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Figure 1: Code Figure 2: Prompt

Print loop invariants as valid C
int main() { .
_ : ) assertions that help prove the
int i=1, j=9;

//pre-condition assertion. In order to get a cor-

assert (i=1 && j=9); rect answer, you may want to
//loop body consider both the situation of
vhile (j > 1) not entering the loop and the

i3

situation of jumping out of the
//post-condition

. loop. Use ‘&&’ or ‘||’ if nec-
assert (j==0);
} essary. Do not explain. Your

answer should be ‘assert(...);’

Figure 3: Reply

A possibly correct invariant:

assert(i==1&& (j % 3 ==0) && j>=1i-1);
GPT4’s answers:

assert(i==1&& j >=0&& (j % 3 ==0) && j > i);
assert(i == 1 && (j % 3 == 0) && j >=1);

assert((j - 1) % 3 ==0&& j > i);

assert(i==1&& (j % 3==0) && j>=1i-1);
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