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Empirical evidence: Summary
(Dahl, Yu, Deng, Acero 2012, Seide, Li, Yu 2011 + new result)

+ Voice Search SER (24 hours training)
GMM-HMM MPE 36.2%

DNN-HMM 5 layers x 2048 30.1% (-17%)
» Switch Board WER (309 hours training)

GMM-HMM BMMI (9K 40-mixture) 23.6% 27.4%
DNN-HMM 7x 2048 15.8% (-33%)  18.5%(-33%)
* Switch Board WER (2000 hours training)

| Hubs'00-swB | RTO3S-FSH

GMM-HMM (A)  BMMI (18K 72-mixture) 21.7% 23.0%
GMM-HMM (B) BMMI + fMPE 19.6% 20.5%

DNN-HMM 7 x 3076 14.4% (A: -34% 15.6% (A: -32%
B: -27%) B: -24%)

(Dong Yu, 2012)

Neural network based speech recognition

1989: Time-Delay Neural Network (TDNN)
1994: Hybrid approach of NN and HMM

2000: Tandem connectionist features

2009: DNN phone recognition

2010: Recurrent NN (RNN) for language model
2011: DNN for LYCSR

(large vocabulary continuous speech recognition)
«—The same as Hybrid approach (1994)

1994: Hybrid approach of NN and HMM

Use DNN outputs as
HMM output prob.

_ plclp)
© plxlc) = 0

x: data, c: class
OOOO 000000

. # of nodes:

00000000
Ooo 0000 132 x50 x5 (1994)

Speech features (MFCC,AMFCC, etc.) 429 x 20485 X 761 (2011)

Bourlard and Morgan, “Connectionist Speech Recognition: A Hybrid Approach”,
The Springer International Series in Engineering and Computer Science, vol. 247, 1994

Replace GMM with DNN

* GMM (Gaussian Mixture Model) is mixture of
experts (MoE), DNN is product of experts (PoE).

— For GMM, it is difficult deal with multiple events in one
window

— GMM parameter estimation is easier to be parallelized
* DNN can get more info from multiple frames

— GMM often use diagonal covariance and ignore
correlation among them

Hinton et al., “Deep neural networks for acoustic modeling in speech recognition”,
IEEE Signal Processing Magazine, Nov. 2012.

Deep Learning (DL) in ICASSP2014

Already de facto standard

* 84 of 304 (28%) papers deals with DL
* Four sessions titled “DL” or “NN”

* DL penetrates into most speech sub-areas

Robustness (14), ASR systems (8), Features (7), Language model
(5), Speaker recognition (5), Spoken term detection (3), Speech
understanding (2), Emotion recognition (2)....

These trends continued in ICASSP2015

For high accuracy:

LSTM+Bi-directional RNN

Use LSTM (long-short-term memory) in RNN (Recurrent NN)
RNN: Effectively represents time sequence data

Bidirectional: Use info not only past but also future

LSTM: To use long contexts, make a cell which consists of 4 nodes

hid Outputs e % v
mwm:w‘ z{ ‘)/ Oupt "‘:\i/ \\ \ 5‘\\
‘Backward Layer 4* e )

— I\ el -
(AN

Inputs Ze1 2 En

Tt

Graves et al., “Speech recognition with deep recurrent networks”, ICASSP 2013.




For data sparsity:

Speaker adaptation

To avoid overtraining, utilize prior knowledge
about speakers

I. Regularization in parameter estimation
(Bayesian approach)

Linear combination of speaker-cluster NNs
3. Add “speaker code” to NN inputs
Estimate activation function parameters

For data sparsity:

Estimate a new parameter of each node

Layer I +1
Output of layer [

hl = a(rl) ° (p(WlThl—l)

:

Layer | o : Element-wise multiplication
a(r!): Estimate for each speaker
# free parameters = # nodes

Layer I —1

P. Swietojanski and S. Renals, “Learning hidden unit contribution for unsupervised
speaker adaptation of neural network acoustic models”, IEEE SLT 2014.

For end-to-end

Speech Recognition System - Before

MFCC
Speech Speech Pattern Recognition
input analysis Matching result
—
Acoustic Language
model model n-gram
GMM+HMM

For end-to-end
MFCC is no more needed

Power spectrum MFCC(12)

i -',"|'I.u|‘. y.|l}:. m“ M

e U | (12)

AL [l bz
e O FFT | Melfilter bank Discrete ower(1)

= = A N .
Iﬂ {:’:\)V(\ Cosine AALOg-power(1)
ITITAY. Transform

Mel filter bank features reduced 5-10% errors from MFCCs
» MFCC was used to de-correlate the Mel filter bank features
* In DNN, such de-correlation process is not needed

Mohamed et al. “Acoustic modeling using deep belief network”,
|EEE Trans. ASLP, vol. 20, no. 1, 2012.

For end-to-end
2010: Recurrent NN for language model
Elman network

Input w(t) Output y(t)
Context s(t)

Aword vector
(1-of-N coding)

Aword vector

#30,000~

s(t) = fUW() + Ws(t — 1))
y(&) = g(Vs(®)

Reduce error by 12-18%
from the traditional n-gram model
in WSJ (Wall Street Journal) task

#30-500~
Context s(t- 1)

Mikolov et al. “Recurrent neural network based language model”, INTERSPEECH2010

For end-to-end

Speech Recognition System - After

Log filter bank

Speech Speech J« Pattern Recognition
input analysis Matching result
i
Acoustic Language |
model model RNN
DNN+HMM

Mohamed et al. “Acoustic modeling using deep belief network”, IEEE Trans. ASLP, vol. 20, no. 1, 2012.
Arisoy et al. “Deep neural network language models”, NAACL-HLT 2012 workshop




Various applications
DNN for speech synthesis
* Use DNN in reverse - input: label, output: data
* Output GMM parameters, mean and variance

|¢|

Zen et al., Deep mixture density networks for acoustic modeling in
statistical parametric speech synthesis”, ICASSP2014

ImageNet Challenge: ILSVRC 2012

* Detect images of 1000 categories

* 1.2 million training samples
* Error 16% !

Krizhevsky et al. “lmageNet Classification with Deep Convolutional Neural Networks”, NIPS2012.

Cat E Human face
t

Input to another layer above
(image with § channels)

\ Number of output

channels = 8

* Unsupervised learning

* 10 billion images from YouTube
videos, each 200x200 pixels

[N Size = 5§
* Sparse autoencoder with p.

9 layers, | billion nodes

hiflitg, Sive = 5
Number
X
B i

\ Number of input
chanmels = 3

One layer

Image Size = 200

Le et al. “Building high-level features using large scale unsupervised learning”, ICML2012

TRECVID
(TRECVideo Retrieval Evaluation)

Spinned out from Text REtrieval Conference (TREC) in 2001,
Organized by NIST(National Institute of Standard and Technology)

Aim : Promote research on video contents analysis and search

International, Competitive, Closed

Homepage: http://trecvid.nist.gov

TokyoTech participated from 2006 (9 years)

2014 TRECVID task

* Semantic INdexing (SIN)
Detect generic objects, scenes, actions
* Surveillance Event Detection (SED)
Detect specific actions from surveillance video
* INstance Search (INS)
Given a still image of an object, search video clips including it
* Multimedia Event Detection (MED)
Detect complex “event”
* Multimedia Event Recounting (MER) (Pilot)

Explain “event” detected

Semantic Indexing

Detect concepts from a set of video shots
Shot: The minimum unit of video

No. Concepts: 60

Training set: 549,434 shots, 800 hours
Test set: 332,751 shots, 400 hours




Frequency of Appearance (201 | task)

Number of positive samples in 264,673 training video shots

Outdoor (29,997 shots)
=“:‘:‘r:on%han 10,000 5%
2 w0 |+ Singing (3875 shots)
E— bl | | 1% of development data
il | | | ,Airplane (371 shots)

o

346 semantic concepts

Bag of Visual Words

I. Quantize local features (e.g., SIFT) by using a codebook
(Code word:Visual Word)

2. Use a code histogram as an input to SVM

: Code histogram
Quantization — SVM

Extract local features

Quantization Error!

Recent Trend

Tackle the data sparseness problem
* More features
SIFT, Color SIFT, SURF, HOG, GIST, Dense features
* Multi-modal
Use Audio :  Singing, Dance, Car, etc.
* Multi-frame
Not only key frames
* Soft clustering

Reduce quantization errors. GMM etc.

