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Abstract—We propose a new method for human pose estima-
tion from a single image. Since both appearance and locations
of different body parts strongly depends on each other in
an image, considering their relationship helps identifying the
underlying poses. However, most of the existing methods cannot
fully utilize this contextual information by using simplified model
to make inference tractable. The proposed method models general
relationship between body parts based on the convolutional
neural networks, while keeping inference tractableble by ef-
fectively reducing the search space to a subset of poses by
pruning unreliable ones based on the strong unary part detectors.
Experimental results demonstrate that the proposed method
improves the accuracy than baselines, on FLIC and LSP dataset,
while keeping inference and learning tractable.

I. INTRODUCTION

We propose a new framework for human pose estimation
from a single image. Recently, introduction of powerful fea-
tures based on the convolutional neural network (CNN) has
largely increased the accuracy of individual body joint detec-
tions [1], [2], [3], [4]. It overcomes severe appearance change
and image degradation by nonlinear feature representation
and enlarged receptive field around positions. However, inde-
pendently localizing body joints are not enough to estimate
a complete pose of each individual when multiple people
appears together and body overlaps, which is common in real
world images. Also, body joint detectors are not always perfect
and often outputs noisy estimation. Therefore, it requires one
to consider additional contextual information from other parts
of the body.

To fully utilize the interaction between body joints, both
appearance and their relative positions should be addressed
together, because the information arises not only from the
constraint that estimated pose should have a plausible 3D con-
figuration of body parts with corresponding appearances, but
also from its appearance. For example, arms from one person
are more likely to have same color, body parts belongs to one
person should be in close distance, and each appearance of
parts should share consistent 3D configuration and viewpoints.
If only appearance is used [1], [5], it cannot discriminate
nearby two faces. Similarly, if only spatial relationship is
used [3], it cannot correctly assign body parts to individuals if
they are located closely as shown in Figure 1. However, though
appearance and spatial relationship between parts are useful,
most of the previous works model pairwise relationship in a
limited way to reduce the computational complexity necessary
for inference and learning.

Fig. 1. Motivation to model generic image dependent pairwise term. The
estimated pose using the model that utilized inter-part relationship in a
restricted way [4] fails in a challenging conditions.

Most populary used strategy to consider dependency be-
tween body joints follows the seminal work of Yang and
Ramanan [6]. They divide appearance of each body joint
into several discrete types and set different preference to type
pairs between nearby joints. Many variants have proposed
while varying other factors such as feature descriptor, graph-
ical model structure [7], [8], [9], [10], [4], [11]. However,
since they approximated originally continuous appearance
with only few types, it is limited to cover huge appearance
variation occured from diverse poses, viewpoints, and clothes.
Also, since the types are clustered according to the pose
configuration, types cannot discriminate color, texture, and
patterns, therefore fail to utilize the relative appearance which
commonly reveals in an image. As another strategy, inference
machines are applied [12] to avoid heavy inference. They
circumvent expensive inference for every iteration of training,
thereby allowing more genearl form to model the pairwise
relationships.

In this paper, we propose a new framework that models both
appearance and spatial relationships between key body joints.
Unlike previous works which quantized appearance space into
few types, we model more general pairwise relationship by cal-
culating pairwise term for each quantized spatial relationship
directly from patch using the convolutional neural networks.
Based on the observation that unary part detectors are strong
enough, we make inference tractable by effectively pruning
unreliable solutions. In sum, it has two contributions: 1) We



propose a new framework for human pose estimation with
image dependent pairwise score. 2) We propose a tractable
inference and learning method for the proposed generic model
by proper parameterization.

II. MODEL

A. Notation

We represent human pose by a graphical model G = (V, E),
where V denotes the set of nodes and E denotes the set of
edges. Each node v ∈ V specifies the location of key body
joint while an edge e ∈ E indicates the iteraction between
them. For a given image x, our goal is to assign a pose y =
{y1, y2, · · · , y|V |} that maximizes the following score,

S(x, y, θ) =
∑
i∈V

Φi(x, yi, θ) +
∑
ij∈E

Ψi,j(x, yi, yj , θ), (1)

where yi denotes pixel position of i-th joint and θ denotes
the parameters. Unary score Φi(x, yi, θ) measures how likely
the i-th joint is located at the position yi in image x and the
pairwise score Ψi,j(x, yi, yj , θ) measures how likely i-th and
j-th joints are located at positions yi and yj , respectively.

