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Abstract—We develop and present the deep-structured condi-
tional random field (CRF), a multi-layer CRF model in which each
higher layer’s input observation sequence consists of the previous
layer’s observation sequence and the resulted frame-level marginal
probabilities. Such a structure can closely approximate the long-
range state dependency using only linear-chain or zeroth-order
CRFs by constructing features on the previous layer’s output (be-
lief). Although the final layer is trained to maximize the log-like-
lihood of the state (label) sequence, each lower layer is optimized
by maximizing the frame-level marginal probabilities. In this deep-
structured CRF, both parameter estimation and state sequence in-
ference are carried out efficiently layer-by-layer from bottom to
top. We evaluate the deep-structured CRF on two natural language
processing tasks: search query tagging and advertisement field seg-
mentation. The experimental results demonstrate that the deep-
structured CRF achieves word labeling accuracies that are signif-
icantly higher than the best results reported on these tasks using
the same labeled training set.

Index Terms—Conditional random fields (CRFs), deep-struc-
ture, marginal probability, natural language processing, sequential
labeling, word tagging.

I. INTRODUCTION

C ONDITIONAL random fields (CRFs) have been success-
fully applied to sequential labeling problems, notably

those in natural language processing applications, for several
years [9], [15], [16], [20], [29]. Unlike the hidden Markov
model (HMM), a generative model that describes the joint
probability of the observation data and the class labels, CRFs
are discriminative models that estimate the class label sequence
conditional probabilities directly. In the HMMs, observations
in different frames (e.g., word tokens at different positions) are
assumed to be independent given the state. However, CRFs do
not require this assumption and hence have high flexibility in
choosing features, including those that may not exist in some
frames (i.e., word positions in the natural language processing
tasks) and those that depend on the entire observation sequence.

The most popular CRF for sequential labeling is the linear-
chain CRF depicted in Fig. 1 due to its simplicity and efficiency.
Let us denote by the -frame observation
sequence, and by the corresponding state
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Fig. 1. Graphical representation of the linear-chain CRF, where ��� is the obser-
vation sequence and ��� � �� � � � � � � � � � is the label sequence. The solid and
empty nodes denote the observed and unobserved variables, respectively.

(label) sequence, which can be augmented with a special start
and end state.

In the linear-chain CRFs, the conditional probability of a state
(label) sequence given the observation sequence is given by

(1)

where we have used to represent both the ob-
servation features that provide constraints between
the observation sequence and the state at time , and the state
transition features that provide constraints on the
consecutive states. are the model parameters, and

(2)

is the partition function to normalize the exponential form so
that it becomes a valid probability measure.

The model parameters in the linear-chain CRFs are typi-
cally optimized to maximize the regularized state sequence
log-likelihood

(3)

where is a parameter that balances the log-likelihood and the
regularization term and can be tuned using a development set.
The derivatives of over the model parameters are
given by

(4)

The parameters in the linear-chain CRFs can be efficiently es-
timated using the forward–backward (sum–product) algorithm
[3] along with the optimization algorithms such as generalized
iterative scaling (GIS) [6], gradient ascent, quasi-Newton
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Fig. 2. Graphical representation of a complicated CRF in which a state may
have links to several distant states. The solid and empty nodes denote the ob-
served and unobserved variables, respectively.

Fig. 3. Graphical representation of a CRF without state transition features.
Such a zeroth-order CRF is extremely efficient in parameter estimation and state
sequence inference. The solid and empty nodes denote the observed and unob-
served variables, respectively. For consistency, we keep the start and end states
in the graph, although removing them makes no difference to the model.

method (e.g., L-BFGS [19]), conjugate gradient approach,
and resilient propagation (RPROP) [21]. The state sequence
inference problem can be efficiently solved using the Viterbi
(max-product) algorithm [3].

In the linear-chain CRF, the constraints between skip-states
are indirectly modeled by the constraints between the consecu-
tive states. More complicated CRFs can be used to impose direct
and stronger constraints between the skip-states. For example,
Fig. 2 depicts such a CRF, in which a state may have links to sev-
eral distant states. Although improved performance can be ob-
tained with these more complicated CRFs over the linear-chain
CRF, the cost associated with the parameter estimation and state
sequence inference problems in these models is substantially
higher. In many cases, approximation methods such as loopy
belief propagation and variational methods [3], [22] are needed
to make both parameter learning and state sequence inference
tractable.

