108 109 110 111 112 113 114 115 116 117 118 119 120 121 122 123 124 125 126 127 128 129 130 131 132 133 134 135 136 137 138 139 140 141 142 143 144 145 146 147 148 149 150 151 152 153 154 155 156 157 158 159 160 161

162 163 164 165 166 167 168 169 170 171 172 173 174 175 176 177 178 179 180 181 182 183 184 185 186 187 188 189 190 191 192 193 194 195 196 197 198 199 200 201 202 203 204 205 206 207 208 209 210 211 212 213 214 215

CVPR #0195

CVPR #0195

CVPR 2015 Submission #0195. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

fact, this idea was explored in the HEX-graph approach of Deng et al. [8]. However, their method left a key issue unaddressed: where does the graph come from in the first place? The experiments of [8] only used single entity classes and adapted WordNet[26] to heuristically obtain a HEX-graph for the entities. However, there is no such preexisting hierarchical structure for composite classes like actions.

To address this problem, we would like to automatically learn the semantic relations between actions. This cannot be simply circumvented by crowdsourcing. It would be prohibitively expensive to manually annotate relations even between every pair of object-verb-object triplets, leave alone actions. On a more fundamental level, we would also like computers to be able to automatically extract knowledge from data. The main contribution of our work is a new deep learning framework which unifies the two problems of learning action retrieval models and predicting action relationships. To the best of our knowledge, this is the first such attempt for retrieval of human actions.

We leverage two key insights to build our model, along with the known fact that semantic relations help training visual models:

1. Some relations can be deduced from linguistic sources. Automatic relationship prediction in NLP [4, 24] is far from perfect. Nevertheless, linguistic tools such as WordNet still provide valuable cues. As an example, the parent-child relationship between “panda” and “animal” tells us that “Person holding panda” is part-of “Person holding animals”.

2. Relationship between actions like “feeding a panda” and “interacting with a panda” Fig. 1 cannot be captured solely through language. The visual knowledge from the action retrieval models could help us in such examples. Additionally, the logical consistency between actions can also be used to extrapolate new relations from existing ones. If we know “person feeding calf” excludes the action of “person feeding panda”, and “feeding” is a type of “interaction”, then we can infer that “person interacting with panda” is also exclusive of “person feeding calf”.

We train our model on a large-scale dataset of 27425 actions collected by crawling the web for images corresponding to these actions. We show significant improvement compared to a standard recognition model, as well as the HEX-graph based approach from [8]. Additionally, we also provide results for a subset of 2000 actions, whose data is made publicly available.

2. Related work

Semantic hierarchy for vision In the last few years, different works [7, 25, 47, 11, 44, 16, 37, 9, 27, 1, 8] have tried to use preexisting structure between labels to train better models for image classification, and object segmentation [21]. Most related to our work is the recent work from Deng et al. [8], who use DAG relationships and mutual exclusions among entity labels to train better classifiers. All these works achieve a gain in performance, when provided with a fixed semantic hierarchy between labels. Such straightforward semantic relationships are absent for real world human actions. Hence, we automatically discover these relations.

Another line of work shares data between visually similar classes by learning grouping of class labels [31, 23, 22, 38, 3, 30, 17, 29, 45]. These methods typically cluster the labels or organize them in a hierarchical taxonomy based on visual similarity and co-occurrence. However, we learn semantic relationships based on both language and visual information, and we do not restrict ourselves to a hierarchical taxonomy. Building visual knowledge Recently, there has also been a push in works such as [2, 46] to learn visual relationship between entity labels by mining images from the web. In particular, NEIL [2] extracts relationship between objects, attributes and scenes only based on the visual overlap between the corresponding images. They use the extracted relations as additional context for re-scoring objects and scenes. In contrast, we learn relationship between actions by minimizing a joint objective across all actions, and simultaneously learn models for action retrieval. Further, we provide a single neural network architecture to achieve this. Action recognition Action recognition in images has been widely studied in different works such as [42, 15, 28, 41, 32]. They focus on improving performance for a small hand-crafted dataset of mutually exclusive actions such as the PASCAL actions and Stanford 40 actions [10, 43]. Most methods [42, 15, 28] try to improve the detection of objects or poses specific to these datasets, and are not scalable to larger number of actions. More recently, video action recognition [39, 33, 19] models have been quite successful for larger datasets such as UCF-101 [36], and the Sports-1M [19]. At this scale, the datasets are still composed of mutually independent actions such as sports activities. However, we focus on an almost open world setting for actions with rich semantic relationship between the actions. Joint image and text embeddings Another class of work [12, 35, 18] tries to learn models in an open world setting by embedding textual labels, and images in a joint space. They learn a single embedding space, where text and associated images are close to each other. These methods only rely on textual similarity between sentences/words to capture visual similarity. Most of these methods treat sentences without textual overlap such as “drinking coffee” and “holding cup” to be dissimilar. Also, these methods are not constructed to handle asymmetric relations between classes. On the other hand, we explicitly learn asymmetric visual relationship between actions in our dataset. Relationship prediction in NLP Our work also draws inspiration from research in NLP such as entailment[24] and 2