Less effective than expected

* Global features such as color histogram

Local features are enough (no complementary info)
* Speech recognition, OCR

Do not have performance high enough to contribute
* Obiject location

Fail to detect. Many concepts do not have “location”
» Context between concepts

Too Little data

TokyoTech Framework

Tree-structured
GMMs GMM
supervectors

—— — f(X)—
Yideo (shot) V4 W m o \

— 2) SIFT-Hes
e — 3) SIFTH-Dense —
4) HOG-Dense

\ 5) HOG-Sub
6) MFCC

/
[ — ﬁ&\ﬁi — 60X —(ZD)

1) SIFT-Har

(e
Main runs scores — 2014 submissions

-
i
=

NIST median baseline run .3

S

13 / =

. )
o2 "” 1

Mean InfAP,
o B 228

;.;. ;u;u —— Type O runs
— Ty A runs (only LACC for training )
e Type E runs (no annotation)




Deep Learning

5-10 % extra gain

Main Stream

Bag of GMM
Local features Visual Words | /
o (T - SVM
Score
. | Fusion
DNN Sub stream L !

GMM supervectors,
Fisher kernels, ...

T o b Do ot SVM

XUse ImageNet CNN as it is...

BoF is also deep learning!

Fisher Kernel based method is 5-layer DNN

stage operation type
SVM sign f(X) non-linear
prediction (X)) = (w,8(X)) linear
per image square root, normalize (3) non-linear
vector, ¢ (X)  compute average of ¥(;) linear
per descriptor _ multiply by v in (1)/(2) _ non-linear
vector, ¢ (xs) bracket (- ) in (1)42) linear
preprocessing L*-normalization non-linear
PCA projection linear
SIFT local pooling non-linear
gradient filter linear
image (as multiple overlapping regions)

Table 1. Schematic description of a Fisher kernel SVM as a 5-layer
feed-forward architecture (from bottom to top).

Sydorov et al., “Deep Fisher Kernels. End to End Learning of the Fisher Kernel GMM Parameters”, CVPR2014

TRECVID Multimedia Event Detection (MED) task

* Extract “complex event” from many video clips (shot sequences)
e.g.“Batting a run in”,“Making a cake”

* Database : Home video 2000 hours

* Sponsored by IAPRA (The Intelligence Advanced Research Projects Activity)

Deep Learning at present

¢ Can be better than human in “well-defined” tasks with
large data

MED task

¢ Multimedia
Visual features, audio features, speech recognition, OCR

* Dynamic nature
* Training data for each event may be very small

Problems of Deep Learning

* How to deal with more complex problems such as MED?
* Only for “end-to-end” problems

— Do we really need to solve them?
— What is “semantics”?

* How to combine many modes in multimedia application
— Combinatorial explosion
— Time sequence

What we can do...

* Time Sequence
* Segmentation and Recognition
* Signal and symbol processing

Summary

* Deep learning is already de-facto in speech recognition

* Now, we are busy with replace “traditional” units by
“DNN?” units in a speech recognition system
— What | explained today is only a small part of them

* Still ad-hoc, not enough theoretical background
— How to optimize structures?

— Why is Deep learning better?
— How to combine acoustic and language models?

Speech is “lighter” compared with the other media.
Good test bed for exploring Deep learning!
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Robust Dereverberation Adaptive to Speaker’s Face Orientation

Randy Gomez, Keisuke Nakamura, Takeshi Mizumoto, and Kazuhiro Nakadai

Honda Research Institute Japan Co., Ltd.

Abstract

Reverberation poses a problem to the active robot audition sys-
tem. The change in speaker’s face orientation relative to the
robot perturbs the room acoustics and alters the reverberation
condition at runtime, which degrades the automatic speech
recognition (ASR) performance. In this paper, we present a
method to mitigate this problem in the context of the ASR.
First, filter coefficients are derived to correct the Room Trans-
fer Function (RTF) per change in face orientation. We treat
the change in the face orientation as a filtering mechanism
that captures the room acoustics. Then, joint dynamics be-
tween the filter and the observed reverberant speech is inves-
tigated in consideration with the ASR system. Second, we in-
troduce a gain correction scheme to compensate the change in
power as a function of the face orientation. This scheme is also
linked to the ASR, in which gain parameters are derived via the
Viterbi algorithm. Experimental results using Hidden Markov
Model-Deep Neural Network (HMM-DNN) ASR in a reverber-
ant robot environment, show that proposed method is robust to
the change in face orientation and outperforms state-of-the-art
dereverberation techniques.

Index Terms: Robust Robot Audition, Speech Enhancement,
Dereverberation, Automatic Speech Recognition

1. Introduction

Reverberation is a phenomenon caused by the reflections of the
speech signal in an enclosed environment. It smears the orig-
inal speech due to the different time delays of arrival among
the speech reflections. This phenomenon causes mismatch and
degrades the ASR performance. To abate the effect of mis-
match, the reverberant speech is enhanced, which is referred
to as dereverberation. The problem concerning reverberation is
further plagued when the room acoustics is perturbed as a re-
sult of the change in the speaker’s face orientation. This event
alters the RTF resulting to another mismatch at runtime.
Consequently, the change in face orientation affects the direc-
tivity pattern in which the speech is diffused, causing power
issues. There exists different types of dereverberation methods
[1][2][13] but most of these have no mechanism in dealing with
the acoustic perturbation due to the change in the speaker’s face
orientation.

In a human-robot communication scenario, the speaker may
change its face orientation when communicating to the robot at
any given time. Thus, the dereverberation mechanism should
be able to cope with this mismatch as well. In this paper, we
expand and improve our previous work [3] in mitigating the
degradation of the ASR due to the change in the speaker’s face
orientation. The proposed method employs an ASR-inspired
RTF and gain correction mechanisms to actively mitigate the
changes in the room acoustics and the speech power due to the
change in the face orientation. More importantly, the analy-
sis and optimization employed in the proposed method is con-

ducted jointly with the Hidden Markov Models (HMMs) for ef-
fective use in ASR application. These HMMs are used in the
HMM-DNN ASR evaluation.

In our previous work [3], face direction compensation is
achieved through equalization. The work in [3] is purely fo-
cused on the waveform compensation of the RTF and stops
right there without any consideration of the HMMs [3]. Al-
though [3] works well in enhancing the waveform, it has a very
coarse treatment of the effect of dereverberation when applied
to the HMM-DNN ASR. In contrast, the proposed method takes
a HMM-centric approach, in both of the analysis and optimiza-
tion procedures. In the proposed method, the change in the
face orientation is hypothesized to impact the RTF as a filtering
mechanism. Filter coefficients are optimized in the context
of the HMMs as per change in the speaker’s face orienta-
tion. This process ensures the link between the RTF and the
HMMs. Next, we analyze the impact of the change in face the
orientation to the power envelope of the speech signal. Gain
values are derived using the dual nature of the speech signal
(i.e., acoustic waveform and the hypothesis) to characterize
the change in power. This mechanism links the power correc-
tion with the ASR system. Both the filter for RTF correction
and the parameters for gain correction are used in the online
dereverberation. Hence, the proposed method can adapt to the
acoustic perturbation caused by the change in the speaker’s face
orientation. The derivation of these parameters are linked to
the HMMs, a stark contrast from our previous work [3] which
focuses purely on waveform enhancement only.

This paper is organized as follows; in Sec. 2, we show
the background of the adopted dereverberation platform in our
application. The schemes in extracting the filter coefficients,
dereverberation parameter update and calculating gain parame-
ters for power correction as per change in face orientation are
discussed in Sec. 3. Experimental results and discussion are
presented in Sec. 4, and we conclude the paper in Sec. 5.

2. Background

Microphone array processing based on beamforming and blind
separation described in [9][17] is employed to convert the multi-
microphone observed signals to a separated reverberant signal
(single-channel). In our previous method [4][13], the smear-
ing effect of reverberation is adopted from [15][5] and is solely
dependent on the room transfer function (RTF) given as

r(w) = AP (w)e(w) + A% (w)c(w)

= ew) 4 ), M

where r(w) is the separated reverberant speech w.r.t. w fre-
quency [9][17] and the right side of Eq. (1) is the reverberation
model, where ¢(w) is the clean speech, A (w) and A*(w) are
the early and late reflection components extracted from the full
RTF A(w). Both AF(w) and A*(w) are experimentally pre-
determined in [13]. 7(w) can be treated as the superposition



of e(w) and I(w), known as the early and late reflections, re-
spectively. In this paper, we represent both A® (w) and A* (w)
simply as the full RTF A(w). We note that the measured A(w)
is matched with a speaker talking in front of the robot and hy-
pothetically, a change in the face orientation would require
different sets of RTF measurements which is a cuambersome
process. Hence, we propose a correction method that does
not require any measurement.