B. Unary Score

We use convolutional neural networks to realize the unary
score function Φi. We adapted a unary part of the network
structure of Wei et al. [13]. To further increase the receptive
field, 1-stride convolution with 9 x 9 filters is added before
the fully connected layers. Also, we added batch normaliza-
tion [14] layer after every weight layer.

C. Pairwise Score

We design the pairwise score to fulfill two properties: 1)
to consider both appearance and their spatial relationship
of body parts and 2) keep inference and learning tractable.
Our intuition is that a pair of appearance of nearby joints
implies their spatial relationship. The function fb (x, yi, yj , θ)
represents how likely i-th joint and j-th joint are at the relative
spatial relation of b, for given appearances of patches around
yi and yj . To make it differentiable, we formulate it as

Ψij(x, yi, yj , θ) =
∑
b∈B

δb(yi, yj)fb(x, yi, yj , θ), (2)

where δb(yi, yj) is an indicator function equal to 1 if the offset
∆ = yi−yj belongs to the bin b ∈ B and 0 otherwise. In this
paper, we uniformly partitioned 360 degree into 8 bins, B =
{b1, b2, · · · , b8} and set δb(yi, yj) to be 1 if the angle between
offset ∆ and x-axis belongs to b. We realized fb(x, yi, yj)
by first concatenating the pairs of intermediate features from
unary network, from interested locations, and passing them
through fully connected layers.

We design the model so that coarse localization relies more
on the pairwise scores while fine localization relies more on
the unary scores. The underlying assumption is that unary
score has a local optimum at the position of target joints. The
pairwise score has a constant value for every location pair yi
and yj that belongs to the same bins, i.e. yi − yj ∈ b. In

Fig. 2. The proposed network consists of three parts: 1) unary network, 2)
pairwise network, and 3) inference layers.

this way, |B| instead of |Yi||Yj | observation is needed. In our
experiments, we observed that convolutional neural networks
(CNN) based unary part detector satisfies the assumption with
high probability.

In sum, in contrast to the previous approaches that quan-
tized the whole appearance space of each part into a finite
groups [6], [4], we discretize the spatial space with reasonable
assumption. It has two main advantages with an expense of
pairwise score to be in low resolution. Firstly, it can deal
with more general appearance relationships such as pattern
and color consistency. Secondly, it can model spatially multi-
modal pairwise score function.

D. Network Details

The overall network structure is shown in Figure 2. Network
1, 2, and 3 represents the unary, pairwise, and inference
layers, respectively. Pairwise network consists of three fully
connected layers. We tried the output of third and fifth convo-
lution layer as feature descriptor which are concatenated and
used as an input to the pairiwise network. Since they showed
similar results, we used the output of fifth convolution layer in
all the experiments. Inference layer takes unary and pairwise
scores from unary and pairwise networks as input, and outputs
predictions by maximizing the objective Eq.(1).

III. TRAINING

Our goal is to train a network, i.e. to find the parameter θ,
that makes the score function of Eq.(1) to have higher value
to y when it is closer to the ground truth for a given image
x. The distance between ground truth and predicted pose is
measured by the sum of squared distance between each key
joints, ∆(y, yGT ) =

∑
i ‖yi − yGT,i‖2. Similar to standrd

structured SVM [15], we train the parameter θ by minimizing



the loss L,

L(θ) =
λ

2
‖θ‖2 +

µ

N

N∑
n=1

∑
i∈V

∑
y
(n)
i ∈Y

(Φ(y
(n)
i )− ΦGT (y

(n)
i ))2

1

N

N∑
n=1

[max
y∈Y

(∆(y(n), y) + S(x(n), y, θ))− S(x(n), y(n), θ)],

(3)

where ΦGT is a ground truth heatmap [3]. The supervision is
depicted as red arrows in Figure 2

We use stochastic gradient descent to train the proposed
model. The derivative of the objective is derived as

∂L

∂θ
= λθ +

1

N

N∑
n=1

(
∂S(x(n), ymax, θ)

∂θ
− ∂S(x(n), y(n), θ)

∂θ
),

(4)
where

ymax = max
y∈Y

(∆(y(n), y) + S(x(n), y, θ)) (5)

is a maximum violated solution and

∂S(x(n), y, θ)

∂θ
=

∑
i∈V

∂Φi(x
(n), yi, θ)

∂θ
+
∑
ij∈E

∂Ψij(x
(n), yi, yj , θ)

∂θ
.

