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Abstract
Personalization is well studied in search and recommendation, but
personalized question answering remains underexplored due to
challenges in inferring preferences from long, noisy, implicit con-
texts and generating responses that are both accurate and aligned
with user expectations. To address this, we propose Pathways of
Thoughts (PoT), an inference-stage method that applies to any large
language model (LLM) without task-specific fine-tuning. PoT mod-
els the thinking as an iterative decision process, where the model
dynamically selects among cognitive operations such as reasoning,
revision, personalization, and clarification. This enables exploration
of multiple reasoning trajectories, producing diverse candidate re-
sponses that capture different perspectives. PoT then aggregates
and reweights these candidates according to inferred user prefer-
ences, yielding a final personalized response that benefits from
the complementary strengths of diverse reasoning paths. Exper-
iments on the LaMP-QA benchmark show that PoT consistently
outperforms competitive baselines, achieving up to a 10.8% relative
improvement. Human evaluation further validates these improve-
ments, with annotators preferring PoT in 66% of cases compared to
the best-performing baseline and reporting ties in 15% of cases.

CCS Concepts
• Information systems → Question answering; Personaliza-
tion; • Computing methodologies → Markov decision pro-
cesses; Natural language generation.
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1 Introduction
Personalizing large language models (LLMs) has become increas-
ingly important due to applications in content generation, writing
assistance, education, and recommendation [16, 18, 22, 23, 29]. By
conditioning outputs on user preferences, context, and needs, per-
sonalization improves engagement, satisfaction, and overall effec-
tiveness [28]. It is particularly valuable in information-seeking sys-
tems such as search engines and question answering (QA) [31, 32],
where appropriate responses depend on user-specific factors like
background knowledge and learning style. Despite its clear rele-
vance to web search and emerging systems (e.g., AI-powered search
modes), personalization in QA remains relatively underexplored.

Augmenting LLM inputs with the user’s personalized context
have proven effective for personalized generation [16, 18, 27, 29].
This can be further enhanced by training the LLM to perform reason-
ing over the personalized context to extract the user’s preferences
before response generation [28]. However, in most real-world cases,
fine-tuning the LLM is often infeasible for two key reasons. On one
hand, many LLMs are black boxes with frozen parameters, offering
no control over their internal mechanisms. On the other hand, even
with full access to parameters, the fine-tuning process requires
substantial amount of personal data and computational resources
for individual users. Consequently, a practical way to influence the
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Figure 1: Pathways of Thoughts overview. PoT explores multiple directions of thinking about answering the question, gener-
ates a response for each, and mix them into a final response.
model’s output is by applying advanced strategies during inference.
Recognizing this, our paper focuses on this scenario and proposes
an inference-stage strategy to achieve better personalization.

Developing effective personalization models presents its own
unique challenges. First, the quality of a response in personalized
QA is determined by the user who asks the question, which is
influenced by their preferences, context, and background. Therefore,
evenwhen two answers are factually accurate, onemay be preferred
by the user. Second, user preferences are often not explicitly stated
and must be inferred from personalized context, such as profiles
or prior interactions. This context is frequently lengthy and noisy,
making it difficult for a model to extract relevant signals. These
issues highlight that simply augmenting an LLM’s input with user
context is often insufficient. Effective personalization requires the
model to perform reasoning over noisy, implicit user data to deduce
user preferences before generating a response.

To address the aforementioned challenges of personalized QA,
this paper introduces Pathways of Thoughts (PoT), demonstrated
in Figure 1. This approach, which is generic and can be applied to
any LLM without additional training, enables the model to explore
multiple thinking pathways when generating responses, each lead-
ing to a distinct response. We formalize each thinking pathway as
a Markov Decision Process (MDP), where the LLM serves as both
the agent and the environment. At each step, the LLM, acting as
the agent, selects the most suitable action from a predefined set of
cognitive operations, such as planning, reasoning, personalizing,
and revising. The LLM then assumes the role of the environment,
executing the chosen action and updating the state with newly ac-
quired knowledge. This iterative process allows the model to refine
its understanding of the user’s intent, extract key preferences from
the user profile, and explore diverse strategies for answering the
question. The process continues until the model determines that no
further actions are needed, producing an initial set of responses. To
generate the final personalized response, the LLM mixes outputs

from different thinking pathways into a single response, aligning
them with the user’s preferences extracted from their profile. Path-
ways of Thoughts addresses the challenges of LLMs in personalized
question answering by allowing the model to iteratively think about
the next step in responding to the question and how the lengthy
user context can be effectively utilized. Additionally, it explores
different diverse directions and paths, considering a range of pos-
sible solutions for answering the question. Finally, generating a
response by aggregating all pathways’ responses ensures that the
output captures the strengths of all explored pathways, resulting
in a more personalized and aligned response.

We conduct our experiments on the LaMP-QA benchmark [31]–a
recent large-scale benchmark designed for evaluating personalized
QA in three diverse domains: (1) Art & Entertainment, (2) Lifestyle
& Personal Development, and (3) Society & Culture. Our results
demonstrate that PoT outperforms competitive baselines across all
categories, with up to 10.8% statistically significant improvement
on average compared to the best-performing baselines. Addition-
ally, we investigate the impact of pathway length, the number of
pathways, and various methods for diversifying pathways and ag-
gregating responses on performance. We show that PoT generalizes
to different long-context backbone LLMs without requiring addi-
tional training. Finally, human evaluation of comparing outputs
side by side shows that PoT better satisfies users’ information needs
in 66% of cases, compared to 19% for the best-performing baseline.

2 Related Work
LLMPersonalization. Personalization plays a central role in search,
recommendation, and many text generation applications [6, 23, 29,
39]. To enable personalization in LLMs, Salemi et al. [29] introduced
a retrieval-augmented generation framework alongside the LaMP
benchmark for short-form text, which was later extended to long-
form content generation with LongLaMP [16] and more recently to
personalized QA with LaMP-QA [31]. Personalized assistants have
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also been studied in several recent works [18, 21, 22, 43]. Proposed
approaches span a variety of techniques, including training retrieval
models with user feedback [27], optimizing LLMs with personal-
ized supervision [13], and generating personalized prompts [17].
Parameter-efficient fine-tuning has emerged as another direction
[35], including its integration with retrieval-augmented methods
[30]. Beyond model adaptation, reasoning and self-training strate-
gies have been shown to improve personalization in text genera-
tion [28]. More recently, learning from natural language feedback
has proven effective for adapting QA systems to individual users
[32]. Nevertheless, strategies for improving personalized QA at test
time—without incurring the cost of additional training—remain
underexplored, which is the focus of this work.

Reasoners & Agents for Problem Solving. Reasoning enables
models to solve problems with step-by-step processing, known as
chain-of-thought (CoT), enhancing performance in complex tasks
like mathematical problem-solving, logical reasoning, and com-
monsense understanding [19, 37, 42]. Training LLMs to perform
intermediate reasoning steps before generating responses has been
effective, as seen in GPT-o1 [25] and DeepSeek-R1 [5]. Addition-
ally, agentic and multi-turn or multi-agent systems that interact
with external tools [14], code [8, 20, 38], simulated environments
[10, 26, 36, 41], or with other agents [9] have been explored for
complex problem-solving. Markov Decision Processes (MDP) have
shown promise in reasoning for games and mathematical problems
[10, 36]. However, these methods have not been applied to free-
form text generation, particularly personalization which requires
user-specific responses rather than objectively correct answers.
This study extends these methods to personalized text generation
by integrating them with graph-based search in place of traditional
tree search in MDPs, enabling the model to produce responses that
reflect the aggregated quality of all explored candidate solutions
rather than relying on a single path.

Scaling Inference Compute. Recent advances in LLM reasoning
for logic and mathematics show that increasing compute resources
during inference can significantly enhance performance [4, 33].
This allows LLMs to explore answer spaces more thoroughly, im-
proving accuracy in logical reasoning, math problem-solving, and
code generation [2, 3, 44]. While previous research has focused on
math, coding, and logic, its potential for free-form text generation,
especially personalized question answering, is underexplored. Our
work addresses this by using increased inference compute to better
navigate response spaces, enhancing personalization.