In [13] we treat [(w) as long-period noise which is detri-
mental to the ASR, and dereverberation is defined as suppress-
ing I(w) while recovering e(w) estimate. The latter is further
processed with Cepstrum Mean Normalization (CMN) during
ASR. Eq. (1) simplifies dereverberation into a denoising prob-
lem, and through spectral subtraction (SS) [10], the estimate
é(w) in frame-wise manner j is given as

= )
le(w, §)> = if [r(w, ) = [l(w, 5)[* > 0 )

Blr(w,j)|* otherwise,

where 3 is the flooring coefficient. In real condition, I(w, 7) is
unavailable, precluding the power estimate |I(w, j)|>. There-
fore, the observed reverberant signal r(w, §) is used instead of
l(w, ). This is made possible through a scheme in [13] serv-
ing as a workaround to this problem. The scheme introduces
a multi-band suppression parameter d,,, optimized via the ASR
likelihood criterion given as

dm = arg max P(ya’”’“A|w; A), 3)
m,cA

where A and w are the speech acoustic and language models,
respectively. cA is the discrete step in the search space while
Om,ca are the suppression parameter values to be searched
upon. For a given set of bands @ = {Q1,...,Qm,--.,,Qn},
in the frequency w, the dereverberation parameter J,, dictates
the extent of the suppression of the reverberant effects. The
new estimate é(w, j) through the modified SS becomes

|T(w,j)|2 75m|7’(w,j)|2
2 1f|r(w,g)|2f5m\r(w,])\2>0

le(w, 5)I” = O]

B|r(w,7)|* otherwise.

It is obvious that the dereverberation platform in Eq. (4) is
dependent on the dereverberation parameter d.,,. Consequently,
0m depends on the RTF A(w) as depicted in the model in Eq.
(1) and needs to be corrected depending on the speaker’s face
orientation. Although Eq. (1) is effective for waveform en-
hancement, its formulation has no relation with HMM analysis.
Thus, dereverberation performance is very limited to the orig-
inal face orientation. In this paper, we will show the method
of effectively correcting A(w) as a function of the speaker’s
face orientation. The simplified block diagram of the proposed
method is shown in Fig. 1. In the proposed method, the mech-
anism for RTF and power correction is implemented via an of-
fline training scheme according to the change in the face orien-
tation 0. The updated suppression parameters 579,1 resulting from
RTF compensation with o’ A(w) and the gain parameters G%, _
are stored for online dereverberation use. Details on Fig. 1 are
discussed in the following section.

3. Methods
3.1. Microphone-array and Visual Processing

Sound source separation described in [9][17] is used to obtain
the separated reverberant signal 7, where 6 is the speaker’s face
orientation. It is defined by setting a straight line between the
human and the robot (facing each other) as a reference axis. The
change in speaker orientation is defined as the angular change
0 from the reference axis from the human side. In our work
we consider a deviation —30 < 6 < 30, where 6 = 0 is the
reference angle in which the generic RTF is defined. The angle
0 is estimated using the Kinect sensor.

3.2. Room Transfer Function Correction

Suppose that the observed reverberant speech at a particular
face orientation # when processed by a filter is given as

K—

,_.

ak T [h k], 5)

k=0

where r° and of are the observed reverberant speech and the
filter coefficients, respectively. We note that the room acoustics
information is captured in the observed reverberant speech via
reflections on the enclosed space. We use the actual signal r°
to analyze the reverberation condition as per change in face di-
rection 6 through the filter a’. The filter of length K is given
as

0 6 0 6 T
a’ = [ag, a1, 0] (6)

The objective is to estimate o in the context of the ASR. The
resulting estimate captures the room acoustics at 6, and later
used not just to correct the change in 6 but making sure that
the correction is more likely to improve the ASR performance.
Since we are interested of the ASR’s output (hypothesis), the
actual signal  is immaterial. The hypothesis is expressed as

@’ = argmax log (P(f“" (") w)P(w), ()

where f (=) (a?) is the extracted feature vector from the utter-
ance, w is the phoneme-based transcript, P( f(ze)(a9)|w) is
the acoustic likelihood (i.e., using reverberant acoustic model)
and P(w) is due to the language (i.e., using language model).
The latter can be ignored since phoneme-based transcript w is
known, thus, argmax in Eq. (7) acts on o/ and rewritten as

&’ = argmax log P(f<ze)(ag)|'w). (8)

af
In ASR, the total log likelihood in Eq. (8) when expanded [14]
to include all possible state sequence is expressed as

= S tog P(£*7) (@%)3), ©)
J

where s; is the state at frame j. Eq. (9) heralds the formulation
in the context of the HMMs via the state sequence. By using
the V operator, the total probability is maximized w.r.t the filter
coefficient in Eq. (6), thus,

or(a?) or(a’) GF(QG)}. (10)

o o g
oo 0o 0ol

Voo T(@”) = {
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Figure 1: Overall System Structure.

Assuming a Gaussian mixture distribution with mean vector
1450 and diagonal covariance matrix 2;}1, respectively. Eq. (10)
can be shown similar to that in [8] as

v

Var Tla)) = =323 3

j v=1

z0
af ) (@)
Oal?

_ 20
S5 (£ @)~ ps0),

an
where 7;, is the posteriori of v-th mixture and j-th frame of

(@%) (40

the most likely HMM state. %T@() is the Jacobian matrix
of the reverberant feature vector. The filter coefficients are ob-
tained using [11][12] based on Eq. (11). Correcting a generic

RTF to the current face orientation 6 of the speaker is given as

A% (w) = o’ (W) A(w) (12)

where o (w) is the face orientation-compensating filter in the
frequency domain. It follows that a new dereverberation param-
eter can be extracted from the corrected RTF,

A0 (w) = 8, (13)
The updated dereverberation parameters 6%, are stored for on-
line use in Sec 3.4.

3.3. Speech Power Compensation via Gain Correction

The change in face orientation does not only impact the RTF,
but it also affects the power level of the separated signal 7.
To mitigate the effect of the latter, we employed a power com-
pensation scheme via gain correction. The process of deriving
the gain is depicted in Fig. 2. Two sets of reverberant speech
database are prepared, one is recorded facing directly the robot
04 (s.t. 8 = 0), and the other set with face orientation 6z (s.t.
0p # 0). 04 is the reference face orientation in which 6 is to
be corrected to. The utterances are classified according to the
time-duration referred to as template 7. Same duration utter-
ances are grouped together (time-duration classification). We
note that reverberation is characterized by the smearing phe-
nomenon in which the power of the previous sound frames are
carried over to the current frame. In this regard, the effect of
reverberation is directly related to the duration of the speech ut-
terance. Hence, it is noteworthy to analyze the impact of both
the changes in the face orientation and speech duration, respec-
tively. Consequently, the reverberant utterances are referred to
as 24 and r2", respectively. Next, we analyze the change in
power dynamics per change in face orientation 6 relative to
Oa.

r.* =0y

Viterbi }r

Alignment

[Time-duration
classification

Power
Correction

=

j_‘”"’

T
Alligned

| oy
utterances

T,

ls

gain

i

template

f,=0=0

Acoustic model

Speech database B
Where i =@8=0

Figure 2: The offline training scheme used to calculate gain
parameters for power gain correction.

To effectively establish the correspondence of the sound
units (i.e. phonemes) between the two utterances in 0 and 6 4,
the utterances are aligned via the Viterbi algorithm using a
known acoustic speech model A. This is a very crucial step be-
cause we want to model the change in power similar to the con-
cept of the reverberation phenomenon in which the energy of
the current frame is affected by the previous frames. To achieve
that, we need to have a correct association of the sound-frames
between the speech database A and B. The alignment will guar-
antee that the particular sound of the current frame of interest in
94 likely corresponds the same sound in 72, one-to-one cor-
respondence is achieved. Moreover, the alignment scheme links
the power analysis between the acoustic waveform and the hy-
pothesis which are both used by the ASR system.

