ABSTRACT

A popular approach to building agents using Language Models (LMs) involves
iteratively prompting the LM, reflecting on its outputs, and updating the input
prompts until the desired task is achieved. However, our analysis reveals two
key shortcomings in the existing methods: (z) limited exploration of the deci-
sion space due to repetitive reflections, which result in redundant inputs, and
(%) an inability to leverage insights from previously solved tasks. To address
these issues, we introduce DOTEJ (Diversity of Thoughts), a novel framework that
a) explicitly reduces redundant reflections to enhance decision-space exploration,
and b) incorporates a task-agnostic memory component to enable knowledge re-
trieval from previously solved tasks—unlike current approaches that operate in
isolation for each task. Through extensive experiments on a suite of program-
ming benchmarks (HumanEval, MBPP, and LeetCodeHardGym) using a variety
of LMs, DoT demonstrates up to a 10% improvement in Pass@1 while main-
taining cost-effectiveness. Furthermore, DoT is modular by design. For instance,
when the diverse reflection module of DoT is integrated with existing methods like
Tree of Thoughts (ToT), we observe a significant 13% improvement on Game of
24 (one of the main benchmarks of ToT), highlighting the broad applicability and
impact of our contributions across various reasoning tasks.

1 INTRODUCTION

Developing autonomous Al-based frameworks leveraging Large Language Models (LLMs) to solve
challenging reasoning and decision-making tasks is an active area of research. Recent research
works have focused on utilizing different LLMs as the backbone to develop Al agents that can
understand, reason, and reflect on their own actions when solving a task. An Al agent typically per-
forms iterative inference to effectively reason and solve a task by leveraging LLMs and knowledge
of tools if available. Examples of such agentic architectures are ReAct (Yao et al., 2023b), Tree
of Thoughts (ToT) (Yao et al.,2023a), and Toolformer (Schick et al., 2023), which have explored
the in-context learning abilities of LLMs, proposing iterative inference-level algorithms to mimic
human-like learning. Such agent architectures promote generalistic approaches to reasoning and
learning, which differs from prior reinforcement learning-based solutions introduced by Mnih et al.
(2013); Le et al.|(2022) that were tailored towards a specific task and demanded extensive compute
and data for training.

Building upon ReAct, Reflexion (Shinn et al.| [2023) improved the reasoning capabilities in the
agent by introducing “self-reflections”, a mechanism to steer the model away from previous failed
trajectories. Similarly, LATS (Zhou et al., 2023) extended these ideas by enabling multiple reasoning
paths and employing search algorithms like Monte Carlo Tree Search (MCTS) to identify optimal
solutions. These methods represent significant strides in enhancing LLMs’ reasoning capabilities
through an iterative feedback.



Table 1: Self-reflection counts and output token usageona Table 2: Pass@1 and cost com-
HumanEval subset, highlighting redundancy across prob- parison for OpenAl ol on the
lems. “Ref” denotes reflections. LeetCodeHardGym  benchmark.
DoT outperforms Reflexion.

Problem Name Total Ref Unique Ref #Tokens

145 order by.points 36 4 5129 Method  Pass@1  Cost
12 9J.nlnPath 84 10 12,227 Reflexion 62 $24.24
132_is-nested 36 9 4292

84_solve 96 13 10,329 DoT 725  $33.47

Despite these advancements, current frameworks suffer from few critical limitations: (i) poor explo-
ration of the decision space, primarily due to repetitive reflections, and (ii) an inadequate memory
mechanism. To depict these shortcomings, we revisited the self-reflections generated by Reflex-
ion and LATS. Specifically, we analyzed the generated self-reflections by these two approaches
for the HumanEval dataset (Chen et al., 2021b). Upon careful inspection, we observed that sev-
eral self-reflections were repetitive. We employed an LLM (GPT-40) to identify clusters of similar
self-reflections and we manually inspected a random sample (see details of prompt used in Ap-
pendix [A.3). Our analysis revealed that a significant portion of the self-reflections generated by
LATS were repetitive and redundant, leading to poor decision-space exploration and excessive to-
ken usage. We present key statistics for a representative subset of the HumanEval dataset in|Table 1}
Similar patterns were observed across other datasets.

