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Fig. 2. Comparison of co-training with supervised classifiers on the Desert-Trees
dataset. Co-training performs the best, converging with late-fusion for larger amounts
of labeled data.
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(a) Co-training v. Semi-Sup EM

 76

 78

 80

 82

 84

 86

 88

 90

 92

 94

 96

 0  20  40  60  80  100

C
la

ss
ifi

ca
tio

n 
A

cc
ur

ac
y

Percentage of Labeled Training Examples

Co-training
TSVM Early Fusion
TSVM Late Fusion
TSVM Image View

TSVM Text View

(b) Co-training v. TSVM

Fig. 3. Comparison of co-training with other semi-supervised techniques on the Desert-
Trees captioned images dataset. Co-training outperforms all other methods.

dimensional data in practice. The results show that co-training is more accurate
than a supervised SVM using unimodal data and early fusion of multi-modal
data, with statistically significant differences at all points on the learning curve.
With respect to the individual views, except at the start of the learning curve,
the text view performs better than the image view. This is reasonable given that
the image cues are often more indirect than the text features. The much smaller
number of features in the image view allows it to do a bit better than the text
view when training data is extremely limited. Both early and late fusion perform
better than the unimodal classifiers since they exploit both views. Co-training is
more accurate than late fusion, except for later in the learning curve where they
converge. Once all the data is labeled (the last point on the learning curve), co-
training and late-fusion are exactly the same since co-training has no unlabeled
data to exploit.

Comparison of Co-training to other Semi-Supervised Methods. Many evalua-
tions of semi-supervised learning only show that the proposed method performs
better than supervised learning but do not compare to other semi-supervised
methods [6, 19, 30]. Here we present results comparing co-training with two other



well-known semi-supervised techniques: Semi-supervised EM [26] and transduc-
tive SVMs [19]. Results are shown in Figures 3(a) and 3(b).

Figure 3(a) shows that co-training with SVM as the base classifier outper-
forms Semi-Sup EM irrespective of the view it considers, with statistically sig-
nificant differences across the learning curve.

In order to compare with transductive SVM, we have used SVMlight [19], with
an RBF kernel (γ=0.01) and default values for all other parameters. The figure
shows that co-training performs better than transductive SVM irrespective of
the view it considers. The difference in accuracy is statistically significant across
the learning curve, except when compared to TSVM using late fusion. When
compared to TSVM using late fusion, the difference is statistically significant
when 40% or less of the training data is labeled.

Our results are consistent with previous results on text data showing that in
domains with two independent and sufficient views, co-training is more effective
than Semi-Sup EM [27]. By directly exploiting the redundant nature of the
visual and linguistic information, our results indicate that co-training can classify
captioned images more accurately than than other semi-supervised methods.

5.2 Learning to Recognize Actions from Commentated Videos

Next we report results using our co-training approach to learn human action
categories from commentated videos of athletic events.

Dataset For this experiment, we collected video clips of soccer and ice skating.
One set of video clips is from the DVD titled ‘1998 Olympic Winter Games:
Figure Skating Exhibition Highlights’, which contains highlights of the figure
skating competition at the 1998 Nagano Olympics. Another set of video clips is
on soccer playing, acquired either from the DVD titled ’Strictly Soccer Individual
Skills’ or downloaded from YouTube. These videos mostly concentrate on the
player in the middle of the screen and usually the motions are repeated several
times with different viewpoints. The soccer clips are mainly about soccer specific
actions such as kicking and dribbling. There is significant variation in the size
of the person across the clips.

The video clips are resized to 240x360 resolution and then manually divided
into short clips. The clip length varies from 20 to 120 frames, though most are
between 20 and 40 frames. While segmenting activities in video is itself a dif-
ficult problem, in this work we specifically focus on classifying pre-segmented
clips. The clips are labeled according to one of four categories: kicking, drib-
bling, spinning and dancing. The first two are soccer activities and the last two
are skating activities. The number of clips in each category are, dancing: 59,
spinning: 47, dribbling: 55 and kicking: 60. Example frames from each class with
detected motion features and their captions are shown in Figure 4. The illus-
trated features are useful in discriminating between the classes and few features
are detected in the background. We used k=200 in the k-means algorithm to
create the vocabulary of video features (see Section 3.1).



(a) Dancing: Her last spin is going to make her win.

(b) Spinning: A female skating player is revolving in the current position many times, with
her posture changing over time.

(c) Kicking: Jim uses stretches his arms outside to balance him and let goes a ferocious
drive.

(d) Dribbling: The kid keeps the ball in check by juggling it with his legs.

