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Part 1: Controlling ST output lengths via joint CTC/attention

Length Control in Speech Translation

What is a good translation?
e Correct meaning

e Correct length
o e.g.isometric ST for subtitling

Source It is actually the true integration of the man and the machine.

Baseline . & - i . i .
MT Es ist tatsachlich die wahre Integration von Mensch und Maschine.

Isometric . L . .
MT Es ist die wirkliche Integration von Mensch und Maschine.

Example from IWSLT 2022 Isometric ST Track

CMU’s IWSLT 2022 Dialect Speech Translation System, Yan et al., IWSLT 2022
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Problem: autoregressive decoders do not have robust
end-detection

Length Ratio vs. Length Penalty

Length Ratio

Reliant on length penalty/bonus
hyperparameter; not robust across
domains/datasets

BLEU vs. Length Penalty
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Length Penalty Length Penalty

Degenerating quality due to incorrect length penalty leading to overly long outputs
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Length Control in Speech Translation

Problem: autoregressive decoders do not have robust end-detection
e Reliant on length penalty/bonus hyperparameter; not robust across domains/datasets

Over-tuning easily happens! This was our experience in IWSLT 2021 N

System segm. | data condition | BLEU.TEDRef [ System [segm. | data condition | BLEU NewRef | BLEU_TEDRef | BLEU MultiRef |
ﬁ&’_"lﬁiﬂ : 8:: . Sgﬁg‘: . gg:g HW-TSC Own | Constrained 246 203 34.0
Krr ‘ oo | e rene ’ res KIT Own | Constrained 234 19.0 32.0

A . APPTEK Own Constrained 22.6 18.3 31.0
ESPNET-ST | Own | Constrained 24.7 KIT Own | Constrained 220 18.1 30.3
LS Own | Constraincd Z&] APPTEK Own | Constrained 219 18.1 304
UPCY Own  Unconstrained 24.6 VOLCTRANS | Given | Constrained 21.8 17.1 29.5
APPTEK Own  Constrained 24.5 UPCt Own  Unconstrained 21.8 183 30.6
VOLCTRANS  Given Constrained 243 VOLCTRANS | Given Constrained 217 18.7 313
KIT Own  Constrained 232 ESPNET-ST | Own | Constrained 217 18.2 30.6
APPTEK | Own | Constrained | 23.1 FBK Own  Constrained 216 18.4 30.6
NIUTRANS Own  Constrained 22.8 OPPO Given | Constrained 21.5 17.8 30.2
OPPO Given | Constrained 226 ESPNET-ST Own  Constrained il 2 193 314
VOLCTRANS | Given | Constrained 222 NIUTRANS Own  Consirained 206 19.6 303
Vvus Given | Constrained 13.7 VvUS Given | Constrained 15.3 12.4 20.9
BUT Given | Unconstrained 114 BUT Given | Unconstrained 11.7 9.8 16.1
L1 Given | Constrained 0.2 L1 Given | Constrained 3.6 2.7 4.8

Results on “original” blind test set; similar lengths to dev data Results on new blind test set w/ shorter references (different annotation guidelines)



Hmm.
We had the same
experience before...
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Joint CTC/Attention for ASR [Kim+ (2017), Hori+ (2017), Watanabe+ (2017)]
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Joint CTC/Attention for ASR [Kim+ (2017), Hori+ (2017), Watanabe+ (2017)]
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Joint CTC/Attention for ASR [Kim+ (2017), Hori+ (2017), Watanabe+ (2017)]
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More robust input/output alignment of attention
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Let’'s Apply Joint CTC/Attention Architecture to Speech Translation

Hierarchical Encoding (ASR—ST)

Just attaching the CTC branch (!?)

