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Abstract

We address the problem of learning view-invariant 3D

models of human motion from motion capture data, in or-

der to recognize human actions from a monocular video

sequence with arbitrary viewpoint. We propose a Spatio-

Temporal Manifold (STM) model to analyze non-linear mul-

tivariate time series with latent spatial structure and ap-

ply it to recognize actions in the joint-trajectories space.

Based on STM, a novel alignment algorithm Dynamic Man-

ifold Warping (DMW) and a robust motion similarity metric

are proposed for human action sequences, both in 2D and

3D. DMW extends previous works on spatio-temporal align-

ment by incorporating manifold learning. We evaluate and

compare the approach to state-of-the-art methods on mo-

tion capture data and realistic videos. Experimental results

demonstrate the effectiveness of our approach, which yields

visually appealing alignment results, produces higher ac-

tion recognition accuracy, and can recognize actions from

arbitrary views with partial occlusion.

1. Introduction

Recognizing human action is a key component in many

vision applications, such as video surveillance, 3D human

pose estimation and video indexing. Extracting this high

level information from motion capture or video data is the

problem we propose to address here. Although significant

progress has been made in action recognition [2, 4, 10, 11,

24, 25], the problem remains inherently challenging due to

significant intra-class variations, viewpoint change, partial

occlusion and background dynamic variations. A key lim-

itation of many action-recognition approaches is that their

models are learned from single 2D view video features on

individual datasets and thus unable to handle arbitrary view

change or scale and background variations. Also, since they

are not generalizable across different datasets, retraining is

necessary for any new dataset.

Our approach is motivated by the requirement of view-

invariant action recognition and the fact that the existing

Figure 1. Flow chart of the proposed approach.

human motion capture (Mocap) data provides useful knowl-

edge to understand the intrinsic motion structure. We ad-

dress the problem of modeling and analyzing human mo-

tion in the joint-trajectories space. Our overall approach is

sketched in Fig. 1, which has the following modules:

(1) Given a labeled Mocap sequence with M markers in

3D, which is a 3M -dimensional sequential data (3MD+t),

the low dimensional manifold structure (i.e., tangent space,

geodesics distance, etc) is learnt from the Spatio-Temporal

Manifold (STM) Model (offline, as given in Sec. 3).

(2) For other unlabeled motion sequences in 3D, after the

intrinsic structure learning (1), we can calculate a motion

similarity score with each labeled motion sequence by the

proposed approach Dynamic Manifold Warping (DMW)

(Sec. 4), to do action recognition (online). DMW is de-

signed as unsupervised learning algorithm, and can be ap-

plied to align multivariate time series in general.

(3) More interestingly, our system can recognize actions

in videos (Sec. 5). To apply our approach to videos, we have

a pre-processing step to extract joint 2D trajectories from

image observations by a tracker. 2D tracking results from

single view videos are often noisy and have occlusions, but

our structure learning algorithms (1) remain the same and



our alignment approach (2) can naturally handle 2D input.

Furthermore, the complete 3MD skeleton can be inferred

from partially occluded tracks, as a by-product.

Contributions.

− One or very few examples are required in each action

category in the training stage, compared to 100s for many

learning approaches.

− View invariance: low dimensional motion manifolds are

learnt from 3D Mocap data, and our alignment algorithms

can handle 2D input (arbitrary viewpoint); these two fea-

tures enable our system to recognize actions regardless of

the viewpoint.

− Transfer learning: when applying our approach to a

video dataset, there is no training process on this dataset

and people in these videos do not necessarily appear in the

labeled Mocap sequences. Thus, our approach can be con-

sidered as a transfer learning framework, i.e., the knowl-

edge from labeled Mocap data can be adapted to any action

video.

− Intra and inter-person variations: a person repeating

an action differently, or two people performing an action

with differences in both pose style and motion dynamic, are

handled by combining temporal and spatial alignment to-

gether.

