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Abstract

Rich sources of variability in natural speech present significant
challenges to current data intensive speech recognition tech-
nologies. To model both speaker and environment level diver-
sity, this paper proposes a novel Bayesian factorised speaker-
environment adaptive training and test time adaptation approach
for Conformer ASR models. Speaker and environment level
characteristics are separately modeled using compact hidden
output transforms, which are then linearly or hierarchically
combined to represent any speaker-environment combination.
Bayesian learning is further utilized to model the adaptation pa-
rameter uncertainty. Experiments on the 300-hr WHAM noise
corrupted Switchboard data suggest that factorised adaptation
consistently outperforms the baseline and speaker label only
adapted Conformers by up to 3.1% absolute (10.4% relative)
word error rate reductions. Further analysis shows the proposed
method offers potential for rapid adaption to unseen speaker-
environment conditions.

Index Terms: Speech recognition, Conformer, Factorised
adaptation, Bayesian learning

1. Introduction

The majority of end-to-end (E2E) automatic speech recogni-
tion (ASR) systems [1], including those based on state-of-the-
art Conformer models [2], are usually trained and evaluated on
found speech data collected from a wide range of real-world
scenarios. Such naturalistic speech data is generally highly non-
homogeneous. Rich sources of variability are brought by mul-
tiple acoustic factors [3], for example, speaker characteristics,
background noise and recording channel conditions. The re-
sulting high degree of speech heterogeneity presents significant
challenges to current data intensive speech recognition tech-
nologies in multiple stages. These include both the construc-
tion of speaker and environment independent ASR systems, and
their fine-grained adaptation to individual users’ voice recorded
in diverse acoustic environments.

Prior researches in this direction to date have been largely
spearheaded into two separate areas with their respective fo-
cuses on either speaker adaptation [4], or speech enhance-
ment and environment compensation only [5]. In the first
area, auxiliary speaker-aware features that are based on i-vector
[6-8], x-vector [8, 9], feature-space maximum likelihood lin-
ear regression (f-MLLR) [9, 10], or extracted from speaker-
aware modules [11-13] are incorporated into various ASR mod-
els. Model-based speaker adaptation methods estimate speaker-
dependent (SD) parameters, which are implemented as either
internal DNN components [14, 15], or additional parameters
such as learning hidden unit contributions (LHUC) [16-18],
using the target speaker data during speaker adaptive training

and test time adaptation [19, 20]. In the second area, single-
channel based environment compensation [21-25] or multi-
channel based speech enhancement front-ends [26-31] are sep-
arately constructed and optionally further integrated with the
recognition back-end. Back-end model adaptation methods that
aim to compensate for the modelling mismatch against the un-
seen target environment have also been studied [32,33].

A simple approach to handle the multifaceted data hetero-
geneity in natural speech is to separately model each user’s
voice recorded in diverse environments as different speakers.
However, this fails to account for the homogeneity over speaker-
level characteristics, leading to fragmentation of data and poor
generalization to unseen speaker-environment combinations.

An alternative and more general solution to such a prob-
lem is to structurally represent different factors of variability in
ASR systems [34-38]. For example, during the adaptive train-
ing stage [19, 39], speaker and environment characteristics are
“factored out” into their respective separately designed mod-
elling components (e.g., vector Taylor series [40], MLLR or
CMLLR [10,41], or LHUC [16] transforms), thus the back-
bone ASR model can focus more on learning speaker and envi-
ronment invariant speech representations and their mapping to
spoken contents. During the test time adaptation stage, these
sources of variabilities can be flexibly “factored in” to model
any seen or unseen speaker-environment combination. Prior
researches in this direction were mainly conducted for con-
ventional GMM-HMM [34-36,42,43] and hybrid DNN-HMM
[37,38] ASR systems. In contrast, existing researches on E2E
ASR systems represented by Conformer largely focus on mod-
elling only one source of variability, for example, speaker char-
acteristics [7,8,18,44], or environmental mismatch [31,45-47].