3 Problem Formulation
We assume a question 𝑥𝑢 originates from a user 𝑢, who has a set
of 𝑛𝑢 personalized information elements, denoted as 𝑃𝑢 = {𝑝𝑖 }𝑛𝑢𝑖=1.
Following previous work that utilizes long-term user history as the
user profile [15, 29, 31], 𝑃𝑢 consists of the user’s previously asked
questions along with the their question narrative. The objective is
to use this personalized information, along with the question 𝑥𝑢 ,
to generate a personalized response using an LLM 𝜋 , formulated as
𝑦𝑢 = 𝜋 (𝑥𝑢 , 𝑃𝑢 ). To evaluate the personalized response generated
for the user 𝑢’s question, following Salemi and Zamani [31], we
assume access to a set of aspects 𝐸𝑥𝑢 = {𝑒𝑖 }

|𝐸𝑥𝑢 |
𝑖=1 that user𝑢 expects

to be addressed in the response, extracted from a question narrative
𝑟𝑥𝑢 written by the user. These aspects are used solely for evaluation
and are not accessible to the model during response generation.
Finally, a metric 𝜇 (𝑥𝑢 , 𝑦𝑢 , 𝐸𝑥𝑢 , 𝑟𝑢 ) is used to score the generated
response based on the extent to which these aspects are covered.

4 Pathways of Thoughts
Personalization is inherently user-specific, meaning that a response
generation strategy effective for one user may not perform well for
another. Consequently, relying on a single solution to generate a
response for a user may not always yield the most preferred out-
come for each individual user. To address this limitation, as well
as those discussed in Section 1, we propose Pathways of Thoughts
(PoT), illustrated in Figure 1. In this framework, the LLM explores
multiple thinking pathways, each corresponding to a distinct line of
thought that leads to a potential response. We model each thinking
pathway as an MDP, where the LLM serves as both the agent and
the environment. At each step, the LLM (acting as the agent) se-
lects an action from a set of fundamental cognitive operations such
as planning, reasoning, clarification, or revising. The same LLM
(now acting as the environment) then executes the chosen action,
updating the current state with newly acquired information about
the question and user. This iterative process continues until con-
vergence, producing a final response for each pathway. To generate
a single personalized response, the LLM aggregates the responses
obtained from different pathways, integrating their complementary
strengths while aligning with the user’s preferences inferred from
their profile. The complete procedure is detailed in Algorithm 1,
and the next section elaborates on this method.

4.1 Thinking as a Markov Decision Process
The thinking process in the human brain involves using and inte-
grating a set of fundamental cognitive skills—e.g., reasoning, plan-
ning, and revision—that collectively form the foundation of struc-
tured thought [7, 34]. Inspired by theories about sequential decision
making in the human brain, we model the thinking process of LLMs
as an MDP. Given the current thoughts and steps taken to generate
a response, the model selects the next fundamental action from a
predefined set to enhance its representation of the question, refine
its reasoning, and improve the generated response.

An MDP is defined as a quadruple (𝑆,𝐴𝑠𝑡 , 𝑃𝑎𝑡 , 𝑅𝑎𝑡 ), where 𝑆 is
the set of states, 𝐴𝑠𝑡 represents the set of available actions in state
𝑠𝑡 , 𝑃𝑎𝑡 (𝑠𝑡+1 | 𝑠𝑡 ) defines the probability of transitioning from state
𝑠𝑡 to 𝑠𝑡+1 given action 𝑎𝑡 , and 𝑅𝑎𝑡 (𝑠𝑡+1, 𝑠𝑡 ) specifies the reward
function, which assigns a reward for taking action 𝑎𝑡 in state 𝑠𝑡
and transitioning to 𝑠𝑡+1. In this setting, the agent 𝜋 aims to assign
a probability 𝑝𝜋 (𝑎𝑡 |𝑠𝑡 ) to each action based on the current state 𝑠𝑡 .

To generate a personalized response for the question 𝑥𝑢 from
the user 𝑢, we assume the agent 𝜋 starts from an initial state 𝑠0,
which consists of the question 𝑞𝑢 and the user profile 𝑃𝑢 . The agent
iteratively selects the most probable action at each step using the
prompt shown in Figure 7 in Appendix A, continuing this process
until it either chooses a halting action (as determined by the LLM)
or reaches the maximum number of allowed actions, denoted as 𝑇 .
Since our task involves text generation and lacks an external envi-
ronment enforcing termination, the agent itself determines when
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Your task is to answer a user's question from a post in a personalized way by considering the user's past post questions and detailed descriptions of these questions. This is a multi turn task
and you don't need to answer the question in one turn. In each turn, you can perform one action in that turn.
# Your context information:

- The user's current question from a post.
- The user's past post questions and detailed descriptions of these questions.

# Actions:
## answer:
### Definition: This action asks you to generate a personalized response to the question, if the question can benefit from personalization. Therefore, you should choose this action when you are
ready to answer the question. This action should be executed when there is no ambiguity and all the information needed for answering the question is available.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

 - personalizedAnswer: a string representing your personalized answer to the user's current question considering the personalized context and previous taken steps.
## check_personalization:
### Definition: This action ask you to see if the question asked by the user can benefit from personalization or not. This action can be useful when you want to decide if you need to personalize
the response or not.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

 - needs_personalization: a boolean that is true if the question can benefit from personalization and false if personalization cannot help.
 - reason: a string representing the reason why the question can or cannot benefit from personalization.

## personalize
### Definition: This action asks you to find the relevant information about the question from the context and summarize how it can be helpful for answering the question. This action should be
executed when you think personalized information is needed to answer the question.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

 - personalizedSummary: a string representing your summary of user context and how it is helpful to answer the question.
## plan
### Definition: This action asks you to generate a plan of steps that we can take to answer all the aspects of the question. This action should be executed when you think the the question has
multiple aspects and planning future steps that you need to take to answer the question is necessary.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

 - plan: a string representing your plan of steps that we can take to answer the question.
## reason
### Definition: This action asks you to think step by step about one aspect of the question. This action should be executed when you know different aspects of the question and you want to
think step by step about one aspect of the question and how it can be answered.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

 - aspect: a string representing the aspect of the question.
 - reason: a string representing your reasoning of the question aspect and how it can be answered.

## clarify
### Definition: This action asks you to check if the question is ambiguous and how it can be clarified. This action should be executed when you think the current information needs more
clarifying.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

- ambiguous: a boolean indicating whether the question is ambiguous or not.
- clarification: a string representing your clarification questions of the current information and steps.
- clarification_response: a string representing your response to the clarification question. You should generate a reasonable response to clarification questions. This field should be empty
if the question is not ambiguous.

## summarize
### Definition: This action summarizes all available information and findings about the question. This action should be executed when you think the current information needs more
summarization.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

- summarization: a string representing your summarization of the current information and steps.
## revise
### Defenition: This action asks you to revise the current response to the question. This action should be executed when you provided an answer to the question and you want to revise the
current response.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

- revised: a string representing your revised response to the question.
## finalize
### Defenition: This action will finalize the response to the question. This action should be executed when you think the response is finalized and no more action is required to answer or revise
the answer to the question.
### Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

- personalizedAnswer: a string representing your finalized response to the question.
# Your task:
This is a multi turn task and you don't need to answer the question in one turn. In each turn, you can perform multiple actions from an action list. Then, based on the detention of the action, you
can do that action in that turn and provide the response. Therefore, you task in each turn consists of two steps:
## Step 1: Selecting one of the actions that the user provides for you as the possible next actions. In this case, you should choose one of the actions considering that the main goal is
generating a personalized response to the question. The action you choose should be the next best step toward the final goal, which is generating a personalized response to the question.
## Step 2: In this step, based on the action definition, you can do that action in the same turn.
## Output format:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

- action: a string representing your selected action. This text should be one of the valid actions that user provides.
- reason: a string representing the reason for why the action is selected and how it is helpful to reach the final goal, which is generating a personalized response to the question.
- actionOutput: a json representing the output of the action based on the defined output format for the selected action.

# Your input:
## Past post questions and detailed descriptions of these questions:
{profile}
## Current post question:
{query}

Initial State & Action Definition Prompt

Figure 2: Initial state and actions definition prompt used in Pathways of Thoughts.

to stop or continues until the predefined action limit is reached. See
= Algorithm 1 (lines 3-17) for details. The following subsections
outlines the definitions of each MDP component in our framework:

Set of States (𝑆): The state is defined as the concatenation of the
inputs, outputs, and decisions of themodel into a sequence of tokens
using a predefined prompt format. This representation captures the
full context of the system like a conversation. The initial state of the
system consists of the user’s question 𝑥𝑢 , the user profile 𝑃𝑢 , and a
set of instructions specifying the actions and the model’s expected
behavior for each action, as shown in Figure 2. Given this setup,

the set of all possible states corresponds to the set of all textual
sequences that this initial prompt is their prefix. As a result, the
state space forms an uncountable discrete set.

