
Co-recognition of Actions in Video Pairs

Young Min Shin, Minsu Cho, and Kyoung Mu Lee
Department of EECS, ASRI, Seoul National University, Seoul, 151-742, Korea

Homepage: http://cv.snu.ac.kr
Email:{shinyoungmin, chominsu}@gmail.com, kyoungmu@snu.ac.kr

Abstract—In this paper, we present a method that recognizes
single or multiple common actions between a pair of video
sequences. We establish an energy function that evaluates
geometric and photometric consistency, and solve the action
recognition problem by optimizing the energy function. The
proposed stochastic inference algorithm based on the Monte
Carlo method explores the video pair from the local spatio-
temporal interest point matches to find the common actions.
Our algorithm works in unsupervised way without prior
knowledge about the type and the number of common actions.
Experiments show that our algorithm produces promising
results on single and multiple action recognition.
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I. INTRODUCTION

Action recognition in video is a challenging problem since
human actions always vary in appearance, speed, and spatial
scales. Thus, we are unlikely to obtain identical observations
even if the actions are identical. Owing to these intra-class
variations, we must deal with the intrinsic ambiguity of the
human action in video.

Several approaches to the action recognition problem have
been proposed, and they can be roughly divided into global
approaches [1]–[4] and local approaches [5]–[7]. Global
methods classify human actions based on global descriptors
of human centered windows such as optic flow descriptors
[1], correlation of 3D gradients [4], space-time shape of
silhouettes [2], and flow features combined with shape [3].
On the contrary, the local methods extract local features
from the video sequence and they represent the action
as a sparse set of spatio-temporal interest points (STIP)
[5], [6] and composition of local cuboids [7]. Although
global approaches above have achieved significant progress
in action recognition, the local methods are found to be
more robust to the recording conditions, action variance,
and occlusion [5]–[7]. However, most of these previous local
methods require manually supervised input data or a number
of category-specific training videos, and they classify only an
entire video sequence as one of the trained action categories.

This paper suggests a novel method that performs unsu-
pervised recognition of multiple common actions from a pair
of videos without any category-specific prior information.
The similar concept of unsupervised recognition and seg-
mentation, called ‘co-recognition’ was suggested by Cho et

Figure 1. Overview of the proposed algorithm

al. [8] for object recognition given a pair of images, and our
work can be viewed as an extension of the idea to the video
domain. Unlike the previous methods [3], [4] which correlate
two videos through the whole-to-whole search, our method
exploits local interest point matches to explore the spatio-
temporal domain efficiently. In this approach, it recognizes,
localizes and segments multiple common actions from a
video pair in an unsupervised way.

II. APPROACH

Given a pair of videos containing human actions, our
objective is to find all the common actions appearing in
both videos. The common actions are represented as clusters
of spatio-temporal cuboids Cj in the reference video and
the corresponding cuboids C ′

j in the other video, which
are matched by the transformation Tj as C ′

j = TjCj . We
formulate an energy function that evaluates the state of the
established correspondences between the video pair. The
geometric and photometric consistencies are considered to
measure the energy.

The algorithm starts by running STIP detector [5] on both
videos respectively. We get the correspondences of the STIP
between video pair by searching for the nearest neighbor of
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the extracted descriptor. Each initial match forms an initial
cluster, which is a seed for an action cluster. Next, we set
one of the videos as a reference video and make overlapping
spatio-temporal cuboids on it. All the overlapping cuboids
are referred to as latent cuboid set Λ, in which elements
wait to be included to one of the action clusters. After these
initialization steps, the stochastic Monte Carlo algorithm
starts to find the common actions by exploring the videos
with expansion, contraction and merge moves. Utilizing the
moves, our algorithm searches the solution space efficiently
to find the solution. Lastly, eliminating trivial clusters will
result in meaningful clusters.

III. GENERATIVE MODELING

In our algorithm, we define the state variable θ as

θ = {Γ1, Γ2, ..., ΓK}, Γi = {(Cj , Tj); j = 1, ..., Li},

where K denotes the number of clusters. Each cluster Γi

contains Li local matches between video pair. The transfor-
mation Tj consists of spatial scale σ and temporal scale τ as
well as 3-dimensional translations, namely {dx, dy, dt, σ, τ}.

Given a video pair V , the action co-recognition problem
is modeled as a maximum a posteriori(MAP) of p(θ|V ).
According to the Bayesian formulation, the posterior proba-
bility is proportional to the product of likelihood and prior,
as p(θ|V ) ∝ p(V |θ)p(θ).

