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Abstract
Recently, semi-supervised learning algorithms for phonetic

classifiers have been proposed that have obtained promising re-
sults. Often, these algorithms attempt to satisfy learning criteria
that are not inherent in the standard generative or discriminative
training procedures for phonetic classifiers. Graph-based learn-
ers in particular utilize an objective function that not only max-
imizes the classification accuracy on a labeled set but also the
global smoothness of the predicted label assignment. In this pa-
per we investigate a novel graph-based semi-supervised learn-
ing framework that implements a controlled random walk where
different possible moves in the random walk are controlled by
probabilities that are dependent on the properties of the graph
itself. Experimental results on the TIMIT corpus are presented
that demonstrate the effectiveness of this procedure.
Index Terms: phonetic modeling, classification, phonetic sim-
ilary, graph-based learning

1. Introduction
A persistent problem in automatic speech processing is the need
for adaptation of speech processing systems to varying test con-
ditions for which labeled data is often not available. At the
acoustic level, a number of successful adaptation algorithms
have been developed (e.g. [1, 2]) that transform model param-
eters to better fit the test data. Another line of research that
is beginning to emerge attempts to include unlabeled data dur-
ing the training process [3, 5, 6, 7, 8]. Graph-based training
methods in particular [5, 8] add a complementary training crite-
rion that guides model parameters towards producing globally
smooth outputs, i.e. speech samples that are in close proximity
in the feature space are encouraged to receive the same output
label. In applying this criterion, similarities between training
and test samples are taken into account as well as similarities
between different test samples; in this way, the training algo-
rithm takes into consideration the global underlying structure
of the test set and can influence the model parameters to fit this
structure.

In this paper we build on previous work on graph-based
learning for acoustic classification and test a novel, recently pro-
posed graph-based learning algorithm termed Modified Adsorp-
tion (MAD) [9]. Unlike previously proposed graph-based algo-
rithms that can be considered simple random-walk algorithms
over a data graph, MAD introduces different probabilities for
individual random walk operations such as termination, con-
tinuation, and injection. The probabilities for these operations
are set depending on properties of the graph itself, notably (as
explained below in Section 2.2) the neighbourhood entropy of
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a given node. When building a graph representing a speech
database, the neighbourhood sizes and entropies often exhibit
large variance, due to the uneven distribution of phonetic classes
(e.g. vowels are more frequent than laterals). MAD offers a
unified framework for accommodating such effects without the
need for downsampling or upsampling the training data. In the
past, MAD has been applied to class-instance extraction from
text [10] but it has to our knowledge not been applied to speech
classification tasks before. In this paper we contrast MAD to
the most widely used graph-based learning algorithm, viz. label
propagation.

2. Graph-Based Learning
In graph-based learning, the training and test data are jointly
represented as a graphG(V,E,W ), where V is a set of vertices
representing the data points, E is a set of edges connecting the
vertices, and W is a weight function labeling the edges with
weights. An edge e = (v1, v2) ∈ V × V indicates that similar-
ity exists between the data points represented by v1 and v2, and
the weight w12 expresses the degree of similarity between these
points. The graph can be densely or sparsely connected, and a
wide range of similarity functions can be used for W , though
typically non-negative functions are used. A weight of 0 implies
absence of an edge between two vertices. The graph is usually
represented as an n×nweight matrix, where n is the number of
data points (composed of l labeled and u unlabeled data points;
l + u = n). Additionally, we have labels y1, ..., yl for the set
of labeled points x1, ..., xl. Assuming that there arem different
labels in total, we can define an n×mmatrix Y with entries for
the l labeled points and zeros for the u unlabeled points. The
goal is to utilize the graph in inferring labels for the unlabeled
points. A number of different learning algorithms have been
proposed in the past, including spectral graph transducer [11],
label propagation [12], and measure propagation [8].

The key advantage of graph-based learning is that similar-
ities between training and test points as well as similarities be-
tween different test points are taken into account. This is par-
ticularly useful when the data to be classified lives on an un-
derlying low-dimensional manifold. It has been shown in the
past [13] that the phonetic space exhibits such a manifold struc-
ture, and graph-based techniques have been used successfully
for phonetic classification in previous work [5, 8].