Set of Possible Actions for State 𝑠𝑡 (𝐴𝑠𝑡 ): We consider the fol-
lowing fundamental actions that the agent can choose from in
thinking process: answering, planning, personalization, personaliz-
ing, reasoning, clarifying, summarizing, revising, and finalizing.1 The
detailed definition of each action and output format of them is pro-
vided in Appendix A.1. In the initial state, the agent is restricted to
1This action, finalizing, also referred to as halting, terminates the process.
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Algorithm 1 Pathways of Thoughts Implementation using MDP
and Global Search.
Input: prompt 𝑥𝑢 , profile 𝑃𝑢 , max path length 𝑇 , number of path-

ways 𝑁 , backbone LLM 𝜋

Output: personalized output 𝑦𝑥𝑢
1: 𝑅PoT = {} ⊲ Set of all responses from different pathways
2: for 𝑖 = 0 to 𝑁 do ⊲ Generate 𝑁 pathways of thoughts
3: 𝑡 = 0
4: 𝑠𝑡 = init_prompt(𝑥𝑢 , 𝑃𝑢 ) ⊲ Prompt in Figure 2
5: while 𝑡 < 𝑇 do ⊲ Thinking for maximum 𝑇 steps
6: 𝐴𝑠𝑡 = possible_actions(𝑠𝑡 , 𝑡) ⊲ Find the possible

actions for state 𝑠𝑡 .
7: 𝑎𝑝 = action_selection_prompt(𝑠𝑡 , 𝐴𝑠𝑡 ) ⊲ Prompt in

Figure 7
8: 𝑎𝑡 = 𝜋 (𝑠𝑡 ;𝑎𝑝 ) ⊲ Selecting the action (LLM as agent)
9: 𝑦𝑡 = 𝜋 (𝑠𝑡 ;𝑎𝑝 ;𝑎𝑡 ) ⊲ Performing the action (LLM as

environment)
10: 𝑠𝑡+1 = 𝑠𝑡 ;𝑎𝑝 ;𝑎𝑡 ;𝑦𝑡 ⊲ new state by concatenating

input/outputs in this time step
11: if 𝑎𝑡 = finalize then
12: 𝑅PoT = 𝑅PoT ∪ {𝑦𝑡 } ⊲ Capturing the final response

of this pathway
13: break
14: end if
15: 𝑡 = 𝑡 + 1 ⊲ updating the step variable
16: end while
17: end for
18: 𝐼𝑝 = important_aspects_prompt(𝑃𝑢 ) ⊲ Prompt in Figure 8
19: 𝐼𝑢 = 𝜋 (𝐼𝑝 ) ⊲ Extracting important aspects from user profile
20: 𝑦𝑝 = mixture_prompt(𝐼𝑢 , 𝑥𝑢 , 𝑅PoT) ⊲ Prompt in Figure 10
21: 𝑦𝑥𝑢 = 𝜋 (𝑦𝑝 ) ⊲ Combining responses based on important

aspects
22: return 𝑦𝑥𝑢 ⊲ Returning final response

selecting the planning action, as it must first plan the steps required
to address the user’s question. In subsequent states, the agent can
choose from all the actions; however, the model can only select the
revising action if it has previously selected the answering action, as
revision typically follows the generation of a response.

Transitioning from State 𝑠𝑡 to 𝑠𝑡+1 with Action 𝑎𝑡 (𝑃𝑎𝑡 (𝑠𝑡+1 |
𝑠𝑡 )): We use the LLM as both the agent and the environment si-
multaneously: when it selects an action, it acts as the agent, and
when it executes the action, it acts as the environment. This dual
role allows the LLM to control the flow of thinking and performing
it simultaneously. Accordingly, with the agent decision to perform
action 𝑎𝑡 at time step 𝑡 , the LLM receives the state 𝑠𝑡 and action
𝑎𝑡 as input and generates the output 𝑦𝑡 . The concatenation of 𝑠𝑡 ,
𝑎𝑡 , and 𝑦𝑡 forms the next state 𝑠𝑡+1. Thus, the transition probability
𝑃𝑎𝑡 (𝑠𝑡+1 | 𝑠𝑡 ) is defined by the LLM itself.

Reward Function (𝑅𝑎 (𝑠𝑡+1, 𝑠𝑡 )). Since our agent is used without
training, an explicit reward function is not required; we assume the
agent makes reasonable choices. However, in general, an outcome
reward function can be employed to assign rewards to actions based
on the evaluation of the LLM’s final response to the question.

4.2 Multi-Directional Thinking by Diverse
Planning and Mixture-of-Responses

We observed that when the agent selects planning as the first action,
the subsequent steps consistently follow the outline of the generated
plan. This suggests that encouraging multi-directional thinking
about responding to the question can be achieved by generating a
variety of plans, each exploring a different strategy for addressing
the question. We study two methods for diverse planning:
• Initial State Alteration: If the initial state is modified before ex-
ecuting the planning action, the LLM can produce different plans,
as the changes in personalized context influences the planning
process. This can be modeled by varying the amount of past user
interactions accessible to the agent, effectively addressing the
challenge of long personal context. To implement this, we ran-
domly select 𝑁 subsets of the user profile 𝑃𝑢 , each of size 𝜏 × |𝑃𝑢 |,
where 0 ≤ 𝜏 ≤ 1. Starting from these 𝑁 diverse initial states lead
to different planning trajectories and thinking pathways.

• Planning Action Variation: Another way to generate different
plans from the same initial state is to use a higher sampling
temperature 0 ≤ 𝜏 ≤ 1 during plan generation, which increases
the randomness in the generated plans, leading to more diverse
outputs. Thus, we generate 𝑁 different plans from the same
initial state (created using the whole profile 𝑃𝑢 ) by setting a high
temperature 𝜏 , leading to different thinking pathways.

Each thinking pathway results in a response, and together they
form a set of response proposals 𝑅PoT = {𝑟𝑖 }𝑁𝑖=1. To produce the
final response 𝑦𝑥𝑢 for the user, we need to ensure that it is the most
suitable one for the user. To achieve this, we first use the LLM 𝜋 to
extract the important aspects 𝐼𝑢 for user𝑢 from their user profile 𝑃𝑢
using the prompt shown in Figure 8 in Appendix A.2. This serves as
an intermediate step to learn about the user’s individual preferences.
Based on this, there are two methods to generate the final response:
• Best-of-N: Given the extracted important aspects 𝐼𝑢 for the user
𝑢 and the input 𝑥𝑢 , the LLM 𝜋 selects the best response from the
set of responses resulted from multi-directional thinking 𝑅PoT,
using the prompt shown in Figure 9 in Appendix A.2.

• Mixture-of-N: Given the extracted aspects 𝐼𝑢 for the user 𝑢 and
the input 𝑥𝑢 , the LLM 𝜋 combines different aspects of the gener-
ated responses from the set of multi-directional thinking outputs
𝑅PoT. The final response is denoted as 𝑦𝑥𝑢 = 𝜋 (𝑥𝑢 , 𝑅PoT, 𝐼𝑢 ), us-
ing the prompt shown in Figure 10 in Appendix A.2. This mimics
how humans solve problems by exploring multiple solutions and
synthesizing a new solution that incorporates the strengths of
them. This is beneficial for open-ended text generation, where
there is no definitive right or wrong response. By aggregating
the strengths of all responses, it generates a response that aligns
with user preferences, ensuring a more personalized output. PoT
uses this approach as the primary response aggregation method.

5 Experiments
5.1 Experimental Setup
Datasets. We conduct experiments on the LaMP-QA benchmark
[31], the only publicly available dataset for long-form personalized
QA. LaMP-QA covers three diverse domains: (1) Art & Entertain-
ment (767 questions), (2) Lifestyle & Personal Development (989
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Table 1: Performance on LaMP-QA. † and ‡ show statistically significant improvement over the single and multiple inference
best baseline, respectively, using t-test (𝑝 < 0.05). Gemini 1.5 Pro has been used as the backbone LLM for all the methods.

