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Outline 

•  End-to-end speech recognition 

•  Hybrid CTC/attention-based end-to-end speech recognition 
–  Multi-task CTC/attention learning (ICASSP’17) 

–  Joint CTC/attention decoding (ACL’17) 
–  Integration with a deep CNN and an RNN-LM (Interspeech’17) 

–  Multi-level language modeling and decoding (ASRU’17) 

•  Multi-lingual multi-speaker end-to-end speech recognition 
–  Multi-lingual end-to-end speech recognition (ASRU’17, ICASSP’18) 
–  Multi-speaker end-to-end speech recognition (ICASSP’18, ACL’18) 
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End-to-end Speech Recognition 

•  Train a deep network that directly maps speech signal to the target 
letter/word sequence 

•  Greatly simplify the complicated model-building/decoding process 
•  Easy to build ASR systems for new tasks without expert knowledge 
•  Potential to outperform conventional ASR by optimizing the entire 

network with a single objective function 
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End-to-end ASR (1) 
Connectionist temporal classification (CTC)  

        [Graves+ 2006, Graves+ 2014, Miao+ 2015] 
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•  Use bidirectional RNNs to predict frame-based labels including blanks 
•  Find alignments between X and Y using dynamic programming 
•  Relying on conditional independence assumptions 
•  Output sequence is not well modeled 

Forward-Backward 
or Viterbi algorithm 
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End-to-end ASR (2) 
Attention-based encoder decoder [Chorowski+ 2014, Chan+ 2015] 
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•  Combine acoustic and language models in a single 
architecture 
–  Encoder: acoustic model 
–  Decoder: language model 
–  Attention: alignment 

•  No conditional independence 
assumption unlike CTC 
–  More precise seq-to-seq model 

•  Attention mechanism allows 
too flexible alignments 
–  Hard to train 

the model 
from scratch 
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Input/output alignment by temporal attention 

HMM or CTC case 

Example of distorted alignment 

Attention model case 

•  Unlike CTC, attention model 
does not preserve order of 
inputs 

•  Our desired alignment in ASR 
task is monotonic 

•  Not regularized alignment 
makes the model hard to learn 
from scratch 

Input
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Hybrid CTC/attention network [Kim+’17] 
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Multitask learning: 
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•  Alignment of one selected utterance from CHiME4 task  

More robust input/output alignment of attention 

Attention Model 

Our joint CTC/attention model 

    Epoch 1                       Epoch 3                        Epoch 5                     Epoch 7                        Epoch 9 

Corrupted! 

Monotonic! 

Input

output

2018 
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Joint CTC/attention decoding [Hori+’17] 
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Joint CTC/attention decoding 
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ˆY = arg max

Y 2V⇤
{� log pctc(Y |X) + (1� �) log patt(Y |X)}

λ: CTC weight 

•  Decoding objective is changed to the CTC/attention 
probability 

•  CTC helps select better hypotheses in the decoding phase 

ˆY = arg max

Y 2V⇤
log patt(Y |X)

V: vocabulary 
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Label-synchronous beam search for decoding 

 

 

2018 11 

↵att(h) = ↵att(g) + log patt(c|g,X)

Attention model score of partial hypothesis h 
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Φ: set of complete hypotheses 
ˆY = argmax

Y 2�
↵att(Y )

<latexit sha1_base64="lPt+3o9EO8e9ZyJ1fVpzWvsqoRA="></latexit><latexit sha1_base64="lPt+3o9EO8e9ZyJ1fVpzWvsqoRA="></latexit><latexit sha1_base64="lPt+3o9EO8e9ZyJ1fVpzWvsqoRA="></latexit><latexit sha1_base64="lPt+3o9EO8e9ZyJ1fVpzWvsqoRA="></latexit>

Recognition output 

h = g · c (g : previous hypothesis, c : next character)
<latexit sha1_base64="HOSBUZy7QVkyFH8d+8NgyZVThA8="></latexit><latexit sha1_base64="HOSBUZy7QVkyFH8d+8NgyZVThA8="></latexit><latexit sha1_base64="HOSBUZy7QVkyFH8d+8NgyZVThA8="></latexit><latexit sha1_base64="HOSBUZy7QVkyFH8d+8NgyZVThA8="></latexit>

Partial hypotheses with low scores are pruned 
(not extended anymore). 
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Decoding strategies 

•  Rescoring approach 
–  1st pass employs the attention decoder using a beam search 

technique 
–  2nd-pass rescores the N-best hypotheses ΦΝ with hybrid CTC/

attention probabilities and select the best hypothesis 

–  Can not save the hypotheses pruned in the 1st pass 

•  One-pass approach 
–  Use the joint CTC/attention probabilities from the beginning of the 

search 

–  Hopefully work with less pruning errors, but we don’t know how to 
compute αctc(h) 
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ˆY = arg max

Y 2�N

{� log pctc(Y |X) + (1� �) log patt(Y |X)}
<latexit sha1_base64="JG9RKLqNy9uFEkC1GYm4+oP9tns="></latexit><latexit sha1_base64="JG9RKLqNy9uFEkC1GYm4+oP9tns="></latexit><latexit sha1_base64="JG9RKLqNy9uFEkC1GYm4+oP9tns="></latexit><latexit sha1_base64="JG9RKLqNy9uFEkC1GYm4+oP9tns="></latexit>
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CTC-based hypothesis score 

CTC prefix probability [Graves’08] 
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Label-synchronous forward algorithm 

CTC-based hypothesis score 

CTC prefix probability [Graves’08] 
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End detection problem 

•  Attention decoder fails to detect the end of sequence 
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End detection problem 