A. The Prior p(θ)

1) Geometric Consistency: We design the prior p(θ) to
reflect desirable feature of state variable θ. In our action
representation, an action is modeled as a set of volumetric
cuboids. Each cuboid has its corresponding cuboid in the
other video, and they are required to have geometric con-
sistency. The geometric deformation error of a cuboid Cj is
calculated as the amount of discrepancies between the center
positions of the neighboring cuboids and their corresponding
cuboids in the other video. Since we regard the video data
as 3-dimensional array of pixels, the neighborhood relations
N are determined by the Delaunay tessellation graph run
on the center points c = (x, y, t) of the cuboids C in the
cluster. The normalizing transformations T norm

j and T ′norm
j

are applied to the center positions of neighbors of cj and
c′j to have unit average Euclidean distance from cj and c′j ,
respectively. The geometric error of a cluster Γi is defined
by the sum of error for all members in the cluster as follows:
Eg(Γi) =

∑Li

j=1

{
1

|Nj |
∑

l∈Nj
dist(T norm

j cl, T
′norm
j c′l)

}
.

2) Maximality: Each cluster begins with one initial match
and grows to a larger cluster. To guide the growth of
clusters, the maximality term is formulated as Em(θ) =
−
∑K

i=1(∆i + Li) , where ∆i denotes the total number
of Delaunay tessellations in cluster i. When two clusters
merge to one cluster, extra tessellation is generated between
original clusters. Thus, employing ∆i promotes clusters to
merge and the Li term encourages clusters to expand.

Therefore, we define the prior from the geometric config-
uration as

p(θ) ∝ exp

(
−λg

K∑
i=1

Eg(Γi)− λmEm(θ)

)
, (1)

where the parameter λg and λm are coefficients to control
the balance of each term.

B. The Likelihood p(V |θ)
1) Flow Error: The flow patterns of matched cuboids are

assumed to be similar to each other. Given a matched pair of
cuboids, we first compute the optical flow at adjacent frames
of individual cuboids by the Lucas-Kanade [9] algorithm.
The optical flow extracted from C and C ′ are referred to
vector fields Fx,y,t and F ′

x,y,t, respectively. The flow error is

expressed as εf(C,C
′) =

∑
x,y,t∥Fx,y,t−F ′

x,y,t∥
1
2

∑
x,y,t(∥Fx,y,t∥+∥F ′

x,y,t∥)
, where

∥·∥ denotes L2 norm. The measure function penalizes cuboid
match with low flow magnitude or dissimilar flow pattern.

2) Shape Error: As the optical flow might be noisy par-
ticularly at the shape boundary, we associate shape feature.
To catch the shape information of the actor, we run the
Berkeley edge detector [10] on the video frames. Extracted
edgemaps are described with a log-polar descriptor in 5 bins
of log-polar location grid and 8 orientation bins over 2π
angles, resulting a 40 dimension descriptor D. The shape
error between C and C ′ is measured by comparing D and
D′ extracted at the cuboid center c and c′:
εs(C,C

′) = ∥D−D′∥
∥D∥+∥D′∥ .

Summing up all the dissimilarity values of the elements of
Γi produces the photometric error of a cluster as Ep(Γi) =∑Li

j=1

(
εf(Cj , C

′
j)

2 + εs(Cj , C
′
j)

2
)
. With the balancing pa-

rameter λp, the overall photometric error of all clusters yields
the likelihood.

p(V |θ) ∝ exp

(
−λp

K∑
i=1

Ep(Γi)

)
(2)

C. Integrated Posterior p(θ|V )

From (1) and (2), the integrated posterior is

p(θ|V ) ∝ exp

(
−λmEm(θ)−

K∑
i=1

(λgEg(Γi) + λpEp(Γi))

)
.

(3)

IV. VIDEO EXPLORATION

The distribution of p(θ|V ) generally has a very com-
plex landscape. To optimize the posterior, we present a
Markov Chain Monte Carlo(MCMC) based video explo-
ration method. By the Metropolis-Hastings rule, a Markov
chain with the following acceptance ratio will reach the
target density throughout iterations.

α = min {1, (q(θ|θ′)p(θ′|V ))/(q(θ′|θ)p(θ|V ))} (4)
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(a) Propagation (b) Refinement

Figure 2. (a) The cuboid Cj attempts to propagate a latent cuboid Ck

by applying transform Tj ; (b) Local search around Tj along the axis of
3D-position (top row), spatial scale σ (second row), and temporal scale τ
(third row).

In this work, we design the proposal q(θ′|θ) to reflect the
data obtained from the current observation and the state
variable. Our algorithm has two reversible moves (expansion
/ contraction) and one irreversible move (merge). Unlike [8],
we do not define the split move which is the reverse move
of the merge, because empirically the absence of split has
little effect on the performance. Thus our algorithm is a
kind of pseudo-MCMC. The expansion/contraction moves
are accepted by (4), while the merge move is accepted only
if it brings improvement of the posterior.