To this end, a novel factorised speaker-environment adap-
tive training approach is proposed in this paper to facilitate both
adaptive training and test time unsupervised adaptation of E2E
Conformer models. Speaker and environment level character-
istics are separately modelled using compact LHUC [16] or
hidden unit bias (HUB) [18, 48] transformations. These are
linearly or hierarchically combined to represent any speaker-
environment combination, observed in the training data or oth-
erwise. Bayesian estimation of the speaker or environment fac-
tor specific transforms is also utilized to mitigate the risk of
overfitting during test time unsupervised adaptation to the lim-
ited speaker or environment data. The acquired speaker and
environment homogeneity can be exploited for rapid adaptation
to the unseen speaker-environment combination. For example,
speaker specific transforms estimated in one environment can
be cached and reused in another environment. The main contri-
butions of the paper are summarized below:

1) To the best of our knowledge, this paper presents the
first work to investigate the model-based factorised adaptation
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Figure 1: Examples of Conformer E2E ASR models (grey box,
top), together with three model-based adaptation methods: a)
Conformer speaker adaptation using LHUC transforms; b) lin-
ear (superposition) factorised adaptation; and ¢) cascaded fac-
torised adaptation. Bayesian and deterministic estimations of
adaptation parameters are shown in the green box (bottom left).

for E2E Conformer models by structurally representing speaker
and environment factors of variability. In contrast, prior re-
searches on E2E ASR systems largely focus on modelling only
one source of variability [7,8,12,15,18,31,44-47].

2) The efficacy of the proposed Bayesian factorised adap-
tation approaches is consistently demonstrated on the 300-hr
WHAM noise corrupted Switchboard task. Experimental re-
sults suggest that our approach consistently outperforms the un-
adapted baseline and speaker label only adapted Conformer sys-
tems by up to 3.1%, 2.7% and 2.9% absolute (10.4%, 8.1%, and
8.2% relative) word error rate (WER) reductions on the noise
corrupted Hub5’00, RT02, and RTO3 test sets respectively, be-
fore and after external language model rescoring is applied.

3) Further analysis shows that the proposed method of-
fers the potential for rapid adaptation to the unseen speaker-
environment combination by flexibly “factoring in” the already
estimated speaker and environment specific transforms. Fur-
thermore, their generic nature and the implementation details
described in this paper allow their further application to handle
two or more sources of variability in other E2ZE ASR tasks.

2. Conformer E2E ASR System

The Conformer [2] ASR model consists of an encoder module
and a decoder module, which are both based on multi-blocked
stacked architectures. The encoder module comprises a convo-
lutional subsampling module, a linear layer with dropout op-
eration, and stacked encoder blocks. Layer normalization and
residual connections are performed on all encoder blocks. More
details of Conformer components can be found in [49]. Fig. 1
shows an example of Conformer E2E ASR system.

For training the Conformer model, the following multi-task
criterion interpolation between connectionist temporal classifi-
cation (CTC) and attention error cost is adopted [50].

L= (1=XLatt + ALcte, ey

where A € [0, 1] is a tunable hyper-parameter and empirically
set as 0.2 for training and 0.3 for recognition in this paper.

3. Conformer Speaker Adaptation

The key idea of LHUC adaptation [16,18] is to use the SD scal-
ing vector to modify the amplitudes of activation outputs. Let
7% denote the SD parameters for speaker s in the I-th hidden
layer, the speaker adapted hidden outputs can be given by

" =h' o g(r"?), @)

3343

where h'! is the hidden activation outputs in the I-th hidden
layer, ® is the Hadamard product operation, and £(-) is the
element-wise 2x Sigmoid(-) function.

Alternatively the SD transform that is added to the hidden
output as a bias vector [18,48] leads to the HUB adaptation. Let
¢(r"*) denote the bias vector for speaker s in the I-th hidden
layer. The speaker HUB adapted hidden outputs are given as

" =R+ (), 3)

where ((-) is the identity activation function.

LHUC and HUB can be further used for environment adap-
tation by learning an environment specific LHUC or HUB
transform, and a single joint speaker-environment transform to
model a particular combination of these two factors.

4. Factorised Conformer
Speaker-environment Adaptation
4.1. Linear Factorised Adaptation

Linear factorised adaptation (LFA) models the two acoustic fac-
tors using a linear interpolation between a speaker-dependent
(SD) transform and an environment-dependent (ED) transform,
as is shown in Fig. 1(b). Let n" denote the ED parameters for
environment e in the [-th hidden layer. The factorised adapted
hidden outputs for speaker s in environment e can be derived by

h'*f = bl © (BE(F") + (1 - BE(R"), @)

where 3 € [0, 1] is a hyper-parameter that balances the weight-
ing between the speaker and environment factors. For example,
B = 1and 8 = 0 lead to the LHUC speaker only adaptation
and environment only adaptation, respectively.