Reflexion and LATS incorporate a local memory component to store reflections and failed imple-
mentations, using it as additional context to improve subsequent generations. However, this memory
is reset before tackling the next task. In contrast, Didolkar et al. (2024) demonstrated that recent
LLMs can leverage metacognitive abilities to apply prior insights to new tasks, achieving signifi-
cant performance gains. Their method involves curating in-context examples based on skill exem-
plars—insights from related tasks—but relies on a predefined set of exemplars, which necessitates
additional training data and limits adaptability across diverse tasks.

To address these limitations, we propose Diversity of Thoughts (DoT), a novel framework that
enhances decision space exploration by (a) reducing redundant reflections and (b) integrating
a task-agnostic memory component. DoT promotes diverse reasoning attempts using a variety
of thought/step sampling strategies, ensuring effective intermediate reflections to guide decision-
making. The task-agnostic memory bank dynamically retrieves relevant in-context examples from
previously solved tasks, boosting the model’s ability to generate informed reasoning paths.

This approach not only reduces redundant computations but also significantly improves efficiency,
resulting in a more cost-effective solution. For example, on the LeetCodeHardGym benchmark,
DoT achieved a 10% gain in Pass@1 (Claude Sonnet 3.5) with a 4x cost reduction compared to
LATS (see Section[3.2.1]and[Table 6). Additionally, DoT demonstrated substantial improvements on
OpenAl oin a preliminary study, outperforming both the base model and Reflexion (see.

In summary, our main contributions in this paper are mentioned below:

* We identify redundancy as a critical limitation in the existing reflection-based reasoning
frameworks (e.g., Reflexion, LATS), as shown anecdotally in and quantitatively
in Additionally, current frameworks handle each task in isolation, missing the
opportunity for cross-task knowledge transfer.

» We propose (i) DoT, a novel framework that promotes diversity in reasoning trajectories,
and (i¢) DoT-bank, which further extends DoT by incorporating similar trajectories from
a task-agnostic memory bank to enhance decision space exploration.

* Our extensive experiments across multiple code generation datasets (HumanEval, MBPP,
LeetCodeHardGym) and models demonstrate the effectiveness of DoT. We achieve
state-of-the-art results, with up to a 10% improvement in Pass@1 on LeetCodeHardGym

https://openai.com/index/introducing-openai-ol-preview/



contains both positive and negative numbers. The
issue is that the function sorts the numbers based on
the sum of their digits and then their actual value.
However, it doesn't handle the case where numbers
have the same digit sum but different signs. In such
cases, the negative number should come before the
positive one. To fix this, we need to modify the
sorting key to take into account the sign of the
number. We can do this by adding a third criterion to
the key function that checks if the number is negative.
This will ensure that negative numbers come before

@uve ones when they have the same digit sum.

Reflection-23 \
The implementation failed the test case where the list

AN

f Reflection-24

The implementation failed the test case where the
list contains both positive and negative numbers.
The issue is with the sorting key function, which
calculates the sum of the digits of the absolute
value of the number. This causes negative numbers
to be treated the same as their positive
counterparts. To fix this, we should modify the key
function to take into account the sign of the
number. We should also consider the order of the
numbers in the original list, as the current
implementation does not preserve the original

order for numbers with the same sum of digits. J

Reflection-27

The implementation failed the test case where
the list contains both positive and negative
numbers. The issue is with the sorting key
function, which sorts the numbers first by the sum
of their digits and then by their value. This
approach doesn't correctly handle negative
numbers, as it treats them the same as their
positive counterparts. To fix this, we need to
adjust the key function to properly handle
negative numbers. We can do this by adding a
third sorting criterion that prioritizes negative

_J

numbers over positive ones.

Figure 1:

Examples of repetitions in generated self-reflections from LATS on problem

145_order by_points in the HumanEval dataset. The words highlighted in red are redundant
across Reflection 23, 24 and 27.

for Claude Sonnet 3.5, while reducing token costs by 4x compared to LATS and 1.4x
more expensive than Reflexion.

