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SPEECH AUDIO MODELING BY MEANS OF CAUSAL
MOVING AVERAGE EQUIPPED GATED ATTENTION

In the paper we compare different attention mechanisms on the task of audio generation using un-
superuvised approaches following previous work in language modeling. It is important problem, as far as
speech synthesis technology could be used to convert textual information into acoustic waveform signals.
These representations can be conveniently integrated into mobile devices and used in such applications
as voice messengers or email apps. Sometimes it is difficult to understand and read important messages
when being abroad. The lack of appropriate computer systems or some security problems may arise.
With this technology, e-mail messages can be listened quickly and efficiently on smartphones, boosting
productivity. Apart from that, it is used to assist visually impaired people, so that, for instance, the
sereen content can be agutomatically read aloud to a blind user. Nowadays, home appliances, like slow
cookers can use this system too for reading culinary recipes, automobiles for voice navigation to the
destination spot, or language learners for pronunciation teaching. Speech generation is the opposite
problem of automatic speech recognition (ASR) and is researched since the second half of the eighteen’s
century. Also, this technology also helps vocally handicapped people find o way to communicate with
others who do not understand sign language. However, there is a problem, related to the fact that the
audio sampling rate is very high, thus leading to very long sequences which are computationally difficult
to model. Second challenge is that speech signals with the same semantic meaning can be represented by
a lot of signals with significant variability, which is caused by channel environment, pronunciation or
speaker timbre characteristics. To overcome these problems, we train an autoencoder model to discretize
continuous audio signal into o finite set of discriminative audio tokens which have a lower sampling
rate. Subsequently, autoregressive models, which are not conditioned on text, are trained on this rep-
resentation space to predict the next token, based on previous sequence elements. Hence, this modeling
approach resembles causal language modeling. In our study, we show that unlike in the original MEGA
work, traditional attention outperforms moving average equipped gated attention, which shows that EMA
gated attention is not stable yet and requires careful hyper-parameter optimization.

Keywords: audio modeling, artificial neural networks, attention mechanism.

Introduction WaveNet [3] introduced an autoregressive gener-

ation approach to audio generation, with quality

Audio signals consists of several abstraction
layers. For example, speech audio can be analyzed
at a very fine-grained acoustic or text level but also
in terms of speaking style, syntax, grammar, or se-
mantics. Music and singing also have a long-term
structure, while being composed of complex non-
periodic acoustic signals. In the case of audio syn-
thesis and generation, these multiple abstraction
layers interact in such a way that getting high au-
dio quality while demonstrating good consistency
level remains a challenge, in particular in unsuper-
vised training scenarios. Latest audio generation
models have reached nearly genuine signal quality
by using methods such as auto-regressive waveform
modeling, adversarial training, flow|1] or diffusion
models[2].

During the recent years audio generation qual-
ity significantly developed, mainly attributed to
the introduction of cost functions that outperforms
basic audio time-domain regression. In particular,
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that was significantly better than traditional con-
catenative and parametric methods at the cost of
slow inference. While WaveNet was a good basel-
ing for more computationally efficient models such
as WaveRNN [4] or parallel WaveNet [5], a signif-
icant paradigm shift happened with the introduc-
tion of adversarial audio synthesis [6; 7], which en-
abled high fidelity generation without any autore-
gressive component. Moreover, combining such
high-quality generation systems with differentiable
vector quantization [8; 9}, made possible to train
jointly neural audio codecs by compressing acti-
vations in a bottleneck layer. In this work, it
was used tokens produced by a VQ-VAE neural
codec [8], not as intermediate features for signal
reconstruction, but rather as ground truth for a
sequence modeling task operating at a lower frame
rate, which can be reverted back to audio spectro-
gram at the original frame rate.
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Figure 1. VQ-Vae architecture

Theoretical Background

Discrete audio representation. Itisacom-
mon technique to discretize image or audio signal
using an autoencoder with vector quantization as
in VQ-VAE [8]. The main idea is to map the en-
codur output vectors to the nearest codebook vec-
tor e. Subsequently, mapped codebook vectors are
passed to the decoder. Training objective is the
following:

L = logp(x1zq(x)) + P\\z(x) - sg[e] &

where sg is the stopgradient operator which is an
identity at forward pass time and has zero gradi-
ent, thus effectively constraining its parameter to
be a constant variable. The decoder optimises the
first loss term only, the encoder optimises the first
and the second loss terms. Autoencoder architec-
ture can be seen in the Figure 1

Self Attention mechanism. Traditional
self-attoTtion mechanism is the following function:

Y = Attention(X) ;

f (vidk v @

where X = (xi,...,x,) is the input sequence
with length n, Attention ix is the

self-attention function and dk is the input dimen-
sionality. It is also assumed that input and outputs
sequences have the same length.

