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import sys

N = 10000
mode = sys.argv[l] if len(sys.argv) > 1 else "fwd”
repeats = int(sys.argv[2]) if len(sys.argv) > 2 else 5000

s=0
if mode == "fwd":
for _ in range(repeats):
for i in range(1, N + 1)
s =1
else:
for _ in range(repeats):
for i in range(N, 0, -1):

s +t=1

print(f’mode={mode} repeats={repeats} sum={s}”)
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NE FWD BWD xtol You are a code optimization engine. You receive one
Cycles 13,086,538,158 11,347,950,802 | —13.3% e
Instructions 62,921,946,802 54,053,650,678 | —14.1% program (the "v0" program) and
IPC 5‘59( | 470( ) —16.0% produce a modified version that consumes LESS
Stalled-frontend | 4,536,838 (0.04%) | 6,650,147 (0.06%) | +46.6% ) . ) .
Stalled-backend | 40,456,205 (0.36%) | 40,204,658 (0.35%) | —0.6% ENERGY while preserving identical behavior.
Branch—-misses 4,626,986 4,769,887 +3.1%
Cache—misses 2,436,399 2,485,092 +2.0% .
A3 AI2E (s) 2.832 + 4.22% 2.897 + 2.05% | +2.3% PRIORITY RULES (in order):
WX raw (J) 194.03 + 1.40% 191.46 + 1.65% | —1.3%
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1. Behavior preservation is mandatory and overrides
everything else. The patched program

MUST produce identical output for identical input, in
the SAME programming language as

the input. Never alter observable semantics. Preserve
the exact input parsing and output

format (spacing, newlines, rounding, edge cases).
2. Optimize for lower ENERGY consumption, not merely
shorter wall-clock time.
3. If reference examples are provided in the user
message, treat them ONLY as

transformation patterns: identify the technique and
apply it to the target program

where applicable. Do NOT copy them verbatim. If no
reference examples are provided,

optimize using your own knowledge.

You may think step by step first. Then output the
FINAL answer as the COMPLETE, runnable

program inside a single ''‘python code block. The code
block must contain the entire program

(not a diff, not a snippet). If you find no safe energy
improvement, output the original

program unchanged rather than risk changing behavior.
Put the code block LAST.
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