We take a different approach in this work and develop and
present a deep-structured CRF. Instead of using more compli-
cated CRFs, we use multiple layers of simple CRFs, including
the linear-chain CRF (Fig. 1) and even the zeroth-order CRF
(Fig. 3) that does not use state transition features. We demon-
strate that we can greatly increase the modeling power using our
proposed framework without substantially sacrificing the effi-
ciency.

Different from other hierarchical, CRFs in the literature [17],
[13], [23], which aim at tackling the granularity problem at dif-
ferent representation layers and use the lower layer CRFs as the
building blocks for the higher layer CRFs, in our model the ob-
servation sequence of each higher layer CRF consists of the pre-
vious layer’s observation sequence and the resulted frame-level
marginal posterior probabilities, as will be described in detail in
Section II. Since the features in the CRF can be constructed on
the entire observation sequence, the features in the higher layer
CRFs can be constructed upon the lower-layer beliefs (posterior
probabilities) of the frames that are farther away from the cur-
rent frame. In other words, it can approximate the long-range
state dependency using beliefs from lower layers, which was
shown in our earlier work to be helpful in improving the infer-
ence accuracy in speech recognition [7], [25], [26], [7] and nat-

ural language processing whose time series data have rich struc-
tures with cues spanning over long ranges of the decoded states.
The prior work that is closest to our approach is the stacked
sequential learning proposed by Cohen and Carvalho [5]. Our
work extends their work in the adoption of different training cri-
teria at different layers and the ability to learn the intermediate
hidden layers in an unsupervised way [30], [31].

Both parameter estimation and state sequence inference in the
deep-structured CRF are carried out in a layer-by-layer fashion
from bottom to top. More specifically, during the parameter es-
timation stage, each layer is trained independently instead of
jointly with the lower layers trained first. This strategy guaran-
tees the efficiency of parameter estimation and state sequence
inference, with a time complexity linear to the number of layers
used. Although not the focus of this paper, it is important to note
that the intermediate layers can be considered as internal repre-
sentations of the original observation at different granularities
and so each intermediate layer may have different numbers of
states. For example, when applied to the language identification
task, the number of states in the first and second layer CRFs
can be 128 and 7, respectively, as described in the related work
[31]. In this paper, however, we have assumed that the num-
bers of states in the intermediate layers are the same as that in
the final layer and so the supervision for the intermediate layers
can be taken from the final layer during the training process.
Learning with hidden states in the deep-structured CRF is more
challenging. Interested readers can find an effective solution in
our recent work [30], [31].

We have evaluated the deep-structured CRF on two sequen-
tial labeling tasks in natural language processing: the search
query tagging task and the advertisement field segmentation
task. We investigate the strengths and weaknesses of the
deep-structured CRF under various structures. The results pre-
sented in Section III demonstrate that the deep-structured CRF
achieves word labeling accuracies significantly higher than
the best results reported on the same task using the identical
labeled training set.

The rest of the paper is organized as follows. In Section II,
we describe the architecture of the deep-structured CRF model,
study the properties of the model, and introduce the frame-level
maximum marginal log-likelihood criterion for optimizing the
intermediate layers of the model. In Section III, we present
experimental results on two natural language processing tasks
using the deep-structured CRF model, analyze the empirical
performance of the model, and demonstrate the effectiveness
of the model via comparisons with other approaches on the
identical tasks and with identical training data. We conclude
the paper in Section IV.

II. DEEP-STRUCTURED CRF

In this section, we describe the architecture and properties
of the deep-structured CRF model in detail. In particular, we
establish distinct training criteria used to learn the parameters
at different layers of the deep-structured CRF model.

