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\Votivation

- Most practical speech technologies nowadays are supervised ASR systems

- Majority of the spoken languages in the world lack the resources to train state-of-
the-art ASR

- Unsupervised word discovery is challenging (Kamper et. al. 2016, 2017, Ondel et.
al. 2018, 2019)

- Existing multimodal word discovery systems are data-hungry (Harwath et. al.
2018, Azuh et. al. 2019)



Statistical Noun Acquisition

Connection between low-resource word discovery and first language noun

Image concepts: canoe jacket male child man

Caption:
AHOMAEI NAHONDAHOLIHI TAHOL |
BOYITHONBLUWI LAY1 FJHAEI K

IHOTSAAT RROWIIHONGAHOY EHI L

OWO0 KAHON UWI1

Image concepts: hands male child mouth male child:

Caption: » 1. AHOSMAOI LB

AHOSMAOI LBOY1PAHI TIHONG S oYr

AHI M THIHO NG IHON HH IH1 Z M AW1 2. LIHITAHOLBOY/I’

TH W IHI DHB OW1 THHHAEIND Z 3. ‘AHO Y AH1 NG B
oYr

Image concepts: boat ledge male child

new _jersey

Caption:

AHOY AHI NGB OY1 W EHI1 RIHO NG AHO
JHERI ZIYOL

UHI KSDAWI1 N OWI1 V EROAHO L EHI JH
AE1TM EHI N

IYOBOWI T SIHON DHAHO W AOI T ERO
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Image-to-Pnone Word Discovery

- |Inputs: phone labels x1 X2 ... XTand image features for each region in
the scene y1 y2 ... yN

+ QOutputs: concept clusters assignment of the regions z = z1 z2 ... znyand
the alignment between phones and regions A € {0,1}"*" i, := argmax a,

)

p(x,y) = > p(z)p(A)p(x|z, A)p(y|z
o R R

Concept  Alignment Translation  Visual
Probability Probability Probability Observation
Probability




Correspondence
Assumptions

. One region per phone, at least one phone per S
region (many-to-one correspondence
gion (many P ) \ VGG 16/ /

. One concept per region, but allow repeating
concepts

. Not realistic, but makes the math easier




Independence
Assumptions

Given the distribution parameters:
1. Independent concepts z1, z2 ... ZN
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. Conditionally independent image features
y given z

4. Conditionally independent phone
symbols x given z, A




Main Challenges

- Potentially intractable likelihood and posteriors
N” T
p(X7Y7@) :p((‘))zn_p(*%) Z yZ‘ZZ H Zt‘lt 1 mt|Z7Jt)
z =1 Ac{0,1}TxXN t=1

KN terms (intractable when the length of the image sequence is large)

- Real value features: infeasible to directly collect counts
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- Approximate posterior:

Model 1: Approximate Posteriors with
Variational Inference (VI)

-+ Based on the Correspondence LDA model
proposed by Blei & Jordan (2003)

- Evidence Lower Bound (ELBO): S S e A el
logp(x,y,0) > Ey(z,a,0) logp(x,y,2z, A, 0)] - VGG 16 /
D(q(z, A, O)||p(z, A, ©)) _
=: ELBO(q)

z, A,©) =arg max ELBO(q(z, A,©
(*(2,A.0) = arg_max ELBO(4(z, A,6))




VI Assumptions

- Parameter Prior:

Uz dd‘@m 60)

(

(k2 |10, 22, Ko)

p(p(is = -1s—1) = 4|75 o)
(
(

p(yi|zi) =

q(z,A,0) =

Gamma(az dd|()é(), 60)

— N(,uzi\/,co, (/{0) 12%)

— Dir(quZ_lo)

) = Beta(v|vko, v#1)

- Conditional Gaussian distribution:
- Mean-field Assumption: Allow nice decomposition of ELBO

HC] Zt‘zt 1 HC] Zz



Coordinate Ascent Update for
Approximate Posteriors

Visual observation term

. .‘ — :
Y (Z %‘m) ‘ €XP (Z Q(i(t) — Z) logp($t|2z‘ — k))
i<k y)

terms Audio observation terms dependent on
g(i(t)=1) from previous iteration

) — ; K
3 (ZJ i ) exp (Zq k)log p(x¢|z; = k))

