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Abstract
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wise functions, including long-range dependencies [16, 17],
high-order potentials [37, 36], and semantic label contexts
[21, 26, 38]. For example, Krahenbihl em«/. [16] attained
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connected graph. Vineet ere</. [37] extended [16] by
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pixels. Global or local semantic contexts between labels
were also investigated by [38]. Although they accomplished
promising results, they modeled the unary terms as SVM or
Adaboost, whose learning capacity becomes a bottleneck.
The learning and inference of complex pairwise terms are
often expensive.

In the second group, people learned a strong unary clas-
sifier by leveraging the recent advances of deep learning,
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i . Introduct pn

Markov Random Field (MRF) or Conditional Random
Field (CRF) has achieved great successes in semantic im-
age segmentation, which is one of the most challenging
problems in computer vision. EXxisting works such as
[31, 29,9, 34,11, 2, 8, 25, 22] can be generally categorized
into two groups based on their definitions of the unary and
pairwise terms of MRF.

In the first group, researchers improved labeling ac-
curacy by exploring rich information to define the pair-
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soer as the Convolutional Neural Network (CNN). With
deep models, these works [23, 24, 25, 22, 3, 28, 39, 30, 19]
demonstrated encouraging results using simple definition of
the pairwise function or even ignore it. For instance, Long
ew4/. [22] transformed fully-connected layers of CNN into
convolutional layers, making accurate per-pixel classifica-
tion possible using the contemporary CNN architectures
that were pre-trained on ImageNet [6]. Chen etas/. [3]
improved [22] by feeding the outputs of CNN into a MRF
with simple pairwise potentials, but it treated CNN and
MRF as separated components. A recent advance was
obtained by [30], which jointly trained CNN and MRF by
passing the error of MRF inference backward into CNN, but
iterative inference of MRF such as the mean field algorithm
(MF) [27] is required for each training image during back-
propagation (BP). Zheng ete</. [39] further showed that
the procedure of MF inference can be represented as a
Recurrent Neural Network (RNN), but their computational
costs are similar. We found that directly combing CNN
and MRF as above is inefficient, because CNN typically
has millions of parameters while MRF infers thousands of
latent variables; and even worse, incorporating complex
pairwise terms into MRF becomes impractical, limiting the
performance of the entire system.

This work proposes a novel Deep Parsing Network
(DPN), which is able to jointly train CNN and complex
pairwise terms. DPN has several appealing propert gs.

1377



(1) DPN solves MRF with a single feed-forward pass,
reducing computational cost and meanwhile maintaining
high performance. Specifically, DPN models unary terms
by extending the VGG-16 network (VGGig) [32] pre-
trained on ImageNet, while additional layers are carefully
designed to model complex pairwise terms. Learning of
these terms is transformed into deterministic end-to-end
computation by BP, instead of embedding MF into BP as
[30, 19] did. Although MF can be represented by RNN [39],
it needs to recurrently compute the forward pass so as to
achieve good performance and thus is time-consuming, & .
each forward pass contains hundred thousands of weights.
DPN approximates MF by using only one iteration. This
is made possible by joint learning strong unary terms and
rich pairwise information. (2) Pairwise terms determine
the graphical structure. In previous works, if the former is
changed, so is the latter as well as its inference procedure.
But with DPN, modifying the complexity of pairwise terms,
& . range of pixels and contexts, is as simple as modifying
the receptive fields of convolutions, without varying BP.
DPN is able to represent multiple types of pairwise terms,
making many previous works [3, 39, 30] as its special
cases. (3) DPN approximates MF with convolutional and
pooling operations, which can be speeded up by low-
rank approximation [14] and easily parallelized [4] in a
Graphical Processing Unit (GPU).

Our contr put pns are summarized as below. (1) A
novel DPN is proposed to jointly train VGG,6 and rich
pairwise information, re. ixture of 44, e/ sontexts and
. [-oy er resations. Compared to existing deep models,
DPN can approximate MF with only one wtex<tion, reducing
computational cost but still maintaining high performance.
(2) We disclose that DPN represents multiple types of
MRFs, making many previous works such as RNN [39] and
DeepLab [3] as its special cases. (3) Extensive experiments
investigate which component of DPN is crucial to achieve
high performance. A single DPN model achieves a new
state-of-the-art accuracy of 77.5% on the PASCAL VOC
2012 [7] test set. (4) We analyze the time complexity of
DPN on GPU.

2., Our Approacn

DPN learns MRF by extending VGG3¢ to model unary
terms and additional layers are carefully designed for pair-
wise terms.

