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Abstract of patches derived from high-resolution images have been
used for super-resolution, both in static images and video
Recently, “epitomes” were introduced as patch-based sequences [3, 1]. Patch-based image models have been used
probability models that are learned by compiling together for the purpose of “texture transfer”, also known as “unsu-
a large number of examples of patches from input images.pervised image analogies” [7].
In this paper, we describe how epitomes can be used to Tojointly analyze and synthesize data, patch-based prob-
model video data and we describe significant computational ability models are introduced in [5]. These models, called
speedups that can be incorporated into the epitome infer-“epitomes”, compile patches drawn from input images into
ence and learning algorithm. In the case of videos, epitomesa condensed image model that represents many of the high-
are estimated so as to model most of the small space-timeorder statistics in the input image. An advantage of learning
cubes from the input data. Then, the epitome can be used patch-based model from the input data is that the model
for various modeling and reconstruction tasks, of which we can be used for a variety of inference tasks, such as im-
show results for video super-resolution, video interpolation, age/texture classification, in-painting, super-resolution, tex-
and object removal. Besides computational efficiency, anture transfer, and image segmentation [5]. Epitomes have
interesting advantage of the epitome as a representation isfound uses in other application areas, including speech and
that it can be reliably estimated even from videos with large molecular biology.
amounts of missing data. We illustrate this ability on the  In this paper, we address two problems: (1) How 2D
task of reconstructing the dropped frames in video broad- image epitomes can be extended through time to form 3D
cast using only the degraded video. space-time epitomes; (2) How epitomes can be compiled
and applied in a computationally efficient manner and in
particular, in a way that is significantly more efficient than
1. Introduction using a library of patches. After describing a general frame-
work for learning video epitomes, we demonstrate its use in

The technique of using small image patches to accountgg,arg interesting applications.

for high-order statistics in image and video data continues
to grow in popularity in the vision community. One of the
first uses of patches was to find corresponding points in
neighboring video frames for computing optical flow. In- Fig. 1 outlines the procedure used to learn a video epit-
stead of simply matching patches, Jepson and Black intro-ome. Viewing the input video as a 3D space-time volume,
duced probabilistic patch models that account for outliers a large number of 3D training patches are drawn from the
[4]. Soon after that, Wang and Adelson showed that patchesvideo. The learning algorithm is used to compile these
could be used for efficient video compression [8]. In related patches into an “epitome” — a video that is smaller in space
work, “textons” use image patches within a structured math- and time, but contains many of the spatial and temporal pat-
ematical framework, to account for texture using a patch- terns in the input video. We derive the epitome learning
based representation [10]. In these cases, patches were usedigorithm by specifying a generative model, which explains
primarily for analyzing image data. how the input video can be generated from the epitome (in

More recently, patches have been used successfully forthe opposite direction shown in the figure). The advantage
synthesizing images and videos. Patches from one part obf specifying a generative model is that the model is more
an image have been stitched together to synthesize new imadaptive than a non-generative technique and it can be used
ages with similar texture, or to in-paint texture into an inte- as a sub-component in other systems. Here, we introduce
rior region [2,7]. This approach has also been used to fill a 3D model of video similar to the 2D epitome model de-
in missing or occluded regions of video data [9]. Libraries scribed in [5].

