E
sijxi

∥∥∥2
2

(1)

s.t. S>1m = 1m,

sij ≥ 0 (∀(xi,xj) ∈ E), sij = 0 (∀(xi,xj) /∈ E),
where 1m is an all 1 vector with size m. After obtaining the
graph weight matrix, the labeling confidence matrix F can
be acquired by solving the following problem:

min
F

m∑
j=1

∥∥∥fj −∑(xi,xj)∈E
sijfi

∥∥∥2
2

s.t. F1q = 1m, fil ≥ 0 (∀yil = 1), fil = 0 (∀yil = 0).

(2)

This optimization problem is formalized according to the
smoothness assumption that the similarity of instance in the
feature space should also be preserved in the label space.

3.3 Adaptive Graph Guided Disambiguation
The above two optimization problems are solved inde-
pendently in previous feature-aware label disambiguation
approaches, thus the disambiguation process is actually
guided by a fixed graph. It is challenging to reveal the
intrinsic structure within the data using the fixed similarity
graph due to the widely-existing of noises and outliers. A
natural idea to solve this issue is to consider generating
the similarity weight matrix in an adaptive way. Therefore,
we choose to simultaneously generate the similarity weight
matrix and differentiate the labeling confidence so as to
achieve better disambiguation results. By solving the above

Fig. 3. The optimization procedure of our PL-AGGD approach. From this
illustration we can see in our approach, the similarity weights between
examples are dynamically updated with the model training and label
disambiguation.

two problems jointly, the similarity graph weights can be not
only determined by the similarity information of features,
but also adjusted based on the feedback from label space.
Compared to fixed graph, adaptive graph could be more
robust and accurate to reveal the similarity and intrinsic
manifold structure within the data.

Instead of using the two-stage (disambiguation-then-
induction) strategy in previous algorithms [64], [69], we
further perform candidate label disambiguation and pre-
dictive model training simultaneously. Thus the labeling
confidence can be optimized by leveraging the manifold
structure in feature space and modeling outputs in la-
bel space. To this end, we present a unified optimization
framework to make labeling confidences, similarity weights
and predictive model parameters be jointly optimized to
achieve strong generalization performance. We denote ma-
trix W ∈ Rd×q as the model parameters, and use the least
squares loss to optimize the predictive model:

`(g(xi),fi) =
∥∥∥W>xi − fi

∥∥∥2
2
. (3)

And we adopt the widely-used squared Frobenius norm
as the regularization term to control the model complexity.
Then the objective function is shown as below:

min
S,F,W

m∑
j=1

∥∥∥W>xi−fi
∥∥∥2
2
+µ

m∑
j=1

∥∥∥fj−∑(xi,xj)∈E
sijfi

∥∥∥2
2

+ γ
m∑
j=1

∥∥∥xj −∑(xi,xj)∈E
sijxi

∥∥∥2
2
+ λ ‖W‖2F

s.t. S>1m = 1m, 0m×m ≤ S ≤ N,

F1q = 1m, 0m×q ≤ F ≤ Y,
(4)

where N ∈ {0, 1}m×m is defined as: nij = 1 if (xi,xj) ∈ E
and nij = 0 otherwise. Furthermore, 0m×m is the m×m all
0 matrix, λ is the trade-off parameter of the regularization
term, and µ, γ are the trade-off parameters for reconstruc-
tion loss in label space and feature space respectively.

3.4 Alternative Optimization

As shown in previous subsection, the joint optimization
problem (4) contains three sets of variables with different
regularizations and constraints, thus it is hard to be tackled
directly. In this subsection, we show that this problem can be
solved by applying the alternative optimization algorithm.
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Specifically, each set of variables will be iteratively opti-
mized by fixing other sets of variables until convergence
or the maximum number of iterations is reached.

Update S With fixed F and W, we can re-write the opti-
mization problem (4) as follows:

min
S

µ
m∑
j=1

∥∥∥fj −∑(xi,xj)∈E
sijfi

∥∥∥2
2

+ γ
m∑
j=1

∥∥∥xj −∑(xi,xj)∈E
sijxi

∥∥∥2
2

s.t. S>1m = 1m, 0m×m ≤ S ≤ N. (5)

Since the similarity vector of each sample is independent
with others (i.e. each column of similarity matrix S is inde-
pendent with other columns), we can fix other variables and
optimize each similarity vector one by one. We consider to
solve the following problem for the j-th sample in the rest
of this subsection:

min
S·j

µ
∥∥∥fj−∑(xi,xj)∈E

sijfi

∥∥∥2
2
+ γ

∥∥∥xj−∑(xi,xj)∈E
sijxi

∥∥∥2
2

s.t. S>·j1m = 1, 0m ≤ S·j ≤ N·j , (6)

where S·j is the j-th column of S, and it corresponds
to the reconstruction weights for xj . Note that for S·j ,
there are only k non-negative elements which we need
to update. Let ŝj ∈ Rk denotes the similarity weight
vector with each element representing a weight value that
characterizes the relative importance of a neighboring sam-
ple in reconstructing xj . Denote matrix Dfj = [fj −
fNj(1)

,fj − fNj(2)
, ...,fj − fNj(k)]

> ∈ Rk×q and matrix
Dxj = [xj − xNj(1)

,xj − xNj(2)
, ...,xj − xNj(k)]

> ∈ Rk×d.
Then the optimization problem (6) can be re-written as
follows:

min
ŝj

ŝ>j (µGfj + γGxj )ŝj

s.t. ŝ>j 1k = 1, 0k ≤ ŝj ≤ 1k,
(7)

where Gfj = Dfj (Dfj )> ∈ Rk×k and Gxj = Dxj (Dxj )> ∈
Rk×k are two Gram matrices corresponding to label space
and feature space respectively. The optimization problem (7)
is a standard Quadratic Programming (QP) problem with
only k variables which can be efficiently solved by off-the-
shelf QP tools. After each ŝi is solved, we concatenate them
together and obtain the updated graph matrix S.