− Occlusion handling: in order to recognize actions from

videos, key points trajectories need to be tracked. Instead

of M key points, often only K visible points can be tracked

during the action (K ≤ M ), such as a side view video

of a walking man. Our system can handle these 2D noisy

tracked trajectories, even with occlusion (2KD+t).

− Alignment: considering alignment algorithm only, we

introduce DMW to align two human motion sequences and

provide a robust motion similarity score. As the first at-

tempt to incorporate non-linear latent variable model and

spatio-temporal alignment, DMW outperforms state-of-the-

art competing approaches in our applications.

2. Related Work

Action recognition is a multifaceted field, our discussion

focuses on view-invariant methods, and readers can refer to

a recent review [13] for more details.

View Invariant Recognition. Hidden Markov Model

(HMM) is built on 3D joint-trajectories (Mocap) to cap-

ture the dynamic information of human motion [7]. The

claimed advantage of the 3D HMM model is that the de-

pendence on view point and illumination is removed. How-

ever, HMM requires large amount of training data in rela-

tively high dimensional space (e.g. 67) and the HMM model

structure must be adaptively designed for specific applica-

tion domains. These may be potential factors that make

the recognition performance unsatisfactory, and AdaBoost

is used to improve the accuracy [7]. View-independence

is also addressed in [9] by rendering Mocap data of vari-

ous actions from multiple viewpoints, which is a time and

storage consuming process. Another class of methods re-

lies on recovering 3D poses information from silhouettes.

In [23], 3D models are projected onto 2D silhouettes with

respect to different view point, and [25] detects 2D feature

first and then back-projects them to action features based

on a 3D visual hull. These methods require a computation-

ally expensive search process over model parameters to find

the best match between 2D features and 3D model. Very re-

cently, in [24], a 3D HoG descriptor was proposed to handle

view point change, and this approach requires the multiple

view camera settings for training data to achieve the view-

invariant recognition. Departing from these methods, our

recognition process does not require 2D pose rendering or

parameters search. Our trajectory features are located at

body skeleton’s key locations, with explicit semantic mean-

ing, allowing our system to be directly applied to arbitrary

scene without datasets dependent training.

Dynamic Manifold Model. Non-linear manifold learning

and latent variable modeling (LVM) is prominent in ma-

chine learning research in the past decade [19, 22]. In par-

ticular, some probabilistic latent variable frameworks, i.e.,

GP-LVM, GPDM and its variants [5, 21], focus on motion

capture data and try to capture the intrinsic structure of hu-

man motion, which is further applied to 3D monocular peo-

ple tracking [20].

Motion Sequence Matching. Canonical Component Anal-

ysis (CCA) [1], proposed for learning the shared subspace

between two high dimensional features, has been used as

the spatial matching algorithm for activity recognition from

video [3]. Video synchronization is addressed as a tempo-

ral alignment problem in [14, 18], which uses dynamic time

warping (DTW) or its variants. [12] uses linear transfor-

mation model to solve the spatio-temporal alignment prob-

lem for multiple unsynchronized video sequences. Very re-

cently, as an elegant extension of CCA and DTW, Canoni-

cal Time Warping (CTW) is proposed for spatio-temporal

alignment of two multivariate time series and applied to

align human motion sequences between two subjects [26].

DMW is different from all previous approaches, e.g, DTW

and CTW, and a detailed analysis is given in Sec. 4.

3. Spatio-Temporal Manifold Model for Hu-

man Motion Data

Suppose there is a d-dimensional submanifold M em-

bedded in an ambient space of dimensionality D ≫ d.

We use a latent variable model (LVM) to represent M as a

mapping between the intrinsic space and the ambient space:

f : R
d → R

D and x = f(τ ) + ǫ, where x ∈ R
D is

the observation variable, τ ∈ R
d is the latent variable and

ǫ ∈ R
D is the noise. To incorporate the temporal dimension

into standard LVM, we propose a novel model as follows.

Definition: a spatio-temporal manifold (STM) is a di-



rected traversing path Mp (with boundary or compact) on

a spatial-manifold M, and further embedded in R
D.

