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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 final 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 filter 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).

cdel(bj) = 1,cing(ai) = 1, cqup(ai, bj) = 1

di,j—1+cgel(bj)

. (6)
di’j = min di—l,j + Cins (ai)
di-1,j-1+ [ai # bj] - Csub(as,b;)
d
CER(a,b) = % )

cdel(bj) = [bjis intent], cing(a;) = 1, coup (@i, bj) = [bjis intent]

djal,b|
[{b; € b | b; is intent}|

I-CER(a,b) =
®)

B EMISSION LATENCY

The dynamic programming edit distance calculation can be modi-
fied to support backtracking to find 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 modified to discount substitution
or deletion errors corresponding to non-intent label tokens.
Backtracking is used to find all prediction/label alignments
corresponding to the optimal edit distance to enable derived
metrics like emission latency.

Richardson et al.

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
influence overall statistics. To combat this issue we introduce a
supplemental filtering step where correspondences with an outlier
emission latency are discarded. In our evaluation we set this latency
threshold to the range —0.17s < latency < 0.50s at 30Hz.
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