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MulBmodal	
  Fusion	
  Algorithm	
  
•  Fusion	
  of	
  different	
  modaliBes	
  at	
  decision	
  level	
  
–  AgnosBc	
  of	
  internal	
  system’s	
  behaviors	
  

•  No	
  limit	
  on	
  the	
  number	
  of	
  systems	
  to	
  be	
  combined	
  
–  provided	
  each	
  system	
  is	
  bejer	
  than	
  random	
  

•  To	
  work	
  opBmally	
  it	
  needs	
  N-­‐best	
  matches	
  from	
  each	
  
system.	
  It	
  returns	
  the	
  best	
  fused	
  matches	
  (N=20)	
  
– Makes	
  use	
  of	
  the	
  individual	
  scores	
  and	
  the	
  rank	
  within	
  
each	
  modality.	
  

Paper	
  on	
  ACM	
  MM	
  2011:	
  “MulBmodal	
  Fusion	
  for	
  Video	
  Copy	
  DetecBon”,	
  Xavier	
  Anguera,	
  	
  
Juan	
  Manuel	
  Barrios,	
  Tomasz	
  Adamek	
  and	
  Nuria	
  Oliver	
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result of the fusion algorithm is a ranked list of the N-best

overall matches, together with their final score. As a side-

product of the algorithm implementation, all resulting scores

are normalized to the range [0,1] to make it easier to later

apply a copy decision threshold, regardless of how many (and

which) modalities have been merged or their initial scores. In

our system we decided to set both Nk and N to be 20. We

are fully aware that making N = 20 we are more prone to

false alarms jeopardizing our final NDCR results (mostly in

the NoFa case) but we believe it is more usable to have 20

ranked results for many different applications.

Fig. 3. Steps involved in the multimodal fusion algorithm.

Figure 3 shows the main blocks that can form the proposed

multimodal fusion algorithm. The input of the algorithm can

be any number of individual system outputs, although in Fig-

ure 3 we just show two for convenience and space limitations.

Next we describe in detail each of the steps involved in the

fusion.

A. Scores Preprocessing and Normalization

The inputs to the algorithm are the lists of Nk-best reference

video matches from the available K input modalities for a

given query, ordered by their matching score Sk(r)
|r�{1 . . . Nk}, k�{1 . . .K}. Note that the dynamic range and

the distribution of scores for every modality will usually be

different. In order to avoid problems in the subsequent steps

we perform a simple scores normalization dividing each score

by the median score of the scores for all queries in a given

modality. Although we could do much more complicated

normalizations (e.g. normalizing the scores distributions) we

found the median score to be a good trade off between

simplicity and correctness of results.

In the next step we introduce a flooring factor α. In the

case that any of the input modalities was not able to return the

same number of matches as the other modalities (i.e. Nk < N )

it causes a potential problem as the following normalization

steps would artificially emphasize these modalities more than

the others. To void this problem we apply a preprocessing step,

that we call N -best match flooring, which consists of forcing

all modalities to have N results by extending the number of

results to this number, with α score. This flooring has two

functionalities: on the first hand it acts as a normalization

threshold for the scores when applying the normalization step

that follows. On the other hand it is a simple way to deal with

those modalities that do not provide any result, i.e. their N -

best results are all at score α, thus penalizing the final score

of any other results from other modalities.

Next, the matching scores of each modality k, S�
k(r), are

independently L1-normalized in order to make them com-

parable with each other. For each score in modality k we

normalize it as Ŝk(r) =
S�
k(r)�N

j=1 S�
k(r)

. Note that the underlying

distribution of scores within each modality remains intact with

such normalization. For example, if one or a few scores show

much higher values than the rest in a particular modality, they

will retain such difference once normalized and will remain

high when compared with other modalities. On the contrary,

when all Nk scores have very similar values, the normalized

scores will be close to
1
Nk

and will not stand out across

modalities. Note also that by using the α flooring we ensure

that modalities with very few (sometimes only one) very low

scores do not turn to be very prominent in the fusion as they

get normalized with the accompanying α values.

B. Fusion of Normalized Scores
After preprocessing all scores we fuse them by considering

their ranking r within each modality, their normalized scores

and the temporal limits.The parameters associated with each

matching segment ck(r) in each of the computed modalities

are: ck(r) = {BQ
k (r), EQ

k (r), BR
k (r), E

R
k (r), Ŝk(r),

Ik(r)}, where BQ
k (r) . . . ER

k (r) are the start-end times of the

matching segments both for query and reference videos, Ŝk(r)
is the matching score and Ik(r) is the ID of the reference video

the segment matches with.

