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1 Method comparison

In Supplementary Table [1| we provide a qualitative comparison of the proposed DecVAE with
other state-of-the-art variational and non-variational disentangled representation learning models,
in terms of structure and functionality. In Supplementary Table 2| we further outline the variational
autoencoding mathematical entities in the standard VAE and contrast them with our proposed
variational decomposition autoencoding entities.

Supplementary Table 1: Qualitative Comparison with State-of-the-Art Disentangled Representation
Models. VAE: Variational Autoencoder, MFL-VAE: Multiple Filtered Latent VAE, FHVAE: Factorized
Hierarchical VAE, DSVAE: Disentangled VAE, PCA: Principal Component Analysis, ICA: Independent
Component Analysis.

DecVAE VAE p(-VAE MFL-VAE FHVAE DSVAE PCA ICA

Spectral /Frequency Components Disentanglement v
Latent subspace representations
Self-Supervised Model
Time Series Sequence Modeling
Generative Factors Disentanglement
Model Type

Encoder-only Autoencoder

Encoder-Decoder Autoencoder v v v v v v

Eigenanalysis v v

N N NN
Q\
\
\

Supplementary Table 2: Comparison of Variational Autoencoding and Variational Decomposition Au-
toencoding

Variational Autoencoding | Variational Decomposition Autoencoding
Prior Distribution(s) p(z) p(2) < p(21),p(22), ..., p(2c)
Posterior Distribution (unknown & intractable) p(z|z) Hi:l p(zil, . Zim1, Zig1,s -0)
Variational Approximation of the Posterior - Encoder q¢(z|z) Hil q¢(zilT, ..., 2i—1, Ziq1,...)
A C -
Reconstruction Bqy .10 [logpe(2]2)] Zi:l ]E‘I(p(hz‘zu)v{hk}ke{l ..... o (i})[logqu(h\w)]
Disentanglement dynamics Lprior Lrecon; Lorthos Lprior

2 Simulated vowels dataset and generation algorithm

The motivation for creating the SimVowels dataset comes from the work of MFL-VAE, where the
authors introduced the concept of creating a simulated vowels dataset to evaluate the disentan-
glement properties of their model in a two-generative factor speech dataset [I]. Here, we create a
simulated vowels dataset according to Alg[l] We model a vowel as a combination of three distinct
formant frequencies and a speaker as unique values of the fundamental frequency or pitch F0. We
select a F'0 = 120H z and subsequently sample a vocal tract factor v, which comes from an interval
of values v € [0.7,1.3]. Each speaker has a unique vocal tract factor and their pitch is given by
f0 = F0/v. The speaker information is encoded in the vowels” power spectral density as a peri-
odic excitation that modulates the vowels” formants. We design each formant as a narrow-band
component with a bandwidth of 200H z, and assign energies of [1,0.5,0.3] to the 1st, 2nd and 3rd
formants respectively.

To obtain a dataset of time domain speech signals given the above considerations, for each
sample, we first randomly select a vocal tract factor v to model the speaker of a sequence. Then,
the algorithm iteratively generates 1-second time domain signals by sampling a vowel from the
available vowels and keeping the speaker factor v constant within the sequence. White noise
of SNR = 15dB is added to the resulting signals for more realistic results. The time domain
generation happens by IIR filtering of a white noise N(0, 1) process, around the specified vowel”s
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formants”. The three formants are then summed and their FFT is calculated. A periodic excitation
based on the specific speaker”s pitch f0 is also generated as a time domain signal of periodic white
noise pulses. The periodic excitation signal is then convolved (multiplied in the frequency domain)
with the summation of the formants; the real part of the inverse FFT is then calculated to obtain
a time domain signal. Our approach aims to create a time domain signal whose frequency domain
properties are closely resembling real speech, rather than produce a realistic speech segment.



Algorithm 1 SimVowels Dataset Generation (pseudo-code)

Require: sequence_length, dataset_size, duration

1: vowels « [/a/, Je/, T/, /aw], /u]]

2: formants «+ [[710,1100, 2540], [550, 1770, 2490], [400, 1920, 2560], [590, 880, 2540], [310, 870, 2250]] # in Hz
3: FOpgse < 120

4: amplitudes < [1.0,0.5,0.3] # [1st,2nd,3rd] formant

5: bandwidths < [200, 200, 200] # in Hz

6: snr_db < 15 # contaminate waveforms with white noise

7: Fs < 16kHz

8: NFFT < 2048 # number of bins in FF'T calculation

9: procedure GENERATEPERIODICEXCITATION( f0, duration)

10: pulse_train + [0,0, ..., 0]durationsFs

11: pulse_interval < Fs/f0

12: for i <+ 0 to duration, step = pulse_interval do

13: pulse_train[i : i + pulse_interval] + sample(N (0, 1,length = pulse_interval)

14: end for

15: pulse_train < Butterworth ¢;izc, (pulse_train, lowcut = 65, highcut = Fs/2 — 1, Fy)
16: excitation_spectrum < FFT(pulserqin, NFFT)

17: return excitation_spectrum

18: end procedure

19: procedure GENERATETIMEDOMAINSIGNAL(vowel, vt_factor, duration, snr_db)

20: scaled_freqs < scale_formants(vowel, vt_factor) # divide each formant frequency with the vocal tract factor of the
current speaker

21: f0 < FOpgse/vt_factor

22: signal < —[0,0, ..., 0]durationxFs

23: white_noise < sample(N (0, 1), length = duration * Fy)

24 for all (freq,amp,bw) € (scaled-freqs, amplitudes, bandwidths) do

25: formant_wave < amp * Butterworth ¢;;;c (white_noise, lowcut = freq — bw/2, highcut = freq 4 bw/2, Fs)
26: signal <+ signal + formant_wave

27: end for

28: formant_spectrum < FFT(signal)

29: excitation_spectrum < GENERATEPERIODICEXCITATION(f0, duration, F_s)

30: convolved_spectrum < formant_spectrum ® excitation_spectrum

31: time_domain_signal < real(IFFT(convolved_spectrum)) # Real part of the complex spectrum
32: if snr_db # None then

33: return add_gaussian_noise(time_domain_signal, snr_db)

34: else

35: return time_domain_signal

36: end if

37: end procedure

38: audio + {}

39: vowel list + {}

40: speaker _vocal_tract_factor < {}

41: for i < 0 to dataset_size — 1 do

42: vt_factor < sample(U4[0.7,1.3]) # sample from the uniform distribution that starts from 0.7 and ends to 1.3
43: audio-utt < {}, vowels_utt < {}, vt_factors_utt + {}

44: for j <— 0 to sequence_length — 1 do

45: voweljgper < sample(U[vowels])

46: time_-domain_signal < GENERATETIMEDOMAINSIGNAL(vowel, vt_factor, duration, snr_db)
47: Append time_domain_signal to audio_utt

48: Append voweljgpe; to vowels_utt

49: end for
50: Append vt_factor to speaker_vocal_tract_factor

51: Append audio_utt to audio
52: Append vowels_utt to vowels
53: end for

54: return {audio, vowels, speaker_vocal_tract_factor}




ss 3 Hyperparameters

Supplementary Table 3: Decomposition variational autoencoder hyperparameters. Values are given in
parentheses (,) whenever they differ for the frame and sequence variables.

Model Part Parameter alue (Simulations) Value (Real data) Description
input mel filterbanks mel filterbanks type of features used
max_duration 4 seconds 7.15 seconds maximum duration of the input utterances - shorter or longer utterances are clipped or zero-padded
Tnput min_duration econds 1 second ‘minimum duration of the input utterances - shorter utterances are discardet
n_mels 80 number of mel bands to use
mel_hops 4 4 divides the segment length, corresponds to the overlap between consecutive frames in mel extraction
mel_norm global global normalization of the mel spectrum in a batch
NoC (33) (4.5) number of components in the decomposition
receptive_field 25 ms 25ms. encoder receptive field
stride 20ms 20ms. encoder stride
carnable_OC_embeddings true true assign a cluster average OC, that accumulates knowledge from prior batches, if a sample was missing an OC in the current batch
feature_norm layer layer type of normalization in encoder layers
layer_norm_eps 10-°% 10-° eps parameter of LayerNorm layer
dropout 0 0 dropout to use in fully connected layers in the network
conv_bias true true whether to use bias in the convolution layers
DecVAE Encoder conv_layers 7 7 number of convolutional layers
conv_channels (512,192) (512,192) number of channels in the convolution layers
conv_kernel (110,3,3,3,3,2,2),[5 D (10,3,3,3,3,2.2,[5.2 1) kernel sizes for each convolution layer
skip-connections false false whether to use residual skip connections
enc_activation gelu gelu type of activation function to use in the encoder
hidden_dim (512,192) (512,192) output of convolutional layers dimension
init He He weight initialization strategy
initializer_range 0.02 0.02 standard deviation of the weights in the initialized layers
proj.codevector_dim (192,192) (192,192) dimension of the projecting H and aggregated OCs spaces Z
proj layers (22) (22) number of fully-connected hidden projection layers
proj.activation gelu gelu type of activation function to use in the hidden projection layers
proj.intermediate_dim 12,512) 12,512) intermediate dimension in the hidden projection layers
self_attention (false,true) (false,true) whether to use self-attention as a first pooling operation
DecVAE Latent Projections attention_heads (None,6) (None, 12) number of attention heads in self attention
pooling_type (None, avg) (None, avg) type of pooling used after self-attention
agg norm batch batch type of normalization in the aggregation function layers
hidden_activation gelu gelu type of activation function to use in the hidden projection layers
2z latent-dim 48 64 dimensionality of the Z frame latent variable
s latentdim 2 32 dimensionality of the § sequence latent variable
batch_size 16 number of sequences in a training step
ssl_frames_used_percent 50 percentage of frames used in the loss calculation
decomp_loss_reduction sum how to aggregate the loss over a batch (sum or avg)
div_pos_weight 1/NoC' weight of each component-original divergence term
div_neg_weight (oM weight of each component-component divergence term
decomp_loss S_weight (None,10) scaling of Lrecon, Lortno to ensure same order of magnitude of the loss terms
prior_reg_weight (10,400) (10,400) scaling of Lyrior to ensure same order of magnitude of the loss terms
8 best overall { value for prior approximation
Optimization and training learning rate (8%1075,1071) (8%1075,107%) peak learning rate for the optimizer
learning schedule (constant with_warmup linear)  (constant_with_warmup linear) learning schedule for adjusting the learning rate
warmup_steps 5000 8650 steps during which the learning rate is increased according to the schedule
training steps 37500 65000 total steps to train for
carly_stop_warmup_steps 28000 41568 steps before early stop criterion takes effect
optimizer Adam Adam optimizer type used in training
adam bl 05 05 bl parameter of the Adam optimizer
adam_b2 0.999 0.999 b2 parameter of the Adam optimizer
weight_decay 10-4 104 L2 regularization penalty on large weights
adam_epsilon 106 106 epsilon parameter of the Adam optimizer
clip_grad value 2 2 clip gradients exceeding a maximum value
Hardware GPU type one NVIDIA RTX 6000 Ada Generation

Supplementary Table 4: Decomposition methods hyperparameters and their values for simulations and

real data experiments. Values are given in parentheses (,) whenever they differ for the frame and sequence
variables.

Method Parameter Value (Simulations) Value (Real data) Description
NoC (3.3) (4.5) number of components assumed in all methods(frame sequence)
grouping strategy  (equally dist., equally dist.)  (high frequencies, equally dist.) strategy to group components if more than NoC detected (frame,sequence)
psd_tolerance 10°° (5+1076,1076) delete a detected peak if amplitude less than this (frame, sequence)
detection_intervals 5 6 split the spectrum in intervals and run peak detection in each of them
power_law 0.8 14 power law exponent to split spectrum in uneven intervals
global_thres 10-3 107 minimum absolute amplitude for a peak to be considered (max. is 1)
Filter Decomposition (FD) ufft 512 512 number of FFT bins
min_distance 150 50 minimum distance in Hz for peaks to be considered separate
peak_bandwidth 200 400 bandwidth that a peak should have to qualify as separate
prominence_thres 102 10-2 relative amplitude to the highest peak in a neighborhood that a peak must have to be considered as a separate peak
N_pea 6 2 number of peaks to select inside each spectrum interval
bw_order 2 2 order of the ITR Butterworth filter
spline_kind pehip pehip interpolation method to comnect extrema
max_iter 1000 1000 iterations after which to stop if no convergence, per single sifting
energy _ratio_thr 5%1073 51073 energy ratio threshold, per component.
i} std_thr 0.1 0.1 standard deviation threshold, per component
Empirical Mode Decomposition (EMD) svar_thr 102 10-2 scaled variance threshold, per component
total_power_thr 107 104 total power threshold per decomposition
1073 103 amplitude range threshold after scaling, per decomposition
extrema_detection simple simple ‘method used to find extrema
alpha 1500 1500 balancing parameter of the data-fidelity constraint
tau 0 0 time-step of the dual ascent
Variational Mode Decomposition (VMD) DC false false whether to keep the DC as a component
init random random position initialization for the modes in the frequency domain
tol 108 1078 convergence criterion tolerance
completion f: false whether to complete the modes if less than specified found
filter gaussian gaussian type of filter to use for regularizing the spectrum
. . filter_length 10 10 width of the filter
Empirical Wavelet Transform (EWT) filter_s gim 2 2 standard deviation of the filter
log_spectrum false false whether to work on the log spectrum
etect locmax locmax method to segment the spectrum

ss 4 Self-supervised contrastive decomposition loss derivation and algorithm

57 We design a self-supervised contrastive latent decomposition optimization algorithm that leverages
s the structural biases of orthogonality and reconstruction enforced by Dg in the input domain X,
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Supplementary Table 5: Supporting

methods hyperparameters.

