Introduction
Observation: Social multimedia dataset contains

(1) images, (2) text information like title, description,
comments, and (3) other meta information like user
information, image gallery, uploder-defined groups, and
links between shared contents.
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According to Wikipedia this is the 9th best
accelerating production car in the world,
behind the Ariel Atom.

My wife and I took the dog out
to run around on the highway.

Ground truth: animal, dogs,
female, people, structures

Intuition: We hypothesize that using social media
context jointly with pixel information should improve the
state-of-the-art in image labeling

Goal: We seek to understand the relative contribution of
pixels, text and other information in predicting image
labels.

Ground truth:car, indoor, structure,
transport.
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Competing Algorithms

[McAuley-CRF] J. J. McAuley and J. Leskovec. Image
labeling on a network:Using social-network metadata for
image classification. In ECCV, 2012.

[Jhon-NCNN] J. Johnson et al. Love thy neighbors:
Image annotation by exploiting image metadata. In
_ 1CCV 2015.
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Deep Neural Networks In Fully Connected CRF For Image Labeling With Social Network Metadata

Proposed Approach
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Effectiveness of metatdata
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Compare with the state-of-the-art approches

AP REC PRE ACC

CNN¢ezt [15] 27.97 25.39 3276 8247
AlexNet;,q [17] 62.54 76.30 40.25 74.56
VGG-19;m,4 [27] 73.50 77.38 55.73 88.71
ResNet-152;,,,4 [9] 71.59 76.54 52.82 87.62
DenseNet-201;,,, [10] | 63.26 72.55 42.93 85.06
McAuley-CRF [21] 54.73 40.75 59.44 83.1
John-NCNN,,, [12] | 73.78 61.18 79.01 92.57
John-NCNN,.., [12] | 72.90 50.59 81.39 91.87
DCRF;;,-BCE 74.13 92.66 85.86 92.50
DCRF,44-RLoss 7429 93,12 88.18 92.61
DCRF, ,,-BCE+RLoss | 74.36  99.20 88.66 92.78
DCREF,..s-BCE 74.05 91.52 74.69 91.74
DCRF,..s-RLoss 74.09 9438 77.59 91.93
DCREF,..,-BCE+RLoss | 74.26 99.49 83.21 92.77

Visualization
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Conclusion and future work

We propose a novel deep fully connected CRF based
framework with a joint end-to-end CNN-RNN formulation
for image labeling which combines the strengths of both
CNNs and RNNs.

Our future work includes investigating more effective
meta information, and improving the efficiency of the
current DCRF framework to handle more complicated
real-world application problems.
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