A. Architecture of the Deep-Structured CRF

The architecture of the deep-structured CRF model developed
and evaluated in this work is shown in Fig. 4. It consists of a hi-
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Fig. 4. Graphical representation of the deep-structured CRF in which each
higher layer’s input observation sequence consists of the observation sequence
and the frame-level marginal posterior probabilities from the previous layer. The
solid and empty nodes denote the observed and unobserved variables, respec-
tively, and the connections between states are optional.

erarchy of linear-chain CRFs and/or zeroth-order CRFs that do
not use state transition features. The augmented observation se-
quence of layer contains both the previous layer’s observation
sequence and the frame-level marginal posterior proba-
bilities from the preceding layer . Note in
Fig. 4 is the prior probability of the labels and can be set to
the uniform distribution, or removed from the first layer’s input
if the prior information is not available. We want to point out
that the approach of constructing the observation sequence de-
scribed in this section above is similar to the tandem structure
[10] used in the automatic speech recognition systems where
the frame-level sub-phone posterior probabilities generated by
a neural network, together with the original observation feature
vector, are fed into the HMM as the input. This approach guar-
antees that no information will be lost after each processing
step. Since arbitrary features can be constructed on the entire
observation sequence the higher layer CRFs can make use of
the posterior probabilities (or beliefs) of frames farther away
from the current frame and approximate the long-range depen-
dencies. It is noted that although marginal posteriors from all
previous layers are available to construct features, they are not
necessarily all used. In fact, only the original observation se-
quence and the immediate previous layer’s output are needed
for most applications. In addition, feature selection techniques
can be used to automatically determine the features (e.g., the
observation sequences used and the range of the dependencies
needed) for any particular task.

Both model parameter estimation and state sequence infer-
ence are carried out layer-by-layer in a bottom-up manner, and
throughout this paper we use the supervised learning paradigm
where both the observation sequence and the corresponding la-
bels are available. During the parameter estimation or training/
learning stage, once a lower layer CRF is trained, the model pa-
rameters of that layer are fixed and the corresponding frame-

level marginal posterior probabilities are obtained and used as
part of the observations fed to the next layer. This process con-
tinues until the model parameters of the highest or final layer of
the model are optimized. The inference process is similar. The
original observation is first processed by the bottom layer and
the generated frame-level marginal posterior probabilities are
fed into the next layer together with the previous layer’s obser-
vation sequence. This process continues up to the highest layer
of the model, the output of which is the inferred state sequence
instead of the marginal probabilities. By learning and making in-
ference on each layer independently, instead of jointly, we can
limit the computational complexity to be at most linear to the
number of layers used.

While the number of states or labels at the highest layer is
determined by the problem to be solved, the number of states at
other layers can be arbitrary and does not need to be the same
across layers. In fact, each intermediate layer can be consid-
ered as an abstract internal representation of the original ob-
servation at different granularities and can be estimated using
either unsupervised or supervised approaches. For example, a
simple approach to determining the number of states in the in-
termediate layers is to cluster the observations using Gaussian
mixture models. Another approach is to learn the intermediate
layers so that the original observation can be reconstructed from
the internal representations. In [30], we described an approach
with which the intermediate layers are first pre-trained to maxi-
mize the state occupation entropy and minimize the frame-level
conditional entropy at the same time and then fine-tuned using
the back-propagation algorithm.

In this paper, to limit the scope, we will not discuss the
learning of the hidden intermediate representations. Significant
performance improvements have already been achieved on the
sequential labeling tasks (which we will discuss in Section III)
by assuming the intermediate representation to be the same
as the final representation. By using the same state values in
all layers, training of each layer can be carried out in efficient
supervised way since we can use the same label sequence as
the supervision in each layer.

B. Optimization Criteria and Techniques

The output of the deep-structured CRF model is state se-
quences. For this reason, the parameters in the highest or final
layer of the model is optimized by maximizing the regularized
log-likelihood (3) at the state-sequence level. In contrast to the
highest layer, all remaining layers are trained by maximizing the
frame-level marginal log-likelihood of

(5)

since it is this conditional marginal probability that is passed
into the higher layers. Optimizing the frame-level conditional
marginal probability at lower layers allows for those layers to
make more accurate estimation of the state the frame should be
in (rather than the sequence should be in) and thus can provide
better information to the higher layers which make decisions
on longer ranges. In Section III, we will show empirically that
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this optimization criterion can make a difference in the state
sequence inference accuracy.

