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WP1 - ASR

Can we train code-switching ASR systems using only
monolingual data?



WP2 - CS Generation



WP4 - Linguistic Aspects of CS
Are the methods being developed in other work packages
generalizable?



WP3 - Evaluation



Motivation - Example
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Hyp-Ref Hyp-MinEdits Correct and mispenalized
Incorrect but similar phonetically (needs minor edits)
WER 70.0 40.8 Wrong/missing
CER 47 .4 20.0
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Work Overview

e Aim:
o  Conduct a study showing how different ASR evaluation metrics correlate with human
judgements.
e Overall Plan:

Calculate edit distance Calculate Ref-Hyp Calculate correlations
between hypotheses scores using several between metric scores
and MinEdits evaluation metrics and MinEdits

Collect human minimal
edits for hypotheses




Data Annotation

e Guidelines for Human Minimal Correction (HMC) annotation:
https://docs.google.com/document/d/1S LXwfcFR9gDZIJOV8Pp-7r1dMm3GEen _hsFuxYNfZl/edit
e 3Rules:
1. Rule of Script Segregation:
Words shall be written in Arabic or Roman script, and not a mix of the two. The only exception is
the writing of Arabic affixes and clitics in conjunction with English words. Arabic words should
be written in Arabic script and English words can be written in Arabic/Roman script.
Examples: &u »iail, engineering, exam J), artidiuds



https://docs.google.com/document/d/1S_LXwfcFR9gDZlJ0V8Pp-7r1dMm3GEen_hsFuxYNfZI/edit

Data Annotation

e Guidelines for Human Minimal Correction (HMC) annotation:
https://docs.google.com/document/d/1S LXwfcFR9gDZIJOV8Pp-7r1dMm3GEen _hsFuxYNfZl/edit
e 3Rules:
1. Rule of Script Segregation:
2. Rule of Acceptable Readability:
The transcript should be made readable enough to allow someone to reproduce the original
audio and intended meaning. This means there is more than one answer that is acceptable.
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https://docs.google.com/document/d/1S_LXwfcFR9gDZlJ0V8Pp-7r1dMm3GEen_hsFuxYNfZI/edit

Data Annotation

e Guidelines for Human Minimal Correction (HMC) annotation:
https://docs.google.com/document/d/1S LXwfcFR9gDZIJOV8Pp-7r1dMm3GEen _hsFuxYNfZl/edit
e 3Rules:
1. Rule of Script Segregation
2.  Rule of Acceptable Readability
3. Rule of Minimal Edit:
To correct the ASR, the annotators will do only the most minimal edits on the character-level.



https://docs.google.com/document/d/1S_LXwfcFR9gDZlJ0V8Pp-7r1dMm3GEen_hsFuxYNfZI/edit

Data Annotation

e Data:
o Use hypotheses from 3 systems; 1 HMM-DNN and 2 E2E
o Annotate 2h of speech from ArzEn train set (1.3k sentences) X 3 systems = 3.9k sentences
o Dataannotated by 4 Arabic-English bilingual speakers
o Inter-annotator Agreement (IAA):
200/3,900 sentences are annotated by the four annotators
e Languages: Egyptian Arabic-English and Telugu-English



Inter-annotator Agreement (IAA)

CER/WER between
AnnotatorX’'s HMC and
hyp (showing amount of

edits)
IAA in terms of CER/WER between
every 2 annotators
Al A2 A3 A4 Hyp Ref

Al 8.3/16.6 6.3/15.0 8.3/18.3 | 14.9/27.8 23.2/55.4
A2 8.9/17.6 10.8/20.7 | 14.0/24.5 23.9/56.4
A3 7.0/15.8 | 15.1/279 22.4/54.3
Ad 16.0/29.0 24.6/58.5
Average 8.3/17.3 | 15.0/27.3 23.5/56.2

CER/WER between
AnnotatorX’'s HMC and
~_ hyp (showing amount of
- chars/words that would

get mispenalized using
CER/WER)



Disagreement Example

Hyp » Sl manuscript found an 4sac |
A1 manuscript found in accra s
A2 » S| manuscript found an el iz
A3 manuscript found in Accra 4« oS
A4 manuscript found in accra e

Ref manuscript found in acra 4« S



Evaluation Metrics

- Covered metrics:
- WER
- MER (Match Error Rate)
- CER
- Transliteration
- Phone edit distance
- Semantic similarity of translation



Transliteration

CER | WER
Ref «~! 8 manuscript found in acra | 30.3 | 66.7
Hyp aoas|, manuscript found an o 5 |
Tr-En(Ref) | Kan Asmah manuscript found in acra | 27.6 | 66.7
Tr-En(Hyp) | easme manuscript found an Aqrah
Tr-Ar(Ref) 5T o Ned cy Swgile acvl (67| 25.9 | 66.7
Tr-Ar(Hyp) g,fi Ol Wed e Sugle asash