Q = XWq + bq,
K = XWk + bk,
V = XWv + v

are the sequences of queries, keys and values, with
learnable parameters Wq, Wk, Wv e Rdxd, and
bg, bk, bv e Rd. f (W) is an activation function, e.g.
the softmax function.

The matrix A = f(Q4) e R is called
the attention matrix, as it specifies the weight of

the dependency strength between every pair of to-

X

A
ble and powerful mechanism to learn long-distance
dependencies with minimal inductive biases. How-
ever, it is in practice a complex task to detect
A

data, especially when working with long sequences.
Also, computing A with h attention heads takes
O(hn2) space and time, and the quadratic depen-
dency on sequence length becomes a significant
bottleneck.

Moving Average Equipped Gated Atten-
tion. The gated attention mechanism in MegaflO]
uses Gated Recurrent Unit and Gated Attention
Unit (GAU)fllj as a backbone. Firstly, shared rep-
resentation is computed

X!
z

EMAX)=a©xt+ (1- a)oyt.i (2
Asiiu(X'Wz + bz) 3)

where X' is the contextual input and Z is the
z
Wz e Rdxz bz e Rz
Similar to GAU, the query and key represen-
tations are computed by using element-wise rnul-

z
X
Q=Ko Z + Pg e Rnxz 4)
K = Kk© Z + pk e Rnxz (5)
V = Asilu(XWv + bv) e Rnxv (6)

where Kq, p.g, Kk, gk e Rz are the learnable scalars
and offsets of queries and keys, respectively, v is
the expanded intermediate dimension for the value
sequence. The output of attention is computed as
follows:

QKT

eyt Vo €Rn )
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where € (X)) is a scaling factor which was set to dk.
In the expression the term brel G Rnxn is the
relative positional bias.
Subsequently, M ega introduces the reset 7 and
update p gates, and computes the candidate acti-

vation output it:
Y = &iiu(X'"W7 + br) GRnxv
P = Sigmoid (X '"Wv + bv) GR"Xd
H = tsiiu(X'Wh + (y © O)Uh+ bh) GRnxd

The final output Y is computed with the update
gate p:

Y=pOH+(1- ip©X G Rnxd (8)

Numerical Experiment

Firstly, VQ-VAE model was pretrained on LJ-
Speech dataset in order to obtain discrete audio
representation. The input are rnel spectrograms.
This yields latent space 4x smaller that the origi-
nal spectrogram. It consists of one dimensional se-
quence of discrete points which is 512-dimensional
vectors. There are 8192 discrete codebook vectors
in total.

Subsequently, two autoregressive models were
trained on the latent representations. The first
model is the traditional transformer decoder with
causal self attention, resembling GPT [12]. The
second model is transformer with EMA gated at-
tention. Both model were trained to maximize the
following objective:

L=JGogP(y|x,....xm).
Xy

Model sizes are the same, which is approxi-

hyper-parameters.
the Figure 2
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The loss curves are show on

Figure 2. Auto-regressive train losses. Pink curve:

EMA Gated Attention, blue curve: traditional
transformer

As can be seen, transformer model with tradi-
tional attention mechanism performs better, how-
ever EMA Gated transformer converges much
faster.

Conclusion

In this work, it was conducted experiment to
compare different attention mechanisms on the dis-
crete speech representation.
that traditional self-attention performs better, al-
though the model based on EMA gated atten-
tion converges much faster.
gated attention mechanism is not robust and stable
yet, and probably requires careful hyper-parameter

It can be concluded

It shows, that EMA

mately 23.5 million parameters, as well as other tuning.
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IBuTOK A. O.