The key to optimizing is to compute the derivative
of

(6)

Note that can be efficiently computed with the
same approach as used in optimizing , and

(7)

where

(8)

and denotes the summation over all possible
state sequences with the state of the th frame clamped to .
Equation (8) can be efficiently evaluated with a forward–back-
ward algorithm that is similar to the one used in computing

.
In the zeroth-order CRF where transition features are not

used (Fig. 3), optimizing is equivalent to optimizing
since

(9)

In fact, training and inference for the zeroth-order CRF have the
complexity of , where is the number of frames and

is the number of states. This is significantly better than the
time complexity of when the transition features are
used. Even more attractive about the zeroth-order CRF is that

the output of each frame is independent of each other and so
the process can be further speeded up using parallel computing
techniques.

C. Properties

We now discuss some properties associated with the deep-
structured CRF.

Theorem 1: The objective function on the training
set will not decrease as more layers are added in the deep-struc-
tured CRF.

Proof: Let us consider the extension from an -layer deep-
structured CRF to an layer deep-structured CRF. The pa-
rameters for the first layers are the same for both sys-
tems. For the -layer system, the observation features at the
final layer are constructed on and the corresponding param-
eter set is . For the -layer system, the observation fea-
tures are constructed on the observations that are augmented by

at each frame, where we use to indicate that the
probability is estimated using the th layer in the -layer
system. The corresponding parameter set at the final layer in the

-layer system is . Since

(10)

and the optimization problem is convex at each layer, the
learning algorithm can always find a parameter set in the

-layer system that gives a higher value of .
It directly follows that
Corollary 1: The deep-structured CRF performs no worse

than the single-layer linear-chain CRF on the training set.
Note that the conditional log-likelihood increase in the

training set can be carried over to the test set with a properly
chosen regularization term. However, as the number of layers
continues to grow, the gain will eventually saturate on the test
set.

Look from a different angle, if we restrict that only the
original observation sequence and the immediate previous
layer’s output are used as observations in higher layers,
we can use the same feature set for all the layers other
than the first layer in which additional observation features

( is the relative frame number in
the previous layer) are not used. If we further restrict that each
layer uses the same weights, the deep-structured CRF performs
the same as iterative approaches (such as the one described in
[22]), where the beliefs are updated and fed back as features.
The number of iterations in the iterative approach is equivalent
to the number of layers in the deep-structured CRF. If we allow
for infinite number of layers (or iterations), the deep-structured
CRF essentially simulates the (loopy) belief propagation in
which the additional observation features describe the higher
order state constraints and the beliefs at each frame are sched-
uled to be updated simultaneously based on previous layer’s
beliefs.

Since we are not restricted to use the same weights and same
features at different layers (e.g., we can use features constructed
from more frames at higher layers) the deep-structured CRF is
more flexible, easier to train and has potential to achieve good
performance with less layers (or iterations).
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Note that when continuous features (e.g., mel-frequency cep-
strum coefficient in speech processing systems) are used and
sufficient training data are available, better performance can be
achieved by expanding each continuous feature into several con-
tinuous features as discussed in [28] with the cubic spline ap-
proximation techniques developed in [25] and [29]. The core
idea of the technique is to use distribution constraints instead
of mean constraints in the system and thus the information con-
tained in the feature distribution can be utilized to improve the
sequential labeling accuracy.

III. EXPERIMENTAL EVALUATION

To better understand the properties of the deep-structured
CRF model and to study the strengths and weaknesses of dif-
ferent structures, we have conducted a series of experiments on
two natural language processing tasks: a search query tagging
task and an advertisement field segmentation task. Through
the empirical evaluation using these tasks, we also show the
performance gain obtained by using the deep-structured CRF
compared with the conventional single-layered linear-chain
CRF, and demonstrate the ability of the deep-structured CRF
to achieve the best word labeling accuracy without using
complicated features or additional external knowledge.

Both tasks discussed in this section share the same theme:
extract information from the web-related texts written in nat-
ural languages. This is an area that gains great interests recently
[1], [2], [4], [9], [14]–[16], [18], [20], [24], [29], [33]. The suc-
cessful application of our model to these tasks thus has practical
significance. Since the lengths of search queries are very short
(as described in Section III-A) some properties of our model
may not manifest on this task. For this reason, we examine more
carefully the performance on the advertisement field segmenta-
tion task.