2 METHODOLOGY

Problem Setup. We briefly review the standard LLM-based reasoning and decision making setup.
We are provided with an input z in natural language, along with a pretrained LLM pg(-) param-
eterized by frozen learned parameters §. The goal is to generate an output response y that cor-
responds to a solution for reasoning tasks or a set of actions for decision making. Traditional
input-output prompting (y ~ pg(z)) leads to sub-optimal performance. Following the observa-
tions made by Brown et al.|(2020), a flurry of prompting techniques were proposed, which prepend
additional input text with specific instructions or few-shot input-output examples to input query x.
Incorporating such additional context helps to improve reasoning and decision making performance.
prompt ;o (z) denotes a generic stage in the process of transforming the given input prompt z into
output y as: y ~ pp(prompt ;o (z)). Anillustration of this process is shown in|Figure 2|

System Message:

You are an AI that only responds with python code, NOT ENGLISH. You
— will be given a function signature and its docstring by the user.
— Write your full implementation (restate the function signature).

User Message:

def cube_Sum(n:
mmnn

int) -> int:
Write a python function to find the cube sum of first n even
— natural numbers.

mnn

Figure 2: An example of prompt ;o (z) on programming tasks. The User Message denotes z in the
above example, and the prompt ;o (z) prepended a System Message specific to a task.

Preliminaries. Our framework’s design is inspired by Reflexion (Shinn et al.; 2023), which en-
hances reasoning through iterative interaction with an external API or environment. Reflexion in-
volves three agents—actor (M,), evaluator (M,), and self-reflection (M, )—working cyclically
until a termination condition is met. For code generation, the process is as follows:

(a) The actor M, receives input and generates an output (e.g., a code snippet).

(b) The evaluator M, scores this output (e.g., the number of unit tests passed).

(c) If the score is low (i.e., code fails), the self-reflection agent M, diagnoses the issue, suggests a
fix, and adds it to the input context along with the failed action. This new input is given to the actor,
and the cycle repeats until success or a trial limit is reached.



DoT Agent

Store successful trajectories ﬁ
— Extefnal Feedback > Diverse Reflections (LM)

k diverse reflections

\ /

Sample potential candidate

Task Agnostic
Eval Experience Memory Bank
LS (long-term memory) ~

1 ] ]

rajectol «— Retrieve similar trajectories J
N ry
(short-term memory) > Actor (LM)

< J

— Reward Score —— Environment Action

Figure 3: Overview of DoT and DoT-bank’s architecture. We introduce a new diverse-reflections
model to mitigate redundancy in reflections, and a task agnostic memory bank to enable knowledge
transfer across tasks.

As noted in Table |1} in several cases, the generated self-reflections are repetitive and redundant,
thereby hindering the effective exploration of the decision space.

2.1 DoT: PROPOSED FRAMEWORK

DoT builds upon Reflexion by replacing the self-reflection model with a novel diverse-reflections
model, Mg,.. We extend this further with DoT-bank, which introduces a task-agnostic memory
bank, M B. Thus, DoT comprises three models: the actor M, and evaluator M, (similar to Re-
flexion) and the diverse-reflections model My,.. In DoT-bank, M B is additionally leveraged. We
provide a detailed description of each component and the workflow that illustrates how these pieces

are integrated. An illustration is provided in

Actor (M,): The actor is powered by an LLM of choice with specific instructions to generate
actions conditioned on the state observations; these actions could be snippets of text, or other actions
as per the setting. For example when the task is code generation, the input to the actor is a task
description, associated history etc. as a text string, and the output action is a code snippet.

Evaluator (M,): Computes a reward score for the action generated by the actor. Depending on the
task, M, can be an external environment (e.g., Python interpreter), a Likert scale rating (Yao et al.|
2023a} [Zhou et al.}[2023), or another LLM (Shinn et al., 2023} Zhou et al.}[2023). For example, in
the setting of code generation, the reward can be measured by the number of visible or synthetic unit
tests passed.

