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Abstract

Large language models (LLMs) now turn their attention to
search. Recently, Thought of Search (ToS) proposed defin-
ing the search space with code, having an LLM produce that
code. ToS requires a human in the loop, collaboratively pro-
ducing a sound successor function and goal test, achieving
impressive 100% accuracy on all the tested datasets. In this
work, we automate ToS (AutoToS), completely taking the hu-
man out of the loop of solving planning problems. AutoToS
guides the language model step by step towards the genera-
tion of sound and complete search components, through feed-
back from both generic and domain specific unit tests. We
achieve 100% accuracy, with minimal feedback iterations, us-
ing LLMs of various sizes on all evaluated domains.

Proposed Approach and Methodology

We build upon the previous work that proposed producing
a code implementation of succ and ¢sgoal functions (Katz
et al. 2024), taking the human out of the feedback loop. Sim-
ilar to that work, we care about two properties, soundness
and completeness. As we deal with planning problems de-
scribed in a natural language, we do not have the formally
defined planning task II. Albeit not stated formally, previous
work on generating succ and isgoal with language models
assumes the existence of a human expert with the ability to
access II (often in their mind). Examples of such access in-
clude a feedback on the code of succ and isgoal produced
by the LLM (Katz et al. 2024) or validating a solution ob-
tained from the LLM in cases when succ and isgoal are im-
plemented through LLMs (Hao et al. 2023; Yao et al. 2023;
Besta et al. 2024; Sel et al. 2023). Here, we make a similar
assumption, but request a different access to II. In order to
challenge the soundness and completeness of the produced
functions, the human expert is asked to produce unit tests,
information which can provide evidence of unsoundness or
incompleteness. The evidence can then be used to automati-
cally feedback the model with the information needed to fix
the code. We deal with three types of information, exempli-
fied on the 24Game (Yao et al. 2023).

» Examples of inputs to i¢sgoal for which the correct output
is known. E.g., we know that isgoal([24]) should be true
and isgoal([24, 1]) should be false.
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Figure 1: An overview of AutoToS.

» Examples of inputs to succ for which some of the correct
outputs are known. E.g., we know that [24], [2], and [-2]
are valid successors of [6,4] and should be in succ([6, 4]).

* A partial soundness check for a transition (s,a,t)
quickly invalidating (obviously) incorrect transitions. For
instance, in 24Game we know that the successor state ¢
must be of length exactly one less than s.

The first two are are usually readily available and often
come with the description of the problem. The third one
might require some level of understanding of the problem
being solved, but it is always possible to use a trivial partial
soundness test that always reports that there are no issues.
Figure 1 presents an overview of our approach, describing
how the provided information is used.

Step 1 Following Katz et al. (2024), we start with the initial
prompts asking for the successor function succ and
the goal test isgoal.

Step 2 Then, we perform the goal unit tests, providing feed-
back to the model in cases of failure, repeatedly ask-
ing for a new isgoal until all goal unit tests have

passed or a number of iterations was exhausted.

Step 3 Once isgoal has passed the unit tests, we perform
a soundness check of the current succ and isgoal
functions. We do that by plugging these functions in
a BFS extended with additional checks and run it on
a few example problem instances. If BFS finished,

we check whether the goal was indeed reached. If



Listing 1: 24Game example feedback.

The goal test function failed on the following input state [24, 1], incorrectly
reporting it as a goal state. First think step by step what it means for a state to
be a goal state in this domain. Then think through in words why the goal test
function incorrectly reported input state: [24, 1] as a goal state. Now, revise the
goal test function and ensure it returns false for the input state. Remember how
you fixed the previous mistakes, if any. Keep the same function signature.

Invalid transformation: length mismatch - the length of a successor must be
one less than the parent. Let’s think step by step. First think through in words
why the successor function produced a successor that had a length that was not
exactly one less than the parent. Then provide the complete Python code for the
revised successor function that ensures the length of a successor is exactly one
less than the parent. Remember how you fixed the previous mistakes, if any.
Keep the same function signature.