Fig. 4. Randomly selected consecutive frames of video with detected spatio-temporal
interest points. Interest points are displayed as yellow circles around the detected
points. One clip per each class of dancing, spinning, kicking, and dribbling is shown
above. In addition, the text commentary is also shown below each clip.

As the video clips were not originally captioned, we recruited two colleagues
unaware of the goals of the project to supply the commentary for the soccer
videos. The skating commentary was provided by two of the authors. Additional
sample captions are shown in Figure 5. The total number of textual features is
381 for this dataset.

Results and Discussion In Figure 6 (a), we compare co-training with a su-
pervised SVM using unimodal views and early/late fusion of multi-modal views.
Co-training performs better than all other methods early in the learning curve.



Spin:
That was a very nice forward camel
Well I remember her performance last time
After gliding, she just starts to make many revolutions while maintaining her current
position with her head back.
Her angular movement seems so dizzy because he spins round with her head up and down
and also the movement is so fast.
Elizabeth is able to clear this one
Her beautiful performance of revolving herself makes the entire audience impressed due
to her perfect posture.
Dancing:
Wow those were some great steps
He has some delicate hand movement
She gave a small jump while gliding
He does slight spins and tries to express bird’s motion by dancing like it and goes forward
very fast.
The crowd is cheering him a lot
She is drawing a big circle with her arms very fast while moving her body backward and
shows lightweightness.
Kick:
His balance is a bit shaky but he manages to execute the kick in the end.
He runs in to chip the ball with his right foot.
He runs in to take the instep drive and executes it well.
He plants his ankle level with the ball and swings though to get the kick and makes sure
he has his eyes on the ball all the time.
He come from behind and hits the rolling ball with power just as it rolls in front of him.
He runs behind the ball and has to stretch himself to kick the ball with the inside of his
toes.
Dribbling:
Again the striker turns around effortlessly and kicks the ball away from the defender
making it look too easy.
At fast speed as the ball is juggled between the legs it becomes difficult to control it.
The small kid pushes the ball ahead with his tiny kicks.
He does the scissors over the ball quickly to move the ball ahead.
He takes the ball with him by alternately pushing the ball forward and swinging the leg
over it and using the other leg to distract the defender.
Ran uses the combination of right leg scissor and roll to take the ball ahead

Fig. 5. Captions of some video clips in the four classes
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Fig. 6. (a) Comparison of co-training with early fusion, late fusion, motion view and
text view on the commentated video dataset. Co-training performs better when only
a small fraction of labeled data is available. (b) Co-training compared with supervised
learning when text commentary is not available during testing. Co-training performs
better when few labeled examples are available.

This demonstrates that utilizing unlabeled data and multi-modal views improves
accuracy when supervised data is limited, a valuable advantage. Both co-training
and late fusion exploit both views of the dataset, but co-training outperforms
late fusion since it also uses the unlabeled data to improve accuracy. It is inter-
esting that early fusion actually performs worse than supervised learning using
the text view; we attribute this to the higher-dimensional feature vector, which
increases the complexity of learning and impairs generalization.

In many real-life situations, we may not have textual commentary on the
novel test videos that we wish to classify. However, even in cases where com-
mentary is not available at test-time, we would still like to benefit from the
commentary that was available during training. Therefore, we also examine the
case where text is unavailable during testing and an instance must be classified
using only video input. Figure 6(b) compares co-training using only the motion
view during testing with a supervised SVM using the motion view. In this case,
co-training performs better than SVM when only a few labeled examples are
available. We also evaluated an analogous situation with the image dataset, but
in that case results were comparable to a supervised SVM. All the results are
statistically significant until 30% of the data is labeled.

6 Future Work

The image test corpus used in the current experiments is fairly small and re-
quires only binary classification. We would like to test multi-modal co-training



on a larger multi-class corpus of captioned images. We would also like to ex-
tend our approach to images that do not have explicit text captions but are
surrounded by related text. In particular, images on the web rarely come with
explicit captions; however, it is natural to use surrounding text productively to
find relevant images. By automatically extracting the appropriate surrounding
text as a “pseudo-caption,” multi-modal co-training could be used to improve
the classification of web images. The video commentary in our experiments was
added specifically for this project, although we strove to make it natural. In
the future, we hope to expand our results to include video with existing closed-
captioned commentary and automate the segmentation of video into clips.

7 Conclusion

Recognizing scenes in images and actions in videos are important, challenging
problems. We have proposed a solution that uses co-training to exploit both
visual and textual features from labeled and unlabeled data to improve classifi-
cation accuracy. Our results show that such multi-modal co-training can outper-
form several other standard learning algorithms. By exploiting the redundant
information inherent in images or videos and their textual descriptions, we have
shown that the amount of supervision required to accurately classify images and
videos can be significantly reduced.
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