Method Arts & Lifestyle & Personal Society & Average
Entertainment Development Culture (macro)

Single Inference

(1) No Personalization 0.1741 0.2863 0.2996 0.2533
(2) In-Context Personalization 0.1722 0.3022 0.3482 0.2742
(3) In-Context Personalization w/ CoT 0.2119 0.3862 0.4230 0.3403

(4) Pathways of Thoughts (𝑁 = 1, 𝑇 = 8) 0.2499† 0.3966 0.4490† 0.3651†

Multiple Inference

(5) In-Context Personalization w/ Best-of-32 0.2248 0.3753 0.4303 0.3434
(6) In-Context Personalization w/ CoT & Best-of-32 0.2607 0.4380 0.4789 0.3925
(7) In-Context Personalization w/ Mix-of-32 0.2310 0.3781 0.4411 0.3500
(8) In-Context Personalization w/ CoT & Mix-of-32 0.2689 0.4443 0.4891 0.4007
(9) Tree of Thoughts (𝐾 = 32, 𝐵 = 2) 0.2054 0.4178 0.4546 0.3592

(10) Pathways of Thoughts (𝑁 = 16, 𝑇 = 8) 0.2999†‡ 0.4960†‡ 0.5362†‡ 0.4440†‡

questions), and (3) Society & Culture (1074 questions). Each LaMP-
QA example contains a user question, the user’s question history
(serving as the user profile), a user-written narrative that reflects
the user’s information need and intent, and a set of personalized
rubrics specifying the aspects an ideal response should address. For
evaluation, we follow the evaluation recipe of Salemi and Zamani
[31] with Gemini 1.5 Pro as the evaluator language model. For each
question, the evaluator checks whether the generated response
addresses each personalized aspect, assigning scores in the range
[0, 2]. These are normalized to [0, 1], and the final response score
is computed as the mean normalized score across all aspects. For
details, we refer the reader to Salemi and Zamani [31]. In one exper-
iment, we corroborate our findings through a side-by-side human
evaluation comparing PoT to the strongest baseline.

PoT’s Configurations. We use Gemini 1.5 Pro as the backbone
LLM. To show the generalizability of PoT, we also use GPT-4o-mini2
[24] using our most representative experiment configurations. For
single pathways, we use Nucleus sampling [11] with a temperature
of 𝜏 = 0.1. For multi-directional pathways, we use the same setting,
except for the Planning Action Variation, where a temperature of
𝜏 = 0.9 is used exclusively for the planning action. For generating
diverse plans, we use Planning Action Variation by default and
Mixture-of-N for response aggregation, unless otherwise specified.
We set the context length to 32𝑘 , the maximum number of actions
per pathway to 𝑇 = 8 , and the number of pathways to 𝑁 = 16.
In ablations, we reduce the number of pathways to 𝑁 = 4 to save
costs, unless otherwise specified. For personalized context, we use
the 10 recent questions of the user with the same order as they
appear in the LaMP-QA [31] dataset.

Baselines. We use six baselines: (1) LLM without personalized
context that directly answers the question, (2) LLM with access to
the same personalized context as PoT, and (3) LLM with access to
personalized context that first performs reasoning over the context
to extract important aspects relevant to the question before generat-
ing the response. The two latter use the prompts shown in Figures
11 and 12 in Appendix B. These baselines all use Nucleus sampling

2Available at: https://platform.openai.com/docs/models/gpt-4o-mini

with a temperature of 𝜏 = 0.1. We extend the latter two baselines by
doing multiple inferences and Best-of-N [3, 12] and Mixture-of-N
to evaluate their performance when test-time compute scales, to
form baselines (5), (6), (7), and (8). Additionally, we include the (9)
Tree of Thoughts (ToT) [40] as a baseline, leveraging its test-time
compute scaling for comparison with our method. We follow their
setup, particularly in the creative writing task, as it is the closest
task they studied to personalized question answering. This setup
consists of an intermediate planning step, where a set of plans is
generated and the best plan is selected, followed by a final response
generation step, where a set of responses is generated and the best
response is chosen. For planning, we use the prompts shown in
Figure 13, and for response generation, we refer to Figure 14, both
in Appendix B. We observed that the baselines generate, on av-
erage, half the number of tokens compared to 𝑃𝑜𝑇 . To ensure a
fair comparison, we set the Best-of-N and Mixture-of-N baselines
to generate double the number of responses, with 𝑁 = 32 and a
sampling temperature of 𝜏 = 0.9 to ensure diverse responses. For
the Best-of-N and Mixture-of-N approach, we use the method in-
troduced in Section 4.2. For ToT, following Yao et al. [40] and their
setup for the creative writing task that is the most similar to ours,
we set the tree depth to 𝐵 = 2. For fair comparison with PoT, we
generate 𝑁 = 32 plans and responses at each node with a sampling
temperature of 𝜏 = 0.9. The prompts for selecting the best plan is
shown in Figure 15 in Appendix B. For selecting the best response,
we utilize the method introduced in Section 4.2.

5.2 Empirical Findings
Comparison with baselines. The results of this experiment are
reported in Table 1. The findings show that PoT outperforms all the
baselines across all categories, achieving a 10.8% relative improve-
ment on average over the best baseline (row 8). The improvements
are statistically significant with respect to t-test with 95% confi-
dence. This demonstrates the superiority of PoT compared to the
baselines. To compare our thinking-as-an-MDP method with base-
lines, we also report the results using only a single inference (rows
1-4). The results from this experiment show that our method (row

https://platform.openai.com/docs/models/gpt-4o-mini
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Figure 3: Effect of the maximum number of actions per pathway on the performance.

Figure 4: Effect of the number of pathways on the performance.

4) outperforms all single inference baselines (rows 1-3), with sta-
tistically significant improvements in two out of three categories
and overall performance. Specifically, our method achieves a 7.2%
relative improvement in average performance, suggesting that our
thinking approach is significantly more effective than CoT.

Effect of themaximumnumber of actions in PoT. For this, we
focus on a single inference (𝑁 = 1) using PoT and vary the maxi-
mum number of actions it can perform. The performance across all
categories is shown in Figure 3. The findings show that increasing
the number of actions improves performance up to a certain point
(8 actions per pathway), after which performance declines. This
occurs because, with too few actions, the LLM cannot construct
effective pathways to solve the problem. Conversely, when given
too many actions, the LLM may overthink the problem, performing
unnecessary actions that degrade performance [1].

Effect of the number of pathways in PoT. We set the maximum
number of actions per pathway to 𝑇 = 8 and vary the number of
pathways. The performance across all categories is shown in Fig-
ure 4. The findings indicate that increasing the number of pathways
consistently improves performance; however, as the number grows,
the improvements become thinner. This occurs because there is a
limited set of different ways for answering the question, and after
a certain point, the solutions start to repeat, leading to diminishing
returns in performance with additional pathways.

Effect of different plan diversification and response aggre-
gation in PoT. We evaluate all possible combinations of the meth-
ods introduced in Section 4.2. Specifically, we consider four con-
figurations: 1) Planning Action Variation w/ Best-of-N, 2) Planning
Action Variation w/ Mixture-of-N, 3) Initial State Alteration w/ Best-
of-N, and 4) Initial State Alteration w/ Mixture-of-N. Additionally,
we explore different values of the hyperparameter 𝜏 for both Plan-
ning Action Variation and Initial State Alteration. The results of this
experiment are shown in Figure 5. Our analysis reveals several key

observations. Most notably, Mixture-of-N consistently outperforms
Best-of-N regardless of the plan diversification method. This can
be attributed to the fact that Best-of-N selects only one response
from the generated candidates, whereas Mixture-of-N enables the
combination of strengths from multiple responses, resulting in a
more comprehensive and higher-quality output. we observe that
increasing the hyperparameter 𝜏 improves performance. In Plan-
ning Action Variation, a higher 𝜏 leads to a more diverse set of
generated plans due to higher sampling temperature, resulting in
more varied thinking pathways that may produce more tailored
responses. In Initial State Alteration, increasing 𝜏 provides each
pathway with more user-specific information, enabling more per-
sonalized responses. Comparing the two, Planning Action Variation
generally outperforms Initial State Alteration in terms of average
performance. However, as 𝜏 increases, the performance gap nar-
rows. Overall, Planning Action Variation w/ Mixture-of-N achieves
the best performance for personalized question answering.

PoT’s generalizability and independence of LLM. In the same
setting as Gemini 1.5 pro, we apply PoT and the best performing
baselines to another backbone LLM, GPT-4o-mini, to demonstrate
its effectiveness across different LLMs with long context windows.
The average performance across all categories is presented in Fig-
ure 6. The results indicate that, similar to Gemini 1.5 Pro, GPT-
4o-mini with PoT outperforms all baselines on all categories. It
achieves a statistically significant 9.4% relative improvement on
average across all datasets compared to the best baseline. These
findings suggest that PoT enhances the performance of LLMs in
personalized QA regardless of the underlying backbone LLM.

