interaction task. To scope our work, we focus on a common task on desktop and smartphones, where users select a target item from a vertical menu or list^1, e.g., choosing a song to play, a person to contact, selecting an application in the start menu or simply activating a command in a dropdown menu. Because users often need to perform these selection tasks repeatedly over the time, we investigate our approach in the context of a sequence of selection tasks.

We design a novel hierarchical deep architecture for menu performance modeling. In our architecture, a recurrent neural net is used to encode UI attributes and tasks at each target item selection. This allows us to represent a menu with a varied length and to easily incorporate any additional UI attributes such as visual appearance and semantics. We then use another recurrent net to capture learning effects, a major component in human performance. The entire model is learned end-to-end using stochastic gradient descent. The model outperforms existing analytical methods in various settings for predicting selection time. Importantly, it is easily extensible for accommodating new UI features and human factors involved in an interaction task.

As a machine learning model, especially a deep architecture, the general challenge is that it is difficult to gain insights into what the model actually learns. We analyze how our model learns to mimic human behaviors. We show that our model “remembers” and “forgets” like a human— the model gains expertise on a visited item from past trials and that expertise fades away over time if the user does not access the item for a while. Prior work models expertise as frequency counts [2, 7], which does not take into account the “forgetting” effect in human behavior. We also discuss how this “memory effect” is affected by different menu organizations. We believe these analyses improve our understanding about how a deep learning model learns from human behaviors, which in turn can inspire analytical modeling. � Extensive work has been conducted in modeling human behaviors and predicting human performance for performing interaction tasks. For example, Fitts’ Law [8] predicts the time needed for an expert human to acquire a visual target. Similarly, Hick’s Law [11] is also a wellknown model that describes the time required for an expert human to make a decision of choosing among a given number of options.

While each of these previous methods is amazingly robust for modeling the specific aspect of human behaviors it focuses on, they are limited in modeling realistic interaction tasks. For example, Fitts’ Law was originally proposed for a limited setting of one-dimensional target with no distractors. Although prior work has extended Fitts’ Law in

1 In this paper, we use “list” and “menu” interchangeably to refer to a list of items or options for the user to select.

several ways (e.g., [3, 16]), it is still constrained. Moreover, target acquisition is only one aspect of an interaction task. In a realistic task, there are many factors convoluted such as visual search, motor control and learning effects on spatial memory, as well as other factors that may or may not have been discovered in the literature.

There has been a considerable amount of efforts in combining these building block models such as Fitts’ Law and Hick’s Law so that their combination can be more applicable to modeling complex interaction tasks [2, 4, 6, 7, 10]. Particularly, GOMS/KLM [5] predicts the time taken for an expert user to perform a routine task. ACT-R [4] or EPIC [14] implement a set of production rules to decide, for instance, visual search strategies in linear menus. Prior work (e.g., [13, 21]) has also revealed the important role of learning effect played in menu selection, such as the forming of spatial memory reduces visual search.

More recently, Cockburn et al. [7] combined pointing time (Fitts’ Law), decision time (Hick’s Law), visual search time, and expertise in a single model. The model is compact and robust in modeling a range of menu selection tasks. In the same vein, Bailly et al. [2] proposed a more complex model that is formulated based on gaze distribution for menu selection tasks.

While previous methods, which are mostly empirically tuned analytical models, have gained substantial progress in modeling human behaviors, they are not easily extensible for accommodating various aspects of user interfaces and human factors. For example, the saliency of items [19] on an interface can significantly affect the time needed for visual search. Learning effect is a profound factor that affects every aspect of human performance. In addition, new generations of computing devices such as touchscreen smartphones have introduced many factors that are not covered by traditional models. While it is possible to further expand existing models, there is a tremendous amount of challenges and effort to do so— new factors are not always obvious or easily analytically articulated.

In contrast to previous approaches, we propose a datadriven approach based on the recent advance of deep learning. Deep learning [15] employs multiple processing layers to automatically learn representation of raw data, which reduces the need of intensive feature engineering and thus the need of domain expertise. In particular, we designed our model based on Long-Short Term Memory (LSTM) [12], a recurrent neural net, which has been successfully applied in many sequential problems such as natural language processing [1]. Our work is the first in applying deep recurrent neural net for modeling human performance in interaction tasks. While it is challenging to analyze the behavior of a deep model in general, we offer several insights into how such a model learns to mimic human behaviors from data.