2.1. Label Propagation

Label propagation (LP), one of the earliest graph-based learning
algorithms [12], minimizes the cost function

S =
X

i,j=l+1,...,n

Wij(ŷi − ŷj)
2 (1)



subject to the constraint that

yi = ŷi ∀i = 1, ..., l (2)

where y is the true label, and ŷ is the predicted label. Thus, two
samples linked by an edge with a large weight should ideally
receive the same labels. The cost function has a fixed-form so-
lution but usually an iterative procedure (Algorithm 1) is used.
Upon termination, Yl+1,...,n contains entries for the unlabeled
data rows in the label matrix. LP can also be viewed from the
perspective of random walks on graphs: after convergence, yij

contains the probability that a random walk starting at unlabeled
vertex i will terminate in a vertex labeled with j.

Algorithm 1: Iterative Label Propagation Algorithm

Initialize the row-normalized matrix P as1

Pij =
WijP
j Wij

;

Initialize a n×m label matrix Y with one-hot vectors2
encoding known labels for the first l rows:
Yi = δC(yi) ∀i ∈ {1, 2, . . . , l} (the remaining rows of
Y can be zero);
Y ′ ← P × Y ;3
Clamp already-labeled data rows:4
Y ′i = δC(yi)∀i ∈ {1, 2, . . . , l};
If Y ′ ∼= Y , stop;5
Y ← Y ′;6
repeat from step 37

2.2. Modified Adsorption

Modified adsorption (MAD) [9] builds on the Adsorption al-
gorithm [14] in that it introduces three different probabilities
for each vertex v in the graph that correspond to the random
walk operations of (a) continuing to a neighbouring vertex ac-
cording to the transition probabilities v (cont); (b) stopping and
returning the prior (“injected”) label probabilities (inj); or (c)
abandoning and returning a default label vector (abnd), which
can be an all-zero vector or a vector giving the highest proba-
bility to a default or “dummy” label. Each action is controlled
by a corresponding probability that is dependent on the vertex
v, i.e. pcont

v , pinj
v , pabnd

v , and all must sum to 1. For unlabeled
nodes, pinj is 0.

In order to determine the values of pcont
v , pinj

v , and pabnd
v ,

we use the procedure in [15], which defines two quantities, cv
and dv for each vertex v. The first of these is defined as

cv =
logβ

log(β + eH[v])
(3)

H[v] is the so-called neighbourhood entropy of v, i.e. the en-
tropy of the probability distribution of outgoing edges of v:

H[v] = −
X

u

P (u|v)log(P (u|v)) (4)

dv is defined as

dv =


(1− cv)×

p
H[v] if v is labelled

0 otherwise
(5)

Finally, a normalization factor zv = max(cv + dv, 1) is
defined and the probabilities are set as pcont

v = cv/zv , pinj
v =

dv/zv , and pabnd
v = 1 − pcont

v − pinj
v . The effect of setting

cv and dv in this manner is to penalize neighbourhoods with a
large number of nodes and high entropy to the benefit of small,
low-entropy neighbourhoods or prior label information.

MAD optimizes the following objective function:

S =
X

i

[µ1

X
m

pinj
i (ym

i − ŷm
i )2

+ µ2

X
m

X
j∈N(vi)

pcont
i Wij(ŷ

m
i − ŷm

j )2

+ µ3

X
m

pabnd
i (ym

i − rm
i )2]

(6)

The optimization criterion thus consists of three parts: (a) corre-
spondence of the predicted labels with the true seed labels; (b)
smoothness of the predicted labeling within the graph neigh-
borhood of the current vertex, N(v); and (c) regularization
by penalizing divergence from a default value r. Each part is
weighted by a coefficient µ which controls its relative impor-
tance.

Another difference to the LP algorithm is that seed labels
are allowed to change during the training process and need not
stay fixed. This may be useful when the labeling of the training
data is noisy.

