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Exploiting Web Images for Event Recognition in Consumer
Videos: A Multiple Source Domain Adaptation Approach

Contributions

We present a new method called Domain
Selection Machine (DSM) to take advantage of
abundant freely available web images for event
recognition in consumer videos.

DSM automatically selects the most relevant
source domains with our newly introduced
data-dependent regularizer.

We integrate different types of features (i.e.,
SIFT features from images and space-time
features from videos) from different domains by
using our proposed target decision function.

Background

Event recognition in consumer videos is
important in video indexing and retrieval, but it
is also very challenging due to unconstrained
camera motion and large intra-class variations.

The recent work [Ref 1] developed an event
recognition approach by using web videos from
YouTube. We also observe that there are much
more web images from different sources.

We only have few or even no labeled consumer
videos for training. Data distributions from the
consumer video domain and web image
domain are different.
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Figure 1. Illustration of our proposed method Domain Selection
Machine (DSM) for event recognition in consumer videos.

Regularizer for source domain selection

D=5, 2, (6D - D)

s-th source domain
fT: target classifier
f*: pre-learned source classifier

ds € {0,1} is a domain selection indicator for the

Integrating SIFT and ST features in the target
classifier

f&) = fan(X) + f3p(X)
dsBsf*(x) + Ww'o(x) + b
1

S=

s fop(x) =Y5_, d.Bsf5(x) based on SIFT features
« fop(X) = W @(x) + b based on ST features

Formulation of DSM
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We solve the optimization problem by iteratively
updating {w, b, 8,f7} and d.

Experiments

Datasets

Kodak [Ref 1]: 195 consumer videos
YouTube: 561 consumer videos
CCV [Ref 2]: 2726 consumer videos
Results

\ [[SVMA [ DASVM | Muli-KMM | DAM | CP-MDA | DSMyi | DSM_|
[MAP | 27050 | 25.68% | 24.220 | 27.66% | 2441% | 33.61% | 3546% |

Table 2. Mean Average Precisions (MAPs) of all methods on the YouTube dataset.
[ [ SVM_A [ DASVM | Multi-KMM | DAM [ CP-MDA [ DSMyn [ DSM |
[MAP [ 31.17% | 2940% | 31.98% | 3258% | 3027% | 33.75% | 35.26% |
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Figure 2. Per-cvent Average Precisions (APs) of all methods on Figure 3. Per-event Average Precisions (APs) of all methods on
the Kodak dataset. the YouTube dataset.
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Table 3. Mean Average Precisions (MAPs) of all methods on the CCV dataset.
[ SVM_A [ DASVM | Multi-KMM | DAM [ CP-MDA | DSM,;, | DSM_|
[[MAP [ 17.14% | 18.38% 19.77% 1701% | 1749% | 17.80% | 21.76% |

wSVM_A wDASVM = Mult-KMM wDAM wCP-MDA = DSMsim mDSM
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Figure 4. Per-event Average Precisions (APs) of all methods on
the CCV dataset.
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