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DARTS-ASR: Differentiable Architecture Search for
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Table 1: Monolingual ASR with different CNNs

Motivation & Background

Several transformations are mvolved in each edge operation o; ;

In previous works, only parameter weights i1 =~ = e R (CER, %)
of automatic speech recognition (ASR) I o CNN Module
. . . , oncat Language VGG- | VGG- DARTS-ASR
models are optimized under fixed-topology /§“m’£‘a“°?\ Small | Large [ Full | Only Conv3x3
I I N\ Vietnamese || 46.0 48.3 | 40.9 45.7
arChIteCture. Howeve r:’ the deSIgn Of 01.4(Ha,) oy, (Hj) oy (Hy) \ '\ Swahili 39.6 38.3 | 35.9 36.8
successful model architecture has always - Tamil || 579 | 60.1 | 48.0 51.6
: : : . iohted S . ' N Kurmanji 572 | 56.8 | 55.5 56.5
relied on human experience and intuition. Weighted Summation using o ; )

Automatic neural architecture search (NAS)
for ASR, aiming to optimize not only
parameter weights but also the design of

architecture itself, is intriguing and valuable.

We propose an ASR approach with efficient

gradient-based architecture search,

DARTS-ASR. To examine the generalizability,

we apply DARTS-ASR not only on many

languages, but also on a multilingual transfer

learning setting.
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The search space is a directed acyclic graph
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consisting of K nodes {no, s, nK}, where n, is

the input feature X and other nodes represent
H, . (Here X'is a segment
of acoustic features such as Mel filterbanks and

latent features Hp, -

H. have the shape like CNN features.)

For each node n, there are i directed input

edges, where each edge transforms Hj with
some operation 8,

*Pretraining lang.:

Bengali, Tagalog, Zulu

Table 2: Multilingual ASR with different
finetuning approaches (CER, %)

Fine-tuning of DARTS-ASR

Language

Vietnamese

Adapt
only param.

40.9

Adapt
arch.+param.

40.9

Adapt pruned
arch.+param.

41.1

Swahili

33.2

32.3

333

Tamil

46.4

45.9

47.5

Kurmanji

Language

Vietnamese

53.6

333

(CER, %)

CNN Module

53.2

Table 3: Multilingual ASR with different CNNs

VGG-Small
45.3

VGG-Large
43.2

DARTS-ASR
40.9

Swahili

36.3

36.1

32.3

Tamil
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55.0

45.9

Kurmanji

54.5

331

53.5

Hi = X< gi,;(Hj),
Found architectures for different languages
(multi):

xp(af .
)]

where g; j(H;) =
2if'eF eXP(a{,j)

—— VGG-Small Viethamese Zf‘EF

—— VGG-Small Swahili

—— VGG-Small Tamil

—— VGG-Small Kurmaniji
DARTS-ASR Vietnamese
DARTS-ASR Swalhili
DARTS-ASR Tamil
DARTS-ASR Kurmanji

conv_5x5
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dil_conv_5x5 D

The transformation candidates we used were
{3x3 conv, 5x5 conv, 3x3 dilated conv, 5x5
dilated conv, 3x3 average pool, 3x3 max pool,
skip connection}.

Variables a.. |s jointly trained with parameter
weights dlrectly by gradient descent. if they are %/*"
sparse, equation (2) can be regarded as the i
selection of transformations used to connect S s
node n. and n, SO it can be considered as . .

(Swahili, Tamil)
controllmg the architecture.

conv_5x5

conv_5x5

dil_conv_5x5

n_3 > n_4

Valid loss

(Vietnamese, Kurmanii)
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