Model Part Parameter Value (Simulations) Value (Real data) Description
input mel filterbanks mel filterbanks type of features used
max_duration 4 seconds 7.15 seconds maximum duration of the input utterances - shorter or longer utterances are clipped or zero-padded
Taput min_duration 0 seconds 1 second minimum duration of the input - shorter are d d
n_mels 80 80 number of mel bands to use
mel_hops 4 4 divides the segment length, corresponds to the overlap between consecutive frames in mel extraction
‘mel_norm global global normalization of the mel spectrum in a batch
components 20 20 number of independent components in the latent space
whitening unit-variance unit-variance whitening matrix scaling
ICA tol 1074 10-4 tolerance for un-mixing matrix convergence
solver svd svd solver to use for the whitening
iter 200 200 iterations during fit
components 20 20 number of principal components in the latent space
PCA whiten false false whether to whiten the data
solver covariance_eigh auto solver to use for the singular value decomposition
kernel_gamma 0.1 0.1 gamma parameter of kernel-PCA (when a kernel is used)
receptive-field 25 25 encoder receptive field (milliseconds)
stride 20 20 encoder stride (milliseconds)
enc_norm batch batch type of normalization layer used in the encoder
dec_norm none none type of normalization laye
dropout. 0 0 dropout to use in fully connected layers in the network
VAB-type models fe layers 7 7 number of fully-connected layers in both encoder and decoder sides
! fe_dims [2048,1024,512,512,512,256,256]  [2048,1024,512,512,512,256,256] number of neurons in each fully-connected layers
fe_bias true true bias in the fully-connected layers
skip_connections false false whether to use residual skip connections
enc_activation gelu gelu type of activation function to use in the encoder
hidden_dim 192 192 output of convolutional layers dimension
init He He weight initialization strategy
alizer_range 0.02 0.02 standard deviation of the weights in the initialized layers
2 latent_dim 48 64 dimensionality of the Z latent variable
16 8 number of sequences in a training step
100 100 percentage of frames used in the loss calculation

me

£
learningrate

learning_schedule

0.1
(8+107°,107%)
(constant_with_warmup,linear)

0.1
(8+107°5,107%)
(constant_with_warmup,linear)

best overall 3 value for prior approximation
peak learning rate for the optimizer
learning schedule for adjusting the learning rate

warmup_steps 5000 8650 steps during which the learning rate is increased according to the schedule
training-steps 37500 65000 total steps to train for
AR )  carly_stop-warmup_steps 28000 11568 op criterion takes effect
VAE Optimization and training carl)l p,dn{;n ! 0.2 0.2 minimum difference percentage in suhs(‘,qucmphmps loss caleulation to not trigger early stop
carly_stop_patience 5 5 number of consecutive epochs with no improvement that triggers early stop
optimizer Adam Adam optimizer type used in training
adam_bl 0.5 0.5 bl parameter of the Adam optimizer
adam_b2 0.999 0.999 b2 parameter of the Adam optimiz
weight_decay 104 10 L2 regularization penalty on large weigh
adam_epsilon 1076 1076 epsilon parameter of the Adam opt; 2
clip_grad_value 2 2 clip gradients exceeding a maximum value

Hardware

GPU type

one NVIDIA RTX 6000 Ada Generation

and aims to retain these
following contrastive objective is formulated and minimized:

structural dynamics in subsequent latent spaces H.

ESSLDec =

£recon + £ortho

Specifically, the

(1)

We define the following distributions of original signal and its components { X 0. xM x@ X (C)}
after they are propagated through a DecVAE in a latent space H:

P = softmaz(G(fr(fo(X))))

R; = softmax(G(fr(fo(X))))

Zi

softmax(z;) =

where G is an activation function, f;, is a neural network projector, fc is an neural network encoder.
The Jensen-Shannon divergence [2] between two distributions X, Y is defined as:

Dys(X|Y) = S(Dre(M | X) + Dyp (M || V) )

where M = 2(X +Y) and D, is the Kullback-Leibler divergence.
We define separate D jg terms for “positive” (component-original) and “negative” (component-
component) pairs:
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i 1 .
Df].%'pos = i(DKL(MZ H P+€) +DKL(Mi ” R; + 6)),2 S {1, ,C}

—_

Dy = 5(Dxr(Mij || Rite) + Dicp (Mg || Ry +€)).i # jiisj € {1, C)
1
1
Mij = 5(Ri + R;j)

where € is a small constant for numerical stability. Using D jspos and D jsneq we can formulate a
cross-entropy objective for N batched latent samples of dimensionality d in H®N:

CE, = Dici(Dy0llp). i € {1, C},
where p(y) = €,Yy € {1,...,d}, H>N
CE) = Dicr (D58l In)i # 5,isj € {1,.,CY,
where n(y) = 1,Vy € {1, ...,d}, H>V

()

In practice, we use a numerical stabilization heuristic, limiting JS divergences to constrain their
values in the [0, 1] range. The final self-supervised learning decomposition loss is:

L8SLDec = Z wposCEpos Z Z ffé?; CEnzef] (6)
=1 =1 j5=14+1
where right-hand side terms are L;ccon and Ly.tho respectively.
The use of Lgsrpec for training neural networks with gradient-based optimization, is described
in PyTorch pseudo-code for a single training step in Algorithm 2]



Algorithm 2 Self-Supervised Contrastive Decomposition Loss (PyTorch Pseudo-code)

1:

O OO R H = o e
WO QO O S Tk Wiy

N DO
(=211

IS

29:

O OXADPUE W

Require inputs: Batched multi-scale decomposed (masked) time-series utterance embeddings of original signal hl ¢
R, B, F H] components hC ¢ RIC B FS H] ' pnumber of components C, batch size B, number of frames in utterance F,
hidden dimension H, number N of masked frames to use, mask L € R[5> F] that contains indices to be used (not flagged as
empty due to zero padding / missing component), positive and negative weights wpos, Wneg for weighting loss terms

: begin

€<+ 1078
D« [h0, h1C],D € RIC+L, B, F, H] 4 decomposition matrix
for utterance embedding {h}£ , do
Sample D masked frames from the same utterance
1) L[L == b] # keep indices of the current batch entry
1) randperm(I®)[1 : N]# shuffle and select N frames
D®) « D[:,b,1(5) ;] # shape(C+1,N,H)
r{® = D®)[o]
h{" = DO ]

p= exp(hl()o)/ Zfil hl()o)[i] # softmax over the hidden dimension to get probabilities € (0, 1)

for component {c}JC:1 do

q= e:ﬂp(h(bj)/ Zfil héj)[i] # softmax - component distribution
m = log(0.5 % (p+ q))
ngé;)os = clamp(0.5 * (Dgr(m,p+€) + Drr(m,q+ €),min = 0, max = 1)

for component {c}kc:jJrl do

r= e:rp(hl()k)/ Zil h;k)[ﬂ) # softmax - other component distribution
m = 1og(0.5 * (r + q))
Dg’é’fgg = clamp(0.5 * (Dgr(m,q+€) + Drr(m,r + €),min = 0,max = 1)
end for
end for

: end for

: targetpos = [0,0, ..., O](N) # targets for the cross-entropies
: targetneg = [1,1,..., 1](N)

: for component {j}¢ do

jsdpos = Dgg;os # across all batch entries
j B . b
CEISJO)S = _% b=1 [log(l - ]5d§70>s)}
for pair in {k}]c_‘_1 do
jsdneg = Df]gfe)g # across all batch entries
ik B . b
CERLy = =3 0y llog(1 — jsdiily)]
end for
: end for
c ) )
: Lrecon = Zi:l w;(;zo‘sCE;(;zo)s

. _\¢ c (4,k) (4:k)
* Lortho = Zj:l Zk:j+1 Wneg CEneg
: Lssrpec = Lrecon + Lortho

: return
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5 Derivation of variational decomposition evidence lower bound

We assume a latent generative model from Z* — H? with parameters 1) C ¢, where ¢ is the encoder
inference model from X" to Z, and for latents z, h, h = w~!(z) holds, where ¢ is the dimensionality
of the input X’ to the encoder, d is the dimensionality of latent representations distributions h;,
and k is the dimensionality of latent space Z. The latent generative model aims to maximize the
likelihood of h;, i € {1,C} given z. Below we derive a lower bound on the collective log-likelihood
of individual subspaces likelihoods 7y (h;) that incorporates all disentanglement mechanics of vari-
ational decomposition autoencoding, i.e., latent reconstruction, orthogonality of subspaces, and
Gaussian prior approximation.

Since h = w~!(z) holds and we want to tie the Gaussian prior approximation in the z space, to a
latent generative model ry(h|z), the invertibility of w is important; given that 1) is parameterized as
a linear neural layer with a weight matrix W%* that maps inputs H? to outputs in Z*, with d > k,
we condition our lower bound derivation on the assumption that data in A live in lower-dimensional
manifold M.

Assumption 1 (Invertibility of w). Latent representations h lie on an k-dimensional manifold
M c R and the encoder w restricted to M is injective. Therefore, there exists an inverse map
wl:w(M) — M, such that w=*(w(h)) = h.

The marginal probabilities of subspaces h; over h are:

Sruth) = Y [ roulip(h)an ™

If we change the integration variable from h to z, and considering h = w~1(2), then:
> [ rodnpnyan =3 [ ro(hlw piw ()] 5=

®
=3 [ relbalm(e),

where 1y (hi|2) = ry(hiw(2)), and p(z) = p(w‘l(z))\%L Note that the Jacobian \%| is
constant in z as w is a linear layer z = w(h) = Ah + b.

Then, the variational lower bound for the marginal probability of the latent projection h? of
an input observation x,,, can be derived as follows, by using the convexity of the log function and
applying the Jensen inequality:
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Zlog(rw(hz

o . Ty (hil2)p(2) ;
_Zz g/ ol )
> EELBO(?/%QS;Z‘, z)

= Z Ez~q¢(z\x h) [lOg(Tw(h ’Z + Z ]Ezwq¢(z\x h) [lOg( p(Z) )] (9)

q¢(z|z, hi)
_ZEZN%(Z\wh [log(ry (hi|2)) —l—Z/log |:ch))
= ZEz~q¢(z\x,h)[log(r¢(hi| ZDKL q¢( |I hi )”p —I-ZlOg |d6tA 1|)

Because w is the weight matrix of a linear layer, the relevant Jacobian determinant is the volume
form induced by the restriction A|ys. This determinant is constant for fixed A, so it can be absorved
as a constant term in the ELBO derivation and, hence L£(v, ¢;x,) is still a lower bound on the
log-likelihood of h;. Then, the above equation gives us the variational lower bound for the assumed
latent generative model 1 in subspaces h;. To get the full decomposition evidence lower bound
(DELBO), we augment the above ELBO with the orthogonality term L., of subspaces h; (see
Supplementary Section ‘Self-supervised contrastive decomposition loss derivation and algorithm’):

3 tog(r(hn))

> LpeLo(¢;z, z)

= Lprpo(¥, ¢ 2, 2) ZZDKL (hillhj))
= ZEZ% (clam [10g(ry (b |z ZZDKL hil|h;)) (10)
- B Z D r(qg(z|z, hi)||p(2)) + const.
= Z E. gy (zlz,h) (109 (1 (hi|2))] = Lortho — BLprior + const.
which is still a lower bound on Y, log(ry(hs)), as Dy is lower-bound by 0 and 5 > 0, and since
1 C ¢, we can express the DELBO only through ¢. We reach the final form of the DELBO by

also adding the weighting terms on the latent reconstruction and the L., terms; because these
weights are positive and < 1, the DELBO is still a lower bound of the log-likelihood:

Zlog(w(hz))

> LpeLpo(¢;x, z wpos,wneguﬁ)
= prosEz~q¢( |z, h)[log T(ﬁ h ‘ Zzwneg DKL h; Hh ))

— ﬁZDKL qs(2|z, hy)||p(2)) + const.

Z pos z~q¢ z|z,h) [lOg(T’¢<h ‘ ))] - Lortho - /BLprior + const.

10
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DELBO is a “looser” lower bound to the marginal log-likelihood of the observation h, compared
to the classic variational autoencoding ELBO [3], due to the extra orthogonality constraint that
we add in a similar manner to how FactorVAE inserts the total correlation term in the ELBO [4],
and the constant terms that are a product of our assumptions on the latent generative model and
the connection of spaces h, z.

In practice, to avoid using a latent generative model we perform the latent reconstruction SSL
task to maximize likelihood of individual h; subspaces w.r.t h (or z) (see Supplementary Information
‘Self-supervised contrastive decomposition loss derivation and algorithm’) and optimize the below
DELBO-inspired objective:

'CDELBOi((ﬁ; T, 2, Wposy Wneg, ﬂ) = Lrecon + Lortho - /BLprior (12)

Note that the sign of L,,.¢n, has changed; this is because in practice, Lyecon and Loq¢ho are competing
terms forming an adversarial objective; in ‘Self-supervised contrastive decomposition loss derivation
and algorithm’ we show how we use the Jensen-Shannon and cross-entropy quantities to transform
the adversarial objective into a typical stable minimization task.