(6)
Both unary score and pairwise term is differentiable. Deriva-
tive of the pairwise term is easily obtained as follows:

∂Ψij(x, yi, yj)

∂θ
=

∑
b∈B

δb(yi, yj)
∂fb(x, yi, yj)

∂θ
(7)

We first trained unary detector using MSE objective with
guassian heatmap following the approach of [3]. Then we
train the pairwise network with fixed uanary network. Finally,
we jointly fine tune the nework according to the derivative
Eq.(4-7) At the training time, we perform randomly flipped,
rotated, cropped, and scaled the training data to increase the
generalizability of the trained network.

IV. INFERENCE

We modeled human body using a tree structured graph
and used dynamic programming for exact inference. The
computational complextiy is originally O(N2|V |) where N
is the number of pixels. Since we need to do one inference
per each iteration of SGD, it is intractable. Based on the
observation that unary joint detector is strong with some
confusion with left/rigt discrimination, we decided to use only
local maximum as candidates instead of the whole pixels.
Computational complexity is reduced to O(K2|V |), and where
K is the number of local maximum. We used K = 5 for all
the experiments, which gave us high enough upper bound in
accuracy.

TABLE I
COMPARISON WITH BASELINES

Sym-Unary Asym-Unary
PDJ@0.2 Baseline Proposed Baseline Proposed
FLIC 56.3 93.3 93.9 94.9
LSP 56.3 73.3 76.1 78.4

V. EXPERIMENTS

We evaluated the proposed method on two datasets:
FLIC [8] and extended LSP [16], [17] dataset. FLIC dataset
consists of 5003 images sampled from Hollywood movies. It
provides box around torso of each target person. LSP dataset
consists of 12000 pose annotated images sampled from Flickr
using sports tags. Both dataset has ground truth annotations
for the key body joint locations.

A. Effect of Image Dependent Pairwise Term

To evaluate the effect of the proposed image dependent pair-
wise term, we compared the proposed method a baseline which
uses only unary joint detector. Two different unary models
are tested: 1) Sym-Unary and 2) Asym-Unary. Sym-Unary is
constrained to Φi = Φj if joints i and j are symmetric, e.g.
left/right shoulder. Asym-Unary is not constrained. The results
are shown in table I. In both cases, the proposed pairwise term
improves the accuracy of the baselines.

B. Comparison with State-of-the-art Methods

We compare the performance of the proposed method with
three state-of-the-art methods, [3], [4], [5] on LSP datset.
Tompson et al used image independent pairwise score and
Fan et al used only unary detector with additional regression
for fine level error correction. Chen et al extended Yang
and Ramanan roughly replacing the unary network to CNN
based detector. Note that direct comparison of the framework
based on the result is unfair, because network structures and
objectives are different.

The results are shown in Table II and Figure 3. We evalu-
ated the accuracy for person centric annotation. Our method
outperforms . Figure 3 shows the detection accuracy while
varying the detection threshold. As a measure of accuracy,
we used person centric PDJ (Percentage of detected Joints),
following the previous papers. A body joint is considered to be
detected if the normalized distance, which is a ratio between
the distance between the estimated position and ground truth
with respect to the distance between left shoulder and right
heap, is below certain threshold. The proposed method shows
slightly lower accuracy for low threshold when compared to
[3], however, it shows higher accuracy for larger thresholds.
Some example results are shown in Figure 4.

VI. CONCLUSION

We proposed a framework for human pose estimation with
novel pairwise term. Though it improves the accuracy from the
baseline, we observed that the effect of pairwise term becomes
small with good unary networks. It is because, due to the large
receptive field of the unary network, which covers about two



Fig. 3. Accuarcy comparison on LSP dataset

(a) (b)

Fig. 4. Example results

Chen et al [4] Fan et al [5]

Tompson et al [3] Ours

TABLE II
ACCURACY COMPARISON ON LSP DATASET

PDJ@0.2 Head Shoulder Elbow Wrist Hip Knee Ankle Total
Tompson et al [3] 90.6 79.2 67.9 63.4 69.5 71.0 64.2 72.3
Chen et al [4] 91.8 78.2 71.8 65.5 73.3 70.2 63.4 73.4
Fan et al [5] 92.4 75.2 65.3 64.0 75.7 68.3 70.4 73.0
Ours 92.2 79.6 73.2 66.9 81.1 79.8 75.7 78.4

third of the individuals height, the unary score already contains
the information expected to be contained in the pairwise score.
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