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Abstract videos are often associated with additional information that could be valuable for interpretation of its content. This especially applies for the recognition of faces within

video streams, where often cues such as transcripts and subtitles are available. However, this data is not completely reliable and might be ambiguously labeled. To overcome these
limitations, we propose a new semi supervised multiple instance learning algorithm, where the contribution is twofold. First, we can transfer information on labeled bags of instances,
thus, enabling us to weaken the prerequisite of knowing the label for each instance. Second, we can integrate unlabeled data, given only probabilistic information in form of priors.

Willow, Buffy
Face recognition in videos: Often valuable information, i.e. extracted from
transcript or subtitles, cannot be unambiguously assigned to exactly one
person. Further not all information is completely reliable.

Main Contributions

 Semi-Supervised Multiple Instance Learning (SSMIL)
* Fuses Semi-Supervised Learning (SSL) with
Multiple Instance Learning (MIL)
* Makes use of information cues that are unreliable and/or ambiguous

* Application to Face Recognition in Videos
* Fully autonomous
* Demonstrated on a publicly available benchmark dataset

Semi-Supervised Multiple Instance Learning
Idea: Joint probabilistic loss function that combines SSL and MIL
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Loss over unlabeld bags as deviation of the model from the prior [3]
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Optimization - Gradient Boosting [4]

e Allows to use arbitrary (differentiable) loss function

* Weights of the samples
* derivative of the loss function with respect to the
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current strong classifier output

* Weak classifier
e approximates inverse direction of the gradients
* weight determined by line search

*The work was supported by the FFG projects MDL under the Austrian Security Research Program KIRAS
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Face Recognition from Videos

Evaluation on the , Buffy the Vampire Slayer,, dataset [2]
e 27504 face detections
* 11 named entities, “other” and false positive.
* Task: Label each of the 516 face tracks

How to automatically obtain training data?
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e.g. Buffy tracks

Transcript }[ Video

Augmented Transcript Speaker detection

Dawn puts down her spoon and turns around,
preparing to argue.

00:05:04,253 --> 00:05:06,892 BUFFY: What??

- What? DAWN: Mom. I-I thought you were taking me.

- Mom, I thought you were taking me. JOYCE: Well, honey, I've got the Gurion \ \

[...] showing tonight, and there's so much to do to 4 & ’. * 3o 1 "‘ + . %t 4
00:05:12,013 --> 00:05:14,925 get the gallery ready. (Turns to leave kitchen.) ! | v
No, but, see, Mom,that doesn't [...] BUFFY: No, but, see, Mom --

Buffy and Dawn run after Joyce as she walks to : ( ) (d)
the living room. C .
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Speaker bags

Scene bags ][

“Buffy, Willow are present in the current scene” “Buffy is currently speaking”

Results
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NN is a reimplementation of [2]. Unfortunately it is not possible to directly compare to the numbers of the original as some important data
(speaker detection, clothing descriptors) is not provided

Conclusion

e SSMIL benefits from previously unusable cues (ambiguous and/or not completely reliable)
- Single weak information source suffices to obtain a reasonable performance gain
over existing work!

* Method is easily extendable
- different bag types - appearance descriptors
- information sources
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