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ABSTRACT
Concept detection is probably the most important research
problem in the area of multimedia. The need to model with
sufficient and diverse training instances, however, makes the
task computationally and resourcefully expensive. Meanwhile, the popularity of social media has generated massive
amount of weakly tagged images which could be leveraged
for concept model learning. Therefore, in this paper, we consider exploring weakly tagged Web images to shed some light
on video concept detection. Particularly, two sets of Web images downloaded from Flickr are utilized as training data for
concept detection on two real-world large-scale video datasets
released by TRECVID. Our experiments are conducted under
different settings with and without transfer learning. The results indicate that Web images are helpful in the case of few
available training instances in video domain, which is a common case of many real-world applications.
Index Terms— Video concept detection, domain transfer,
Web image.
1. INTRODUCTION
Concept detection has been, and continues to be, one of the
most heavily investigated topics in the fields of computer vision and machine learning. Fundamentally, visual concept
detection is a classification task, aiming at building concept
classifier to determine the relevance of image/video shot to a
given semantic concept. Recently, some achievements have
been made and exciting results have been reported in literature. For example, various datasets (e.g., ImageNet [1])
with expert labeled training instances have been released for
classifier learning, and scalable learning methods (e.g., Linear SVM [2]) combining with advanced visual features (e.g.,
LLC on dense sampled SIFT feature [3]) have generated
performance comparable to more computationally expensive
approaches (e.g., kernel SVM). Nevertheless, given a new
dataset, researchers prefer to perform “intensive manual labeling” and then train classifiers based on the collected examples. However, the manual annotation is extremely expenThis work was supported in part by two grants from the National Natural Science Foundation of China (#61272290 and #61228205).
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Fig. 1. Examples of some concepts from image and video
domains: (a) video shots from TRECVID 2011 datasets, and
(b) Web images from Flickr

sive for the domain where concepts have large variance of
visual appearance. For instance, TRECVID 2012 dataset [4],
one of the largest video datasets for concept detection, contains 403,800 shots manually annotated for 346 concepts by
around 40 research teams annually from 2010 to 2012. However, there are still 120 concepts which have less than 200
positive instances. For some complex concepts, such as “Person Drops An Object” and “Exiting A Vehicle”, less than 50
instances are provided.
On the other hand, with the proliferation of social media
websites, it is a natural way to automatically collect training
instances from Web. However, sampling training instances
from Web videos is challenging due to the following reasons.
Firstly, Web videos are generated from different sources with
different forms. As showed in Figure 1(a), “dancing” may appear in music videos or consumer videos. As a result, videos
of the same concepts exhibit dissimilar visual appearances.
Secondly, video is a sequence of frames with large content
variance, and many tags only describe part of the video content. There is no temporal indication on when the tags actually appear. How to assign the tags to shot-level segments of a
video is still an open issue. Finally, the tags provided by users
are often sparse. According to [5], a video from YouTube only
has nine tags in general. In contrast, Web images are associ-

ated with rich tags implying the semantics of visual content.
Thus sampling Web images is more applicable, and many efforts have been devoted to this direction.
Inspired by the success of concept learning on Web images [6], it is straightforward by generalizing the learnt models to Web videos. Many previous experiences have also
shown that by directly utilizing the models will not generate satisfactory performance due to the domain shift problem. While there are several techniques being proposed for
addressing the challenges of cross-domain learning, the effectiveness is limited to some specific scenarios, such as crossdataset within image domain [7], model transfer across different TV channels within news video domain [8, 9]. However,
as showed in Figure 1, transfer learning from Web images to
Web videos is much more challenging and rarely studied.
In this paper, we focus on this specific and important
cross-domain learning problem. Particularly, we study the
following issues:
• What the performance gap is by directly using the models learnt on Web images to Web videos. Which kind
of image classifiers is more useful for this cross domain
problem?
• Is it necessary to reuse the Web images when training
instances are available in video domain?
• In what situation the models learnt on Web images are
helpful for video concept detection? We give empirical
insights on the impact of several factors towards transfer learning.
2. RELATED WORKS