Frame-wise power spectral analysis is conducted to the
aligned utterances 7"2“ and 'FfB for face orientation 6 and the
template 7, respectively. The reverberant power of both are
compared and analyzed. Then, band coefficients that minimizes
the error between the two are extracted. The minimization of the
error means minimizing the power mismatch between 774 and
722 . For a total of O utterances indexed by o in a template T,
the error to be minimized is given as

]
7G7'7n

(w, 0, )72 (w,0,7)]

B2 (j) = &30 37 4 @, 0.9)
0 wEQ

(14)
where Ggﬁ is the gain for the given set of bands Q =
{Q1,...,Qm,...,Qum} of template T. oA (w,0,7) and
7B (w, 0, j) are the j-th frame viterbi-aligned utterance o from
the speech database A and B, respectively. Since we are in-
terested of the power dynamics for each frame in a given
template 7, the summation in Eq. (14) is conducted on the



Table 1: Recognition performance in word accuracy (%)

Reverberation Time = 940 msec.@ Distance = 2.0 m

[0=—30[0=—-15] 6=0 [ 6=+15]6=+30 |

(A) No Enhancement 45.5 % 53.0 % 64.7 % 54.7 % 48.6 %
(B) Based on Feature Adaptation [16] 55.1 % 62.2 % 70.0 % 62.9 % 56.4 %
(C) Based on Wavelet Extrema [2] 57.3 % 63.7 % 71.8 % 63.2 % 57.1 %
(D) Based on LP Residuals [1] 59.7 % 65.4 % 74.2 % 66.1 % 59.3 %
(E) Based on Equalization (Previous work) [3] 68.1 % 75.9 % 81.3 % 76.5 % 69.3 %
(F-a) Proposed Method (RTF Comp. (Sec. 3.2)) 74.9 % 77.4 % 81.3 % 78.1 % 75.7 %
(F-b) Proposed Method (RTF and gain Comp. (Sec. 3.2 & Sec. 3.3)) | 76.8 % 79.2 % 81.3 % 79.9 % 77.0 %
(G) Dereverberation with 6-matched RTF (Upperlimit) [13] 78.7 % 80.4 % 81.3 % 80.7 % 79.3 %
Reverberation Time = 940 msec. @ Distance = 3.0 m | 0 =-30 | f=-15 | 6=0 | 0 =+15 | 0 =430 ‘
(A) No Enhancement 30.7 % 372 % 52.7 % 40.5 % 321 %
(B) Based on Feature Adaptation [16] 37.0 % 43.4 % 58.7 % 44.7 % 36.8 %
(C) Based on Wavelet Extrema [2] 40.5 % 48.7 % 62.4 % 49.0 % 423 %
(D) Based on LP Residuals [1] 452 % 513 % 66.1 % 52.5 % 45.8 %
(E) Based on Equalization (Previous work) [3] 52.6 % 58.3 % 73.9 % 59.1 % 52.1 %
(F-a) Proposed Method (RTF Comp. (Sec. 3.2)) 58.0 % 65.2 % 73.9 % 66.7 % 59.1 %
(F-b) Proposed Method (RTF and gain Comp. (Sec. 3.2 & Sec. 3.3)) | 63.8% 67.3 % 73.9 % 68.8 % 64.9 %
(G) Dereverberation with f-matched RTF (Upperlimit) [13] 65.8 % 69.2 % 73.9 % 70.4 % 66.7 %

same frame index across O. For a given template 7 of j
frames, we extract a sequence of multi band m gain values of
[GY (w,1),...,G? (w,)),...,GE (w,J)], for power cor-

rection. These values are then stored for online use in Sec 3.4.

3.4. Online Dereverberation

In the online mode (see Fig. 1), the visual processing scheme
identifies the face orientation 6 while the microphone array pro-
cessing scheme converts the multichannel signal to a single
channel separated reverberant signal ®. RTF and gain correc-
tion due to the change in face orientation 6 as discussed in Sec
3.2-3.3 are used for dereverberation. Specifically, the adopted
dereverberation platform based on spectral subtraction in Eq.
(4) is rewritten as

[ (w, )7 = 6 G, (w, ) (w, )|
if 17 (w, )~
e (w, )1 = oG, (w, )Iri(w, j)I? >0
Blré(w,7)|? otherwise.
(15)
Note that 69, and G?  are the pre-stored values discussed in
Sec 3.2-3.3 and are selected based on € as identified through
the visual processing scheme.

4. Experimental Results
4.1. Setup

We evaluate the proposed method in large vocabulary con-
tinuous speech recognition (LVCSR) based on a HMM-DNN
framework. The training database is the Japanese Newspaper
Article Sentence (JNAS) corpus with a total of approximately
60 hours of speech. The test set is composed of 200 sentences
uttered by 50 speakers. The vocabulary size is 20K and the
language model is a standard word trigram model. Speech is
processed using 25ms-frame with 10 msec shift. The fBank fea-
tures of 40 dimensions. The HMM-DNN has 6 layers with 2048
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nodes. The reverberation time is approximately 940 msec., and
testing is conducted at 2.0 m and 3.0 m distances, respectively.
Speaker face orientation 6 is defined in degree. The generic
RTF matching that of the model training is at & = 0, in which
the speaker is directly facing the robot. The test speakers’ face
orientation deviates at 0 = —30, —15, +15, 430, respectively.
Key to evaluating the results of the different methods is the ro-
bustness of the recognition performance as 6 deviates from 6 =
0 (matched condition) to —30 < # < 430 (mismatched condi-
tions). The test data are recorded at 6 = —30, —15, +15, 4+30.
This is done by re-playing the clean test database using a loud-
speaker at angle 6 and distances 2.0m and 3.0m, respectively.
Hence, we use real reverberant speech.

4.2. ASR Performance

The ASR results are shown in Table 1. Method (A) is when no
enhancement is employed while method (B) is the result based
on feature adaptation by [16]. Instead of suppression, method
[16], minimizes the reverberant mismatch through adaptation of
the feature vector. The result in method (C) is based on wavelet
extrema clustering [2], which operates in the wavelet domain to
remove the effects of reverberation. Method (D) is based on the
Linear Prediction residual approach [1]. By exploiting the char-
acteristics of the vocal chord, it is able to remove the effects
of reverberation. The method in (E) is based on our previous
work [3] which employs an equalization technique to mitigate
the change in face orientation. The proposed method (F-a) is
evaluated when only the RTF compensation is in effect (Sec.
3.2); and (F-b) when both the RTF and gain compensation are
employed (Sec. 3.2 and Sec 3.3), respectively. In method (G),
the result of using a f-matched RTF is shown; RTF are mea-
sured for each microphone and for each change in 6. The result
in method (G) serves as the upperlimit for the adopted derever-
beration platform. We note that methods (E)-(G) use the same
dereverberation platform and differs only in the mitigation of
the change in the face orientation. Therefore, methods (E)-(G)
have the same performance at 6 = 0.

Table 1 shows that the proposed method outperforms the




existing methods and the previous work [3]. The recogni-
tion performance is robust to degradation when face orientation
changes relative to the original condition & = 0. Moreover, it
outperforms the previous work in method (E) [3]. This is be-
cause the proposed method is linked to the ASR system. The
formulation to mitigate the change in the face orientation (i.e.,
RTF and gain corrections) evolves within the HMM construct.
This hinged the optimization procedure to the ASR system it-
self. In contrast, the previous work and the rest of the methods
are focused primarily on the waveform enhancement only.

5. CONCLUSION

In this paper, we have shown the method of analyzing the im-
pact of the change in the face orientation through the alteration
of both the RTF and power. These two creates a mismatch
that degrades ASR performance when using the dereverberation
framework. Moreover, we compensate its impact to the RTF by
correcting it using optimized filter coefficients, specifically de-
rived in the context of ASR. Also, the impact in power is cor-
rected as per change in face orientation. Considerable amount
of time is needed when measuring new RTFs. In the proposed
method, the re-measurement of the RTF as a function of the
face orientation can be avoided, this allows the robot to actively
mitigate its impact online. We have compared our results with
existing dereverberation methods, our previous work and the
method when using a matched RTF.

Currently, our work is limited to the definition of the change
in face orientation based on our experiment. In real world, the
face orientation is more unpredictable resulting to unsymmet-
rical face orientation relative to the robot. In our future work,
we will improve the current system to include random face di-
rections. Although the proposed method involves the concept
HMM in deriving the dereverberation and gain parameters, we
did not consider actual model adaptation in this work. Hence,
the latter will be part of our future work as well.
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Abstract

AR, BEx e a—< /4 FaRy MRS
NTETED, AR &2 &kE
EPRE-TZEPHFEINTVWSE, ka—T /7
RoRy hBPAMS LVWEIE 29528 T, Fx
IeRY MR UBZERERZ 5. FHZ, A%
IZIFANSONEHNFEORY N EEBT 5720
I, FEERICPES BMEL B E LB, ARXT
X, ANexiEdbdbea—~< /A1 FKakRy hDUFE
B, EEEICERHL, ta—< /1 RoRy b
DFFHIZEDLET, A5 UWEEES, BEHEE%
V7 NVRALTERT IV AT LEFEET 5.