Given all matching segments found in the different modal-

ities, in this step we want to create a set of L fused segments

C = {c1 . . . cL} containing both new segments created from

the overlap of original segments in individual modalities and

the rest of original matching segments that did not overlap

with others. For any two matching segments ck1(r1) and

ck2(r2) (or alternatively between a matching segment and a

partially fused segment) we determine they are in overlap if

Ik1(r1) = Ik2(r2) and

min{EQ
k (r), ER

k (r)}− max{BQ
k (r), BR

k (r)}
max{EQ

k (r), ER
k (r)}− min{BQ

k (r), BR
k (r)}

> 0.5

When two segments are in overlap we fuse their segment

boundaries (both for query and reference) selecting as start

time the minimum between all segments’ start times, and as
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Official	
  evaluaBon	
  results	
  

Profile	
   Min	
  
NDCR	
  

FA	
  count	
   Miss	
  
count	
  

True	
  
posi:ves	
  

Opt	
  F1	
  
score	
  

Audio	
  system	
   BALANCED	
   0.662	
   0.66	
   54.75	
   54.78	
   0.729	
  

MulBmodal	
   BALANCED	
   0.610	
   0.80	
   11.73	
   63.69	
   0.947	
  

Joint	
   BALANCED	
   0.268	
   0.23	
   4.71	
   101.4	
   0.957	
  

OpBmum	
  scores,	
  balanced	
  profile:	
  

Profile	
   Min	
  
NDCR	
  

FA	
  count	
   Miss	
  
count	
  

True	
  
posi:ves	
  

Opt	
  F1	
  
score	
  

Audio	
  system	
   BALANCED	
   0.477	
   0.14	
   55.89	
   72.05	
   0.712	
  

Choosing	
  only	
  1st-­‐best	
  results:	
  	
  



MulB-­‐systems	
  fusion	
  experiment	
  
•  We	
  tested	
  the	
  fusion	
  algorithm	
  with	
  many	
  
system	
  outputs	
  

•  We	
  asked	
  parBcipants	
  in	
  TRECVID	
  2011	
  for	
  their	
  
submijed	
  runs	
  
– 10	
  teams	
  contributed	
  their	
  results:	
  PKU-­‐IDM,	
  CRIM,	
  
INRIA-­‐TEXMEX/LEAR,	
  FT,	
  prisma,	
  ATTLabs,	
  kddi,	
  iupr-­‐
dti,	
  brno,	
  Telefonica	
  Research	
  

–  I	
  used	
  the	
  “Balanced”	
  runs:	
  17	
  runs	
  



Status	
  of	
  the	
  runs	
  

•  The	
  fusion	
  algorithm	
  works	
  opBmally	
  when	
  
Nbest	
  results	
  are	
  available	
  for	
  each	
  fused	
  
output.	
  
– Results	
  for	
  the	
  used	
  systems	
  had	
  (many	
  Bmes)	
  
only	
  1best	
  results,	
  resulBng	
  subopBmal	
  for	
  the	
  
fusion.	
  



Individual	
  results	
  (Min	
  NDCR)	
  

•  Labeled	
  from	
  1	
  to	
  17,	
  to	
  anonymize	
  them.	
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Incremental	
  fusion	
  

•  We	
  incrementally	
  added	
  systems	
  and	
  computed	
  the	
  fusion	
  	
  
•  Systems	
  5	
  and	
  15	
  are	
  the	
  only	
  ones	
  making	
  the	
  fusion	
  worse	
  
•  Final	
  Min_NDCR=0.0333	
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Fusion	
  of	
  all	
  minus	
  1	
  

We	
  obtain	
  an	
  order	
  from	
  worse	
  to	
  best	
  in	
  the	
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  (worse	
  in	
  here	
  is	
  system	
  15)	
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Incremental	
  eliminaBon	
  

•  With	
  only	
  5	
  systems	
  we	
  achieve	
  prejy	
  decent	
  results	
  
•  The	
  best	
  result	
  is	
  0.0195,	
  although	
  this	
  is	
  “cheaBng”	
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Conclusions	
  

•  The	
  fusion	
  algorithm	
  can	
  extract	
  knowledge	
  
and	
  make	
  results	
  bejer	
  
– Even	
  if	
  fusing	
  systems	
  which	
  have	
  weaker	
  NDCR	
  
results,	
  the	
  fusion	
  results	
  in	
  good	
  scores.	
  

•  FUTURE	
  WORK:	
  automaBcally	
  idenBfy	
  which	
  
modaliBes	
  bring	
  novelty.	
  


