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Can we adapt better adapt 
search to language?



Key Idea

• Search and optimizing over “language 
space” instead of vector space
• Need to balance exploration and 

exploitation
• Can leverage optimization ideas from 

numerical optimization



Example 
coding

problem



Common prior LLM search methods

Search method
• Sequential revision
• Best of N
• Tree search
• Evolutionary search
• Beam search

We can reinterpret LLM search as 
optimizing over language space!







Example of textual “directions”

Improves diversity of search directions



Multi-start initialization (foresting) seed 
prompts

Starts the search algorithm out from different initial starting points



Scouting: Example global insights

• Global insights developed during search process
• Like ACO/PSO, provides more guidance towards correct search 

direction
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3.2 FOREST SEARCH AND FOREST SCATTERING

Iterative refinement faces the challenge that a very faulty initial seed solution may be difficult
to correct effectively during the search process. An intuitive approach to address this issue is to
generate multiple seed solutions and perform tree search from each one. We refer to this technique as
FORESTING, in which we generate n seed solutions [s]n and dynamically select which seed function
to evolve from using the UCT formula (Eq. 1). Specifically, for each MCTS simulation, we select
seed function si with the highest UCT value and conduct the simulation from that point. This closely
resembles random seed initialization, a widely and effective approach in optimization literature.

Similar to branch SCATTERING, we can also promote more diverse seed solution generation through
forest SCATTERING by providing the LLM with different instructions prior to generating solutions.
We investigate the impact of various SCATTERING instructions on performance in Sec. 3.5.

Example Forest Seed Instructions

Seed instruction 1: Write the code in a modular and extensible manner, ensuring each function or class has a single responsibility
and can be easily extended or modified without impacting other parts of the system. Prioritize clear interfaces and loose coupling
between components.

Seed instruction 2: Focus on writing highly efficient code with minimal memory usage and fast execution times. Use data structures
and algorithms optimized for performance, and consider edge cases that could lead to bottlenecks. Prioritize speed and resource
efficiency over readability.

Seed instruction 3: Prioritize readability and maintainability in your code. Write clear and descriptive comments, use meaningful
variable and function names, and structure the code in a way that is easy for others to understand and modify. Follow established
coding standards and best practices.

3.3 BRANCH SCOUTING

Inspired by optimization techniques like Ant Colony Optimization and Particle Swarm Optimiza-
tion, we improve solutions by leveraging insights from effective improvement directions. After
generating a new solution s−1 using improvement directions d−1 on s−2, we provide feedback f−1

to the LLM to assess its effectiveness and derive general insights. These insights are stored in global
memory and included in future prompts, enabling shared knowledge of effective improvements across
branches. This enhances feedback exploitation and strengthens our SCATTERING technique.

Example SCOUTING Insights

Insight 1: Modify the return statement to return min-k and max-k instead of (min-k[0], max-k[0], min-k[-1],
max-k[-1]). This will ensure that the function returns the entire lists of minimum and maximum k elements.

Insight 2: Update the function to handle the case when K is greater than the length of the tuple. In this case, return the entire sorted
tuple as both the minimum and maximum k elements.

use insights to gener-
ate directions

→ see if the direction
worked or not

→ update insights based
on feedback

3.4 A THEORETICAL PERSPECTIVE

The proposed techniques—SCATTERING and FORESTING —can be analyzed via the Markov chain
theory, particularly focusing on the concepts of diverse transition kernels, conductance, and mixing
times (Levin & Peres, 2020). We can define the search strategy as a Markov transition kernel P (s, s′)
which denotes the probability of generating a new solution s′ given the current solution s. A chain of
self-refined solutions s0, s1, s2, . . . are generated following the transition kernel P .

In previous methods including line search and tree search, the transition is realized by an LLM π that
is conditioned on the previous solution s and the feedback f = F (s), denoted by π(s′|s,f). The
transition kernel is

Pprevious(s, s
′) = πc(s

′|s, F (s)), (3)

where we use πc to emphasize that the LLM π is prompted to output code. We know π(c) can be
extremely concentrated and outputs highly similar solutions.

With SCATTERING, we first sample an improvement direction d generated by the LLM with prompt
π(·|s, F (s)). And then prompt LLM π to generate the next solution s′ given the current solution s,
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Measure exploration vs exploitation for LLM 
search

• Similarity scores help measure diversity and exploration
• Average validation scores help measure exploitation



Strong empirical performance 
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Table 1: Effects of different seed instruction SCATTERING themes. 10 seed solutions were
generated using gpt-3.5-turbo for each theme, and we filtered the seeds using 6 generated
validation tests to select the best one to submit for evaluation on the HumanEval benchmark.

