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The Ariane Rocket Disaster (1996)
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https://youtu.be/PK_yguLapgA?t=50s 



Root cause 
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● Caused due to numeric overflow error 
● Attempt to fit 64-bit format data in 16-bit space 

● Cost 
● $100M’s for loss of mission 
●Multi-year setback to the Ariane program 

●Read more at http://www.around.com/ariane.html



Program invariants
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● Invariant is a program fact that is true in every run of the program. 
● An invariant at the end of the program is (z == c) for some constant c.   
● What is c?

int p(int x) { return x * x; }
 
void main() {
     int z;
     if  (getc() == ‘a’)
          z = product(6*6) + 6;
     else  
          z = product(-7*-7) – 7; 
 

}
z=?



Program invariants
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● Invariant is a program fact that is true in every run of the program. 
● An invariant at the end of the program is (z == c) for some constant c.   
● What is c?

int p(int x) { return x * x; }
 
void main() {
     int z;
     if  (getc() == ‘a’)
          z = product(6*6) + 6;
     else  
          z = product(-7*-7) – 7; 
 

}
z=42Disaster averted!      if (z != 42) 

        disaster();



Software is a critical part of our life
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Source: https://pbs.twimg.com/media/DWwOtruVMAAh1sD.jpg



Cost of software failure is increasing

The cost of software failure in 2017 
Source:Software Fail Watch  
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Uber - March 18, 2018 

Ethiopian airlines flight 302 (Boeing 737 Max)- March 10, 2019 



What do we do to make software better ?



My research
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What about predicting parts of code that are 
most likely to have bugs in the future versions?



Bug Prediction vs. Bug-proneness Prediction

Analogy of visit to the dentist 

Bug in our code - Digital equivalent of a cavity 

Bug prediction: An X-ray can help a dentist spot a hidden cavity.  

Bug-proneness prediction: Dentist discovering weaknesses in the 
enamel or plaque buildup. 



On going projects

Does understandability of code has association with bug-proneness? 

Can we more accurately identify if a change was for bug fix or for some 
other purpose? 

Can we recommend a design documentation/email based on the current 
development context? 

Data Mining+ (Deep learning+ Shallow learning)



Code smell, a technical factor

• Developed to identify future maintainability problems
• Neither syntax errors nor compiler warnings
• Symptoms of poor design or implementation choices
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God class

“God class tends to concentrate functionality from several unrelated classes”
Arise when developers do not fully exploit the advantages of object-oriented design

High Coupling 
(Capsules Providing Foreign Data)

Low Cohesion 
(Tight Capsule Cohesion )

High Complexity 
(Weighted Operation Count)

God ClassAND
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Android specific code smell
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Scratch specific code smell



On going projects

Are code smells associated with security vulnerabilities in Android? 

What are the common code smells across all languages? What does that 
tell us about developers? 

Data Mining+ Security Analysis + Shallow learning



Automated Testing and its effectiveness in improving 
code quality



Conversational Agents (CA)
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• Speech recognition/synthesis

• Question answering

• From the web and from structured information sources. 

• Simple agent-like abilities

• Create/edit calendar entries 

• Reminders 

• Directions 

• Invoking/interacting with other apps



Bugs in Conversational Agents  
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Structure of Conversational Agents  
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Reference: Jerome Bellegarda 



Testing challenges in Conversational Agents 
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Testing challenges in Conversational Agents
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• Difficult to automated testing mechanism due to Turn-taking

• Task/circumstance dependencies

• Linguistic/cultural differences

• How do we take and give up turns automatically?

• Large number of possible Para-Phrasing of one utterance



Testing challenges in Conversational Agents 
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• Dialogue Act detection is hard, making test oracle generation 
even harder

• Can you give me a list of the flights from Atlanta to Boston?

• This looks like an QUESTION. 

• It has a question-mark, starts with "can you” 

• If so, the answer is: YES. 

• But really it’s a COMMAND, a polite form of:

• Please give me a list of the flights…

• What looks like a QUESTION can be a COMMAND

• What is a good coverage criteria?



On going projects

What is a good coverage criteria? 

Can we automate the testing using a framework? 

Data Mining+ (NLP+ Shallow learning)



Conclusion
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