•  Attention decoder fails to detect the end of sequence 
 

 
 
 
 
 
 
 
•  Need to carefully tune the length penalty, max/min lengths… 
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Attention-based hypothesis scores with a length penalty 
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End detection problem 

•  CTC is a good end-point estimator 
  

 
•  CTC/attention decoding does not need any length control 
•  Can terminate decoding earlier by detecting the score peak 
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Experiments 

•  Data sets 
–  HKUST: Mandarin Chinese conversational telephone speech recognition 

•  Training 167 hours, Development 4.8 hours, Evaluation 4.9 hours 
•  Input feature: 80 dim. mel-filterbank + pitch feature 
•  Output labels: 3653 

–  CSJ: Japanese lecture speech transcription task 
•  Training 581 hours, Evaluation: task1: 1.9 hours, task2: 2.0 hours, task3: 

1.3 hours 
•  Input feature: 40 dim. mel-filterbank + delta + delta-delta 
•  Output labels: 3315 

•  Models 
–  Encoder – 4 layer BLSTM (320 cells) 
–  Decoder – 1 layer LSTM (320 cells) with location-based attention 

mechanism 

2018 18 
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Impact of CTC weight 

•  CTC weight (λ) vs. Character error rate 
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Example of recovering insertion errors (HKUST) 
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id: (20040717_152947_A010409_B010408-A-057045-057837) 
Reference 
但 是 如 果 你 想 想 如 果 回 到 了 过 去 你 如 果 带 着 这 个 现 在 的 记 忆 是 不 是 很 痛 苦 啊 

Hybrid CTC/attention (w/o joint decoding) 
Scores: (#Correctness #Substitution #Deletion #Insertion) 28 2 3 45 
但 是 如 果 你 想 想 如 果 回 到 了 过 去 你 如 果 带 着 这 个 现 在 的 节 如 果 你 想 想 如 果 回 到 了 过 去 
你 如 果 带 着 这 个 现 在 的 节 如 果 你 想 想 如 果 回 到 了 过 去 你 如 果 带 着 这 个 现 在 的 机 是 不 是 
很 ・ ・ ・ 
w/ Joint decoding 
Scores: (#Correctness #Substitution #Deletion #Insertion) 31 1 1 0 
HYP:  但 是 如 果 你 想 想 如 果 回 到 了 过 去 你 如 果 带 着 这 个 现 在 的 ・ 机 是 不 是 很 痛 苦 啊 
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Example of recovering deletion errors (CSJ) 
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id: (A01F0001_0844951_0854386) 
Reference 
ま	 た	 え	 飛	 行	 時	 の	 エ	 コ	 ー	 ロ	 ケ	 ー	 シ	 ョ	 ン	 機	 能	 を	 よ	 り	 詳	 細	 に	 解	 明	 す	 る	 為	 に	 超	 小	 型	 マ	 イ	 

ク	 ロ	 ホ	 ン	 お	 よ	 び	 生	 体	 ア	 ン	 プ	 を	 コ	 ウ	 モ	 リ	 に	 搭	 載	 す	 る	 こ	 と	 を	 考	 え	 て	 お	 り	 ま	 す	 そ	 う	 す	 
る	 こ	 と	 に	 よ	 っ	 て 

Hybrid CTC/attention (w/o joint decoding) 
Scores: (#Correctness #Substitution #Deletion #Insertion) 30 0 47 0 
ま	 た	 え	 飛	 行	 時	 の	 エ	 コ	 ー	 ロ	 ケ	 ー	 シ	 ョ	 ン	 機	 能	 を	 よ	 り	 詳	 細	 に	 解	 明	 す	 る	 為	 ・	 ・	 ・	 ・	 ・	 ・	 
・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 ・	 
・	 ・	 ・	 に	 ・	 ・	 ・ 

w/ Joint decoding 
Scores: (#Correctness #Substitution #Deletion #Insertion) 67 9 1 0 
ま	 た	 え	 飛	 行	 時	 の	 エ	 コ	 ー	 ロ	 ケ	 ー	 シ	 ョ	 ン	 機	 能	 を	 よ	 り	 詳	 細	 に	 解	 明	 す	 る	 為	 に	 長	 国	 型	 マ	 イ	 
ク	 ロ	 ホ	 ン	 お	 ・	 い	 く	 声	 単	 位	 方	 を	 コ	 ウ	 モ	 リ	 に	 登	 載	 す	 る	 こ	 と	 を	 考	 え	 て	 お	 り	 ま	 す	 そ	 う	 す	 
る	 こ	 と	 に	 よ	 っ	 て	 
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Comparison with rescoring approach 

•  Real-time Factor vs. Character Error Rate 
–  with a single CPU (Intel(R) Xeon(R) processors, E5-2690 v3, 2.6 GHz) 
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Extended CTC/attention network [Hori+’17] 

(1) Connectionist Temporal Classification (CTC) 
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Extended CTC/attention network [Hori+’17] 

(1) Connectionist Temporal Classification (CTC) 
(2) Recurrent Neural Network Language Model (RNN-LM) 
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Extended CTC/attention network [Hori+’17] 

(1) Connectionist Temporal Classification (CTC) 
(2) Recurrent Neural Network Language Model (RNN-LM) 
(3) Deep CNN encoder 

(CNN: Convolutional Neural Network) 
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(1) Connectionist Temporal Classification (CTC) 
(2) Recurrent Neural Network Language Model (RNN-LM) 
(3) Deep CNN encoder 
(4) Multi-level LM 

Extended CTC/attention network [Hori+’17] 
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(1) Connectionist Temporal Classification (CTC) 
(2) Recurrent Neural Network Language Model (RNN-LM) 
(3) Deep CNN encoder 
(4) Multi-level LM 