!
{
{

1 FL®IC

EAEBEEMP 2 VY EMOFEIC LRy b A3& D &
ERBDIZR>TER, Flzka—< /1 FaXRy M
HEET 2 Z & TH OGRS REIEL W o IS GE
EHMELET DN TELD, BFHEPETAF vy b
P Eizgbmaith oo N & EE T LT\ 5 & 5 k5 A 528
TE5[1]. Bz, AFARVEL &S N EOBYT
%, EihE L ERHIOANE DRI e THL->T WS [2].
7z, B 2 —< /A4 RERY MIEB ARV GO
EN (3], T/8— N TORIER [4], R TORYES [5],
RGN [6] 72 EHRMEE E ADRD D IZRZZES LD
HABTONTWS, LEDLSiIZka—< /1 FaRy
Mzik, AORDD &N E 2R3 2h
BRI n 5.

ZICHMEEBDIE, AZIZZIFANONET-DDT
Y FOIRBEFBLNDTFHF A U THB. ANFZ—Vxr D
S ZDIRBENEFHIL, AL LWRZHIZIEA
M5 L WIRDEEWZ IR @M H 5 GHISF vy )
(7). Rz, ARHCHARDEELIL7ZT > Faa K (1) 12
HLUT, 2L ABS LWEE 2 H/Gd 5. TV
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Ro1 RBPHREEINBIRBENE2TDRITNIE, BV
Krhzalrlinsd. EMRTHITY FaA FTHE,
T F 2T —RDOHHEREDN— R 7R HRI D
D, NHEFR—OBEHNEBTERVZD, ABREDED
REIEIZABS LERELDZDD, FTOEZEEZES NI
LTEEE2TYA VT EHENRDHL. £/-, A5 LWE)
ik, AR T AT -V =Y MIxT B85
ErmbEIgsZehHEIh Ty 8], AL LWE)
ERBUIELZERNEZPSNITEI LI, AT —Vx
VAT BWTESEND B.

1: Android ERICA

WoT, NIZZITANSNLNFEORY M 2EHT 5
72T, FEHIT o TED &S REfEE R LT REND
MEE L. WEEERY MZBWT, A ULIDERE L
THRLBELELAL, BRY FAHSPEFELTVWDI L WD
FIRTH 5. TOHR%E G2 5 7-0DHEANLEEL, F
FDIODEETH L. FrED-odDEE (LEEH:ERZT
T, H, M, HoEE) », FELERPILTEREENn
i, BRY PESPREFELTWE L WS HIRZED 5.
ANDFEEL B & DBKREETVLL, FEEERD S BfE
ZHEER T, &Y ERNRREFERFOANS LWIRS
N es. AT, AeXFETHea—< /A KD
Ry b OIER, BEEHE#ECERL, ta—< /1 PRy



MOFFTEIZEGHET, AS U WEEES, BEEE2) 7L X
A LTERTEVATLAZHEET S,

2 BEEMR

A== 5T 4w 7 ADFESHTIX, =T—V=x
v b OFEEIZ G OREMENEE BEIERT 5 FiEANL
OPREINTWS, Leet.al FFHEZHDNT—, By
F L HEERD 3 HHHE D) & % Gaussian Mixture Model %
FAWTETFT ML, VT IVRA L CHEEEEER LK T 5>
AT LERELTVWS 9. 72, Bh~<ILaT7ETIVE
HWzFkDET VB IThNTWS (10, 11, 12]. L
U 2 W= BBV Y AT LT, ZEIcfdibn
TWBE—YayT— XDk NRBIZ &> 7=EfEL
PAERTE W, FHZ, XEHFE ORRRMEIC X DEEL S
WET 2720, TRTORUTOEEZIERT S Z L1
WHTh s, £72, TNSFEFNERSINZT — X 2HE T
THIEEHMIZLTWS D, B3 RNTHATS
OOHEOLEFPMOEE LEETHI LN TER.
IT—Yx Y b OEFEIRNEERIICIG U TEBOEIEZ I
FUVTTBIENERILLRY, ek IF U TOFE
DREINTWVWS [13, 14, 15]. £D7zdH, T—Y Vv b
DFFETIHIEOAIZEH UV AT LADBBEL RS,

AL TIXHAGEDHGE I ADOEZEEERZ KD D

WAL, ERLOMIZEIE R HEE % REERE & A EIEA LT
EKTHS. HAGEIINT 2EEERE NS DD REINT
W5, Watanabe et.al. 1%, F&&ED on/off [H#HA SAHE D
A IV EMEETBFHEERBEEL TV [16]. LA L
HEERDRA I VT RERT LT, EDXS5%H
WOBENAMS LE 2L EThh>TEST, EB
DT> RaA RTHEMATBHIZIEAR+TSTH S, Ishiet.al
i, FEEEORERIZ ﬁ?éﬁ¢®7/k/7ﬁﬁ%%$b
TW5 (17, 18], HFEOEWREHT T 2720121,
@@&teféﬁﬁwtﬂﬁiéﬁg#bétw[],u
TIWVRALYAT L EWET L PN#EETH 5.

— T, BEFEOMENS, L OBHEENE B EEER
NE Z 2 EHEINT VS [20]. ZORIRD S FEHEBOF
SHENE S AP DO BRI O G AR R % H & 12 E
KT E 2 RN DH 5.

R T, #HRPPRIUHAFE T, M HZED 2O
OEEZE, AED SRR Z R UFGEHRICED W
TUVTINVERALTERTEZIEZEHANE TS, /7, Bk
FETHELZET VTR, BEELEEDED KL S Rk
WAAES LIIZEb > TWE DN, e 5 DI3AS

TR\, AWFZE T, BIEOERDERIZ D0 PT
WEIEAERE T VOBEZ HIgS. Friz, BMZ2Z 57
PEIFAEED I T F A MKIZEL [21]), ZD/NX— 31
PEICHKAF S 5 [22) 226, KX TRAEFIIEDLEL
HEEOM A D S IZEHT 5.
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3 ERBECERMIBEOREMREDIS Z2EER

KEITIRHAR S UWRFEEEZ HBEKT S 72d D)L —
N RO 57D DEREHIIT S, AHEDFEH T L5
SEERENE R E P E R ICHEIT 2 Z oGS TH D, K
AT =By FOLMEFEOEDFM TS Z &
MonTwa 23] LML, HEAGETEAT—, EvFD
AR E SR EEOMBIEE W Z b WE TN T
W5 [24]. £z, ERHZEORIED S, COBBAEIEIZHEN
SR SEI 22 B WMEINT VS [20]. ZD=d, KEKD
HHEONAT — - By FITIA, OOMEEED 3 BHE
RINIRA VR TIVavEEERVIRITEE & L MHE

NHLEONEHHLENTT S,
3.1 EERRHT
ODOBEAPHE2HETIRIIKREL BTS2, E

BRBINE (-5 -2 -8B 23BEREFLTES
W, ZORFBIESHEOEEDOEEEHTS. HED
FEFEhEThzEys - HE - RS THE T 55 (Voice
Pitch Condition) &, F&/H LY WEDE S TRA THRA
§ 5% (Mouth Openness Condition) % % 7z. #ERE
i, BFEITLICEmE—HmL K5 REHL, B
)Ly MUz, FHERED, HBEIIEZ2HFTS
28R (HGECTREIRFERY) Z2RAIES LHH
ULDooho72720, RERTIL, 2EKRZ DT THEIEME
DZALZEEHIIL 7. F7z, /NS QRFHTHRAT 5 LU E)
MRNT & H FTAERIC TR I N TW2728, Mouth
Openness Condition Tld, KELRFEDOARKEIE 2.
SEEREIVE | 3R DUETEIZHL O 13 7= Inertial Measure-

ment Unit(IMU) TEHAIL 7z, #BRF ICIZOOEZ IZ- &
DEB X DIZHBRTHIET, HBEFIZRNTH 0D EE

EaHfHIL 7z,

3.2 EERFIE

BT L ITHERF T 2 MERIT X, 1 [ HIXERE

TOFKFEIZEHLT 572012772, £z, BHEEZIEL
CFHAITCE TV A RDIERBIT o 72, TRTDFERIZ,

RETEHIBRIIBBUZEBARN DL S BREDONT VI —
MZITHEL 7.