4.2. Cascaded Factorised Adaptation

In the cascaded factorised adaptation (CFA), the SD transform
and ED transform, which serve as either an LHUC scaling vec-
tor or a HUB bias vector, are cascaded into the Conformer hid-
den layers. This leads to the following four cases: 1) both trans-
forms are LHUC scaling vectors; 2) both transforms are HUB
bias vectors; 3) the SD transform is an LHUC scaling vector
while the ED transform is a HUB bias vector; and 4) the SD
transform is a HUB bias vector while the ED transform is an
LHUC scaling vector. For example, without loss of generality,
assuming that both transforms are applied at the same layer, the
above third case is shown in Fig. 1(c) and the factorised adapted
hidden outputs can be given by

RO =Rl O g(r?) + ((n"). 5)

4.3. Estimation of Factorised Adaptation Parameters

Let D*¢ = {X*°, Y *°} denote the data set for speaker s in
the environment e, where X °¢ and Y *°¢ are the acoustic fea-
tures and the corresponding supervision token sequences, re-
spectively. During unsupervised test time adaptation, the su-
pervision Y ®° of unseen test data need to be generated by
initially decoding the corresponding utterances using an un-
adapted baseline Conformer model, before serving as the tar-
get token labels in the subsequent adaptation. The SD and ED
parameters can be estimated by using the loss in Eqn. (1),
{#*,n°} = argmin{L(D**;r°, n®)},

{r"me}

6

where D% is the union of all speaker’s adaptation data in a
given environment e, U;cs D", and all enviro_nment’s adapta-
tion data associated with a speaker s, U;ce D*".



During adaptive training, the SD and ED parameters as-
sociated with the training data are jointly optimized with
the ”canonical” model parameters © that are independent of
speaker or environment characteristics. This is given as

{©,05,6p} = argmin Y > L(D**;©,0s,05), (1)
{©.65.08} scscece

where 0s = {r°}scs and @ = {n°}.ce are the SD and ED
parameter sets associated with training data, respectively.

4.4. Bayesian Learning of Factorised Adaptation

Bayesian learning [51] is adopted to model adaptation pa-
rameter uncertainty. Given limited adaptation data ﬁi‘e, the
Bayesian predictive distribution for a test utterance X *° is
[ p(Y>¢| X>¢, r°, n®)p(r®, n°|D>°)dr°dn®, where Y*°
is the predicted token sequence and p(r®, n®|D*¢) is the joint
posterior distribution of the SD and ED parameters learned
from the adaptation data. Using variational inference, a
variational distribution ¢(r°,n°) is used to approximate the
joint posterior distribution p(r®,n®|D*¢), and inferred by
optimizing the hybrid attention plus CTC loss marginaliza-
tion L(D%¢) = (A — 1)log [[ pa(r®,n|D>*)drdn® —
Alog [ pe(r®,m®|D>*)dr*dn® over the uncertain parame-
ters, 7°, n°. The variational bound is given by

£(D™) < / / a(r*, n){(

Aog pe(D*°|r®, n®) }dr®dn® + KL(qg(r*, n®)||p(r°*, n®))
L Lint (D> r°,n®) + Lk1, (8

where p, and p. are the attention and CTC based sequence
probabilities respectively, p(r*, n®) is the joint prior distribu-
tion of the SD and ED parameters. KL(-) is the KL divergence.
Since the SD and ED latent variables {r°, n°} are independent
of each other, the joint variational and prior distributions can be
modeled independently. The structured variational distributions
{q(r®) = N(p7,07),q9(n) = N(pn,o7)} and the prior
distributions {p(r®) = N'(fir, ), p(n®) = N (ftn, 5,)} are
assumed to be standard normal distributions. Then the KL di-
vergence term L1, can be computed as closed form [18]. To
ensure that the loss Ly is differentiable, the Monte Carlo sam-
pling method is used to approximate it, which is given by

1 K
k=1

where 7, = p; + o, © €, ny, = p;, + oy, O €;, €, and
€7 are the k-th sample drawn from standard normal distribu-
tions. In this paper, A'(0, 1) and A(0,0.001) are empirically
selected as the priors for LHUC and HUB parameters respec-
tively. The location of speaker and environment transforms
is empirically selected and fixed at the convolution subsam-
pling module. During adaptation, only one sample is drawn
in Eqn. (9). The Bayesian predictive inference integral is effi-
ciently approximated by the expectation of the posterior distri-
bution as p(Y *¢ '€, uy, py ) during recognition.