A traversing path Mp can be intuitively thought as

a point moving on M from a starting point at time t1
(τ start, xstart) to an ending point (τ end, xend) at time t2.

A path is not just a subset of M which “looks like”a curve,

it also includes a natural parametrization as, gζ→τ : [0 1] →
M, s.t. g(0) = τ start and g(1) = τ end. So, a new la-

tent variable ζ ∈ [0 1] is associated with every point in this

path. Since M is embedded in R
D by f(·), essentially the

traversing path can be described as a non-linear multivariate

time series as,

x(t) = h(ζt) + ǫ (1)

where h(·) = f(g((·)) is called STM mapping function

which maps ζ to R
D (h−1(·) is R

D to ζ).

STM for Human Motion Data. Given a length Lx human

action sequence (e.g. stretching), the joint-trajectories can

be represented as a matrix X1:Lx
= [x1 x2 ... xLx

] ∈
ℜD×Lx , where xt is the joint-positions at temporal index t.

In 3D (Mocap), xt = [pt
1, ...,p

t
M ]T ∈ R

3M×1 and pt
i =

(pt
i1 pt

i2 pt
i3) is the coordinate of the ith marker in R

3. Or

in 2D (tracking trajectories), xt = [ut
1, ...,u

t
K ]T ∈ R

2K×1

(K ≤ M ), ut
i = (ut

i1 ut
i2) is the pixel location of the ith

key point. Although xt lies in a high dimensional space,

the natural property of human pose suggests xi has lower

intrinsic number of degrees of freedom. So, X1:Lx
is just

a sequence of sampled observations on a STM. The newly

introduced variable ζ is assigned a semantic meaning which

indicates the “completion” degree of an action. For a com-

plete action sequence, i.e., an action unit, we assume the

starting point of the action is ζ = 0 and the ending point

is ζ = 11. Without specific notes, an action sequence is

corresponding to a complete action unit in this paper.

3.1. Structure Learning

The set of all points in a STM is empirically found to

be a 1D smooth manifold by Tensor Voting. Given L or-

dered data points {xt}
Lx

t=1 sampled from a STM, the goal

of learning is to recover the latent “completion” variable ζt

(or h−1(·)) from these samples. Note that our goal is differ-

ent from most latent variable models, which aim to identify

τ [19] and sometimes f(·) [5, 21, 22].

Estimating dGeo(·). We use Tensor Voting to estimate the

minimum traversing distance between xs and xs+1 (1 ≤
s ≤ Lx−1). It approximates the geodesic distance dGeo(·).
Tensor Voting is a non-parametric framework proposed to

estimate the geometric information of manifolds [8]. Let

xs(0) = xs, we have

dGeo(xs, xs+1; Mp) ≈

R∑

r=0

‖ xs(r) − xs(r + 1)‖L2
(2)

1For periodic motion, e.g., walking, it defines a motion cycle.

where xs(r + 1) is updated from the current point xs(r),

xs(k+1) = xs(k)+αJ∗(xs(r))J
∗(xs(r))

T (xs+1−xs(r))

until xs(r + 1) converges to xs+1. α is a step length, and

J∗(xs(r)) is the tangent space estimation on xs(r) by Ten-

sor Voting [8].

Recovering ζt. A two stage approach is possible, first es-

timate τ (or f(·)) on a collection of time series, and then

optimize {ζ1:Lx
}. Instead, we propose a solution which per-

forms direct estimation for an individual sequence based on

the learnt approximated geodesic distance.

ζ∗t =

∑t−1
s=1 dGeo(xs, xs+1; Mp)∑Lx−1

s=1 dGeo(xs, xs+1; Mp)
(3)

Since the traversing path is continuous and smooth, the

global geodesic distance is approximately decomposed to

the sum of the local distances, inspired by ISOMAP [19]. A

visualization of ζt in a motion sequence is given in Fig. 2.