Extended CTC/attention network [Hori+’17] 
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(2) RNN-LM integration 

•  Log-probability combination with interpolation weight γ
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(2) RNN-LM integration 

•  Logit-level combination without interpolation weights 
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(1) Connectionist Temporal Classification (CTC) 
(2) Recurrent Neural Network Language Model (RNN-LM) 
(3) Deep CNN encoder 
(4) Multi-level LM 

Extended CTC/attention network [Hori+’17] 

2018 30 

Deep CNN (VGG net) 

BLSTM 

CTC 

yl 

xt x1 xT …… …… 

…… …… 

Shared 
Encoder 

Joint 
Decoder Attention Decoder RNN-LM 

yl-1 

(1) 

(3) 

(2) 
RNN-LM can be  
considered a part of  
the decoder network 

(4) 
Word RNN-LM 



© MERL 

MITSUBISHI ELECTRIC RESEARCH LABORATORIES

(3) Deep CNN – VGG Net [Simonyan+’14] 
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Effect of extended models in HKUST task 
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Effect of extended models in CSJ task 
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Comparison with conventional ASR systems 

•  Character Error Rate (%) in HKUST task 

•  Character Error Rate (%) in CSJ task 
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Models Dev. Eval 
Our best model 29.1 28.0 
DNN/HMM - 35.9 
LSTM/HMM + speed perturb. - 33.5 
CTC with language model (Miao et al. 2016) - 34.8 
TDNN/HMM, lattice-free MMI + speed perturb. 
(Povey et al., 2016) 

- 28.2 

Models Task 1 Task 2 Task 3 
Our best model 7.9 5.8 6.7 
DNN/HMM (Moriya et al., 2015) 9.0 7.2 9.6 
CTC-syllable (Kanda et al., 2016) 9.4 7.3 7.5 
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(1) Connectionist Temporal Classification (CTC) 
(2) Recurrent Neural Network Language Model (RNN-LM) 
(3) Deep CNN encoder 
(4) Multi-level LM 

Extended CTC/attention network [Hori+’17] 
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Deep CNN (VGG net) 

BLSTM 

CTC 

yl 

xt x1 xT …… …… 

…… …… 

Shared 
Encoder 

Joint 
Decoder Attention Decoder RNN-LM 

yl-1 

(1) 

(3) 

(2) 
RNN-LM can be  
considered a part of  
the decoder network 

(4) 
Word RNN-LM 
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Problem of character-based prediction 

•  End-to-end ASR is usually designed to generate character 
sequences 
–  No explicit word boundaries in some languages 
–  Training acoustic-to-word mapping is hard (need huge data) 

•  General approaches 
–  N-gram LM+ WFST approach [Miao+ 2015, Chorowsky+ 2015] 

•  Difficult to incorporate RNN-LMs 
•  No treatment for out-of-vocabulary (OOV) words 

–  Character-based RNN-LM [Hori+ 2017] 
•  Can perform open vocabulary ASR 
•  Character LMs under-performs word LMs if large text corpus is available 

Our approach 
Multi-level LMs to incorporate word-based RNN-LMs 
while keeping open-vocabulary ASR 

2018 



© MERL 

MITSUBISHI ELECTRIC RESEARCH LABORATORIES

Basic concept 

37 

•  Decoding with character-level LM scores 

 

•  Apply LM scores at both the character and word levels 

ˆC = arg max

C2U⇤
{� log pctc(C|X) + (1� �) log patt(C|X)

+ � log plm(C)}

<sos> 

c a 

t 

t 

h 

e 

t <space> 

x t 

e 

<eos> 

a Output labels 

a 
<space> 

scoring with character RNN-LM 

rescoring with word RNN-LM 

Proposed approach 
pclm(a|a,<space>,c)

pwlm(cat|a)/pclm(c,a,t|a,<space>)

2018 
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Character-based probability using word-based 
RNN-LM 

38 

Finite-State Transducer (WFST), and used for decoding [16, 17].
The WFST framework efficiently handles frame-synchronous or
label-synchronous decoding with the optimized search network and
reduces the word error rate [18, 19]. However, this approach is
not suitable for RNN-LMs because an RNN-LM cannot be repre-
sented as a static state network. In addition, we lose the benefit of
open-vocabulary property given by the character-based architecture.

In this paper, we extend the character-based decoding to enable
open-vocabulary end-to-end ASR with a word-level RNN-LM. We
consider that the character-based systems can predict space charac-
ters between words as well as letters within word. Note that the
space character has an actual character code, which is different from
the CTC’s blank symbol. With the space characters, it is possible
to deterministically map any character sequence to a word sequence,
e.g. character sequence

a <space> c a t <space> e a t s

is mapped to a unique word sequence

a cat eats

where <space> formally represents the space character. Accord-
ingly, only when the decoder hypothesizes a space character, it com-
putes the probability of the last word using the word-level RNN-LM
and simply accumulates it to the hypothesis score. No special treat-
ment is necessary for different types of homonyms: words with the
same spelling but different pronunciation are handled in a context-
dependent way by the word language model, whereas words with the
same pronunciation but different spellings are automatically handled
as different word hypotheses in the beam search. Similarly, ambigu-
ous word segmentations are automatically handled as different de-
coding hypotheses.