3.3 =RER

FHEMWEHREIZ 1IN (B:6 A, &:5 A, EHER 22.0,
FEHESI R 0.54) TH o7z, TD DL BUEGWERHF 1 AMEL
CEDE I BFEETETNWRD - 7DD 5 RV 7=,
Voice Pitch Condition D FHIKER %X 2 12757 %fﬁfﬁ
WHAEEEREBTOEOAEZRT. &, P, KF
%ﬁ?é@@%@%@%ﬁﬁﬁﬁt#?ktgé,ﬁﬁ%
NRD SNz (F(2,18) = 12.843,p < 0.01). X512, %
HEBRLAZEZA, AEE2RFETIBICEHOAENERD
EAY (p < 0.05), KHEEFEHTIEICERE T2 e



HEMEo7z (p<0.05). Thbb, BEEzHAT LI
FHEEE 2 S L, K& EFAE T BT 2 T 26
RO SNz,

Mouth Openness Condition D &FFHIKER % X 3 12577
MEEEFBFE IS B OAEDOLLEEZRT. ZOLIE
&, FEEERALAET & A EFEAIRET O E O A E D 2 DT
ECERL. DEFAWTHETS [H) T2 [B] L
OZBACTHATS W] 151 BRI, BRI E
DHEOEfBEOKREI2ILRLAZEZ A, ODE%
PES BEZMDIESIVERIZEZRELE N T Z L HER
Dotz (V1 vary v OENFKRE, p < 0.05).

2: Head position according to pitch

3: Head displacement according to mouth openness

UTEZT v =ML RFALPTVWERIZOWTOD
HH Rl AE R 2 RT. Z0idn6d, BEE2HRAET L
T E S U, [KF2FKAT HBILTEI % N 26Hm
MERD 5Nz,

o FOEMZEML THWIITLZLEHHL KL, &
SHEZ S LRAFEHPMOEDS LD £ U7, K
SHEZE S LRZIE, Tz P LEZTOHEHEG &, 72
ERLODHIZEDS XS ITHEFLE U,

o mWEEZHTERIF Lz, {0 F2HTERIZIET
Z i <
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o [NEZKRELKFITZ b WwWidErorEEzEiL, A8
ERPRSBHIF 514 AV THEMNT KON %
BHEA A=Y

o HVWHIRXEHMBMOBEUTURE, EWFIZRDIF
ETFZVWTWEzEEWET,

o HWHEZAEMTEETEHE LM EIT, MKV E
FTEEIRTRESITTL2LHLP Ik

4 BEMNBERICED S EFBEBFEN T L

LR Z S L IZEFRED oS EEZ LK 5T
VTV A L%EPAFIZHHAT S, ABS LWEIEICIZES
DR EETH B 25, 8. TDd, FARHHK
EN S IR 7226 A & e 12 1 S D 2R B & AR ld
DRENDHD. £z, TIKENROX A F I 7 ATHI N
THEBRINIEENAMS UTHIRE 52 5 Z L2t
INTWVS [26]. £IZT, KX TIRERX VR EHD
EBET IV ERAT S 2T, SHEEHE VS MK
TG O HIRE S PR EIE R AT S (M4, 1) . %
7z, BHOETVALE IFRE VSR EAWZEEE TV
EHWEZRALH 7280 [27, 28], TOEEERET LD
BE N T A — ZIIHROE X ZIFIL 28T A=K L ipo
TW5. HAOESITFRFEORRES - BIHREBIZL ST
2T BEEZON, FKiEROBIEPREREG L Vo7
ANEDHRTE BT A= XD SBENR — > 2T
5 eNHIffEING.

.'\\--‘f

4: Classification of generating motion

JObase + DOpase + Kbpase = T(t)Dir(t) (1)

4.1

IERY >V IRRICK BEEERENEER

RV T BN 2 ERREED LICERTHIET, &
FhoEIREE e BB ER S S (N2) . Hi 3 DFERR
6, NERELSHITZEEDBRESFHLZ RS, X4
DESIZ, DO KEXIT LM ERT S, HDH
EVRELERIFZE-THBGLEE, ANIFODMED
REZWTHBITHESI129 5. ONDOHESHNE <7258
B, HIZEAANERLSTZLTHBET VO
DI & D HIERTEANT S NITRS. O ESANET L



nAGELODOHEESE2ZTOEENELTEHEZITL
FOLEDRDPEL LD Y TIVRA LTEEERT S
WL IS, £, PHEBRPSREREEBIR
WEENBHBIZHD LD o722 s, FOREIICH
WL a3 AT EEHRTSD. NOREE
BEBRIZ, FONT =825 213 Ths5E5,
ATFFEOREZIZIFITEED12T 5. BEHAINIL R
56, HII5 A0 NERTZETHEET LD
XD & 0 BEMNEBAF SRS, AEINI LR
DGELHDNT—%ZDEEN L UTEZXTLED
CEHDORODPEL LDV TVRA LATEFEERTE I L
WHREEL /25, VELEFFEOREILOOHEETELEE W
SBIRBAT—NDON1Z2ELEEZDDEHRTH 5.

T(t) = VP(t) + LH(t) (2)

Power(t Power(t) >= Power(t — 1

Pt) = ) ( ( ) (t—1)) 3)
0 (otherwise)

H(t) = { gipHeight(t) Efg;g:ilzg(f) >= LipHeight(t — 1)) (@)

Hi3 OFEBERNS, O HAIEEOE S THE
b7z, X1 OHHOEEETIVIIKT 2 A%
5DEIIEHE L. A5k, EEEERAET 25513 H
Wrrol, KEFEERET LHEIXHES AAICEZH)
N, FEEBTEREZE»I RV E2RT.

1(Headup) (HighTone)
Dir(t) =1 —1(Headdown) (LowTone) (5)
0(Nomovement) (MiddleT one)

F7z, OOBMESIXIshietal. D7 2~ MlHIZ
O OEEEHE O FiE%2 W5 [29).

BRBROME

FO DfEDHIHIZIE, 32 ms D7 L —AIRT 10 ms 2
LPC(Lear Predictive Coding) i# 7 1 )L X2 X 552 KIE
DOHCHBEBEBORRE =27 IZHE DV ETS. X5
2, AEDA Y b x—a vOMERNE 5T 5 k5,
FO DAl % R r —)VIZZE# L 7=,

4.2

FO[semitone] = 12 x log,(F0[Hz]) (6)

Wiz, HHINTF0 O£ bE%E KT AFO(NBOHEFHD
HFNZFED KT A =% [30]) 2l L7z, FOmove 13
DD FO DU BIELR EOFHIRD FO(FOtgt2b) & i
EROD FO SEMHE (FOavg2a) & DEREHAWTEHET S
(R7). LT, SHioFMIl8icaL T, LM F
Wed, I IZ B .

AF0 = FOtgt2b — FOavg2a (7)
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rising (Rs)  (AFO0 > 1 semitone)

tone = q falling (Fa) (AF0 < —2 semitones) (8)
flat (Ft) (otherwise)
4.3 HEEOHBRBF

SHESASEN < B2 E R AT TR <, B AR HE)
LZEeDH->TWVW5B [31]. ZDZens, HO1HHED
FHL7Z 1 Tz, EHEHIEL 2 TED ABS LW
HENEHTERLEZONS., £/, O HOHEH
FTRAIVZIFERLRD, ODIEIBRPENEIK Z 228
WEINTWDZ &5 [32], Bih I & b ATHAEH
HBIEeWEZSL. 22T, RIDLEHAEHNTH 5
D& D B e 2 52485 5.

Oact (t) = QactOpase (t + 6act) (9)

5: Multi-Joint Control

5 RE

fi4 TIRELZETIVE, AHEOEEKREHRIZEDE, 1X
REVNRZREHWEHBAOXA FIZZAZFHALTWS.
ZTDH, ZOEEERETIVOEIENST XA —ZITHE
DFEXZHHIL 72T A =R o TWVWS, HADEX
WIHFEORIRES - EEREBIZL-TEMLTEEEZS
N, FEERFOREE P RIRE S L Vo 7 AR T & 59
TA=ZPSEMERR -V ERETHZ P FINS.
Sld, RO - BIEREBIZH > - EER EKT 5
ZEDTEDPOMGEREIRIZEIE T A — X & PE
TELDPDI—FE) T4 DE»SBETEZ T 5.

B
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Abstract

This paper presents the approach developed for
controlling the gaze of an android robot. A sen-
sor network composed of RGB-D cameras and
microphone arrays is in charge of tracking the
person interacting with the android and deter-
mining the speech activity. The information
provided by the sensor network makes it possi-
ble for the robot to establish eye contact with
the person. A subjective evaluation of the per-
formance is made by subjects that were inter-
acting with the android robot.