2. Video epitomes
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Figure 1. Learning the epitome of a video.

We treat a video sequence as a 3D awvay, ; of real- in a small video cube at coordinat§s andcs denotes the
valued pixel measurements (R,G, and B color channelspixel values in the same cube, as predicted by the epitome.
in this paper), withz €: {1,..,X,}, vy € {1,....,Y,}, As described below, the goal of the learning algorithm is
t € {1,...,T,}. The epitome: models the video using a to make the predicted video cubes similar to the observed
set of probability distributions arranged on a grid of size video cubesi.e, cs =~ vs. The cubecs is modeled using a
X, x Y, x T, considerably smaller then the videicg., set of distributions in the epitome. We usg to denote the
X Y.T. < X,Y,T,. We view the epitome, , ; as a 3D set of distributions from the epitomeeat coordinate§ . As-
array of probability distributions. A particular pixel valse suming that the cube correspondingftas equal in size to
can be evaluated under any of the probability distributions cube corresponding t8, we can define a one-to-one coor-
in e. For example, for the epitome coordinates y., t. , dinate correspondence so that the set ordering is preserved.
the probability density at the pixel value stored in the en- This allows us to use the notatian-(cs) for the proba-
try x.,, v, t, Of the video ise,, 4, +, (Vs 4..t, ). Since the  bility density evaluated using distributions at coordinafes
pixel measurements are continuous in nature, it is neces-and predicted valueass:
sary to parameterize each of the epitome distributions. In
our experiments, we use a single parametric form, a three-
dimensional Gaussian distribution parameterized by a dif-
ferent mean and diagonal covariance matrix for each entry,

7]

ples|Ts) = ers(cs) = [ ey (cswy): ()
k=1
where the notatioffs indicates the assumed responsibility
eryt(:) = Nyt Pryt)s 1) of 7 for patchS. The above equation assumes indepen-
dence of pixels given the responsible set of epitome dis-
wherey, , . is the mean and, , . is the covariance ma-  tributions, with the idea of capturing correlations simply
trix (e.g, for RGB values). The diagonal covariance matrix through mapping sets of measurements to the overlapping
decouples color channel computations. Because of this, wesets of distributions.

will treat the measurements, ,, ; as scalar in the following The above equation describes the probability model for
derivations, which the reader can use to derive the full color an individual cube. To obtain a probability model for the
model. entire input videoy, we need to address the issue of how to

The epitome models the video by modeling 3D patches account for overlapping cubes. If two sets of coordindtes
sampled from the video. These patches can have any shap@andS’ overlap, then the corresponding culegsandcs: are
but to keep notation simple, we will assume each patch hasused to predict overlapping cubes in the input videand
linear, axis-aligned boundaries, and we think of each patchso they should make similar predictions for overlapping pix-
as a “cube”. Each patch is defined in terms of the orderedels. The most obvious approach to accounting for overlap
set of pixel coordinates in the patcli, For example, a is to include a constraint that the predictions are identical

10 x 10 x 5 video patch starting at positiah 9 in frame in regions of overlap. However, this approach requires the
7 of the video is described by the s€t= {8,..,17} x introduction of a partition function, making learning signif-
{9,..,18} x {7,..,11}. We assume the coordinatesSrare icantly more difficult. We take a different, novel, approach
ordered, so thaf (k) refers to theith coordinate irS, e.g, [5], where we treat the cubeg as independent even if they
S(1) = (8,9, 7) in the above example. share coordinates, but enforce the agreement in the over-

While v denotes the observed pixel values at all coor- lapping regions during inference, as described in the next
dinates in the videoys denotes the observed pixel values section.



We now define a generative model of video sequencesof the input video, FF >

that is suitable for all applications described in the experi-

—logp(v), where p(v)

275} Jiesy P(V. {cs, Zs}). So, by optimizingF’, we can

mental section. The first step in the generative process conmaximizep(v). In fact, the closey is to the true posterior

sists of generating a predicted cubg for every possible
coordinate sef in the input video. This is accomplished
by first randomly choosing a pat&3 from the epitome us-
ing a uniform distribution, and then generatingusing the
distribution e, (cs) defined by (2). Then, for each pixel
coordinatex, y,t in the video, all overlapping cubes are

p({7Zs, cs}|v), the tighter the bound, spis an approxima-
tion to the posterior distribution. By choosing an appropri-
ate form forg, we can achieve two goals: Obtain an efficient
inference and learning algorithm by decoupling variables
[6]; Constrain inference and learning to the space where
overlapping cubes agree, as proposed in [5]. We choose

combined to make a single prediction for the observed pixel the ¢-distribution as follows:

vy, at that coordinate. During free energy minimization,

we will force the predictions to agree, so the exact form of
the combination function is not important. Here, we assume

that to generate a consistent video pixgl, +, the contribu-
tions from all overlapping video cubdss : (z,y,t) € S}

are averaged, and Gaussian noise with variafﬁq&t is

added to all three channels:

P(Vayil{cs : (z,y,t) € S}) =

ZSZk[() (73)] 2

N S S ISt = (o] o)
p(V‘{CS}) = H p Vm,y7t|{CS : (x,y,t) € S})7 (3)
x,y,t
where] ] is Iverson’s indicator functioni.e., [true] = 1,

[false] = 0. We use the notationg j, for the k-th pixel in

cs to emphasize that the video cubgsare treated as inde-
pendent, and so a pixel in the video culyeis not uniquely
defined by the global coordinat&k), and is instead, po-
tentially different from the pixels in other cubes that over-
lap S(k).
for each coordinatéz,y,t), a single final pixelv, , ; is

generated by adding noise to the average of all video cubes

overlapping with coordinatér, y, t).

However, as described by the above equations,

q({7s,cs}) =

HQTS (cs).

q(7s) is a discrete distribution over all possible patch loca-
tions in the epitome shaped & To enforce the overlap
constraintg(cs) is a product of Dirac functions:

= H d(Cs,k — Vs(k))-

k

®)

(6)

As before,cs . denotes the pixeb (k) in cubecs. vs)
denotes the variational parameter for the piggk) =
(z,y,t), which issharedby all patchesS that contain the
coordinate(x, y, t), thus constraining the patches to agree
in overlapping pixels.

The free energy obtained using the abgwistribution
leads to a tractable iterative learning algorithm. Setting to
zero the derivatives of” w.r.t. the posterior cube colors
Uy y,¢» WE Obtain the following update rule:

w
%7’4‘23198(!&) ,%)ZTS (T)ﬁ
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Vg,yt <

Usually, a subset of the input video patches provides ac-This update sets the “hidden videp’to a weighted com-
curate sufficient statistics for Iearnlng an epitome. In prac- pination of the input video and the top-down prediction for

tice, we randomly sample the sgf} of patches to be used
for learning €.g, from the set of all video cubes of a certain
size). The joint distribution over all variables can be writ-

tenp(v,{cs,7s}) = p(vl{cs}) [1s p(cs|Zs)p(7Zs). We
often assum@(Tg) is uniform for the sake of simplicity.

3. Learning video epitomes

Learning entails minimizing a free energy cost function:

q({7s,cs})
F= ZZ/ ({7s,cs})log e {is,;S})

S 7s Vs

(4)

whereq({7Zs, cs}) is the auxiliary joint probability distri-
bution over the set of epitome patchg®s} and the set
of video cubes{cs} for all coordinate patche$S}. It

the video, as given by the current epitome. The weights are
the inverse noise variances for the video and the epitome.
Setting to zero the derivatives éf w.r.t. the posterior epit-
ome responsibilitieg(7s), we obtain

p(7Zs)ezs (vs)
Yorp(Ter(vs)

This update is similar to computing the responsibilities of
components in a mixture of Gaussians. For each aghe
the distribution over its position in the epitome is propor-
tional to the probability it was generated from each position.
To perform inference on videowhen the epitome is given,
these two updates can be iterated until convergence.
If the epitome is to be learned from the video then

the two equations above are iterated in combination with

q(7s) < (8)

turns out that the free energy [6] bounds the log-likelihood the following two updates, obtained by setting to zero the



derivatives of ' w.r.t. the epitome parameteys, , . and will now be more consistent with the epitome texture. It-

Guyt: erating these two steps will lead to the solution wh&ge
are chosen so as to “quilt” a random, but consistent tex-
T ZT,k:T(k):(we,ye,te) 25 4Ts = Tvsw) ture from the epitome. Note also, that in these steps, each
e DT T () =(e yerte) 25 4(Ts = T) new estimate for @, , ; is a weighted average all epit-