Transliteration - Correlation Results

Transliterating to Arabic

Transliterating to English

CER(refr, AR,hyprrar) WER(efT, AR NYDPTrAR)

CER(refr,gn hyprren) WERGefr, gn,hypT-EN)

CERMinEdits,hyp)
WER(MinEdits,hyp)

0.803 0.372
0.687 0.441

0.734 0.527
0.689 0.608




Phone Similarity Edit Distance

- Map the script from the two languages into IPA phones
- Use the phoneme error rate with substitution weight scaled by the similarity between the phones
- Measure the similarity between the phonemes based on the articulation feature vectors: nasal,

front, back, labial etc

- Example:
- Arabic: &l wls | @ [[e.
- English:a kind of ~ [1.
- Arabicphonetics: a kajnd aof o [2.
- English phonetics: @ kajnd Av R - -
- PER: 0.65 o [
- PSD:0.375 = [5.
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Phone Similarity Edit Distance

ID: 1

REF: a kind of

HYP: sl i |

REF phone: = kajnd av

HYP phone: a kaind auf

PER: ©.625 PSD: ©.375 PSD_norm: ©.2258

TIPS 2

REF: 2 ¥ at least a chance 3 dsl=s extra (v law oS« slax more flexible

HYP: & ¥ atlista chance 3 dsl= extra (8v b oS« =< more flexible

REF phone: la fi @t list = Hans nhaul mrt skstus mSah imkn ibda ibga mou flsksabal
HYP phone: la fi atlrstes Hans nhaul mrt skstus m$i imkn ibda ibga mou flsksabal
PER: ©.85263 PSD: ©.©3112 PSD_norm: ©.82703

TR

REF: artificial

HYP: < )lficial

REF phone: autafxfal

HYP phone: art fx[al

PER: ©.33333 PSD: ©.16844 PSD_norm: ©.08516

Mean PER_tot: 2.14865
Mean PSD_tot: 2.085
Mean PSD_norm_tot: ©.85879



Phone Similarity Edit Distance - Correlation Results

weight=2 weight=4 weight=8
PER(ref,hyp) PSD(ref,hyp) PSD_norm(ref,hyp) PSD(ref,hyp) PSD_norm(ref,hyp) PSD(ref,hyp) PSD_norm(ref,hyp)
CER(MinEdits,hyp) | 0.7434 0.767 0.700 0.774 0.734 0.747 0732
WER(MinEdits,hyp)| 0.6478 0.594 0.497 0.633 0.544 0.636 0.565




Semantic Similarity Using Translation- Example

BLEU chrF Semantic Similarity

hyp o mald] G ey U1 Q1 et 1 el 6s T 0.7722

ref JV el 0 activities d."‘i. Laold | 3 lhows U1 Y

hyp_ar o mald] G ey U1 W1 oeass 1 Qe s T 49 496 0.8740

ref ar i Amald ] 3 Glem U Q1 2L 05 asi

hyp-en | Oh, this is most of the activeties that I do at university, I mean 229 654 0.8665

ref en | These are most of the activities that I do at the university

hypja | dd. CHUIRMDKFETIT-o CVEAFEHDIEEAYXYTT. DXV | 615 826 0.9581

refja | SNHIIHDKRFETIT> TVWBFEHDIIEA ETT




Semantic Similarity Using Translation -
Correlation Results

Metric(ref 4 g,hyp 4 r) |Metric(ref g n,hyp g n) |[Metric(ref 7 4 ,hyp s ) Average

BLEU chrF Sem BLEU chrF Sem BLEU chrF Sem BLEU chrF Sem
CER(MinEdits,hyp) [0.25 0.55 0.64 049 0.62 0.60 045 0.49 0.59 0.50 0.65 0.72
WER(MinEdits,hyp)|0.32 0.52 0.59 0.54 0.65 0.61 048 0.53 0.53 0.56 0.67 0.68




Results

Average(
. . e o1 . «. .. Transliteration,
CER(ref,hyp) WER((ref,hyp) MER (ref,hyp) Transliteration PhoneticSimilarity SemanticSimilarity PhoneticSimilarity:
SemanticSimilarity)
CER(MinEdits,hyp) 0.683 0.372 0.445 0.803 0.774 0.716 0.820

WER(MinEdits,hyp)|  0.622 0.437 0.516 0.687 0.633 0.680 0.703




Discussion

e How do we measure how well a metric reflects human minimal (post-edit) edit effort?

o CORREL( CER(MinEdit,hyp) vs  metricX(ref,hyp))
o CORREL( WER(MinEdit,hyp) vs  metricX(ref,hyp))
o CORREL( metricX(MinEdit,hyp) vs  metricX(ref,hyp))
o CORREL( WER(MinEdit,hyp) vs  metricX(MinEdit,hyp))

e |mprove transliteration
e Investigate how we can aggregate scores from different metrics to better correlate with
human judgment.



Questions?