A —1)log pa(D¥“|r*, n%)~

Ebayes ~ ,ng’e§ ”'27 nZ) + ﬁKL, (9)

5. Experiments
5.1. Experimental Setup

The widely used 300-hr Switchboard-1 conversational tele-
phone corpus (LDC97S562) [53] containing 4804 speakers is
utilized for training. The NIST 3.8-hr Hub5’00 (LDC2002S09,
LDC2002T43), 6.4-hr RT02 (LDC2004S11), and 6.2-hr RT03
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Flgure 2: Noisy data simulation: a) Original Swztchboara’
clean data, b) Non-augmented noise simulation, and c) Aug-
mented noise simulation of Sec. 5.1. d) Noise types in WHAM.

(LDC2007S10) test sets containing 80, 120, and 144 speakers
respectively are adopted for performance evaluation. The pub-
licly available noise WHAM database [54] which is recorded in
non-stationary ambient environments such as restaurants, cof-
fee shops, bars, parks, and office buildings is used as the noise
source. Two protocols to simulate noise corrupted data are:
1) Non-augmented noise simulation whereby each utterance
is randomly exposed to one of multiple environments with a
uniform distribution, as is shown in Fig. 2(b). 2) Augmented
noise simulation whereby each utterance is exposed to all dif-
ferent environments independently, as is shown in Fig. 2(c).
For the noise corrupted training data, the 300-hr Switchboard-1
data is mixed with ten types of noise at signal-to-noise ratios
(SNR) uniformly sampled from {—5,0,5,10,20}dB by the
non-augmented simulation. For the noise corrupted evaluation
sets, the test data is mixed with ten types of noise at SNRs uni-
formly sampled from {—15, —10,—5,0,5,10,20}dB. Three
additive noise types used for the evaluation sets are also used
in the training data simulation. Non-augmented noise simula-
tion is applied to all three NIST Hub5’00, RT02 and RTO03 sets
for the first experiment presented in Table 1. To further analyse
the improvements from Bayesian factorised adaptation, the ex-
periments in Table 2 used 38-hr noise corrupted data derived by
applying augmented noise simulation to the Hub5’00 set.

The ESPnet recipe [2] configured Conformer model com-
prised 12 encoder and 6 decoder layers, each with 256-dim 4-
head attention and 2048 feed-forward hidden nodes. 80-dim
Mel-filter bank plus 3-dim pitch parameters were used as in-
put features, with byte-pair-encoding (BPE) tokens of size 2000
serving as decoder outputs. Two 2-D convolutional layers with
stride 2 were included in the convolution subsampling module.
SpecAugment [55] was used for Conformer training. The ini-
tial learning rate of the Noam optimizer was 5.0. The dropout
rate was set to 0.1, and the recognition model was averaged
over the last ten epochs. The log-linearly interpolated exter-
nal Transformer and Bi-LSTM language models (LMs), which
were trained on the Switchboard and Fisher transcripts using
cross-utterance contexts [56], were used for LM rescoring.

5.2. Experimental Results and Analysis

Performance of Bayesian factorised adaptation evaluated on
the non-augmented noise corrupted test sets are shown in Table
1. Several trends can be observed. a) Both the proposed linear
factorised adaptation (LFA) (sys.8-11) and cascaded factorised
adaptation (CFA) (sys.12-15) consistently outperformed the un-
adapted baseline (sys.1) and the adapted baselines (sys.2-4)
considering only speaker or environment variability across all
three test sets. The best operating point for LFA is 8 = 0.7
(sys.10), while the best adaptation configuration of CFA is the
“HUB-HUB” combination (sys.13). b) When Bayesian learn-
ing was further used to model LHUC and HUB parameters un-
certainty, additional WER reductions of up to 0.8% absolute
(Hub5°00, sys.18 vs. sys.10) were consistently obtained us-
ing Bayesian factorised adaptations (sys.18,19) over that of the



Table 1: Performance (WER%) of adapted Conformer systems with/without Bayesian learning evaluated on the noise corrupted, non-
augmented Hub5’00, RT02 and RTO3 sets, before and after external Transformer plus LSTM LM rescoring. “CHE”, “SWBD”, “FSH”
and “0.V.” stand for “CallHome”, “Switchboard”, “Fisher” and “Overall” respectively. T and * denote a statistically significant
(MAPSSWE, a=0.05) WER difference [52] obtained over the baseline (sys. 1, 20) and the speaker adapted systems (sys. 3, 16, 21)

respectively. The SNR and noise type combinations that appear in the train set are defined as ”Seen

” data, otherwise ”Unseen” data.