SrcCTC

EEEiE)

L = LsrccTe + M1 Lr1srete + A2LArTN
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Let’'s Apply Joint CTC/Attention Architecture to Speech Translation

Hierarchical Encoding (ASR—ST)

l Decoder l

E [:.}9* coe piOt HTgtCTC;
= ¥
§N3 *  Conformer Layers

e (s 1g® (SreCTC
7
g ;
% L
%
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L = LsrccTe + M1 LT1srcTe + A2 LArTN

But wait ... CTC is I"#'$"#%& and ST requires re-ordering




Part 1: Controlling ST output lengths via joint CTC/attention

Joint CTC/Attention Architecture

Hierarchical Encoding (ASR—ST)
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o Final encoder representations become
monotonic w.r.t. target translations
o Decoder source attention patterns:

Baseline
Joint CTC/Attention
Outpat
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Joint CTC/Attention Architecture
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Joint CTC/Attention Decoding: 2 Synchronous Methods

Algorithm 2 Quiput-Synchronous Step Function:
attentional decoder proposes candidates to expand
hypotheses which are all of /-length at step /.

1: procedure OUTPUTSTEP(prtHs, X, [, p, maxL)

2 newPrtHs = {}; endHs = {}

- for y,.._, € prtHs do

4: attnCnds = top-k(Pam(yi| X, v1.1-1),.k = p)
i for c € attnCnds do

Hypothesis
6: Vit =Yru-19¢C Expansion
7: lacrc = CTCScore(y1.1, X1.7)|
8: aam = AttnScore(y1.1, X1.1) Joint
9: B = LengthPen(y.1) Scoring
10: Paeam(y1:1|X) = acrc + 0am + 8
11: if (cis <eos>) or (I is max L) then
12: endHs[y;./] = Paeam(-) End
13: else Detection
14: newPrtHs[y:.;] = Paeam(-)
L3t end if
16: end for
17: end for

18: return newPrtHs, endHs
19: end procedure

I"I#$%& (J#+ Y& M HISNE& () -& $H&IOID&2&+2(,/#
SAHS&IS. (B(/TH-4$,2-&*&*H#, H(/+, %% &+2#.&/72-
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Joint CTC/Attention Decoding: 2 Synchronous Methods

Algorithm 2 Output-Synchronous Step Function: Algorithm 3 Input-Synchronous Step Function:
attentional decoder proposes candidates to expand CTC proposes candidates to expand hypotheses
hypotheses which are all of /-length at step /. which are all produced from ¢ input units at step .
1: procedure OUTPUTSTEP(prtHs, X, [, p, maxL) 1: procedure INPUTSTEP(prtHs, X, {,p, T)
2 newPrtHs = {}; endHs = {} 2: newPrtHs = {}; endHs = {}
3 for y,.,—1 € prtHs do 3 CTCCnds = top-k(Pecrc(z:|X), k = p)
4: attnCnds = top-k( Paum (yt| X, v1:1-1),k = p) 4: for y € prtHs do
St for ¢ € attnCnds do L for c € CTCCnds do
6: if (cis @) or (cis y[-1]) then
Hypothesis _ 7: =1
6: Vit = Y1 Expansion 8: else
9: y=ydc
10: end if
7: |acre = CTCScore(y1.1, X1.7)| 11: acrc = CTCScore(y, X1:t)
8: aam = AttnScore(yi:1, X1.1) Joint 12: aun = AttnScore(y, X1.1)
9: 8 = LengthPen(y;.;) Scoring  13: B = LengthPen(7)
10: Paeam(Y1:1| X) = acre + aam + B 14: Paean (9] X) = actc + aanx + 8
11: if (c is <eos>) or (I is maxL) then 15: |if £ is T then |
12: endHs[y1.1] = Paeam(*) End 16: endHs[j] = Pgean(")
13: else Detection 17: else
14: newPrtHs[y1.1] = Paeam(+) 18: newPrtHs([j] = Pgeam(-)
15: end if 19: end if
16: end for 20: end for
17: end for 21: end for
18: return newPrtHs, endHs 22: return newPrtHs, endHs
19: end procedure 23: end procedure
M#S%& B+, % & H #!1$%&' () -&.$#&/010&2&+2(,/# "l #1$3%8&'()-5/0.&*#&/0 10&28&+2(,/#34#

