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SVA HH=KE | ModelArts

HUAWEI

4

2. HFTransformer g =R

Jgﬁﬂﬂl‘cﬂﬂ’ﬂiﬁﬁd‘%ﬁ!@‘%, REMSHENESER. BIISINTERERRE, H—SRT
IHAIER

Vision Prediction

l | =|SHDVING | Probability
./.“ 4 l Backbone H POSiﬁQn ]_L' T i {_ - __— - ql Ground Truth
Attention i ( Linear &‘ ?offmax ] I Fusion : SHOWING
l
I

'.‘»‘,b |
e W I ) e I i
ned” 5 | Vison Model >

! |
e e e e ) Feature  _,
4 Bl D LI WL o o
Autonomous -~~~ Tterative'l !
_______________ 1 Feature SHOVING
l Fusion Prediction @1

Multi-Head Feed
Attention Forward [ Linear & Softmax ]

Pr‘obcbili‘ry‘L

Bidirectional Nx ,: —» Current time step
_ Language Model Language prediction i | Parallel time step
N & 5 S S e e 5 ¥ e e e S s § SR — Iterative 4 Blocking gredient flow
A ' ' >h, . 3 TR R
L j it HEEEHR. REKAESISEEE,
b d

Fang S, Xie H, Wang Y, et al. Read Like Humans: Autonomous, Bidirectional and Iterative Language Modeling for Scene Text Recognition[J]. CVPR2021. Oral.



N KE | ModelArts

S

HUAWEI

FEFTER

-feth 7Bl T CNNRI SO R BB, fif R 1 RNINSE B 7R 2% 1 i) @t

SRS B G BAESE RN, XAk E IERAES
RLHL 22 M oss R B, s um 21 um Yl 25 .

-FEBCA M BT OL N, ZTIAESVTHE SR LRl R FE ik 2] 1 83.9%



g'é 197 KE | ModelArts

HUAWEI




g@ 1< KE | ModelArts

HUAWEI

RS R

B u s <0
-
= S S A S S \
] | Decoder Block |
l__'________________________ S |
,’—‘----------------------- ----------:-----------------------------------‘\
[ - |
| D+ i
H A A A
i H s 1]
Encoder Block i : V.
x L i > Decoder Block
L, Scaled Dot-Product x M
[
e N ; I
| : : :
1
Rt e ]
]
! Encoder Block d i Attention M odule Language Module |
_________}___________ L & I e 0 ’
I(_____ e |
545 Conv ! Decoder Block i
l__'_ ________________________ e e e Fi

T T T T Embedding
Time Step <0> B u s

MU T RNNGE R, (A FIONNSRSE e 7EMRIS S o [
) TS B S A




g@ 197 KE | ModelArts

HUAWEI

RS R

la}rer name convl convz x conv3d x convd x convs_x
input size 32 x 100 16 x 50 8 x 25 8% 25 8 % 25
1x1,16 | [ 1x1,32 ] [ 1x1,64 | [ 1x1, 128
BN, ReLU BN, ReLU BN, ReLU BN, ReLU
) 3x3, 16 3x3, 32 3x3, 64 3x3, 128
block Sx%baﬁig{ﬁe 2 | BN,ReLU |xn; | BN,ReLU |xnz | BN,ReLU [xns | BN,ReLU |xny
’ 1x1, 64 1x1, 128 1x1, 256 1x1, 512
Shortcut Shortcut Shortcut Shortcut
| BN, ReLU | | BN, ReLU | | BN, ReLU | | BN, [ReLU] |
SmAL AR AR S
layer name embedding conv_x logit
dimension d d f
Conv1D,GLU,Shortcut,LN )
block  Embedding Attention, Shortcut, LN [xns ~ 0¢%
Softmax
Add
) 38 B LY
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SVT IIIT5K IC03 IC13 IC15
Type Method
50 None 50 1k None 50 Full None None None
Wang et al. [43] (ABBYY) 350 - 243 - - 560 550 - - -
Wang et al. [43] 57.0 - - - - 760 620 - - -
Mishra et al. [32] 73.2 - 64.1 575 - 81.8 67.8 - - -
Alsharif and Pineau [2] 74.3 - : : - 93.1 88.6 - - -
Almazén et al. [1] 89.2 - 912 821 - - - - - -
Yao et al. [47] 75.9 - 80.2 69.3 - 88.5 80.3 - - -

I Jaderberg et al. [26] 86.1 - - - - 9.2 915 - - -
Su and Lu [40] 83.0 - - - - 920 820 - - -
Gordo [14] 91.8 - 933 866 - - - - - -
Jaderberg et al. [25] (DICT) 95.4 807 97.1 927 - 987 986 931 908 -
Jaderberg et al. [24] 93.2 717 955 896 - 978 97.0 89.6 81.8 -
Shi et al. [38] 96.4 808 976 944 782 98.7 97.6 894 86.7 -
Shi et al. [39] 955 819 96.2 938 819 983 96.2 90.1 88.6 -
Lee and Osindero [29] 96.3 80.7 968 944 784 979 97.0 88.7 90.0 -