9) ome meang:,, ..+, Weighted by both the inverse epitome
variancesp,, . :, and the probabilities of all possible cube

Dreperte mappings that lead to mapping epitome ertry, y., t.) to

ZT7k:T(k):(ze7ye,te) >sd(Ts =T)(vsw) — fha, yert.)’ video entry(x,y,t). After several iterations, however, the
DT T () =(eyerte) 25 4(Ts = T) ' ¢(Ts) become fairly peaked and consistént.
(10) If the area of high variance? is surrounded by the area

. ) . ) of low variance, then the quilting steps described above will
The first update sets the mean pixel value in the epitome tope 5ytomatically conditioned on satisfying the agreement of
the average value of all pixel values from video cubgs  the, values in the areas of low variance. Thus, we can per-
weighted by the probability that the cube is aligned with 5rm video repair operations by setting values to be high
the pixel in the epitomey(7s = 7). The second update i, the areas of video that are either missing, or considered
is similar, except it accounts for the variance, not the meanpaq or that we simply want to replace with the texture from
value. All inference algorithms in this paper are based on e epitome.

these four e.quatlonsf. In 'the next ;ectlon, we e:xplaln h,OW An interesting additional property of the algorithm in the
t_hese equathns def_lne different yldeo processing ap_pl'ca'previous section is that the epitome learning can be per-
tlons_. Then, in Section 5, we derive an efficient algorithm formedjointly with the repair operations, even when some
that implements these equations. of the input video pixels are known to be unreliable. If the
unreliable (or unwanted) pixels are given high noise param-
4. Epitomic video processing eterso2, then iterating all four of the equations (7-10) will
construct the epitome only from the reliable pixels. (Only

effectively severs all the video cubes from the observa- 1€ reliable pixels propagate intovalues, which in turn
tion v, .. According to the generative model equation (3), 4€fin€ the epitome statistics in each step (10)).
an excessive level of noise? , , will make the generated ~Next, we define several_(\jndeo reCO”?”“Ct'E” tasks by
value v, , ; dominated by Gaussian noise and thus inde- YSIN9 329'V3”X x Y x T videof, ,  to form the input
pendent from the epitome generated video cubes. Becaus&z.u.t 7z,y,¢ 10 the epitome inference algorithm, with all pa-
of this, the inferred color, ., shared for the coordinate ~fameters initialized in an uninformative way. We consider
(z,y,t) in all video cubes is dominated by the epitome pre- the resqlting set of parametersa video. reconstruct.ion. In
diction, as seen in (7). Whert, , is very low, on the other ~ comparison to “texture quilting” techniques used in [2] for
hand, (7) is dominated by the observation, ;. This gen-  €xample, epitome offers both better generalization and po-
eral observation leads to several video reconstruction appli-tentially greater computational efficiency. The cost of learn-
cations of the inference algorithm described in the previousNg &n epitome is proportional to the product of the data size
section, including filling-in missing data, obstruction re- and the epitome size, while the cost of the quilting opera-
moval, video interpolation, denoising, and super-resolution. ions is proportional to the product of the library size and

In a large area of high varianeé, iterating (7) and (8)  the reconstruction size. If the epitome is much smaller than
will fill the inferred valuesy with the epitome generated the training data, then the total cost of using the epitome
cubes that tend to agree in the overlapping regions. To bet-2S the library becomes lower than the cost of using the en-
ter understand this, consider randomly initialized set of tire training video as the library. Furthermore, epitomes can
values. The inference step (8) for the cubgetakes the D€ used as a set of pointers to the original training data, so
current guess ats and evaluates how likely each epitome thatupon the computation of the posterig(7s), the train-
cubeer is to generaters. Since the posterior epitome re- NG data cubes corresponding to the several best matching
sponsibilities share thevalues, the (probabilistically) cho-
sen epitome cubes tend to have a higher level of agreemen[ 1For example, if the responsible epitome cube for the video cube at
. . . 1,...,5}x{1,...,,5}x{1,...,5} is at epitome coordinatgd 1, ..., 15} X
in the overlaps than |.f a set of raqdom epitome cubes Were 11 15y x{11,.., 15}, thenthe video cube 42, ..., 6} X {3, ..., 7} x
selected as responsible for the video cubes. Now, apply-{4, ..., 8} will tend to be mapped to epitome coordinag2, ..., 16} x
ing (7) will replace the initialized valueswith the average {13, 17} x {14, ...,18}, so that the for instance, the video coordinate
votes from the epitome cubes deemed likely to have been(3: % %) maps to the epitome coordinatés, 14, 15) in both mappings.