Overv gw MRF [10] is an undirected graph where each
node represents a pixel in an image I, and each edge repre-
sents relation between pixels. Each node is associated with
a binary latent variable, y¢, {0, 1}, indicating whether
a pixel ¢ has label .. We have w L = {1,2,...,1},
representing a set of [ labels. The energy function of MRF

is written as

E(y)= o)+

iV ij E

Wiy, o))

where y, V, and E denote a set of latent variables, nodes,
and edges, respectively. ®(y;") is the unary term, measuring
the cost of assigning label « to the i-th pixel. For instance,
if pixel 7 belongs to the first category other than the second
one, we should have ®(y}) < ®(y?). Moreover, W(vi', v5)
is the pairwise term that measures the penalty of assigning
labels w., v to pixels i, j respectively.

Intuitively, the unary terms represent per-pixel classifica-
tions, while the pairwise terms represent a set of smoothness
constraints. The unary term in Eqn.(1) is typically defined
as

®(y;) = — Inp(y;* = 1|T) )
where p(y;* = 1|I) indicates the probability of the presence
of label w at pixel 7, modeling by VGGis. To simplify
discussions, we abbreviate it as p}'. The smoothness term
can be formulated as

Y(i', y;) = ww, v)d(, 5), @)

where the first term learns the penalty of global co-
occurrence between any pair of labels, & . the output value
of u(w,v) is large if w and v should not coexist, while the
second term calculates the distances between pixels, ..
d(Z,J) =w I, — Ij 2 4+ w2 [J% yl] — [Zj yJ] 2, Here,
I, indicates a feature vector such as RGB values extracted
from the i-th pixel, x,y denote coordinates of pixels’
positions, and wi,w, are the constant weights. Eqn.(3)
implies that if two pixels are close and look similar, they
are encouraged to have labels that are compatible. It has
been adopted by most of the recent deep models [3, 39, 30]
for semantic image segmentation.

However, Eqn.(3) has two main drawbacks. First, its
first term captures the co-occurrence frequency of two
labels in the training data, but neglects the spatial context
between objects. For example, ‘person’ may appear beside
‘table’, but not at its bottom. This spatial context is a
mixture of patterns, as different object configurations may
appear in different images. Second, it defines only the
pairwise relations between pixels, missing their high-order
interactions.

To resolve these issues, we define the smoothness term
by leveraging rich information between pixels, which is one
of the advantages of DPN over existing deep models. We
have

K

)\kﬂk(ivuvja 'U)
k=1 z Nj

Wi’ y5) = d@,2)pz.  (4)

The first term in Eqn.(4) learns a  xture o, yoca abe
contexts, penalizing label assignment in a I(?éal Ydgior,
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Figure 1: (a) lllustration of the pairwise terms in DPN. (b) explains the
label contexts. (c) and (d) show that mean field update of DPN corresponds
to convolutions.

where K is the number of components in mixture and Ay
is an indicator, determining which component is activated.
We define )\, {0,1} and ;—, A, = 1. An intuitive
illustration is given in Fig.1 (b), where the dots in red and
blue represent a center pixel 7 and its neighboring pixels 7,
1e.j N, and (4,%) indicates assigning label w to pixel s.
Here, u(7,w, 7, v) outputs labeling cost between (7,w.) and
(4, v) with respect to their relative positions. For instance,
if w, v represent ‘person’ and ‘table’, the learned penalties
of positions j that are at the bottom of center 7 should be
large. The second term basically models a tr p e pena ty,
which involves pixels 4, j, and j’s neighbors, iniplying that
if (4,u) and (4, v) are compatible, then (i,w) should be also
compatible with j’s nearby pixels (z,v), z Nj, asshown
in Fig.1 (a).

Learning parameters (z e. weights of VGG and costs
of label contexts) in Eqn.(1) is to minimize the distances
between ground-truth label map and y, which needs to be
inferred subject to the smoothness constraints.

Inerence Overv gw Inference of Eqn.(1) can be
obtained by the mean field (MF) algorithm [27],
which estimates the joint distribution of MRF,
P(y)=+ exp{—E(y)}, by using a fully-factorized
proposal distribution, Q(y) = ;v w19 where
each ¢! is a variable we need to estimate, indicating the
predicted probability of assigning label w to pixel i. To
simplify the discussion, we denote ®(y;') and W(y;', y;) as
@ and WY, respectively. Q(y) is typically optimized by
minimizing a free energy function [15] of MRF,