Pseudo training instances are incrementally collected by labeling a set of examples selected from target domain. Then,
cross-domain adaptive model is trained based on the Tradaboost [13] method using the training data both in source and
target domains.
3. CROSS-DOMAIN LEARNING METHOD
As stated in [14], many machine learning algorithms have
been upgraded to handle the cross-domain problem. In this
paper, we study two popular methods, Adaptive SVM (ASVM) [8] and TradaBoost [13], which are modified from
two widely used supervised learning strategies SVM and Adaboost respectively.
3.1. Model level transfer learning: Adaptive-SVM
Adaptive-SVM [8] (A-SVM) is a model level method. We
adopt A-SVM for the experiments due to its simplicity and capability of generating compatible performance as more computationally expensive approaches such as DTSVM [9]. ASVM basically adjusts the decision boundary of classifier
learnt from source domain by seeking some additional vectors from the training instances in target domain. Normally
there are few new training samples, thus the model learning
will be efficient.
Formally, A-SVM learns a “delta function” ∆f (x) based
on the new examples, and adapts the original SVM model
f ′ (x) as follows:
f (x) = f ′ (x) + ∆f (x) = f ′ (x) + W T ϕ(x)

(1)

where parameters W are estimated by solving following objective function:
∑
1
∥ W ∥2 +C
ξj
2
j=1
M

A mutual solution of concept learning adopts supervised
learning method (e.g., SVMs) with bag-of-visual-words
(BoW) representation. Many high-performance systems [10]
on various benchmarks rely on this framework. A critical step
is the acquisition of large amount of training data, which involves intensive human labeling efforts.
Instead of annotating instances and rebuilding models for
each dataset, transfer learning, which addresses the issue of
concept detection cross different domains, has received increasing attention. For example, Yang et al. proposed Adaptive SVM (A-SVM) [8] as a general method for adapting an
existing classifier to the data in the target domain. Similar in
spirit, in [11], a new decision boundary is learnt by jointly
considering target data and support vectors in the classifiers
from source domain. In specific, the support vectors which
are visually similar to target data are involved in learning
classifier at target domain. In [9], Domain Transfer SVM
(DTSVM) was proposed by jointly minimizing the structural risk function of SVM and the distribution mismatch.
In [12], transfer learning is conducted in a interactive way.

min
W

s.t.

ξj ≥ 0
yj f ′ (xj ) + yj W T ϕ(xj ) ≥ 1 − ξj ,

∀(xj , yj ) ∈ T
(2)

∑
where j ξj measures the total classification error of new
decision function f (x) and T = (xj , yj ), j = 1, ..., M is the
training set in target domain.
Equation 2 is similar to that of standard SVM. It optimizes
the trade-off that new decision boundary should be close to
the original one, and meanwhile, the new samples are correctly classified. The factor C controls the impact of original
classifier and new training samples. Larger C means less important the original classifier is.
3.2. Instance level transfer learning: TradaBoost
Adaboost is a popular boosting algorithm which aims to boost
the accuracy of weak learners by adjusting the weights of