864 865 866 867 868 869 870 871 872 873 874 875 876 877 878 879 880 881 882 883 884 885 886 887 888 889 890 891 892 893 894 895 896 897 898 899 900 901 902 903 904 905 906 907 908 909 910 911 912 913 914 915 916 917

918 919 920 921 922 923 924 925 926 927 928 929 930 931 932 933 934 935 936 937 938 939 940 941 942 943 944 945 946 947 948 949 950 951 952 953 954 955 956 957 958 959 960 961 962 963 964 965 966 967 968 969 970 971

CVPR #0195

CVPR #0195 CVPR 2015 Submission #0195. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

References

[1] T. Chen, F. X. Yu, J. Chen, Y. Cui, Y.-Y. Chen, and S.-F.

Chang. Object-based visual sentiment concept analysis and application. In Proceedings of the ACM International Conference on Multimedia, pages 367–376. ACM, 2014.

[2] X. Chen, A. Shrivastava, and A. Gupta. Neil: Extracting visual knowledge from web data. In Computer Vision (ICCV), 2013 IEEE International Conference on, pages 1409–1416. IEEE, 2013.

[3] J. Choi, M. Rastegari, A. Farhadi, and L. S. Davis. Adding unlabeled samples to categories by learned attributes. In Computer Vision and Pattern Recognition (CVPR), 2013 IEEE Conference on, pages 875–882. IEEE, 2013.

[4] I. Dagan, O. Glickman, and B. Magnini. The pascal recognising textual entailment challenge. In Machine learning challenges., pages 177–190. Springer, 2006.

[5] J. Dean, G. Corrado, R. Monga, K. Chen, M. Devin, M. Mao, A. Senior, P. Tucker, K. Yang, Q. V. Le, et al. Large scale distributed deep networks. In Advances in Neural Information Processing Systems, pages 1223–1231, 2012.

[6] T. Dean, M. A. Ruzon, M. Segal, J. Shlens, S. Vijayanarasimhan, and J. Yagnik. Fast, accurate detection of 100,000 object classes on a single machine. In Computer Vision and Pattern Recognition (CVPR), 2013 IEEE Conference on, pages 1814–1821. IEEE, 2013.

[7] O. Dekel, J. Keshet, and Y. Singer. Large margin hierarchical classification. In Proceedings of the twenty-first international conference on Machine learning, page 27. ACM, 2004.

[8] J. Deng, N. Ding, Y. Jia, A. Frome, K. Murphy, S. Bengio, Y. Li, H. Neven, and H. Adam. Large-scale object classification using label relation graphs. In Computer Vision–ECCV 2014, pages 48–64. Springer, 2014.

[9] J. Deng, J. Krause, A. Berg, and L. Fei-Fei. Hedging your bets: Optimizing accuracy-specificity trade-offs in large scale visual recognition. In IEEE Conference on Computer Vision and Pattern Recognition (CVPR), Providence, RI, USA, June 2012.

[10] M. Everingham, L. Van Gool, C. K. Williams, J. Winn, and A. Zisserman. The pascal visual object classes (voc) challenge. International journal of computer vision, 88(2):303– 338, 2010.

[11] R. Fergus, H. Bernal, Y. Weiss, and A. Torralba. Semantic label sharing for learning with many categories. In Computer Vision–ECCV 2010, pages 762–775. Springer, 2010.