Human evaluation. We randomly sample 100 examples from
LaMP-QA and generate outputs using PoT and In-Context Per-
sonalization w/ CoT & Best-of-32. Human annotators evaluate the
outputs based on their alignment with the the user’s question nar-
rative (i.e., a detailed description of user’s information need and
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Figure 5: Effect of planning diversification and response aggregation methods on the performance.

Figure 6: Performance of Pathways of Thoughts and baselines with GPT-4o-mini as the backbone LLM.

perspective). Each example is annotated twice, yielding an inter-
annotator agreement Cohen’s kappa of 0.613. The results indicate
that annotators preferred PoT in 66% of the cases, the baseline in
19%, and reported tie in 15% of cases. These results show that PoT
achieves considerably higher alignment with human preferences.

5.3 Case Study
We observe that PoT (𝑁 = 16, 𝑇 = 8) generates 1943 unique path-
ways, defined by distinct action sequences chosen. Specifically, Art
& Entertainment yields 1109, Lifestyle & Personal Development pro-
duces 814, and Society & Culture results in 1182 unique pathways.
On average, each example generates 11.1 unique pathways with on
average 7.19 actions. As a case study demonstrating the effective-
ness of PoT, we present an example in Figure 16 in Appendix:

• Thinking Pathways & Generated Responses: To conserve
space, we present in Figure 16 only the sequence of steps taken
in each pathway, rather than the full generated text, and the
response in each pathway. Each pathway corresponds to a dis-
tinct reasoning trajectory generated by PoT. For example, in the
illustrated case, PoT selects different pathways depending on
whether personalization is required. Some pathways generate a
direct response without personalization (e.g., Pathway 7), while
others involve multiple rounds of reasoning that integrate vari-
ous aspects of the query with the user profile before producing
an answer (Pathways 1–6, 9–11, 13–15). Certain pathways also
involve revision (Pathways 12, 15, and 16) or clarification (Path-
way 4). Notably, we observed that for some trajectories PoT omit
personalization entirely (Paths 7, 8, and 11). This shows that
PoT deliberately explores a diverse range of reasoning strate-
gies, producing responses from multiple perspectives that are
subsequently combined into a final answer encompassing the
advantages of each. Although responses across pathways share

common elements, each retains distinctive characteristics, reflect-
ing the variation in underlying reasoning strategies.

• Final Response: Figure 16 shows the final response to the user’s
question, produced by aggregating and integrating components
from multiple pathway outputs into a single coherent answer.
The contributions of different pathways are indicated in brackets
([]). This shows how PoT leverages the complementary strengths
of diverse reasonings, combining them into a unified response
that aligns with the user’s preferences and key information needs.

6 Conclusions
This paper addresses the critical yet under-explored problem of
personalized question answering. we propose Pathways of Thoughts
(PoT), a novel approach that models the LLM’s thinking process as
an MDP during test time. By enabling the exploration of multiple
thinking pathways and aggregating diverse responses, PoT effec-
tively captures user preferences to generate personalized answers.
Our results on LaMP-QA demonstrate that PoT achieves substantial
improvements over baseline methods, with performance gains of up
to 10.8%. Furthermore, human evaluation confirms the effectiveness
of our approach, showing a strong user preference over existing
baselines. This paper focuses solely on personalized question an-
swering; however Pathways of Thoughts is a general framework
and future work can explore the potential of Pathways of Thoughts
for long-form text generation beyond personalization.
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# Your Task

Your task is to select one of the actions between the given actions. The actions should be chosen considering
that the main goal is generating a personalized response to the question. The action you choose should be
the next best step toward the final goal, which is generating a personalized response to the question. The
valid actions that you can choose from are:

{list of actions}
{action 1}
{action 2}
...
{action n}

You cannot choose any action that is not in the aforementioned valid actions list.

# Your output
Your output for selecting an action should be a valid JSON, enclosed in ```json ``` block, with the following
fields:

- action: a string representing your selected action.
- reason: a string representing the reason for why the action is selected and how it is helpful to reach
the final goal, which is generating a personalized response to the question.
- actionOutput: a json representing the output of the action based on the defined output format for the
selected action.

Action Selection Prompt

Figure 7: Action selection prompt used in PoT.

You are a personalized search assistant with great rating capabilities. Your task is to look at the previous
questions and post details of a user, and infer what are the aspects that is important for the user and the user
expect to see them in a reponse to their query.

# your input:
Your input is the previous questions and details of them that asked by the user.
# your output:
You should generate a valid JSON list of objects, enclosed in ```json ``` block, each object with the following
fields:

- aspect: The aspect that is important for the user.
- description: The description of the aspect.

previous questions and details:
{question & details 1}
...
{question & details |P|}

output: ``` json

Important Aspects Extraction from Profile

Figure 8: Prompt for extracting important aspects from the
user profile used in PoT.

You are a personalized search assistant with great rating capabilities. Your task is to select the best answer to
the question of the user, considering the aspects that are important for the user.

# your input:
- aspects: a json list of aspects that are important for the user. Aspects are in the following format:

- aspect: The aspect that is important for the user.
- description: The description of the aspect.

- question: The question asked by the user.
- responses: a list of responses to the question of the user. Responses are in the following format:

- response: The generated response to the question of the user.
- index: The index of the response.

# Your task: Your task is to select the answer to the question of the user that covers the most of aspects that
are important for the user.
## your output:
 You should generate a valid JSON object, enclosed in ```json ``` block that contains the best answer to the
question of the user, in the following format:

- index: The index of the best answer to the question of the user that covers the most number of
aspects that are important for the user.
- reason: a string that shows the reason for this selection.

# aspects:
{aspect: aspect 1, description: description aspect 1}
...
{aspect: aspect 1, description: description aspect K}
# question: {question}
# responses:
{index: 1, response: response 1}
...
{index: N, response: response N}

output: ``` json

Best-of-N

Figure 9: Prompt for selecting the best response out of N gen-
erated responses used in PoT.
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A PoT’s Implementation Details
A.1 Actions Definition
Wedefine an action as ameans bywhich the agent interacts with the
text generation environment, specifically the LLM, by instructing
it to perform a particular operation. Each action is associated with

You are a personalized search assistant with great rating capabilities. Your task is to look at a set of
personalized responses to the user's question and combine them into a single personalized response,
considering the aspects that are important for the user.

# your input:
- aspects: a json list of aspects that are important for the user. Aspects are in the following format:

- aspect: The aspect that is important for the user.
- description: The description of the aspect.

- question: The question asked by the user.
- responses: a list of responses to the question of the user. Responses are in the following format:

- response: The generated response to the question of the user.
- index: The index of the response.

# Your task: Your task is to look at a set of personalized responses to the user's question and combine them
into a single personalized response, considering the aspects that are important for the user.
## your output:
You should generate a valid JSON object, enclosed in ```json ``` block that contains the best answer to the
question of the user, in the following format:

- personalizedAnswer: The final combined personalized response to the user's question considering all
the generated responses and the important aspects for the user.

# aspects:
{aspect: aspect 1, description: description aspect 1}
...
{aspect: aspect 1, description: description aspect K}
# question: {question}
# responses:
{index: 1, response: response 1}
...
{index: N, response: response N}

output: ``` json

Mixture-of-N

Figure 10: Prompt formixing theN generated responses into
a single response used in PoT.
a specific output format that the LLM generates in response to the
instruction. In this paper, we consider the following actions as the
operations the model can take to respond to a question:
• answering: This action instructs the model to generate a person-
alized response to the question, provided that personalization
can enhance the response. It should be selected when the model
is prepared to answer the question, ensuring that all necessary
information is available and there is no ambiguity.

• planning: This action instructs the model to generate a plan of
steps required to address all aspects of the question. It should
be executed when the question has multiple components, and
the model recognizes that planning the next steps is necessary
to adequately respond to the user’s query.

• personalization: This action asks the model to evaluate whether
the user’s question can benefit from personalization. It is useful
when determining whether personalizing the response is neces-
sary or if a generic response would suffice.

• personalizing: This action asks the model to identify relevant
information from the user profile and summarize how it can be
used to answer the question. It is executed when personalized
information is necessary to enhance the quality of the response.

• reasoning: This action prompts the model to break down one
aspect of the question and think through it step by step. It is
executed when questions involve multiple aspects, and the model
needs to focus on and consider how to address a specific aspect.

• clarifying: This action prompts the model to assess whether the
question is ambiguous and determine how it can be clarified. It is
executed when the model identifies that the current information
is insufficient or unclear, requiring further elaboration.

• summarizing: This action instructs the model to summarize all
available information and findings. It should be executed when
the model determines that the current information needs to be
consolidated or synthesized to ensure a clearer understanding
before continuing with the response generation.

