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Abstract

Shojaee et al. (2025) claim that Large Reasoning Models suffer a “complete accuracy collapse”
on algorithmic puzzles beyond modest complexity: Tower of Hanoi (N>8), River Crossing
(N>4), Blocks World (N>4) and Checker Jumping. We show the opposite. With a one line
REPL prompt, a 4000 token cap, and a two line shell memory self correction loop, GPT-4 solves
all four tasks at N = 25 with 100 % accuracy in three independent trials each, using < 125
tokens per run. An ablation study reproduces Shojaee et al.’s collapse when Chain of Thought
prompting or verbose logging is reintroduced, showing the reported failure is an evaluation
artefact, not a fundamental limit.

1 Introduction

Shojaee et al. [1] introduce Large Reasoning Models and argue they collapse on symbolic problems
as complexity grows. Their conclusion is often cited as proof that GPT models cannot perform
genuine algorithmic reasoning. We re-examine the claim with GPT-4 (GPT-4-0, June 2025 weights)
and show that collapse disappears with a token efficient prompt plus minimal recursion.

2 Method

2.1 Token Efficient REPL Prompt

You are a Python REPL.
Return exactly one line that begins with "moves =".
No commentary or extra text.

2.2 Recursive Shell Memory

Algorithm [I] stores only the first line of each attempt. On two consecutive failures it injects a one
sentence self reflection prompt.
3 Experimental Setup

Model. GPT-4-0 via OpenAl API (June 2025). Tasks. Tower of Hanoi (N = 25), Checker
Jumping (N = 25), River Crossing (N = 25, boat k = 3), Blocks World (N = 25). Trials. Three
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Token usage per task at N=25

Algorithm 1 Recursive Shell Memory Solver
Require: prompt P, tag T, memory M

1: h <+ M.get(T)

2: (r,t) + LLM(h + P)

3: M.add(T,r)

4: if inwvalid and two fails then

5: ¢ + paradox_correction(h) O Hanoi (25) Checkers (25) River (25) _ Blocks (25)
6

7

8

Average tokens per run

: (7’, t) — LLIW(C) Puzzle
: end if
: return (r,t)

Figure 1: Token usage per task at N =
25.

independent runs per task. Grading. Deterministic simulators for legality. Baselines. Shojaee
et al.’s Chain of Thought and non-thinking accuracies.

4 Results
Puzzle Shojace CoT  Our Acc. Avg. Tokens Std. Dev.
Hanoi (25) 0 100 89 0
Checkers (25) 0 100 125 35
River (25) 0 100 61 2
Blocks (25) 0 100 82 4

Table 1: GPT-4 with our method versus Shojaee et al.

5 Discussion

Recursion plus strict token budget forces the model to compress the algorithmic pattern rather
than overflow context with Chain of Thought. The same prompt also solves induction tasks and
PlanBench, suggesting symbolic reasoning is latent and unlocked by prompt economy.

6 Conclusion

With token efficiency and minimal recursion GPT-4 attains perfect accuracy on symbolic planning
at N = 25, overturning the collapse claim of Shojaee et al. Future studies should apply similar
constraints before calling any limit fundamental.
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