The proposed mechanism can be implemented by modifying the
character-level LM probabilities as follows. Let V be the vocabulary
of the word-level RNN-LM and be including an abstract symbol of
OOV word such as <UNK>. We compute the conditional character
probabilities in Eq. (16) as

plm(c|g) =

8
><

>:

pwlm(wg| g)
pclm(wg | g)

if c 2 S,wg 2 V
pwlm(<UNK>| g)

˜

� if c 2 S,wg 62 V
pclm(c|g) otherwise

(17)

where S denotes a set of labels that indicate the end of word, i.e.
S = {<space>,<eos>}, wg is the last word of the character se-
quence g, and  g is the word-level history, which is the word se-
quence corresponding to g excluding wg . For the above example, g,
wg , and  g are set as

g = a,<space>,c,a,t,<space>,e,a,t,s

wg = eats

 g = a,cat.

˜

� is a scaling factor used to adjust the probabilities for OOV words.
The first condition on the right-hand side of Eq. (17) is used

when the character c indicates the end of the previous word. In this
case, the word-level probability pwlm(wg| g) is computed using the
word-level RNN-LM. The denominator pclm(wg| g) is the probabil-
ity of wg obtained by the character-level RNN-LM and used to can-
cel the character-based LM probabilities accumulated for wg . The
probability can be computed as

pclm(wg| g) =

|wg |Y

i=1

pclm(wg,i| gwg,1 · · ·wg,i�1), (18)

where |wg| is the length of word wg in characters and wg,i indicates
the i-th character of wg . The second term, pwlm(<UNK>| g) acts
as a weight on the character-level LM and ensures that the combined
language model is normalized over character sequences both at word
boundaries and in-between.

If wg is an OOV word as in the second condition, we assume
that a word-level probability for the OOV word can be computed
with the word and character-level RNN-LMs as

poov(wg| g) = pwlm(<UNK>| g)pclm(wg|<UNK>, g). (19)

Since the character-level probability satisfies

pclm(wg|<UNK>, g) / pclm(wg| g), (20)

we approximate it as

pclm(wg|<UNK>, g) =
pclm(wg| g)

1�
P

w2V pclm(w| g)
(21)

= �( g) pclm(wg| g) (22)

⇡ ˜

� pclm(wg| g), (23)

and obtain

poov(wg| g) = pwlm(<UNK>| g)
˜

� pclm(wg| g), (24)

where we assume the scaling factor �( g) =
˜

�, and set it as a tun-
able parameter. In the second condition of Eq. (17), character-based
probability pclm(wg| g) is eliminated since it is already accumulated
for the hypothesis. This term allows to predict OOV words as well
as in-vocabulary words and enables open-vocabulary ASR.

The third case gives the character-level LM probabilities to the
hypotheses within a word. Although the character-level LM proba-
bilities are canceled at the end of every known word hypothesis and
so are only used to score OOV words, they serve another impor-
tant role in keeping the correct word hypotheses active in the beam
search until the end of the word where the word-level LM probability
is applied.

Finally, the log probability of sentence-end label <eos> is
added to the log probability of each complete hypothesis g0 as

↵(g

0
) = ↵(g) + � log pwlm(<eos>| gwg) (25)

in the beam search process.

4. EXPERIMENTS

We evaluate our proposed method with the Wall Street Journal (WSJ)
corpus, which is a well-known English clean speech database [20,
21]. We used the si284 data set for training, the dev93 data set for
validation, and the eval92 data set for evaluation. The data sets are
summarized in Table 1.

Table 1. WSJ data sets used for evaluation
# utterances Length (h)

Training (WSJ1 si284) 37,416 80
Validation (dev93) 503 1.1
Evaluation (eval92) 333 0.7

As input features, we used 80 mel-scale filterbank coefficients
with pitch features and their delta and delta delta features for the

S : set of word boundary characters

V : vocabulary of word LM

g : hypothesis

wg : last word of g

 g : history of wg

�̃ : adjustment term for OOVs

{<space>,<eos>,...}

a,<space>,c,a,t,<space>,e,a,t,s

eats

a,cat

! �̃
2018 

p
wlm

(w
oov

| g) = p
wlm

(<UNK>| g)pclm(woov

|<UNK>, g)
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Experiments 
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•  Wall Street Journal (WSJ) corpus 
–  Training:  80 hours (SI284), Development: 1.1 hours (dev93),  

Evaluation:  0.7 hours (eval92) 
–  Input:  80 dim. mel-filterbank + pitch feature (+d, +dd)  
–  Output:  32 distinct labels (26 char + apostrophe, period, …, 

<space>, <sos>/<eos>) 

•  Models 
–  Encoder: 6-layer CNN + 4-layer BLSTM (320 cells) 
–  Decoder: 1-layer LSTM (320 cells) with location-based attention 

mechanism 
–  RNN-LMs: 1-layer LSTM (1000 cells), trained with WSJ text 

Vocabulary size of word LM: 20,000 

2018 
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Effect of language models 
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–  No error reduction with only word LM even if increasing the beam width 
–  Character LM helps find better hypotheses for word LM 

2018 
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Comparison with other approaches 

41 

HMM/DNN + sMBR + word 3-gram LM 6.4 3.6 
HMM/DNN + sMBR + word RNN-LM 5.6 2.6 

Models dev93 eval92 
Attention model + word 3-gram LM 
[Bahdanau 2016] 

- 9.3 

CTC + word 3-gram LM [Graves 2014] - 8.2 
CTC + word 3-gram LM [Miao 2015] - 7.3 
Attention model + word 3-gram LM 
[Chorowski 2016] 

9.7 6.7 

This work 9.6 5.6 

2018 



© MERL 

MITSUBISHI ELECTRIC RESEARCH LABORATORIES

Toward multi-lingual multi-speaker 
end-to-end speech recognition 

•  End-to-end direct optimization extends 
the scope of potential application use 
cases by training the model for multiple 
objectives. 