• revising: This action instructs the model to revise the current re-
sponse to the question. It should be executed when the model has
already generated an initial response but believes the response
can be improved or adjusted to better address the user’s query
or to incorporate additional insights or information.

https://aclanthology.org/2024.naacl-long.132
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You task is to answer a user's question from a post in a personalized way by considering this user's past post
questions and detailed descriptions of these questions.

# Your input:
- The user's current question from a post.
- The user's past post questions and detailed descriptions of these questions.

# You task:
Answer the user's current question in a personalized way by considering this user's past post questions and
detailed descriptions of these questions.

# Your output:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

- personalizedAnswer: a string representing your personalized answer to the user's current question by
considering this user's past post questions and detailed descriptions of these questions.

# input:
## Past post questions and detailed descriptions of these questions:
{profile}
## Current post question:
{query}

output: ``` json

In-context Personalization

Figure 11: Prompt for the In-Context Personalization.

You task is to answer a user's question from a post in a personalized way by considering this user's past post
questions and detailed descriptions of these questions.

# Your input:
- The user's current question from a post.
- The user's past post questions and detailed descriptions of these questions.

# You task:
Answer the user's current question in a personalized way by considering this user's past post questions and
detailed descriptions of these questions. You should do this using the following steps:

- step 1: From the previous questions and their detailed descriptions, you should first identify the
aspects that are important for the user to include in the response to their question.
- step 2: Based on the extracted important aspects for the user, you should answer their current
question in a personalized way.

# Your output:
You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:

- importantAspects: a string representing the important aspects for the user extracted from their
previous questions and their details explanation.
- personalizedAnswer: a string representing your personalized answer to the user's current question by
considering this user's past post questions and detailed descriptions of these questions.

# input:
## Past post questions and detailed descriptions of these questions:
{profile}
## Current post question:
{query}

output: ``` json

In-context Personalization /w CoT

Figure 12: Prompt for In-Context Personalization with CoT.

• finalizing: This action finalizes the response. It should be executed
when the model believes the response is complete, accurate, and
addresses the user’s query. No further actions or revisions are
necessary, and the response is ready to be presented.

A.2 Details of Response Aggregation Methods
An essential component of Pathways of Thoughts involves aggre-
gating the candidate responses generated across different thinking
pathways into a single output. Each pathway produces a candidate
response, collectively forming a set of response proposals, denoted
as 𝑅PoT. To generate the final response𝑦𝑥𝑢 personalized for the user,
it is crucial to select the most suitable candidate. To achieve this,
we first employ the LLM 𝜋 to extract the key aspects 𝐼𝑢 relevant to
user 𝑢 from their user profile 𝑃𝑢 . This extraction process is guided
by the prompt illustrated in Figure 8, acting as an intermediate step
to capture the user’s individual preferences. Based on this, there
are two methods to generate the final response:
• Best-of-N: Given the extracted important aspects for the user
and the input, the LLM selects the optimal response from the
set of candidate responses generated through multi-directional
thinking. This is guided by the prompt shown in Figure 9.

• Mixture-of-N: Given the extracted important aspects for the user
and the input, the LLM integrates different aspects of the candi-
date responses from the set of multi-directional thinking outputs,
guided by the prompt in Figure 10. This method emulates human

Your task is to answer a user's question from a post in a personalized way by considering this user's past post
questions and detailed descriptions of these questions.
# Your input:

- The user's current question from a post.
- The user's past post questions and detailed descriptions of these questions.

# Your task: Your task is to generate a plan for responding to the user's question in a personalized way by
considering this user's past post questions and detailed descriptions of these questions.

# Your output: You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:
- plan: a string representing a plan of steps that we can take to answer all the aspects of the question.

# Your input:
## Past post questions and detailed descriptions of these questions:
{profile}
## Current post question:
{query}

output: ``` json

Planning in Tree-of-Thoughts

Figure 13: Prompt for the planning step in ToT.

Your task is to answer a user's question from a post in a personalized way by considering this user's past post
questions and detailed descriptions of these questions.

# Your input:
- The user's current question from a post.
- The user's past post questions and detailed descriptions of these questions.
- The plan that guides you to answer the question.

# Your task: Your task is to generate a response to the user's question in a personalized way by considering
this user's past post questions and detailed descriptions of them and the given plan on how to answer the
question.

# Your output: You should generate a valid JSON, enclosed in ```json ``` block, with the following fields:
- personalizedAnswer: a string representing your personalized answer to the user's current question by
considering this user's past post questions and detailed descriptions of these questions and the given
plan on how to answer the question.

# Your input:
## Past post questions and detailed descriptions of these questions:
{profile}
## Current post question:
{query}
## Plan:
{plan}

output: ``` json

Response Generation in Tree-of-Thoughts

Figure 14: Prompt for the response generation step in ToT.

You are a personalized search assistant with great rating capabilities. Your task is to select the best plan to
answer the question of the user, considering the aspects that are important for the user.

# your input:
- aspects: a json list of aspects that are important for the user. Aspects are in the following format:

- aspect: The aspect that is important for the user.
- description: The description of the aspect.

- question: The question asked by the user.
- plans: a list of plans to answer the question of the user. Plans are in the following format:

- plan: The generated response to the question of the user.
- index: The index of the response.

# Your task: Your task is to select the plan to answer the question of the user that covers the most of aspects
that are important for the user.

## your output: You should generate a valid JSON object, enclosed in ```json ``` block that contains the best
answer to the question of the user, in the following format:

 - index: The index of the best plan to answer the question of the user that covers the most number of
aspects that are important for the user.
- reason: a string that shows the reason for this selection.

# aspects:
{aspects}
# question:
{question}
# plans:
{plans}

output: ``` json

Plan Selection in Tree-of-Thoughts

Figure 15: Prompt for the plan selection step in Tree of
Thoughts [40]. The important aspects extracted for the user
are generated using the prompt shown in Figure 8.

problem-solving by exploring multiple solutions and synthesiz-
ing a new response that leverages the strengths of all candidates.

B Baselines Prompts
Figures 11 and 12 present the prompts used for the personalized
baselines without and with chain-of-thought reasoning, respec-
tively. For the Tree of Thoughts baseline, Figure 13 shows the plan-
ning prompt, Figure 14 illustrates the response generation prompt,
and Figure 15 provides the plan selection prompt.
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Bringing up a political concern at work, especially in a
minority-led business, requires careful consideration and
sensitivity. Based on your previous posts, it seems you
value clear and effective communication, which is
essential in this situation. First, it's important to clarify your
own thoughts. What is the specific political topic you're
concerned about, and what outcome are you hoping to
achieve by bringing it up? Are you aware of any company
policies regarding political discussions in the workplace?
It's understandable that you're mindful of the context of
working in a minority-led business. These environments
can sometimes be more sensitive to political discussions,
especially if the topic relates to issues that directly impact
the community the business represents. When
approaching the conversation, focus on shared values and
goals that resonate with the company's mission and the
concerns of its leadership. Choose the right time and
place for a private conversation, avoiding public forums or
emotionally charged moments. Be respectful, listen
actively, and approach the conversation with a willingness
to understand different perspectives. Instead of dwelling
on problems, propose concrete actions or solutions that
align with the company's values and address your
concerns. Finally, it's important to be aware of relevant
laws, such as freedom of speech and workplace
discrimination. While you have the right to express your
political views, employers also have the right to maintain a
professional and respectful work environment. It's best to
familiarize yourself with your company's policies and
relevant laws in your jurisdiction. Remember, clear,
respectful, and solution-oriented communication is key to
navigating this sensitive situation effectively.