Eq. indeed connects to our derived DELBO; the positive cross-entropy term CE,,,s that we
calculate in Eq. can be expressed as a log-likelihood term over the Jensen-Shannon divergences
distributions with support |d| in space H®:

C’-Epos Z wposDKL JSpos | ‘p)

—prgs D) log(D% ) — log(p)] (13)

- Z wPOSEDyngS UOg(DF]%pos)] + Z wg(alo)slog‘d’

In other words, the latent generative model is expressed as the Jensen-Shannon divergence between
subspaces h; and subspace h (or hg), expressing a distribution-level reconstruction up to a con-
stant, whereas the log-likelihood is a point-level reconstruction. Although the algebraic connection
between the quantities C'Epos and E, g, (z1,n)[l0g(rs(hi|2))] is not direct, they both express latent
information reconstruction dynamics within the same latent space; having a single model ¢ that
acts both as the encoder and the decoder, strengthens this connection and allows us to view D jgpos
as a target distribution whose likelihood we want to maximize w.r.t. a reference distribution p.
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6 Decomposition generalizes disentanglement

In [5], Mathieu et al. formulate a generalized disentanglement problem for VAEs as one where
the goal is to decompose the latent representations; they pose the decomposition as arising from
the fullfilment of two factors: (a) the latent encodings have an appropriate level of overlap, (b)
the aggregate encoding of the data conforms to a desired structure (represented through the prior)
[5]. Although our approach differs significantly from this hypothesis, the high level outcome that
we also demonstrate to have achieved in this work is the same. Decomposition can be viewed as
a generalization of disentanglement: rather than requiring strict statistical independence of latent
factors, it allows us to impose a specific, desired structure on the latent representations learned. By
designing structural constraints, such as orthogonality, decomposition promotes disentanglement
while extending it to richer forms of representation learning. Mathieu et al. posit that this desired
structure can arise as a result of a sufficient overlap in the latent representation in conjunction to
the quality of regularisation of the prior distribution approximation [5]. Without balance of these
two factors or effect of only one of them, the latent space is under no constraint to exhibit the
desired structure.

Decomposition is fundamentally subjective as the nature of the features that are learned heavily
depend on how we use the inductive biases that structure the latent space (in our case by selecting
the signal decomposition-inspired dynamics and the prior approximation). S-VAE [6] for instance,
encourages disentanglement by directly controlling the level of overlap (factor (a) [5]) through  in
the latent space, without other constraints. They reformulate the variational evidence lower bound
(ELBO) in the 8-VAE model to also satisfy the second factor, i.e., conforming to the desired prior
structure:

LELBo = Eq, (2|0 llogpe(]2)] — BDkL(4e(2[) || p(2)) — aD(gy(2), p(2)) (14)

where the divergence alD(gy(2), p(z)) is a term used in Mathieu et al. [5] to control the regulariza-
tion. Our signal decomposition approach actually makes the third term in Eq. more explicit
to conform to a decomposed latent subspaces structure through the first and second terms in the
below DELBO formulation (Supplementary Eq.):

Lperso(¢;, z, Wpos; Wneg) B) = Z wéQsEz~q¢( |, k) [lOg(T¢(hi|z))]
- ZZw,(fc:{] D r(Dys(hi, hj)ln) (15)
—B Z Drer(g(z], hi)llp(2))

Here, we have expressed the divergence term alD(gs(2),p(2)) as divergence terms between the

latent subspaces h;. The Jensen-Shannon divergences weights wé@s,w,gé]g) that we impose on the

reconstruction and orthogonality terms in Eq., essentially correspond to o and control the
exact structure that we desire over the posterior. In Supplementary Section [d] we have derived the
first and second terms exclusively from KL divergence terms between latent subspaces, hence our
DELBO first and second terms can be expressed as a divergence term. Our DELBO formulation
enforces a much more specific structure on the latents, that might be more fit for time-series given
the frequency domain properties that influence the generative factors in time series.
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7 Variational decomposition autoencoding pursues orthogonal components di-
rections (by design)

In addition to the above, the structural properties of orthogonality and reconstruction (Methods,
Eq.(2)) that the second term in Eq.(15) expresses, hints a connection of DecVAEs to PCA[7, [§]
and ICA [9]. The connection of VAEs to these methods has been previously analyzed in [10],
where Rolinek et al. show that VAE exhibits local orthogonality of the decoder and along with the
reconstruction mechanism, this behavior matches the way that PCA embeddings are chosen. The
prior approximation term in both -VAEs and DecVAEs i.e., 8, Dir.(q4(2|z, hi)||p(2)) , enforces
the covariance matrix to be diagonal [10].

A common denominator in PCA, ICA and VAEs, is that the setting is unsupervised, generative
factors are unknown, and thus these methods rely on statistical properties to learn a latent repre-
sentation of the prior distributions. PCA isolates sources of variance and projects the data into a
space of principal components [7]; ICA recovers a factorized representation [I1].

PCA projects input space X to latent space Z by applying a linear mapping function through
multiplication with a matrix W and apply the inverse W' to recover X from Z, and formulates
a reconstruction objective [11]:

z=zxW
F=W! (16)
Lrca=|T -3

PCA also enforces dimensions in Z to be uncorrelated, by orthogonal columns in W. Specifically,
variables that are jointly Gaussian are independent if they are uncorrelated [12]. In our variational
decomposition autoencoding problem formulation (Methods "Problem formulation” ), we have as-
sumed latent subspaces z; that create the subspace z, and have the orthogonality and reconstruction
properties. In our experiments, we demonstrate that the learned approximations to the true latent
subspaces are indeed uncorrelated (low MI,GCN in Supplementary Fig Supplementary Tables @,
. This decorrelation or orthogonality leads to independent components in the latent space,
given that the subspaces are Gaussian. While PCA components correspond to the variance that
they can explain in the input, DecVAE learns components that correspond to the variance in the
time- and frequency-domain inside of each subspace. Our problem formulation and the structure
of the DELBO, ensures that these components are orthogonal and independent.

If we were to express DecVAE in the terms of a singular value decomposition (SVD), Dec-
VAE can be said to embed data in latent subspaces, where every subspace z; is designed to have
maximal variance w.r.t. a specific frequency range and be orthogonal to other subspaces z;, while
reconstructing z. Defining an SVD linear transformation matrix M = VXUT, where U : R® — R"”
a rotation matrix of the input space X, ¥ : R” — R? a scale-and-embed diagonal matrix, and
V : R? - R? a rotation matrix of the latent space, PCA can be expressed in terms of these
matrices [I0]. For DecVAE, we can define:

Dg :R"™ — R",  the decomposition model (analogous to U)

g(fr(fa(fw())) : R" = R%  the DecVAE encoder (analogous to X) a7)

The difference with PCA is that in our case, U, Y are non-linear operators; U takes the form of
the decomposition model that transforms the input space into a space of orthogonal components
according to variance in frequency, 3 takes the form of the DecVAE architecture (Methods “Decom-
position variational autoencoder”), and V' corresponds to the loadings or the directions of maximum
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frequency-variance. Our results suggest that DecVAE frequency disentanglement is invariant to the
exact rotation applied by V in the latent space Z. As seen in Supplementary Figures although
different rotation matrices U can be used in the input space X (FD, EMD[I3],VMD[14],EWT[15]),
the disentanglement of the frequency variables is not affected, and independent axes of variation
exist in the representation. A geometrical intuition of this parallelism between DecVAE, SVD and
PCA is given in Supplementary Fig. |1, adapted for DecVAE from [10]. As discussed by Rolinek et
al. , this behavior is also observed in VAEs that pursue principal directions, although this effect
arises not by design of the VAEs. In contrast, our variational decomposition autoencoding has been
designed to pursue directions of variation as dictated by a decomposition model.

(i) (il (i)

Frequency ‘
U range 3 )3 v
—p — —p
y. /
, — — 1] 1
\ yd / Frequency = ,
/,/ )\/ range 2 / _/ /
_ i "
Frequency
range 1

Supplementary Figure 1: Geometric interpretation of the DecVAE transformation from input space X to latent
space Z, by expressing DecVAE components as singular value decomposition (SVD) equivalent matrices. Three steps are
illustrated where SVD matrices are sequentially applied on the data. Step (i) is expressed by matrix U that in DecVAE is
expressed by the decomposition model DS and is connected to the orthogonal space learned by separating different time-
frequency regions. Step (ii) expressed by a matrix X corresponds to the DecVAE neural network that scales and embeds
the representation by retaining the independent and orthogonal components direction in the data. Step (iii) accounts for
a rotation matrix that may be part of the DecVAE application, that though has not an effect on the disentanglement of
the latent space, making the representation rotation invariant.

8 Decomposition model algorithm

The decomposition model was described in “Methods-Decomposition model and self-supervised
learning masking”. The decomposition model Dg is a key component of DecVAE (Supplementary
Fig and enables DecVAE to facilitate disentanglement in accordance to VDA. Dg can support
any existing decomposition method; first a peak detection is applied inside pre-defined detection
intervals to find modes or components of interest. Our custom filter decomposition (FD) uses the
detected peaks and filters around them to extract oscillatory components (OC's). The latter need
to satisfy a minimal power spectral density amplitude in order to be kept as meaningful activity
and not be discarded as noise. The modes are also used in cases where fewer components than
specified are found, to understand which frequency ranges might be missing and fill with zeros the
correct OC'. In case the found OC's are more than the number C' specified, a merging strategy has
to be followed to end up with exactly C components. For that, one of three grouping strategies
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can be used, i.e., grouping first the higher frequencies in a single component, grouping first the low
frequencies in a single component, or group uniformly neighboring components to end up with C
components. The repetition of this process for every frame extends the input batch X with shape
(1, B, F,S) to a batch X” with shape (C + 1, B, F, S), where C' the number of components, B the
batch size, F' the number of frames in the sequence, S the frame length.

Algorithm 3 Decomposition model algorithm

1: Require inputs: Batched time-series utterance X € R[B: F S], batch size B, number of frames in utterance F, segment length S, sampling

rate Fg, decomposition method D € {FD, EWT,VMD, EMD}, number of oscillatory components C, parameters w of each decomposition,
length of the Fast Fourier Transform to use in spectral operations NFFT

2: if D == FD then

3: Also require: list of peak detection intervals intervalsg., grouping strategy G, detected components tolerance psd_tolerance

4: end if

5: procedure FILTERDECOMPOSITION(x, modes)

6: OC's + [] # initialize oscillatory components

7 for i < iterate(modes) do

8: Tfiltered < Butterworthyie, (z, lowcut = i[0], highcut = i[1], Fs) # apply bandpass filter

9: Append Tfiltered tO OC's

10: end for

11: end procedure

12: x7 « zeros(C + 1, B, F, S) # tensor of zeros with shape

13: for {z}®f+9) « iterate(X) do

14: modes peakDetection(z(b’f’S) ,intervalsger)

15: if modes == [] then

16: continue
: end if

18:  if D == FD then

19: OC's «— FILTERDECOMPOSITION(I(b’f’S) , modes)

20: else

21: OCS&’D(z(b‘f‘S),w)

22: end if

23: OCs_PSD « WelchPSD(OC's, NFFT, F)

24 for OC, 0 + iterate(OCs_PSD) do

25: if maxz(OC) < psd_-tolerance then

26: OC <« [] # delete found OCs with a pre-defined tolerance threshold

27: end if

28: end for

29: if shape(OCs)[0] > C then

30: if G < low_frequencies_first then

31: OC's[0] + sum(OCs[: shape(OCs)[0] — (C — 1)]) # superpose low frequencies first to reach desirable number of components C

32: OCs[1 : shape(OCs)[0] — (C — 1)] « ]

33: else if G + high_frequencies_first then # superpose high frequencies first

34: OCs[C — 1] + sum(OCs[C — 1)

35: 0OCs = OCs[: C]

36: else if G « 7equally_-distribute then # superpose frequencies uniformly with nearest neighbors

37: new-OC's « []

38: step < round(shape(OC's)[0]/C)

39: for i « iterate(C) do

40: start < i *x step

4]: if i 2 C — 1 then

42: end < (i + 1) * step

43: else

44: end <+ shape(OC's)[0]

45: end if

46: new-OC's <+ sum(OCs[start : end])

47: end for

48: OC's < new_OCs

49: end if

50: else if shape(OCs)[0] < C then # In this case we have to pad the missing components with zeros

51: if OCs == [] then

52: OC's =+ zeros(C, S)

53: else

54: groups < classify_frequencies(modes) # find to which interval each mode belongs to understand which OC is missing
: for g + iterate(C) do

56: if g ¢ groups then

57: OC's + insert(g, zeros(S))

58: end if

59: end for

60: end if

6l:  endif

62:  X7[,b, f, s] + [X[0,b, f,s],0Cs]

63: end for

64: return X”
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9 Disentanglement metrics

Here we provide the mathematical expressions for the disentanglement evaluation metrics used.

9.1 Mutual Information

After obtaining the representation for all samples in the evaluation datasets, we calculate MI:

MI = Bzz_l BZ P(i,j)log(M) (18)
i=1 j=itl P(i)P(j)

where B, are the number of bins used in the discretization of the latent dimensions, P(i), P(j) are
the proportions of samples assigned to bins i, j and P(i,j) the proportion of samples that have
been assigned both to i and j [I6]. The discretization is done based on a histogram with 30 bins.
MI is lower bounded by 0 and representation dimensions z; have less mutual information as their
MI approaches 0.

9.2 Gaussian Correlation Norm

After obtaining the representation Z for all samples in the dataset, we compute the mean vector
1z and covariance matrix >z and then compute the total correlation of a Gaussian with mean pz
and covariance matrix Xy [17]:

DrrWN(nz, £2) | TIV N (s, £,
GCON — KL( (,UZ Z) H Hg (:uj JJ) (19)

A
1Z] % |log(4 71555 + €]

where j denotes the latent dimension and |Z| denotes the number of latent dimensions. GCN is
lower bounded by 0 and a representation Z is less correlated as its GCN approaches 0.