Update F While S and W are fixed, the optimization
problem (4) can be stated as follows:

min
F
‖H− F‖2F + µ

m∑
j=1

∥∥∥fj −∑(xi,xj)∈E
sijfi

∥∥∥2
2

s.t. F1q = 1m,0m×q ≤ F ≤ Y,

(8)

where F = [f1,f2, ...,fm]> ∈ Rm×q , and H∈ Rm×q is
denoted as the modeling output matrix. The first term
of the above objective function guarantees the consistency
between the model outputs and labeling confidences, and
the second term considers the manifold assumption of label
space. It is hard to optimize this function directly, thus we
reformulate problem (8) so as to update F.

Let f̃ = vec(F) ∈ [0, 1]mq where vec(•) is the vec-
torization operator. Likewise, h̃ = vec(H) ∈ Rmq and
ỹ = vec(Y) ∈ {0, 1}mq . We define a square matrix:
T = 2(Im×m − S)(Im×m − S)> where Im×m is an identity
matrix with m rows and m columns. By denoting the cost
function of problem (8) as J (F), then we have:

J (F) =
m∑
i=1

q∑
j=1

(hij − fij)2+µ
m∑
j=1

∥∥∥F>(Im×m)·i− F>S·j

∥∥∥2
2

=
m∑
i=1

q∑
j=1

(h2ij − 2hijfij + f2ij) + µ
∥∥∥(Im×m − S)>F

∥∥∥2
F

=
m∑
i=1

q∑
j=1

(−2hijfij + f2ij) +
µ

2
tr(F>TF) + C

=
µ

2

q∑
i=1

F>·i TF·i+

q∑
i=1

F>·i F·i−2
q∑
i=1

H>·iF·j+C.

(9)

Here C is a constant and equal to
∑m
i=1

∑q
j=1 hij , while∑q

i=1 F>·i TF·i is equal to f̃>Λf̃ , where Λ ∈ Rmq×mq is
defined as follows:

Λ =


T 0m×m · · · 0m×m

0m×m T
. . .

...
...

. . .
. . . 0m×m

0m×m · · · 0m×m T

 . (10)

Then minimizing the above function is equivalent to mini-
mize the following function:

J̃ (f̃) = µ

2
f̃>Λf̃ + f̃>f̃ − 2h̃>f̃

=
1

2
f̃>(Λ +

2

µ
Imq×mq)f̃ −

2

µ
h̃>f̃ .

(11)

Thus the optimization problem (8) can be reformulated as
follows:

min
f̃

1

2
f̃>

(
Λ +

2

µ
Imq×mq

)
f̃ − 2

µ
h̃>f̃ (12)

s.t. 0mq≤ f̃≤ ỹ,
∑mq

j=1,j%m=i
f̃j=1(∀0≤ i≤m−1).

It is obviously that the optimization problem (12) also
corresponds a standard Quadratic Programming problem,
which can be solved by off-the-shelf QP tools. The second
constraint of problem (12) can be implemented in matrix
form when using QP tools. Specifically, let B = [Im×m,
Im×m, ..., Im×m] ∈ {0, 1}m×mq , then the constraint can be
represented as Bf̃ = 1m. Note that this QP problem have
mq variables and m(q + 1) constraints, thus the computa-
tional complexity would be demanding when mq is large.
Following [69] we employ alternating optimization strategy
for large-scale data sets. For labeling confidence vector fj ,
it can be optimized by fixing all other labeling confidence
vectors:

min
fj

(
tjj
2

+
1

µ
)f>j fj+

(∑m

i=1,i6=j tijf
>
i −

2

µ
h>i

)
fj

s.t. 0q ≤ fj ≤ yj , fj1q = 1.

(13)

Now the problem (12) is transformed into a series of QP
subproblems with q variables and q + 1 constraints which
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TABLE 2
The pseudo-code of PL-AGGD

Input:

D: the partially labeled training set {(xi, Yi)|1 ≤ i ≤ m} (xi ∈ X , Yi ∈ Y , X = Rd and Y = {0, 1}q)

k: the number of nearest neighbors used for weighted graph construction

µ, γ, λ: the trade-off parameters in objective function (4)

x: the unseen instance to be predicted

Output:

y: the predicted label for instance x

Process:

1: Calculate the kernel matrix K=[κ(xi,xj)]m×m (1 ≤ i, j ≤ m) over training examples;

2: Set the similarity graph G = (V, E,S) with V = {xi|0 ≤ i ≤ m} and E = {(xi,xj)|xi ∈ KNN(xj), i 6= j};
3: Initial the similarity matrix S by solving problem (1);

4: Initial the label confidence matrix F by solving problem (2);

5: repeat

6: Update the matrix A and bias vector b according to (19);

7: Calculate the model output matrix according to H = 1
2λ

KA + 1mb>;

8: for j = 1 to m do

9: Calculate the vector ŝj ∈ Rk by solving problem (7) with QP procedure and update the j-th column S·j of the similarity matrix S;

10: end for

11: Update the label confidence matrix F by solving problem (12) or iteratively solving a series subproblems as per Equation (13);

12: until convergence or maximum number of iterations being reached

13: return the predicted label y according to Equation (20).

can be solved more efficiently.

Update W With the simple linear model g(xi) = W>xi
while fixing F and S, the problem (4) can be stated as
follows:

min
W

∑
i

∥∥∥W>xi − fi
∥∥∥2
2
+ λ ‖W‖2F . (14)

This regularized least squares problem is simple and can
be easily solved by gradient descent method or closed-form
solutions:

W = (X>X + λIm×m)−1X>F. (15)

Such linear model may not be able to deal with the complex
nonlinear case, thus in the next subsection we adopt the
kernel extension to achieve better performance.

Complexity Analysis Our optimization algorithm mainly
contains several steps. Before alternative optimization, we
need to find the k nearest neighbors for each sample in
training data. The typical method constructs the data struc-
ture index in O(dm logm) (we use KD-Tree in our imple-
mentation) and then searches the k nearest neighbors for all
training samples in O(km logm). Then, our method needs
to iteratively solve three optimization problem w.r.t. S, F
and W. To solve the QP problems of (7) and (12), we use the
interior point method [62] which requires constant iterations
and each iteration can be computed in O(n3) (n denotes
the number of variables to be solved). Therefore, S and F
can be solved in O(mk3) and O(m3q3) respectively. When
mq is large, we can solve the problem of (13) as an efficient
alternative when updating F, which requires the complexity
of O(mq3). Furthermore, the corresponding complexity for

updating W is O(m3). In summary, the overall complexity
of our optimization algorithm is the sum of these operations
mentioned above.