Seed theme pass@1 pass@any tf-idf sim. BERT sim. lev. sim. seq. sim. val. score

None 72.5 75.0 0.9013 0.9976 0.8971 0.9361 0.7786
Jabberwocky 74.4 81.9 0.7559 0.9944 0.7749 0.8444 0.7658

Style 79.4 88.1 0.6826 0.9929 0.7119 0.7504 0.7548
Role 81.9 87.5 0.7734 0.9957 0.7907 0.8323 0.7649

4 EXPERIMENTS

We demonstrate that our search method outperforms prior methods by showing that it 1) achieves
higher accuracy, 2) finds correct solutions faster and scales better, and 3) explores more diverse
solutions without sacrificing exploitation of good ones.

4.1 EVALUATION BENCHMARKS

We evaluate our method on several popular code generation benchmarks. HumanEval consists of 164
human-generated Python questions (Chen et al., 2021), and MBPP includes 399 problems (Austin
et al., 2021). The original sets included only 3 to 8 hidden tests H, which researchers found inadequate
for thoroughly evaluating correctness in edge cases. Additional hidden tests were added, resulting in
the HumanEval+ and MBPP+ sets (Liu et al., 2024a).

Both APPS (Hendrycks et al., 2021) and CodeContests (Li et al., 2022) feature challenging
code competition problems. From the 10,000 problems in APPS, we randomly sample 200 for
evaluation due to budget constraints. We adapt the competition format of both datasets to resemble
the HumanEval format for Python evaluation. Leetcode (Guo et al., 2024) includes recent problems
scraped from the website, ensuring that LLMs released before July 2023 have not been trained on
these data.

4.2 ACCURACY

We conduct experiments on a variety of code generation benchmarks as shown in Table 2, where we
see that our method achieves a higher pass@1 rate than other search methods and the base accuracy
(i.e., evaluating the first solution that the LLM model generates). Methods were given the same search
budget (10 solutions), they used 6 self-generated validation tests.

Table 2: Performance of our method compared to prior search methods. Pass@1 performance
reported here. Both solutions and validation tests were generated using gpt-3.5-turbo.

Method / Benchmark HumanEval+ MBPP+ Leetcode APPS CodeContests
Base 58.5% 64.9% 30.0% 16.0% 1.82%
Line 53.0% 61.2% 28.9% 14.5% 1.21%

Tree (MCTS) 59.8% 65.4% 31.7% 18.0% 2.42%
Best of N 65.2% 64.4% 33.3% 19.5% 1.82%

Ours (SFS) 67.1% 65.7% 36.7% 20.5% 4.24%

We also measure the proportion of problems where the correct solution was found (pass@any)
at any point during the search process, as shown in Table 3. We evaluate on HumanEval and
MBPP rather than their plus versions due to computational constraints. HumanEval+ and MBPP+
contain 80x and 35x more tests, respectively, which makes it challenging to verify each generated
solution. The pass@any rate is higher than pass@1 because, even if the correct solution is found,
inaccurate validation tests may lead the algorithm to submit an alternative solution. Our method
achieves significantly higher pass@any rates and demonstrates greater improvements from pass@1
to pass@any, indicating that it can better leverage a more accurate verifier to filter for the correct
solution. We further explore the impact of noisy validation tests in detail in Sec. 4.6.
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Table 3: Pass@any accuracy of our method compared to prior search methods. Both solutions
and validation tests were generated using gpt-3.5-turbo. We run each method for 10 iterations.

Method / Benchmark HumanEval MBPP Leetcode APPS CodeContests
Line 83.1% 82.9% 33.3% 22.0% 2.99%

Tree (MCTS) 76.9% 79.6% 33.9% 21.5% 2.42%
Best of N 75.6% 77.3% 33.9% 23.0% 3.03%

Ours (SFS) 89.0% 86.1% 39.4% 32.5% 6.06%

We also compare to existing state-of-the-art works as shown in Table 4 and 5. In Table 4 setting,
validation tests are self-generated, and cap our solution budget at 40 generations max, same as in
prior literature (Zhou et al., 2024). In Table 5, a subset of the ground truth hidden tests are given (3
for HumanEval, 1 for MBPP) (Zhong et al., 2024), and we compare against similar methods under
this setting. We see that our method achieves higher performance in both settings.

Table 4: Comparison to prior works when
ground truth tests are not given. We report
Pass@1 performance with GPT-3.5.

