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4. Experiments & Results

3. Bayesian Transformer LM

1. Introduction

Motivation Variational | . for B - . M Experiments on Conversational Telephone Speech
« State-of-the-art neural language models (LMs) represented by ) ait)awlgrnl?oufl?ir;;l:g r(())ly.(in?eiies:la:f HI;Z?SiI?aIiTﬂzlihoos(.i' * Datasets: 300 hour Switchboard for acoustic modelling; 34M words of Switchboard+Fisher
Transformers are highly complex PP S ' transcriptions for language modelling; 30k vocabulary lexicon.
» Fixed parameter estimates fail to account for model uncertainty log P(D) = log j P(D|©)p,.(0)d6 * Acoustic model: TDNN-F based hybrid model featuring speech perturbation, 1-Vector, LHUC
 Prone to over-fitting when given limited training data speaker adaptation and (LF-MMI) sequence training
Our work: > YN _log [P(W"0)q(0)dO — KL(q(®)]||p,(0)) =L o . Bayesian PPL eval2000 102 103
* Propose a full Bayesian learning framework to account for model Block  Position | (swbd) | swbd callm | swbdl swbd2 swbd3 | fsh  swhd
uncertainty 1n Transtormer LM estimation G ~ ) U ~ ) ] 4gram Not Applied - 9.1 18.0 11.5 15.3 20.0 12.6 19.5
. . : : 2 Transformer(+4g) Not Applied 41.50 1.9 15.7 9.5 12.8 17.4 10.4 173
* Adopt efficient variational inference based approach to estimate the r I
. ey 1 2 3 EMB | 4101 | 7.7 15.6 9.5 126  17.17 | 102 17.17
latent parameter posterior distribution * D represents the whole training set for model development | 1 MHA | 4095 | 77 155 | 95 1257 171" | 102 17.0
* Detailed analysis on the effect of applying Bayesian estimation on . (@) denotes the variational approximation of parameter 5 1 FF 4065 | 7.7 1547 | 94 126" 17.0f | 1027 17.0
- 6 P ™ FF 11 | 77 156 9.5 126 172 | 103 17.1
. different parts of Transformer LM y posterior distribution p(©|D) - | Bayes Transformer(+4g) | - popielll IR . S e | e s
* p,.(0) denotes the prior distribution of ® 8 -4 FF 4754 | 80  16.0 9.9 13.0  17.6 | 10.7  17.5
2 Transformer LMs . : : 9 1-5 FF 5419 | 83 162 | 102 135 180 | 1L.1  18.0
e Nl * (©) ond , (0) assumed to be diagonal Gaussian f A A
T | q(0)~N(O; b, 9')' ~ br (@f -, 0y) ¥ : EMB | 4003 | 77 155 | 94 1261 17.17 | 1007 17.07
------------------------------------------ } = * Allowing KL term to be in a differentiable close form 12 | +Transformer(+4g) 1 MHA | 3970 | 7.6 154t | 93 125t 17.01 | 100" 16.97
= \ LayerNorm | A * Monte Carlo sampling used to approximate the marginal 13 ! FF 3942 | 76" 1527 | 93 1257 17.07 | 1017 1697
yo \; : likelithood L:  Proposed Bayesian Transformer LMs (line 11-13) outperform the baseline Transformer LM(line 2)
/\ | 1 Ok in terms of both PPL and WER by statistically significant margin from 0.3% to 0.5% absolutely
5 sampling - L =~ —KL(q(©)|[p,(0)) +_Z log P(W|0©,) e Applvine Bavesi timati the feed f d (FF) module outpert no Bavesi
Do or oF Feed-Forward K4 pplying Bayesian estimation on the feed forward (FF) module outperforms using Bayesian
“““ ¥ ' T  With re-parameterization used when sampling 0O, estimation on multi-head self-attention (MHA) or embedding (EMB) layer
‘ LayerNorm Transformer O, =u+e¢ 0o, €, ~N(0,1) * Compared with applying Bayesian estimation to multiple Transtformer blocks (line 6-10), adopting
M’A‘ . GF‘ T » Estimation of variaitional distribution parameters y, o Bayesian estimation on the lowest Transformer block (line 5) produced the best PPL. and WER
. i 5 integrated with SGD based back propagation 45|~ Transformer (without Dropou)
E i >Esamp|ing A A Multi-head i Bayes Transformer g K p p g % : ;r:;es:?arrr:w_le_:r;(nv;l:;rzgpout) / lD LM.\ Adilpl l)l)L WhR((%)
o PegD) o e - Self-attention / T 0L 1 0Ly U — Uy £ I 4gram X 17.07 30.67
: | — = — ' = 43,
e ]. Embedding Layer O UL: K O UL: 0'-2 g 2 ST r X 21.83 30.65
I H k=I]€ g | i \/ 3 R i fine-tuning 4.56 30.25
2 2 Bl S
. — g4 4 " — 9.88 |  30.49
* Decoder component of Transtormer architecture was adopted tfor LM G_L _ l 0Ly 0f — 0oy, < | Bayes Transformer(+4g) b'iyc:-‘ adapt | 13.99 | 29.88"
 Stacking of multi-head self-attention modules: do; K £ do; 07 T e Forward Module Dimension
qi ki, v = Qx; ' Kxy ™t Vg™t * Performance improvements consistently obtained on a cross domain LM adaptation task requiring
_ « Imblementation details orting a Transformer rained on the Switchboard and Fisher data to a low-resource
h! h%—l kl‘U%- p porting a T f LMt d the Switchboard and Fisher datato al
y. = W SelfAtten tion( hl ql) 4 yl-1 * Applying Bayesian estimation on part of the model parameters \ DementiaBank elderly speech corpus. /
th - La}i;erNorm () Pt t * Parameters obtained from standard Transformer LM 1s used as
t — t . S : :
htl hed k | , 4 osit foreine lof * Only use the mean of the Bayesian parameters 1n evaluation
t s.tores CACliCd REy-vallue palls up to word position i, entorcing lelt * The proposed Bayesian learning framework can improve the performance and robustness of
to right attention modelling over history contex.ts only P(Welwq,..w_q) = f P(w¢lwy,..w;_1,0)p(O]D)d6 Transformer LMs in both model training and adaptation.
* Feed forward blOCkSl follov&;mg each selzlfzattentllon module:  The parameters associated with the higher Transtormer blocks are expected to be more
s¢ = W3GELU (let) T Z; \_ ~ P(We|wy, .. Wi1, Omean) W deterministic than those experienced in the lower
xt = LayerNorm(s;) . : g
» For simplicity, the bias vectors are omitted in the above equations  This research 1s supported by Hong Kong RGC GRF grant No. 14200218, 14200220, Theme-based Research Scheme T45-407/19N, Innovation & Technology Fund grant No. I'TS/254/19,
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