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ABSTRACT

Motion and image analysis are both important for robust so-
lutions to video search of activities; the physics-based, data-
driven Hamiltonian Monte Carlo (HMC), a Markov chain
Monte Carlo variant that is efficient in searching large dimen-
sional spaces, simultaneously examines the combined motion
and image space. In this paper, we generalize the data-driven
HMC to no longer depend upon ad hoc Guide Hamiltonians
and to no longer require physics-based features from tracks
as pre-requisites. Our generalization thus allows it to be used
with or without a tracker, overcoming a significant limitation
of the physics-based approach, as well as being extensible
to utilizing any pre-existing image- or motion-based method.
We demonstrate the generalizability of our framework by
considering situations when tracking is available and when
it is not available. When tracking is available, we utilize
Histogram of Oriented Gradients, shapes of trajectories, and
Hamiltonian Energy Signatures; when tracking is not avail-
able, we use Space-time Interest Points and GIST features.
In addition, we show our generalized framework performs
better than the physics-based, data-driven HMC, as well as
state-of-the-art, by demonstrating the efficacy of our system
on real-life video sequences using the well-known Weizmann
and YouTube Action datasets.

Index Terms— Stochastic Integration, Hamiltonian
Monte Carlo, Data-Driven

1. INTRODUCTION

The dynamic nature of video makes activity search and recog-
nition from video databases a very difficult problem [1, 2, 3,
4, 5]. It requires an analysis of both the motion and the im-
age features of the system being studied in video. These of-
ten disparate features need to be combined in order to realize
optimal recognition. Their integration, however, leads to an
even greater problem as the final search space, which is com-
posed of the combined motion and image spaces, is usually
enormous and extremely complex.

There have been some approaches [6, 7, 2, 8] that have
considered both the space of motion features and the space
of image features but these techniques depend on supervised

methods and require significant training. However, statis-
tical sampling techniques like Markov chain Monte Carlo
(MCMC) have proven especially effective at analyzing com-
plex spaces, such as the combined motion and image spaces.
Hamiltonian/Hybrid Monte Carlo (HMC) is an MCMC vari-
ant that uses gradient information to make traditional MCMC
more efficient by leveraging the advantages of Hamiltonian
dynamics to investigate how the system evolves in param-
eter space. This gives the HMC higher acceptance rates,
less correlated and faster converging chains, and suppression
of the random walks in traditional MCMCs [9, 10]. Rather
than utilizing the blind proposals in a traditional HMC, the
data-driven HMC [11] uses trajectory information gleaned
via a tracker to create physics-based features which are then
used as informed proposals for the HMC framework. The
physics-based, data-driven HMC explores both motion and
image spaces by creating data-driven proposals in motion
space and then confirming them in the image space, thus
providing a systematic approach that allows understanding of
the effects of each of the feature spaces separately. However,
its use of so-called Guide Hamiltonians and its reliance on
physics-based features from trajectories derived via a tracker
limits its utility and applicability greatly.

In this paper, we generalize the data-driven HMC to re-
move the Guide Hamiltonians restriction as well as to re-
move the reliance on physics-based trajectory information.
Our generalization thus allows it to be used with or without
a tracker, overcoming a significant limitation of the physics-
based approach, as well as being extensible to utilizing any
pre-existing image- or motion-based method instead of rely-
ing upon physics-based features only. We demonstrate the
generalizability of our framework by considering situations
when tracking is available and when it is not available. When
tracking is available, we utilize Histogram of Oriented Gra-
dients [12], shapes of trajectories [13], and Hamiltonian En-
ergy Signatures [14, 15, 16] (the last two as utilized in the
original data-driven HMC implementation [11]); when track-
ing is not available, we use Space-time Interest Points [17]
and GIST [18, 4] features. In addition, we show our gen-
eralized framework performs better than the physics-based,
data-driven HMC, as well as state-of-the-art, by demonstrat-
ing the efficacy of our system on real-life video sequences us-



ing the well-known Weizmann and YouTube Action datasets.
Finally, our generalized, data-driven HMC can utilize either
image or motion space proposals, as opposed to being limited
to only using motion-based proposals as in the physics-based
data-driven HMC. We are thus able to bring the full power of
the data-driven HMC framework to video analysis.

