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Figure 2. Overview of SOAR's architecture

Results

- Our automatic test generation model creates 20 benchmarks for Tensorflow to PyTorch, and 20 benchmarks from R Dplyr to Python Pandas.

We run 5266 total evaluations.

- Mean run-time of 97.23+141.58 seconds, and a median of 14.76 seconds.

- On average, SOAR refactored an input of 13.6 + 12.14 lines of code to an output of 18.56 + 16.40 lines of code, through one-to-many

Error message constraint generation:

POS tag each error message word and begin
constraint generation model
1. Customize 4 POS tag patterns as hyponyms [5]

(e.g., NN IN JJ NN: tensor with negative dimension)

mapping.
SOAR  SOAR w/o Specs. SOAR w/o Err. Msg.
conv_pool_softmax(4L.) 1.60 23.02 14.35 : - TR
img_classifier(SL) 12.82 33600 65 66 Spe_cs. SMT constraint ge_nerated by specifications of
three_linear(3L) 318 2 34 >1.07 available API documer!tatlon. |
embed_convld_linear(5L) 5727 123 .85 16.90 Err. MSQZ SMT constraints generated by run-time
word__autoencoder(3L) 1.81 1.46 2.64 error messages.
gan_discriminator(8L) 12.80 timeout 252.20
two_conv(4L) 16.69 timeout 15.09
img_autoencoder(11L) 160.97 391.09 487.54
alexnet(20L) 425.22 timeout 66.13
gan_generator(9L) 412.47 timeout timeout
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
veggl16(38L) 82.05 timeout 139.27
vge19(44L) 83.99 timeout 189.90
Figure 4. Execution time for 16 benchmarks
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2. Use hyponym to find candidate faulty parameter
and Its constraint
3. Mutate program with changed parameter.

| torch.nn.Conv2d(-2,40,(3,3),stride=(1,1),padding=(0,0)) |

l Compile 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 = 1l Target Param ™

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

Hiypoiyrm 1
., rRem S

l Step 2. Match candidate faulty parameter with program parameters

['in_channels=-2', 'out_channels=40', 'kernel size=(3,3),
'stride=(1,1)', 'padding=(0,0)']

l Step 3. Mutate program If fail

[self.var'j = tc'.-rch.nn.Eﬂﬂuld{LdD,l{3,3},5tride={1,1},padding={ﬂ,[l'_i'_i] —

l If pass: generate SMT constraint

[ in_channels >0 ]

Figure 3. Example constraint generation