FQ = g o} + qrgwy
iV u L

Specifically, the first term in Eqn.(5) characterizes the cost
of each pixel’s predictions, while the second term char-
acterizes the consistencies of predictions between pixels.
The last term is the entropy, measuring the confidences of
predictions. To estimate ¢;*, we differentiate Eqn.(5) with
respect to it and equate the resulting expression to zero. We
then have a closed-form expression,

g’ exp —(®f+ ;¥iy) .  (6)
7 N; v L

such that the predictions for each pixel is independently
attained by repeating Eqn.(6), which implies whether pixel ¢
have label w is proportional to the estimated probabilities of
all its neighboring pixels, weighted by their corresponding
smoothness penalties. Substituting Eqn.(4) into (6), we
have

K
-0 = X\ )
k=1 v L j N;

d@, 2)qjq. .

z Nj

i exp

i
:u/k(ivu'aj7 U)

where each ¢} is initialized by the corresponding p} in
Eqgn.(2), which is the unary prediction of VGG6. Eqn.(7)
satisfies the smoothness constraints.

In the following, DPN approximates one iteration of
Eqgn.(7) by decomposing it into two steps. Let QY be a
predicted label map of the v-th category. In the first step
as shown in Fig.1 (c), we calculate the triple penalty term
in (7) by applying a m > m filter on each position j, where
each element of this filter equals d(y, 2)gj, resulting in Q" .
Apparently, this step smoothes the prediction of pixel j with
respect to the distances between it and its neighborhood. In
the second step as illustrated in (d), the labeling contexts
can be obtained by convolving Q¥ with a n % n filter, each
element of which equals u(7,w, 7, v), penalizing the triple
relations as shown in (a).

3. Deep ¢ ars pg Networr,

This section describes the implementation of Eq.(7) in
a Deep Parsing Network (DPN). DPN extends VGGy¢ as
unary term and additional layers are designed to approxi-
mate one iteration of MF inference as the pairwise term.
The hyper-parameters of VGG, and DPN are compared in
Table 1.

G1e As listed in Table 1 (a), the first row represents
the ne e of layer and ‘z-y’ in the second row represents
the szze of the receptive field and the s#ry e of convolution,
respectively. For instance, ‘3-1’ in the convolutional layer
implies that the receptive field of each filter is 3%3 and it
is applied on every single pixel of an input feature map,
while “2-2” in the max-pooling layer indicates each feature
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(@) HGi6, 224%224%3in ut 1 est e; 11000 out utedyels

1 2 3 4 5 6 7 8 9 10 11 12
Tayer | 2>conv ax | 2>gconv ax | 3>conv ax | 3>gonv ax 3g<conv ax 2>%5.¢ I
Ater stnde 3-1 2-2 3- 2-2 3 2-2 3- 2-2 -1 2-2 - -
Aehanné' 64 64 12 128 256 256 512 512 512 512 1 1
actvagon relu idn relu idn relu idn relu idn relu idn relu soft
sze 224 112 112 56 56 28 28 14 14 7 4096 1000
(b) Dy N, 512x512>%3 mn ut 1 4. € 512%512%21 out utedye S
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
Yayer | 2>conv ax | 2>gonv ax | 3>gonv ax | 3>gonv | 3><conv conv conv conv | conv [ conv | b p | su 5
ﬁ'ter stn de 3-1 2-2 3- 2-2 3- 2-2 3- 5-1 25-1 1-1 1-1 50-1 9-1 1-1 1-1
Ahanné' 64 64 128 128 256 256 512 512 4096 4096 21 21 105 21 21
actvagon relu idn relu idn relu idn relu relu relu relu | sigm lin lin idn soft
sze 512 256 256 128 128 64 64 64 64 64 512 512 512 512 512

Table 1: The comparisons between the network architectures of VGG1¢ and DPN, as shown in (a) and (b) respectively. Each table contains five rows,
representing the ‘na e o,_ayery, ‘recept yeg e d o,g ter’—‘str de’, ‘nu ber o, ougput ,eature aps’, ‘actgat pn unct pn’ and ‘s ge o, output ,eature

aps’, respg(ftively. Furthermorg, ‘conv’, * cénv’,* 'ax’, ‘b
|

pooling, ful
linear unit [18], identity, softmax, sigmoid, and linear, respectively.

map is pooled over every other pixel within a 2x2 local
region. The last three rows show the number of the output
feature maps, activation functions, and the size of output
feature maps, respectively. As summarized in Table 1 (a),
VGG;¢ contains thirteen convolutional layers, five max-
pooling layers, and three fully-connected layers. These
layers can be partitioned into twelve groups, each of which
covers one or more homogenous layers. For example, the
first group comprises two convolutional layers with 3x3
receptive field and 64 output feature maps, each of which
is 224224,

KA Mode{ ng* naryTer s 0

To make full use of VGG, Which is pre-trained by
ImageNet, we adopt all its parameters to initialize the
filters of the first ten groups of DPN. To simplify the
discussions, we take PASCAL VOC 2012 (VOC12) [7] as
an example. Note that DPN can be easily adapted to any
other semantic image segmentation dataset by modifying
its hyper-parameters. VOC12 contains 21 categories and
each image is rescaled to 512512 in training. Therefore,
DPN needs to predict totally 512x512=21 labels, i e. one
label for each pixel. To this end, we extends VGG in two
aspects.