3.5 Kernel Extension

Extension I Let φ(•) : Rd → Rh denote the feature
mapping that maps the feature space to some higher di-
mensional Hilbert space with h dimensions, then we can
train kernel ridge regression model. By further employing
the bias term b ∈ Rq in predictive function, the predic-
tive function with kernel extension can be represented as
g(xi) = W>φ(xi) + b. Then (14) can be reformulated as
following problem when updating W:

min
W

∑
i

‖εi‖22+λ ‖W‖
2
F s.t. fi=W>φ(xi)+b−εi. (16)

By defining a matrix E = [ε1, ε2, ..., ε3]
> ∈ Rm×q , the above

problem can be re-written in the following matrix form:

min
W

tr(E>E)+λtr(W>W) s.t. F=ΦW+1mb>−E,

(17)
where Φ = [φ(x1), φ(x2), ..., φ(xm)]>. The lagrangian func-
tion of this problem is:

L(W,E,A) (18)

= tr(E>E)+λtr(W>W)−tr(A>(ΦW+1mb>−E−F)),

where A ∈ Rm×q stores the Lagrange multipliers. We
know that the optimum solution of (16) need to satisfy the
following conditions:
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∂L
∂W

= 2λW −Φ>A = 0,
∂L
∂E

= 2E + A = 0,

∂L
∂A

= ΦW + 1mb> −E− F = 0.

(19)

From these linear equations we can obtain:

W=
Φ>A

2λ
, A=

(
1

2λ
K+

1

2
Im×m

)−1(
F−1mb>

)
b =

(
dF

d1m

)>
, d = 1>m

(
1

2λ
K+

1

2
Im×m

)−1
,

(20)

where K = ΦΦ> with its element kij = κ(xi,xj) based
on the corresponding kernel function κ(·, ·). For PL-AGGD,
Gaussian kernel κ(xi,xj) = exp(−‖xi−xj‖22

σ2 ) is employed
with σ being the average distance among each pair of
training examples. Then, by incorporating the specified
kernel function, the modeling output matrix is denoted by
H = 1

2λKA + 1mb>. Furthermore, the predicted label of
the test example x yielded by our approach is given as:

y∗ = argmax
k

m∑
i=1

aikκ(x,xi). (21)

Extension II Besides the kernelized predictive model, we
can further map data to high dimensional space when
obtaining the graph weights S. To search k nearest neigh-
bors, we need to calculate the distance in high dimensional
Hilbert space, this can be efficiently done as follows [42]:

‖φ(xi)− φ(xj)‖2
=
√
(φ(xi)− φ(xj))>(φ(xi)− φ(xj))

=
√
κ(xi,xi)− 2κ(xi,xj) + κ(xj ,xj)

=
√
kii − 2kij + kjj .

(22)

Now, with kernel mapping φ(•),(6) can be reformulated as:

min
S·j

µ
∥∥∥fj−∑(xi,xj)∈E

sijfi

∥∥∥2
2

+ γ
∥∥∥φ(xj)−∑(xi,xj)∈E

sijφ(xi)
∥∥∥2
2

s.t. S>·j1m = 1, 0m ≤ S·j ≤ N·j .

(23)

The second termof (23) can be restated as:∥∥∥φ(xj)−∑(xi,xj)∈E
sijφ(xi)

∥∥∥2
2
= ŝ>j G

xj

φ ŝj , (24)

where G
xj

φ = D
xj

φ (D
xj

φ )> ∈ Rk×k is the Gram matrix corre-
sponding to the Hilbert feature space and D

xj

φ = [φ(xj) −
φ(xNj(1)

), φ(xj) − φ(xNj(2)
), ..., φ(xj) − φ(xNj(k))]

> ∈
Rk×m. Here, the (a, b)-th element of G

xj

φ can be efficiently
calculated as:

G
xj

φ (a, b) = (φ(xj)− φ(xNj(a)))
>(φ(xj)− φ(xNj(b)

))

= κ(xj ,xj)− κ(xj ,xNj(a))

− κ(xj ,xNj(b)
) + κ(xNj(a),xNj(b)

)

= kjj − kjNj(a) − kjNj(b) + kNj(a)Nj(b).

(25)

Then, we can replace Gxj with G
xj

φ in (7) and optimize a
similar QP problem with k variables to update S.

TABLE 3
The pseudo-code of PL-AGGD+

Input:

D, k, µ, γ, λ (same as in Table 2)

n: the number of selected instances in each query round

c: query interval

Output:

The learned model.

Process:

1-4: Follow the same procedure as in Table 2.

5: t = 0;

6: repeat

7: if t% c = 0 do

8: Query n instance {xa1 ,xa2 , ...,xan};
9: Update the partial label matrix Y;

10: end if

11: Sequentially update A, b, S and F;

12: t = t+ 1;

13: until maximum number of iterations being reached

14: return the learned model.

Table 2 summarizes the complete procedure of PL-AGGD.
Our approach firstly initializes S and F (Steps 2-4) by
adopting manifold assumption with initial graph weights.
Then the alternative optimization strategy is adopted to
learn adaptive graph weights to guide label disambiguation
(Steps 5-12) and model training simultaneously. Finally, the
unseen instance is classified based on the learned predictive
model (Step 13).

3.6 Active Query Selection

In this subsection, we consider the particular case in which
the learner is allowed to selectively query examples from
ambiguously labeled data for manual disambiguation. We
found that the proposed training algorithm is feasible to
interact with oracle in active learning setting, since the
instance query can be blended with the optimization of
model and labeling confidences. Table 3 shows the derived
algorithm PL-AGGD+, in which the learner/oracle interaction
occurs at the c-th, 2c-th... optimization iterations.

By bringing the active query in, PL-AGGD+ needs to learn
from updated data set which contains both ambiguous
instances and new disambiguated instances. Suppose the
learner queries n instances {xa1 ,xa2 , ...,xan} and their
labels are provided by the oracle. We only need to set the
corresponding rows of Y to the correct one-hot label vectors.
Also note that in our graph guided training algorithm, the
explicit instance-label pair from the oracle can not only
include a direct training signal for this instance in the
model training, but also influence the labeling confidences
of other instances when updating the labeling confidences
in optimization procedure.