1 INTRODUCTION

The eyes of a human convey a considerable amount of
information during interaction. For this reason, it is
important to implement a human like gaze behavior in
robots that communicate with humans. In [1], the au-
thors followed the example of the human visual system to
develop the gaze of their humanoid robot. Their robot,
called Kismet, controls his eyes and neck to look at tar-
get detected by four cameras located in the eyes and on
the face.

The ability to perform eye contact is important but
gaze also plays an important role in the mutual atten-
tion [1, 2] (and reference herein) and pointing [3]. In
[4], a reactive gaze implementation for mutual attention
and eye contact is presented for a humanoid robot in an
explanation setting. A motion capture system is used to
get the head orientation of the human. Only the robot’s
head is actuated. Another example of robot head with
human-style gaze ability is the system presented in [5].

This paper presents the gaze control of the android
robot developed for the ERATO Ishiguro Symbiotic
Human-Robot Interaction Project [6]. This android is

*Research supported partly by the JST ERATO Ishiguro Sym-
biotic Human-Robot Interaction Project and partly by the Min-
istry of Internal Affairs and Communications of Japan under the
Strategic Information and Communications R&D Promotion Pro-
gramme (SCOPE).
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Figure 1: Close-up of Erica the android robot of the
ERATO Ishiguro Symbiotic Human-Robot Interaction
Project.

called Erica which stands for ERATO Intelligent Conver-
sational Android. Erica was designed to have a realistic
human like appearance, see Fig.1.

The goal of this paper, is to investigate the ability of
Erica to look at a given direction in the environment.
This is done by using a sensor network for finding and
tracking the point of interest and controlling Erica to
look at this point.

Erica is sitting on a chair, but contrary to the robots
in [5, 1, 7], Erica has a complete body. Consequently, the
gaze implementation presented in this paper actuates not
only the eyes and the neck but also the waist of Erica.

2 SENSOR NETWORK

Before describing the gaze control, let us present how
the system determine the point of interest. The basic
idea is that a sensor network provides information on
the context around Erica and depending of the intended
interaction, a point of interest is determined.

In the current state, the sensor network main role is
to track human [8, 9, 10] and determine who is talk-
ing [11, 12]. For this purpose a human tracking system
is combined with a sound localization system. Figure 2
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Figure 2: Example of possible sensor network configura-
tion.

shows one example of configuration with four laser range
finders (LRF's) for tracking humans and two microphone
arrays for performing sound localization. During the
experiments, the human tracker system was not using
LRFs but RGB-D cameras attached to the ceiling of the
room [13]. Using the sound localization (the red arrows
in Fig.2) it is possible to determine who is talking. Then
the goal is to have Erica pays attention to that person
(the green arrow). Namely, the sensor network gives a
point of attention that can vary. This point of attention
is referred to as the focus point in the remainder.

3 KINEMATIC CHAIN

In this section, we describe the kinematic chain to be
controlled for setting the gaze of Erica at a given focus
point.

Figure 3 shows the joints involved in the gaze control.
The kinematic chain controlling the eyes direction has 7
degrees of freedom (DOF):

e yaw and pitch for the eyes,
e yaw pitch and roll for the neck,
e yaw and pitch for the waist.

However, the current implementation does not use the
neck roll.

Pneumatic actuators are used to move the joints.
These actuators are controlled by on board PID con-
trollers. The commands are sent to the robot at a fre-
quency of 20 Hz. The robot provides a feedback mea-
sured by potentiometers also at the frequency of 20 Hz.
The on board PID are tuned to favor smoother move-
ments which results in a lesser control accuracy. Conse-
quently, it is necessary to rely on the feedback to get the
achieved positioning.

Using the specifications of Erica, a computer model
of the kinematic chain was implemented. The posture
of the model is updated when the feedback from the
actuators is received. Namely, the model provides an
estimate of the current posture of Erica.
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Eyes yaw ———>»

Eyes pitch

Neck pitch
Neck roll

/

Neck yaw

Waist pitch —_—

Waist yaw —_—

Figure 3: Kinematic chain for the gaze.

4 GAZE CONTROL

The kinematic model presented in the previous section
provides the current gaze direction of Erica’s eyes.

This is illustrated in Fig.5 that depicts a part of the
graphical user interface (GUI). In the left view, the cur-
rent gazing direction of Erica is shown by the pink line.
The green line shows the direction of the focus point
(the red box). At this moment Erica is not requested to
look at the focus point. When asked to look at the focus
point, the look direction (pink) is aligned to the focus
point direction (green) as in the right part of Fig.5. The
goal of the gaze control is to send command to move the
joints of Erica in order to perform this alignment.

Figure 4 shows the flow chart of the algorithm. The
control sequence is as follows:

1. the position of the focus point f(k) is given to the
gaze control,

2. the gaze control requests the current gaze direction

(i.e. the current orientation of the joints 6(k)) to
the kinematic model,

3. if the gaze direction is close enough to the focus
point direction go to 9 otherwise go to 4,

f(lq)*>| Gaze control |ﬁ)>| Actuators + PID|
k) Toe)

Kinematics

0(k)

Potentiometers
p(k)

Figure 4: Flowchart showing the different blocks of the
gaze control.



Current gaze direction

Figure 5: Visualization of the kinematic chain and the
focus point.

4. the gaze controller determines the commands c¢(k)
to send to the joints,

. the actuators move the joints,

. the potentiometers give the feedback p(k),

5
6
7. the kinematic model is updated,
8. loop to 2,

9

. gaze control completed.

The step 4 is the most important ones. Given the
direction of the focus point and the current direction of
the gaze, the controller has to determine the commands
to send to the different joints.

Figure 6 illustrates the procedure for the yaw com-
mand of the waist, the neck and the eyes. In Fig.6-a,
Erica has a posture determined by the waist yaw, neck
yvaw and eye yaw and is requested to look in the set
gaze direction. All these directions are represented by
the colored arrows. The controller determines the de-
sired angles for the joints. These angles are represented
by the dash arrows in Fig.6-b. For the waist (red) and
neck (orange), the desired angles are converted in abso-
lute commands defined as a fraction of the set angles.
For the eyes (yellow), the desired angle is converted to
a command relative to the current position of the eyes
which is represented by the black arrow.

Let us denotes the set angle by 6(k) then the waist
and neck angles are

Owaist (k) = awaiste(k)

eneck(k) = anecko(k) (1)

where yaist and apeck control the amount of rotation
distributed to the waist and neck.
For the eye angle, the relative value is

Oeyes(k) = 0(k) — Oeyes(K) (2)
where feyes(k) is the estimated eye angle given by the
kinematic model.

Only the eyes are controlled in a closed loop because
the accuracy on the eye movement is greater than on the
waist and neck.

When the joints have started to move, as in Fig.6-c,
the absolute angles for the waist and neck do not change
whereas the relative one for the eye is updated.
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Figure 6-d shows an example of gaze control comple-
tion. In this case, a small error still exists for the neck
that did not reach the absolute angle (the double black
arrow). However, the gaze direction is reached as the
relative angle computed for the eyes compensated the
residual error on the neck.

In practice, for all the joints, the angles are converted
in command values that are in the range [0, 255] before
sending them to the robot. The feedback values received
are also in the range [0, 255]. The conversion is a simple
linear mapping. For example for the eyes

255

eeyes, max ~

Ceyes(k) = Oeyes(k) *

oeyes, min

eeyes, max ~ eeyes, min

255

Geyes(k) = eeyes, min T peyes(k) *

where feyes, min and feyes, max are the angles correspond-
ing to the command or the potentiometer values 0 and
255.

5 EXPERIMENTAL RESULTS

5.1 objective evaluation

In this experiment, the focus point was set to subject
tracked by the sensor network. This subject was walk-
ing in front of Erica for four minutes. The direction of
the subject (the focus point) and the estimated gaze di-
rection given by the kinematic model were recorded. The
command and potentiometer values were also recorded.
The goal of this experiment is to check if Erica is able
to track a moving focus point using the proposed gaze
control approach.

The top of Fig.7 shows the yaw of the focus direction
(solid line) and the yaw of the gaze direction given by the
kinematic model (dashed line). The three other graphs
are showing the command values (solid lines) and the
potentiometer values (dashed lines) for the control of
the waist, neck and eyes yaw. The focus direction is
well tracked by the gaze direction except for the period
between the two vertical red dashed lines.