. . . . hen the inference procedure does not result in such translational con-

generated according td7s). Since the likely video cubes

sistency, then it usually results in appearance consistency, i.e., each pixel
have a moderate level of agreement, the generategture tends to map to similar distributions, ,;,+ in all mappings.

First, we note that a very high variance parametjey;;_,t




epitome cubeds can be searched over to find potentially

even better candidates for quilting. This offers the advan-

tage of using all the original training cubes in quilting while
still using the computational benefit and regularization of
the epitome representation.

4.1. Denoising

If the noise levelr? in the given videdf is known and
constant, then we set= f ando? , , = o* and iterate (7-
10), starting with non-informative initialization. This pro-
cedure effectively performs denoising by averaging similar

4.3. Object removal and general missing data re-
construction

We now consider the general case of missing value re-
construction. Define the set of coordinate$or which the
measurements in are considered good, and the set of coor-
dinatesM for which the measurements are missing, unreli-
able, or need to be replaced for any reason. When learning
the epitome, the set of training patchgS} is chosen so
that none of the patches overlap with missing data. Then,
by setting variances? = ¢ to be small and3, = o to
be large, the algorithm given by iterating (7), (8), (9), and

pieces of the video. The video epitome serves as a nexuilo), will produce the reconstructiony, quilted from the

of self-similarity estimation, and iteration is necessary to
estimate the epitome jointly with the denoising operation.
The size of the epitome is critical in this operation. If the

epitome which captures the patternsvig. For example,
M could mark the spatio-temporal segment which has an
unwanted object.

epitome is assumed to be very large, then, the denoising op-

eration may still copy a lot of noisy pixels into the epitome.
On the other hand, a small epitome will be forced to be
more liberal in the definition of similarity, due to the lack of

4.4. Video interpolation

Video interpolation is a special case of the missing data

resources to capture the diversity. Averaging many patches,ropiem and is also similar to that of super-resolution. Here,

into a small epitome may lead to excessive blurring.

If the noise leveb? is not known, but is assumed to be
uniformin the video, it can be estimated from the data by
adding the following step to the algorithm

1
2

o’ = m(”x,y,t — Vo), (11)

which follows from setting to zero the derivative Bfwith
respect tar2.

4.2. Super-resolution

Suppose that we want to increase the video resolution of

the given vided, , .. To guide us in this task, let us assume
that we have a high resolution vidag , , of a similar scene
or scenes. We can then iterate (7-10) using h and small
noise Ievels%%‘y’t = e. If his assumed to be somewhat
noisy, we can 'increasezyy,t or learn it as described in the

previous subsection. The resulting high resolution epitome

e can now be used to iterate only (7) and (8) on the input
video defined as:

= fz/n,y/n,t
Jiﬁy’t =€+ 02[mod(w, n) > 0][mod(y,n) > 0], (12)

Vaz,yt

wheree is a small number and? is large, and] is an in-
dicator function. In other wordsy is anX x nY x T
video created by nearest-neighbor resolution enhanceme
of f, but the mapyﬁ,‘y,t labels as unreliable (noisy) the pix-
els which do not have coordinate divisible hy Iterating

(7) and (8) will replace the unreliable pixels with the best
matching texture of learned fromh.