Now we turn our attention to strategies for actively se-
lecting query instances for disambiguation. To derive more
useful information from the oracle feedback, the algorithm
tends to choose instance with high uncertainty. Here we
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introduce two simple but effective criterion to measure the
uncertainty of each instance.

Entropy-based Uncertainty (EU) The uncertainty of an
instance can be quantified via the entropy of the labeling
confidences. For the instance xi, denote f̂i as the disam-
biguated label vector from oracle, then the the entropy
reduction is:

UE(xi) = E(fi)− E(f̂i), (26)

where E(·) is the entropy function. In active partial label
learning, the disambiguated label set is a one-hot code
vector, and its entropy is always 0. Thus, given a labeling
confidence vector fi, we can quantify its uncertainty via
estimating the expected entropy reduction which is equal
to the entropy of the labeling confidence distribution fi:
E(fi) =

∑q
l=1 fil · log fil.

Margin-based Uncertainty (MU) Another way for measure
the uncertainty of instances is from the maximum margin
view. For a partially labeled instance, there is only one
label among its candidate labels which is valid. Given
instance xi, if the margin between its maximum labeling
confidence and other labeling confidences is large, then it
seems that this instance is easy for our learning approach to
automatically disambiguate its candidate labels; otherwise
it is hard for the learning approach to disambiguate it. Thus
the margin between the maximum confidence of the label
from candidate labels and other labeling confidences can be
considered as a criterion for uncertainty. Formally, margin-
based uncertainty is represented as follows:

UM (xi) = 1− fio + maxj 6=o,yj∈Yi
(fij), (27)

where o= argmax
1≤j≤q

fij denotes the label index which has the

maximum labeling confidence.

4 EXPERIMENTS
In this section, two series of comparative experiments on
controlled data sets as well as real-world data sets are
conducted.1 We firstly introduce the experimental setup.
Secondly, We report the detailed experimental results with
statistical performance comparisons.

4.1 Experimental Setup
Data sets For comprehensive performance evaluation, we
compare our proposed approach with other approaches on
both controlled UCI data sets and real-world partial label
data sets. Characteristics of the controlled UCI data sets and
real-world data sets are summarized in Table 4 and Table 7
respectively. We follow the widely-used controlling protocol
in previous partial label learning research [8], [9], [32], and
generate artificial partial label data sets under different
configurations of controlling parameters p, r and ε based
on the given multi-class UCI data sets. Firstly, we use p to
control the proportion of examples which are ambiguously
labeled. Secondly, r controls the number of false positive
labels in the candidate label set (i.e. |Yi| = r + 1) of each

1All the real-world partial label data sets used in this paper
and our code implementation of PL-AGGD are publicly-available
at: http://palm.seu.edu.cn/zhangml/Resource.htm#partial data and
http://palm.seu.edu.cn/zhangml/files/PL-AGGD.rar

TABLE 4
Characteristics of the UCI data sets.

Data set #examples #features #classes

vehicle 846 18 4

sensor 5456 24 4

steel 1941 27 7

segment 2310 18 7

ecoli 336 7 8

winerate 1599 11 10

pendigits 10992 16 10

abalone 4177 7 29

example, and in our setting the false positive labels in the
training set are generated without replacement. Thirdly,
ε denotes the ambiguity degree which controls the co-
occurring probability of one coupling candidate label and
the ground-truth label. We achieve this by firstly choosing at
random for each label a dominant co-occurring label which
is sampled with probability ε, and then the rest of the labels
are sampled uniformly with probability (1−ε)/(L−2) (there
is a single extra label per example).

In addition, a number of real-world partially labeled
data sets have been collected from several tasks and
domains (see in Table 7) including Lost [10], Soccer
Player [65], Yahoo! News [20] from automatic face nam-
ing, MSRCv2 [32] from object classification, FG-NET [39]
from facial age estimation, BirdSong [5] from bird song
classification, Malagasy [16] and Italian [28] from POS
tagging, and Mirflickr [24] from web image classification.
For the automatic face naming task, faces cropped from an
image are represented as instances while names extracted
from the associated captions or subtitles are regarded as the
corresponding candidate labels. For the task of object clas-
sification, image segmentations are regarded as instances
while objects appearing within the same image are the
corresponding candidate labels. For the task of facial age
estimation, a human face is an instance while age numbers
annotated by ten crowdsourced labelers as well as the
ground-truth age are regarded as candidate labels. For the
bird song classification, singing syllables of the birds are
represented as instances while bird species jointly singing
during a 10-seconds period are regarded as candidate la-
bels. For web image classification, images are represented
as instances while tags extracted from the web page are
regarded as candidate labels. For POS tagging tasks, a given
word with contextual information can be considered as
an instance and all possible POS tags are regarded as the
candidate labels. The average number of candidate labels
(avg. #CLs ) for each real-world partial label data set is also
recorded in Table 7.

Compared Methods Five well-established partial label
learning algorithms are employed for comparative stud-
ies, including two averaging-based partial label learning
approaches PL-KNN [25] and CLPL [9], two identification-
based approaches PL-SVM [38] and LSB-CMM [32], as well as
feature-aware disambiguation approach PL-LEAF [69]. Each
compared algorithm is implemented with the default hyper
parameters setup suggested in respective literatures.
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Fig. 4. The first two rows illustrate the classification accuracy of each comparing algorithm with varying ε (co-occurring probability of the coupling
label) and fixed r and p (r = 1, p = 1).The last two rows illustrate the classification accuracy of each comparing algorithm with varying p (the
proportion of examples which are partially labeled) and fixed r and ε (r = 2 for vehicle and sensor, r = 5 for others, ε = 1

r
).

4.2 Main Experimental Results

In this subsection, we present the comparison results on
both controlled and real-world data sets. The parameters of
the proposed approach PL-AGGD are set as k = 10, T = 20,
λ = 1, µ = 1 and γ = 0.05. We perform ten runs of
50%/50% random train/test splits on each artificial as well
as real-world partial label data set, and the mean accuracies
(with standard deviations) are recorded for all algorithms.
The parameter sensitivity analysis of PL-AGGD is conducted
in Subsection 4.3. We use kernel extension I in our main
experiments, and the comparison results with linear model
and kernel extension II will be presented in ablation study
in Subsection 4.5.