D | Method Adaptation Adapt. | Language | Hub5°00 | RTO02 RT03 ALL
etho Speaker  Env. | Param. Model | CHE _SWBD __O.V. | SWBDI _SWBD2 _SWBD3 | FSH _SWBD __O.V. | Seen  Unseen
T | Baseline X X 364 30.6 282 318 387 333 388 36.1 | 229
2 LHUC X 35.07 29.67 27.17 33.87 37.97 31.97 385 3531 | 22,57
3 HUB x 35.2" 29.51 27.2 33.8 37.7" 322" 3827 353" | 2247
4 Single x LHUC 35.9" 29.91 27.2 34.21 38.5 3250 381f 3541 | 22.3
5 | Transform x HUB 36.1 301t | 27.6" 34.21 38.4 329" 381% 356" | 2247
6 Joint LHUC 36.3 30.5 28.1 34.6 38.7 333 307 366 | 23.0
7 Joint HUB 36.3 305 28.1 34.9 39.0 33.1 39.7 365
8 Linear LHUC (B=0.3) | Deter- x 34.6™ 2897 | 2627 33.57 36.87 3197 37677 3497
9 | Factorised | LHUC 0.5) | ministic 3451 28.8™ | 26.31 332t 369" 313 37.3M 34.4M
10 | Adaptation | LHUC (8 = 0.7) 3441 286 | 262 331 365™ 312t 372t 3431
11 (LFA) LHUC (8 = 0.9) 34.31 28.71 | 26.9' 331 368" 312 3760 3451
12 | Cascaded | LHUC LHUC 3157 2017 | 2657 333" 373" 3147 37.67 3467
13 | Factorised | HUB HUB 3371 2841 | 267 330 3621 3117 3677 340
14 | Adaptation | LTHUC  HUB 343" 28.7 | 26.87 334t 370" 309 37.3f 34020
15 (CFA) HUB  LHUC 33.8™ 28.5™ | 26.61" 33.61 37.0™ 3127 3757 344t
16 HUB x 34.47 28.87 27.07 33.37 37.17 31.37 34.67
Single 35.0f ot : 3.7t 381t ot "
17 Joint LHUC Bayesia X 35.0 29.7 28.1 33.7 38.1 32.2 35.4
18 [ LFA LHUC (8 =0.7) | Y esm 3311 2247 278" | 2597 28t 36l 3041 33.81
19 CFA HUB  HUB 3300 2260 27.8™ | 2617 3200 3571 30.6™ 3371
20 | Bascline X X 359 238 299 273 339 373 3
21 Single HUB x 3400 224" 282! 26.2 32.51 35.9"
22 ce Joint LHUC Bayesi 4 3450 235 200! 26.8 33.0 372
23 [ IFA__| LHUC(B=07) | OO 31600 218 268 | 2541 3167 3480
24 CFA HUB _ HUB 32,01 215" 268" | 249 315 340l

comparable non-Bayesian adapted systems (sys.10,13). ¢) Con-
sistent WER reductions were retained after external LM rescor-
ing. Overall statistically significant WER reductions of 3.1%,
2.7%, 2.9% absolute (10.4%, 8.1%, and 8.2% relative) were
obtained by the proposed Bayesian CFA (sys.24) over the base-
line Conformer (sys.20) on the noise corrupted Hub5’00, RT02
and RTO3 test sets respectively. d) Joint speaker-environment
adaptation (sys.6,7) using a single transform performed less
well due to the lack of factorization between speaker and en-
vironment, and fragmentation of adaptation data.

Table 2: Performance (WER%) of adapted Conformer sys-
tems evaluated on the 38-hr noise corrupted and augmented
Hub5’00 sets. T and * denote statistically significant WER dif-
ferences [52] (MAPSSWE, a=0.05) over the baselines (sys. 1,
20) and joint speaker-environment adaptation (sys. 7, 17, 22).

