
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1145/3654777.3676343
https://doi.org/10.1145/3654777.3676343
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3654777.3676343&domain=pdf&date_stamp=2024-10-11






















https://arxiv.org/abs/1803.01271
http://arxiv.org/abs/1803.01271
https://doi.org/10.1145/3173574.3174220
https://doi.org/10.1145/3232163
https://doi.org/10.1145/1978942.1979301
https://doi.org/10.1145/502716.502753
https://doi.org/10.1007/978-3-031-20068-7_19
https://doi.org/10.1145/2470654.2481317
https://doi.org/10.1145/3447526.3472059
https://www.aclweb.org/anthology/I17-1099




StegoType: Surface Typing from Egocentric Cameras 

pattern recognition. 143–152. 
[27] Yiping Lu, Zhuohan Li, Di He, Zhiqing Sun, Bin Dong, Tao Qin, Liwei Wang, 

and Tie-Yan Liu. 2019. Understanding and Improving Transformer From a Multi-
Particle Dynamic System Point of View. arXiv preprint arXiv:1906.02762 (2019). 

[28] Yan Ma, Shumin Zhai, IV Ramakrishnan, and Xiaojun Bi. 2021. Modeling Touch 
Point Distribution with Rotational Dual Gaussian Model. In The 34th Annual 
ACM Symposium on User Interface Software and Technology (Virtual Event, USA) 
(UIST ’21). Association for Computing Machinery, New York, NY, USA, 1197–1209. 
https://doi.org/10.1145/3472749.3474816 

[29] I. Scott MacKenzie and R. William Soukoref. 2002. A character-level error 
analysis technique for evaluating text entry methods. In Proceedings of the Second 
Nordic Conference on Human-Computer Interaction (Aarhus, Denmark) (NordiCHI 
’02). Association for Computing Machinery, New York, NY, USA, 243–246. https: 
//doi.org/10.1145/572020.572056 

[30] I Scott MacKenzie and R William Soukoref. 2003. Phrase sets for evaluating text 
entry techniques. In CHI’03 extended abstracts on Human factors in computing 
systems. 754–755. 

[31] Manuel Meier, Paul Streli, Andreas Fender, and Christian Holz. 2021. TapID: 
Rapid touch interaction in virtual reality using wearable sensing. In 2021 IEEE 
Virtual Reality and 3D User Interfaces (VR). 519–528. 

[32] Yajie Miao, Mohammad Gowayyed, and Florian Metze. 2015. EESEN: End-to-end 
speech recognition using deep RNN models and WFST-based decoding. In 2015 
IEEE workshop on automatic speech recognition and understanding (ASRU). IEEE, 
167–174. 

[33] Jumon Nozaki and Tatsuya Komatsu. 2021. Relaxing the Conditional Indepen-
dence Assumption of CTC-based ASR by Conditioning on Intermediate Predic-
tions. In Interspeech. https://api.semanticscholar.org/CorpusID:233168606 

[34] Mark Richardson, Matt Durasof, and Robert Wang. 2020. Decoding surface touch 
typing from hand-tracking. In Proceedings of the 33rd annual ACM symposium on 
user interface software and technology. 686–696. 

[35] Fadime Sener, Dibyadip Chatterjee, Daniel Shelepov, Kun He, Dipika Singhania, 
Robert Wang, and Angela Yao. 2022. Assembly101: A large-scale multi-view video 
dataset for understanding procedural activities. In Proceedings of the IEEE/CVF 
Conference on Computer Vision and Pattern Recognition. 21096–21106. 

[36] Junxiao Shen, John Dudley, and Per Ola Kristensson. 2023. Fast and Robust 
Mid-Air Gesture Typing for AR Headsets using 3D Trajectory Decoding. IEEE 
Transactions on Visualization and Computer Graphics (2023). 