•  Aim at single system encompassing 
multi-source separation and 
understanding 

•  Investigate the capability of multi-lingual 
multi-speaker end-to-end speech 
recognition 

 

2018 42 

Single deep 
network 



© MERL 

MITSUBISHI ELECTRIC RESEARCH LABORATORIES

2018 43 

Single Deep Network 

Deep CNN (VGG net) 

BLSTM 

CTC 

yl 

xt x1 xT …… …… 

…… …… 

Shared 
Encoder 

Joint 
Decoder Attention Decoder RNN-LM 

yl-1 

Multi-lingual end-to-end speech recognition 

•  Monolithic end-to-end multi-lingual ASR system  
–  Build a simple, robust model without expert knowledge. 
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Multi-lingual end-to-end speech recognition 
[Watanabe+’17, Seki+’18] 

•  Learn a single model with multi-language data (10 languages) 
•  Joint language identification and speech recognition 

2018 44 
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ASR performance for 10 languages 

•  Comparison with language dependent systems 
•  One language per utterance (w/o code switching) 

2018 45 
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Data generation for multi-lingual code-switching speech	

2018 46 

Corpus	 Original	 Generated	

WSJ	 English	 81.5	 87.4	

CSJ	 Japanese	 216.3	 149.1	

HKUST	 Mandarin	 170.1	 114.9	

Voxforge	

German	 45.7	 64.6	

Spanish	 40.3	 61.6	

French	 29.6	 57.9	

Italian	 15.8	 35.7	

Dutch	 8.4	 23.6	

Portuguese	 3.0	 9.0	

Russian	 12.0	 18.5	

Total	 622.7	 622.3	

Duration (hours) of training data.	

EN JP DE 

utt1 utt2 utt3 

... ... 

Code-switching speech: 	

Concatenation of utterances from 10 
language corpora 
1)  Select number to concat. (1, 2, or 3) 
2)  Sample language and utterance: 

–  P(lang): proportional to corpus duration w/ 
flooring 

–  P(utt): uniform distribution 

3)  Repeat generation to reach the 
duration of the original corpora 
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Recognition of speech with code-switching 	
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•  Character Error Rate (%) on the generated evaluation set.	

language-independent networks 

Flat start on 
generated data 

First train on 
original without 
code-switching,  
then retrain on 
generated data with 
code-switching 

Trained without 
code-switching 
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Multi-speaker end-to-end speech recognition 
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Single Deep Network 

Deep CNN (VGG net) 
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yl-1 

Separation network Mixed 
speech 

ASR speaker 1 

ASR speaker 2 
ASR speaker N …… 

Joint separation and recognition with a single end-to-end deep network 
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•  Combine Chimera++ separation net 
and the CTC/Attention recognition 
net in an end-to-end framework 

 

End-to-end speech separation & recognition 
[Shane+18] 

speech  estimate 1 

49 

speech  estimate 2 

speech mixture 

2018 

CTC ATT CTC 

RECOGNITION LOSS 

ASR ENCODER ASR ENCODER 

ASR 
ATT 

SEPARATION LOSS 

SEPARATION 
ENCODER 

DEEP CLUSTERING MASK INFERENCE SS 

okay great 

great okay 

Use separation loss 
for pre-training SS 
and resolving 
permutation 
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Joint separation & recognition experiments 

2018 50 

Fine-tuning CLN-ASR-PT IBM-ASR-PT 
SS ASR Loss dev CER (%) eval CER (%) dev CER (%) eval CER (%) 

NO NO - 34.1 32.0 24.2 23.1 
NO YES ASR 18.9 18.0 18.7 17.9 
YES YES SS+ASR 16.3 15.4 14.0 13.9 
YES YES ASR 13.3 13.2 13.6 13.4 

Training Test eval CER (%) 
CLN CLN 6.6 
IBM IBM 9.0 
CLN MIX 79.1 

Oracle and baseline CER results (%) (w/ char LM) 

Proposed method, CER results (%) (w/ char LM) 
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Purely end-to-end approach [Seki+, accepted to ACL’18]  

–  Not use any explicit separation 
network 

–  Incorporate implicit separation via 
speaker-differentiating (SD) 
encoders followed by a shared 
recognition encoder 

–  Transcript-level permutation-free loss 

–  No need for target speech in training 
–  Negative KL loss helps separate  

speaker-differentiating encodings 
2018 51 

CTC Attention 
decoder 

SD encoder 1 

mixture encoder 

SD encoder 2 

ASR encoder ASR encoder 

input mixture 

LKL 

CTC Attention 
decoder 

Resolve permutation and backprop 

references, thus allowing the network to generate
multiple independent hypotheses from a single-
channel speech mixture. When a speech mixture
contains speech uttered by S speakers simulta-
neously, the network generates S label sequence
variables Y s = (ys

1

, . . . , ysNs
) with Ns labels from

the T -frame sequence of D-dimensional input fea-
ture vectors, O = (ot 2 RD|t = 1, . . . , T ):

Y s ⇠ gs(O), s = 1, . . . , S, (12)

where the transformations gs are implemented as
neural networks which typically share some com-
ponents with each other. In the training stage, all
possible permutations of the S sequences Rs =
(rs

1

, . . . , rsN 0
s
) of N 0

s reference labels are consid-
ered (considering permutations on the hypotheses
would be equivalent), and the one leading to min-
imum loss is adopted for backpropagation. Let P
denote the set of permutations on {1, . . . , S}. The
final loss L is defined as

L = min
⇡2P

SX

s=1

Loss(Y s, R⇡(s)), (13)

where ⇡(s) is the s-th element of a permutation
⇡. For example, for two speakers, P includes two
permutations (1, 2) and (2, 1), and the loss is de-
fined as:

L = min(Loss(Y 1, R1) + Loss(Y 2, R2),

Loss(Y 1, R2) + Loss(Y 2, R1)). (14)

Figure 1 shows an overview of the proposed
end-to-end multi-speaker ASR system. In the fol-
lowing Section 3.2, we describe an extension of
encoder network for the generation of multiple
hidden representations. We further introduce a
permutation assignment mechanism for reducing
the computation cost in Section 3.3, and an ad-
ditional loss function LKL for promoting the dif-
ference between hidden representations in Sec-
tion 3.4.