Figure 2. An illustration of the non-linearity of ζ(t). Top, 6
samples in an action “stretching”; bottom, estimated ζ(t).

4. Motion Sequence Matching

In order to recognize an action, for any two human action

sequences X1:Lx
∈ R

Dx×Lx (Mx
p) and Y 1:Ly

∈ R
Dy×Ly

(My
p)2, we need to calculate the motion distance score

S(X1:Lx
, Y 1:Ly

), even if two sequences are of different

actions. S(X1:Lx
, Y 1:Ly

) is calculated based on proper

spatial and temporal alignment. The problem is inherently

challenging because of the large spatial/temporal scale dif-

ference between human actions, ambiguity between human

poses, as well as the inter/intra subject variability [26].

Under the STM model, we propose a novel approach Dy-

namic Manifold Warping (DMW), which aligns two multi-

variate time series with intrinsic manifold structure and pro-

vides a robust motion similarity score.

2Both can be 3D joint-trajectories, or one 3D and the other 2D joint-

trajectories from a video clip.



4.1. Temporal Alignment

The first part of DMW is temporal alignment, which is

called Dynamic Manifold Temporal Warping (DMTW).

Formulation. Given two time series X1:Lx
∈ R

Dx×Lx and

Y 1:Ly
∈ R

Dy×Ly , find the optimal alignment path Q =
[q1, q2, ..., qL] ∈ R

2×L by minimizing the following loss

function (‖ ‖F is the Frobenius norm operator),

LDMTW (Fx(·),Fy(·), W x, W y)

=‖ Fx(X1:Lx
)W T

x −Fy(Y 1:Ly
)W T

y ‖
2
F

(4)

where L is the length of the aligned path, W x = {wx
t,tx

} ∈

{0, 1}L×Lx and W y = {wy
t,ty

} ∈ {0, 1}L×Ly are binary

selection matrices encoding the temporal alignment path

Q [26]. wx
t,tx

= w
y
t,ty

= 1 is equivalent to qt = [tx ty]T ,

which means xtx
corresponds to yty

at step t in the align-

ment path. F(·) maps X1:Lx
and Y 1:Ly

to a shared sub-

space with the same dimensionality. Essentially, Fx(·) and

Fy(·) are spatial mapping functions and W x and W y are

temporal warping matrices.

Algorithm. The key factor in temporal alignment is to build

the temporal aligning matrix A = {atx,ty
}(Lx×Ly), where

atx,ty
is the metric between xtx

and yty
in the transform

domain (induced by F(·)). If F(·) is an identity function,

then A is just the Euclidean metric matrix, which is the case

of DTW [14, 18].

As a straightforward association, constructing A is re-

lated to unsupervised metric learning [22]. But these works

focus on spatial metric learning, not temporal alignment.

In contrast, STM model incorporates both temporal infor-

mation and latent spatial structure. Thus, the difficulties of

temporal alignment, non-linear motion dynamic and spatial

transformation, are well handled by the latent variable ζt (or

h−1(·)) learnt from STM.

Step 1. Under the STM model in Sec. 3, we choose

Fx(X1:Lx
) to be ζx

1:Lx
∈ R

1×Lx and Fy(X1:Ly
) to be

ζ
y
1:Ly

∈ R
1×Ly . ζt represents the universal structure for

all STMs, making aligning two sequences with different ac-

tions possible. If the sequence is labeled data (i.e. Mocap),

then eq. 2 can be used to estimate dGeo(·). Otherwise, in-

stead of performing the variable-length path estimation, we

can directly estimate the dGeo(·) by using the fixed-length

(i.e., 1 or 2) traversing path, without re-performing Ten-

sor Voting at each step. After learning dGeo(·), combining

with eq. 3, we can obtain the estimated results for ζx
1:Lx

and

ζ
y
1:Ly

, denoted as ζ̃x ∈ R
1×Lx and ζ̃y ∈ R

1×Ly . Rigor-

ously, the derivative of ζt measures the normalized geodesic

distances between consecutive samples, and ζt can be re-

covered with arbitrary small error by eq. 3 when a sufficient

number of samples on the STM is available3.