MOBHE MOAOE/TFOBAHHA AYAIO 3 A4OINMOMOI OO
MEXAHI3MY YBAI'M 3 PYXOMMMM CEPEAOHIM

Y Wil po6oTi MM NOPIBHIOEMO Pi3Hi MexaHi3Mu yBarn na npuknagi 3agadvi reHepauii aygio, BMKOpU-
CTOBYHOUYMN MIAXOAN «HABUYaHHSA 6e3 BUMNTENA», 6epyyn 3a 0CHOBY MonepesHi AOCNIA>KEeHHSA B MOJe/0BaH-
Hi MoBW. Lle Ba>knmBa NpobsemMa, OCKisIbKM TEeXHOMOri0 CUHTEe3y MOBM MO>XKHa BUKOPUCTOBYBaTW /14,
KOHBepTaLil TeKCTOBOT iH(popMaLiT B 3BYKOBi CUrHauin. Take MNpefcTaB/ieHHS, MOXKHa 3py4uno iHTe-
rpysaTu B MOGiNIbHI NPUCTPOT Ta BUKOPUCTOBYBATW B Takux nporpamax, SK rosiocoBi MeCeHA>KepWn
abo nporpamu efleKTPOHHOT NOWTUW. IHOAI Ba>KKO 3p03yMiTM Ta NpounTaTy Ba>K/IMBI MOBIAOMIIEHHS.,
nepebysaroyn 3a KOPLOHOM. TakKnuM YMHOM, MO>Ke BUHUKHY T U HecTay,a BifjNoBiAHMX KOMMN'IOTEPHUX CU-
cTeM abo npobsemum 3 6e3neKoto. 3aBAsKM LilA TexXHOMAOrIT NOBIAOM/IEHHS, e1eK T POHHOT NOW TN MO>KHa
WBNAKO M eDeKTUBHO MPOCAYXOBYBATU Ha CMapT(oHax, NigBULLYYN MPOAYKTUBHICTL. Kpim, Toro,
BOHa MO>Ke BUKOPMCTOBYBATMWCL A/15, JOMOMOIM JIO4AM, i3 Bajgamu 30py, W06, Hanpuknag, BMICT ekpa-
Ha Mir aBTOMaTMW4YHO YMTaTWUCA, BrosoCc A4S, He3pSAYOro KopucTysada. CborogHi nobyToBa TexHika,
AK-0T MY/NbTUBAPKMK, TaKoK' MO>Ke BUKOPUCTOBYBATMU L0 CUCTEMY [/IH, UATAHHA, KyNiHApHUX peue-
NTiB, aBTOMOGINI /1, ro/I0coBOT HaBirawii 1o MicLusA NpU3HaYeHHs,, abo 0cobu AKi BUBYAOTb MOBY,
/9, HaBYaHHSA, BMMOBM. [eHepauis, MOBW C NPOTUMIEXHOK MPO6/eMOI0 aBTOMAaTUYHONO po3ni3HaBaH-
Ha, moBu (ABW) i pgocnigkyeTbes, 3 gpyroi nonoBuHn XVII ctoniTTs, Kpim, Toro, U, TexHonoris,
Tako>K goromarae fgaM, i3 BagjamMuy ronocy 3HamTw cnoci6 chisikyBaHHSA, 3 IHWMMMK, XTO He po3yMmie
MOBW >KecTiB. OgHak icHye npobsiema, MOB 'A3aHa 3 TUM, WO YacToTa AUCKPeTum3auii 3BYKy C Ay>ke
BMCOKOH, L0 NMPU3BOANTL A0 AY>Ke AOBrMX MOCMAILOBHOCTEN, SIKi 064YMCMIOBa/IbHO Ba>KKO 3MOfesioBa-
Twn. Apyra npobsema nons,rae B ToMy, L0 MOBHI CUrHa/IM 3 OAHAKOBUM, CEMaHTMUYHUM, 3HAYEHHAM,
MO>XYTb OyTW npeacTaBfeHi BeSIMKOK KiSIbKICTH CUrHauiB 3i 3HAYHOK MIHAMBICTIO, AKa CApPUYNHe-
Ha KaHa/loM, nepefaBaHHA fJaHWX, BMMOBOK abo xapaKTepucTuKamu Tembpy mosug,. LL,06 nogonaTu
Ui Npo6sieMHi, MM HaBYaEMO MOJENb aBTOeHKoAepa, W06 ANCKpeTulyBaTU Ge3rnepepBHUIA aygiocurHas,
Yy CKiHYEHHWUI Habip AUCKPUMIHATMBHUX ayfioTOKEHIB, SIKi MalThb HMXKYY YMCTOTY AUCKpeTM3aLil.
N icnn, LbOro, aBTOPErpPecUBHI Mofeni, AKi He 3aNe>XKUTb Bif TEKCTY, HaBYalOThCA, HA LINUX penpe3eHTa-
Lisx, wob nepefbéayn T HACTYMNHUA TOKEH HA OCHOBI MoMepefHiX en.eMenTiB MocnigoBHocTi. OTOKe,
uer nigxig Ao MofentoBaHHS Haragye aBTOpPerpecMBHe MOAENOBAHHS MOBWU. Y HaLIOMY JOCAiA>XKEHHI MU
nokKasyemo, Lo, na BigMiHy Bif opuriHanbHoT poboTn MEEA, TpaauuiriHiini mexaHi3M MepeBepLUyE Me-
XaHi3M 3 PyXOMWM, CePefHiM, LU0 MOKa3ye, WO OCTaHHIl Wwe He ¢ cTabinbHUM Ta noTpebye peTenbHOT
onTuMi3auii rinepnapameTpiB.

KnwuyoBi cnoBa: aygiomofentoBallida, WTYYHi MOMpoili Mepexi, MexaHi3Mm yBarm.
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