Learning Segmentations that Balance Latency versus Quality in

SFU

CONTRIBUTIONS

e We provide a method that will create anno-
tated training data for segmentation classifier,
considering both Latency and Accuracy

e Our method extends (Oda et al., 2014)’s
greedy approach |2]

e Our method explores all potential segmenta-
tion points anywhere in the corpus to find
the optimal set for data annotation (using dy-
namic programming)

e We provide experiments that show this
method works better than the state-of-the-art
methods

SEGMENTATION ALTERNATIVES

[I was in my twenties before | ever went to an art museum]

|

[Ich war in meinen zwanzig bevor ich in ein kunstmuseum gingJ

» Reference Sentence:

[Ich war in meinen zwanzigern bevor ich erstmals in ein kunstmuseum gingJ

» BLEU Score: High (57.6)

» Segments/Second: Low

(1) (was) (in) (my) (twenties) (before] (1) (ever) (went] (to) (an) (art) (museum)

llll \“\\x\\\\\\

Ich ] (war)(in)(meine [zwanmger Jahre bevmr (ich] U ging|(zu)|ein)(kunst|(museum)

» Reference Sentence:

[Ich war in meinen zwanzigern bevor ich erstmals in ein kunstmuseum gingJ

» BLEU Score: Low (15.6)
» Segments/Second: High

Good Segmentation Points

\

| was in I my twenties before Ilever went to an art museum |

[Ich war in][meine zwanziger bevor ich][in ein kunstmuseum ging}

» Reference Sentence:

[Ich war in meinen zwanzigern bevor ich erstmals in ein kunstmuseum gingJ

» BLEU Score: Acceptable (38.2)
» Segments/Second: Acceptable

Spoken Language Translation <><>:’<>’

Hassan S. Shavarani, Maryam Siahbani, Ramtin M. Seraj, Anoop Sarkar ”’

Simon Fraser University, 8888 University Dr., Burnaby, BC, Canada EldYNatLangLab
{sshavara,msiahban,rmehdiza,anoop}t@sfu.ca

PARETO-OPTIMAL SEGMENTATION

e Assumption: Sentence boundaries are prede-

EXAMPLE CORPUS

I am a contemporary artist with a bit of an unexpected background . Point  Freq ‘ Point Freq | Point Freq .
NV DJ N P DN PD J N . N_P G TN fined in the COer.S!
I was in | my twenties before I ever | went to an art museum . F-D ; e Greedily chooses the best potential seg. point
NV P|S N P NA |V PDNN . D-N 4 . . .

N-. 3 and adds it to the previous selected points (as
I grew up in the middle of nowhere on a dirt road in rural Arkansas . N_V 3 [2] do es)
NV R PD N P N P DN N PJ N . V_D 3 '

Full Segmentation Set Size 10 o Accuracy Measure: avg. { 5;;;5; =}

#Segments }
anslation Time

e Latency Measure: avg. {+-

PARETO-OPTIMAL SEGMENTATION ALGORITHM

: . . Input: the desired avg. segment length
Algorithm Pareto-Optimal Segmentation

1: &g 0 (lu)
2: for k =1to K do

3: for ) =0tok — 1do
4 D' — {d:(d & Pj)A (count(op; F) =k — j)}

5 Pp ;j — ¢; U { arg pareto froxlticr(be@/{Ba(s(]-", o, U {o})),
6: end for
7

8

9

= total number of expected segments (K)

Aa(s(F, @5 U {¢}))}} #Sentences|

- Sentence boundaries do not count towards K

K — « #Words
L

if £ < K then
Pp ;i ArgMaX e (p, ..0<j<k} Ba(s(F, ¢))

. end if
10: Py, < argpareto frontierg e g, ..0<j<k}{Bals(F, @), Aa(s(F, P@))} RESULTS
11: end for
12: return s(F, Pg) e Task: English-German TED speech translation.

e Training/tuning the MT system data:
IWSLT Train 2012-2013 + half of Europarl

PARETO—OPTIMALITY e Segmenter Train/Test/Held-out data:
IWSLT Dev/Test 2010,2011,2013

RUNNING EXAMPLE

e For K = 2, We can have different segmentation choices

for K — 9 - e f . _ e Methods to be compared:
'N-N| happening twice OR [P-S,S-N] each happening . : . — The state-of-the-art heuristic speech segmenta-
s | 5 — Greedy segmentation approach [2]
e the run of algorithm over the example data will pro- 5 | B .-, ‘. — Pareto-optimal segmentation approach [1]
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