3Under the local isometric embedding assumptions.

Step 2. Replace Fx(·) and Fy(·) with ζx and ζy in eq. 4,

LDMTW reduces to the following formulation,

LDMTW (W x, W y) =‖ ζ̃x
W

T
x − ζ̃y

W
T
y ‖

2
F

(5)

This is equivalent to performing DTW in the transform

domain, i.e., ζx and ζy . The temporal aligning matrix

A = {atx,ty
} with atx,ty

= (ζ̃x
tx
−ζ̃

y
ty

)2, is a compact repre-

sentation of ζ̃x and ζ̃y . Optimizing eq. 5 results in variable

length path L (vary from max(Lx, Ly) to Lx + Ly − 1), so

is not proper for similarity metric. Thus, referenced DTW

is proposed to fix the path length by setting one warping

matrix to be identity,

‖ ζ̃xILx
− ζ̃yW T

y ‖
2
F (6)

where ILx
is an identity matrix. X1:Lx

is chosen as the

reference sequence, and Y 1:Lx
is aligned to X1:Lx

by the

warping matrix W y ∈ R
Lx×Ly . The path Q in eq. 6 has

fixed length Lx. Since ζ̃x and ζ̃y are monotonically increas-

ing sequences, dynamic programming provides an efficient

solution (O(LxLy)) and satisfies boundary conditions, that

q1 = [1 1]T and qLx
= [Lx Ly]

T .

Analysis. While the objective function of DMTW (eq. 4)

is inspired from CTW [26], key differences exist. CTW

uses linear F(·), and its optimization process may lead to

local extreme since the objective function is non-convex. In

DMTW, F(·) is chosen as the non-linear mapping h−1(·),
which can guarantee a global solution. It is notable that

CTW does not need smooth manifold assumption, and thus

has more general applications than DMTW, while DMTW

focuses on time series with intrinsic manifold structure.

DMTW is also related with Profile Models [6]. Al-

though the ideas of Profile and ζt seem similar, they differ

in many aspects. In particular, Profile Models need mul-

tiple training examples and the size of the discrete Profile

space increases exponentially with the precision require-

ment, which is not only computationally impractical but

also causes over-fitting. In contrast, DMTW does not need

training stage, and ζt is continuous in nature.

4.2. Temporally Local Spatial Alignment

Formulation. After DMTW, spatial alignment is per-

formed to leverage the subjects’ variability, i.e., body-

skeleton scales variations, or 2D viewpoint variations. In

particular, we propose Dynamic Manifold Spatial Warping

(DMSW) to focus on temporally local manifolds as,

‖ V x(U(Xt1:t2)) − V y(U(Ỹ t1:t2))‖
2
F (7)

Xt1:t2 ∈ R
Dx×(t2−t1+1) are consecutive frame features

xt1 to xt2 in the reference sequence, and Ỹ t1:t2 ∈



R
Dy×(t2−t1+1) are temporally corresponding samples in

the aligned sequence Ỹ 1:Lx
. V x(·) is the spatial alignment

function (same for V y(·)) and U(·) is the pre-defined fea-

ture extraction function.

Algorithm. Denoting the extracted features by U(·) as two

zero mean feature sets, Ux ∈ R
d1×n and Uy ∈ R

d2×n, we

consider an unsupervised learning approach, i.e., Canonical

Correlation Analysis (CCA), in which a pair of linear align-

ment matrices is optimized in the sense of maximizing the

correlation E(·) in transformed features as follows,

E(V x, V y) = Tr(V T
x Ux(V T

y Uy)T )

s.t.,V T
x UxUT

x V x = V T
y UyUT

y V y = Id

(8)

where V x ∈ R
d1×d and V y ∈ R

d2×d are two linear spatial

alignment matrices for Ux and Uy , and Id is the identity

matrix of size d×d. Tr(·) is the trace operator. Minimizing

this objective function is equivalent to solving a generalized

eigenvalue problem [1]. The metric can be calculated as,

DDMSW (Xt1:t2 , Ỹ t1:t2) =‖ V ∗T
x Ux − V ∗T

y Uy‖
2

F
(9)

V ∗
x ∈ R

d1×d and V ∗
y ∈ R

d2×d are the solutions of eq. 8.