The reader can appreciate that a similar approach can b

utilized to fill in the missing “in-between” pixels even if the
missing pixels are not uniformly inserted as above.

however, we describe a different version of the problem, one
in which a similar video of higher temporal resolutiomist
given.

Formally, we can set up the problem as follows. For a
sequence of framef, ,, , we know that some frames are
missing, so that the given sequence= 1,...,U corre-
sponds to the true framesu). For instance, for a video
interpolation task, we would have that= {1,3,5,7,...}.

On the other hand, when a video is broadcast over the Inter-

net, some clients will experience dropped frames in random

shorter or longer bursts. Thehfollow a pattern liket =

{1,2,3,4,5,15,16,17,18,19, 20, 21, 29, 30, 31,32, ...}.

For video interpolation tasks, we can define the input to the

epitome algorithm as:
Va,y,t(u) f.’r,y,u

(13)

€

2 2 _ 2
Ty, t(u) Ty t£t(u) — 9

with ¢ and o2 being a small and a large variance respec-
tively. Then equations (7-10) are iterated to jointly learn the
epitome and fill in the missing frames in the reconstruction
v. When the pattern inis uniform, as in the case of video

interpolation, there is a danger that the epitome will be up-
dated in a similar pattern, for example by decoupling the use

n?f odd and even frames. It is thus generally useful to con-

Strain the epitome learning so that this does not happen. A
useful constraint is that the neighboring distributiens, ,
ande, , ;11 are similar. In our experiments we simply used
potential functiongl, ,, ; connecting neighboring frames in

éhe epitome as

max e*(#m,y,t*#mn,yn,tn)2/¢’ (14)

L
y,t
’ T\ Yn,tn €N (2,y,t)



whereN (z,y, t) denotes a neighborhood ofy, ¢ outside
the frame t, e.g.N(z,y,t) = {& — dz, ...,z + 0z} x {y — for . andt., which is computed for a particular offset
8y, ..,y + oy} x {t =1} U{x — dz,..,x + oz} x {y — Zes, Yes, tes- FOr the cube patch starting at7 (1)
0y, ...,y + oy} x {t+ 1} . These potential functions ensure (x.s, yes, tes), We can compute at once the epitome like-
that the neighboring frames are deformed versions of onelihoods for all equally shaped patch&sas a linear com-
another, and define the prior bination of up to eight shifted matricess This means

1 that for all XY'T input cube patche§ of a certain size,

ple) = 7 H Yo e te and all X., Y., T., the computation of all epitome patch
TeYete likelihoods is computed iR(XYTX.Y.T.) time regard-

less of the patch siz&S|, thus allowing us to work with
multiple size patches in our experiments, from very small
patches capturing fine detail to very large patches that help
strengthen the long-range correlation in epitome without in-
creasing the computational complexity.

where 2, = (z. + x.s) modulus X. and similarly

(15)

By including this prior and re-evaluating the derivative of
the resulting free energywith respect to the meap, ., ;
we can see that (9) changes to
y _ Hiegenden/ T Byt ) Preyete
elerte =
¢ y l/w + 1/¢$€.7y67t8 ,

where gy ., . denotes the estimate from (9), and

(16)
6. Experiments

Video Super Resolution. An optical zoom in modern

To perform video interpolation we iterate (7),(8), (16), cameras allows the user to trade the field of view for the
and (10). level of captured detail. The user often desires to capture

Temporal interpolation and super-resolution can be com-both the large context of the scene and the detail in it, by
bined in a straight forward manner to derive a super- first capturing a wide angle shot followed by a large zoom
resolved smooth video from a low-resolution video if it (as shown in the set-up video on the web page) and slow
has enough pseudo-repeating structure and the sensor ha&sene scanning at the constant zoom level (omitted in the
a short spatio-temporal averaging field. set-up video for brevity). We can use the approach de-
scribed in Section 4.2 to super resolve the original low res-
olution wide-angle shof, using the epitome learnt dn,

the high-resolution “scene scanning” video captured at the
Careful study of the epitome learning rules reveals that higher zoom level.