SAHS&IS. (B(/TH-4$,2-&*&*H#, H(/+, %% &+2#.&/72- +,1*89(/TH#5. #(/$82# %598*
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Joint CTC/Attention: Robust End-Detection
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Carefully tuning length penalty may not be necessary!
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Joint CTC/Attention: Results

Attention-Only vs. CTC/Attention (BLEU)

B Attention-Only [l CTC/Attention
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Goodbye overturning!

Child Dialect testl test2
ID Type Model Name System(s) Transfer BLEU({) BLEU(1)
Cl Cascade ASR Mixing Cascade Al,Bl1 X 16.4 -
Cc2 Cascade + ASR Rover Comb. A2,Bl1 X 16.7 -
C3 Cascade + MT Posterior Comb. A2,B2 X 17.5 18.6
C4 Cascade ASR Mixing Cascade A3,B3 v 17.3 -
C5 Cascade + ASR Rover Comb. A4,B3 e 174 -
C6 Cascade + MT Posterior Comb. A4,B4 e 17.9 19.4
D1 E2EST Hybrid Multi-Decoder - X 17.7 -
D2 Mix + ROVER Intermediates A2 X 18.1 19.1
D3 Mix + ST/MT Posterior Comb. A2, B5 X 18.7 19.7
D4 E2EST Hybrid Multi-Decoder - v 18.2 -
D5 Mix + ROVER Intermediates A4 v 18.3 19.5
D6 Mix + ST/MT Posterior Comb. A4, B5 v 18.9 19.8
E1 Mix Min. Bayes-Risk Ensemble C3,D3 X 19.2 20.4
E2 Mix Min. Bayes-Risk Ensemble C6,D6 v 19.5 20.8

Table 3: Results of our cascaded, E2E, and integrated cascaded/E2E systems as measured by BLEU score on
the blind test2 and provided testl sets. Dialect Transfer indicates the use of either MGB2 or OPUS data. Rover,
posterior combinations, and minimum bayes-risk ensembling were applied to both cascaded and E2E systems, with
Child System(s) indicating the inputs to the resultant systems combinations.

CMU’s IWSLT 2022 Dialect Speech Translation System, Yan et al., IWSLT 2022

I"H$%" &' &(S)**+#%,$-./)$-'(-$
0+##)1.%'+8&$2'%-$%-)$31'&4$%),%$,)%$
3"4#1$6
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Goodbye overturning!

Team / Condition / System Architecture | Training Data BLEU | A
CMU / basic/ E1 Mix TA/EN 20.4 -
CMU / dialect adapt / E2 Mix TA/EN + MSA/EN 20.8 | 0.4
JHU / basic / primary Cascaded TA/EN 17.1 -
JHU / dialect adapt / primary Cascaded TA/EN + MSA/EN 189 | 1.8
ON-TRAC / basic /primary End-to-End | TA/EN 12.4 -
ON-TRAC / unconstrained / post-eval | Cascaded TA/EN + MSA/EN 144 | 2.0

Table 6: Summary of select systems for Dialect Shared Task (BLEU on test2). We highlight the BLEU improve-
ments (A) obtained when training with additional MSA/English data compared with just the Tunisian/English
(TA/EN) in the basic condition.

"#P%HP&'&() &P +'%&", &F+-%+#).+/0,"1,"2$+&3+%4-+
56789+:;::+<=#)(#%,&"+>#?'#,2". [+ @A&B--1,"2$+&3+
%4-+CD%4+5"%-A"#%,&"#)+>&"3-A-"B-+&"+7'&E-"+
BH#'"2(H#2-+9AH"B)#%,&"+F56789+:;::G.+:;:..