Eq. 9 can handle two feature sets with different dimension-

alities, making the alignment between 2D and 3D possible.

Directly applying CCA to local manifolds (segments)

is often impossible due to limited number of samples v.s.

high dimensionality, i.e., t2 − t1 + 1 < Dx (or Dy).

This problem is handled by exploring the implicit struc-

ture of the joint-position space in two proposed feature

extraction functions. Instead of treating xt ∈ R
Dx×1

(or yt) as a multi-dimensional vector, an implicit struc-

ture in the joint-position space is considered. In sec. 3,

xt = [pt
1, ...,p

t
M ]T ∈ R

3M×1, and we reformulate xt as,xt =




p11 ... pM1

p12 ... pM2

p13 ... pM3


 ∈ R

3×M (10)

which turns to be M samples in R
3 (similar operation for

xt ∈ R
2K to xt ∈ R

2×K). This operation is defined

as T 3D : R
3M → R

3×M , or T 2D : R
2K → R

2×K .

The first feature extraction function is chosen as U1(xt) =
T (xt), which is the static pose feature (joint-position in the

matrix formulation). The second one is U2(xt, xt+1) =
T (xt) − T (xt+1), which is the motion pose feature be-

tween two consecutive frames. Thus, the similarity score

S1(X1:Lx
, Y 1:Ly

) given by the static features is,

Lx∑

t=1

DDMSW (T (xt), T (ỹt)) (11)

where ỹt is the temporally corresponding frame estimated

by DMTW. The similarity score S2(X1:Lx
, Y 1:Ly

) given

by the motion features is,

Lx∑

t=1

DDMSW (T (xt)−T (xt+1), T (ỹt)−T (ỹt+1)) (12)

The final score SDMW (X1:Lx
, Y 1:Ly

) is,

λS1(X1:Lx
, Y 1:Ly

) + (1 − λ)S2(X1:Lx
, Y 1:Ly

) (13)

where λ ∈ [0 1] can be either optimized by cross-validation

in the supervised setting (recognition), or chosen manually

in the unsupervised setting (clustering). This score is not

symmetric, so we set the testing sequence as the reference.

Analysis. Both DMSW and CTW algorithms use CCA, but

key differences exist. Spatial alignment in DMSW is re-

stricted to temporally local manifolds, since global linear

matching on entire sequences (CTW) is often not accurate

due to non-linear variations. But this global matching is not

necessarily a disadvantage: CTW can provide dimension

reduction results, which is useful in some applications.

Combining all features of DMW (DMTW and DMSW)

together, we can align 2KD video tracks with 3MD Mocap

sequences, which is not addressed by previous works.

5. Action Recognition from Videos

Tracking. To apply our approach to videos, we have a

pre-processing step to extract joint 2D trajectories from im-

age observations. The problem itself is challenging and

tightly connected to human pose estimation [17], an impor-

tant subarea in computer vision. Currently, we use the IVT

Tracker [15], an online updated appearance model is used

to model the objects dynamic variation.

Alignment of Xmocap and Y video. Given K tracks in 2D,

we have a 2KD spatio-temporal manifold (STM) Y 1:Ly
∈

R
2K×Ly , where the tth column yt = [u1, ...,uK ]T ∈

R
2K is the joint-coordinates vector of K tracked points

(uj(1≤j≤K)) at frame t. Assume the underlying 3D joint-

trajectories for the people in the video is Z1:Ly
∈ R

3M×Ly

(zt(1≤t≤Ly) = [p1, ...,pM ]T , pj(1≤j≤M) ∈ R
3), it can be

shown that the STM in 2KD space is the projection of the

STM in 3MD space. In particular, under the linear projec-

tion model P ∈ R
2×3 ( from 3D position pj to 2D image

coordinate uj), we can have yt equal to,




P 0 ...