Algorithm 1 Generalized Data-Driven HMC (DDHMC)
Here, vquery is the query video and vi is the ith input video clip
from the database. DMotion(vi, vquery) is the distance between the
query video and the ith input video clip from the database based on
Motion information and DImage(vi, vquery) is the distance based
on Image information. PImage(Dq) finds the video clip with the
distance score closest to the distance score, Dq , in the Image space.
K(D(vi, vquery)) is the density estimator. Initialize the chain with
∆t, qo ∼ e−K(DImage(vo,vquery)), and vo = PImage(Dqo).

1: for i = 1 to nsamples do
2: // Step 1. Data-Driven step
3: flag = true
4: while (flag) do
5: draw v

′

i ∼ e−K(DMotion(vi,vquery))

6: draw α ∼ U [0, 1]

7: if α > min

(
1,

DMotion

(
v
′
i ,vquery

)
DMotion(vi−1,vquery)

)
then

8: flag = false
9: end if

10: end while
11: p = DMotion(v

′

i, vquery)
12: (qo, po) = (qi−1, p)
13: // Step 2. Dynamic Transition Step (LeapFrog)
14: for j = 1 to L do
15: pj−

1
2 = pj−1 − ∆t

2 • ∇U(qj−1)

16: qj = qj−1 −∆t • pj− 1
2

17: pj = pj−
1
2 − ∆t

2 • ∇U(qj)
18: end for
19: vL = PImage(DqL)
20: qL = DImage(v

L, vquery)

21: (q
′
, p
′
) = (qL, pL)

22: // Step 3. Final Metropolis-Hastings Step
23: draw α ∼ U [0, 1]
24: δH = H(q

′
, p
′
)−H(qo, po)

25: if α < min
(
1, e−δH

)
then

26: (qi, pi) = (q
′
, p
′
)

27: else
28: (qi, pi) = (qi−1, pi−1)
29: end if
30: end for
31: return {qi, pi}nsamplesi=0

2. IMAGE AND MOTION SPACE INPUTS

The inputs to the generalized data-driven HMC are the Im-
age space probability density function (pdf) (π(f)) and the

Motion space pdf (π(τ)). We compute these using a density
estimator (Section 2.3) on the Image and Motion space sim-
ilarities calculated between the query clip and every clip in
the test database. Since we only need similarities, our con-
struction provides flexibility on the particular methods em-
ployed to calculate either Image or Motion features; usually,
one space can give a broad idea but detailed analysis has to be
in the other space. As such, we can use well-established meth-
ods in computer vision to calculate image or motion features
since such analysis is a well-known area in activity recogni-
tion [1], instead of being constrained to only using physics-
based trajectory features as in the physics-based data-driven
HMC. We demonstrate the versatility and extensibility of our
framework by employing two different approaches for both
the Motion space and Image space calculation in these exper-
iments, as detailed below.

2.1 The Motion Space
We consider two situations here: one, where tracking is

available and two, where tracking is not available. If track-
ing is feasible on a dataset (e.g., on the Weizmann dataset),
we use the object detector from [19] to ensure the video is
segmented into objects and their motion is given. Then, from
the physical motion and location information of objects over
time, we can utilize a plethora of motion features based on
trajectories. In particular, we compute similarity scores be-
tween the computed trajectories as there are many ways this
can be done (e.g., [13]). If tracking is not feasible on a dataset
(e.g., on the YouTube Action dataset), we follow the example
of [17] and use Space-time Interest Points, which does not
rely on motion segmentation or other pre-processing steps, in
combination with the Nearest Neighbour classifier, as detailed
in [20], to finally yield the similarities.

2.2 The Image Space
Similarly to the Motion space formulation, we use well-

established methods in computer vision to calculate image-
based features for our representation. Our construction pro-
vides flexibility since new approaches in low-level feature
extraction can be employed easily within our framework.
In general, we can follow the example of other data-driven
MCMC approaches like [21, 22, 23].

For the present work, we again consider the cases when
tracking is available (Weizmann) or not (YouTube Action). If
it is available, we use the shape of the feature points in the
video, which can be the shape of a trajectory or the shape of
our object, in the analysis of the Weizmann dataset. Distances
can be computed between shapes, leading to a similarity ma-
trix [13]. We can also use Histogram of Oriented Gradients
[12], trajectory-based descriptors, colour/texture, etc., since
the integration is directly on the similarity scores. For analy-
sis of the YouTube Action dataset, we utilize the GIST [18] to
create global scene features for each frame of a video and then
average each of the features for that video as a whole, over all
the frames for that video. We then compute the distance be-
tween the averaged global features for each video with the



query and use that to determine the similarity by employing a
Bag of Words [24] model with a k-means classifier.