In [15] it was shown that the function in Equation 6 can be
described as a linear system that can be optimized by the Jacobi
method [4], leading to the training procedure shown below:

Algorithm 2: Iterative MAD Algorithm
Input:
G = (G,E,W );Y1,...,l; p

inj , pcont, pabnd;µ1, µ2, µ3

Output: Ŷ1,...,n

Initialize ∀i = 1, . . . , l:1
ŷi = yi2

Mii ← µ1 × pinj
i + µ2 × pcont

i ×
P

j∈N(vi)
Wij + µ3;

repeat3

Di ←
P

j∈N(vi)
(pcont

i Wij + pcont
j Wji)Ŷj ;4

for i ∈ 1, . . . , n do5

Ŷi ← 1
Mii

(µ1×pinj
i ×Yi +µ2×Di +µ3×Ri)6

end7

until convergence ;8

3. MAD for Acoustic-Phonetic
Classification

In order to apply MAD to acoustic-phonetic classification, we
need to first construct the data graph. To this end we need to
define an appropriate similarity measure in acoustic-phonetic
space. One common approach is to use Euclidean distance be-
tween MFCC feature vectors, and to subsequently convert dis-
tance values into similarity values by means of a Gaussian ker-
nel. In contrast, we follow our earlier work [5] and first apply
a neural-network classifier to the data (trained on only a limited
subset of the training data) and use the probability distributions
output by the first-level classifier as a new feature space. In
our experience this procedure has yielded superior performance.
The reason is that the first-pass classifier (if well-trained) re-
moves noise in the data and produces a new feature space where
classes are clustered more tightly, thus yielding superior graphs.
Another advantage is that distance measures with well-defined



probability semantics can be used in order to comnpute similar-
ity values for the graph edges, whereas distance measures such
as Euclidean distance that are used with traditional speech fea-
tures often make unwarranted assumptions about the underlying
distribution of features. We compute distances in the probabil-
ity space using Jensen-Shannon divergence:

dJS(a, b) =
dKL(a,m) + dKL(b,m)

2
(7)

where m is the equal-weight interpolation of a and b:

mi[i] =
a[i] + b[i]

2
(8)

and dKL is the Kullback-Leibler divergence

dKL(a, b) =
X

i

a[i] log
a[i]

b[i]
(9)

The resulting values are passed through a Gaussian kernel:

Wij = exp

»
−d(xi, xj)

2

α2

–
(10)

where d(xi, xj) is the distance between xi and xj and α is a
bandwidth hyperparameter. This parameter has a significant
influence on the performance of the graph-based learner since
it determines the structure of the graph. There is no optimal
method for setting this parameter; practical applications have
used a variety of heuristic methods. Entropy minimization has
been proposed [17], based on the intuition that a good predic-
tion is a confident prediction. Under this approach, α is opti-
mized to yield a labeling of minimum entropy, subject to the
restriction that the labeling is consistent with the known train-
ing labels. The problem with this approach is scalability since
α needs to be optimized by gradient descent for each test ut-
terance, which adds considerably to the total run-time of the
algorithm. A faster method that has been proposed is based on
the 3σ rule of the Normal distribution: samples lying beyond
3σ from average have a negligible probability. The technique
selects the smallest distance d(xi, xj) between samples with
different labels, and selects α as one-third of that minimum dis-
tance; however, this method is extremely sensitive to noise and
outliers.

We have previously proposed an efficient alternative
method of setting α that does not need to be tuned at run-time
but can be carried out in advance since it only uses the training
data [5]. First, the average between-class distance db and the
average within-class distance dw are computed:

db =
1

Nb

X
yi 6=yj

d(xi, xj) (11)

dw =
1

Nw

X
yi=yj

d(xi, xj) (12)

where Nb and Nw are the corresponding sample counts. Once
db and dw have been computed, we set α such that two samples
that are distanced at dg+dw

2
have a similarity of 0.5:

exp

»
− (db + dw)2

4α2

–
=

1

2
⇒ α =

db + dw

2
√

ln 2
(13)

Our motivation is that two samples with a maximally ambigu-
ous distance should be maximally ambiguous in terms of simi-
larity as well.