[12] A. Frome, G. S. Corrado, J. Shlens, S. Bengio, J. Dean, T. Mikolov, et al. Devise: A deep visual-semantic embedding model. In Advances in Neural Information Processing Systems, pages 2121–2129, 2013.

[13] S. Guadarrama, N. Krishnamoorthy, G. Malkarnenkar, S. Venugopalan, R. Mooney, T. Darrell, and K. Saenko. Youtube2text: Recognizing and describing arbitrary activities using semantic hierarchies and zero-shot recognition. In Computer Vision (ICCV), 2013 IEEE International Conference on, pages 2712–2719. IEEE, 2013.

[14] G. Guo and A. Lai. A survey on still image based human action recognition. Pattern Recognition, 47(10):3343 – 3361, 2014.

[15] J.-F. Hu, W.-S. Zheng, J. Lai, S. Gong, and T. Xiang. Recognising human-object interaction via exemplar based modelling. In Computer Vision (ICCV), 2013 IEEE International Conference on, pages 3144–3151. IEEE, 2013.

[16] S. J. Hwang, F. Sha, and K. Grauman. Sharing features between objects and their attributes. In Computer Vision and Pattern Recognition (CVPR), 2011 IEEE Conference on, pages 1761–1768. IEEE, 2011.

[17] Y. Jia, J. T. Abbott, J. Austerweil, T. Griffiths, and T. Darrell. Visual concept learning: Combining machine vision and bayesian generalization on concept hierarchies. In Advances in Neural Information Processing Systems, pages 1842–1850, 2013.

[18] A. Karpathy, A. Joulin, and L. Fei-Fei. Deep fragment embeddings for bidirectional image senetence mapping. In Advances in Neural Information Processing Systems, 2014.

[19] A. Karpathy, G. Toderici, S. Shetty, T. Leung, R. Sukthankar, and L. Fei-Fei. Large-scale video classification with convolutional neural networks. In IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2014.

[20] A. Krizhevsky, I. Sutskever, and G. E. Hinton. Imagenet classification with deep convolutional neural networks. In Advances in neural information processing systems, pages 1097–1105, 2012.

[21] D. Kuettel, M. Guillaumin, and V. Ferrari. Segmentation propagation in imagenet. In Computer Vision–ECCV 2012, pages 459–473. Springer, 2012.

[22] C. Li, D. Parikh, and T. Chen. Automatic discovery of groups of objects for scene understanding. In Computer Vision and Pattern Recognition (CVPR), 2012 IEEE Conference on, pages 2735–2742. IEEE, 2012.

[23] J. J. Lim, R. Salakhutdinov, and A. Torralba. Transfer learning by borrowing examples for multiclass object detection. In Neural Information Processing Systems (NIPS), 2011.

[24] B. MacCartney and C. D. Manning. Natural logic for textual inference. In Proceedings of the ACL-PASCAL Workshop on Textual Entailment and Paraphrasing, pages 193–200. Association for Computational Linguistics, 2007.

[25] M. Marszalek and C. Schmid. Semantic hierarchies for visual object recognition. In Computer Vision and Pattern Recognition, 2007. CVPR’07. IEEE Conference on, pages 1–7. IEEE, 2007.

[26] G. A. Miller. Wordnet: a lexical database for english. Communications of the ACM, 38(11):39–41, 1995.

[27] V. Ordonez, J. Deng, Y. Choi, A. C. Berg, and T. L. Berg.

From large scale image categorization to entry-level categories. In Computer Vision (ICCV), 2013 IEEE International Conference on, pages 2768–2775. IEEE, 2013.

[28] A. Prest, C. Schmid, and V. Ferrari. Weakly supervised learning of interactions between humans and objects. Pattern Analysis and Machine Intelligence, IEEE Transactions on, 34(3):601–614, March 2012.

[29] J. Pu, Y.-G. Jiang, J. Wang, and X. Xue. Which looks like which: Exploring inter-class relationships in fine-grained vi-

972 973 974 975 976 977 978 979 980 981 982 983 984 985 986 987 988 989 990 991 992 993 994 995 996 997 998 999 1000 1001 1002 1003 1004 1005 1006 1007 1008 1009 1010 1011 1012 1013 1014 1015 1016 1017 1018 1019 1020 1021 1022 1023 1024 1025

1026 1027 1028 1029 1030 1031 1032 1033 1034 1035 1036 1037 1038 1039 1040 1041 1042 1043 1044 1045 1046 1047 1048 1049 1050 1051 1052 1053 1054 1055 1056 1057 1058 1059 1060 1061 1062 1063 1064 1065 1066 1067 1068 1069 1070 1071 1072 1073 1074 1075 1076 1077 1078 1079

CVPR #0195

CVPR #0195

CVPR 2015 Submission #0195. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

sual categorization. In Computer Vision–ECCV 2014, pages 425–440. Springer, 2014.

