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Abstract—Many media streams consist of distinct objects [l. SEARCHING FORUNKNOWN REPEATING OBJECTS

that repeat. For example broadcast television and radio signals . . . .
contain advertisements, call sign jingles, songs and even whole SUPPOSe that our media streamsig), and this contains
programs that repeat. The problem we address is to explicitly embedded repeating objects. We assume that the objects un-
identify the underlying structure in repetitive streams and de- dergo relatively minor copy-to-copy variation; i.e. successive
construct them ir_1to_ their component objects. Our architecture repeats of an object in a stream separated by time will
?esglljirrgez np?g_trr’gi?]re' dkréc;\;vallggg: Oévtehritﬁitr:‘;amse' ?;S(ie?noe:eggé obviously experience different channel deformations, but will
is learned on the fly. We demonstrate that using a modestly Otherwise be almost identical. We further assume that objects
capable computer it is perfectly feasible to identify in realtime are generally non-overlapping.
repeating objects that occur days or even weeks apart in audio  We’'ll model the stream as being made up /6frepeating
or vi_deo_ streams. We outline the algorithms, enumerate several objects, which are played with relative frequencies determined
applications and present results from real streams. by the probabilitiesp;. That is, the stream is constructed by
choosing an object from the library, and the th object has

l. INTRODUCTION independent probability; of being chosen when a decision is

nqgade. For generality we will also assume that only a fraction

are quite repetitive. They contain objects that recur WifﬁOf the stream consists of repeating objects; for exampie

essentially no change. Advertisements on broadcast radio Qn%WOUId imply that one tenth.of the.stream was non—repeatmg
television stations, and songs or video on music channels qu‘tem that separated repeating objects from each other. While
i

Rather than having infinite innovation many media streal

some of the obvious examples. An interesting approach f tttl)e ;"m,pl'St:cC’ thllstmodel IS S“ﬁ'c'i?“y gene:all to Captur(re] ”
Lienhartet al[7] is to detect &nownset of commercials. That € behavior of real streams reasonably accurately, as we sha

is, given a library of, sayK’ commercialsi(e. short sequences see from the experiments on real streams in Section IV.

of frames th_at can be ex_pect_ed to recur in a _stream) thgy Determining Repeats

calculate a fingerprint, which is a function of this sequence _ o ) )

of frames. This fingerprint, which they base on the Color First, observe that it is simple teerify that an object at;
Coherence Vector [8], can be compared to detect recurrencés0 ccurs at;. This can be done, for example, by taking the

the already known commercials. Other interesting approacr%gss-correlation of windowed sgctions of the stream centered
are [5], [2]. att; andt;. If the cross-correlation:

By contrast we propose explicit detection ahknown ot Dot 4
repeating segments in the stream without making assumptions ) - s(t = ta) » fuwt) - st = 1,)]
of the nature of the objects. For example, we will not need twms a sufficiently large peak (compared with the autocorre-
assume that any of the objects we seek have different auiitton of either section) we would determine that they are
or video characteristics from the non-repeating portions afproximately the same. This is only the simplest example:
the stream, and we will only assume that repeating objedte Color Coherence Vector used in [7], [8] or the fingerprint
(ROs) have some minumum lengthd.they are at least 30s in algorithms used in [1], [4] are among other functions that
length). We will not need to assume the existence of a libragpuld be used.
of already labeled or recognized objects, but rather will learn i ) .
the repeat patterns on the fly. B. Searching for Unknown Repeating Objects

In the next section we show how repeats may be identifiedSeeking X' knownobjects (much as is done in [7]) would
in a stream using a scheme that is conceptually simpleguire comparing each incoming block against ihé&nown
but requires considerable compute and memory resourcesobjects. This would requird{/2 comparisons per incoming
Section Il we show that using low dimension representatiofock on average. Thus the complexity of determining whether
of the stream and segmenting objects we can hugely redle®wnobjects are present in a stream is directly related to the
the computational complexity and remove the need to buffsize of the database of sought objects.
large amounts of the stream. We show results on broadcasThe case where the objects aneknownis more complex,
streams in Section IV. since we must learn first what the objects are, and then find all



of their recurrences. A first approach, is to break a finite stream
. . "
into NV blocks and compare the current block with every other:
[found, jposn] = searchBuffer(iPosn){
jposn = iPosn;
while (jposn > iPosn - NL)
if (ApproxEq(strm(iposn), strm(jposn))
AddToRepeatsList(iposn, jposn); oz
found = true;
break' 0 2 4 6 8 T‘mel‘rl‘)ﬂws 12 14 16 18 20
end ' . N .
. . Fig. 1. Probability that two or more copies simultaneously appear in a one
jposn -= L; day buffer for objects with various probabilities. Observe that even an
end } object that repeats on average evétyrp; = 3 days has a 50% probability

of being detected after 10 days
The blocks are spaced apart. We assume that our Ap-

proxEq() routine determines whenever two blocks contain the

same object with almost no false positives or negatives. W& and £ = 3.5 minutes we showPr(i, t,found) for p; =
assume that AddToRepeatsList() performs whatever actiangosi,0.0027 and 0.0009. Objects with these probabilities
are desired when the fact that an object occurs at both ipagould have average repeat intervadls (rp;) of 8 hours, 1
and jposn has been verified. The complexity of the algoritheay an 3 days respectively. As can be seen from Figure 1,
is determined by thévV —1 calls to ApproxEqual(). So clearly, even objects that occur on average with intervals larger than

a buffer of durationNL can be searched in realtime only ifthe searched buffer have high likelihood of being detected if
N —1 calls to ApproxEqual() can be computed in time we wait long enough.