Controlled UCI Data Sets The classification results on the
controlled UCI data sets are reported in Fig. 4 and Table
5. The top two rows of Fig. 4 illustrate the classification

accuracy of each comparing algorithm with varying label
co-occurring probability ε from 0.1 to 0.8 with step size 0.1.
For any ground-truth label y ∈ Y , one extra label y′ 6= y is
designated as the coupling label which co-occurs with y in
the candidate label set with probability ε (r=1). The last two
rows illustrate the classification accuracy of each comparing
algorithm with varying proportion p of examples which are
partially labeled. For each example, there will be r other
labels randomly chosen to co-occur with the ground-truth
label. Note that for vehicle and sensor, there are only
4 labels in each of these two data sets, and the minimum
ambiguity degree of all label pairs is 1/3, therefore we vary
ε from 0.4 to 0.8 in Fig. 4a and 4b. In the experiments with
varying p, we set r = 2 for vehicle and sensor and r = 5
for other data sets.

Furthermore, we vary the ambiguity size, i.e. the number
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TABLE 5
Classification accuracy (mean±std) of each comparing algorithm on the controlled UCI data sets with varying r (false positive candidate label). In
addition, •/◦ indicates whether the performance of PL-AGGD is statistically superior/inferior to the comparing algorithm on each data set (pairwise

t-test at 0.05 significance level).

Data set r PL-AGGD PL-KNN CLPL PL-SVM LSB-CMM PL-LEAF

vehicle
1 0.770±0.025 0.641±0.017• 0.756±0.025• 0.727±0.027• 0.720±0.022• 0.753±0.024•

2 0.686±0.028 0.512±0.018• 0.708±0.015• 0.649±0.032• 0.604±0.025• 0.670±0.033•

sensor
1 0.866±0.004 0.771±0.006• 0.633±0.010• 0.682±0.010• 0.775±0.010• 0.865±0.005

2 0.811±0.008 0.692±0.015• 0.605±0.013• 0.650±0.023• 0.649±0.006• 0.788±0.006•

steel

1 0.733±0.019 0.677±0.009• 0.614±0.016• 0.660±0.013• 0.708±0.013• 0.730±0.017

3 0.703±0.014 0.605±0.011• 0.579±0.026• 0.612±0.026• 0.656±0.009• 0.693±0.016•

5 0.580±0.028 0.329±0.024• 0.501±0.038• 0.474±0.056• 0.528±0.029• 0.550±0.034•

segment

1 0.927±0.006 0.907±0.009• 0.811±0.008• 0.915±0.010• 0.925±0.008 0.929±0.005

3 0.908±0.007 0.878±0.000• 0.805±0.016• 0.916±0.004◦ 0.896±0.011• 0.912±0.010◦

5 0.862±0.019 0.512±0.032• 0.780±0.016• 0.816±0.066• 0.765±0.026• 0.847±0.020•

ecoli

1 0.837±0.024 0.804±0.033• 0.815±0.026• 0.828±0.033 0.825±0.029 0.833±0.024

3 0.828±0.028 0.796±0.027• 0.805±0.034• 0.816±0.026 0.767±0.027• 0.833±0.031

5 0.727±0.063 0.633±0.068• 0.697±0.065• 0.667±0.086• 0.622±0.070• 0.716±0.067•

winerate

1 0.588±0.014 0.533±0.018• 0.469±0.016• 0.512±0.018• 0.581±0.012 0.587±0.012

3 0.574±0.018 0.452±0.029• 0.438±0.028• 0.502±0.021• 0.581±0.015◦ 0.549±0.018•

5 0.515±0.032 0.315±0.024• 0.377±0.022• 0.423±0.042• 0.547±0.018◦ 0.469±0.037•

pendigits

1 0.990±0.001 0.984±0.001• 0.849±0.002• 0.905±0.004• 0.951±0.003• 0.991±0.000◦

3 0.990±0.001 0.983±0.001• 0.832±0.005• 0.889±0.007• 0.919±0.009• 0.990±0.001

5 0.989±0.001 0.966±0.002• 0.830±0.006• 0.857±0.055• 0.882±0.004• 0.988±0.001

abalone

1 0.260±0.008 0.230±0.006• 0.227±0.008• 0.158±0.020• 0.265±0.014◦ 0.259±0.009

4 0.253±0.005 0.187±0.004• 0.219±0.010• 0.149±0.030• 0.256±0.006 0.248±0.005•

7 0.248±0.010 0.150±0.011• 0.204±0.006• 0.156±0.033• 0.239±0.009• 0.238±0.008•

10 0.241±0.009 0.122±0.008• 0.190±0.007• 0.184±0.019• 0.230±0.012• 0.227±0.008•

TABLE 6
Win/tie/loss counts on the classification performance of PL-AGGD
against each comparing algorithm on controlled UCI data sets.

PL-AGGD against

PL-KNN CLPL PL-SVM LSB-CMM PL-LEAF

[varying ε] 52/0/0 47/5/0 45/7/0 38/13/1 29/20/3

[varying p] 64/0/0 59/5/0 57/7/0 46/14/4 20/36/8

[varying r] 23/0/0 23/0/0 10/2/1 16/4/3 13/8/2

In total 139/0/0 129/10/0 122/16/1 100/31/8 62/64/13

of extra labels associated with each example (see in Table 5).
For each example, along with the ground-truth label, r extra
class labels will be randomly picked up to constitute the
candidate label set.

As shown in Fig. 4 and Table 5, PL-AGGD achieves su-
perior or competitive performance against the comparing
algorithms. Table 6 summarizes the win/tie/loss counts
between PL-AGGD and each comparing algorithm. Out of the
139 statistical tests on all 8 UCI data sets, it is shown that:

• Comparing to averaging-based disambiguation ap-
proaches, PL-AGGD achieves superior performance

against PL-KNN and CLPL in 100% and 93% cases
respectively.

• Comparing to identification-based disambiguation
approaches, PL-AGGD achieves superior performance
against PL-SVM and LSB-CMM in 88% and 72% cases
respectively. Furthermore, the performance of PL-

AGGD is inferior to PL-SVM in only 1 case and has been
outperformed by LSB-CMM in only 8 cases.

• Comparing to existing feature-aware approach PL-

LEAF, PL-AGGD achieves superior performance in 45%
cases and is outperformed by PL-LEAF in only 9%
cases. Furthermore, from Fig. 4 and Table 5 we can
observe that PL-AGGD is more robust when class am-
biguity degree ε or ambiguity size r is large.