Benchmark HumanEval MBPP
CoT (Wei et al., 2022) 46.9 54.9

ReAct (Yao et al., 2022) 56.9 67.0
Reflexion (Shinn et al., 2023) 68.1 70.0

ToT (Yao et al., 2023) 54.4 65.8
RAP (Hao et al., 2023) 63.1 71.4

LATSa (Zhou et al., 2024) 75.6 79.6

Ours (SFS) 82.5 81.7

aran under our setup, see App. E for similar setup

Table 5: Comparison to prior works when a
subset of ground truth tests are given. We report
Pass@1 performance with GPT-3.5.

Benchmark HumanEval MBPP
Tests given 3 1

SD (+Expl.)
(Chen et al., 2023)

81.1 74.4

SD (+Trace)
(Chen et al., 2023)

80.5 72.6

LDB
(Zhong et al., 2024)

82.9 76.0

Ours (SFS) 87.2 91.3

4.3 SCALABILITY

Figure 12: Scaling curves for different search methods. Left: Proportion of problems solved vs.
number of solutions generated. Right: Proportion of problems solved vs. number of tokens used.
Results are from gpt-3.5-turbo on HumanEval. Our method shows consistent improvement
up to 20 solutions. Other methods plateau and do not catch up to SFS even with additional scaling.
Additional curves can be found in Sec. D, including curves for other datasets.

We report the average number of iterations (solutions generated) it takes before the search algorithm
discovers the correct solution in Table 6. Iters. (incl) is the average number of iterations it takes
including problems where the algorithm succeeds on the first try. Iters. (excl) is the average number
of iterations it takes excluding first try successes, where the search algorithm is actually used to find
the correct solution. On both metrics, our method demonstrates the ability to discover the correct
solution much more quickly than the other methods. Moreover, we see in Figure 2 and 12 that our
method also scales better than the other methods on all datasets. Our method scales efficiently with
higher budgets, improving up to 20 solutions while others plateau as shown in Figure 18.
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Table 3: Pass@any accuracy of our method compared to prior search methods. Both solutions
and validation tests were generated using gpt-3.5-turbo. We run each method for 10 iterations.
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Tree (MCTS) 76.9% 79.6% 33.9% 21.5% 2.42%
Best of N 75.6% 77.3% 33.9% 23.0% 3.03%

Ours (SFS) 89.0% 86.1% 39.4% 32.5% 6.06%

We also compare to existing state-of-the-art works as shown in Table 4 and 5. In Table 4 setting,
validation tests are self-generated, and cap our solution budget at 40 generations max, same as in
prior literature (Zhou et al., 2024). In Table 5, a subset of the ground truth hidden tests are given (3
for HumanEval, 1 for MBPP) (Zhong et al., 2024), and we compare against similar methods under
this setting. We see that our method achieves higher performance in both settings.

Table 4: Comparison to prior works when
ground truth tests are not given. We report
Pass@1 performance with GPT-3.5.

Benchmark HumanEval MBPP
CoT (Wei et al., 2022) 46.9 54.9
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ToT (Yao et al., 2023) 54.4 65.8
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4.3 SCALABILITY

Figure 12: Scaling curves for different search methods. Left: Proportion of problems solved vs.
number of solutions generated. Right: Proportion of problems solved vs. number of tokens used.
Results are from gpt-3.5-turbo on HumanEval. Our method shows consistent improvement
up to 20 solutions. Other methods plateau and do not catch up to SFS even with additional scaling.
Additional curves can be found in Sec. D, including curves for other datasets.

We report the average number of iterations (solutions generated) it takes before the search algorithm
discovers the correct solution in Table 6. Iters. (incl) is the average number of iterations it takes
including problems where the algorithm succeeds on the first try. Iters. (excl) is the average number
of iterations it takes excluding first try successes, where the search algorithm is actually used to find
the correct solution. On both metrics, our method demonstrates the ability to discover the correct
solution much more quickly than the other methods. Moreover, we see in Figure 2 and 12 that our
method also scales better than the other methods on all datasets. Our method scales efficiently with
higher budgets, improving up to 20 solutions while others plateau as shown in Figure 18.
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Key 
advantages

Simple, effective, easy to use. 

• no prompt tuning
• no additional training
• no complicated workflows

Our method requires 

Great scaling at any budget!



You can feed it nonsense, 
and it still works!

“Jabberwocky” 
prompts are 
completely 
unrelated to code 
generation yet 
inserting them to 
improve solution 
diversity still 
improves 
performance! 