training instances and learn a strong classifier accordingly.
TradaBoost [13] is an extension version of Adaboost. Different from A-SVM which keeps the form of the original
model, TradaBoost directly uses training instances in source
domain. This method can be categorized as instance level
transfer learning.
The framework of the TradaBoost learning process is
summarized in Algorithm 1, where Xs and X are instances
from the source and target domain respectively, and Y =
{0, 1} is the corresponding labels. We denote the training data
in source and target domain as Ts = {(xsj , yj )|xsj ∈ Xs }, and
T = {(xj , yj )|xj ∈ X} respectively. The sizes of Ts and
T are n and m. Thus the overall training data set is T ′ =
{(xs1 , y1 ), . . . , (xsn , yn ), (xn+1 , yn+1 ), . . . , (xn+m , yn+m )}.
Similar to Adaboost, the core mechanism of TradaBoost
is to iteratively adjust the weights of the training instances.
However, the update strategies for source domain and target domain data are different. As showed in step 5 of Algorithm 1, the weights of source domain data will decrease
in order to weaken their impacts when they are wrongly predicted by the learned model. On the other hand, for the target
domain data, the misclassified instances will be emphasized
by increasing their weights. Note that the error is only calculated on the target domain.
4. EMPIRICAL STUDY
In this section, we conduct an empirical study on transfer
learning from Web images to Web videos. The affect of training data in both source and target domains towards transfer
learning is considered. We first investigate two realistic cases:
1) no instance and 2) sufficient instances in video domain.
Then several factors are analyzed in detail by stimulating various transfer learning scenarios.
4.1. Data, feature representation and evaluation criteria
Target domain used in this paper is the two most recently
released TRECVID 2011 and TRECVID 2012 datasets [4],
which contain 137,327 and 145,634 shots for testing respectively. They provided ground-truth for 346 concepts, among
which 50 and 46 concepts being evaluated by TRECVID in
2011 and 2012 respectively. The evaluated concepts, training
and testing sets are updated annually.
For the source domain data, among the released manually
annotated image datasets, few concepts are overlapped with
these in TRECVID. For example, in ImageNet, a large Web
image dataset, there are only 21 concepts matched with the 50
evaluated concepts of TRECVID 2011. Thus we build a new
image dataset crawled from Flickr using method proposed in
[6] which has been successfully used in image concept detection. In specific, we adopt semantic field method (SF in [6]) to
sample 1000 Web images for each target concept. In addition,
using semantic pooling method (SP), the training set is further

Algorithm 1 TradaBoost
Input:
⋆ Source domain training data set Ts and target domain training data set T .
⋆ The maximum number of iterations N .
Initialization:
⋆ Initialize equal value for each weight in weight vector
1
w1 = (w11 , . . . , wn+m
).
For t = 1, . . . , N
1. Set the/
distribution of training samples as:
n+m
∑ t
pt = wt
wj
j=1

2. Build classifier Ct with distribution pt on both the
source data set Ts and target data set T . Then, get back
a hypothesis ft (x) ∈ [0, 1] for each training instance by
confidence computed using Ct .
3. Calculate the error of ft on target domain T :
n+m
∑ wjt ·|ft (xj )−yj |
∑n+m
εt =
t
j=n+1 wj
j=n+1
/
√
4. Set βt = εt /(1 − εt ) and β = 1 (1 + 2ln n/N ).
Note that εt is less than 1/2, otherwise adjust weight vector
wt and return to step 1.
5. Update
vector:
{the new weight
s
t |ft (xj )−yj |
wj β
,1 ≤ j ≤ n
wjt+1 =
−|f (x )−y |
wjt βt t j j , n + 1 ≤ j ≤ n + m
Output {
∏N
∏N
−1/2
−f (x)
1, t=⌈N /2⌉ βt t ≥ t=⌈N /2⌉ βt
f (x) =
0, otherwise

enriched by pooling 1000 instances from the semantic related
concepts in the hierarchy. However, among the 346 concepts,
126 concepts are not included in WordNet and 38 concepts are
leaf nodes in WordNet. Therefore, semantic pooling does not
work well on these concepts. In this case, we simply crawl
additional 1,000 images using semantic field method. As a
result, SP includes more training instances either by pooling
from ontological related concepts or by querying more images
from Web. In total, we generate 17,716 queries, and around
730,000 images are crawled from Flickr.
Each image or keyframe is represented by Bag-of-visualwords (BoW) derived from local keypoint features, gridbased color moments (CM) and grid-based wavelet texture
(WT). For BoW, we adopt two keypoint detectors, DoG and
Hessian Affine, and spatial partitions at three levels (1 × 1,
2 × 2 and 3 × 1). One BoW feature is extracted for each
partition. Overall, there are three kinds of BoW features and
two global features which are further used for model learning. Given a testing keyframe, the classifiers are applied on
the corresponding feature representations, and the raw outputs are converted to posterior probabilities which are fused
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Fig. 2. Transfer learning performance comparison on TRECVID 2011. Source domain is Web images sampled using SF, and
all the target domain instances (TRECVID 2011) are used in A-SVM and TradaBoost. The results of A-SVM and TradaBoost
are A-SVM-SF and Trad-SF respectively.