C. Analysis of probability of objects repeating in the buffer ||| RepucING THE COMPLEXITY OF DETERMINING
For an object to be found by searchBuffer() it must appear REPEATS

twice in the buffer. Assume objects have average duralion  c4cjating cross-correlations on video data, or even audio

Then the average time between repeat copies of objﬂidi_tbe at 44.1k samples per second is computationally very expen-
E/(rp:). Suppose the length of our buffer 1% So all objects gje Byt we can exploit the fact that both video and audio

for which £/(rp;) < B have a good chance of occurring,qnain much redundancy to reduce the complexity.
twice in the buffer. We now show that the probability that two

copies of an object appear in the buffer increases significanfly Low Dimension Representations of Audio

as the buffer evolves. _ _ Since media streams primarily consist of audio alone or

At any given time there will be\l = [B -r/E| repeating \igeo accompanied by audio, we restrict attention to low
objects in the buffer. CalPr(i,t,found) the probability that gimension representations for audio objects. For an RO to
two copies of object have been in the buffer simultaneously,ccr in a video stream it is necessary, though not sufficient
at least once by time (and thus the object has been foung ot an RO occur in the associated audio component of the

by routine searchBuffer()). Clearly, a& B, when the buffer gyeam. Hence we'll concentrate on audio streams; this spares

first fills, involving the video in search process.
Mo\ , A commonly used tool for audio analysis is to split
. V] M—j . . ", .
PT(%BJOUHd):Z j pi-(1—ps) . the audio into critical bands [6] (sometimes known as
j=2 Bark bands). For example a commonly used set for

We now wish to know howPr(i,t,found) evolves for audio splits the signal into 25 bands with band centers at
increasingt. Since this is a cumulative probability it can only{100, 200, 300, 400, 510, 630, 770, 920, 1080, 1270, 1480, 1720,
increase. Recall that in tim&/r one new object enters the2000, 2320, 2700, 3150, 3700, 4400, 5300, 6400, 7700, 9500,
buffer, and another drops out. The increase brought about 18000, 15500,22200} Hz. These are narrow frequency

_ . selective channels, and can of course be sampled at a much
Pr(i,t + E/r,found) — Pr(i,t, found) = lower frequency than the overall audio signal. In fact, we
[1 — Pr(i,t,found)] - Prob{i in buffer onceéNot twice} take the energy of the signal in the bark band centered at 770
-Prob{Incoming is i - Prob{Outgoing is not } Hz, lowpass filter it, and then sample at 11 samples/sec. We
MY, (1 _ . \M—-1 call this waveform BB7. This of course is no longer sufficient
(V)pi(1 = ps) ) . D19 .
- to give even a crude representation of the signal; however it
(D)1 =p)M=2+ (1 =p)™ g tfices for recognition.
M — 1. By way of example in Figure 2 we show two sections of

M the energy of BB7 overlaid. Each segment represents slightly
In Figure 1 we graph howPr (i, t, found) evolves for various greater than 10 minutes of audio. They are different copies of
scenarios. Using3 = 1440 minutes (.e. one day) and- = the same object recorded from an FM radio station at different

= [1 - Pr(i,t,found)] -

pZ .



times. As can be seen in the center portion both copies ar

approximately equal, while at the beginning and end they,

differ.
1) Experimental: To test the hypothesis that BB7 forms a

good low dimension representation of audio we performed thg

following experiment. We recorded an FM radio station for a

period of seven days, and calculated BB7 for the entire stream.

We randomly selected 500 6 minute segments; some of the

segments were voice, some music, some a mixture of voice and

music. We then formed the cross-correlation of each with everly. 3. Improving the efficiency of searching for unknown repeating objects.

6 minute segment from the entire stream. When the crogsbuffer of length one day is assumed, for the two distributions shown. (a)

correlation indicated a match we examined the two segmeRoer f Al o ApXCaD: Ousente hat the rumber of cals begns s

manually to determine whether or not they actually matche@und. After two days almost every RO has already been found.