In particular, let ai and bi denote the i-th group in Table
1 (a) and (b), respectively. First, we pcrease reso ut pn of
VGG by removing its max pooling layers at ag8'and a10,
because most of the information is lost after pooling, e .
al0 reduces the input size by 32 times, : e. from 224x224
to 7x7. As a result, the smallest size of feature map in
DPN is 64x64, keeping much more information compared
with VGG6. Note that the filters of b8 are initialized as
the filters of a9, but the 33 receptive field is padded into
5x%5 as shown in Fig.2 (a), where the cells in white are the
original values of the a9’s filter and the cells in gray are
zeros. This is done because a8 is not presented in DPN, such
that each filter in a9 should be convolved on every other

e’ gnd fsu represeny the convolution,local convolution, max pooling, block min
connection, and summation, réspectively. Moreover; ™ relu’, fdn’, ‘soft’, ‘sigm’, and ‘lin” represent the activation functions, including rectified

@ (b) (c) Local
convolution /21 channels
5 of b12
50
5 25 512
50
512

Figure 2: (a) and (b) show the padding of the filters. (c) illustrates local
convolution of b12.

pixel of a7. To maintain the convolution with one stride, we
pad the filters with zeros. Furthermore, the feature maps in
b11 are up-sampled to 512512 by bilinear interpolation.
Since DPN is trained with label maps of the entire images,
the missing information in the preceding layers of b11 can
be recovered by BP.

Second, two fully-connected layers at all are trans-
formed to two convolutional layers at b9 and b10, respec-
tively. As shown in Table 1 (a), the first “fc’ layer learns
7x7%512%4096 parameters, which can be altered to 4096
filters in b9, each of which is 25x25%512. Since a8 and a10
have been removed, the 77 receptive field is padded into
25x25 similar as above and shown in Fig.2 (b). The second
“fc’ layer learns a 40964096 weight matrix, corresponding
to 4096 filters in b10. Each filter is 1x<1>4096.

Overall, b1l generates the unary labeling results, pro-
ducing twenty-one 512x512 feature maps, each of which
represents the probabilistic label map of each category.

32. Mode" pg S oot ness 'Efr s "

The last four layers of DPN, :e. from b12 to b15, are
carefully designed to smooth the unary labeling results.

e bi2. As listed in Table 1 (b), ‘Iconv’ in b12 indicates
a oca y convo ut pna ayer, which is widely used in
fabe rétognitior [33, 35]'to capture different information
from different facial positions. Similarly, distinct spatial
positions of b12 have different filters, and each filter is
shared across 21 input channels, as shown in Fig.2 (c). It
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(a) Convolution of b13 (b) Pooling in b14
21 channels N{

T |
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Figure 3: (a) and (b) illustrates the convolutions of b13 and the poolings
inb14.

can be formulated as
12 — 11
"Gy =Nin(kGay =Gy, ®)

where lin(z) = axz + b representing the linear activation
function, * * is the convolutional operator, and k; .y is
a 50x50x%1 filter at position j of channel v. We have
ki = kg2 = ... = K 21y shared across 21 channels.
(', indicates a local patch in b1l, while *¢? is the
corresponding output of b12. Since b12 has stride one,
the result of k; *~t! 1 is a scalar. In summary, b12 has
512x%512 different éll’ters and produces 21 output feature
maps.

Eqn.(8) implements the tr p e pena ty of Eqn.(7). Re-
call that each output feature mdp of b1" indicates a proba-
bilistic label map of a specific object appearing in the image.
As a result, Eqn.(8) suggests that the probability of object
v presented at position j is updated by weighted averaging
over the probabilities at its nearby positions. Thus, as shown
in Fig.1 (c),’-\%jfu) corresponds to a patch of Qv centered at
j, which has values p?, =z NP0, Similarly, k; .,
is initialized by d(j, z)py, implying each filter captures
dissimilarities between positions. These filters remain fixed
during BP, other than learned as in conventional CNN?Z.

e bi3 As shown in Table 1 (b) and Fig.3 (a), b13 is
a convolutional layer that generates 105 feature maps by
using 105 filters of size 9x9x21. For example, the value
of (i,u. = 1) is attained by applying a 9x<9x21 filter at
positions {(j,v = 1,...,21)}. In other words, b13 learns
a filter for each category to penalize the probabilistic label
maps of b12, corresponding to the oca__abe contexts in
Eqn.(7) by assuming K = 5 and n'= 9 &s stown in Fig.1
(d).