3.2 End-to-end permutation-free training
To make the network output multiple hypotheses,
we consider a stacked architecture that combines
both shared and unshared (or specific) neural net-
work modules. The particular architecture we con-
sider in this paper splits the encoder network into
three stages: the first stage, also referred to as
mixture encoder, processes the input mixture and

Figure 1: End-to-end multi-speaker speech recog-
nition. We propose to use the permutation-free
training for CTC and attention loss functions
Lossctc and Lossatt, respectively.

outputs an intermediate feature sequence H; that
sequence is then processed by S independent en-
coder sub-networks which do not share param-
eters, also referred to as speaker-differentiating
(SD) encoders, leading to S feature sequences Hs;
at the last stage, each feature sequence Hs is inde-
pendently processed by the same network, also re-
ferred to as recognition encoder, leading to S final
high-level representations Gs.

Let u 2 {1 . . . , S} denote an output index (cor-
responding to the transcription of the speech by
one of the speakers), and v 2 {1 . . . , S} de-
note a reference index. Denoting by Encoder

Mix

the mixture encoder, Encoderu
SD

the u-th speaker-
differentiating encoder, and Encoder

Rec

the
recognition encoder, an input sequence O corre-
sponding to an input mixture can be processed by
the encoder network as follows:

H = Encoder
Mix

(O), (15)
Hu = Encoderu

SD

(H), (16)
Gu = Encoder

Rec

(Hu). (17)

The motivation for designing such an architecture
can be explained as follows, following analogies
with the architectures in (Isik et al., 2016) and
(Settle et al., 2018) where separation and recog-

S: number of speakers        Y: network output 
P: possible permutations    R: reference 
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Purely end-to-end approach [Seki+, accepted to ACL’18]  
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Figure 2: Visualization of the two hidden vector sequences at the output of the split-by-BLSTM encoder
on a two-speaker mixture. (a,b): Generated by the model without the negative KL loss. (c,d): Generated
by the model with the negative KL loss.

Table 6: Comparison with conventional ap-
proaches

METHOD WER (%)
DPCL + ASR (ISIK ET AL., 2016) 30.8
Proposed end-to-end ASR 28.2
METHOD CER (%)
END-TO-END DPCL + ASR (CHAR LM)

(SETTLE ET AL., 2018) 13.2
Proposed end-to-end ASR (char LM) 14.0

5 Related work

Several previous works have considered an ex-
plicit two-step procedure (Hershey et al., 2016;
Isik et al., 2016; Yu et al., 2017; Chen et al., 2017,
2018). In contrast with our work which uses a sin-
gle objective function for ASR, they introduced an
objective function to guide the separation of mixed
speech.

Qian et al. (2017) trained a multi-speaker
speech recognizer using permutation-free training
without explicit objective function for separation.
In contrast with our work which uses an end-to-
end architecture, their objective function relies on
a senone posterior probability obtained by align-
ing unmixed speech and text using a model trained
as a recognizer for single-speaker speech. Com-
pared with (Qian et al., 2017), our method di-
rectly maps a speech mixture to multiple character
sequences and eliminates the need for the corre-
sponding isolated speech sources for training.

6 Conclusions

In this paper, we proposed an end-to-end multi-
speaker speech recognizer based on permutation-

free training and a new objective function pro-
moting the separation of hidden vectors in order
to generate multiple hypotheses. In an encoder-
decoder network framework, teacher forcing
at the decoder network under multiple refer-
ences increases computational cost if implemented
naively. We avoided this problem by employing
a joint CTC/attention-based encoder-decoder net-
work.

Experimental results showed that the model is
able to directly convert an input speech mixture
into multiple label sequences under the end-to-end
framework without the need for any explicit inter-
mediate representation including phonetic align-
ment information or pairwise unmixed speech. We
also compared our model with a method based
on explicit separation using deep clustering, and
showed comparable result. Future work includes
data collection and evaluation in a real world
scenario since the data used in our experiments
are simulated mixed speech, which is already ex-
tremely challenging but still leaves some acous-
tic aspects, such as Lombard effects and real room
impulse responses, that need to be alleviated for
further performance improvement. In addition,
further study is required in terms of increasing
the number of speakers that can be simultane-
ously recognized, and further comparison with the
separation-based approach.