A. Expansion

The expansion is to add a new cuboid match to an existing
cluster. When expansion is called, we pick one cluster to be
expanded with a probability proportional to the cluster size.
Among the matches in the cluster we choose a support match
which has many latent cuboids nearby. A latent cuboid to
propagate is selected from Λ by the distance to the support
match. The chosen latent cuboid Ck utilizes the transform
Tj between the support match Cj and C ′

j to generate a new
match as C ′

k = TjCk.
Next, we refine the transform Tj to have minimum photo-

metric dissimilarity between Ck and C ′
k. The refiner locally

searches 5 dimensional parameter space {dx, dy, dt, σ, τ}
around Tj to find optimal parameter values such that Tk =
argminT dissim(Ck, TCk). The search ranges are set to be
±30% of σ and τ . Fig. 2 illustrates the propagation and
refinement.

B. Contraction

Contraction is to eliminate a cuboid match from a cluster,
and release it back to the latent cuboid set Λ. Therefore
the number of matched cuboids of the contracted cluster
Γi decreases by 1. We choose one contracting cluster with
higher probability to larger cluster. The cuboid with higher
error value tends to be contracted more easily.

C. Merge

Merge move makes two different clusters merge into one
cluster. The total number of the matched cuboids is not

(a) flow+shape (b) flow only

(c) shape only (d) accuracy

Figure 3. Classification confusion matrices on Weizmann dataset. (a-
c) Different type of features are used to measure the likelihood; (d) The
accuracy is calculated by taking average of the diagonal entries of confusion
matrix.

changed but the total number of the clusters K is decreased
by 1. A uniformly selected cluster merges with one of
the other clusters nearby if the merged cluster has higher
posterior probability.

V. IMPLEMENTATION AND RESULTS

In our experiments the overlapping latent cuboids are
generated every 7 × 7 × 3 pixels. The size of the cuboids
determines the density and the localization accuracy, how-
ever dense cuboids bring large solution space which requires
more computational time. The parameters are set as follows:
λg = 3, λm = 0.55, λp = 6. The probability of selecting
each moves are q(expand) = 0.5, q(contract) = 0.45 and
q(merge) = 0.05. After the video exploration stage, the
clusters less than 5 cuboids are eliminated because they are
unreliable.

We applly our approach on the Weizmann human action
dataset [2]. For the video sequences, we perform a leave-
one-out cross validation. One of the sequences of an action
category is removed from the database and serve as a
reference video to all of the remaining videos one by one.
The similarity score between a video pair is evaluated by the
number of expanded cuboids and classified using the nearest
neighbor procedure.

We also examine the performance of the proposed algo-
rithm on different feature types. To test the effectiveness
of the features, we perform the experiments on the same
dataset using the flow and the shape features separately.
The classification confusion matrices and accuracy table
are shown in Fig.3. The result suggests that shape feature
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Table I
COMPARISON RESULTS ON WEIZMANN DATASET

classification accuracy
Co-recognition 92.4%
Boiman et al. [7] 97.5%
Jhuang et al. [13] 93.8%
Filipovych et al. [11] 88.9%
Niebles et al. [12] 72.8%

(a) Selected frames from video pair containing temporally distinguished
actions. upper:‘kick-punch’ lower:‘punch-kick’

(b) Selected frames from video pair containing spatially
distinguished actions. upper:‘jack-pick’ lower:‘pick-
jack’

Figure 4. Qualitative results of the proposed algorithm on our dataset
which contains multiple actions

has more discriminative power than flow feature and the
composition of flow and shape features is superior to using
only one type of feature.

The comparison with some recent works on Weizmann
dataset is given in Table I. However, note that it is difficult
to make a fair comparison, because each of them works
in different framework. For example, [7], [11], [12] cannot
distinguish multiple actions within a video, and [11]–[13]
require training data which are separated by each action
class. Only the co-recognition has the ability to handle multi-
ple actions without manually split training data. Considering
that, the strength of the proposed method is quite convincing.

Since the Weizmann dataset contains only single action
per each video, we capture the video sequences that contain
multiple actions. Fig. 4(a) shows recognition result between
‘kick-punch’ and ‘punch-kick’ videos across the temporal
gap. Fig. 4(b) shows another scenario. In the two videos,
the subjects perform two actions in different spatial config-
uration, and the algorithm co-recognizes the common actions

in video pair. Note that each color means the identity of the
action, not the actor.

VI. CONCLUSION

We presented a new concept of co-recognition for action
recognition framework. The proposed method recognizes
single or multiple common actions between the video pair
in an unsupervised way. The Monte Carlo based video
exploration algorithm searches the video pair to solve a
Bayesian MAP problem. Initial seed matches obtained by
the STIP detector are grown to the clusters which mean
common actions. The results on public dataset and our own
test video sequences reveal the effectiveness of our algorithm
and the ability to recognize multiple actions. We believe our
work is the very first one which can detect multiple actions
without training video data.
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