= bl As illustrated in Table 1 and Fig.3 (b), b14 is a
block min pooling layer that pools over every 1x1 region
with one stride across every 5 input channels, leading to
21 output channels, re. 105+5=21. bl4 activates the
contextual pattern with the smallest penalty.

2Each filter in b12 actually represents a distance metric between pixels
in a specific region. In VOC12, the patterns of all the training images
in a specific region are heterogenous, because of various object shapes.
Therefore, we initialize each filter with Euclidean distance. Nevertheless,
Eqn.(8) is a more general form than the triple penalty in Eqn.(7), : e. filters
in (8) can be automatically learned from data, if the patterns in a specific
region are homogenous, such as face or human images, which have more
regular shapes than images in VOC12.

= bis This layer combines both the unary and smooth-
ness terms by summing the outputs of b1l and b14 in an
element-wise manner similar to Eqn.(7),

11 _el4
nis = exp In¢-Guy) =G ©)
iu) T T 21 11 ) _e 14 ’
—1 EXP |n¢‘\(i7u)) "\(m)

where probability of assigning label w to pixel i is normal-
ized over all the labels.

:f at pn toy rev pus Deep Mode s Many existing deep
models such as [39, 3, 30] employed Eqn.(3) as the pairwise
terms, which are the special cases of Eqn.(7). To see this,
let K=1 and j=4, the right hand side of (7) reduces to

d(, z)pi 2}

exp{—®; — Apn (2,0, 7, 0)

v L z N;
(e, v) d(, 2)pz}, (10)

v L z Nj,z=1

= exp{-0} -

where u(w,v) and d(i, z) represent the global label co-
occurrence and pairwise pixel similarity of Eqn.(3), respec-
tively. This is because \; is a constant, d(i,) = 0, and
p(i,w,i,v) = p(w,v). Eqn.(10) is the corresponding MF
update equation of (3).

3.3. Learn pg A{gor ;n S "

Learn pg The first ten groups of DPN are initialized
by VGGg°, while the last four groups can be initialized
randomly. DPN is then fine-tuned in an incremental manner
with four stages. During fine-tuning, all these stages solve
the pixelwise softmax loss [22], but updating different sets
of parameters.

First, we add a loss function to b1l and fine-tune the
weights from bl to b1l without the last four groups, in
order to learn the unary terms. Second, to learn the
triple relations, we stack b12 on top of b1l and update its
parameters (1e. wy,wy in the distance measure), but the
weights of the preceding groups (ze. b1 bl1l) are fixed.
Third, b13 and b14 are stacked onto b12 and similarly,
their weights are updated with all the preceding parameters
fixed, so as to learn the local label contexts. Finally, all the
parameters are jointly fine-tuned.

I pe entagfn PN transforms Eqn.(7) into convo-
lutions'and poolifgs ifi the groups from b12 to b15, such
that filtering at each pixel can be performed in a parallel
manner. Assume we have f input and f output feature
maps, N > N pixels, filters with s %< s receptive field, and a
mini-batch with A/ samples. b12 takes a total f- N2 -s?- M
operations, b13 takes f - f - N2 - s2 . M operations,
while both b14 and b15 require f - N2 - M operations.

3We use the released VGGig model, which is public available at
http://www.robots.ox.ac.uk/~vgg/research/very_
deep/
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For example, when M =10 as in our experiment, we have
21x5122x502x10=1.3x10'* operations in b12, which
has the highest complexity in DPN. We parallelize these
operations using matrix multiplication on GPU as [4] did,
b12 can be computed within 30ms. The total runtime of the
last four layers of DPN is 75ms. Note that convolutions in
DPN can be further speeded up by low-rank decompositions
[14] of the filters and model compressions [13].

However, direct calculation of Eqn.(7) is accelerated by
fast Gaussian filtering [1]. For a mini-batch of ten 512512
images, a recently optimized implementation [16] takes 12
seconds on CPU to compute one iteration of (7). Therefore,
DPN makes (7) easier to be parallelized and speeded up.

4 . Exper; ents "

Dataset \We evaluate the proposed approach on the PAS-
CAL VOC 2012 (VOC12) [7] dataset, which contains 20
object categories and one background category. Following
previous works such as [12, 22, 3], we employ 10,582
images for training, 1, 449 images for validation, and 1, 456
images for testing.

