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1: CodeChain
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STEP 1: GENERATE SUB-MODULES:
* " module
def count_start_end_chars(words):

Description: This function counts the number of
words that start and end with each character.

Input:

words (list):

Output:

start_count (defaultdict):

A list of binary words.

A dictionary containing
the count of words that start with each
character.

end_count (defaultdict): A dictionary containing
the count of words that end with each
character.

Y —Za— K 2: STEP 2 Of

STEP 2: GENERATE PYTHON CODE
T python

import collections

from utils import =x

def count_start_end_chars(words):
start_count = collections.defaultdict(int)
end_count = collections.defaultdict(int)
for word in words:
start_count[word[@]] += 1
end_count[word[-1]] += 1
return start_count, end_count

= int(input())

_ in range(t):

n = int(input())

words = []

for _ in range(n):
words.append(input ())

total_reversed, reversed_words = solve_task(words)
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print(total_reversed)
if total_reversed != 0:
print(*reversed_words)
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def solve_task(words):

def is_reversed(s):
return s == s[::-1]

def count_reversed_words(words):
count = 0@
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Below is a competitive programming question. Read
the question carefully.

*Instructionx*

Develop a well-structured Python solution for the
provided problem that obeys the constraints and
passes the example test cases. Ensure modularity
and considering potential edge cases and failures.

Start by outlining the required code modules,
including function headers and signatures.
Subsequently, proceed to implement each module to
create the final code.

In simpler terms, create a clean and organized Python
solution for the given problem. Break it down into
smaller parts (modules) with clear function names
and input/output specifications. Once the
structure is ready, write the actual code for each
module to complete the solution.

The output code needs to read from and write to
standard I0. Please wrap your code answer using

### Example 1

### TASK:

<<Example_problem>>

### RELEVANT FUNCTIONS:
<<modules>>

### RELEVANT SUB-FUNCTIONS:
<<sub-modules>>

### RESPONSE:

STEP 1: GENERATE MODULES:
<<example generated modules>>
STEP 2: GENERATE SUB-MODULES:
<<example generated sub-modules>>
STEP 3: GENERATE PYTHON CODE
<<example generated code>>
### Example 2

### TASK:

<<new problem>>

### RELEVANT FUNCTIONS:
<<modules>>

### RELEVANT SUB-FUNCTIONS:
<<sub-modules>>

### RESPONSE:
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+ Multi-modularizing CodeChain | 16.29 + 1.47 4.81 +0.43 1.4+035 6.44+0.78
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def count_start_end_chars(words):
start_chars = {}

Y — A a— K 5: One-shot T5-2 % H 17 end-chars = {J
for word in words:
STEP 1: GENERATE MODULES: if word[@] not in start_chars:
~~~module start_chars[word[0]] = ©
def count_start_end_chars(words): start_chars[word[@]] += 1
Description: This function counts the number of if word[-1] not in end_chars:
words that start and end with each character. end_chars[word[-11] = @
Input: end_chars[word[-1]] += 1
words (list): A list of binary words.
Output: return start_chars, end_chars
start_count (defaultdict): A dictionary containing o
the count of words that start with each def reverse_words(words, reversed_indices):
character.
end_count (defaultdict): A dictionary containing def reverse_word(word):
the count of words that end with each return word[::-1]
character.
wnn new_words = words.copy()
s for index in reversed_indices:
new_words[index] = reverse_word(words[index])
~~*module return new_words
def reverse_words(words, reversed_indices):
Description: This function reverses the specified
words in the given list. def solve_task(words):
Input: .
words (list): A list of binary words. def is_reversed(s):
reversed_indices (list): A list of indices return s == s[::-1]
indicating the words to be reversed.
Output: def count_reversed_words(words):
reversed_words (list): A new list of words with the count = 0
specified words reversed. indexes = []
W for i in range(len(words)):
s if is_reversed(words[i]):
count += 1
~~“module indexes.append(i)
def solve_task(words): return count, indexes
Description: This function counts the total count, indexes = count_reversed_words(words)
reversed words and their indexes. print(count)
Input: print(indexes)
words (list): A list of binary words.
OQutput:
total_reversed(int): A integer of the number of i
reversed words. t = int(input())
reversed_words(list): A list of indexes of reversd for _ in range(t)
words. n = int(input())
nun words = []
.-~ for _ in range(n):
words . append(input ())
STEP 2: GENERATE SUB-MODULES: total_reversed, reversed_words = solve_task(words)
print(total_reversed)
~~*submodule if total_reversed != 0:
def reverse_word(word): print (xreversed_words)
Description: This function reverses the given
word .
Input:
word (str): A binary word.
OQutput:
str: The reversed word.
* " submodule
def is_reversed(s):
Description: This function checks if the given
string is a reversed string.
Input:
s (str): A string of binary digits.
Output:
bool: True if the given string is a reversed
string, False otherwise.
* "> submodule
def count_reversed_words(words):
Description: This function counts the total
reversed words and their indexes.
Input:
words (list): A list of binary words.
Output:
int: The number of reversed words.
list: A list of indexes of reversd words.
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