Input state: [1, 1, 4, 6] Example wrong successor state: [6, 5]

Successor function when run on the state [1, 1, 4, 6] failed to produce all suc-
cessors. Missing successors are: [[1, 4, 7], [-5, 1, 4], [1, 1, 2], [1, 5, 6], [0.25,
1, 6], [-3, 1, 6], [0.16666666666666666, 1, 4], [1, 3, 6], [1, 4, 5], [1, 1, 1.5]]
First think step by step why the successor function failed to produce all succes-
sors of the state. Then, fix the successor function. Remember how you fixed the
previous mistakes, if any. Keep the same function signature.

24Game PrOntoQA Sokoban XWord Blocks

GPT-4o-mini 83 43 64 96 100
Z GPT-4o 34 2.6 22 58 20
g, Llama3.1-405b 34 2.0 26 40 32
S Llama3.1-70b 74 2.0 82 62 58
DeepSeek-CoderV2 4.4 2.0 2.8 6.6 4.2
ToS GPT-4 22 2.6 NA 38 38

Table 1: Average number of calls to the LLM per domain.

not, that means that isgoal failed to correctly iden-
tify a state as a non-goal state and we provide that
as feedback to the model, repeating Steps 2 and 3.

Step 4 (Optional) Once the previous steps were finished,
we perform the successor unit test, providing feed-
back to the language model in case of failure.

Every time a goal test fails, we go back to Step 2, every
time the successor test fails, we go back to Step 3. After
the first step, we always have succ and isgoal that can be
plugged into a blind search algorithm. However, if Step 3
fails, we have an indication that we cannot trust the solutions
produced by that algorithm. Example feedback produced in
Steps 2, 3, and 4 can be seen in Listing 1.

Experiments

We conduct experiments with a representative collection
of five search/planning problems: BlocksWorld (Gupta and
Nau 1992), PrOntoQA (Hao et al. 2023), Mini XWord and
24Game (Yao et al. 2023), and Sokoban (Junghanns and
Schaeffer 1997). We test the performance of 3 LLMs fami-
lies, GPT-40 Llama3.1, and DeepSeek. We follow the exper-
imental setup of Katz et al. (2024).

Our evaluation shows that (i) the partial soundness test
and the completeness step improve the accuracy of AutoToS

10.

29329

100 Model

GPT-40 Mini

GPT-40

Llama 3.1 405B
Llama 3.1 70B
DeepSeek Coder V2
Test

w/ val

w/o val

80

—e-
40

20

sound

complete

Figure 2: Progression of accuracy values during AutoToS.

(Figure 2), (ii) the number of calls to LLM is comparable to
ToS (Table 1), and (iii) there is no single model that performs
better than all other. Interestingly, the smaller model GPT-
4o-mini performs quite well in terms of accuracy.

Error Categories

We distinguish 10 error categories with a separate feedback.

1. succ Soundness Test Failed.

2. Input State Changed by succ.

3. succ Completeness Failed.

4. isgoal Soundness Failed.

5. succ Exception Occurred.

6. isgoal Exception Occurred.

7. Search Timeout in succ Soundness Test.
8. succ Execution Took Too Long.

9. isgoal Execution Took Too Long.

Response Parsing Error.

No errors observed in the last two categories, only 1, 2, and 3
errors in categories 6, 8, and 7, respectively. DeepSeek rarely
produces code that triggers exception or changes the input
state, and typically passes the goal soundness test. Other
models, especially the smaller ones, are more diverse in er-
rors produced. Across all models, most errors account for
the failed successor soundness and completeness tests.

Conclusions

We automate the process of generating correct and sound
code for the search components by leveraging debugging
and exception handing with natural language, code feed-
back, iterative reprompting. We demonstrate the perfor-
mance of our approach, AutoToS, across various sized mod-
els and domains. With just a few LLLM calls, we can obtain
the search components without any direct human in the loop
feedback, ensuring soundness, completeness, accuracy, and
nearly 100% accuracy across all models and all domains.
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