many operations are repeated multiple times. For example, |n our example, the wide shot captures a large plant mov-
a singe pixelv, , ; in the video gets evaluated under every ing in the wind. Later, the camera zooms in and scans the

(Ien’ Yen, ten) = arg maX(Isnvyen7ten)eN($e7yeat6) \Ijﬂcvyvt'

5. The shifted cumulative sum method

epitome distributior,_ . ;. several times in different com-
binationsS, 7 in which (z,y,t) € S and(ze, ye,t.) € 7.

plant creating the shot used for training the high resolution
epitome. As described in Section 4.2, the high resolution

Since the pixels are treated as independent, then for eachextural and shape features of the plant, as well as the mo-

patch of coordinatesS, a product of individual distribu-

tion patterns, are then used to compute a super-resolved ver-

tions is evaluated, or in the log domain, a sum of elementssjon of the wide shot. Note that the content of the wide shot

log ey, y..t. (Vz.y,t) IS cOmputed. The first observation to

is similar but far from identical to the content of the high

make here is that since the epitome algorithm requires thatesolution training data. Fig. 2 shows a single frame of the
many different overlapping patches are evaluated in this syper-resolution result compared to bi-cubic interpolation,
way, it becomes computationally more efficient to compute and the web page also shows a larger super-resolution se-

log €z, 4. t. (Va,y,+) fOr all combinations of z., ., t.) and

(z,y,t) and then sum the appropriate elements for each

S, 7 combination, than to apply (8) directly.

guence of the plant.
Reconstructing dropped frames from a video broad-
cast. Real-time streaming videos are becoming increasingly

Furthermore, overlapping patches even share many ofpopular on the web. In streaming video, often video frames

the summations of thivge,, 4. +. (V24 ,¢) t€rms. In fact,

are dropped because of a lack of bandwidth. Client-side re-

if the overlapping patchesS used in epitome operations are covery of these missing frames using only the successfully

all possible cube patches of a given size (or a set of sizes)eceived frames would greatly increase the experience with
then these shared summations can be exploited in a systemstreaming videos.

atic way. In particular, consider ghiftedcumulative sum

matrix
>

C(xs,ys, ts) = loge; 5. i (Vayt),
<z Y<ye,t<ts

2We ignore the normalization constaft

Fig. 3 shows a few frames from a video sequence where
the dropped frames effect was simulated and the missing

SFor example, forT = {2} x {5,...,10} x {10,...,20}, if we
set (Tes, Yes, tes) = (2,5,10), the resulting shifted cumulative ma-
trix C leads tOlog67‘(V[17]><[15,20]X[50760]) = 0(17, 20,60) —
C(17,15,60) — C(17,20, 50) 4+ C(17, 15, 50).



Figure 2. Video super resolution. (a) A single frame from a low resolution 48x76x32 sequence. (b) The 128x200 bicubic interpolation

of the frame. (c) The 128x200 video epitome super-resolution result. A 125x175x8 video epitome was learnt from a 150x200x17 high
resolution sequence captured when the camera physically zoomed into the scene. Super-resolution was performed by reconstructing the
low resolution sequence with the epitome containing the features from the high resolution sequence. Patches of size 75x75x4, 50x50x3, and
25x25x2 were used during learning and reconstruction. This video, along with a larger 360x240x32 super-resolution result are available at
http://www.psi.toronto.edu/vincent/videoepitome.html.