Diverse-Reflections (My,): To address redundancy, we propose the Diverse-Reflections
module, which generates k diverse reflections in one shot using an explicit prompt:
zi = pe(z1..k | DivIO(z)). The exact prompt structure (DivIO(z)) is detailed in
(see Appendix . Reflections from previous iterations are also included in the context. We inves-
tigate alternative approaches for generating k diverse reflections in Section and find one-shot
sampling to be the most effective in terms of both performance and cost. Recent work (Hayati et al.,
2024) supports that one-shot sampling can produce semantically diverse outputs. Additionally, we
introduce a diversity metric in Section m to quantitatively demonstrate how our Mg, module
effectively reduces redundancy in generated reflections.

Task-Agnostic Memory Bank (MB): Our second contribution is a persistent, task-agnostic mem-
ory MB that stores successful trajectories of the DoT agent. A trajectory is deemed successful if it
passes all visible or synthetic tests. Each entry in MB is indexed by a unique task-1id and consists
of a complete task trajectory. When the actor M, is invoked, we retrieve j relevant trajectories from
MB and include them in its input context. As more tasks are solved, MB grows, facilitating knowl-
edge transfer between tasks. We evaluate our framework in two configurations—DoT (without M B)
and DoT-bank (with M B)—and analyze the impact of the number of retrieved examples on per-



Algorithm 1 DoT and DoT-bank Framework

Require: Dataset D, Retriever, Max Trials T}, 42

1: Inmitialize: Actor M,, Evaluator M., Diverse Reflections Generator M,
2: Memory Bank M B = (), Failed Tasks F' = ()
3.
4: Phase 1: DoT: solving and constructing memory bank
5: for each task t € D do
6: Generate 7 using M, and evaluate using M,
7
8

if 7 passes evaluation then

Add Tto MB

9: else
10: seti=0
11: while ¢ not solved or i < T},4, do
12: Generate k diverse reflections using M,
13: Generate k new trajectories using by feeding these reflections and 7 to M,
14: for each generated trajectory 7; do
15: Evaluate 7; using M, and record score
16: if 7; passes evaluation then
17: Add 7; to M B, break the while loop
18: end if
19: end for
20: if none of the & trajectories passed then
21: Select a trajectory at random (weighted by the corresponding score)
22: end if
23: Increment i
24: end while
25: if no trajectory passes after 7, trials then
26: Addtto F
27: end if
28: end if
29: end for
30:

31: Phase 2: DoT-bank: reattempting failed tasks using memory bank
32: for each failed task t € F' do

33: Retrieve J similar trajectories from M B

34: M, — Inject retrieved trajectories into context of actor
35: Repeat Phase 1 with M, and update M B if successful
36: end for

formance in Section 3.3.3] The orchestration of these agents is presented as Do T framework in Algo-
rithm |1} Additional implementation details and a discussion on MB are provided in Appendix|A.1}

2.2 RELATION TO OTHER METHODS

Tree-of-Thought (ToT) (Yao et al., 2023a) extends Chain-of-Thought (CoT) by exploring multiple
reasoning paths over intermediate states (also referred to as “thoughts™). It constructs a tree, where
each node contains [z, z;. ;] and represents a partial solution. Thoughts can either be sampled
or proposed using CoT: z; ~ pg"T(a:, z1..i—1)- To select the final solution, classic search tree
algorithms such as BFS/DFS are employed, combined with a language model-based evaluator that
assigns a value to each node.

LATS (Zhou et al., 2023) unifies reasoning, acting, and planning under one framework. It replaces
the cyclic workflow in Reflexion with a Monte Carlo Tree Search (MCTS) for proficient exploration
of the decision space. During tree exploration, each node is assigned a value, which is a convex
combination of LM based evaluation and self-consistency. A noteworthy detail is that current action
is agnostic at a given level of the search tree to previous actions: agl) ~ pg(s;). We refer the reader
to Algorithm 1 in (Zhou et al., 2023) for additional details.