Table 1. Performance comparison on TRECVID 2011 and
TRECVID 2012 by using classifiers learnt on two sets of Web
images sampled using SF and SP method respectively. The
results of classifiers using within domain training data (TV11
or TV12) are also listed here. The performance is measured
over all evaluated concepts by MinfAP.
Target Dataset
TV11 / TV12
SF
SP
TRECVID 2011
0.124
0.018
0.023
TRECVID 2012
0.180
0.027
0.048

as the final detection score.
Following the TRECVID evaluation, the infAP is computed over the top 2,000 ranked shots according to the final
detection scores. The infAP is an approximation of the conventional average precision (AP). We further use mean infAP
(MinfAP) to evaluate the performance over multiple concepts.
4.2. Concept learning without training data from video
domain
We first consider a realistic case: there is no training data
in target domain. Without domain adaptation, the classifiers learnt on Web images are directly adopted on TRECVID
videos.
The results are listed in Table 1, where the performance of
classifiers learnt within target domain (TV11 / TV12) is also
shown. We observe that SP, learnt on more diverse training instances, achieves much better results over SF on the two video
datasets. In TRECVID 2011, among the tested 50 concepts,
SP improves the performances of 34 concepts. In addition, in
TRECVID 2012, the improvement is consistently observed
on 36 out of the 46 tested concepts. In other words, larger

and more diverse training set from source domain is helpful especially for the concepts which have homogeneous visual representations (e.g., Bridges and Female-Person). However, there is a large performance gap between SP and TV11
/ TV12 where classifiers are learnt within video domain. The
major reason is the well known domain shift problem. Firstly,
some concepts in TRECVID are video domain specific, such
as “Speaking-to-Camera” and “Studio-With-Anchorperson”
which rarely appear in image domain. Secondly, the visual
appearance of some concepts is domain dependent, such as
the concept “Dancing” in Figure 1. TRECVID data includes
movie, music video and homemade video, while Web images
of “Dancing” are mostly taken at theater or party. Finally,Web
images and Web videos are from different sources, and thus
have variant visual content and different production qualities.
4.3. Transfer learning with training instances from target
domain
Due to the shift of data distribution, models learnt on Web images perform poorly on Web video datasets. To address this
problem, with a few training instances from target domain, we
employ two cross-domain learning algorithms, A-SVM and
TradaBoost, described in section 3. In this experiment, all the
training data of TRECVID 2011 are used. The source domain
data consists of Web images sampled using SF. The results of
A-SVM and TradaBoost are denoted as A-SVM-SF and TradSF respectively. Figure 2 details the infAP of 50 evaluated
concepts. On one hand, the data distribution of target domain
is captured by the two transfer learning methods, and thus
A-SVM-SF and Trad-SF achieve significant performance improvements over SF. This can be consistently observed over
the evaluated concepts. On the other hand, the overall performance of TV11 classifiers solely learnt on target domain data
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Fig. 3. Comparison between transferring existing models
(A-SVM-SF and A-SVM-SP), and rebuilding a new model
(TV12) with the increase of positive training instances from
target domain (TRECVID 2012).

