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Abstract  Deep Learning (DL) has been widely adopted in various fields such as image recognition,
machine translation, and autonomous driving. In order to better support deep learning tasks and
promote the application of DL, more and more platforms and frameworks have emerged, such as
TensorFlow, PyTorch, and Keras. These platforms and frameworks are known as deep learning
frameworks. Using the programming interfaces provided by these deep learning frameworks,
developers can easily design, train, and test the deep learning models. Deep learning frameworks
usually take “operator” as the unit of calculation, and different operators define different types of

numerical calculation. In deep learning frameworks, the correct calculation of operators is critical
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to the correctness of deep learning models. These calculation errors could affect the accuracy of
the prediction results of the deep learning models, or even result in serious consequences such as
traffic accidents in automatic driving. In recent years, attention has been paid on testing and diagnosis
of deep learning frameworks, but existing defect detection methods have great limitations. On the
one hand, existing defect detection methods for deep learning frameworks can detect only large
calculation differences of operators between different deep learning frameworks through comparison
and speculation. On the other hand, existing methods can diagnose only calculation errors of deep
learning models in the inference process, and cannot diagnose calculation errors in the training
process. To address the issue, we expect to detect errors of deep learning models due to the defects
of deep learning frameworks automatically in the process of training or inference and verify the
accuracy of detection results. There are many challenges in implementing such a defect detection
method. First, the deep learning model usually consists of a complex network structure. For a
deep learning model, given any input instance, it is very difficult to determine the correct output.
Second, a deep learning model usually consists a large number of operators and their relationship
in the model is very complex, making locating defective operators difficult. In addition, verifying
the correctness of defect location in a large and complicated deep learning model is challenging. In
response to the above challenges, in this paper, we design and implement a defect detection method
for deep learning frameworks based on meta operators. We abstract common computing logic of
operators such as forward computation and gradient computation of operators in different deep
learning frameworks as “meta operators”. We bind the specific implementation of operators without
changing the code of deep learning models. In this way, users can make fine-grained replace-
ments of operators in deep learning models. Through fine-grained operator replacement, not only
can the calculation errors of the deep learning frameworks during the inference process be found,
but also the calculation errors during the training process and the localization of these errors can
be verified by recording the meta operator’s running time and memory consumption. We verify
the accuracy of the meta operator calculation and evaluate its performance. We collect the known
operators with calculation errors in the deep learning frameworks and apply the defect detection
method on deep learning models containing these operators, showing the effectiveness of the defect
detection method.

Keywords deep learning frameworks; meta operator; defect detection; deep learning; software
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5. output<—model.compute_out puts()
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6. grad_table<—model.compute_gradients()

7. output_values.add(out put)

8. grad_tables.add(grad_table)

9. FOREACH op IN reverse(model.ops) DO
/S TEET 9 LB B 55—V )

10. op. framework < frameworks[ 1]
/ /AR IE 18] 4 W 45 2R

11. out put <—model.compute_out puts()

12, //3FSEA h A SR B

13. grad_table<—model.compute_gradients()

14. out put_values.addCout put)

15. grad_tables.add(grad_table)

16. END

17. RETURN output_values, grad_tables
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anomaly propagation tracking and analysis to localize faulty
functions in deep learning frameworks. However, on the one
hand. existing deep learning framework defect detection

methods can only detect large calculation differences of
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operators between different frameworks through comparison
and speculation. These methods cannot verify the accuracy of
the detection results. On the other hand, existing methods
can only detect calculation errors of deep learning models in
the inference process, and cannot detect calculation errors
generated in the training process.

In order to overcome the shortcomings of current defect
detection methods and to make the defect detection of deep
learning frameworks more accurate and more comprehensive,
in this paper, we design and implement a defect detection

method for deep learning frameworks based on meta operators.

We abstract common computing logic such as forward
computation and gradient computation of operators in different
deep learning frameworks as “meta operator” and bind the
specific implementation of operators without changing the
code of deep learning models. In this way. users can make
fine-grained replacement of operators in DL models.
Through fine-grained operator replacement, not only can the
calculation errors of the deep learning frameworks during the in-
ference process be found, but also the defect occurred during
the training process can be detected. Also, the localization of

these defects can be verified.