Pathway 1: [plan, personalize, reason, reason, reason,
reason, summarize, answer, finalize]

It's understandable that you're being mindful of the business being minority-led. It's important to
approach sensitive topics like politics with respect and consideration for everyone's perspectives. 
First, consider the specific political concern you want to raise and how it relates to the business. Is it
directly relevant to the business's operations, values, or industry? How might this concern affect
employees, customers, or the business's reputation?Remember when you were asking about writing
your petition clearly and concisely? Those same principles apply here. When discussing a sensitive
political topic, it's crucial to be clear about your concerns, provide specific examples if possible, and
avoid overly emotional or accusatory language. You've also shown a strong ability to communicate
passionately and effectively in your grant writing, so tap into those skills to express your concerns
constructively. Here are a few ways you could bring up the topic: - **Open dialogue with
management:** If you feel comfortable, consider having an open and honest conversation with your
manager or a trusted supervisor. Explain your concerns clearly and respectfully, focusing on how the
issue might impact the business or work environment. - **Create a safe space for discussion:**
Perhaps suggest creating a safe space for employees to discuss their concerns and perspectives on
political matters. This could be a facilitated discussion group or an open forum where everyone feels
comfortable sharing their thoughts. - **Written communication:** If you prefer a more formal approach,
consider writing a well-structured letter or email outlining your concerns and suggestions. This allows
you to carefully articulate your thoughts and ensure clarity.Remember how you emphasized clear and
passionate communication in your grant writing? Those same principles apply here, but with an added
layer of sensitivity. When discussing politics, it's essential to:- **Understand different perspectives:**
Acknowledge that others may have different viewpoints and try to understand their reasoning. -
**Practice active listening:** Listen attentively to what others have to say, even if you disagree. -
**Find common ground:** Focus on shared values and goals, and try to find areas of agreement. -
**Use respectful language:** Avoid inflammatory language or personal attacks. It's important to be
prepared for the possibility of disagreement or differing opinions. Not everyone may share your views,
and that's okay. If you encounter resistance or conflict, try to: - **Stay calm and respectful:** Avoid
getting defensive or engaging in personal attacks. - **Focus on the facts:** Stick to the issue at hand
and avoid making generalizations or assumptions. - **Seek common ground:** Even if you disagree
on the specifics, try to find areas of shared values or goals. - **Know when to disengage:** If the
conversation becomes unproductive or heated, it's okay to politely disengage and revisit the topic at
another time. By approaching the conversation with respect and a willingness to listen, you can create
a more productive and positive dialogue.

Pathway 2: [plan, personalize, reason, reason, reason, reason, reason, reason, finalize]

It's understandable to feel apprehensive about bringing up a political
concern, especially within a minority-led business. Your past
experiences navigating travel as a blind person, managing medical
needs abroad, and advocating for yourself in grant applications
demonstrate your resilience and ability to navigate potentially
sensitive situations. Remember those successes as you approach
this conversation.Here are some tips to help you navigate this
conversation effectively:* **Focus on shared values:** Frame your
concern in a way that highlights shared values with the business
leadership. Emphasize how it relates to the business's mission,
impacts employees or the community, or aligns with principles of
fairness and respect. * **Choose the right time and setting:**
Request a private meeting to discuss your concerns, rather than
raising them in a public or informal setting. * **Use respectful
language:** Communicate clearly and calmly, avoiding accusatory
or inflammatory language. Focus on expressing your perspective
and understanding theirs. * **Be an active listener:**  Listen
attentively to the perspectives of the business leadership and be
open to dialogue. This demonstrates respect and a willingness to
find common ground.
* **Have a clear goal:** Define what you hope to achieve through
the conversation. Are you seeking change, raising awareness, or
simply expressing your concerns?* **Prepare for different
outcomes:** The business leadership might be receptive to your
concerns and open to dialogue, or they might be dismissive or
defensive. Consider how you will respond in each scenario,
maintaining your composure and advocating for your needs
respectfully.Remember, you have the right to express your
concerns, and doing so with respect and sensitivity can lead to a
productive conversation. Your past experiences have equipped you
to handle this situation with grace and determination.

Pathway 3: [plan, check_personalization, personalize, reason,
reason, reason, reason, answer, finalize]

It's commendable that you want to advocate for immigrant
rights, especially given the current political climate.
However, discussing political issues at work, particularly in
a minority-led business, requires careful consideration.
Here's a breakdown of key points:* **Sensitivity:**
Recognize that political discussions can be divisive.
Approach the topic with respect and empathy,
understanding that others may have different viewpoints.*
**Business Values:** Research if your company has any
stated positions on immigration. Aligning your advocacy
with existing company values can make your approach
more effective.* **Power Dynamics:** Be mindful of your
position within the company and the potential impact of
your words. Consider the perspectives of the minority
leadership, who may have unique experiences and
sensitivities related to immigration. * **Communication
Strategies:**    * Start by having informal conversations
with colleagues to gauge their perspectives and build
consensus.    * If you decide to approach leadership, do so
respectfully and professionally. Frame your concerns in a
way that highlights the potential benefits to the business,
such as attracting diverse talent or strengthening
community ties.    * Be prepared to listen to opposing
viewpoints and engage in constructive dialogue.* **Legal
Considerations:** Familiarize yourself with your company's
policies on political discussions in the workplace.
Understand your rights and any potential legal
protections.Remember, your goal is to advocate for a
cause you believe in while maintaining a positive and
respectful work environment. By approaching the
conversation thoughtfully and strategically, you can
increase your chances of making a meaningful impact.

Pathway 4: [plan, check_personalization, personalize,
reason, reason, clarify, reason, reason, finalize]

It's commendable that you're being mindful of the fact that your workplace is
minority-led. This shows a sensitivity to the potential complexities of discussing
political topics in this context. Your experience with grant writing has likely taught
you the importance of presenting information persuasively and respectfully.
These skills will be valuable when discussing political concerns, as you'll need to
articulate your points clearly and consider the perspectives of others. Additionally,
your emphasis on conciseness will help ensure your message is impactful and
easy to understand. It's understandable to be cautious when discussing political
topics, especially in a workplace setting. It's important to remember that people
may have diverse perspectives and experiences, particularly in a minority-led
business. Being mindful of these differences and approaching the conversation
with respect and empathy is crucial. Here are some tips for approaching this
conversation constructively: 1. **Focus on shared values:** Frame your concerns
in a way that aligns with the company's mission and values. 2. **Use respectful
language:** Avoid inflammatory rhetoric and maintain a professional tone. 3. **Be
a good listener:**  Engage in active listening and be open to understanding
different perspectives. 4. **Be prepared for pushback:** Not everyone may agree
with your views, so be prepared to handle disagreements respectfully. 5.
**Choose the right time and place:**  Avoid bringing up political topics during
work hours or in inappropriate settings. Ultimately, fostering open and honest
communication is essential, especially in a workplace that values diversity. By
approaching this conversation with sensitivity, respect, and a willingness to listen,
you can contribute to a positive and inclusive work environment.

Pathway 5: [plan, check_personalization, personalize, reason, reason, reason,
reason, reason, finalize]

It's understandable that you're feeling apprehensive about bringing up a political
topic at work, especially since it's a minority-led business. These situations require
a delicate balance of advocating for your beliefs while respecting the company's
values and the potential vulnerabilities of a minority-led organization. Before taking
any action, it's important to clarify your own goals. Do you want to advocate for a
specific policy change, express dissatisfaction, or simply engage in open dialogue?
Understanding your motivation will help you tailor your approach. Given your
experience with petitions and grant applications, you clearly value clear and
concise communication. This will be a valuable asset in navigating this
conversation. Here's how you can apply those skills: * **Research:** Understand
the business's stance on the issue and consider how your views align with their
values. * **Choose the right setting:** Initiate a private conversation, away from
customers or colleagues. * **Prepare your points:** Organize your thoughts and
present them in a clear, concise, and respectful manner. * **Focus on shared
values:** Frame the conversation around common ground and potential benefits
for the business. * **Be a good listener:**  Engage in active listening and be open
to different perspectives. * **Offer solutions:**  Instead of just raising concerns,
propose actionable steps the business could take. Remember, your experience
navigating sensitive situations while traveling with a disability can be helpful here.
Assess the potential risks before proceeding. Political discussions at work can
strain relationships, impact the company's reputation, or even jeopardize your job
security. Weigh the potential benefits against these risks and make a responsible
decision that aligns with your values and goals.

Pathway 6: [plan, check_personalization, personalize, reason, reason, reason,
reason, answer, finalize]

It's commendable that you're being mindful of the dynamics within
your workplace. Here's how to approach a political topic with
sensitivity, especially in a minority-led business:* **Choose the right
time and place:** Avoid bringing up politics during work hours or in
common areas. If you feel a discussion is necessary, consider a
more private setting and time.* **Focus on shared values:** Frame
your concerns in a way that aligns with the company's mission and
values. This helps create common ground and fosters a more
constructive conversation.* **Listen actively and respectfully:** Be
prepared to listen to perspectives that may differ from your own.
Show empathy and understanding, even if you disagree.* **Avoid
inflammatory language:** Use neutral and respectful language.
Avoid making generalizations or assumptions about others' political
beliefs.* **Be mindful of power dynamics:** Be aware of the
potential power imbalances that may exist in a minority-led
business. Approach the conversation with humility and a willingness
to learn from others' experiences.* **Focus on solutions:** Instead
of dwelling on problems, try to focus on potential solutions or ways
to address the issue constructively.Remember, open and respectful
communication is key. By approaching the conversation with
sensitivity and a willingness to understand different perspectives,
you can create a more inclusive and productive work environment.