7)$(+9%$%-)$&'0)$#),"1%$%-', $%'B)$
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e CMU’s IWSLT 2022 Dialect Speech Translation System

@)

o Part 2: Controlling/explaining ST via searchable ASR intermediates
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Better Speech Translation via Better Speech Recognition
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Transcript Translation Transcript Translation
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ASR Dec ST Dec ASR Dec MT Dec
ASR Enc ASR Enc MT Enc
1 i I
o et -t
ASR and ST decodings Better transcription likely

are independent / parallel to yield better translation
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Better Speech Translation via Better Speech Recognition
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~/011.23)3 i ?911@2A.<B.CDC i 471821D.GBH.I1D2J0CCD/2
45627182#91:0".<=> | § K/DGLDCO..D<>2
Transcript Translation Transcript Translation Transcript Translation
ASR Dec ST Dec ASR Dec MT Dec | ASRDec MT Dec
ASR Enc ASR Enc MT Enc | ASREnc MT Enc
ALt «u-,”u- § Al w—’”H- - w—!”H-
ASR and ST decodings % Better transcription likely | Can we make an E2E

are independent / parallel | to yield better translation | differentiable cascade?
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ASR Decoder State
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Multi-Decoder with Searchable Hidden Intermediates
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Multi-Decoder with Searchable Hidden Intermediates
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Multi-Decoder with Searchable Hidden Intermediates
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Multi-Decoder with Searchable Hidden Intermediates
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Part 2: Controlling/explaining ST via searchable ASR intermediates

CMU'’s IWSLT 2022 Dialect Speech Translation System, Yan et al., IWSLT 2022

Multi-Decoder with Searchable Hidden Intermediates

IWSLT22 Dialectal Ta-En BLEU

20

BLEU

Vanilla E2E Multi-Decoder  Multi-Decoder
(Strategy 1) (Strategy 2)

2
%M  $(&

$)&%

Cascade Cascade
(Strategy 1) (Strategy 2)

7
$(&*

We can guide ASR hidden intermediate
retrieval using external models!

Strategy 1:
Beam search over ASR output w/ use of
external models (e.g. LM, CTC)

Strategy 2:
Use of post-processing to improve ASR
output (e.g. ROVER ensembling)




Today’s Talk

e Explainable E2E Speech Translation via Operation Sequence Generation

o Part 3: Explaining ST via word-level ASR alignments



Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $46"&'(

Which one is more explainable?

| really need it

FAH)H+"--1+,% 5BA+IAH#(BA-+1#$+],AE),BA |
SrAH) 0 ( $+IAE) | Ich brauche das wirklich

- »W - »»w



Part 3: Explaining ST via word-level ASR alignments

Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $6"&'(

Word-Level Speech Translation Explanations

-/011.23)3
45627182#91:Q".<=>

5+A-#))H+"--1+,% 5B4+IA#(B4-+1#$+J,AE), B4

T T

ASR Dec ST Dec

A

ASR Enc

|
Tarens w—'»w

ASR and ST decodings
are independent / parallel

3NO1.0/.11D23)3

| really need it

Ich brauche das wirklich

T

Dec

4

Enc

|
AL w—'»w

Can we simultaneously generate ASR/ST
predictions +"™()  *+,-,+./+%0#! #$1 ?




Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $46"&'(

Align, Write, Re-order

| really need it

/

Ich brauche das wirklich

Our goal is to get the speech translation result

via this aligned information




Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $46"&'(

Align, Write, Re-order

| really need it

/

Ich brauche das wirklich

(I, [Position A], Ich) (really, [Position B], wirklich) (need, [Position C], brauche) (it, [Position D], das)

!"#$%to serialize




Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $46"&'(

Align, Write, Re-order

| really need it

/

Ich brauche das wirklich

(I, [Position A], Ich) (really, [Position B], wirklich) (need, [Position C], brauche) (it, [Position D], das)