In all the experiments we have conducted, the regularization
terms are determined and the models are selected based on per-
formance of the development sets. The RPROP [21] training al-
gorithm was used in all the experiments to learn the model pa-
rameters with the initial parameters set to zero and the initial
RPROP step size set to the gradient under the initial parameter
configuration. The batch sizes used in the experiments were ini-
tially set to one and were increased by 1.2 times iteration by it-
eration. The training algorithm stops when either the maximum
number of iterations is reached or the log-likelihood gain over
the iteration is less than a preset threshold.

A. Task of Product Search Query Tagging

In the search query tagging task, each query is a sequence of
word tokens. Our goal is to assign a label from a set of prede-
fined fields (or tags) to each word token. More specifically, we
focus on tagging product search queries with the nine fields de-
fined in Table I. The evaluation metric used is the word labeling
accuracy (WLA) which is the percentage of word tokens that
are correctly tagged.

We have used the computing electronics search query data
collected from a three-month query log of www.live.com. This
is the same data set as used by the earlier published work of Li et
al. [15], except that we used only the manually labeled queries

TABLE I
FIELDS USED IN THE PRODUCT SEARCH QUERY TAGGING TASK

Fig. 5. Illustration of unigram, bi-gram, and tri-gram features constructed from
the observation vectors.

as the training data and Li et al. also used 250 K queries with de-
rived labels for training. Additional information on how the data
were collected, processed, and labeled can be found in [15]. The
data set contains 15 K manually labeled training queries and 700
test queries (or 2 K word tokens) with three words on average
in each query. From the 15 K training queries, we separated 700
of them as the development set. It has been reported in [15] that
for this data set the inter-rater agreement of the labels between
different annotators is around 80% at the query level and 91%
at the token level. This marks the best meaningful accuracy we
can obtain on this task.

We used a straightforward feature extraction technique in our
experiments. We first built a lexicon that contains all words ob-
served in the training set. Using this lexicon, each word in both
training and test sets can be mapped into a token ID. The obser-
vation vector at each frame has the dimensionality equal to the
lexicon size. The vector component takes a value of one corre-
sponding to the token ID observed at the frame. It takes a value
of zero at all other vector components. If the word is not in the
lexicon, the observation vector takes a value of zero at all vector
components, i.e.,

if
otherwise.

(11)

We can approximate the unigram (UG), bi-gram (BG), and
tri-gram (TG) features by using the observation vectors from
the current frame only, from the previous and current frames (or
the current and the next frames), and from the previous, cur-
rent and next frames respectively as illustrated in Fig. 5. Li et
al. [15] experimented using the true bi-gram and tri-grams fea-
tures and compared them with the pseudo n-gram features we
just described and did not observe significant difference in per-
formance. Note that the feature construction approach used in
our experiments as described above requires significantly fewer
parameters to be estimated than alternative approaches. In fact,
our approach requires only instead of parameters to use

-gram features, where for the unigram, bi-gram,
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TABLE II
SUMMARY OF THE WORD LABELING ACCURACY ON THE SEARCH QUERY

TAGGING TASK USING UNIGRAM FEATURES

and tri-gram, respectively, and is the vocabulary (lexicon)
size. Although different types of -gram features can be used,
we conducted experiments using only the unigram and tri-gram
features as we believe that insights on the model can be obtained
using these two types of features. In all the experiments reported
in this paper, the marginal posterior probabilities from the pre-
vious layer are treated differently than the original observation
sequence, and additional features at th layer are constructed on
those posterior probabilities as ,
where is the relative frame number in the th
layer and is the total number of frames the th
layer depends on the th layer. Note that these features can be
constructed across different number of frames than the raw ob-
servation features do. For example, if unigram observation fea-
ture is used, only the current frame’s observation is used in the
first layer’s feature construction. However, the system may use
posterior probabilities in the previous and the next three-frames
(i.e., and ) as additional features in the higher
layers.

Table II summarizes the word labeling accuracy on the search
query tagging task, where only unigram features on the labeled
portion of the training data were used in both the single layer
linear-chain CRF and the deep-structured CRF settings. No tran-
sition feature was used in the deep-structured CRF (indicated by

in Table II) and so optimizing the sequence-level log-likeli-
hood is equivalent to optimizing the frame-level log-likelihood.