9.3 Disentanglement, Completeness, Informativeness

The DCI framework [I8] trains predictors on the latent representation to predict the generative
factors (or labels) from the latent code Z. We train a gradient boosting tree classifier on the latent
codes, thus examining for non-linear factor-code relations. For disentanglement and completeness,
importance weights R;; are calculated by inspecting the Gini feature importance of each code
dimension [I8]. Completeness for generative factor w; is given by C; = 1 + Z?:1 pijlogapij, where

pi; is the probability that code dimension z; is important to predict factor u;. p;; is calculated by
Rij

normalizing the importance weight R;; over all importance weights for the factor u;, p;; = ZdiR.
k=1 "tik

To obtain a single completeness score C', scores C; are averaged over all factors.

Disentanglement or modularity is calculated in a similar manner for every dimension j: D; =
1+ Ef‘il pijlognpij. This time p;; refers to the probability that dimension z; is important to
predict only factor u;. Normalization of the factors also happens with respect to the dimension:
Dij = # The total disentanglement for the whole representation is a weighted average

k=1""kJ
d Zﬂil Rij . . . . .
> j=1p;Dj, where p; = W is an importance factor for dimension j to account for less
k=1 Lui=1""tk
important dimensions in prediction. Finally, informativeness is calculated as the prediction error
of the classifier on an unseen test set. All three metrics D, C, I are evaluated in the [0, 1] interval.
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9.4 Modularity

Eiev;ﬁ* 1(i,z;)?
that shares the maximum mutual information for each code dimension z;, V., is the set of all
factors except u, and M > 1 is the number of factors. Modularity takes values in the range [0, 1].

The formula to calculate modularity [12] is expressed as: M j=1- uy 1s the factor

10 Supplementary experimental results

10.1 SimVowels analysis

Supplementary Table [6] presents a comprehensive sweep over a wide array of different inputs, archi-
tectures and other important DecVAE and supporting methods parameters in terms of disentan-
glement performance on the SimVowels dataset. These results exemplify the use of mel filterbanks
as a compact speech representation that promotes disentanglement and informativeness of rep-
resentations, compared to raw waveform data (Supplementary Table @ Category - Raw inputs).
Using different eigenanalysis methods such as ICA [9], PCA [7] and kernel-PCA methods [8] on raw
waveforms and mel filterbank features reveals that there are no consistent performance gains by the
decomposition of information before an eigenanalysis algorithm (Supplementary Table[6] Categories
- Eigenanalysis of Waveform Input/Decomposed Waveform Input/Mel Fbank Input/Decomposed
Mel Fbank Input). We also ablate the 8 value, input type and architecture of the 5-VAE models,
experimenting with convolutional and fully-connected architectures, as well as raw waveform and
mel filterbank features (Supplementary Table @, Categories VAEs - Untrained /Waveform input /Mel
fbank input). The results indicate the use of mel filterbanks and the fully-connected VAE as su-
perior to the alternatives. For DecVAEs, we ablate the § value, decomposition model, input type,
and number of variables (frame,sequence or both) (Supplementary Table @ Categories VAEs - Un-
trained /Frame DecVAEs waveform input/Frame DecVAEs mel fbank input/Multivariate DecVAEs
waveform input/Multivariate DecVAEs mel fbank input). We find out that the optimal value of
B = 0.1 works best when the input is mel filterbank features, in contrast to raw waveform features
that require a higher prior approximation pressure of 3 = 5. We establish the utility of train-
ing simultaneously for two time scales (frame and sequence) as the multivariate DecVAE model
achieves the best disentanglement scores of all comparisons, showcasing increased disentanglement
performance compared to the model that uses only the frame variable (fDecVAE).

Supplementary Tables[7][8| present a post-training supervised evaluation of the SimVowels dataset.
The evaluation is performed by fitting classifiers on the latent representations obtained by DecVAE
and supporting models. We experiment with Logistic Regression (linear) and RandomForest (non-
linear) classifiers. We report the best performing of the two, which in the majority of the cases
is RandomForest. We ablate the same parameters as in Supplementary Table [6] this time for the
tasks of vowel recognition and speaker identification. We follow an unsupervised and a supervised
path to examine the predictive capability of the representations. For the unsupervised case, we
fit a KMeans classifier on the representations in the development and test set of SimVowels, and
measure accuracy by assigning ground truth labels to clusters through the unsupervised optimal
transport optimization algorithm of Munkres [I9]. We observe the best unsupervised performance
comes from autoencoder models (5 = 0), indicating that the organization of the representation
into linearly separable clusters does not guarantee enhanced informativeness or disentanglement as
previously evidenced in Supplementary Table[6] We also notice that untrained DecVAE models can
have a quite satisfactory supervised performance both in the vowel and speaker recognition tasks;
this indicates the importance of the decomposition model in providing an initial disentanglement of
the data. The same applies to VAE mel filterbank models for the vowel recognition task. DecVAE
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models score the highest vowel recognition performance in the supervised case albeit with a small
margin to other methods VAEs and ICA,PCA, yet they demonstrate a significant improvement in
the speaker recognition task with an increase of more than 15% compared to the best perform-
ing supporting method (ICA). It is interesting to note that both DecVAE branches (frame and
sequence) have the ability to disentangle the speaker identity, a task that is considered difficult in
the short time-scale of 25ms that is the frame length. This exemplifies the ability of DecVAEs to
detect subtle frequency alterations in the spectral contours of uttered vowels that are attributed to
speaker identity. Moreover, the highest overall performance in vowel recognition is scored by the
raw mel filterbank features; this is expected as they constitute a very close approximation to the
true prior.

Our experiment here aims to find a model that after all the processing can ““mirror” this prior
from the input space to the latent space. We can say that DecVAEs do this most succesfully by
also significantly improving the recovery of the speaker generative factor in addition to the vowel
factor. Finally, it can be seen that the sequence branch has very good performance even without
training the network (Supplementary Table [7| DecVAEs - Untrained). On the contrary, the frame
representation needs refinement through training in order to reach its peak performance.
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Supplementary Table 6: SimVowels disentanglement evaluation on Z and S latent spaces (frame and
sequence variables). All models (DecVAEs and VAEs) train for 150 epochs with early stopping (occurs
around 110 epochs) and the last checkpoint for which the validation loss minimizes is selected. Single
branch DecVAE models train for 100 epochs. Results reported for DecVAEs come from the aggregated joint
representation (X + OCs). AE and DecAE imply 8 = 0. VAE and DecVAE imply 8 = 1. OCs: oscillatory
components, Conv: convolutional, FC: fully-connected, fDecVAE: frame DecVAE, MDecVAE: multivariate

DecVAE.

Category Method | Info-based | Gaussianity | Predictor-based | Intervention-based
| Mutual Inform. | | Total Corr. Norm. | | Disent. T  Complet. T  Inform. T  Explic. T  Modul. 7 | Interv. Robustness Score T
Waveform 0.004 31.940 251 0.060 0.381 0.003 0.700 a 3
Raw Inputs Mel Filterbank Features 0.019 1.082 0.388 0.204 0.844 0.908 0.849 0.527
Mel Filterbank Decomposed 0.100 6.415 0.538 0.338 0.840 0.950 0.819 0.382
Mel Filterbank Decomposed 4 Original 0.062 4.924 0.582 0.314 0.875 0.963 0.826 0.422
PCA 0.014 < 0.001 0.010 0.065 0.525 0.009 0.817 0.611
k-PCA radial 0.333 0.101 0.328 0.206 0.169 0.037 0.671
Eigenanalysis - Waveform Input k-PCA sigmoid 0.007 0.001 0.064 0.147 0.529 0.168 0.923
-PCA poly 0.010 0.147 0.190 0.382 0.175 0.790
1ICA 0.052 0.127 0.066 0.578 0.009 0.968
PCA - OCs 0.006 0.142 0.172
PCA - X + OCs 0.002 0.252 0.124
k-PCA radial - OCs 0.023 0.088 0.055
k-PCA radial - X + OCs 0.174 < 0.001 1.0
of D " Input k-PCA sigmoid - OCs 0.003 0.157 0.128
k-PCA sigmoid - X + OCs 0.002 0.131 0.184
k-PCA poly - OCs 0.007 0.259 0.297
k-PCA poly - X 4+ OCs 0.007 0.188 0.303
ICA - OCs 0.118 0.254 0.104
ICA - X + OCs 0.017 0.263 0.080
. 0.035 0.230 0.239
k-PCA radial 0.008 0.288 0.114
Bigenanalysis - Mel Fbank Input k-PCA sigmoid 0.004 0.098 0.173
k-PCA poly 0.010 0.164 0.120
ICA 4.85 0.086 0.156
PCA - OCs 0.011 0.047 0.357 0.204 0.817
PCA - X + OCs 0.031 0.258 0.310 0.830
k-PCA radial - OCs 0.046 0.355 0.161 0.646
k-PCA radial - X 0.035 0.253 0.145 0.610
Eigenanalysis of Decomposed Mel Fbank Input k—YI‘VC}A( A Qo gggg g::; gf;: Sf’;:
k-PCA poly - OCs 0.009 0.336 0.246 0.741
k-PCA poly - X + OCs 0.013 0.308 0.219 0.793
ICA - OCs 1.180 0.176 0.189 0.834
ICA - X + O 0.717 0.042 0.198 0.846
Conv-VAE Waveform 0.015 0.027 0.017
VAEs - Untrained FC-VAE Waveform 0.015 0.055 0.022
AE Mel Fbank 0.039 0.128 0.077
Conv-AE 0.070 0.486 0.081 0.212 0.664 0.963
FC-AE 0.027 3.171 0.183 0.214 0.615 0.966
VAEs - Waveform Input Conv-VAE 0.004 0.264 0.017 0.773 0.690 0.759
FC-VAE 0.097 0.316 0.106 0.563 0.403 0.960
Conv-8-VAE (8 = 0.1) 0.020 0.072 0.065 0.534 597 0.742
FC-B-VAE Time Dom. (8 = 0.1) 0.011 0.256 0.039 0.615 0.488 0.834
FC-AB 0.044 1.715 0.329 0.147 902 0.779
VAEs - Mel Fbank Input FC-VAE 0.011 0.044 0.030 0.578 0.789 0.450
FC-B-VAE Mel Fbank (8 = 0.1) 0.007 0.061 0.062 0.615 0.772 0.563
fDecVAE + FD - Waveform 0.007 0.509 0.1928 0.522 0.803
fDecVAE + EWT - Waveform 0.004 0.339 0.152 0.456 0.896
DecVAE + VMD - Waveform 0.008 0.554 0.183 0.394 0.776
fDecVAE + EMD - Waveform 0.008 0.177 0.209 0.433 0.830
fDecVAE + FD - Mel Fbank 0.006 0.565 0.250 0.949 0.831
fDecVAE + EWT - Mel Fbank 0.003 0.531 0.197 0.929 0.742 0.573
fDecVAE + VMD - Mel Fbank 0.005 0.492 0.184 0.854 0.777 0.563
DecVAEs - Untrained fDecVAE + EMD - Mel Fbank 0.002 0.359 0.191 0.841 0.794 0.622
MDecVAE + FD - Waveform 0.008 0.560 0.204 0.528 0.824 0.690
MDecVAE + EWT - Waveform 0.004 0.366 0.159 0.456 0.909 0.672
MDecVAE + VMD - Waveform 0.009 0.506 0.169 0.379 0.818 0.656
MDecVAE + EMD - Waveform 0.008 0.212 0.168 0.416 0.855 0.643
MDecVAE + FD - Mel Fbank 0.006 0.544 0.251 0.947 0.797 0.573
MDecVAE + EWT - Mel Fbank 0.003 0.515 0.220 0.930 0.756 0.589
MDecVAE + VMD - Mel Fbank 0.005 0.454 0.184 0.854 0.772 0.572
MDecVAE + EMD - Mel Fbank 0.002 0.321 0.172 0.841 0.771 0.639
fDecAE + FD 0.138 1.006 0.508 0.239 0.477 0.918 0.629
fDecAE + EWT 0.102 0.657 0.395 0.255 0.654 0.925 0.600
fDecAE + VMD 0.159 1.603 0.424 0.224 0.518 0.929 0.388
fDecAE + EMD 0.089 0.531 0.26: 0.736 :
fDec-VAE + FD 0.098 0.479 0.221 0.781 0.923 0.676
. fDec-VAE + EWT 0.054 0.480 0.263 0.778 0.923 52
Frame DecVAEs - Waveform Input fDec-VAE + VMD 0.068 0.442 0.194 0.538 0.911
fDec-VAE + EMD 0.038 0.276 0.210 547 0.899
-fDecVAE + FD (8 5) 0.093 0.502 0.257 0.729 0.979
B-fDecVAE + EWT (8 = 5) 0.071 0.399 0.246 0.611 0.885 0.619
B-fDecVAE + VMD (8 = 5) 0.048 0.367 0.233 0.601 0.853 0.606
B-fDecVAE + EMD (3 = 5) 0.075 0.300 0.242 0.519 0.858 0.482
fDecAE + FD 0.099 0.475 0.241 0.933 0.782
fDecAE + EWT 0.101 0.531 0.267 0.911 0.855 .583
fDecAE + VMD 0.104 0.448 0.230 0.764 0.757 0.630
fDecAE + EMD 0.088 0.538 0.338 0.860 0.803 0.507
fDec-VAE + FD 0.048 0.574 0.228 0.918 0.812 0.728
fDec-VAE + EWT 0.051 0.564 0.246 0.921 0.813 0.680
Frame DecVAEs - Mel Fbank Input fDec-VAE + VMD 0.041 0.374 0.214 0.815 0.716 0.714
fDec-VAE + EMD 0.062 0.405 0.250 0.843 0.729 0.692
B-fDecVAE + FD (8 = 0.1) 0.061 0.187 0.577 0.197 0.949 0.833 0.668
B-fDecVAE + EWT (8 0.1) 0.063 0.189 0.563 0.244 0.923 0.869 0.578
B-fDecVAE + VMD (5 = 0.1) 0.040 0.176 0.404 0.169 0.800 0.619 0.403
-fDecVAE + EMD (8 = 0.1) 0.057 0.199 0.581 31.06 0.854 0.851 0.615
MDecAE + FD 0.078 0.460 0.416 0.211 0.525 0.725 0.870
MDecAE + EWT 0.089 0.524 0.427 0.184 0.544 0.652 0.801
MDecAE + VMD 0.137 1.366 0.386 0.262 0.440 0.485 0.935
MDecAE + EMD 0.085 0.457 0.523 0.218 0.444 0.608 0.850
MDec-VAE + FD 0.111 0.206 0.514 0.269 0.548 0.703 0.958
N " ; 7 MDec-VAE + EWT 0.099 0.198 0.478 0.257 0.561 0.772 0.906
Multivariate DecVAEs - Waveform Input MDee-VAE + VMD 0.090 0.192 0.464 0.227 0.406 0.503 0.899
MDec-VAE + EMD 0.062 0.154 0.435 0.267 0.421 0.571 0.891
) 0.098 0.182 0.462 0.265 0.550 0.758 0.891
5) 0.033 0.118 0.438 0.205 0.416 0.629 0.789
B-MDecVAE + VMD (8 5) 0.104 0.191 0.231 0.200 0.377 0.483 0.862
B-MDecVAE + EMD (8 = 5) 0.075 0.171 0.396 0.242 0.422 0.585 0.839
MDecAE + FD 0.064 0.526 0.219 0.805 0.947 0.817
MDecAE + EWT 0.089 0.529 0.262 0.761 0.913 0.871
MDecAE + VMD 0.116 0.366 0.210 0.632 0.754 0.866
MDecAE + EMD 0.115 0.277 0.226 0.525 0.725 0.935
MDec-VAE + FD 0.031 0.618 0.220 0.761 0.921 0.828
N N AR 2 MDec-VAE + EWT 0.040 0.553 0.233 0.717 0.918 0.779
Multivariate DecVAEs - Mel Fbank Input MDec-VAE + VMD 0.039 0.487 0.241 0578 0.767 0.644
0.043 0.556 0.261 0.620 0.854 0.747
0.1) 0.051 0.526 0.196 0.809 0.929 0.809
B e 1) 0.036 0.582 0.222 0.742 0.915 0.905
B-MDecVAE + VMD (8 = 0.1) 0.031 0.513 0.192 0.653 0.801 0.700
8-MDecVAE + EMD (8 = 0.1) 0.041 0.320 0.167 0.573 0.764 0.872
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Supplementary Table 7: SimVowels dataset classification evaluation - Unsupervised (Kmeans) and Su-
pervised Classification. All models (DecVAEs and VAEs) train for 150 epochs with early stopping (occurs
around 110 epochs) and the last checkpoint for which the validation loss minimizes is selected. Single
branch DecVAE models train for 100 epochs. Results reported for DecVAEs come from the aggregated joint
representation (X + OCs). AE and DecAE imply 8 = 0. VAE and DecVAE imply 8 = 1. OCs: oscilla-
tory components, Conv: convolutional, FC: fully-connected, sDecVAE: sequence DecVAE, fDecVAE: frame
DecVAE, MDecVAE: multivariate DecVAE. bold numbers denote best performance across trained models.
underline denotes best overall performance.