� 1.� Bahdanau, D., Cho, K., and Bengio, Y., Neural Machine Translation by Jointly Learning to Align and Translate. ICLR 15: International Conference on Learning Representations, 2015.

2.� Bailly, G., Oulasvirta, A., Brumby, D.P., and Howes, A. Model of visual search and selection time in linear menus. Proceedings of the SIGCHI Conference on Human Factors in Computing Systems. 2014. 3865- 3874.

3.� Bi, X., Li, Y., and Zhai, S. FFitts Law: Modeling Finger Touch With Fitts’ Law. CHI 2013: ACM Conference on Human Factors in Computing Systems. 2013.

4.� Byrne, M.D., ACT-R/PM and menu selection:

Applying a cognitive architecture to HCI. International Journal of Human-Computer Studies, 2001. 55(1): p. 41-84.

5.� Card, S.K., Moran, T.P., and Newell, A., The keystroke-level model for user performance time with interactive systems. Communications of the ACM, 1980. 23(7): p. 396–410.

6.� Chen, X., Bailly, G., Brumby, D.P., Oulasvirta, A., and Howes, A. The Emergence of Interactive Behavior: A Model of Rational Menu Search. CHI'15: ACM Conference of Human Factors in Computing Systems. 2015. 4217-4226.

7.� Cockburn, A., Gutwin, C., and Greenberg, S. A predictive model of menu performance. Proceedings of the SIGCHI Conference on Human Factors in Computing Systems. 2007. 627-636 8.� Fitts, P.M., The Information Capacity of the Human Motor System in Controlling the Amplitude of Movement. Journal of Experimental Psychology, 1954. 121(3): p. 381-391.

9.� Graves, A., Supervised Sequence Labelling with Recurrent Neural Networks. Studies in Computational Intelligence. 2012: Springer.

10.�Halverson, T. and Hornof, A.J., A Computational Model of “Active Vision” for Visual Search in Human–Computer Interaction. Human-Computer Interaction, 2011. 26(4): p. 285-314.

11.�Hick, W.E., On the rate of gain of information. Journal of Experimental Psychology, 1952. 4(1): p. 11-26.

12.�Hochreiter, S. and Schmidhuber, J.u., Long Short-Term Memory. Neural Computation, 1997. 9(8): p. 1735- 1780.

13.�Kaptelinin, V. Item recognition in menu selection: the effect of practice. CHI '93 INTERACT '93 and CHI '93 Conference Companion on Human Factors in Computing Systems. 1993. 183-184.

14.�Kieras, D.E. and Meyer, D.E., An overview of the EPIC architecture for cognition and performance with application to human-computer interaction. Hum.- Comput. Interact., 1997. 12(4): p. 391-438.

15.�LeCun, Y., Bengio, Y., and Hinton, G., Deep learning.

Nature, 2015(521): p. 436–444. 16.�MacKenzie, I.S. and Buxton, W. Extending Fitts' law to two-dimensional tasks. Proceedings of the SIGCHI Conference on Human Factors in Computing Systems. 1992. 219-226.

17.�Martín Abadi, P.B., Jianmin Chen, Zhifeng Chen, Andy Davis, Jeffrey Dean, Matthieu Devin, Sanjay Ghemawat, Geoffrey Irving, Michael Isard, Manjunath Kudlur, Josh Levenberg, Rajat Monga, Sherry Moore, Derek G. Murray, Benoit Steiner, Paul Tucker, Vijay Vasudevan, Pete Warden, Martin Wicke, Yuan Yu, Xiaoqiang Zheng. TensorFlow: A system for largescale machine learning. 12th USENIX Symposium on Operating Systems Design and Implementation (OSDI 16). 2016. 265-283.

18.�Nair, V. and Hinton, G.E. Rectified Linear Units Improve Restricted Boltzmann Machines. ICML: Proceedings of the 27 th International Conference on Machine Learning. 2010.

19.�Näsänena, R., Ojanpääa, H., and Kojob, I., Effect of stimulus contrast on performance and eye movements in visual search. Vision Research, 2001. 41(14): p. 1817–1824.

20.�Pennington, J., Socher, R., and Manning, C.D. GloVe:

Global Vectors for Word Representation. 2014. 21.�Sears, A. and Shneiderman, B., Split menus:

effectively using selection frequency to organize menus. ACM Trans. Comput.-Hum. Interact., 1994. 1(1): p. 27-51.