In the second and third layers of the deep-structured CRF,
the marginal posterior probabilities of the previous and next
frames (words) were used as additional features to approximate
the state dependency. The WLA result of 87.5% obtained by
our single-layer linear-chain CRF is slightly better than that
achieved by Li et al. [15] with the identical setting. As expected,
the single-layer zeroth-order CRF without transition features
slightly underperforms the single-layer linear-chain CRFs with
WLAs of 87.2% and 87.5%, respectively. However, when two
and three layers of the zeroth-order CRFs were used we have
achieved WLAs of 89.0% and 89.4%, respectively. All the gains
over the single-layer linear-chain CRF are statistically signif-
icant at significance level of 1%. In the experiments we also
found that using the linear-chain CRF instead of zeroth-order

CRF at the final layer does not improve the performance on this
task. This is likely because each query in this task is very short
with an average length of three words only.

The WLA of 89.4% is 0.7% better than the best published re-
sult of 88.7% on this task [15] obtained using the same labeled
training set. The gain is statistically significant at significance
level of 5%. Note that this best published result was achieved
using unigram features, bigram features, and features extracted
with the manually created regular expressions and field-depen-
dent lexicons. In contrast, our result was obtained using the
simple unigram features only. Our WLA result of 89.4% also
matches the best published result obtained using both the la-
beled and unlabeled data sets.

In our additional experiments, we have also achieved a WLA
of 89.5% using tri-gram features with only two layers of the ze-
roth-order CRF. However, since the best published results were
obtained without using the tri-gram features, there is no simple
comparison between this result and the best published result.
Also note that the result of 89.5% is only 1.5% away from the
human labeling agreement of 91% on this task.

B. Task of Advertisement Field Segmentation

As another natural language processing application, the goal
of the advertisement field segmentation task is to classify each
sentence in an advertisement into segments and assign a label to
each segment. This task can also be considered as a sequential
labeling problem where we provide a tag to each word in the
sentences with words in the same segment assigned the same
label. In our evaluation on this task, we also used the WLA as
the evaluation metric to make our results comparable with the
earlier work [4], [7], [16], [18] on the same task.

The data set we used for this task is the CLASSIFIEDS data
provided by Grenager et al. [7] and consists of 8767 classified
advertisements for apartment rentals in the San Francisco bay
area. The data set was downloaded from the Craigslist website in
June 2004. There are 12 predefined fields in this task, including
size, rent, neighborhood, features, and so on. On average, each
advertisement has 119 tokens segmented into 8.7 fields. This
is very different from the search query tagging task in which
the average query has only three words. Only 302 of the ads
have been annotated. Following the earlier work [4], [7], [16],
[18] on this task, the annotated ads are divided into a 102-ads
training set, a 100-ads development set, and a 100-ads test set.
The remaining 8465 ads form an unannotated training set which
was used in the earlier work but not in our experiments.

The sentences were converted into word token sequences fol-
lowing exactly the same procedure adopted by all earlier work
conducted on this task. Specifically, regular expressions were
created to map phone numbers, email addresses, URLs, dates,
money amounts and so on into special word tokens, and all other
words and punctuations were directly mapped. However, we did
not tokenize newline breaks, as was done in [4], which might
be useful in determining sentence boundaries. Once we have
the tokenized word sequences, we extract unigrams as features
for CRFs and approximate the bi-gram and tri-gram features by
using observation vectors from adjacent word tokens in the same
way as that used in the search query tagging task.
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TABLE III
SUMMARY OF THE WORD LABELING ACCURACY ON THE ADVERTISEMENT

FIELD SEGMENTATION TASK

Table III summaries the word labeling accuracy results on
the advertisement field segmentation task, where only the la-
beled portion of the training data was used in our experiments.
In Table III, results for three different deep-structured CRF set-
tings are presented. In settings S1 and S2, transition features are
used in both the first and second layers, with the first layer in S1
and S2 optimized using the sequence-level and frame-level cri-
teria respectively. In setting S3, transition features are not used
in the first layer but used in the second layer. The second layer
is always optimized to maximize the sequence log-likelihood in
all three settings. We do not show the third-layer results since
the performance saturates at the third layers on this task likely
due to the small training set.