Table 4: CER (%) of mixed speech for WSJ.
SPLIT HIGH E. SPK. LOW E. SPK. AVG.
NO (BASELINE) 86.4 79.5 83.0
VGG 17.4 15.6 16.5
BLSTM 14.6 13.3 14.0
+ KL LOSS 14.0 13.3 13.7

Table 5: CER (%) of mixed speech for CSJ.
SPLIT HIGH E. SPK. LOW E. SPK. AVG.
NO (BASELINE) 93.3 92.1 92.7
BLSTM 11.0 18.8 14.9

it was trained as a single-speaker speech recog-
nizer without permutation-free training, and it can
only output one hypothesis for each mixed speech.
In this case, the CERs were calculated by du-
plicating the generated hypothesis and comparing
the duplicated hypotheses with the correspond-
ing references. The proposed models, i.e., split-
by-VGG and split-by-BLSTM networks, obtained
significantly lower CERs than the baseline CERs,
the split-by-BLSTM model in particular achieving
14.0% CER. This is an 83.1% relative reduction
from the baseline model. The CER was further re-
duced to 13.7% by retraining the split-by-BLSTM
model with the negative KL loss, a 2.1% rela-
tive reduction from the network without retrain-
ing. This result implies that the proposed negative
KL loss provides better separation by actively im-
proving the contrast between the hidden vectors
of each speaker. Examples of recognition results
are shown in Section C of the supplementary ma-
terial. Finally, we profiled the computation time
for the permutations based on the decoder network
and on CTC. Permutation based on CTC was 16.3
times faster than that based on the decoder net-
work, in terms of the time required to determine
the best match permutation given the encoder net-
work’s output in Eq. (17).

Table 5 shows the CERs for the mixed speech
from the CSJ corpus. Similarly to the WSJ ex-
periments, our proposed model significantly re-
duced the CER from the baseline, where the aver-
age CER was 14.9% and the reduction ratio from
the baseline was 83.9%.

4.2.3 Visualization of hidden vectors
We show a visualization of the encoder networks
outputs in Fig. 2 to illustrate the effect of the neg-
ative KL loss function. Principal component anal-
ysis (PCA) was applied to the hidden vectors on
the vertical axis. Figures 2(a) and 2(b) show the
hidden vectors generated by the split-by-BLSTM
model without the negative KL divergence loss

for an example mixture of two speakers. We can
observe different activation patterns showing that
the hidden vectors were successfully separated to
the individual utterances in the mixed speech, al-
though some activity from one speaker can be seen
as leaking into the other. Figures 2(c) and 2(d)
show the hidden vectors generated after retrain-
ing with the negative KL divergence loss. We
can more clearly observe the different patterns and
boundaries of activation and deactivation of hid-
den vectors. The negative KL loss appears to reg-
ularize the separation process, and even seems to
help in finding the end-points of the speech.

4.2.4 Comparison with earlier work

We first compared the recognition performance
with a hybrid (non end-to-end) system including
DPCL-based speech separation and a Kaldi-based
ASR system. It was evaluated under the same
evaluation data and metric as in (Isik et al., 2016)
based on the WSJ corpus. However, there are dif-
ferences in the size of training data and the op-
tions in decoding step. Therefore, it is not a fully
matched condition. Results are shown in Table 6.
The word error rate (WER) reported in (Isik et al.,
2016) is 30.8%, which was obtained with jointly
trained DPCL and second-stage speech enhance-
ment networks. The proposed end-to-end ASR
gives an 8.4% relative reduction in WER even
though our model does not require any explicit
frame-level labels such as phonetic alignment, or
clean signal reference, and does not use a phonetic
lexicon for training. Although this is an unfair
comparison, our purely end-to-end system outper-
formed a hybrid system for multi-speaker speech
recognition.

Next, we compared our method with an end-
to-end explicit separation and recognition net-
work (Settle et al., 2018). We retrained our model
previously trained on our WSJ-based corpus using
the training data generated by Settle et al. (2018),
because the direct optimization from scratch on
their data caused poor recognition performance
due to data size. Other experimental conditions
are shared with the earlier work. Interestingly,
our method showed comparable performance to
the end-to-end explicit separation and recognition
network, without having to pre-train using clean
signal training references. It remains to be seen if
this parity of performance holds in other tasks and
conditions.

CER (%) of mixed speech for WSJ (w/ word LM) 

Comparison with other methods 

A bit worse than SS+ASR net but 
no need for target speech in training 



Mul:-‐lingual	  ASR	  

ID	   csj-‐eval:s00m0070-‐0242356-‐0244956:voxforge-‐et-‐fr:mirage59-‐20120206-‐njp-‐fr-‐sb-‐570	  

REF:	  [JP]	  日本でもニュースになったと思いますが	  [FR]	  le	  conseil	  supérieur	  de	  la	  magistrature	  est	  
présidé	  par	  le	  président	  de	  la	  république	  	  

ASR:	  [JP]	  日本でもニュースになったと思いますが	  [FR]	  le	  conseil	  supérieur	  de	  la	  magistrature	  est	  
présidée	  par	  le	  président	  de	  la	  république	  

ID	   voxforge-‐et-‐pt:insinfo-‐20120622-‐orb-‐209:voxforge-‐et-‐de:guenter-‐20140127-‐usn-‐de5-‐069:csj-‐
eval:a01m0110-‐0243648-‐0247512	  

REF:	  [PT]	  segunda	  feira	  [DE]	  das	  gilt	  natürlich	  auch	  für	  bestehende	  verträge	  [JP]	  えー同一人物に
よる異なるメッセージを示しております	  

ASR:	  [PT]	  segunda	  feira	  [DE]	  das	  gilt	  natürlich	  auch	  für	  bestehende	  verträge	  [JP]	  えー同一人物に
よる異なるメッセージを示しております	  

ID	   a04m0051_0.352274410405	  

REF:	  [DE]	  bisher	  sind	  diese	  personen	  rundherum	  versorgt	  worden	  [EN]	  u.	  s.	  exports	  rose	  in	  the	  
month	  but	  not	  nearly	  as	  much	  as	  imports	  	  

ASR:	  [DE]	  bisher	  sind	  diese	  personen	  rundherum	  versorgt	  worden	  [EN]	  u.	  s.	  exports	  rose	  in	  the	  
month	  but	  not	  nearly	  as	  much	  as	  imports	  