3 EXPERIMENTS



4 RELATED WORK

We categorize the literature on LLM reasoning capabilities into three main themes: (%) enhancing
step-by-step reasoning abilities, (i) promoting diversity in the reasoning process, and (i4¢) incor-
porating memory mechanisms and external memory to facilitate learning from past experiences.

Reasoning in LLMs. Since LLMs were identified as few-shot learners (Brown et al.} 2020), sev-
eral prompting techniques and inference strategies have been proposed to improve their reasoning
abilities. Chain of Thought (CoT)(Wei et al., 2022) introduced step-by-step reasoning to enhance
problem-solving. Self-Consistency(Wang et al.,|2023) extended CoT by leveraging multiple inde-
pendent CoT runs for improved outcomes. Tree of Thoughts (ToT)(Yao et al., 2023a) employed
search algorithms like BFS/DFS with LLM-guided heuristics to further boost performance. Re-
Act (Yao et al., 2023b) integrates reasoning and action steps, while Reflexion (Shinn et al.,|2023)
extends this approach by incorporating a “self-reflection” component, building upon the Self-Refine
framework (Madaan et al., 2023). More recently, LATS (Zhou et al.,2023) integrated Monte Carlo
Tree Search (MCTS) into Reflexion, achieving gains at the expense of higher token usage and costs.
However, our analysis revealed that Reflexion and LATS generate redundant self-reflections thereby
hindering effective decision space exploration.

Diversity in Reasoning. Inducing diversity in LLM reasoning has been explored through methods
like DIV-se (Naik et al.|2024), which uses varied prompts and personas (e.g., “Think like Alan
Turing” or “Think like a Math Professor”’). However, it requires manual persona selection, limiting
flexibility. Flow of Reasoning (FoR)(Yu et al., 2024) uses GFlowNet to train LLMs to generate
diverse reasoning without predefined personas but involves task-specific fine-tuning. In contrast, our
framework, DoT, promotes diversity through structured prompts and one-shot sampling, leveraging
a task-agnostic memory bank without personas, manual interventions, or task-specific training. This
enables DoT to explore multiple decision branches and adapt across domains seamlessly.

LLM Memory. Memory mechanisms enable LLMs to retain and learn from past experiences, en-
hancing their ability to reason and adapt. MemoryBank (Zhong et al., 2024) enables LLMs to update
and retrieve past interactions to align with user intent. MemoChat (Lu et al., 2023) trains LLMs to
efficiently retrieve relevant dialogue history. Reflexion (Shinn et al., 2023) leverages memory in a
reinforcement learning manner, with past action described in verbal format. CLIN Majumder et al.
(2024) stores causal abstractions in an evolving memory. In contrast, our task agnostic memory bank
stores entire agent trajectories retrieving them as in-context examples, enriching decision-making
and reasoning.

External Memory for LLMs. External memory methods like Buffer of Thoughts (BoT) (Yang
et al., 2024) introduce high-level “thought templates” to assist reasoning, while Needle in a
Haystack Chaudhury et al. (2024) demonstrates the utility of external memory for tasks requir-
ing long context lengths. Our approach differs by storing complete task trajectories in a dynamic,
task-agnostic memory bank, injecting relevant examples to improve reasoning. The memory-bank
grows as the agent solves more tasks.

5 LIMITATIONS & CONCLUSION

DoT and DoT-bank significantly reduce costs compared to LATS but remain 1.4Xx more expen-
sive than Reflexion and up to 8 higher than the base LLM. Iterative reasoning frameworks also
suffer from increased latency due to repeated interactions with external environments (e.g., tools,
APIs), limiting scalability. While our one-shot sampling mitigates redundancies in generated reflec-
tions, it is not entirely foolproof, leaving room for future research on more efficient strategies to
generate diverse reflections. This work addresses key limitations in self-reflection-based reasoning
frameworks, namely redundant reflections and missed opportunities for cross-task knowledge trans-
fer. Although focused on programming tasks, extending these methods to other reasoning domains
presents an exciting avenue for future exploration.
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