Gategory Method | Vowel Recognition | Speaker Identification
| KMeans Dev. T KMeans Test T Test Accuracy 7 | KMeans Dev. 1 KMeans Test 1 Test Accuracy T
Dummy Classifiors Random Classifier NA NA 19.94 NA NA 10.09
Majority Classifier NA NA 20.22 NA NA 13.98
Waveform 26.16 26.66 84.15 21.79 22.68 46.78
Raw Inputs Mel Filterbank Features 52.47 52.25 98.09 30.14 30.22 76.65
Mel Filterbank Decomposed 35.53 30.64 94.65 30.43 21.96 76.11
Mel Filterbank Decomposed + Original 39.04 39.41 97.08 30.82 29.49 79.15
PCA 25.95 25.77 79.37 21.97 42,06
k-PCA radial 20.21 20.28 22,91 14.14
Eigenanalysis - Waveform k-PCA sigmoid 26.00 25.57 22.79 10.95
k-PCA poly 25.74 24.97 23.21 24.69
ICA 26.40 25.57 21.94 47.07
PCA - OCs 24.18 23.51 22.32 37.89
PCA - X + OCs 22.81 22.30 22.73 149.25
k-PCA radial - OCs 20.21 20.30 22,90 16.87
k-PCA radial - X + OCs 20.20 20.28 22.91 13.98
Eigenanalysis - Decomposed Waveform k-PCA sigmoid - OCs 26.75 25.50 2244 38.46
’ o . . k-PCA sigmoid - X + OCs 28.15 30.16 23.30 51.49
k-PCA poly - OCs 26.32 26.80 23.51 21.80
k-PCA poly - X + OCs 24.41 24.29 22.74 23.49
ICA - OCs 24.57 24.70 22,91 47.23
ICA - X + OCs 23.18 24.69 22.39 58.82
PCA 47.78 38.78 49.59 74.10
k-PCA radial 42.95 44.87 32.28 69.08
Eigenanalysis - Mel Fbank k-PCA sigmoid 34.73 36.93 30.27 57.01
k-PCA poly 51.09 50.07 40.69 72.79
ICA 45.47 45.60 50.81 74.13
PCA - OCs 36.69 33.50 55.64 75.55
PCA - X + OCs 36.81 36.76 58.80 78.22
k-PCA radial - OCs 25.40 27.16 26.82 59.82
k-PCA radial - X + OCs 23.23 23.47 58.89
{emoi 5 5 p
Eigenanalysis - Decomposed Mel Fbank krtlf’c}fg;‘iﬁfd){ SCSCS ;g:;g ggi’; igg
k-PCA poly - OCs 33.91 35.54 68.02
k-PCA poly - X + OCs 37.26 38.14 73.08
ICA - OCs 32.65 30.89 75.47
ICA - X + OCs 38.14 35.11 78.22
Conv-VAE Waveform 57 29.20
VAESs - Untrained eform 26.93
FC-VAE Mel Fbank 70.63
Conv-AE 71.95
FC-A 35.27
, Conv-VAE 57.27
VAEs - Waveform prea 2961
Conv-8-VAE 0.1) 56.17
FC-B-VAE Time Dom. (vowel 8 = 0.1, speaker 8 = 10) 29.85
FC-AE
VAEs - Mel Fbank FC-VAE
FC-3-VAE Mel Fbank (vowel 8 = 0.1, speaker 3 = 5)
fDecVAE + FD - Waveform 36.55
fDecVAE + EWT - Waveform 27.10
fDecVAE + VMD - Waveform 26.48
fDecVAE + EMD - Waveform 23.32
fDecVAE + FD - Mel Fbank 39.76 86.50
fDecVAE + EWT - Mel Fbank 36.56 82.21
fDecVAE + VMD - Mel Fbank 29.93 72.34
fDecVAE + EMD - Mel Fbank 31.20 67.75
sDecVAE + FD - Waveform 79.27 91.25
sDecVAE + EWT - Waveform 19.83 57.50
sDecVAE + VMD - Waveform 149.97 62.50
- ) sDecVAE + EMD - Waveform 71.00 65.00
DecVAEs - Untrained AE + FD - Mel Fbank 82.27 94.38
sDecVAE + EWT - Mel Fbank 79.00 96.88
sDecVAE + VMD - Mel Fbank 73.93 96.25
sDecVAE + EMD - Mel Fbank NA 85.48 89.27 92.50
MDecVAE + FD - Waveform 24.59 7747 (s) 91.25 (s)
MDecVAE + EWT - Waveform 24.88 47.03 (s) 53.75 (s)
MDecVAE + VMD - Waveform 25.77 59.70 (s) 65.00 (s)
MDecVAE + EMD - Waveform 30.68 67.70 (s) 61.25 (s)
MDecVAE + FD - Mel Fbank 43.76 75.87 (s) 96.88 (s)
MDecVAE + EWT - Mel Fbank 47.78 82.27 (s) 95.00 (s)
MDecVAE + VMD - Mel Fbank 31.53 64.10 (s) 95.63 (s)
MDecVAE + EMD - Mel Fbank 48.66 83.61 96.00 (s) 90.23 (s) 94.38 (s)

Continued on Supplementary Tabl§
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Supplementary Table 8: Continued from Supplementary Tablelﬂ

Category Method | Vowel Recognition ‘ Speaker Identification
‘ KMeans Dev. T KMeans Test T  Test Accuracy T ‘ KMeans Dev. T KMeans Test T Test Accuracy T
fDecAE + FD 25.27 26.85 65.52 21.88 23.22 32.89
fDecAE + EWT 36.03 34.72 70.78 29.25 27.85 40.01
fDecAE + VMD 34.05 32.69 70.47 25.13 26.19 30.59
fDecAE + EMD 26.77 26.22 64.86 34.05 33.87 34.99
fDecVAE + FD 38.97 37.38 79.66 35.39 34.88 58.24
Frame DecVAE - Waveform fDecVAE + EWT 36.68 35.44 85.39 36.64 36.93 50.57
fDecVAE + VMD 26.05 25.87 72.26 22.24 20.77 36.72
fDecVAE + EMD 32.67 31.99 66.75 23.73 23.63 27.86
B-fDecVAE + FD (8 = 5) 29.60 28.83 77.12 30.28 30.93 42,62
B-fDecVAE + EWT (8 = 5) 29.74 29.62 69.75 26.12 26.31 34.43
B-fDecVAE + VMD (8 = 5) 40.54 38.61 73.79 26.24 27.21 41.80
B-fDecVAE + EMD(8 = 5) 32.98 33.09 67.36 25.33 25.54 30.21
fDecAE + FD 36.84 4216 94.28 46.98 4216 79.49
fDecAE + EWT 42.26 35.68 97.55 36.59 35.68 64.59
fDecAE + VMD 31.08 25.62 86.14 25.04 25.62 62.81
fDecAE + EMD 31.38 35.17 93.68 34.68 35.17 51.52
fDecVAE + FD 38.79 36.56 89.91 34.54 36.56 84.80
fDecVAE + EWT 44.25 33.75 97.90 34.53 33.75 73.09
Frame DecVAE - Mel Fbank fDecVAE + VMD 32.01 30.45 92.32 29.29 30.45 64.88
fDecVAE + EMD 32.42 30.53 93.60 29.72 30.53 48.83
B-fDecVAE + FD(8 = 0.1) 36.42 42,50 93.46 45.46 42.50 91.84
B-fDecVAE + EWT (8 = 0.1) 44.71 35.72 97.71 35.88 35.72 71.43
B-fDecVAE + VMD (8 = 0.1) 29.34 30.48 92.34 29.39 30.48 68.53
B-fDecVAE + EMD(8 = 0.1) 39.19 36.47 92.58 36.88 36.47 51.55
sDecAE + FD NA NA NA 68.76 75.97 85.63
sDecAE + EWT NA NA NA 40.60 50.43 49.38
sDecAE + VMD NA NA NA 49.20 53.73 64.38
sDecAE + EMD NA NA NA 56.48 55.33 56.25
sDecVAE + FD NA NA NA 65.54 68.37 68.13
Sequence DecVATs - Waveform sDecVAE + EWT NA NA NA 24.70 27.83 35.63
sDecVAE + VMD NA NA NA 25.88 29.33 53.13
sDecVAE + EMD NA NA NA 40.20 34.90 59.38
fB-sDecVAE + FD (8 = 5) NA NA NA 60.22 64.93 80.00
B-sDecVAE + EWT (3 = 5) NA NA NA 37.48 39.50 34.38
B-sDecVAE + VMD (8 = 5) NA NA NA 25.90 27.10 44.38
B-sDecVAE + EMD(3 = 5) NA NA NA 42.76 40.00 54.38
sDecAE + FD NA NA NA 56.90 52.7 86.88
sDecAE + EWT NA NA NA 55.92 49.03 83.13
sDecAE + VMD NA NA NA 52.62 55.37 89.38
sDecAE + EMD NA NA NA 78.58 73.97 91.25
sDecVAE + FD NA NA NA 70.66 60.27 81.25
. , sDecVAE + EWT NA NA NA 51.02 58.07 60.00
Sequence DecVAES - Mel Fbank sDecVAE + VMD NA NA NA 39.18 51.37 71.88
sDecVAE + EMD NA NA NA 42.42 35.40 69.38
B-sDecVAE + FD (8 = 0.1) NA NA NA 71.88 70.23 76.25
B-sDecVAE + EWT (8 = 0.1) NA NA NA 55.46 46.50 76.88
B-sDecVAE + VMD (3 = 0.1) NA NA NA 57.56 46.53 76.88
B-sDecVAE + EMD(3 = 0.1) NA NA NA 58.32 53.00 65.00
MDecAE + FD 33.04 31.25 69.78 65.56 (s) 66.37 (s) 87.50 (s)
MDecAE + EWT 31.61 33.50 70.83 46.56 (s) 44.40 (s) 48.13 (s)
MDecAE + VMD 32.97 32.80 65.68 55.36 (s) 57.73 (s) 68.75 (s)
MDecAE + EMD 32.04 31.17 61.26 55.02 (s) 61.20 (s) 60.00 (s)
MDecVAE + FD 30.32 30.17 78.48 52.24 (s) 61.60 (s) 71.25 (s)
PR ! MDecVAE + EWT 25.24 25.76 87.70 29.12 (s) 29.79 (f) 50.15 (f)
Multivariate DecVAE - Waveform MDecVAE + VMD 28.19 27.34 68.96 29.10 (s) 31.47 (s) 41.88 (s)
MDecVAE + EMD 36.93 35.67 64.52 49.38 (s) 40.43 (s) 57.50 (s)
B-MDecVAE + FD (8 = 5) 37.65 37.61 81.55 55.28 (s) 60.90 (s) 78.75 (s)
B-MDecVAE + EWT (8 = 5) 37.33 36.54 73.59 29.72 (f) 31.11 (f) 39.51 (f)
B-MDecVAE + VMD (8 = 5) 27.60 25.26 60.15 30.34 (s) 32.10 (s) 47.50 (s)
B-MDecVAE + EMD(8 = 5) 32.62 32.76 66.51 45.74 (s) 53.67 (s) 55.63 (s)
MDecAE + FD 35.78 35.47 94.37 65.06 (s) 65.03 (s) 93.75 (s)
MDecAE + EWT 39.52 38.01 97.36 53.90 (s) 55.97 (s) 95.63 (s)
MDecAE + VMD 32.92 32.48 86.88 60.84 (s) 61.80 (s) 83.75 (s)
MDecAE + EMD 30.58 30.85 87.45 64.24 (s) 75.70 (s) 91.88 (s)
MDecVAE + FD 29.10 30.08 91.61 59.32 (s) 56.80 (s) 86.14 (f)
PR . MDecVAE + EWT 40.48 41.98 97.40 39.24 (s) 36.29 (f) 73.47 (f)
Multivariate DecVAE - Mel Fbank MDecVAE + VMD 27.85 27.43 90.55 61.32 (s) 62.90 (s) 71.25 (s)
MDecVAE + EMD 33.41 32.13 92.76 76.00 (s) 62.57 (s) 68.75 (s)
B-MDecVAE + FD(3 = 0.1) 34.50 33.55 92.43 73.32 (s) 70.37 (s) 87.84 (f)
B-MDecVAE + EWT (8 = 0.1) 37.69 37.32 97.66 64.74 (s) 62.87 (s) 75.85 (f)
B-MDecVAE + VMD (3 = 0.1) 27.34 30.71 92.8 45.16 (s) 57.87 (s) 72.50 (s)
B-MDecVAE + EMD( = 0.1) 37.01 36.23 88.79 67.62 (s) 66.20 (s) 65.63 (s)
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10.2 Real speech datasets analysis