(Suppor:ng	  10	  languages:	  CN,	  EN,	  JP,	  DE,	  ES,	  FR,	  IT,	  NL,	  RU,	  PT)	  



Mul:-‐speaker	  ASR	  w/	  Purely	  E2E	  model	  

ID	   446c040j_441c0412	  

Out[1]	   REF:	  this	  is	  especially	  true	  in	  the	  work	  of	  bri:sh	  novelists	  and	  even	  previously	  in	  the	  work	  of	  
william	  boyd	  

ASR:	  this	  is	  especially	  true	  in	  the	  work	  of	  bri:sh	  novelists	  and	  even	  previously	  in	  the	  work	  of	  
william	  boyd	  

Out[2]	   REF:	  as	  signs	  of	  a	  stronger	  economy	  emerge	  he	  adds	  long	  term	  rates	  are	  likely	  to	  dria	  higher	  
ASR:	  a	  	  signs	  of	  a	  stronger	  economy	  emerge	  he	  adds	  long	  term	  rates	  are	  likely	  to	  drive	  higher	  

ID	   445c040j_446c040f	  

Out[1]	   REF:	  bids	  totaling	  six	  hundred	  fiay	  one	  million	  dollars	  were	  submiced	  
ASR:	  bids	  totaling	  six	  hundred	  fiay	  one	  million	  dollars	  were	  submiced	  

Out[2]	   REF:	  that's	  more	  or	  less	  what	  the	  blue	  chip	  economists	  expect	  
ASR:	  that's	  more	  or	  less	  what	  the	  blue	  chip	  economists	  expect	  

ID	   440c040v_446c040n	  

Out[1]	   REF:	  shamrock	  has	  interests	  in	  television	  and	  radio	  sta:ons	  energy	  services	  real	  estate	  and	  
venture	  capital	  

ASR:	  chemlawn	  has	  interests	  in	  television	  and	  radio	  sta:ons	  energy	  services	  real	  estate	  and	  
venture	  capital	  

Out[2]	   REF:	  as	  with	  the	  rest	  of	  the	  regime	  however	  their	  ideology	  became	  contaminated	  by	  the	  germ	  of	  
corrup:on	  

ASR:	  as	  with	  the	  rest	  of	  the	  regime	  however	  their	  ideology	  became	  contaminated	  by	  the	  jaim	  of	  
corrup:on	  



Mul:-‐lingual	  Mul:-‐speaker	  ASR	  

ID	   a02m0012_s00f0066	  

Out[1]	   REF:	  [EN]	  grains	  and	  soybeans	  most	  corn	  and	  wheat	  futures	  prices	  were	  stronger	  [CN]	  也是的	  
ASR:	  [EN]	  grains	  and	  soybeans	  most	  corn	  and	  wheat	  futures	  prices	  were	  strongk	  [CN]	  也是的	  

Out[2]	   REF:	  [JP]	  えーここで注目すべき点は例十十一の二重下線部に示すように	  [JP]	  アニメですとか	  
ASR:	  [JP]	  えーここで注目すべきい点は零十十一の二十下線部に示すように	  	  [JP]	  アニメですと
か	  

ID	   ralNerzog_1.41860235081	  

Out[1]	   REF:	  [DE]	  eine	  höhere	  geschwindigkeit	  ist	  möglich	  
ASR:	  [DE]	  eine	  höh*re	  geschwindigkeit	  ist	  möglich	  

Out[2]	   REF:	  [JP]	  まずなぜこの内容を選んだかと言うと	
ASR:	  [JP]	  まずなぜこの内容を選んだかと言うと	  

ID	   a04m0051_0.352274410405	  

Out[1]	   REF:	  [IT]	  economizzando	  le	  provvIste	  vi	  era	  da	  vivere	  per	  lo	  meno	  quacro	  gIorni	  [EN]	  the	  
warming	  trend	  may	  have	  melted	  the	  snow	  cover	  on	  some	  crops	  

ASR:	  [IT]	  e	  cono	  mizzando	  le	  provveste	  vi*era	  da	  vivere	  per	  lo	  medo	  quacro	  gorni	  [EN]	  the	  
warning	  trend	  may	  have	  mealtit	  the	  sno*	  cover	  on	  some	  crops	  

Out[2]	   REF:	  [JP] でそれぞれの発話数え情報伝達の発話数一分当たりの発話数はえ多くなってますが
え問題解決だと少し少なくなるでディベートだとおー	

ASR:	  [JP]	  でそれですのでの発話スえ情報伝達の発話数一分当たり発話数はえ多くなってます
がえ問題解決だと少してなくてでディベートだとおー	  
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Conclusions 

•  Hybrid CTC/attention-based end-to-end speech recognition 
–  Multi-task CTC/attention learning  

–  Joint CTC/attention decoding 
–  Extended network with a deep CNN and an RNN-LM 

•  Achieved good performance 
–  Better than state-of-the-art ASR systems in Chinese and Japanese 

tasks 
–  Multi-level LMs provided 5.6 %WER in WSJ task, which is the best 

end-to-end ASR performance 

•  Open source: ESPnet 
–  https://github.com/espnet/espnet 
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Conclusions 

•  Multi-lingual end-to-end speech recognition  
–  Trained a monolithic network with 10 languages with language IDs 
–  No performance degradation compared to language dependent 

models 
–  Effective especially for languages with small amount of training data 

•  Multi-speaker end-to-end speech recognition 
–  Joint separation & recognition network 
–  Purely end-to-end multi-speaker ASR 
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Thank you! 
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