Recursive term
Normalization factor Audio observation terms dependent on

q(zi=K)



Parameter Update of V|

L
,l_t L 240 + RO Zi:l Q(:Z)yl (19)
L, = =
1 4+ Ko y:z'—l Q(Zz)
e .BO + Ko y:z'—l (I(Ei)(yid — K, d)2 |
0z.dd = 7 ’ (20)
ao + Ko Q_ilq 4(%i)
p(it = jlit—1 = 1) (21)
T . o .
_ Yio + Di—0 q(it—1 = 1,7 = j) (22)

S+ s qlie—1 = i, = j)
p(zy = x|z = k) (23)
> i Yfmt_m q(is = i)q(zi = k)
Y:z 1 xt 1Q(lt =1)q(zi = k)
y:f—l q(zi = k)

p(zi = k) = : (25)
Zf:l E{c{:l q(zi = k)

(24)




|lssues with Mean-field VI

- Potentially large gap between the approximate and true
posteriors

+ Prior somewhat arbitrary; no need to compute the full
posterior with priors

- In practice, converge to bad local optimum, even with
pretraining



Model 2: HMM-DNN with Exact EM Inference

VGG 16/




Exact EM Inference Assumptions

Uniform prior on y:

p(x,y) o p(x|y)

- Softmax unimodal posterior: \\ VF?GE,\];/ /
exp(gr(vi)) -7 -

mik = plzi = kly) = - r—

Serexplow () g W@ @

where gk(.) is the activation function of y, e.g., ~
linear, log-Gaussian, neural net




HMM-DNN:
EM Algorithm with Augmented State Space

- Augmented state space: s; := (i, 2;)

- Forward probabilities: a.(i,2) := p(x1.4,i: = i,z = 2|y)

- Backward probabilities: 5:(i,2) = p(Xiy1r|ic =4, 20 = 2,y)

- State posterior probabilities:

(1 = 1,2, = 2|X,¥)

(it =1, 2; = 2,0401 = J, 25 = 2'|X,y)

Ve (2, 2) :

P
Gi(i,2,1,2") == p



HMM-DNN:
Posterior Update

1. Update forward probabilities:

a1(t, z) = p(ty = 1|N)mpp(x1|2)

a1(1, 2) = (i, 2)p(ili, N)p(ea|2)+

2. Update backward probabilities:

N\

1y =

Br(i,z) = 1. /

Be(i, z) = Bea1(2, 2)plili, N)p(xia1|z) + (

(

N K
> > B (G 2 )

1741 z'=1



HMM-DNN:
Posterior Update

3. Update state posterior at time t:

o, 2) B (1, 2)
Dt Yoo aulis 2)Bi(i, 2)

Vt(iv Z) —

4. Update state transition posterior at time t:

Oét(iaz)P(iWaN)P(ﬂ?tJrl|Z)5t+1(7372’/) ifi — ]
&1, 2) = at(i,2)p(J] N)W-Z /P(th+1|Z’)5t+1(’J' 2') | :
’ — —~ . otherwise.

(N,K) (N,K)

N, K
where Z:= > i, 2)p(ili, N)p(xr1]2) By (i, 2)+ > > (i, 2)p(ili, N)mjap(xei]2) B4, ')

(2,2)=(1,1) (i,2)=(1,1) j#1,2'=1



HMM-DNN:
HMM Parameter Update

A/ Zt 1Zz 1 V(4 2)
1| N
PN = Zz 1Zt 1Zz 1 V(2 2)

L p— t:1TZ ff}lﬁt(z’z’.j’ &
Zj:1 D t=1 Zz,;’zl & (4, 2, 5, 2')
Et = Zf,v1%(i 2)
Zt 122 1 Ve, 2)

plar = x|2) =



HMM-DNN:
Unimodal Posterior Parameter Update

- Analogous to the HMM-DNN proposed in Bengio et. al. (1992), we

have:

Lyrre =logp(x|y)
OLyre 1 Op(xly)

09ik (Xb’) fiqzk:

p(X, z; = Jb’ O™ Z (597:3' >
E = k|x (v
] agzk p | y 89z'k "

p(z; = k|x,y) — mir i= Ay

|

Gap between the unimodal and multimodal posterior at z = k

MW\

k

]
—



Unimodal Posterior Parameter Update
for Different Activation Functions

- Log-Gaussian activation:

N
o Qi1 Aikyi
M = N
2 i1 Dk
- Linear activation:
T N
MLE
Wi = Wkd — 1N ” — Wkd — 7] Z AikYkd
kd
I=1

- Neural network activation:

L
next
Wiq = Wkd — 1] Z Aikhid
1=1

next Al ag@]
Vit =Via=n Y > Ay PYIRAL

i=1 j=1



HMM-DNN: Decoding

- Two-Step Search:

+ Viterbi search for alignment (exact):

A" = argmax p(z, Aly)
* Approximate search for cluster:

2" = argmaxp(x,z|/A",y)
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atasets

- Synthetic captions from MSCOCO:

- Randomly draw 5 image regions of distinct concepts from the validation set of 800000
images and concatenate the pronunciation of concept name as the caption

+ Keep only images with names appear in the actual captions, expand the person class

- Phone set from SpeechCOCO
- MSCOCO 2 k: 65 image classes, 2541 images, ~200 images per image class

- MSCOCO 20 k: 65 image classes, 19925 images, ~2000 images per image class



Hyper parameter setting -
CorrLDA

1
n—k+1

- Stick-breaking concept prior: Uniform, 7o = 1, 7k1 =

- Alignment prior and prior of the visual centroids: v;; = 0.1, kg = 0.01

- K-Means initialization of the visual centroid

- Fixed variance equal to 0.3 * sample variance



Hyper parameter setting -
HMM-DNN

- Uniform initialization of alignment and phone observation probabillities

- K-Means initialization of the Gaussian softmax with width 1

- |Initialize W with the classification layer of the VGG 16/ Res 34 network trained
on ImageNet and fine-tined on MSCOCOQO Training set (50 % accuracy)



Evaluation Metrics

- Accuracy: The ratio between the number of correctly aligned phones and the total number of
phones

- F1: The harmonic mean of the alignment recall and precision

- Alignment recall: The average ratio between the number of correctly aligned phones and the
total number of phones given each concept

- Alignment precision: The average ratio between the number of correctly aligned phones and
the total number of phones predicted to be a given concept

- Purity: The average ratio between the number dominant image label and the cluster size in
each cluster



Overall Results

Gaussian Gaussian Neural N¢t Neural Net Corrl DA
(VGG 16) (Res 34) (VGG 16) (Res 34)
MSCOCO 2k | Accuracy 73.5 % 75.7 %. 14.2 % 66.0 % 52.6 %
Fl 71.2 % 74.3 % 17.6 % 61.6 % 51.2 %
Purity 43.7 % 47.0 %. 33.9 % 68.7 % 40.4 %
MSCOCO 20k | Accuracy 67.5 % 70.2 % 26.8 % 68.8 % 51.5 %
Fl 63.6 % 68.1 % 14.0 % 65.8 % 50.2 %
Purity 34.6 % 39.6 % 33.1 % 58.6 % 33.8 %




Clustering and Alignment
Performance across Concepts
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Figure 4. Confusion matrix of the first ten concepts in alphabetical

order for various models on MSCOCO 20k
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Allgnment Matrices
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Current Work

- Replace phone strings with spoken phone segments

- Key approximation:

_ p(xg)p(Pe|me)
P(ft\ﬁbt) — p(¢t)

- Use methods similar to the visual concept posterior to model p(phonelx;)

< p(Pt|T¢)

- Audio features:

- Resampled fixed-length embedding (inspired by Kamper 2016, 2017)
- LSTM-CTC hidden layer (pre-trained on audio and phone strings from a rich resource language)

+ Unsupervised acoustic embeddings?



Preliminary Results

Resample | CTC Last | CTC Mean
Accuracy 73.5 61.8 72.7
F1 72.0 60.0 72.8
Purity 09.5 08.4 99.8

Table 1: Word discovery results on MSCOCO 2k with synthetic (Gaussian)
visual features and spoken phone sequence



Conclusion

HMM-DNN:
-+ Polynomial-time, data efficient, interpretable
+ Qutperforms CorrLDA on word discovery task

-+ Assumes availablility of image and phone segmentation -> still a long way
to go for the actual low-resource setting