Real-World Data Sets The classification accuracy of each
comparing algorithm on the real-world partial label data
sets is reported in Table 8. Note that the average size of
candidate label set (avg. #CLs) of the data set FG-NET is
quite large, which could cause the extremely low classifica-
tion accuracy of all compared algorithms on the test data
set. The common evaluation criteria on this task is mean
average error (MAE) between the predicted age and the
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TABLE 7
Characteristics of the real-world data sets.

Data set #examples #features #classes avg. #CLs Task Domain

FG-NET 1002 262 78 7.48 facial age estimation [39]

Lost 1122 108 16 2.23 automatic face naming [10]

MSRCv2 1758 48 23 3.16 object classification [32]

Mirflickr 2780 1536 14 2.76 web image classification[24]

Birdsong 4998 38 13 2.18 bird song classification [5]

Malagasy 5303 384 44 8.35 POS Tagging [16]

Soccer Player 17472 279 171 2.09 automatic face naming [65]

Italian 21878 519 90 1.6 POS Tagging [28]

Yahoo! News 22991 163 219 1.91 automatic face naming [20]

TABLE 8
Classification accuracy (mean±std) of each comparing algorithm on the real-world partial label data sets. In addition, •/◦ indicates whether the
performance of PL-AGGD is statistically superior/inferior to the comparing algorithm on each data set (pairwise t-test at 0.05 significance level).

Data set PL-AGGD PL-KNN CLPL PL-SVM LSB-CMM PL-LEAF

FG-NET(MAE3) 0.427±0.012 0.278±0.019• 0.320±0.038• 0.347±0.018• 0.353±0.016• 0.407±0.022•
FG-NET(MAE5) 0.566±0.018 0.425±0.019• 0.451±0.043• 0.483±0.019• 0.502±0.021• 0.544±0.028•

Lost 0.711±0.010 0.308±0.025• 0.662±0.022• 0.682±0.031• 0.594±0.021• 0.678±0.016•
MSRCv2 0.464±0.014 0.403±0.017• 0.399±0.016• 0.430±0.014• 0.404±0.016• 0.470±0.018
Mirflickr 0.652±0.016 0.488±0.022• 0.660±0.014 0.607±0.032• 0.580±0.030• 0.634±0.014•
BirdSong 0.717±0.008 0.627±0.006• 0.624±0.009• 0.663±0.018• 0.683±0.003• 0.707±0.008•
Malagasy 0.651±0.020 0.577±0.007• 0.602±0.009• 0.608±0.009• 0.551±0.009• 0.622±0.018•

Soccer Player 0.524±0.005 0.494±0.004• 0.348±0.005• 0.485±0.004• 0.504±0.002• 0.516±0.003•
Italian 0.698±0.013 0.510±0.007• 0.724±0.011◦ 0.596±0.024• 0.656±0.002• 0.675±0.009•

Yahoo! News 0.613±0.005 0.448±0.005• 0.459±0.005• 0.609±0.006 0.585±0.005• 0.607±0.002•

ground-truth age. In Table 8, for better evaluation of this
facial age estimation task, the comparison experiment of
data set FG-NET are evaluated on MAE3 and MAE5, i.e.
test examples are considered to be correctly classified if the
difference between the predicted age and the ground-truth
age is no more than 3 years and 5 years.

The classification results of real-world partial label learn-
ing tasks are shown in Table 8. It is obvious that PL-AGGD

outperforms all the counterpart algorithms on these real-
world tasks expect for CLPL on Mirflickr, PL-SVM on
Yahoo! News and PL-LEAF on MSRCv2. Furthermore, our
approach is only outperformed by CLPL on the Italian
data set.

4.3 Further Analysis

Transductive Accuracy In addition to the inductive per-
formance, it is also interesting to evaluate the transductive
performance of each algorithm on the training examples [9],
[69]2. Transductive performance reflects the disambiguation
ability of each partial label learning algorithm. For PL-AGGD

and PL-LEAF, the generated labeling confidence vector fi can
be used to determine the ground-truth label of a training
example xi as ŷi = argmaxyk∈Yi

fik. For other approach,

2Note that induction refers to learning a predictive function that can
be applied to any novel instance, while transduction is only concerned
with the disambiguation performance on training data.

TABLE 9
Win/tie/loss counts on the transductive performance of PL-AGGD
against each comparing algorithm on controlled UCI data sets.

PL-AGGD against

PL-KNN CLPL PL-SVM LSB-CMM PL-LEAF

[varying ε] 48/4/0 48/2/2 43/7/2 26/11/15 39/13/0

[varying p] 52/11/1 62/2/0 58/6/0 33/12/19 46/10/8

[varying r] 23/0/0 20/2/1 19/4/0 11/4/8 17/4/2

In total 123/15/1 130/6/3 120/17/2 70/27/42 102/27/10

the ground-truth label can be determined by consulting the
candidate label set Yi, i.e. set ŷi ∈ Yi with largest modeling
output. Accordingly, the transductive accuracy of each com-
paring algorithm on real-world data sets is reported in Table
10. Out of the 50 statistical tests (10 data sets × 5 comparing
algorithm), it is shown that:

• Comparing to averaging-based disambiguation ap-
proaches, PL-AGGD is only outperformed by CLPL on
the Lost data set. In terms of the rest statistical tests,
the performance of PL-AGGD is superior or at least
comparable to PL-KNN and CLPL.

• Comparing to identification-based disambiguation
approaches, PL-AGGD is outperformed by PL-SVM on
the Yahoo! News data set. In terms of the rest statis-
tical tests, the performance of PL-AGGD is superior or
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TABLE 10
Transductive accuracy (mean±std) of each comparing algorithm on the real-world partial label data sets. In addition, •/◦ indicates whether the
performance of PL-AGGD is statistically superior/inferior to the comparing algorithm on each data set (pairwise t-test at 0.05 significance level).