[37] Yangyang Shi, Yongqiang Wang, Chunyang Wu, Ching-Feng Yeh, Julian Chan, 
Frank Zhang, Duc Le, and Michael L. Seltzer. 2021. Emformer: Efcient Memory 
Transformer Based Acoustic Model For Low Latency Streaming Speech Recogni-
tion. In Proceedings of The IEEE International Conference on Acoustics, Speech and 
Signal Processing. 6783–6787. 

[38] Yangyang Shi, Chunyang Wu, Dilin Wang, and Others. 2022. Streaming Trans-
former Transducer based Speech Recognition Using Non-Causal Convolution. 
In The proceeding of the IEEE International Conference on Acoustics, Speech and 
Signal Processing. 8277–8281. 

[39] R. William Soukoref and I. Scott MacKenzie. 2003. Metrics for Text Entry 
Research: An Evaluation of MSD and KSPC, and a New Unifed Error Metric. In 
Proceedings of the SIGCHI Conference on Human Factors in Computing Systems (Ft. 
Lauderdale, Florida, USA) (CHI ’03). Association for Computing Machinery, New 
York, NY, USA, 113–120. https://doi.org/10.1145/642611.642632 

[40] Paul Streli, Jiaxi Jiang, Andreas Rene Fender, Manuel Meier, Hugo Romat, and 
Christian Holz. 2022. TapType: Ten-fnger text entry on everyday surfaces via 
Bayesian inference. In Proceedings of the 2022 CHI Conference on Human Factors 
in Computing Systems. 1–16. 

[41] Keith Vertanen, Crystal Fletcher, Dylan Gaines, Jacob Gould, and Per Ola Kris-
tensson. 2018. The Impact of Word, Multiple Word, and Sentence Input on Virtual 
Keyboard Decoding Performance. In Proceedings of the SIGCHI Conference on Hu-
man Factors in Computing Systems (Montreal QC, Canada) (CHI ’18). ACM, New 
York, NY, USA, Article 626, 12 pages. https://doi.org/10.1145/3173574.3174200 

[42] Keith Vertanen, Dylan Gaines, Crystal Fletcher, Alex M. Stanage, Robbie Watling, 
and Per Ola Kristensson. 2019. VelociWatch: Designing and Evaluating a Vir-
tual Keyboard for the Input of Challenging Text. In Proceedings of the 2019 CHI 
Conference on Human Factors in Computing Systems (Glasgow, Scotland Uk) 
(CHI ’19). Association for Computing Machinery, New York, NY, USA, 1–14. 
https://doi.org/10.1145/3290605.3300821 

[43] Keith Vertanen, Haythem Memmi, Justin Emge, Shyam Reyal, and Per Ola Kris-
tensson. 2015. VelociTap: Investigating Fast Mobile Text Entry Using Sentence-
Based Decoding of Touchscreen Keyboard Input. In Proceedings of the 33rd Annual 
ACM Conference on Human Factors in Computing Systems (Seoul, Republic of 
Korea) (CHI ’15). Association for Computing Machinery, New York, NY, USA, 
659–668. https://doi.org/10.1145/2702123.2702135 

[44] Raphael Wimmer, Andreas Schmid, and Florian Bockes. 2019. On the La-
tency of USB-Connected Input Devices. In Proceedings of the 2019 CHI Con-
ference on Human Factors in Computing Systems (Glasgow, Scotland Uk) (CHI 
’19). Association for Computing Machinery, New York, NY, USA, 1–12. https: 
//doi.org/10.1145/3290605.3300650 

UIST ’24, October 13–16, 2024, Pitsburgh, PA, USA 

[45] Xin Yi, Chen Liang, Haozhan Chen, Jiuxu Song, Chun Yu, Hewu Li, and Yuanchun 
Shi. 2023. From 2d to 3d: Facilitating single-fnger mid-air typing on qwerty key-
boards with probabilistic touch modeling. Proceedings of the ACM on Interactive, 
Mobile, Wearable and Ubiquitous Technologies (2023), 1–25. 