Eva uat pn Metr gs All existing works employed mean
pixelwlse intersection-over-union (denoted as mloU) [22]
to evaluate their performance. To fully examine the effec-
tiveness of DPN, we introduce another three metrics, in-
cluding tagging accuracy (TA), localization accuracy (LA),
and boundary accuracy (BA). (1) TA compares the predict-
ed image-level tags with the ground truth tags, calculating
the accuracy of multi-class image classification. (2) LA
evaluates the loU between the predicted object bounding
boxes* and the ground truth bounding boxes (denoted as
bloU), measuring the precision of object localization. (3)
For those objects that have been correctly localized, we
compare the predicted object boundary with the ground
truth boundary, measuring the precision of semantic bound-
ary similar to [12].

Co par pons , DPN is compared with the best-
performing methods on VOC12, including FCN [22],
Zoom-out [25], DeepLab [3], WSSL [28], BoxSup [5],
Piecewise [19], and RNN [39]. All these methods are
based on CNNs and MRFs, and trained on VOC12 data
following [22]. They can be grouped according to different
aspects: (1) o pttrap: Piecewise and RNN; (2) wo
o pt.tra p: Déeplab, WSSL, FCN, and BoxSup; (3) pre
t’rap on COCO: RNN, WSSL, and BoxSup. The first
and the second groups are the methods with and without
joint training CNNs and MRFs, respectively. Methods in
the last group also employed MS-COCO [20] to pre-train
deep models. To conduct a comprehensive comparison, the
performance of DPN are reported on both settings, 1 e., with
and without pre-training on COCO.

4They are the bounding boxes of the predicted segmentation regions.

Receptive Field [ baseline | 10x10 [ 50x50 | 100x100
moU(®) [ 634 [ 638 | 4, | 643
(a) Comparisons between different receptive’fields of b12.

Receptive Field [ 1x1 ][ 5x5 [ 9x9 [ 9x9 mixtures
mioU (%) | 64.8 | 66.0 | 663 | 665

(b) Comparisons between different receptive fields of b13.
Pairwise Terms | DSN [30] | DeepLab [3] | DPN
improvement (%) | 2.6 | 33 [ 54
(c) Comparing pairwise terms of different methods.

Table 2: Ablation study of hyper-parameters.

In the following, Sec.4.1 investigates the effectiveness of
different components of DPN on the VOC12 wu/gp<tion set.
Sec.4.2 compares DPN with the state-of-the-art methods on
the VOC12 rest set.

4 .1.Eject yeness o, Dy N

All the models evaluated in this section are trained and

tested on VOC12.

rpe yenaty The receptive field of b12 indicates
the ranfe of triple relations for each pixel. We examine
different settings of the receptive fields, including ‘10><10’,
*50%50’, and “100%100’, as shown in Table 2 (a), where
‘50x50" achieves the best mloU, which is sightly better
than “100>100’. For a 512>512 image, this result implies
that 5050 neighborhood is sufficient to capture relations
between pixels, while smaller or larger regions tend to
under-fit or over-fit the training data. Moreover, all models
of triple relations outperform the ‘baseline’ method that
models dense pairwise relations, :e. VGG;5+denseCRF
[16].

Labe Contexts Receptive field of b13 indicates the
range of local label context. To evaluate its effectiveness,
we fix the receptive field of b12 as 50>50. As summarized
in Table 2 (b), “9%9 mixtures” improves preceding settings
by 1.7, 0.5, and 0.2 percent respectively. We observe large
gaps exist between ‘1x1’ and ‘5x5’. Note that the 1x1
receptive field of b13 corresponds to learning a global label
co-occurrence without considering local spatial contexts.
Table 2 (c) shows that the pairwise terms of DPN are more
effective than DSN and DeepLab®.

More importantly, mloU of all the categories can be
improved when increasing the size of receptive field and
learning a mixture. Specifically, for each category, the im-
provements of the last three settings in Table 2 (b) over the
first one are 1.2+0.2, 1.5+0.2, and 1.7+0.3, respectively.

We also visualize the learned label compatibilities and
contexts in Fig.4 (a) and (b), respectively. (a) is obtained
by summing each filter in b13 over 9x9 region, indicating

5The other deep models such as RNN and Piecewise did not report the
exact imrprovements after combining unary and pairwise terms.
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Figure 4: Visualization of (a) learned label compatibility (b) learned
contextual information. (Best v gwed p co or)
i

Figure 5: Step-by-step visualization of DPN. (Best v gwed p co or)
1

how likely a column object would present when a row
object is presented. Blue represents high possibility. (a)
is non-symmetry. For example, when ‘horse’ is presented,
‘person’ is more likely to present than the other objects.
Also, “chair’ is compatible with ‘table” and ‘bkg’ is com-
patible with all the objects. (b) visualizes some contextual
patterns, where ‘A:B’ indicates that when ‘A’ is presented,
where ‘B’ is more likely to present. For example, ‘bkg’ is
around ‘train’, “motor bike’ is below ‘person’, and ‘person’
is sitting on ‘chair’.