II  Ghosh et al. [13] 95.2 804 - - - 95.7 94.1 92.6 - -
Ghosh et al. [13] (without ELM) 91.7 751 - - - 934 910 893 - -
Cheng et al. [6] 95.7 822 989 96.8 83.7 985 96.7 915 894 633
Our method 96.6 839 975 948 820 985 97.8 919 90.7 64.1
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1. Model F4&: conv-ensemble-str/model/model.py

class Model(object):
def __init_ (self, params, mode):
self.encoder = EncoderResnet(params, mode)
self.decoder = DecoderConv(params, mode, self.charset.num_charset)
def _ call _(self, features, labels):
with tf.variable _scope(‘model'):
features, labels = self._preprocess(features, labels) # tf.logging.info('Preprocess data.')
encoder_output = self.encoder(features) # tf.logging.info('Create encoder.")
decoder_output = self.decoder(encoder_output, labels) # tf.logging.info('Create decoder.")
If self.mode == ModeKeys. TRAIN:
loss = self._compute_loss(decoder_output, labels)  # tf.logging.info(‘'Compute loss.")

¥ train_op = self._build_train_op(loss)
predictions = self. _create predictions(decoder_output, features, labels) tf.logging.info('Create predictions.')
\ reiurn rediEtions, loss, train_op

b
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2. Encoderiili43:  conv-ensemble-str/model/encoder_resnet.py

class EncoderResnet(object):
def _ call _(self, features):
# convl
with arg_scope([layers_lib.conv2d], activation_fn=None, normalizer_fn=None):
net = resnet_utils.conv2d_same(inputs, 16, 5, stride=2, scope='conv1’)
# resnet blocks
blocks =]
for i in range(len(self.encoder_params['block _name'])):
block = resnet_v2.resnet_v2_block(scope=self.encoder params['block name'][i],
base depth=self.encoder_params['base_depth‘][i], num_units=self.encoder_params['num_units'][i],
stride=self.encoder_params['stride'][i])
0, blocks.append(block)
- net, _L: resnet_v2.resnet_v2(net, blocks, is_training=(self.mode == ModeKeys.TRAIN),
¢ global_pool=False, output_stride=2, include_root_block=False, scope='resnet’)
: return nﬁt
|
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3. Decoder#43:  conv-ensemble-str/model/decoder_conv.py

class DecoderConv(object):
def __init_ (self, params, mode, num_charset):
self.params = params
self.params.update(DECODER_DEFUALT PARAM)
self.mode = mode
self.num_charset = num_charset
self.max_sequence_length = self.params['dataset']['max_sequence_length']

def _ call _(self, encoder_output, labels):

if self.mode == ModeKeys. TRAIN:

with tf.variable _scope("decoder"):
outputs = self.conv_decoder train(encoder_output, labels)
returnLoutputs

¥ clsey §
) o{tputj _y___=self.conv_decoder_infer(encoder_output)
return-Outputs  *
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4. Decoderif4y, BFUIESHEAL: conv-ensemble-str/model/decoder _conv.py

class ConvBlock(object):
def _ call _(self, encoder_output, input_embed):
# 1D convolution
for layer_idx in range(self.params['cnn_layers']):
with tf.variable _scope("conv" + str(layer_idx)):
# language module ......
# shortcut and layer norm ......
# attention module ......
# shortcut and layer norm ......
next_layer = language layer + attention_layer

o attentior) logit, scores = self.create_logit(attention_layer,...)
¥ return lal gudge_logit, attention_logit, scores

A

I

\"F language_logit, scores = self.create_logit(language_layer,...)
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5. ZF=TFCNNH¥languagetEdik: conv-ensemble-str/model/decoder_conv.py

language_layer = self.convld weightnorm(
inputs=language_layer,
out_dim=nout * 2,
kernel size=kernal_width,
padding="VALID",
output_collection=output_collection)

# to avoid using future information

language layer = language_layer[:, 0:-kernal_width + 1, :]

#add GLU
language_layer = self.gated linear units(language layer, output_collection)
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6. attentionf&Hk: conv-ensemble-str/model/decoder_conv.py

def attention_score(self, dec_rep, encoder_output):
N, H, W, C = encoder_output.get_shape().as_list()
N = N or tf.shape(dec_rep)[0]
M = dec_rep.get_shape().as_list()[1] or tf.shape(dec_rep)[1]
encoder_reshape = tf.reshape(encoder_output, [N, H* W, C]) # N*(H*W)*C
# N*M*C ** N*(H*W)*C --> N*M*(H*W)
att_score = tf.matmul(dec_rep, encoder_reshape, transpose_b=True) * tf.sqrt(1.0 / C)
att_score = tf.nn.softmax(att_score) # N*M*(H*W)
# N*M*(H*W) ** N*(H*W)*C --> N*M*C
att_out = tf.matmul(att_score, encoder_reshape)
att_score = tf.reshape(att_score, [N, M, H, W])

~ae— Teturn att_out, att_score
N
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