Supplementary Tables (91012 present the disentanglement results for the datasets TIMIT[20],
VOC-ALS|21], IEMOCAP[22], respectively. Supplementary Tables present the supervised

classification tasks of zero-shot dysarthria severity evaluation and emotion recognition in the
datasets VOC-ALS[2I], IEMOCAP[22], respectively.

Supplementary Table 9: TIMIT [20] Disentanglement evaluation on Z and S latent spaces (frame and
sequence variables). All models (DecVAEs and VAEs) train for 100 epochs. Results reported for DecVAEs
come from the aggregated joint representation (X + OCs). MI: Mutual Information, TGCN: Total Correla-
tion Normalized, D: Disentanglement, C: Completeness, I: Informativeness, EX: Explicitness, M: Modularity,
IRS: Interventional Robustness Score. 95% confidence intervals are reported for metrics D, C, I, EX, M.
Values smaller than 0.001 are displayed as 0.001.

Category Method | Info-based | Gaussianity | Predictor-based | Intervention-based
| MIL | TGCN| | D1 ct It EX T M1 | IRS 1
Raw Inputs Mel Filterbank Features | 01905 | 4021 | 01090001 0036+ 0001 0265+ 0001 0.679 = 0.001 0.980 % 0.001 | 0.557
Eigenanalysis - Mel Fhank Tnput PCA 0.002 <0.001 | 0.229+0.001 0.156 +0.001 0258+ 0.001  0.648 +0.001  0.729 % 0.001 0551
& Y N P ICA 0.003 0.212 0.139 £ 0.001 0.085 + 0.001 0.262 + 0.001 0.648 + 0.001 0.714 + 0.001 0.554
FC-AE 0.003 2.378 0.153 £ 0.001  0.063 + 0.001  0.191 & 0.001  0.579 £ 0.001  0.957 £ 0.001 0.544
VAES - Mel Fbank Input FC-VAE 0.041 0.084 0.191£0.001  0.117+0.001  0.188 +0.001  0.492 = 0.001  0.980 % 0.001 0.683
FC-3-VAE Mel Fbank (8 = 0.1) 0.022 0.074 0.202 £ 0.001 0.164 + 0.001 0.184 + 0.001 0.486 + 0.001 0.933 + 0.001 0.669
MDecAE + FD 0.036 0.217 0.230 £ 0.001  0.071 4 0.001  0.408 % 0.001  0.472 £ 0.001  0.657 £ 0.001 0.625
MDecAE + EWT 0.034 0.236 0.254 £ 0.001  0.086+0.001 0383 +0.001  0.475 £ 0.001  0.650 £ 0.001 0.675
ariate DecVA Fs RS ” ] e MDecVAE + FD 0.061 0.184 0.139 £ 0.001 0.065 + 0.001 0.491 + 0.001 0.667 £ 0.001 0.569 + 0.001 0.772
Multivariate DecVAES - Mel Fbank Input - 2 branch (Frame) MDecVAE + EWT 0.065 0.185 0.233 = 0.001  0.072 £ 0.001  0.472 +0.001  0.673 £ 0.001  0.541 % 0.001 0.706
B-MDecVAE + FD (8 = 0.1) 0.052 0.148 0.172£0.001  0.067 +0.001  0.394 £ 0.001  0.467 £ 0.001  0.739 £ 0.001 0.872
B-MDecVAE + EWT (8 = 0.1) 0.051 0.155 0.256 & 0.001  0.087 + 0.001  0.376 + 0.001  0.504 + 0.001  0.575 = 0.001 0.875

Supplementary Table 10: VOC-ALS [2]] disentanglement zero-shot evaluation on Z and S latent spaces
(frame and sequence variables). All models are transferred from SimVowels or TIMIT [20] and zero-shot
evaluated on VOC-ALS without any fine-tuning. Results reported for DecVAEs come from the aggregated
joint representation (X + OCs). MI: Mutual Information, TGCN: Total Correlation Normalized, D: Dis-
entanglement, C: Completeness, I: Informativeness, EX: Explicitness, M: Modularity, IRS: Interventional
Robustness Score. 95% confidence intervals are reported for metrics D, C, I, EX, M. Values smaller than
0.001 are displayed as 0.001.

Category Method | Info-based | Gaussianity | Predictor-based | Intervention-based
| MIL | TGCN| | D1 cr It EX T M1t | IRS T
Raw Inputs Mel Filterbank Features | 0179 | 2884 | 012340001 0083+ 0.001 0506+ 0001  0.624 +0.001  0.845 = 0.001 | 0.652
Ei analysis - Mel Fbank I t PCA 0.004 << 0.001 0.130 + 0.001 0.154 + 0.001 34 + 0.001 0.590 + 0.001 0.863 + 0.001 0.620
Higenanatysis - Hel Fbank fnpu ICA 0.004 <<0.001 | 0.082+0.001 0.069 £ 0.001 30 +£0.001 0590 = 0.001  0.842 £ 0.001 0.611
FC-. AE 0.091 2.985 0.107 & 0.001 0.070 & 0.001 + 0.001 0.001 U 81»1: + 0.001 0.553
Transfer from Sim Vowels - VAEs - Mel Fbank FC-V 0.036 0.134 0.075 + 0.001 0.069 + 0.001 50 + 0.001 0.001 53 0.468
FC-A-VAE \hllhank(i 0.1) 0.043 0219 0.074 £ 0.001  0.065 £ 0.001 0365 % 0.001 0.481
FC-. Al‘_ 0.092 3.014 0.103 & 0.001 0.068 & 0.001 0.369 £ 0.001 0.792 & 0.001 0.743
Transfer from TIMIT - VAEs - Mel Fbank 2=V 0.122 0.341 0.077 £ 0.001 0.047 £ 0.001 0.340 £ 0.001 0.888 £ 0.001 0.500
FC-A-VAE \mnmuk 8=0.1) 0.067 0332 0.086 % 0.001  0.067 + 0.001  0.350 + 0.001 0.863 & 0.001 0.489
B-MDecVAE + FD(8 = 0.1) - NoC =3 0.044 0.155 0.097 & 0.001 0.085 & 0.001 0.653 £ 0.001 0.626 £ 0.001 0.750 % 0.001 0.729
o Vol VAR - Ml . +o \ B-MDecVAE + EWT (8 = 0 |) \u(’ 0.036 0.150 0.099 4 0.001  0.081 4+ 0.001  0.659 + 0.001  0.662 £ 0.001  0.750 & 0.001 0.650
Transfer from SimVowels - Multivariate DecVAE - Mel Fbank - Z branch (Frame) S-MDecVAE + FD(8 = 0.039 0.144 0115+ 0.001  0.084 + 0001  0.679 + 0.001 0.703 £ 0.001  0.696 % 0.001 0.834
5-MDecVAE + EWT (8 = % 1) 0.060 0.140 0125 0.001  0.000+ 0001  0.675 +0.001 0696 =0.001  0.732 + 0.001 0.654
N AR - 7 ancl f B-MDecVAE + FD(8 = DI) 0.039 0.204 0.172 £ 0.001 0.101 £ 0.001 0.612 £ 0.001 0.670 £ 0.001 0.767 £ 0.001 0.624
Transfer from TIMIT - Multivariate DecVAE - Mel Fbank - Z branch (Frame) H-MDecVAE + EWT (8 0.046 0.229 0.178 + 0.001 0.093 + 0.001 0.571 + 0.001 0.654 + 0.001 0.776 + 0.001 0.611
e o . N AT - Q 9 B-MDecV. 0.0634 0.273 0.116 £ 0.001 0.053 £ 0.001 0.308 £ 0.001 0.484 + 0.001 0.846 + 0.001 0.560
Transfer from SimVowels - Multivariate DecVAE - Mel Fbank - S branch (Sequence) B-MDecVAE + E 0.060 0.292 0.096 + 0.001 0.048 + 0.001 0.260 + 0.001 0.816 + 0.001 0.644
3-MDecVAE + Fl 0.0652 0.231 0106 = 0.001  0.043 + 0.001  0.297 + 0.001 0.881 = 0.001 0.775
3-MDecVAE + EW 0.034 0242 0126 = 0.001 0055+ 0001  0.251+0.001 0493 %0001 0811 0.001 0.571
.  DecVAE - Mel F ¥ seaence 4-MDecVAE + FD(8 = 0.1) - NoC 0.060 0272 0114+ 0001 0044+ 0001 0295+ 0001 0514 = 0.001  0.987  0.001 0.564
Transfer from TIMIT - Multivariate DecVAR - Mel Fbank - $ branch (Sequence) g yinevaTs 1 BWT (6 = 0.1) - 0.0289 0.214 0.071 +0.001  0.025 + 0.001  0.227 + 0.001 0324 £ 0.001  0.784 % 0.001 0.645
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Supplementary Table 11: VOC-ALS [21] classification evaluation on zero-shot transferred representa-
tions. Leave-one-group-out cross-validation supervised classification with five random states. All models are
transferred from SimVowels or TIMIT [20] and zero-shot evaluated on VOC-ALS without any fine-tuning

Results reported for DecVAEs come from the aggregated joint representation (X + OCs). The average
value across random states and folds is presented accompanied by 95% confidence intervals (+). KCSD:
King”s Clinical Stage Detection, DDD: Disease Duration Detection, PR: Phoneme Recognition, SI: Speaker
Identification, WA: Weighted Accuracy, WF1: Weighted F1-score.

Category Method Kesb bbb | PR | st
WA T WFLT Flomacro | WA T WELT Flamacro | WEIL Flamacro | WA T WEIL FLmacro |
Random Classifier 0167 £0001 02120001 0189 = 0001 | 02000001 0212 %0001 0.180 = 0.001 0125 %0001 0125 = 0.001 | 0.007 0001 0,007 = 0001 0.006 = 0.001

Dummy Classifiers

12
02 = 0001 | 0.2

Majority Cf
Raw Inputs Mol Filterbank Features 0.700 £ 0001 0694+ 0.001 0,620 = 0003 | 0.706 £ 0001 0697

Sifier 031150001 017TA£ 0001 010250001 | 03420001 0171 £ 0.001 0,020 £ 0001 0.028 = 0,001 | 0.007 £ 0.001 0.001 = 0.001

01

0001 0.779 £ 0001 | 0.705 % 0.001

£0001 056 o 001 [ 0711 £0001 0710 %0001 0,
£0001 0351 £0.001  0.501 0001 | 0.700 £ 0.001 0700 + 0.001 0.