is the best. This is expected since there are plenty of training
instances (more than 1000 in average) in TV11. The learnt
classifiers (TV11) are more stable in the target domain. In this
case, the knowledge from source domain (classifiers or training data) is less useful, and even hurts the concept detection
performance. For example, while concepts “Female Person”
and “Male Person” have small domain gap, both A-SVM-SF
and Trad-SF are worse than TV11 classifiers which are learnt
with more than 4000 positive instances from video domain.
For concept “Dancing” which only has 870 positive instances
in target domain, performance of A-SVM-SF is able to approach that of TV11. Furthermore, for some concepts without sufficient training data such as “Cheering” (346 positive
instances) and “Flower” (516 positive instances), A-SVMSF performs better than TV11. Thus the number of training instances in target domain is the major factor that determines the necessity of source domain knowledge. However,
for concept “Sky” which has homogeneous visual representation cross different domains, source domain knowledge is still
helpful when more than 4000 training instances are available
in target domain. This indicates that other factors may affect
the transfer learning performance.
4.4. Impact of training set size
The performance of source domain classifiers can be boosted
significantly using transfer learning techniques. However, it
seems unnecessary to do so when sufficient training instances
are available in target domain. A valid question is whether
there is a threshold that when the number of training samples
exceed, rebuilding a new classifier will get a better performance. To answer this question, we give a comprehensive
study by using various numbers of training instances in target
domain. Based on the experiment results, we perform “crossover point” analysis [15]. The cross-over point refers to a
break even point where re-trained classifier starts to surplus
the performance of transfer learning. The analysis aims to re-

veal the trend on how many positive examples are required
from target domain such that source domain knowledge is
not helpful anymore, and re-training of classifier is preferable. Particulary, we consider the affect of following three
factors: 1) number of positive training samples (TS), 2) data
distribution mismatch (DM) and 3) concept category (CC).
We select A-SVM as the transfer learning method due to
its simplicity and effectiveness. Two kinds of classifiers (SF
and SP) learnt in section 4.2 are used as source domain data.
Positive training instances of target domain are randomly selected from TRECVID 2012 training set for each tested concept. The results of A-SVM using SF and SP classifiers are
denoted as A-SVM-SF and A-SVM-SP respectively.
Figure 3 shows the trend of performance on average with
increasing number of positive training samples (10, 20, 30,
50 and 100). We observe that A-SVM-SP achieves better performance than A-SVM-SF under all the settings. The reason
is that models learnt on a larger and diverse training set have
higher chance to narrow down the gap between the source and
target domains. Thus SP improves the SF in both cases of utilizing the models on target domain with and without (results
in section 4.2) transfer learning. Moreover, overall result of
A-SVM-SF is better than TV12 when there are less than 20
positive instances in target domain, and A-SVM-SP improves
the TV12 until 50 instances are used. In other words, crossover point of SP is observed later than that of SF. In addition,
22 out of 46 tested concepts benefit from the source domain
classifiers using either SF or SP even when 100 instances are
available in video domain. The result basically indicates that,
when insufficient training instances are available in video domain, video concept detection can benefit from the knowledge
of Web images. However, the performance is affected by both
source domain classifiers and target domain instances.
The different performances cross concepts are due to the
different degrees of data distribution mismatch (DM). When
the source and target domains share similar data distribution,
the performance of transfer learning is expected to be better. To investigate the affect of DM, we split the 46 concepts
into two groups based on the degree of data mismatch which
is measured by Maximum Mean Discrepancy (MMD) [16].
MMD is based on the distance between sample means of two
distributions in a Reproducing Kernel Hilbert Space. Small
MMD value indicates close data distribution and low degree
of mismatch. The results of the two groups are showed in
Figure 4. Basically cross-over point for concepts with low
degree of mismatch (around 100) is observed much later than
that of high degree of mismatch (before 20). Furthermore, the
domain gap of concepts with high degree of data mismatch
is harder to be narrowed by using more diverse training instances from source domain. Thus the curve of A-SVM-SF is
close to that of A-SVM-SP in Figure 4(b), while A-SVM-SP
is much better than A-SVM-SF for the concepts which have
low degree of data mismatch in Figure 4(a). For factor of CC,
we repeat the same analysis by grouping the concepts into
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knowledge appropriately is an alternative solution to tackle
the training instance lacking problem in video domain.
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