Adaptation Adapt. 38-hr Hub5°00
D ‘ Method ‘ Speaker Env. ‘ Param. SWBD | Seen  Unseen O.V.
T | Bascline X X - 241 20.3 307 304
2 LHUC x 24.0 2887  30.00  29.77
3 HUB x 23.4" 20.70 29.4"
4 Single x LHUC 23.8" 304" 301"
5 | Transform x HUB 23.8" 3030 29.9"
6 Joint LHUC 23.3" 29.5"  29.2f
7 Joint HUB 23.21 29.30  29.01
8 Deter- 288 286"
9 LFA ministic 22.4™ 2867 283"
10 2217 284" 281"
11 LHUC (8 = 0.9) 22.47* 28.5™ 2837
2 LHUC LHUC 23.07 2907 287"
13 HUB  HUB 2251 2841 2821
CFA N

14 LHUC  HUB 22.9"* 28.81 2851
15 HUB  LHUC 23.1" 28.81  28.6™
16 . HUB x 23.27 20.37 29,07
Single . i t 5t

17 Joint HUB e 22.8 28.9 28.6
. Bayes X e e e

18 LFA LHUC (8 = 0.7) 2191 28.0 27.71
19 CFA HUB HUB 22.31 28.011 278"
20 | Baseline X X - 23 30.1 29.7
21 Single HUB x 22.4 285" 284"
22 e Joint HUB Bayes v 21.8" 281 o277t
23 LFA LHUC (8 = 0.7) 21.0™ 27.01" 2677
24 CFA HUB  HUB 2111 | 26.01 269" 2677

Performance of Bayesian factorised adaptation evaluated on
the augmented noise corrupted Hub5’00 set (38-hr) are shown
in Table 2. The trends found in Table 1 were still retained. Over-
all absolute WER reductions of 3.0% and 1.0% were obtained
by the Bayesian CFA (sys.24) over the baseline (sys.20) and the
joint speaker-environment adapted (sys.22) systems.

Potential for rapid adaptation:In the experiments of Table 3
where either the speaker transforms are estimated using speaker
level data in mismatched environments (sys.5), or the environ-
ment transforms are learned using environment level data with
mismatched speakers (sys.6), or both being mismatched against
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the test data being adapted to (sys.7,8), factorised speaker-
environment adaptation consistently produced absolute WER
reductions of 1.1%-2.5% over the baseline un-adapted Con-
former (sys.1). In particular, the CFA factorised adaptation
with both speaker and environment mismatches produced per-
formance comparable to speaker only adaptation using the
matched environment (sys.7 vs. sys.2). These results sug-
gest that the proposed flexible factorization framework allows
the separately acquired speaker and environment homogeneity
by factorization to be exploited for rapid adaptation to unseen
speaker-environment combinations.

Table 3: Performance (WER%) of Bayesian factorised adapta-
tion using matched or mismatched transforms evaluated on the
3.8-hr subset of 38-hr noise corrupted Hub5’00 set. Five mis-

matched conditions are randomly selected for each utterance.
Hub5°00 (rmeanstd)

ID ‘ Method ‘ Speaker Transform | Env. Transform } CHE SWBD (OAA

1 Baseline - - 37.7 24.2 31.0

2 HUB Matched Env. - 35.9 23.4 29.7

3 (Spk. adapt) Mismatched Env. - 37.0+0.27 2431031 30.7+0.23
4 Matched Env. Matched Spk. 34.0 22.1 28.1

5 CFA Mismatched Env. Matched Spk. 3444022 2241025 2851015
6 (HUB-HUB) Matched Env. Mismatched Spk. | 34.94020 22.81015 28.9:0.19
7 Mismatched Env. | Mismatched Spk. | 35.840.23 23.41026 29.6+0.20
8 [LFA(B=0.7) [ Mi hed Env. | Mismatched Spk. | 36.340.26  23.61032  29.910.22

6. Conclusions

The paper proposed a novel Bayesian factorised speaker-
environment adaptive training and test time unsupervised adap-
tation approach for Conformer models. Compact transforma-
tions were used to model speaker and environment level charac-
teristics separately, which were linearly or hierarchically com-
bined to represent any seen or unseen speaker-environment
combination. Bayesian learning was further utilized to model
the adaptation parameter uncertainty. Experiments on the 300-
hour WHAM noise corrupted Switchboard corpus showed that
the proposed Bayesian factorised adaptation produced up to
3.1% absolute (10.4% relative) WER reductions over the un-
adapted baseline Conformer system.
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