0.609 = 0.001

PCA 058150001 0561+ 0,001 0462 = 0.002
1cA 0575 £ 0001 0554+ 0.001  0.453 + 0.002

0,001 | 0350 + 0.001
0001 | 0523 + 0.001

0512 = 0.001
0.515 + 0.001

Eigenanalysis - Mel Fbank

0481 £ 0001 0450 £ 0,001 0360 = 0003 | 04800001 0450 = 0001 0391 = 0001 | 0648 £ 0001 0,647 = 0001 0649 = 0,001 | 0322 = 0001 0315 = 0.001
0463 £ 0001 0424 %0001 0326 %0002 | 0474 % 0.001 0632 £ 0001 0630 %0001 0,652 %0001 | 0300 % 0.001 0.205 + 0.001
0476 £ 0001 0437 £ 0.001 0312 £ 0.002 | 0.485 £ 0.001 0615 £ 0001 0615 £ 0001 0647 £ 0001 | 0341 £ 0001 0338 £ 0001 0336 £ 0.001

Transfer from Sim Vowels - VAE:

- Mel Fbank

FC3-VAE

0473 £ 0001 0410 £ 0,001 0331 = 0001 | 0,453 % 0.001 0645 £ 0001 06470001 0,650 = 0001 | 0332 % 0.001 = 0,001
Transfer from TIMIT - VAEs - Mel Fbank 0415 £ 0001 0383+ 0.001 0285 %0002 | 0.425 % 0.001 062240001 0.622£ 0001  0.624 %0001 | 0201 % 0.001 0.001
0.439 £ 0001 0403 £ 0.001 0300 = 0001 | 0.447 £ 0.001 0407 £ 0.001 0.635 £ 0001 0636 £ 0.001 0,639 £ 0001 | 0.243 & 0.001 0.230 + 0.001

0855 £ 0001 0855+ 0,001 0816 = 0002 | 0850 £ 0001 0518 £ 0,001
0879 £ 0.001  0.880 + 0.001 0.852 + 0.001 | 0.882 + 0.001 + 0.001
086150001 0866+ 0001 0846 =0001 | 0861 % 0.001
0820 £ 0001 0831 %0001 0819 = 0001 | 0831 % 0,001

OS85 £ 0001 0888 £ 0001 0855 <0001 | 0918+ 0.001 = 0.916 = 0.001
0.918 £ 0.001  0.918 + 0.001 0918 + 0.001 | D945 £ 0.001  0.945 £ 0.001 0947 % 0.001
091350001 0913%0001 0913 =0001 | 0.958 = 0001 0.953 £ 0.001 0.952 = 0.001
0,901 £ 0001 0901 £ 0,001 0.904 = 0001 | 0.936 & 0.001 0 0,985 + 0.001
0710 £ 0001 0755 £ 0.001  0.735 £ 0002 | 0.762 £ 0.001 0760 £ 0.001 0749 £ 0.001 | 0791 £ 0.001  0.794 £ 0.001 0794 £ 0.001 | 0787 £ 0.001 0790 £ 0.001 0791 + 0.001
0700 £ 0001 0698+ 0,001 0.683 0001 | 07110001 0704 = 0001 06850001 | 0778+ 0001 0778 =0001 0780 = 0.001 | 071250001 07150001 0718 = 0.001

0008 NA NA NA

Transfor from SimVowels - Multivariate DecVAE - Mel Fbank - Z branch (Frame)

5-MDecVA

Transfer from TIMIT - Multivariate DecVAE - Mel Fhank - Z branch (Frame)
Transfer from TIMIT - Multivariate DecVAE - Mel Fbank - Z branch (Frame) /A0

4 MDecV”

01)- 0307 EOO0T 03010007 02025 0.006 | 02 40007 035 £ 0007 02025 0007 | 0.2 £0008  0.323 £0008 0.
SNIDeVAE £ EWT (5~ 0
o

Transfor from SimVouwels - Multivariate DecVAE - Mel Fhank - § branch (Sequence)

036350006 0316+ 0006 0222 =001 | 0346 % 0.007 006 02040006 | 0.426%0000 0418 %0010 0. 0.010 NA NA NA
5-MDecVAE + FD(3 = 0.1) - 1 0380 £0007  0325% 0,008 0221 =0009 | 0.867 £ 0007 0220 0006 | 0557 £0010 0354 = 0010 0. 0.010 NA NA NA

3-MDecVAE + EWT (8= 011) - 0.376 £ 0007 0310+ 0.007 _ 0.205 + 0.006 | 0.363  0.008 0200 = 0006 | 03010010 0384 = 0011 0. 0.010 NA NA NA

. N e (Sequence 5-MDecVAE NoC=4 | 03690007 0312+0007 0207 =0006 | 035 %0006 0203 =0006 0208 = 0006 | 0594+ 0008 0500 = 0008 059 = 0.008 NA NA NA

‘Transfer from TIMIT - Multariate DecVAE - Mel Fbunk - § braneh (Sequenee) g UnOARE S G000 M08 | D30 S 000 000 £ 0005 0.8 £ 0000 | 0971 £ 0007 0248 £ 0006 0193 £ 0005 | 0322 £ 0008 0324 £ 0008 0924 £ 0008 NA NA NA

Supplementary Table 12: ITEMOCAP [22] disentanglement evaluation on Z and S latent spaces (frame
and sequence variables). All models are transferred from SimVowels and TIMIT [20] and fine-tuned with
SSL and VAE losses on IEMOCAP [22], before being evaluated. Results reported for DecVAEs come from
the aggregated joint representation (X + OCs). MI: Mutual Information, TGCN: Total Correlation Nor-
malized, D: Disentanglement, C: Completeness, I: Informativeness, EX: Explicitness, M: Modularity, IRS:
Interventional Robustness Score. 95% confidence intervals are reported for metrics D, C, I, EX, M. Values
smaller than 0.001 are displayed as 0.001.

Category Method | Info-based | Gaussianity | Predictor-based | Intervention-based

| MI) | TGCN| | D1 c1 It EX 1 M1 | IRS

Raw Inputs Mel Filterbank Features | 0.226 | 4571 | 025440001  0.224 £ 0001  0.365 + 0001 0398 +0.001  0.981 + 0.001 | 0.635

Figenanalysis - Mel Fbank Input PCA 0.003 <<0.001 | 012040001 0215+ 0001  0.358 £ 0001 0375+ 0.001 0907 % 0.001 0,610

igenanalysis - Alel Fbank fnpul ICA 0.003 <<0.001 | 0.128+0.001  0.132+0.001  0.358 + 0.001  0.375 + 0.001  0.895 %+ 0.001 0.610

FC-AE 0.110 4.408 0.208 =+ 0.001 0.115 + 0.001 0.341 £ 0.001 0.338 = 0.001 0.978 £ 0.001 0.620

Transfer from SimVowels - VAEs - Mel Fhank FC-VAE 0.034 0.0699 0.090 +0.001 0221 4 0.001  0.327 £ 0.001  0.226 £ 0.001  0.963 + 0.001 0567

VAE Mel Fbank (8 = 0.1) 0.019 0.081 0071+ 0.001 023840001 0332+ 0001  0.266 £ 0.001  0.907  0.001 0.556

FC-AE 0.134 10.415 0240 +0.001 015340001 0339 & 0.001  0.325 £ 0001  0.978  0.001 0.668

Transfer from TIMIT - VAEs - Mel Fbank FC-VAE 0.049 0.104 0155+ 0.001 01294 0.001  0.330 £ 0.001  0.290 £ 0.001  0.971  0.001 0617

FC-B-VAE Mel Fbank (8 =0.1) 0.024 0.078 0.118 +0.001 0199 4 0.001  0.330 £ 0.001  0.265 £ 0.001  0.966  0.001 0.607

MDecAE + FD 0.072 0250 + 0.001 0127 4 0.001  0.445 & 0.001 0.925  0.001 0.645

MDecAE + EWT 0.086 0.159 + 0.001  0.439 & 0.001 0921 % 0.001 0.731
Transfer from SimVouel svariate DecVAE - Mel FI g — MDecVAE + FD 0.017 0.141 £ 0.001 0341 4 0.001  0.277 + 0.001  0.940 £ 0.001
Transfer from SimVowels - Multivariate DecVAE - Mel Fbank - Z branch (Frame) MDeVAS + EWT o017 0,133 £ 0.001 L0001 0278 0001 0.909 £ 0.001
-MDecVAE + FD(8 = 0.1) 0.019 0.293 £ 0.001 £0.001 0277 0001  0.755 £ 0.001
S-MDecVAE + EWT (8 = 0.1) 0.019 0.280 £ 0.001  0.160  0.001 0.290 = 0.001  0.889 = 0.001
MDecAE + FD 0.057 0.445 + 0.001  0.309 % 0.001 0278 = 0.001  0.876 = 0.001
MDecAE + EWT 0.059 0.283 0,001 0.210  0.001 0269 + 0.001  0.801 = 0.001
fer . ) . MDecVAE + FD 0.017 o 289 + 0.001  0.209 4 0.001 0285 + 0.001  0.831 % 0.001
Transfer from TIMIT - Multivariate DecVAE - Mel Fbank - Z branch (Frame) MDecVAE + EWT 0016 : 0.158 = 0001 0297 £ 0001 0.849 - 0001
B-MDecVAE + FD(8 = 0.1) 0.025 0.118 + 0.001 0316 4 0.001 £0001  0.788 £ 0.001
8-MDecVAE + EWT (8 = 0.1) 0.022 0254+ 0.001 0149 £ 0.001  0.317 £ 0.001 £0001  0.879 + 0.001
MDecAE + FD 0.023 0.370 0.105 £ 0.001 0.064 + 0.001 0 371 + 0.001 0.524 £ 0.001 0.608 + 0.001
MDecAE + EWT 0.025 0.464 0.120 £ 0.001  0.065 + 0.001 0.529 + 0.001  0.697 + 0.001
sfer SimVowels tvar o o y R MDecVAE + FD 0.010 0.071 0.088 £ 0.001  0.038 + 0.001 0.429 = 0.001  0.669 = 0.001
Transfer from SimVowels - Multivariate DecVAE - Mel Fbank - S branch (Sequence) MDACVAE + EWT 0012 0,091 0.082 £ 0001 0039 £ 0001 L0001 0696 £ 0.001
-MDe 0.010 0.063 0.083 £ 0.001  0.035 £ 0.001 7+0001  0.711  0.001
#-MDecV: 0.009 0.064 0.059 + 0.001  0.033 % 0.001 0 306 + 0.001 o 432 £0001  0.705 + 0.001
MDe 0.056 0.581 0135+ 0.001 00844 0.001 0369 + 0.001  0.514 £ 0001  0.619 + 0.001
MDecAE + EWT 0012 0515 0126+ 0.001 0063+ 0.001 0314 £ 0001  0.389 £ 0001  0.778 £ 0.001
riate DecV | A MDecVAE + FD 0015 0.071 0089+ 0.001  0.045 &+ 0.001  0.326 £ 0.001  0.405 £ 0.001  0.685  0.001
Transfer from TIMIT - Multivariate DecVAE - Mel Fbank - § branch (Sequence) MDecVAE + EWT 0.023 0.093 0.095 £ 0.001  0.056 £ 0.001  0.306 & 0.001 ~ 0.329  0.001  0.811 = 0.001
B-MDecVAE + FD(3 = 0. 1) 0.013 0.059 0.089 £ 0.001 0.049 + 0.001 0.325 + 0.001 0.416 £ 0.001 0.618 + 0.001
#-MDecVAE + EWT (8 = 0.1) 0.009 0.055 0.057 £ 0.001  0.024 +0.001  0.237 £ 0.001  0.256 + 0.001  0.789 % 0.001
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Supplementary Table 13: IEMOCAP [22] dataset classification evaluation. All models are transferred
from SimVowels and TIMIT [20] and fine-tuned with SSL and VAE losses on IEMOCAP [22], before be-
ing evaluated. Results reported for DecVAEs come from the aggregated joint representation (X + OCs).
Confidence intervals are displayed for Leave-One-Speaker-Out cross-validation in the case of ER, and 5-fold
cross-validation in the case of PR and SI. All cross-validations are repeated for 10 random states and 95%
confidence intervals (£) are calculated taking into account all random states. ER: Emotion Recognition,
PR: Phoneme Recognition, SI: Speaker Identification, WA: Weighted Accuracy, UWA: Unweighted Accuracy,
WF1: Weighted F1-score.

