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1. Overview & Proposed system 2. Motivation

m What does this paper propose? Microphone  |@—> Spectral peak detector m What is speaker diarization? M
A multiple hypothesis tracking (MHT) method that ) Answers the question “who spoke when?” and is required for applications, such
exploits the harmonic structure associated with the Harmonic subset generation as speaker indexing and automatic speech recognition (ASR). o
pitch in voiced speech in order to segment the onsets 300 T— —

m Is performing segmentation before clustering really that useful?

\VISIRRIol Rl o Il aES ERIEI el 15t Kalman filter @@ N Kalman filter If correct segmentation is performed before clustering then each segment will

contain the maximum amount of information possible on the speaker’'s identity.

— Speaker B

of speech from multiple, overlapping speakers.

m How well does this proposed method perform?
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Comparable segmentation performance can be
achieved for overlapping speech when evaluated

Overlapping SpeeCh detection = Best candidate selection n Why use p|tch for Segmentation?
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against a deep learning approach. which requires v . A study [1] of meetings in the AMI corpus has shown that a pitch change is a strong r, HJW, iy , ,
labelled training data. Speaker change detection indicator of a speaker change. 200 400 EEO)O 800 1000
Time (s
3. Harmonic subset generation 7. Results

Example for a given frame The state equation for the it" speaker: Illustrative (TIMIT) example
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Peak detection: &, = {100, 200, 350, 400, 450} 0.82 450 Hr X Ty =Ty +wy,  w, € N(0,07), Two speech segments from the TIMIT corpus were selected and partially overlapped.

Reliability: ¥, = {630, 450, 49.0, 23.0, 0.82} 23.0, 400 Hz X x F) x I x
49.0, 350 Hz % X

with observation: S -100 -80  -60  -40  -20 0 3

Frequency [kHz]

Remove unreliable peak detection (reliability > 10)

Rin = ht,nxt + Uy,

Reliable peak detections: ®, = {100, 200, 350, 400} NOR). R [gg ] ' e : 1
vy € ; 41), = " 2.0
. . . 450, 200 Hz X X F| X F X ' 2 - -
Possible observations from peak detections: ' by Tu T 08 T
z,o = {100,200, 400} or z,; = {200,400} 630, 100 Hz X X [ X Prediction step: 2 0 c
£z‘,m—l - ii,t—1|t—17 Ditjt—1 = pi,t—1|t—1+0121;‘ . g 0.4 g
0 1 2 3 4 5 6
Time [s] 02

Update step:

4. Multiple hypothesis tracking ) ;

Litlt = fi,ﬂt—l + kg:t(zt,n - ht,n£z‘,t|t—1)> Die = (1— kvjj:tht,n)zpi,ﬂt—l + kz'j:tRki,t' Speaker: A A+B 8 Time [s] Speaker. A A8 B Time [s]
Observations where the white crosses denote Fj Tracks generated from observations
Tracking observations Optimal Kalman gain: : : : —
1 ) ; Evaluation on AMI corpus Method | Hit | Miss | MSE [ Multi-Hit| FA
[ [ I . . . T __ T —1 _ T
1. Observations in time O O .----'7‘ Rigp = PigihinSics Sig = Puabige—ib, + 1. Baseline: bidirectional long Baseline | 75.0% | 25.0% | 0.0115 || 16.7% |30.8%
2. Possible track oo PO Eetimation error- short term memory networks Proposed | 78.6% | 21.4% | 0.0067 | 42.9% | 35.3%
3. Best track O @ Yitlt = 2tn — ht,n{ﬁi,ﬂt' (BLSTM) methOd. [2] where the Input: Individual headset microphone (IHM) mixed-down stream
model was trained on AMI : : —
Multiple hypothesis tracking employing MFCC, their first Method Hit | Miss | MSE | Multi-Hit | FA
. . 1 (o) (o) o ()
Tree 1 @ Observation, Zt’n Where ‘¢! indicateS that 6 Speaker Segmentaticn and Second demva‘“ves’ as Base“ne 70.0% | 30.0% | 0.0077 20.0% 53.9%
Only the prediCtion step is performed. well as the first and second PrOpOsed 78.6% | 21.4% | 0.0237 64.3% 55.5%
t=0 . derivatives of the energy. Input: Single distance microphone (SDM) stream
Tree 2 Tree 3 Overlapping speech detection : '
R —_— o — . o L .
o* ppINg sp . . [2] R.Yin et al, “Speaker change detection in broadcast tv using bidirectional long short-term memory networks,” in 2017 Annual
@ An overlap is detected when there — Conference of the International Speech Communication Association (INTERSPEECH)
are multiple tracks that are not : —

t=2 @°@¢°@¢6 @¢° ‘ harmonically related (grey box). : : .
i weighted ciaue (MG speaker change detection overlap onset speaker change 8 Conclusion

Overlaps are removed and the best Fj candidate (bold) is selected out of the remaining

Used to find the most likely set of tracks which 0,11 . m Presents a novel segmentation system that utilises a MHT framework to track
do not conflict 010 tracks. [1] is used to detect speaker changes. _ o
' rh multiple speakers even when they are talking simultaneously.

c - - 0x0 Segmentation file " - - . -

ach node is a track hypothesis and each edge 1 X m Shows that by exploiting the harmonic structure of voiced speech, it is possible to
connects 2 tracks which do not conflict. A score 0,%,] The union of ‘overlap onsets’ and ‘speaker changes'. detect when more than one speaker is active in a speech signal.
is aSSigned which is calculated by taking the ~0,0 - [1] A. Hogg et al, “Speaker change detection using fundamental frequency with application to multi-talker segmentation,” in 2019 m Shows that the newly proposed system achieves comparable Segmentation
average value of all previous estimation errors. IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP) performance when it is compared against a recent machine learning method.