Incre enta Leagn pg As discussed in Sec.3.3, DPN is
trained in an intremerital manner. The right hand side of Ta-
ble 3 (a) demonstrates that each stage leads to performance
gain compared to its previous stage. For instance, ‘triple
penalty” improves ‘unary term’ by 2.3 percent, while “label
contexts’ improves ‘triple penalty’ by 1.8 percent. More
importantly, joint fine-tuning all the components (: e. unary
terms and pairwise terms) in DPN achieves another gain
of 1.3 percent. A step-by-step visualization is provided in
Fig.5.

We also compare ‘incremental learning’ with ‘joint
learning’, which fine-tunes all the components of DPN at
the same time. The training curves of them are plotted in
Fig.6 (a), showing that the former leads to higher and more
stable accuracies with respect to different iterations, while
the latter may get stuck at local minima. This difference

0.7, 0.7,
==Incremental Learning

==Joint Learning

0.68 e

3 /; goc
N e

//
N 0.64 /
/

T

==DPN pairwise terms
=——denseCRF [16]

) 1000 2000 3000 4000 5000 o 1 2 3 4 5
Number of Training Iterations Number of MF Iterations

Figure 6: Ablation study of (a) training strategy (b) required MF
iterations. (Best v gwed p co or)
1

98% 3% 94%

8

< 9%

g

< 96% 69% ;

g 92%

2 95% 67% I
%% 65% 91%

Figure 7: Stage-wise analysis of (a) mean tagging accuracy (b) mean
localization accuracy (c) mean boundary accuracy.

mean BBox
mean Pixel Acc

is easy to understand, because incremental learning only
introduces new parameters until all existing parameters
have been fine-tuned.

One. ferat pn MF DPN approximates one iteration of
MF. Fig.6 (b) illustrates that DPN reaches a good accuracy
with one MF iteration. A CRF [16] with dense pairwise
edges needs more than 5 iterations to converge. It also
has a large gap compared to DPN. Note that the existing
deep models such as [3, 39, 30] required 5 10 iterations to
converge as well.

D jierent Co ponents Node ng D ;i erent Injor a
tpn We further evaluate D dsing three metrics. The
results are given in Fig.7. For example, (a) illustrates that
the tagging accuracy can be improved in the third stage, as
it captures label co-occurrence with a mixture of contextual
patterns. However, TA is decreased a little after the final
stage. Since joint tuning maximizes segmentation accu-
racies by optimizing all components together, extremely
small objects, which rarely occur in VOC training set,
are discarded. As shown in (b), accuracies of object
localization are significantly improved in the second and the
final stages. This is intuitive because the unary prediction
can be refined by long-range and high-order pixel relations,
and joint training further improves results. (c) discloses
that the second stage also captures object boundary, since
it measures dissimilarities between pixels.

excass Anayss Table 3 (a) reports the per-class
accuraciks of foul evaluation metrics, where the first four
rows represent the mloU of four stages, while the last
three rows represent TA, LA, and BA, respectively. We
have several valuable observations, which motivate future
researches. (1) Joint training benefits most of the categories,
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[ areo bike bird boat bottle bus car cat chair cow table dog horse mbike personplant sheep sofa train tv [ Avg.

Unary Term (mloU) | 775 341 762 583 633 781 725 765 266 599 408 70.0 629 693 763 392 704 376 725 57.3] 624

+ Triple Penalty 823 359 806 601 648 795 741 809 279 635 404 738 66.7 70.8 79.0 420 741 39.1 732 585| 64.7

+ Label Contexts 832 356 #2.6 616 655 805 743 #2.6 299 6.9 475 752 .3 714 796 427 e 406 753 59.1| 66.5

+ Joint Tuning de 35 807 663 65 42 _64 85 33s 658 544 60 671 4.9 of0 403 TEO4Ts 66 64| 6o

TA (tagging Acc.) 98.8 979 984 977 961 986 952 96.8 90.1 975 957 967 963 981 933 96.1 987 922 974 96.3] 96.4

LA (bloU) 817 763 755 703 544 864 706 856 518 79.6 571 833 792 800 741 531 79.1 684 763 588| 72.1

BA (boundary Acc.) 959 839 969 926 938 94.0 957 956 895 933 914 952 942 927 945 904 948 905 937 96.6| 93.3