Data set PL-AGGD PL-KNN CLPL PL-SVM LSB-CMM PL-LEAF

FG-NET(MAE3) 0.565±0.013 0.545±0.023• 0.547±0.014• 0.531±0.029• 0.530±0.015• 0.546±0.015•
FG-NET(MAE5) 0.701±0.014 0.702±0.022 0.694±0.021 0.670±0.027• 0.674±0.013• 0.681±0.019•

Lost 0.830±0.015 0.586±0.024• 0.848±0.019◦ 0.832±0.027 0.748±0.023• 0.776±0.019•
MSRCv2 0.630±0.009 0.567±0.020• 0.604±0.025• 0.619±0.026• 0.592±0.023• 0.628±0.008
Mirflickr 0.697±0.010 0.567±0.015• 0.706±0.013 0.669±0.027• 0.632±0.013• 0.665±0.014•
BirdSong 0.826±0.012 0.751±0.014• 0.758±0.015• 0.830±0.014 0.812±0.015 0.782±0.016•
Malagasy 0.806±0.020 0.797±0.008 0.724±0.013• 0.790±0.015 0.710±0.006• 0.767±0.025•

Soccer Player 0.715±0.005 0.652±0.004• 0.626±0.003• 0.710±0.006 0.684±0.003• 0.701±0.004•
Italian 0.831±0.011 0.686±0.005• 0.684±0.009• 0.793±0.018• 0.814±0.004• 0.802±0.005•

Yahoo! News 0.837±0.003 0.700±0.003• 0.746±0.008• 0.842±0.002◦ 0.830±0.003• 0.820±0.003•

(a) Varying λ/µ on Lost (b) Varying λ/µ on BirdSong (c) Varying λ/µ on MSRCv2
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Fig. 5. Parameter sensitivity analysis for PL-AGGD. (a) Classification accuracy of PL-AGGD on Lost by varying λ and µ; (b) Classification accuracy
of PL-AGGD on BirdSong by varying λ and µ; (c) Classification accuracy of PL-AGGD on MSRCv2 by varying λ and µ; (d) Classification accuracy of
PL-AGGD on Lost, BirdSong and MSRCv2 by varying γ; (e) Classification accuracy of PL-AGGD on Lost, BirdSong and MSRCv2 by varying k;
(f) Convergence curves of the labeling scores on Lost, BirdSong and MSRCv2.

at least comparable to PL-SVM and LSB-CMM.
• Comparing to existing feature-aware approach, the

disambiguation performance of PL-AGGD is superior
or at least comparable to PL-LEAF on all data sets.

We also conduct the comparison experiments of trans-
ductive performance on controlled UCI data sets. Table 9
summarizes the win/tie/loss counts of transductive accu-
racy between PL-AGGD and each comparing algorithm of
the 139 statistical tests on all 8 UCI data sets.3

Parameter Sensitivity The sensitivity of PL-AGGD with re-
spect to its four parameters λ, µ, γ and k is also studied. The
performance of PL-AGGD under different parameter configu-
rations on Lost, BirdSong and Mirflickr is illustrated
in Fig. 5. As shown in Fig. 5(a)-(c), when µ and λ are too
small or too large, PL-AGGD gives a poor performance. In

3For brevity, detailed comparison results are provided in supple-
mentary file.

practice, we suggest users to choose λ and µ around 1
for reliable usage. Trade-off parameter γ aims to control
the model complexity. The classification accuracy curves of
varying γ (Fig. 5(d)) obviously coincides with the fact that
it is important to balance between over-fitting and under-
fitting. In practice, the value of γ can be manually searched
prior to model training. The performance sensitivity of
different k is shown in Fig. 5(e), in which the accuracy
curves state that the performance of PL-AGGD is not sensitive
w.r.t. k especially when k is larger than 5. Fig. 5(f) shows the
convergence curves of PL-AGGD by using difference between
the labeling confidence matrices F (measured by L2 norm
||F(t)−F(t−1)||2F) of two adjacent iterations. It is shown that
the labeling confidences converge with increasing number
of iterations (F becomes convergent when T reaches 20).

4.4 Active Learning Performance
Now we report the active learning performance of PL-

AGGD+. We compare 3 active query strategies, Margin-
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Fig. 6. Active learning performance of each comparing query strategy. We compare 3 active query strategies, Margin-based Uncertainty query
strategy, Entropy-based Uncertainty query strategy and Random query strategy, as well as vanilla PL-AGGD method without active query.

TABLE 11
Win counts of each query strategy in cases where 3×1%, 3×2%, ...,
3×10% of training examples are selected for manual disambiguation.

Data set MU EU Random
Lost 9 1 0

MSRCv2 9 0 1
Mirflickr 10 0 0
Birdsong 6 4 0
Malagasy 10 0 0

Soccer Player 0 10 0
Italian 6 0 4

Yahoo! News 4 6 0
Total 54 21 5

based Uncertainty query strategy, Entropy-based Uncer-
tainty query strategy and Random query strategy, as well as
vanilla PL-AGGD approach without active query. Note that we
fix c = 10 in PL-AGGD+ for all data sets, and set n = m/100
for first 6 data sets while n = 3 × m/100 for last 3 data
sets. Thus there could be at most 30% of training examples
queried for disambiguation for all data sets. The average ac-
curacy curves of different compared strategies with queried
instances increasing are plotted in Fig. 6. We can see that
active learning strategies achieved better performance than
vanilla PL-AGGD on all these 8 data set. Furthermore, our
proposed strategies MU and EU outperform Random query
strategy in most cases. We also conduct the comparison
results when 3×1%, 3×2%, ..., 3×10% of the number of
queries is reached in Table 11. The statistic results in Table
11 show that MU and EU based strategies are better than
random query in 94% cases, and MU based query strategy
achieved superior performance than EU based strategy in
more cases.

Note that the comparison results on FG-NET are not pre-
sented in Table 11 and Fig. 6, because in facial age estimation
tasks the ambiguous labels (which are near by the ground-
truth labels) can also provide useful information for train-
ing. In active learning setting, the manual disambiguation,
which results in a one-hot label vector for each instance, will

completely erase the information of these partial labels. On
the contrary, the proposed automatic disambiguation, which
results in a label distribution for each instance, will preserve
the information of partial labels.