Figure 3. Dropped-frames experiment. This experiment deals with the problem of reconstructing missing frames when receiving stream-
ing video over the Internet. The frames enclosed in boxes have been successfully received, while the other frames were dropped dur-
ing transmission and have been reconstructed with the use of a video epitome. The arrival time of the frames in this 90x100x39 se-
guence was modeled as a discrete time Bernoulli process whereby the inter-arrival time of the frames was governed by a geometric
distribution. Frames were expected to arrive in each time slot and any unfilled time slots between arrived frames were considered to
be dropped frames. The mean number of missing frames between arrived frames was one. A 90x100x13 video epitome was learnt
only from the non-dropped frames using patches of size 63x70x6, and 36x40x5, and 30x30x4. This video sequence is available at
http://www.psi.toronto.edu/vincent/videoepitome.html.

frames were then reconstructed using the video epitomebe performed with the video epitome as described in Section
as described in Section 4.4. The video epitome is able t04.3.

consolidate the various disconnected frames and assemble
a comprehensible set of motion patterns in the video se-
quence. In the video on the web page, we show the re
ceived frames on the left (with freezes during the frame
drops) and on the right, the video reconstruction using only
the video on the left as the epitome input. Note that due to

Fig. 4 and its corresponding video on the web show the
results of in-painting on a video of a girl walking. The
“results here are similar to those of [9]. Part way through
the video, the girl is occluded by a fire hydrant. Removing
the fire hydrant can be formulated as a video reconstruction

the | ber of missing f t oriainal mofi problem by considering these pixels as missing, learning
€ largé number of miSsing frames, most orginal Motion w,q y;qeq epitome only on the observed pixel values, and

patf[erns have never been seen b_y the eplto_me algorithm IIﬁberforming epitome inference while setting the variances,
their uncorrupted form anywhere in the received broadcast. -

. L ) to be high in th ied by the hydrant. Th
Exemplar—basedapproaches,whlleabletoﬁllmsomemlss-a © be high In the area occupied by the nydran c

ina f ided that simil i lsewh video epitome is able to compress the basic walking motion
Ing frames provided that similar motions appear €ISeWnere;y;, several frames and transfers this motion pattern into the
in the video sequence, cannot handle this situation.

missing pixels.

Video in-painting. Video epitomes contain the video’s Denoising. In Section 4.3, we discussed the general
basic structural and motion characteristics, which are usefulcase of filling in arbitrary missing data in video given only
for in-painting applications. The goal of video in-painting the corrupted video. To illustrate the potential power of
is to fill in missing portions of a video, which can arise with the video epitome, a highly corrupted video was created in
damaged films or occluding objects. Video in-painting can which each of the RGB color channels of each pixel were



Figure 4. Video in-painting experiment using the video epitome. (a) Several frames from a 114x83x53 video. (b) Removal of the fire
hydrant from the video by considering these pixels as missing. (c) In-painted frames using a 30x30x15 epitome with 20x20x5, 15x15x4,

10x10x3, and 5x5x2 patches. Video available at http://www.psi.toronto.etiutent/videoepitome.html.

missing with 50% probability. The known bad channels for References

each pixel were marked by high noise varianeés The

video was then given to the epitome learning algorithm and [1] C. Bishop, A. Blake, and B. Marthi. Super-resolution en-

then reconstructed by iterating (7-10). Despite high lev-
els of corruption, the repetitive motion in the video helped
the epitome learn a clean representation and reconstruct the [2]

videov. This video is available on the web page.

7. Conclusion

An epitome represents many of the high-order statistics 4
in array data using a more compact array, and is amenable
to faster searching and better generalization, compared to
patch libraries. Here, we developed an efficient algorithm
for learning video epitomes and performing various infer-
ence tasks. We illustrated some of the applications of video
epitomes, including video enhancement and editing tasks. [
Videos demonstrating a variety of applications are available

at http://www.psi.toronto.edu.

In comparison to reconstruction techniques based on a (7
library of known data patches, an advantage of epitomes is
that they can be trained directly on corrupted or degraded
data, as long as the data is repetitive. Video tends to be [8]
highly redundant and is thus quite well-suited to analysis
using epitomes. Because epitomes provide a representation
that retains the natural flow of the input data, and offer sig-
nificant computational and statistical advantages over patch
libraries, we believe they will find many uses in data analy-

sis and computer vision.
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