2.3 Proposal Distribution Formulation
We then cast the similarity scores from our Motion and

Image spaces as a Gibbs proposal distribution since any distri-
bution that is nowhere zero can be put in a canonical (Gibbs)
distribution form [10, 25]. In order to estimate the distribu-
tion for the similarity scores, we follow [11] and use standard
Kernel Density Estimation (KDE) [26]:

K(D) = 1
nh

∑n
i=1Keff

(
D−di
h

)
with Keff (D) = (2π)−

1
2 e−

D2

2 and di ∈ (D − h,D + h]
(1)

where D is the distance measure between two tracks and h
is the bandwidth, which is set using k-Nearest Neighbour, as
described in [26].

3. OVERVIEW OF THE GENERALIZED DDHMC

Starting with a query video clip and a database of test clips,
we first analzye each test clip against the query clip using
both image and motion analysis, resulting in similarity distri-
butions for both the image and the motion space, as described
in Section 2. We then convert these similarities to probability
distribution functions as shown in Section 2.3.

Once we have the distributions for both image and motion
evaluation, we are ready to provide the input to the full gener-
alized data-driven HMC algorithm, as shown in Algorithm 1.
We create the initial position variable, qo, by sampling from
the Image space, which we subsequently confirm in the Mo-
tion space (we could just as well get the initial sample from
the Motion space, in which case we would then confirm in the
Image space). This qo is exactly what we use to find the initial
video clip, vo, and we send both of them into Step 1, below.
The qi thus become the Image-based proposals we try to con-
firm using the generalized data-driven HMC framework.

Like the physics-based, data-driven HMC, our integration
affords a hierarchical classification scheme in which the data-
driven proposal does an initial, gross classification not pos-
sible in the traditional HMC. However, unlike the physics-
based, data-driven HMC, we do not need to create ad hoc
“Acceptance” or “Proposal/Guide” Hamiltonians and do not
require physics-based features from tracks as pre-requisites.

4. EXPERIMENTS

We conduct experiments on the Weizmann, YouTube Action,
and Berkeley Segmentation datasets to demonstrate how the
integration afforded by the generalized data-driven HMC out-
performs the physics-based data-driven HMC, the Traditional
HMC, and the state of the art. Also, like the physics-based
approach, the generalized data-driven HMC helps reduce the

Fig. 1. Differences for each YouTube dataset activity between
[27] and the Generalized Data-Driven HMC showing average
improvement of 4.1%.

a) b) c)

Fig. 2. Similarity matrices using the Weizmann dataset
for a) Traditional HMC Integration [10], b) Physics-Based
Data-Driven HMC Integration [11], and c) Generalized Data-
Driven HMC Integration.

search space using the data-driven portion, as well as the hier-
archical scheme for recognition. We also utilize these datasets
to show the flexibility of the generalized data-driven HMC
framework to accomodate any method to compute the Image
and Motion features by considering the case when tracking
is available (Weizmann), as well as when it is not (YouTube
Action and Berkeley Segmentation), as detailed in Section 2.

4.1 Integration on the Weizmann Dataset
The Weizmann dataset [28] consists of a database of 90

low-resolution (180 x 144, deinterlaced 50 fps) video se-
quences showing nine different people, each performing 10
natural actions. In Figure 2, we compare similarity matrices
using the Weizmann dataset for a) the Traditional HMC, b)
the Physics-Based Data-Driven HMC, c) and the Generalized
Data-Driven HMC Integration. The rows and columns rep-
resent 10 activities by people and are organized according to
activity. The plots show the clarification of matches using
the different methods: in (a), the Traditional HMC tends to
have no discernible pattern of matching; in (b), the Physics-
Based Data-Driven HMC tends to do a little finer granularity
of classification; but (c) the Generalized Data-Driven HMC
shows finest granularity and distinction of matches and clas-
sification. As in the approach of [29], the comparison to
Weizmann is not intended to show absolute improvement,
as that has already been shown to be maximized by other
methods, but to show relative improvement over other meth-
ods on a common dataset; i.e., to show the improvement in
previously poorly performing methods when fused via our
Generalized Data-Driven HMC. In addition, the Generalized
Data-Driven HMC provided a 23% improvement in accuracy
over the Physics-Based Data-Driven HMC.