ER PR ST
WA 1 UWA 1 WFI1 1 WA 1 WFI1 1 WA 1 WF1 1

Category Method

Random Classifier
Majority Classifier

0.249 £ 0.002 0.250 £ 0.001 0.254 £ 0.004
0.300 & 0.035 0.250 £ 0.000 0.140 + 0.028
0.405 £ 0.008 0.403 £ 0.010 0.405% 0.008

‘ 0.020 £ 0.001  0.0268 % 0.001
PCA ‘ 0.395 + 0.008 0.391 £ 0.009 0.394 + 0.008

0.453 £ 0,001 0.282 & 0.001

0.1004 0.003 0.024 £ 0.003

Dummy Classifiers 0.116 & 0.001 0.100 + 0.001

Raw Inputs Mel Filterbank Features 0.508 & 0.001 0.401 = 0.001 0.247 £ 0.001 0.242 £ 0.001

0.504 £ 0.001  0.399 £ 0.001 0.211 £ 0.001 0.206 £ 0.001

Eigenanalysis - Mel Fbank

ICA 0.388 + 0.008 0.381 £ 0.009 0.385 + 0.008 | 0.499 +0.001  0.383 + 0.001 0.206 + 0.001 0.201 + 0.001

FC-AE 0.368 & 0.007 0.365 4+ 0.007 | 0.489 +0.001  0.376 + 0.001 0.182 + 0.001 0.179 £ 0.001

er from SimVowels - VAEs - Mel Fbank FC-VAE 0.367 + 0.007 0.363 + 0.008 | 0.482 % 0.001 59 + 0.001 0.163 + 0.001 0.158 £ 0.001
FC-B-VAE Mel Fbank (3 = 0.1) 0.372 £ 0.007 0.369 £ 0.008 0.489 £ 0.001 =+ 0.001 0.170 £ 0.001 0.166 £ 0.001

FC-AE 0.358 £ 0.008 0.361 + 0.008 | 0.484 %0001  0.360 + 0.001 0.184 + 0.001 0.180 £ 0.001

Transfer from TIMIT - VAEs - Mel Fbank FC-VAE 0.360 £ 0.007 0.362 & 0.006 | 0.481 + 0.001 76 + 0.001 0.154 = 0.001 0.151 £ 0.001
FC-3-VAE Mel Fbank (8 = 0.1) 0.359 £ 0.008 0.362 £ 0,008 | 0.484+0.001  0.365 + 0.001 0.166 + 0.001 0.163 + 0.001

MDecAE + FD 0.369 & 0.019 0.365 + 0.023 0.366 & 0.019 | 0540 + 0.001  0.458 & 0.001 | 0.741 % 0.001 0.744 £ 0.001

MDecAE + EWT 0.373 & 0.017 0.371 4+ 0.016 | 0.541 + 0.001  0.458 + 0.001 | 0.712 + 0.001 0.713 £ 0.001

Transfer from SimVowels - Multivariate DecVAE - Mel Fbank - Z branch (Frame)

MDecVAE + FD 0.357 4 0.018
o ;

0.353 £ 0.017 | 0.536 +0.001  0.451 % 0.001 0.737 & 0.001 0.741 £ 0.001
MDecVAE + EWT 0.357 & 0.021 0.537 & 0.001 0.453 4 0.001 | 0.766 + 0.001  0.768 + 0.001

B-MDecVAE + FD(8 = 0.1) 0.3 0.332 £ 0.022 0.351 0,026 | 0.533 +£0.001 0447 + 0.001 0.737 £ 0.001 0.740 £ 0.001
B-MDecVAE + EWT (5= 0.1) | 0.360 % 0.016 0.357 £ 0.017 0.357 £ 0.015 | 0533 +0.001 0443 + 0.001 | 0.766 + 0.001  0.714 + 0.001

MDecAE + FD 0.361 & 0.016 0.35 0.357 4 0.016 | 0.534 % 0.001 0.447 4 0.001 0.727 & 0.002 0.731 £ 0.002
MDecAE + EWT 0.358 + 0.016 0. 0.354 £ 0.017 | 0534+ 0.001 0444 + 0.001 0.684 £ 0.001 0.688 £ 0.001
MDecVAE + FD 0.365 & 0.020 0.361 £ 0.023 0.354 & 0.017 0.446 = 0.001 0.718 + 0.001 0.722 + 0.001

Transfer from TIMIT - Multivariate DecVAE - Mel Fbank - Z branch (Frame)

MDecVAE + EWT 0.367 & 0.023
B-MDecVAE + FD(8 = 0.1) 0.365 + 0.020
B-MDecVAE + EWT (5 =0.1) | 0.341 % 0.014

0.366 & 0.023 0.444 & 0.001 0.715 & 0.001 0.718 £ 0.001
0.363 £ 0.019 | 0.528 +£0.001  0.437 % 0.001 0.677 £ 0.001 0.685 £ 0.001
0.338 £ 0.015 | 0.534 % 0.001 0.436 & 0.001 0.672 & 0.001 0.678 £ 0.001

MDecAE + FD 0.460 + 0.020 0.459 £ 0.026 0.459 + 0.019 NA 0.300 £ 0.011 0.296 + 0.012

MDecAE + EWT 0.459 + 0.024 0.461 + 0.024 0.457 + 0.024 NA 0.321 £+ 0.015 0.318 £ 0.015

— SimVowels T S (Semonen MDecVAE + FD 0.440 % 0.021 0.439 £ 0.019 NA 022440026 0.222 + 0.027

Transfer from SimVowels - Multivariate DecVAE - Mel Fbank - S branch (Sequence) MDecVAE + EWT 0.420 + 0.033 0414 + 0.033 NA 0.210 + 0.015 0.204 + 0.015

ecVAE + FD(8 = 0.1) 0.436 + 0.018 0.436 + 0.017 NA 0.228 + 0.026 0.223 £ 0.027

B-MDecVAE + EWT (3 = 0.1) 0.448 + 0.021 0.447 + 0.022 NA 0.230 + 0.009 0.222 £ 0.010

MDecAE + FD 0.462 + 0.029 0.462 + 0.027 NA NA 0.308 + 0.010 0.305 £ 0.010

MDecAE + EWT 0.419 + 0.015 0.417 £ 0.015 NA NA 0.206 + 0.008 0.203 £ 0.019

MDecVAE + FD 0.429 + 0.024 0.430 + 0.023 NA NA 0.208 + 0.018 0.206 £ 0.019

E y P N PR AR o R . MDecVAE + EWT 0.411 + 0.025 0.411 + 0.024 NA NA 0.164 £ 0.007 0.158 £ 0.001
Transfer from TIMIT - Multivariate DecVAE - Mel Fbank - S branch (Sequence) S-MDecVAE + FD(3 < 0.1) 0396 £ 0017 0396 1 0016 A NA 0290 £ 0016

B-MDecVAE + EWT (3 1) 0.366 + 0.021 0.365 4+ 0.021 NA NA 0.156 + 0.012 0.148 + 0.012
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Supplementary Figure 2: Decomposition VAE architecture for a single latent variable Z. The decomposition model
DS yields a decomposed input space X” of C' components and the original signal. DS also yields a mask for using specific
frames of the input to calculate losses. Mel filterbank features are and fed into a Wav2Vec2 encoder [23]. Wav2vec2
features are projected in an intermediate space H where the Lyecon and Lortho parts of the DELBO are calculated. A
further projection from single-layered linear latent projectors yields the subspaces Z,. The approximation loss is calculated
on the subspaces followed by an aggregation function g(-) that leads to the disentangled latent space Z.
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Supplementary Figure 3: Multiple branches directed factor graph of the generative and inference models in vari-
ational decomposition autoencoding with multiple latent variables. (i) The generative model that accounts for multiple
subspaces zgk’m), ...,zé’m and t5m>, ...,t(cm) in two different time scales. The long-term variable ¢ has no variation inside
the m-th sequence and influences fast-varying variables z*™ that change within a time-frame K™. (i) Inference model
that consists of two separate models ¢, and ¢ that perform inference on the frame and sequence level variables.
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Supplementary Figure 4: Decomposition as a generative and recognition-front-end model, and simulated vowels
frequency analysis and comparison with real data from TIMIT [20]. (a): generative process of five simulated vowels and
their formants, for a single speaker time domain. (b): generative process of five vowels in the mel filterbank domain, for all
speakers. Speakers are modeled through a vocal tract factor, a value ranging in [0.7,1.3] that divides the F'0 to simulate
different speakers. (c): recognition front-end DS for different methods [14, 13| [15]in the time (left) and frequency domains
(right), at the frame (25ms) level. (d): recognition front-end DS at the sequence level (4s). (e,f): Median formant scatter
plot for the SimVowels and TIMIT [20] datasets, as detected by the filter decomposition (FD). FD can detect the vowels’
formants succesfully (w.r.t. the ground truth (in green)), and the detected simulated vowels are also close to the real
vowels from TIMIT [20]. (g): phoneme /I/, scattered detected formants per sample with FD; distributions of real and
simulated data have similar properties. (h): violin plots of formant distributions for four vowels, SimVowels and TIMIT
[20] datasets.
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subspaces learned by DecVAE on the complete development set.
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Supplementary Figure 16: Comparison of DecVAEs (3 = 0) and supporting methods [25] [0, 0] [7] in categorical
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(FD,EWTI15],VMDI[14],EMDJI3]) and VAEs [25] 6] in the latent response and interpretability analysis of SimVowels.
Speaker values are kept fixed (x-axis) while vowel values are left free to vary (y-axis). We collect responses for each
traversal of the vowel variable across all speakers, for the four most variant dimensions (first four columns) and the two
less variant dimensions (last two columns). DecVAEs have four latent subspaces Z with number of components C' = 3,

whereas VAEs have a single latent space Z.
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Supplementary Figure 19: Comparison of DecVAEs (8 = 1) using EWT[I5] and VAEs [25] [6] in the latent response
and interpretability analysis of TIMIT [20]. (a) Phoneme values are kept fixed (x-axis) while speaker values are left free
to vary (y-axis). (b) Speaker values are kept fixed (x-axis) while phoneme values are left free to vary (y-axis). We collect
responses for each traversal, for the four most variant dimensions (first four columns) and the two less variant dimensions

(last two columns).
single latent space Z.
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Supplementary Figure 20: Comparison of DecVAEs (8 = 0.1) using EWT[I5] and 5-VAE [25], [6] in the zero-shot
latent response and interpretability analysis of VOC-ALS [21], with models transferred from SimVowels (a,b) and TIMIT
[20] (c.d). (a,b,c,d-left column): King”s clinical stage values are kept fixed (x-axis) while phoneme values are left free to
vary (y-axis) for SimVowels transfer zero-shot evaluation. (a,b,c,d-right column): Phoneme values are kept fixed (x-axis)
while King"s clinical stage values are left free to vary (y-axis). We collect responses for each traversal, for the four most
variant dimensions (first four columns) and the two less variant dimensions (last two columns). DecVAEs have five latent
subspaces Z with number of components C' = 4, whereas VAEs have a single latent space Z.
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Supplementary Figure 21: Comparison of DecVAEs (8 = 1) using EWT[15] and $-VAE [25] [6] in the latent
response and interpretability analysis of IEMOCAP [22], with models transferred from TIMIT [20], for the most informative
(highest variance) latent dimension. Latent subspaces 7 and B-VAE"s Z are displayed in columns, whereas each row
denotes a single emotion. By fixing the emotion and freeing the phoneme and speaker variables in the x,y axes, we traverse
the learned spaces and obtain the models latent response which we plot as a contour. DecVAEs have five latent subspaces

Z with number of components C' = 4, whereas 3-VAE have a single latent space Z.

43



1o

g0 gos
o7 200 || Postive B g’o . e Positve B
& g | 1 Bos Ex0 [\ “lo
Bos g oo 208 o \
Soa 860 Negative B Soa groo | Negaiive
%0, 5., = 2o L =
8oz 8o \
20 20 5., so |\
00 00 00 00
0 10 20 % 40 S s 70 8 % 100 10 120 0 1020 30 40 50 60 70 80 50 100 110 120
Epoch Epoch
so o 10000 o -
s NZNP! o %00 \| 120 . 0 \
g 8 o P —_— 8soo
&5 L [r— < 7000 5 8 ool =—— < 5
S0 == B 0o ™ 3| 94 s os0 e 000l =< 84
Bes GRIRCECRUR H e e 2 % . T £ o e e 2
220 £ 000 10 g g 0
g g 20 £ g 20
§w £ 3000 <40 §Au D000 b1}
o10 %, B 2000 o 5
05 i & oo 20 4\ . Ewo
00 00 = 00 i 00 e Do Mo
0 10 20 3 40 5 6 70 8 9 100 10 120 0 1020 3 40 50 60 70 80 50 100 110 120 0 10 20 % 40 s 6 70 80 % 100 10 120 0 1020 30 40 50 6070 8 % 100 110 120
c Epoch Epoch d - -
10.0
1.0
9.0 10
09 E
Ny fomg N M RY, b Positive Divergences 80 ; oso 2 Input Type
Sos AN A A R VR B R ~ Dual Latent - S 2 080 < waveform
S AR YAt Y < Dual Latent - Z 8 70 < mel
207 = - Single Latent - S 1 g o T e
é) s = Single Latent - Z .5 6.0 3 S Condition
= Negative Divergences B 50 = Z-branch
2os - Dual Latent - § g + S-branch
S ~gua|lL?_tetnt»tZS £ 40
204 - Single Latent -
@ ~ Single Latent - Z 8 B Value
& 3.0
503 ] -0
g B Values o 20 -1
3 0.2 - ¢ . 5
0.1 1.0
0.0 0.0
0 10 20 30 40 50 60 70 80 90 100 110 120
Epoch
e f
1.0
809 042
040
308
go7 o B Values
0Do.6
[ =3
Qo5 EEN Method
£ S - EMD
5o IR
»n -
£03 o T iz s i s 0.3 -FD
g g
£0.2 20.2
] ]
=01 B
0.0 0.0
0O 10 20 30 40 50 60 70 80 90 100 110 120 0O 10 20 30 40 50 60 70 80 90 100 110 120
pocl Epoch

Supplementary Figure 22: Pre-training phase ablations on SimVowels: 3, latent branch, input type and decom-
position type. (a): frame-level 3 ablation for positive and negative divergences (upper left), cross-entropies (upper right),
Lyeccon + Lortho (lower left), prior approximation loss Lyrior for various values of 3. (b): sentence-level 3 ablation. (c):
comparison of divergences for frame and segment variables, for the dual and single branch cases. (d): Lortho + Lrecon
for input type ablation, raw waveform or mel filterbank. (e,f): negative (e) and positive (f) divergences for four different
decomposition methods, 5 = 0.
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Supplementary Figure 25: Post-training frame percentage in loss ablation on evaluation metrics, SimVowels dataset,
for different 8 values and latent branch. (a): disentanglement [I8], (b): completeness [18], (c): informativeness[18], (d):
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