(a) Per-class results on VOC12 4/,
[ areo bike bird boat bottle bus car cat chair cow table dog horse mbike personplant sheep sofa train tv mloU

FCN [22] 76.8 342 689 494 603 753 747 776 214 625 468 718 639 765 739 452 724 374 709 551| 622
Zoom-out [25] | 85.6 37.3 832 625 66.0 851 80.7 849 272 732 575 781 792 811 771 536 740 492 717 63.3| 69.6
Piecewise [19] | 87.5 37.7 758 574 723 884 826 800 334 715 550 79.3 784 813 827 561 79.8 486 77.1 66.3| 70.7
DeepLab [3] 844 545 815 636 659 851 791 834 307 741 598 79.0 76.1 832 808 59.7 822 504 731 637 71.6
RNN [39] 875 39.0 79.7 642 683 876 808 844 304 782 604 805 778 831 80.6 595 828 47.8 783 67.1| 720
wssLT [28] 89.2 46.7 885 635 684 870 812 863 326 807 624 810 813 843 821 562 846 583 762 67.2| 73.9
RNNT [39] 90.4 553 887 684 698 883 824 851 326 785 644 79.6 819 o6 818 586 824 535 774 70.1| 747
Boxsup’ [5] #9 380 ,92 6.9 680 896 830 . . 344 836 6. 815 837 852 835 586 849 558 #f2 _j. | 752
DPN 87.7 59.4 784 649 703 89.3 835 861 317 799 626 819 800 835 823 605 832 534 779 650[ 741
DPNT 89.0 6f.6 87.7 668 912 4.3 876 365 63 661 44 o e 856 54 636 » 3 613 794 664| 5

4
(b) Per-class results on

VOC12 test. The approaches pre-trained on coco [20] are marked with .

Table 3: Per-class results on VOC12.

except animals such as ‘bird’, ‘cat’, and ‘cow’. Some
instances of these categories are extremely small so that
joint training discards them for smoother results. (2)
Training DPN with pixelwise label maps implicitly models
image-level tags, since it achieves a high averaged TA of
96.4%. (3) Object localization always helps. However,
for the object with complex boundary such as ‘bike’, its
mloU is low even it can be localized, &.. ‘bike’ has
high LA but low BA and mloU. (4) Failures of different
categories have different factors. With these three metrics,
they can be easily identified. For example, the failures of
‘chair’, ‘table’, and ‘plant’ are caused by the difficulties
to accurately capture their bounding boxes and boundaries.
Although “bottle’ and ‘tv’ are also difficult to localize, they
achieve moderate mloU because of their regular shapes. In
other words, mloU of ‘bottle” and ‘tv’ can be significantly
improved if they can be accurately localized.

e

As shown in Table 3 (b), we compare DPN with the
best-performing methods® on VOC12 test set based on two
settings, 1 e. with and without pre-training on COCO. The
approaches pre-trained on COCO are marked with “t”. We
evaluate DPN on several scales of the images and then
average the results following [3, 19].

DPN outperforms all the existing methods that were
trained on VOC12, but DPN needs only one MF iteration
to solve MRF, other than 10 iterations of RNN, DeepLab,
and Piecewise. By averaging the results of two DPNSs, we
achieve 74.1% accuracy on VOC12 without outside training
data. As discussed in Sec.3.3, MF iteration is the most

4 2.Overa {er,or ance
1

6The results of these methods were presented in either the published
papers or arXiv pre-prints.

complex step even when it is implemented as convolutions.
Therefore, DPN at least reduces 10> runtime compared to
previous works.

Following [39, 5], we pre-train DPN with COCO, where
20 object categories that are also presented in VOC12 are
selected for training. A single DPN' has achieved 77.5%
mloU on VOCI12 test set. As shown in Table 3 (b), we
observe that DPN' achieves best performances on more
than half of the object classes.

. Conc us pon
5 . P

We proposed Deep Parsing Network (DPN) to address
semantic image segmentation, which has several appealing
properties. First, DPN unifies the inference and learning
of unary term and pairwise terms in a single convolutional
network. No iterative inference are required during back-
propagation. Second, high-order relations and mixtures
of label contexts are incorporated to its pairwise terms
modeling, making existing works serve as special cases.
Third, DPN is built upon conventional operations of CNN,
thus easy to be parallelized and speeded up.

DPN achieves state-of-the-art performance on VOC12,
and multiple valuable facts about semantic image segmen-
tion are revealed through extensive experiments. Future
directions include investigating the generalizability of DPN
to more challenging scenarios, . . large number of object
classes and substantial appearance/scale variations.
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