... P ...

... 0 P







W 11 W 12 ...

... W ij ...

... ... W KM







pT
1

..

pT
M




W ij is a binary selection matrix, which equals to I3×3 if

the jth key point is available in the tracking results, oth-

erwise equals to 03×3. This projection relationship can be

compactly represented in matrix notations as,

y(2K×1) = P̃ (2K×3K)W̃ (3K×3M)z(3M×1) (14)



i.e., the 2KD manifold is just the linear projection of the

3MD manifold. P̃ ∈ R
2K×3K is the compact projection

matrix and W̃ ∈ R
3K×3M is the compact selection matrix.

For perspective projection, the derivation is similar, and the

manifold should be represented in homogeneous space.

The alignment between Y 1:Ly
∈ R

2K×Ly (video) and

X1:Lx
∈ R

3M×Lx (Mocap) is performed as:

(1) Structure Learning. Use the algorithms in Sec. 3.1.

(2) Temporal Alignment. Use the DMTW (eq. 4) algorithm

to get temporal aligned X̃1:Ly
∈ R

3M×Ly .

(3) Spatial Alignment. Select K markers from X̃1:Ly
, re-

sulting in X̃
K

1:Ly
∈ R

3K×Ly . X̃
K

1:Ly
is spatial aligned to

Y 1:Ly
by using DMSW (eq. 9), since M − K markers’

information is missed from video tracking results. Then,

S(Y 1:Ly
, X̃

K

1:Ly
) is calculated by eq. 13. It is notable that

T 3D is applied to X̃
K

1:Ly
and T 2D is applied to Y 1:Ly

.

Assume there are N labeled Mocap sequences

{Xi
mocap}

N
i=1 associated with action label Ii ∈ I,

where I = 1, 2, ..., C indicates C action classes. Given a

joint trajectories Y video from a video clip by the tracker,

the estimated action label Iy is given by

Iy = arg min
i∈{1,2..,N}

SDMW (Y video, {X
i
mocap, I

i}) (15)

Furthermore, the matching process can infer complete

3MD skeleton Z1:Ly
from Y 1:Ly

. The inference is done

by selecting the most similar aligned mocap manifold.

6. Experiments

We evaluate the performance of our system from three

aspects; (1) temporal alignment, (2) action recognition on

Mocap, (3) action recognition for realistic videos. M = 15
key points are used to represent the human skeleton, result-

ing in joint 3D trajectories in 45D space. Assume motion

sequences are temporally segmented, which can be done

manually (training) or using algorithms like [27].

6.1. Temporal Alignment Evaluation

In this section, qualitative comparison of temporal align-

ment methods is provided. Quantitative results for how dif-

ferent alignment methods affect action recognition rates are

provided in Sec. 6.2 and 6.3. DMTW (the temporal align-

ment part of DMW) is compared with other state-of-the-art

methods, i.e, DTW [14] and CTW [26]. Profile methods

like [6] are not considered since they need a training stage.

To make the comparison clear, sequences may include

more than one action units. Fig. 3 shows the visual compar-

ison of two motion sequences, one is boxing (twice) and the

other is side jumping (twice). DTW does not consider the

spatial transformation, making it difficult to align two mo-

tion sequences by two people. CTW significantly outper-

forms DTW. Our DMTW gets the most visually appealing

Figure 3. Temporal Alignment Results. The reference sequence

is shown in the first row, followed by the aligned results. 2 red ar-

rows indicate 2 key states in the reference sequence, i.e, the peaks

of the first and the second boxing. All aligned sequences also have

2 red arrows, indicating the peaks of the first and the second jump.

DMTW is able to align the two peak states in the jumping se-

quence to the peak states in the boxing sequence very well.