Ich wirklich brauche das

&'#() the aligned (synchronized)

translation result




Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $46"&'(

Align, Write, Re-order

| really need it

/

Ich brauche das wirklich

(I, [Position A], Ich) (really, [Position B], wirklich) (need, [Position C], brauche) (it, [Position D], das)
Ich wirklich brauche das

Ich brauche das wirklich

*)'|",)I to get the final translation result




Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $6"&'(

Align, Write, Re-order

| really need it

/

Ich brauche das wirklich

(I, [Position A], Ich) (really, [Position B], wirklich) (need, [Position C], brauche) (it, [Position D], das)
Ich wirklich brauche das

Ich brauche das wirklich

« Explainable
« Easy to analyze

« Streamable
» Get the translation result as soon as we get the ASR result




Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $6"&'(

Operation Sequence Generation: Absolute Position

Objective: represent ASR/ST + word-alignment information as a single sequence

Strategy 1:
1 Obtain word-level alignments on training data using statistical aligner (e.g. GIZA++)
1 Define sequence of tuples of (source word, target word .3,+1"%)$9+,'%'+&:$arget word)
1 Insert target words into correct order in post-processing

| really need it
(1, [0], Ich) (really, [3], wirklich) (need, [1], brauche) (it, [2], das)
Ich brauche das wirklich
Absolute position operation sequence

K By predicting target word absolute positions,
we can generating translations out-of-order
(while generating transcriptions in-order)



Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $6"&'(

Operation Sequence Generation: Relative Shift

Strategy 2:
1 Obtain word-level alignments on training data using statistical aligner (e.g. GIZA++)
1 Define sequence of tuples of (source word, target word #)1.%'/)$,-*% target word)
1 Insert target words into correct order in post-processing

Raw System Output (Operation Sequence)

+L1-U$1%  (L%2#.34%$2'15"6 - — | [NO_OP] Ich have [NO_OP] habe spent [SET_MARKER] damit verbracht the [JMP_BWD]

5*&0#,I#$% (,%#;"#<,%=#>725-.3&% 7T#&2#5. @ A#BCDEF die

GHIJIK?L 1no operation

G?M"J;NOPMOL1place write-head marker
GQ;KIRSTLA jump right to next write-head marker
GQ;KJ:STL#1jump left to prev write-head marker
GHIJ?0O!L#1no aligned source word

GHIJ"U"L 1no aligned target word ansiation

GMIKL1end of tuple (not displayed for space) Ich habe die | damit verbracht *

Transcription

| have spent the |

Special thanks to Prof. Graham Neubig



Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $6"&'(

Operation Sequence Generation: Training and Inference

e Training:

o  After the data preparation, we "#$%%$&'()%*®&2E ST Training (only data preparation)
e Inference:

o I"'#$%$&'()%*E2E ST beam search

o  Extract translation results with re-ordering

‘&%) <((=;>>#?#8&3/0?-*&>@4ABC*37?%#+D



https://i.imgur.com/9MT5NoH.gifv

Part 3: Explaining ST via word-level ASR alignments Align, Write, Re-Order: Explainable E2E Speech Translation via Operation Sequence Generation, !"# $6"&'(

Operation Sequence Generation: Results

MuST-C En-De ST BLEU

30

Absolute Position:
Difficult to generalize;
performance lags behind
direct ST models

0

@
Relative Shift:
On-par with direct ST
models — achieves

OreST IASEShon SRS OSSR SRS explainability without
sacrificing performance!
N N Y $
Y Y

PQQ10/D I:GD.LO/R



Takeaways

/(- 96 %{-+010"'20+-*+(*'+3&4"+*+5"+5#&,6%*7"08
G Part 1: CTC alignments stabilize the length problem of autoregressive decoders
G Part 2: External model correction of searchable ASR intermediates improves ST

G Part 3: Word-level explainability does not sacrifice translation quality

We are putting them to ESPnet 33 ESPNet

Let’s work together on Controllable and Explainable E2E Speech Translation!
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