[46] Xin Yi, Chun Yu, Mingrui Zhang, Sida Gao, Ke Sun, and Yuanchun Shi. 2015. ATK: 
Enabling Ten-Finger Freehand Typing in Air Based on 3D Hand Tracking Data. 
In Proceedings of the 28th Annual ACM Symposium on User Interface Software and 
Technology. 539–548. 

[47] Mingrui Ray Zhang, Shumin Zhai, and Jacob O Wobbrock. 2022. TypeAnywhere: 
A QWERTY-based text entry solution for ubiquitous computing. In Proceedings 
of the 2022 CHI Conference on Human Factors in Computing Systems. 1–16. 

A INTENT EDIT DISTANCE 
(1) CER (character error rate) 

The Levenshtein distance is calculated using a dynamic pro-
gramming approach which populates the distance matrix 
using a set of edge cost rules, where the fnal edit distance 
is taken from the bottom right cell (Equation 6). This imple-
ments the minimum edit distance, i.e. the minimum number 
of substitutions, insertions, or deletions necessary to trans-
form the target sequence into the predicted sequence. The 
character error rate is calculated as the ratio of the Leven-
shtein edit distance to the length of the target sequence. 

(2) I-CER (intent character error rate): 
A subset of target tokens correspond to intent labels, and 
the error rate corresponding to this subset of the target se-
quence is congruous with our objective of predicting user 
intent. Because the alignment of prediction events with label 
events is not known a priori and we only know whether tar-
get tokens are intentional, not predicted tokens, we cannot 
simply flter the input sequences to calculate this error rate. 
Instead, we modify the edit distance calculation to discount 
substitution and deletion errors corresponding to non-intent 
target tokens (Figure 11). The result is in an edit distance 
which is always the same or smaller than the full-sequence 
edit distance, discarding any edits associated with non-intent 
labels. To calculate a meaningful character error rate this 
edit distance is then normalized by the number of intent 
tokens in the target sequence (Equation 8). 

�del (� � ) = 1, �ins (�� ) = 1, �sub (�� , � � ) = 1 ��, � −1 + �del (� � ) 
��, � = min 

 
�� −1, � + �ins (�� ) 

(6) �� −1, � −1 + [�� ≠ � � ] · �sub(�� ,� � ) 

� |a |, |b |CER(a, b) = (7)|b| 

�del (� � ) = [� � is intent], �ins (�� ) = 1, �sub (�� , � � ) = [� � is intent] 
� |a |, |b |I-CER(a, b) = |{�� ∈ b | �� is intent}| 

(8) 

B EMISSION LATENCY 
The dynamic programming edit distance calculation can be modi-
fed to support backtracking to fnd the optimal set of alignments 
between the predicted and target token sequences [29]. With a 
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Figure 11: Levenshtein edit distance, calculated using dy-
namic programming, is modifed to discount substitution 
or deletion errors corresponding to non-intent label tokens. 
Backtracking is used to fnd all prediction/label alignments 
corresponding to the optimal edit distance to enable derived 
metrics like emission latency. 
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reasonably accurate model there typically exist many unambiguous 
one-to-one correspondences between target and predicted tokens. 

Since emission timestamps for both target and predicted tokens 
are known, we can evaluate statistics over this set of uniquely 
corresponded tokens to compute the emission latency and per-key 
accuracy of a model. 

Occasionally two consecutive insertion and deletion errors which 
are well separated in time will be merged by the edit distance calcu-
lation into a single substitution error. While rare, these correspon-
dences can be attributed extremely high latency and erroneously 
infuence overall statistics. To combat this issue we introduce a 
supplemental fltering step where correspondences with an outlier 
emission latency are discarded. In our evaluation we set this latency 
threshold to the range −0.17� ≤ ������� ≤ 0.50� at 30Hz. 
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