Figure 4. Action recognition results on Mocap. Top: confusion

matrix in 3D; bottom, 1 Mocap example for each action.

results among three methods. It is notable that our tempo-

ral alignment step does not involve spatial matching (unlike

CTW). More visual comparison results on Mocap and Hu-

manEva videos are not provided due to lack of space, and

DMTW gets similar performance in all experiments.

6.2. Action Recognitions on Mocap

We collected 3978 frames from CMU Mocap capturing

15 people, performing 10 natural actions (details in Fig. 4).

The motion distance scores between any two sequences is

calculated, resulting in a 10 × 10 average motion distance

matrix S for these 10 actions (Fig. 4). It is clear that the

diagonal area has the smallest variations, which shows the

effectiveness of our similarity function (eq. 13). For ac-

tion recognition, we use the leave-one-out procedure. Since



Methods DTW+DMSW (3MD) CTW+DMSW (3MD) DMW (3MD) DMW (2KD)

Rate (S) 60% 85% 95% 90%

Rate (F) 62% 91% 99% 87%

Table 1. Action Recognition Rates on Mocap. Rate is measured by # of sequences (S) or # of frames (F).

each person only performs a specific action once, the recog-

nition can not benefit from the fact that the same person re-

peating the same action results in quite large similarity. λ in

eq. 13 is set to be 0.5 and results (Table 1) show that our ap-

proach only misclassifies 5% sequences, or 1.2% by weigh-

ing with the number of frames. Furthermore, to demonstrate

the ability to recognize actions from arbitrary 2D view, Mo-

cap sequences are projected to joint 2D trajectories using a

synthetic camera (K = 15). We achieve 90% accuracy in

this 2D view recognition. [7] also reports recognition rate

for Mocap data, but [7] requires a large number of training

sequences and 2D view recognition is not considered.

To investigate how temporal alignment affects recogni-

tion, results of using DTW and CTW are also provided

(3D). To make a fair comparison, only the temporal align-

ment step is changed. Results show that this change reduces

accuracy significantly, which supports the effectiveness of

DMW not only in temporal alignment, but also in action

recognition (quantitatively).

6.3. Action Recognitions on HumanEva

To validate our approach on video based action recogni-

tion, we chose a number of video sequences from Brown

HumanEva dataset (1 and 2), which is a benchmark pro-

posed for human motion analysis [17]. The reason that stan-

dard action benchmark datasets, such as KTH [16] or Weiz-

mann [2] are not used, is that the low resolution of videos

makes key points tracking results unreliable. For IVT [15],

we manually label key points in the first frame and do not

tune any parameter in the tracking process. Only K = 7 or

8 key points are estimated from the side view, resulting in

joint 2D trajectories in 14D or 16D space. Tracked trajecto-

ries are associated with the labeled Mocap sequences from

10 action categories (Fig. 6). Although tracking results are

often noisy (Fig. 5) (up to 30 pixels on selected frames with

manually labeled ground-truth), we can correctly estimate

actions from these noisy and occluded 2D input. Further-

more, the complete 3MD skeleton is inferred. [11] also re-

ports recognition performance on HumanEva-1, but direct

comparison is difficult. In particular, [11] focuses on su-

pervised learning on HumanEva while we focus on transfer

learning on HumanEva.

7. Conclusion

In this paper, we proposed a spatio-temporal model STM

to analyze sequential data with latent spatial structure. Fur-

Figure 5. Noisy Tracking Results on HumanEva videos. Left,

image sequences; right, trajectories of the right feet provide by the

tracker and manual labeling. Our approach can recognize actions

from this noisy and occluded input.

thermore, a robust and efficient alignment algorithm DMW

is designed to calculate the similarity between two multi-

variate time series. Based on STM and DMW, we achieved

view-invariant action recognition on videos by associating

a few Mocap examples. In the future, we will evaluate our

approach on more data sets, and apply it to 3D motion re-

covery and temporal motion segmentation.
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