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We present RoundTripCodeEval (RTCE) to evaluate whether LLMs maintain consistent reasoning across 

forward and backward code execution. Despite testing SOTA models with zero-shot prompting, fine-

tuning, and self-reflection, all approaches yield only modest improvements

Dataset and Code

(1) How well can LLMs invert code in a zero-shot setting, relying solely on 
their parametric knowledge?

(2) Can iterative self-reflection recover LLM performance beyond what 
zero-shot prompting achieves?

Input length vs. pass@5: Longer inputs consistently degrade Pass@5, 
confirming input complexity as a primary difficulty driver

(3) Can fine-tuning on execution traces give LLMs the ability to invert 
code?

▪ Reflection helps once and multi-turn revision plateaus after a single round
▪ Failures reflect broken code logic, not arithmetic slips

▪ Fine-tuning on step-by-step execution traces still fails to close the round-trip 
loop

▪ Failure reflects an inability to internalise bijective logic, not a lack of memorised 
steps

checks the LLM's ability to 
simulate the compression 
process

checks whether the LLM can 
internally reinterpret the decoder as 
its inverse encoder to reconstruct the 
input

checks whether the LLM can 
internally reinterpret the encoder 
as its inverse decoder to obtain the 
compressed output

checks the LLM's ability to 
simulate the decompression 
process

RTCE v/s other 

benchmarks

RTCE code execution prediction tasks

RTCE statistics

Motivation

Contributions

➢ 250 inputs per algorithm across 
four lossless compression 
algorithms, assessed via exact-
match bijection fidelity

➢ No execution required

➢ Forward and inverse variants of 
output & input prediction form a 
closed loop

➢ Test bidirectional code reasoning 
in a single coherent framework

➢ Zero-shot prompting, SFT on 
traces & iterative self-reflection

➢ None closes the round-trip gap, 
revealing a fundamental 
reasoning deficit

NEW BENCHMARK FOUR TASKS THREE PARADIGMS  

▪ Models succeed on isolated forward and backward tasks, but fail the combined 
round-trip

▪ Reasoning training doubles round-trip accuracy: QwQ-32B (15.71) vs Qwen2.5-
Coder-32B (8.45), same size, same tokeniser

Passing forward ≠ understanding High accuracy in one direction can be achieved through pattern matching 
alone, with no genuine understanding of what the code actually does

Existing benchmarks are blind to this failure LLMs can pass both forward or backward directions 
independently while holding mutually contradictory internal representations, a critical flaw no existing benchmark 
can detect

The round-trip test reveals the truth If a model truly understands a function, it should be able to run it both 
ways
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