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o \}i L) TE I *& d) a:l:l.] q import tensorflow.keras.layers as tf |1 mport torch )
= 7k %& Albs
ﬁ I_] % d) % 42} self.convl = tf.Conv2D( 40y selfvar0 = torch.nn.Conv2d(
b # ﬁ- = filters=32, in_channels=32,

kernel_size=3 : out_channels=32

Z% (ABC) | o

padding=(0, 0))

515' selfvar5 = torch.nn.Linear(64 , 10)
55 self.deconvl = tf.Conv2DTranspose([*{52lselfvar6 = torch.nn.Linear(10, 1568)
filters=64, 53; SN
% I E /71-1_\_ ~ kernel_size=3 57:self.var8 = lambda t: t.permute(0, 3, 1, 2)
;E ! strides=2) 58 selfvar9 = torch.nn. CoanransposeZd(
%l#&d)Jl/\E %&Z_ % 56 ID p in_channels=32
63 selfrelu6 = tf.ReLU() | out_channels=64
A C j kernel_size=(3, 3)
) stride‘=(i‘ 2)
: L padding=(0, 0))
' 59....

62i[selfvar13 = torch.nn.ReLU()

\_ '

\\ Fig. 1: An example of how SOAR refactors a program written
}I('j' ' ) LJ\ a % )( / / I\ 75 with TensorFlow (left) to using PyTorch (right). Note that the whole
program consists of 15 APIs calls to TensorFlow, though we only

7k show four blocks of them (i.e., A, B, C and D) for brevity. SOAR
;FE #& C can migrate the full program in 161 seconds.

TensorFlow = PyTorch
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Refactored API Call

torch.nn.Linear(in_features=1

{ torch.to_dense(#0) A
out_features =-1)

self.densel = tf.Dense(10) ’

AssertionError: “out_features”
must be a positive number.

torch.nn.Linear: #1>0

y = self.densel forward(x) ‘Eorch.nn.Linear(#O, #1, #2, #3) |

assert_close(y, expected_y)

Python
Interpreter

API Matching
Model

Program
Synthesis

Source
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Understanding

Program

Fig. 2: Overview of SOAR’s architecture.
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self.densel = torch.nn.Linear(
in_features=64,
out_features=10)
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[25] G. Salton and C. Buckley, “Term-weighting approaches in automatic text retrieval,” Information processing & management, vol. 24, no. 5, pp. 513-523, 1988.
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tf.keras.layers.Conv2D
(filters=32, kernel_size=3,strides=(2, 2))
N
torch.nn.
Conv2d (#1,#2,(#3,#4),stride=(#5,#6),padding=(#7,#8))
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[ )
Ste p 1 [ torch.nn.Conv2d(-2,40,(3,3),stride=(1,1),padding=(0,0)) ]

|: ’f_L 7FE% j LJ\ 0) ?Hﬂ ||:|:l| lCompiIe program and generate error message

[ Trying to create tensor with negative dimension -2: [40, -2, 3, 3] ] <«

l Step 1. Collect candidate faulty parameters and fault causes

POS =NN POS=1J Target Param
| \ [
o Ste p 2 Trying to create tensor with negative dimension -2: [40, -2, 3, 3]
Hyponym 1

E I o —
- 'I ; 71:& ) ? 0) / \ ; lStep 2. Match candidate faulty parameter with program parameters

)( ﬁ % | *& t %I %’l\] % ’;I:'f—_l-t Ein_channels:z’, 'out_channels=40', 'kernel_size=(3,3)',]

'stride=(1,1)', 'padding=(0,0)"]
E

l Step 3. Mutate program If fail

( self.var5 = torch.nn.Conv2d(1,40,(3,3),stride=(1,1),padding=(0,0)) | —

l If pass: generate SMT constraint

¢ Ste p 3 ( in_channels > 0 )

Fig. 5: Example error message to SMT constraint pipeline using

- @EEWE&HH& hyponym 1.
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* 80% D 7 A7 7 L TAPI
o NI = - TABLE II: E tion fti for the d learning lib
$§ If—_l_ 75\ }ﬁljj L/ 7L\_ migration taskxiiCZalcol?oflrt?lee 28rbenihmeaiis. e

SOAR  SOAR w/o Specs.  SOAR w/o Err. Msg.

conv_pool_softmax(4L) 1.60 23.02 14.35

img_classifier(8L) 12.82 336.00 65.66

- three_linear(3L) 3.18 2.34 21.07

° S O AR O) _— L O) 22\1)‘5 % embed_conv1d_linear(5L) 5.27 123.85 16.90
A S Hb word_autoencoder(3L) 1.81 1.46 2.64

gan_discriminator(8L) 12.80 timeout 252.20

7"\ 75\ 7"__ :I:E AN MM LB two_conv(4L) 16.69 timeout 15.09
ey D/, He img_autoencoder(1 1L) 160.97 391.09 48754
I alexnet(20L) 425.22 timeout 66.13
\ j( g < // % gan_generator(9L) 412.47 timeout timeout
jj lenet(13L) 280.91 timeout timeout

tutorial(10L) 6.04 timeout 58.29

conv_for_text(11L) 9.04 timeout 32.29

vggl1(28L) 40.83 timeout 132.67

vggl6(38L) 82.05 timeout 139.27

vggl9(44L) 83.99 timeout 189.90

densenet_mainl(5L) timeout timeout timeout

densenet_main2(3L) timeout timeout timeout

densenet_conv_block(6L) timeout timeout timeout

densenet_trans_block(3L) timeout timeout timeout
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3 — TABLE III: Execution time and average API ranking for each
75 L N ( t 75 ;I ) 75\ of the 20 benchmarks using TF-IDF and GloVe models.
SOAR w/ TF-IDF SOAR w/ Tfidf-GloVe
Time(s) Avg. Ranking Time(s) Avg. Ranking
conv_pool_softmax(4L) 1.60 1.0 1.56 1.0
\ N} D N — img_classifier(8L) 12.82 2.8 31.04 2.8
° API )( / Y l\ % 75\ ‘i (,3: ||:|| three_linear(3L) 3.18 8.0 7.70 8.0
embed_convl1d_linear(5L) 5.27 24 7.75 2.4

word_autoencoder(3L) 1.81 1.0 1.52 1.0

S .
[-/\ i)% /_'\ ‘i T F_ I D F A éj\ A gan_discriminator(8L) 12.80 3.5 37.01 2.8
— C C two_conv(4L) 16.69 10 1375 1.0
~ ~ img_autoencoder(11L) 160.97 1.9 166.34 1.9
% % & % Z_ b m’ % alexnet(20L) 425.22 2.0 428.42 2.0
gan_generator(9L) 412.47 2.1 1892.86 2.6

lenet(13L) 280.91 4.3 timeout 89.1
tutorial(10L) 6.04 24 21.31 2.4
conv_for_text(11L) 9.04 2.3 14.08 2.3
vggl1(28L) 40.83 1.8 73.92 1.8
vggl6(38L) 82.05 1.6 114.41 1.6
vggl19(44L) 83.99 1.5 114.98 15
densenet_mainl(5L) timeout 172.8 timeout 285.6
densenet_main2(3L) timeout 10.0 timeout 285.5
densenet_conv_block(6L) timeout 293.3 timeout 634.0
densenet_trans_block(3L) timeout 291.0 timeout 662.7
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Fig. 6: Execution time for each benchmark of the dplyr-to-
pandas task with a timeout of 3600 seconds.
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Fig. 7: Average ranking of the APIs for each of the 20 dplyr-
to-pandas benchmarks.
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