[30] V. Ramanathan, P. Liang, and L. Fei-Fei. Video event understanding using natural language descriptions. In International Conference on Computer Vision (ICCV), 2013.

[31] R. Salakhutdinov, A. Torralba, and J. Tenenbaum. Learning to share visual appearance for multiclass object detection. In Computer Vision and Pattern Recognition (CVPR), 2011 IEEE Conference on, pages 1481–1488. IEEE, 2011.

[32] G. Sharma, F. Jurie, and C. Schmid. Discriminative spatial saliency for image classification. In Computer Vision and Pattern Recognition (CVPR), 2012 IEEE Conference on, June 2012.

[33] K. Simonyan and A. Zisserman. Two-stream convolutional networks for action recognition in videos. arXiv preprint arXiv:1406.2199, 2014.

[34] R. Socher, D. Chen, C. D. Manning, and A. Y. Ng. Reasoning with neural tensor networks for knowledge base completion. In Advances in Neural Information Processing Systems, 2013.

[35] R. Socher, A. Karpathy, Q. V. Le, C. D. Manning, and A. Y.

Ng. Grounded compositional semantics for finding and describing images with sentences. TACL, 2013.

[36] K. Soomro, A. R. Zamir, and M. Shah. Ucf101: A dataset of 101 human actions classes from videos in the wild. arXiv preprint arXiv:1212.0402, 2012.

[37] N. Verma, D. Mahajan, S. Sellamanickam, and V. Nair.

Learning hierarchical similarity metrics. In Computer Vision and Pattern Recognition (CVPR), 2012 IEEE Conference on, pages 2280–2287. IEEE, 2012.

[38] G. Wang, D. Forsyth, and D. Hoiem. Improved object categorization and detection using comparative object similarity. Pattern Analysis and Machine Intelligence, IEEE Transactions on, 35(10):2442–2453, 2013.

[39] H. Wang, A. Kläser, C. Schmid, and C.-L. Liu. Dense trajectories and motion boundary descriptors for action recognition. International Journal of Computer Vision, 103(1):60– 79, 2013.

[40] J. Wang, T. Leung, C. Rosenberg, J. Wang, J. Philbin, B. Chen, Y. Wu, et al. Learning fine-grained image similarity with deep ranking. In IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2014.

[41] B. Yao and L. Fei-Fei. Grouplet: A structured image representation for recognizing human and object interactions. In Computer Vision and Pattern Recognition (CVPR), 2010 IEEE Conference on, pages 9–16. IEEE, 2010.

[42] B. Yao and L. Fei-Fei. Action recognition with exemplar based 2.5 d graph matching. In Computer Vision–ECCV 2012, pages 173–186. Springer, 2012.

[43] B. Yao, X. Jiang, A. Khosla, A. L. Lin, L. Guibas, and L. Fei- Fei. Human action recognition by learning bases of action attributes and parts. In Computer Vision (ICCV), 2011 IEEE International Conference on, pages 1331–1338. IEEE, 2011.

[44] B. Zhao, F. Li, and E. P. Xing. Large-scale category structure aware image categorization. In Advances in Neural Information Processing Systems, pages 1251–1259, 2011.

[45] X. Zhu, D. Anguelov, and D. Ramanan. Capturing longtail distributions of object subcategories. In Computer Vision and Pattern Recognition (CVPR), 2012 IEEE Conference on, 2014.

[46] Y. Zhu, A. Fathi, and L. Fei-Fei. Reasoning about object affordances in a knowledge base representation. In Computer Vision–ECCV 2014, pages 408–424. Springer, 2014.

[47] A. Zweig and D. Weinshall. Exploiting object hierarchy:

Combining models from different category levels. In Computer Vision, 2007. ICCV 2007. IEEE 11th International Conference on, pages 1–8. IEEE, 2007.