Figures 8 and 9 respectively show a good tracking pe-
riod (the green vertical dashed lines in Fig. 7) and the
bad tracking region. The top graph of Fig.8 clearly shows
that the gaze direction closely follows the focus direc-
tion. We can note a slight delay, which is expected, and
some overshoots. However, the graph for the neck con-
trol shows some large errors and the one for the waist
some small errors. These two graphs are by construction
scaled version of the focus angle, see Eq.(1). Then, we
can see on the graph for the eyes that the command is
different and it compensated for the error as expected.

The tracking error that appears in Fig.9 is explained
by the fact that the large error on the neck angle could
not be corrected by the eyes because they saturated (the
command reached 0). This is due to the fact that the
subject was at a large focus angle.

Figure 10 shows the cumulative density functions
(CDFs) for the errors on the yaw (left) and the pitch
(right). The horizontal black dashed lines indicate the
90% quantiles. For the yaw, 90% of the errors are smaller
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Figure 6: Ratio for the different body parts during gaze setting. Note the remaining error on the neck in d.

than 11 degrees and for the pitch smaller than 5 degrees.
The larger error on the yaw is due to the fact that while
the person was moving in front of Erica, the pitch did
not vary much whereas the yaw presented large varia-
tions. The error showed in Fig.9 created the small bump
around 45 degrees in the CDF of the yaw. Note that
these errors are computed while tracking a moving per-
son. Then the small tracking delays contribute to the
error for the lower values of the CDFs.

Figure 11 shows the cumulative density functions
(CDFs) for the errors on the yaw command for the waist
(left), the neck (center) and the eyes (right). As ex-
pected, the 90% quantile is significantly higher for the
neck.

This experiment showed that the proposed approach is
able to accurately track a moving focus point. The per-
formance was measured on the feedback given by the po-
tentiometers. This means that some bias may be present
if the calibration is not done properly. Namely, the mea-
sured focus direction and the true focus direction may
differ.

A finding is also that most of the error comes from the
neck. In particular, for some large angles, Erica could
not look at the desired directions because of the error
on the neck positioning. These situations correspond to
cases where the human would also turn on themselves to
look. This is due to friction forces that prevent the neck
actuator to achieve the desired positioning while moving
smoothly. To solve this problem, a low level controller
that is aware of the friction will be implemented.

5.2 Subjective evaluation

The subjective evaluation of the gaze control is per-
formed by setting a focus point and asking a subject
to position herself/himself where she/he feels Erica is
making eye contact with her/him. This is done for sev-
eral focus points in front of Erica, see Fig.12. Then for
each of the focus points, the position where eye contact
is felt the best is recorded using the human tracker. The
height of the subject eyes is measured to set the height
of the focus points. For the focus points, the yaw an-
gle 0 is computed and for the corresponding position of
perceived eye contact, the yaw angle 6 is also computed.
For the selected focus point, in green in Fig.12, the yaw
angle 0 is represented by the green arrow and the yaw
angle 0 of the perceived eye contact is represented by a
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Figure 7: Axis command (dashed) and potentiometer
feedback (solid) for the yaw.

red arrow.

Figure 13 is a plot of the perceived angles versus the
focus point angles. The data points for two different
subjects are plotted (circles and crosses). The black line
is @ = 0 and the red line is the linear fit:

6=0.79 0+ 7.92 (3)
the RMSE is 5.27.

The angle 6 of the perceived eye contact does not cor-
respond to the set angle §. Meaning that the subjects
did not feel the eye contact at the exact set position.

However, a linear fit of the data is possible. The bias
of 7.92 degrees and the scaling error of 0.79 could be
explained by calibration errors. The ranges 0xxx, max
and Oxxx, min (Where XXX is for waist, neck or eyes)
have to be adjusted.

Without re-calibration of the ranges, the linear fit
could be used to select the set angle to look at a po-
sition given by the human tracker:

6=1.216-947 (4)

the RMSE is 6.54. Figure 14 shows this linear fit.
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Figure 8: Close-up of the axis command (dashed) and
potentiometer feedback (solid) for the yaw.

6 CONCLUSIONS

This paper presented the low level gaze function of Erica.
The objective experiment showed that the gaze control is
behaving as expected. The system is able to compensate
the measured error. However, the subjective evaluation
suggests that there is still a calibration to be done in
order to obtain eye contact. An alternative way would
be to use the linear mapping between perceived gaze
angle and set angle.

In addition to the ability to look at a given point,
a humanoid robot should also reproduce a human like
behavior [14, 15]. Human like features of the gaze are
implemented at a higher level in Erica’s control architec-
ture. The integration of these higher level features with
the low level control will be the focus of future research.
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Table 1: Notation of Variables for UKF

Quad. coordinates Xg:Yq52q
Velocity Xq:Yq:%q
Acceleration Xq:Yq:2q
Iteration k

State X = (Xg,Yq:2g:%q: Vgr 29) "
Time step t

Landmark intensity (1m) 1

[-th landmark coordinates X1,)1,21

Number of landmarks L

Initial sigma weight e=0.9

Table 2: Model of UKF

Time update function f
2
felag) = oty +1 x 6y + t*% for o in { x,y,z}
fi(0y) = 0y +1 x by for ovin { x,y,z}

QOutput function £
. I
= g P Oy P 2 P
h(xk) =lik1 ... kL
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Table 3: Notation of Variables for UKCF

Source coordinates Xs, Vss Zs
Quad. coordinates Xgs Yg» Zq
State x = (X5, V5,25) 7
Sate dimension n=3
Iteration k
Source intensity (at 1m) 1

Sigma points Xi = {(xi,w/)|j— Zn}
Initial sigma weight w? =0.009
Predicted state x}:
Predicted error P‘IC
Corrected state X
Corrected error Py
Predicted measurement Z{
Process noise O
Measurement noise Ry
Kalman gain Ky
Consensus gain Cx
Consensus order e=0.01
Frobenius norm Il
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Table 4: Model of UKCF

Model

Output function h
: I
2+ yé )q) +(Za Zq)

(i)

Prediction step

Iy =

(for each individual quadrocopter)Sigma point generation

ngl = Xr_1 xjc—l = Xj—1+ (H%Pk_])_ fori=1...n
1

i+n __ —

X, 1—Xk 1 — (1/1 WoPk 1) fori=1.

wl = 1= ..2n

State Transition
x}: = Xk—1
Mean and covariance computation
X = i wix) ,
=Y ow/ (x{] —xf:> (xzfj —x/f) + 0Ok
Predicted measurement computation
Z{lj1 = h(xfc 1)
_ f7
le;l =Y owiz
Kalman Gam compumtion
i . T
2 9 9.
COV(Zifl):Z‘/ OW] (ZI’(‘ I_Z{ 1) (Z{jl—Zifl) +Rk
- . - N\T
CO"(X{’ZLJ = 2320 w/ (kaj _xlf) ( i _Z£—1>
Ky = Cov(x,f,z;{fl )Cov™! (Z£71)

Correction step (for quad. ¢ in a swarm of size M)
Consensus Gain computation
B
1P
State and error correction
X =l Ki(ze— 7))+ Ce T (" =)
Py = P] —K;Cov(z] KT

Cr=¢
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b) Bettom view of CrazyFlie

a) Top view of CrazyFlie

Figure 3: Micro-quadrocopter with a Sinle Microphone
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Figure 4: Error on distance estimation results
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7721,
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0
o(yi) = “ o,
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logp(y;)

GICA % GHDSS TIEBIHIE 72 E10B U Tl ol W 3
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AW CTIREIERN E — 2L 7 #— 3 v 7 (DSBF) &9
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K1) &KX (11) 225, THEETI Wi D (n,m) BRIT wams
B TFToRTRINS.

(12)

1 .
w"mf = d exp(jzﬂ-anm)
m
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2.3 BB
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B2 HWEE D% f(B) L35 ¢,

N/
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D 3ODFEMZENFNITO T SHEOFRALEZ H=
LEBZIT-> 72 (X 3).

L HEK3 D, ey F2H (N=N' =3, R=2)

2. EHEK 3>, #E 3>, nAvyb2h
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3. EHEK 62, mAhy F3H (N=N' =6, R=23)
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(a) Engine model (b) Electric motor model

0 1: Kiteplane

O 2: Kiteplane configuration (conventional type)
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Target estimate

Search space (grid)

: Grid space sound source localization from UAV
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O 4: Frequency characteristics of rotor-noise
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O 6: Flight path and altitude

O 7: Sound source localization result
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(a) without path generation (b) conventional flight

0 8: Sound source localization result
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0O 9: Evolution of sound source localization
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O 10: Flight result with longer rotor stall period
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HARK SaaS Analysis Result
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