Some of the objects had no matches (other than the segment

of their own occurrence in the stream) and others occurred as

many as 20 times. In no case was a match indicated wh&8%00 and thus (since BB7 is sampled at 11 samples/sec) the

data did not correspond to the same object. This sufficesdbject is approximately 227 seconds in duration.

indicate that the false positive rate of using cross-correlations1) Experimental:To test the accuracy of our segmentation

of BB7 is very low. we randomly selected 100 of the repeating objects from the
Determining the false negative rate is harder. To accomplisand-labelled 48 hour stream referred to in Section IlI-A.1.

this we hand parsed a 48 hour section of the stream; i.e. halid exhaustively searched for all matches in the following 48

labeled every repeating object greater than 2 minutes in lendgtiours. Of the 100 objects, 88 had matches, and some of them

We randomly selected 50 objects from the first 24 hours ofultiple matches. We first manually examined the stream and

labeled stream, and for each of them: cross-correlated alé€cided where the endpoints were and then calculated the end

minute segment of BB7 centered on the object with the entipgints using our tracing algorithm. In most cases the calculated

second 24 hours of labeled stream. No false negatives weralpoints corresponded accurately with those determined by

found in the labeled stream. hand. In only 6 of the 88 cases was the difference greater than
Thus, we find that BB7 is a suitable low dimension repre2s.

sentation of the signal. In going from 44.1 k samples/sec to

11 samples/sec we have achieved a 4000-fold reduction in fhe Increasing efficiency of search for Repeating Objects

data rate, with no meaningful loss in recognition ability. The search strategy we introduced in Section II-B was
essentially brute force: break a buffer of the stream into blocks
B. Identifying the boundaries of found objects and compare the current block with all past blocks in the

We have seen that repeating objects can be identified irp'éﬁeri Once an object IS found however it can be adde_d
a library of known objects. Subsequently, we search this

number of ways. Cross-correlations, Audio fingerprints [1], [ng) : . )

. . rary first, and search the remainder of the buffer only if
or Color Coherence Vectors [8], [7] (in the case of video) a fi?]/d no match in the library. The advantage is that gfter
among the approaches that work. Any of these methods |{s second appearance each repeating object will be in the

determine that the data in the stream at locatigrendt; are . : o . .
: e ; Ilprary and will be identified from there without having to
approximately similar. Of course to carry out any action on a . .
bp y y y earch the buffer. So long as the library is smaller than the

RO, e.g.delete it from the stream, copy it to disk and so o for this imoroves the search and for repetitive streams
we need to know its precise endpoints. We need to know, prer this improv . o petitiv .
s is the case. In addition the library of found repeating

example, whether its 10s or 3 minutes long before any actiop. -
P g y objects can be ordered by frequency of repetition, so that most

can be carried out. X ! . :
common object are checked first; this further improves the

Determining the endpoints becomes simple however if Weq‘ficiency. The algorithm is straightforward extension of the

have access to the stream. Conceptually, if we align the twg . . . . . S
: one in Section 1I-B and is explained in detail in [3].
portions of the waveform we can trace backward toward the : . .
We now analyze the improvement of this algorithm over

beginning and forward toward the end to determine where the . .
. . L . ) e brute force approach in Section II-B. If the current block
two copies diverge, giving the boundaries of the object. Recall : . :
: X . contains theé —th object the number of calls to ApproxEqual()
in Section llI-A, we found that using the full rate stream was . . N . .
. . Will on average be</2 if that object is already in the library,
unnecessary to determine when matches occurred. In Figure, ..~ . : -
) . and it will be less tharik + N — 1 otherwise. Thus, it is less
2 we align, normalize and overlay two segments of a stre
.. . . a
containing the same object. As can be seen there is substan 1ar
(though not precise) overlap between the two occurrencepy. ;. ¢ found) - K/2 + [1 — Pr(i,¢,found)] - (K + N — 1).
This allows us to state with reasonable accuracy that the

segments coincide approximately between samples 5800 dimlis the average number of comparisons will be upper
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Fig. 2. Example indicating how the boundaries of an object can be calculated once two or more copies have been found. Overlay of the first and second
instance of the object once they have been aligned. The points where the two streams diverge at the beginning and end are the endpoints of the object.

bounded by

K-1 b N
Z pi-(Pr(i,t, found)- K /2+[1—Pr(i, t, found)]- (K + N —1)). /

=0
1)

A tighter bound is derived in [3]. As shown on Figure 1-
Pr(i,t,found) tends to one for increasing time; hence, the
average number of comparisons tendgst¢2. That is, asthe =~ =~ = ==~ 7 7 7 77 T T e 0
RO library _ﬂ"S most Ob_JeCtS are found from the library an('iiig. 4. The Seattle pop radio station KNDD FM 107.7 analyzed for a period
the necessity of searching the buffer becomes rarer and rases days. (a) Number of unique ROs found as a function of time. Many
This is shown in Figure 3 (a). Recall from Section Il that thabijects are found initially, but the rate slows as fewer objects remain to be

lexi f hi fok bi l in th found. (b) Number of times that unique ROs were played in stream. A small
cpmp exity 0. searching _0 nown 0_ jects was linear _m the number of popular objects are played very frequently and the stream is very
size of the libraryK, while searching forunknownobjects repetitive.
was linear in the size of the buffe¥. Now we have shown
that the complexity is initially proportional t&V, but quickly o _
converges tds /2. Thus, for repetitive streams, the complexitygraph of play frequencies is quite peaked: a small number of
of identifying unknownrepeating objects converges to th@opular objects are played very often, with a larger number
complexity of identifying a collection ofknown repeating Of objects being played relatively infrequently.
objects.
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