4.2 Integration on the YouTube Action Dataset



a) b) c)

Fig. 3. (a) Input Motion similarity distributions; (b) Input Im-
age and (c) Precision/Recall curves of the Integration via the
Generalized Data-Driven HMC: averages of query examples’
Precision/Recall curves (for each class).

We also look at the YouTube Action dataset [27]. The
YouTube Action dataset contains 11 action categories and is
very challenging due to large variations in camera motion,
object appearance and pose, object scale, viewpoint, etc. Fi-
nally, with the YouTube Action Dataset, similar to the per-
formance on Weizmann, we see the Generalized Data-Driven
HMC is able to identify the main activity without confusing
it with any other activity and that the image method narrows
in on the general class while the motion method achieves the
final categorization of the hierarchical search. We show pre-
cision recall curves, and the input similarity matrices, for the
YouTube Action analysis in Figure 3, in which we used GIST
plus Bag of Words for the Image method and STIP plus SVM
for the Motion analysis, as detailed in Section 2. The preci-
sion recall curves are the averages of query examples’ preci-
sion recall curves (for each class). We computed these for
each of the 11 classes with 10 examples from each single
class. For each of the 10 examples, we computed matching
with each of the 11 classes and then averaged these precision
recall values.

In these experiments, we have just used the basic STIP
features since specialized feature sets is not the focus of this
work. Also, these results should not be compared to absolute
recognition scores, but rather as the gain over the image-based
approach and the pruning of the search space in our hierarchi-
cal approach. In addition, we also compared it to the orig-
inal implementation on the YouTube dataset [27] and, based
upon our implementation of their methodology using approxi-
mately 400 cuboids and between 6,000-11,000 static features
from each video without pruning, achieved an average im-
provement of 4.1% as shown in Figure 1, which is compara-
ble to the improvement in [29]. The Generalized Data-Driven
HMC outperformed in most categories except h riding, div-
ing, and cycling where the contribution from the input motion
similarity was especially poor. And, as previously mentioned,
the Physics-Based Data-Driven HMC [11] could not even be
applied to this dataset.

4.3 Comparison to State-of-the-Art
We also compared our method to state of the art sampling

methods like MCMC [30], Reversible Jump MCMC (RJM-
CMC) [31], and HMC [10]; in order to compare to previously
published methods and show the wide range of the General-

Method F-Measure

Ours 0.61

RJMCMC [31] 0.57

JSEG [32] 0.56

HMC [10] 0.41

MCMC [30] 0.34

Table 1. Comparison of Generalized Data-Driven HMC
(“Ours”) to previously published sampling methods.

ized Data-Driven HMC over the Phyiscs-Based Data-Driven
HMC, we use the well-known problem of segmentation of
colour images and compare to [31, 32, 30, 10] in Table 1.
Following the example of [31], we also utilized the Berke-
ley Segmentation Dataset [33]. The Generalized Data-Driven
HMC outperforms them and, once again, the Physics-Based
Data-Driven HMC [11] could not even be used here.

These dataset results show the potential for wide appli-
cability of the Generalized Data-Driven HMC framework to
many different modalities, in addition to significantly reduc-
ing the search space in video database search problems. Since
activity search in video is becoming a very important prob-
lem, we expect the Generalized Data-Driven HMC to be an
important contribution in this direction.

5. CONCLUSION

We presented a Generalized Data-Driven HMC (DDHMC)
that extends the Physics-Based Data-Driven HMC to no
longer require ad hoc Guide Hamiltonians or physics-based
track information. This generalization beyond its reliance on
only physics-based, heuristic features allows our Generalized
DDHMC to be used with or without a tracker, overcoming a
significant limitation of the physics-based approach, as well
as being extensible to utilizing any pre-existing image- or
motion-based method. We demonstrated the generalizability
of our framework by considering situations when tracking
is available and when it is not available. Our generalized
framework allows the HMC to be applied to a vast variety of
situations which were not possible with the Traditional HMC
or the Physics-Based Data-Driven HMC and extends the
Data-Driven HMC to any general stochastic problem, thus
giving the ability to use the Data-Driven HMC as a fusion
methodology for general stochastic problems.
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