One of the drawbacks of graph-based techniques is their
computational complexity, especially during the process of
graph construction. In order to compute pairwise similarities
between all data instances, n2 operations need to be carried out,
which is prohibitive for large n. Since our training data is typ-
ically larger than our test data (even when using a subset of all
the data available), most of the computation is incurred by com-
paring unlabeled to labeled data instances. However, since we
are working with a feature space defined by probability distri-
butions, we can eliminate this step and simply define the ideal
feature vectors for all classes: each m-dimensional feature vec-
tor has a 1 at the position corresponding to the correct label and
0 elsewhere. We define m such vectors and use them as la-
beled (or ’seed’) nodes. We then compute the Jensen-Shannon
divergence between each of the test nodes (that are associated
with the soft probability distributions output by the first-pass
classifier) and the seed nodes. In order to speed up the pair-
wise comparisons between unlabeled-labeled and unlabeled-
unlabeled nodes, we use kd-trees [18] in combination with the
Jensen-Shannon divergence as a fast k-nearest neighbour search
method. We do not set k to a fixed value but allow all neigh-
bours within a given divergence value range r (r = 7 for the
labeled set and r = 0.2 for the unlabeled set). Different values
are used for the labeled vs. unlabeled set since the feature rep-
resentation of the labeled points consists of 1/0 vectors whereas
the feature vectors for the unlabeled points contain soft proba-
bility distributions. The divergence values therefore lie in dif-
ferent ranges.

4. Data and Experiments

We perform experiments on frame-based acoustic classifica-
tion on the TIMIT corpus. We use a training set of 2544 sen-
tences (1124823 frames), a development set of 1152 sentences
(353001 frames) (taken from the original training set), and the
core test set of 192 sentences (57919 frames). The data was
preprocessed into vectors of 26 MFCC coefficients (12 MFCC
features plus energy plus first derivatives), at a frame rate of
10ms, with a window of 25ms As a baseline classifier we use
a multi-layer perceptron (MLP). The input to the MLP consists
of nine windows of 26 coefficients and thus has 234 units. The
number of hidden units is 400. The output layer has 48 units:
as is common with TIMIT, we perform training on 48 phone
classes that are then collapsed into 39 classes for the purpose of
evaluation. Note that classification is on a frame-by-frame ba-
sis; there is no higher-level segmental modeling involved. We
investigate various training conditions that differ in the amount
of training data; we utilize randomly sampled subsets of 10%,
30%, 50%, respectively, as well as the full training set. Both the
MLP and the graph-based classifier are optimized on the devel-
opment set. The MLP was trained using back-propagation and
cross-validation on the development set. The parameters of the
graph-based learners were optimized separately for each train-
ing condition. The optimal values were obtained by using a grid
search over possible settings and evaluating the performance on
the development set. The graph-based learners were run for 10
iterations.

For our experiments we use the implementation of MAD
provided in the Junto software package 1.

1www.sourceforge.net/projects/junto



Training set Baseline (MLP) LP MAD
10% 59.39 59.16 60.21
30% 62.65 61.69 63.38
50% 63.00 62.24 63.69
full 65.95 64.39 64.76

Table 1: Frame classification accuracies (%) for baseline su-
pervised learner (MLP) vs. graph-based semi-supervised classi-
fiers.

5. Results
Results obtained by the supervised baseline classifier (the MLP
described above) and the two semi-supervised learners on the
test set are shown in Table 1. The evaluation measure provided
is the percentage of correctly classified frames. Differences in
accuracy of 0.5% or larger are statistically significant at the 0.05
level using a difference of proportions test. As can be seen from
the table, the MAD classifier outperforms both the baseline and
the LP classifier in the first three training conditions; it falls
short of the baseline when using the full training set though still
outperforms the supervised MLP classifier. We hypothesize that
the improved performance of MAD is due to the controlled na-
ture of the random walk implemented in MAD, particularly the
discounting of vertices with a large number of edges. These
are often associated with the silence label or one of the more
frequent phone classes, which tend to dominate the graph. The
LP-based learner, by contrast, treats all edges equally; we hy-
pothesize that this is the cause of its inferior performance.

6. Conclusions
We have investigated the application of a recently proposed
graph-based learning algorithm, MAD, to acoustic-phonetic
classification. Results show that MAD is successful at utilizing
unlabeled data, outperforming a standard MLP classifier signif-
icantly when less than the full training set is used, and despite
using only a single seed node per class. It also outperforms
the standard label propagation algorithm. In the future we will
investigate incorporating dependencies between labels as well
as applications of graph-based learning to phone recognition
as opposed to frame-level phonetic classification, and the in-
tegration of graph-based phonetic classifiers into fully-fledged
speech recognition systems.
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