4.5 Ablation Study
In this subsection, the ablation study on several variants of
the proposed method is further conducted to analyze the
essential building blocks. As we discussed in methodology
section, our method uses a unified objective to learn the
similarity graph weights, labeling confidences and model
parameters simultaneously. To show the effectiveness of this
adaptive-graph-based framework, we compare our method
with a variant which separately learn each of these terms
(denoted as Fix-KerI). Although the comparison method PL-

LEAF also uses this fixed-graph-based strategy, it adopts a
more complicate predictive model in training and testing
phase. Thus, here we replace its predictive model with the
kernelized multi-output model as presented in Subsection
3.5 for fair comparison. As the above presented experimen-
tal results are based kernel extension I, two variants named
Ada-Linear and Ada-KerII are investigated which use linear
model and kernel extension II respectively. In addition, here
we also compare our method with two existing fixed-graph
methods, i.e., GM-PLL [36] and LALO [13]. We also compare
our method with the fixed-graph-based method in active
learning setting. As is shown in Table 12 4:

• Adaptive-graph-based strategy clearly better than
fixed-graph-based strategy. For example, Ada-KerI
achieves superior performance in 27 cases out of
the total 30 cases than Fix-KerI. Our methods also
outperform GM-PLL and LALO in most cases.

• Kernel extensions outperform the linear model in
most cases. On some particular data sets, the predic-
tive accuracies of linear model are lower than those
of kernel models with quite large margins.

4Here the results of our method are slightly different with those in
Table 5 and Table 8 due to different random seeds.
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TABLE 12
Ablation study of PL-AGGD with several variants on both the controlled UCI data sets and real-world partial label data sets. The best accuracies

(mean±std) among 2-5 columns (for ordinary learning setting) and 6-7 columns (for active learning setting) are boldfaced respectively.

Data set Fix-KerI Ada-KerI (gain) Ada-KerII Ada-Linear GM-PLL LALO Fix-KerI-MU Ada-KerI-MU (gain)

vehicle (r=1) 0.757±0.009 0.771±0.015 (0.014) 0.771±0.017 0.753±0.008 0.623±0.020 0.768±0.021 0.795±0.009 0.813±0.012 (0.018)

vehicle (r=2) 0.686±0.023 0.703±0.022 (0.017) 0.694±0.023 0.705±0.027 0.482±0.035 0.697±0.029 0.777±0.016 0.797±0.019 (0.020)

steel (r=3) 0.677±0.015 0.698±0.013 (0.021) 0.698±0.013 0.606±0.013 0.549±0.009 0.695±0.010 0.727±0.011 0.737±0.004 (0.010)

steel (r=5) 0.553±0.032 0.572±0.022 (0.019) 0.576±0.020 0.523±0.024 0.414±0.051 0.576±0.023 0.679±0.021 0.711±0.013 (0.033)

segment (r=3) 0.912±0.011 0.906±0.008 (-0.006) 0.906±0.007 0.818±0.010 0.669±0.019 0.903±0.008 0.934±0.008 0.937±0.008 (0.003)

segment (r=5) 0.861±0.013 0.864±0.017 (0.003) 0.856±0.019 0.815±0.009 0.402±0.045 0.861±0.021 0.927±0.007 0.936±0.005 (0.009)

ecoli (r=3) 0.815±0.028 0.818±0.020 (0.003) 0.823±0.016 0.794±0.039 0.741±0.026 0.819±0.020 0.842±0.019 0.852±0.013 (0.010)

ecoli (r=5) 0.765±0.041 0.761±0.045 (-0.004) 0.756±0.054 0.756±0.045 0.699±0.033 0.760±0.042 0.833±0.021 0.844±0.020 (0.011)

winerate (r=3) 0.553±0.012 0.572±0.016 (0.019) 0.575±0.017 0.409±0.034 0.447±0.025 0.570±0.016 0.582±0.006 0.592±0.013 (0.010)

winerate (r=5) 0.459±0.015 0.518±0.017 (0.059) 0.520±0.021 0.342±0.026 0.397±0.032 0.520±0.027 0.552±0.010 0.591±0.006 (0.039)

Lost 0.672±0.029 0.681±0.026 (0.009) 0.681±0.025 0.698±0.027 0.654±0.024 0.667±0.032 0.766±0.013 0.799±0.010 (0.033)

MSRCv2 0.463±0.020 0.451±0.025 (-0.012) 0.442±0.030 0.398±0.018 0.331±0.013 0.449±0.023 0.561±0.019 0.605±0.021 (0.044)

Mirflickr 0.639±0.012 0.649±0.014 (0.010) 0.625±0.013 0.453±0.019 0.422±0.009 0.638±0.014 0.719±0.014 0.754±0.008 (0.035)

Birdsong 0.709±0.002 0.713±0.006 (0.004) 0.710±0.004 0.631±0.008 0.556±0.010 0.701±0.009 0.758±0.008 0.767±0.010 (0.009)

Malagasy 0.616±0.011 0.641±0.009 (0.025) 0.557±0.042 0.572±0.033 0.228±0.011 0.635±0.009 0.710±0.006 0.744±0.009 (0.034)
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Fig. 7. The accuracy curves of our method AdaKerI and FixKerI in active learning setting with varied population of selectively queried instances.
Top: Random query strategy. Middle: Entropy-Based Uncertainty query strategy. Bottom: Margin-based Uncertainty query strategy.

• When we are allowed to query examples for manual
disambiguation, the superiority of our method is
more obvious. We present the accuracy gains of our
method compared with fixed-graph-based method
in both ordinary and active learning settings. The
average accuracy gain in ordinary setting is 0.012 and
that in active setting is 0.021.

In Fig. 7, we plot the accuracy curves of our method
and fix-graph-based method with varied population of se-
lectively queried instances. We can see that our method
achieves more rapid performance increasing with the help
of manual disambiguation for all query strategies. This
implies that our method can obtain good performance in
active learning setting with only a few annotation times.
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5 CONCLUSION

In this paper, a novel approach based on adaptive graph
guided disambiguation is proposed which is an extended
version to our earlier research [47] on feature-aware par-
tial label learning. The proposed approach PL-AGGD learns
from ambiguously labeled examples by performing label
disambiguation and predictive model training simultane-
ously. Extensive comparative studies on controlled and real-
world data sets clearly validate that adaptive graph guided
disambiguation could be more robust to deal with partial
label learning. Moreover, this paper considers the particular
case in which the learner is allowed to selectively query
examples from ambiguously labeled data for manual disam-
biguation and thus extends the proposed approach under
active learning setting.
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