Using the conventional single-layer linear-chain CRF, we see
from Table III (layer one in setting S1) that we obtained 80.0%
and 80.9% WLAs with the unigram and tri-gram features,
respectively. In contrast, when transition features were not used
(layer one in setting S3), only 60.3% (UG) and 71.1% (TG)
WLAs were achieved using single-layer, zeroth-order CRFs.
Although the first layer results were worse, 81.4% (UG) and
82.7% (TG) WLAs can be achieved when the second layer
uses the transition features (layer two in setting S3). These
are 0.5% and 1.2% better than the 80.9% (UG) and 81.5%
(TG) WLAs obtained using two layers of the CRF with the
transition features and sequence-level optimization criteria
used in both layers (layer two in setting S1). These differences
are statistically significant at significance level of 1%.

If the transition features and frame-level optimization cri-
teria were used in the first layer the inference results become
more complicated. When unigram features were used, the WLA
achieved at the second layer of S2 is slightly (0.04%) better than
that obtained using the two-layer CRF where no transition fea-
tures were used in the first layer (layer two in setting S3) and is
0.5% better than that obtained with transition features used in
both layers but with the first layer optimized using the sequence
log-likelihood (layer two in S1). This indicates that optimizing
the frame-level instead of sequence-level log-likelihood helps

to improve the results at the final layer. However, if tri-gram
features were used, using transition features at the first layer
under-performs both the deep-structured CRF with no transi-
tion features used in the first layer (layer two in S3) and the
deep-structured CRF with transition features used in both layers
whose parameters were optimized using sequence-level likeli-
hood (layer two in S1). This result puzzled us initially as we
had expected to see better instead of worse results. After fur-
ther analysis, we identified that it was caused by over-fitting at
the first layer since there are only 102 ads in the training set and
the number of model parameters is significantly increased when
tri-gram features were used. The over-fitting at the first layer
caused significant mismatch of the frame-level posterior prob-
abilities passed into the second layer between the training and
test sets. We have thus verified this by using half of the training
set to train the first layer and the other half to train the second
layer and achieved a comparable WLA as that obtained using
the deep-structured CRFs without using transition features at
the first layer (layer two in S3).

In all the experiments we have conducted and reported here,
we used the posterior probabilities from both the previous and
the next frames regardless of whether unigram features or tri-
gram features were used. We have tried longer posterior prob-
ability dependencies and observed no significant difference on
this task using the configurations listed in Table III. However,
we did notice that when the transition feature is not used in the
highest layer, increasing the range of posterior probability de-
pendency helps a lot although the result is still not comparable
with that achieved using the linear-chain CRF at the highest
layer.

Our best WLA result of 82.7% is 1.6% better than the best
published WLA result on this task [16] using the same tri-gram
feature and labeled training set. This difference is statistically
significant at significance level of 1%. This result is only 0.2%
worse than the best result on this task using both labeled and
unlabeled training data and using additional virtual evidences.

IV. CONCLUSION AND FUTURE WORK

We have developed and presented the deep-structured CRF
model in this paper. We describe in detail the motivation,
various architectures, and the parameter optimization criteria
of this model. We have shown that the deep-structured CRF
can achieve significant labeling accuracy improvement over the
single-layer linear-chain CRF without significantly increasing
the training and inference complexity in computation.

As demonstrated for the advertisement field segmentation
task, optimizing the frame-level marginal probabilities in the
lower layers of the deep-structured CRF model can achieve
better labeling accuracy than optimizing the sequence-level
probabilities if enough training data are available. However, it
performs only slightly better than using the zeroth-order CRF
in the lower layers even if over-fitting is not an issue. This
suggests that we should use the zeroth-order CRF in the lower
layers of the deep-structured CRF to improve the parameter
estimation and state inference speed with slight scarification in
the labeling accuracy.

We are improving the model in several aspects. First, no
feature selection was conducted in this study. However, feature
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selection can be important to reduce the over-fitting problem.
Second, we optimized the maximum conditional log-likelihood
criterion at the highest layer. The criteria that are closer to the
empirical error rate such as the minimum classification error
and the maximum margin criteria may further improve the
labeling accuracy. Third, we have assumed that the interme-
diate layers in the deep-structured CRF model have the same
number of state values as in the final layer in this study. We
have recently proposed techniques to infer the intermediate
layers using discriminative criteria [30], [31]. Fourth, our
model can be extended to incorporate the semi-supervised and
unsupervised training criteria.
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