Pathway 7: [plan, check_personalization, answer, finalize]

Bringing up political topics at work can be tricky,
especially in a minority-led business where there might
be diverse perspectives. Here's how to approach it:*
**Prioritize Respect:**  Start by acknowledging that
everyone has different viewpoints. Listen actively, be
empathetic, and avoid making assumptions about
others' beliefs. * **Be Mindful of Context:** While it's
important not to stereotype, recognize that a minority-
led business might have unique experiences related to
certain political issues. Be sensitive to this context. *
**Find Common Ground:** Frame the conversation
around shared goals and values. Look for areas of
agreement and emphasize the importance of working
together. * **Choose the Right Channel:** Consider
whether a private conversation with a supervisor or HR
is more appropriate than a public discussion. * **Stay
Professional:**  Avoid personal attacks, inflammatory
language, and emotional outbursts. Stick to the facts
and present your concerns calmly and
respectfully.  Remember, open and honest
communication is important, but it's crucial to approach
sensitive topics with tact and understanding.

Pathway 8: [plan, check_personalization, reason,
answer, finalize]

It's great that you're being mindful of the business's background as
minority-led. It shows you're approaching this with respect and
consideration. Raising political concerns can be tricky in any workplace, as
it can sometimes feel like there's a power imbalance. It's important to
approach the conversation with sensitivity and respect for everyone's
perspectives.
Based on your past questions, it seems you have a good understanding of
navigating potentially sensitive situations, especially when it comes to
different cultural contexts and legal complexities. This experience can be
valuable when approaching a political discussion in your workplace. Just
like you carefully considered accessibility and legal matters while traveling,
it's important to approach this conversation with the same level of
thoughtfulness and awareness. Here are some tips for having a
constructive conversation:
* **Find common ground:** Instead of focusing on differences, try to identify
shared values and goals.* **Frame concerns constructively:**  Phrase your
concerns in a way that emphasizes collaboration and finding solutions. You
could say something like, "I'm concerned about [issue] and I'm wondering if
we can discuss ways to address it together." * **Listen actively and
communicate respectfully:** Be open to hearing different perspectives and
try to understand where others are coming from. Finally, it's always a good
idea to familiarize yourself with your company's policies regarding
employee feedback and political discussions. This will help you understand
the appropriate channels for raising concerns and ensure you're
approaching the situation in a way that aligns with company guidelines.

Pathway 9: [plan, check_personalization, personalize, reason, reason,
reason, reason, reason, finalize]

It's understandable that you're cautious about bringing up a
political concern, especially in a minority-led business. It's
important to approach this conversation with respect and
sensitivity, drawing on your past experiences advocating for
your needs in a thoughtful way. To give you the best advice,
it would be helpful to understand what you hope to achieve
by bringing up this topic. Are you looking to raise
awareness, advocate for change, or simply express your
views? Also, consider how this topic aligns with the
business's values and mission. This will help you frame the
conversation in a way that resonates with the
leadership. When bringing up the topic, choose an
appropriate time and place, perhaps during a one-on-one
meeting or a team discussion where open dialogue is
encouraged. Frame your concerns constructively, focusing
on shared values and potential solutions rather than
criticism. Be prepared to listen actively to the perspectives of
others, even if they differ from your own. 
Keep in mind that you may encounter differing viewpoints or
sensitivities. This is natural, especially when discussing
political topics. If this happens, try to remain calm and
respectful. Focus on finding common ground and
understanding the other person's perspective. If the
conversation becomes heated, it might be best to politely
disengage and revisit the topic at another time.

Pathway 10: [plan, check_personalization, personalize,
reason, reason, reason, reason, answer, finalize]

Bringing up political concerns at work can be tricky, especially in a
minority-led business where sensitivities might be heightened. Here's how
to approach it:
**1. Consider the context:** - **Company culture:** Is your workplace
generally open to discussing political matters, or is it best to keep those
conversations separate from work? - **Impact on the business:** Does
the political issue directly affect your work or the company's mission? If
so, framing your concern around its potential impact can be more
effective.**2. Choose the right time and place:** - Avoid bringing up
politics during busy work hours or in public settings where others might
feel uncomfortable. - If you need to discuss it, consider scheduling a
private meeting with your supervisor or HR representative.**3. Be
respectful and inclusive:** - Use respectful language and avoid
generalizations or stereotypes about any group of people. - Acknowledge
that others may have different perspectives, and focus on finding
common ground rather than engaging in heated debates. - In a minority-
led business, it's especially important to be mindful of the potential for
your concerns to be perceived as insensitive or discriminatory. Frame
your points in a way that emphasizes shared values and avoids alienating
colleagues. **4. Focus on solutions:** - Instead of just voicing your
concerns, try to offer constructive solutions or suggestions for how the
company can address the issue.Remember, open and respectful
communication is key. By approaching the conversation thoughtfully and
considering the specific context of your workplace, you can increase the
chances of having a productive dialogue.

Pathway 11: [plan, check_personalization, reason, reason, answer,
finalize]

It's understandable that you're cautious about bringing up political topics at
work, especially in a minority-led business. Your past questions show you're
very aware of navigating sensitive situations and ensuring inclusivity, which is
commendable. Here's how you can approach this: * **Consider the context:**
Is the topic relevant to your work or the company's mission? Is there a
specific issue affecting the workplace or the community that you feel strongly
about? * **Choose your moment wisely:** Avoid bringing up politics during
busy times or when emotions are running high. Opt for a calm and respectful
setting. * **Focus on shared values:** Frame your concerns in a way that
aligns with the company's values and mission. Emphasize common ground
and shared goals. * **Be mindful of power dynamics:** Remember your
position within the company and be respectful of those in leadership roles. *
**Listen actively:** Engage in a two-way conversation, actively listening to
others' perspectives, even if you disagree. * **Be clear and concise:** Just
like your successful grant writing, where you had to communicate your goals
persuasively, use those same skills to articulate your points clearly and
effectively, avoiding jargon or overly emotional language. * **Know your
company's policies:** Familiarize yourself with any workplace policies
regarding political discussions. Remember, your past experiences navigating
sensitive situations, like ensuring accessibility for those with special needs or
understanding regulations around medication, have equipped you with the
skills to approach this conversation thoughtfully and respectfully. By focusing
on shared values, clear communication, and respectful dialogue, you can
contribute to a positive and productive workplace environment.

Pathway 12: [plan, check_personalization, personalize, reason, answer,
revise, finalize]

It's commendable that you're being mindful of the sensitivities involved in
discussing politics, especially within a minority-led business. It shows you're
thoughtful and considerate of the potential impact of your words. Drawing from
your experience in writing a clear and concise petition, remember that focusing on
shared values and common goals can be a good starting point. Just as you sought
to persuade your audience in the petition, you can aim to find common ground and
build understanding when discussing political topics.It's wise to be particularly
aware of the power dynamics at play, especially since the business is minority-led.
Consider the perspectives and experiences of those in leadership positions, and
how your views might be received. Active listening and showing respect for their
experiences can go a long way in fostering a constructive dialogue. Remember
your own emphasis on clear and concise communication. Apply that same principle
to political discussions, focusing on shared values, understanding different
viewpoints, and expressing your concerns respectfully. This approach can help
foster a constructive dialogue rather than a heated debate.Here are some practical
tips:  1) Choose an appropriate time and place for discussion, avoiding sensitive
moments or public settings. 2) Frame your concerns in a way that focuses on
shared values and common goals. 3) Be prepared to listen actively and understand
different perspectives, even if you disagree. 4) Avoid accusatory language or
personal attacks. 5) Be willing to compromise and find common ground.Just as you
carefully researched accessibility before traveling, take time to observe the
workplace culture and dynamics. Pay attention to how colleagues interact, what
topics are openly discussed, and the general political climate. This will give you
valuable insights into the best approach for bringing up your concerns.

Pathway 13: [plan, personalize, reason, reason, reason, reason, reason, reason,
finalize]

It's understandable that you want to address this concern, especially given your
history of advocating for important issues. However, approaching this topic with a
minority business owner requires a delicate touch. Here's how you can do
this:1.**Acknowledge the Sensitivity:** Begin by recognizing that political
discussions can be sensitive, particularly within a minority-led business. Your
employer may have unique experiences and perspectives related to their identity,
so approach it with empathy and respect. 2. **Focus on Open Dialogue:** Frame
your concerns constructively, emphasizing shared values. Instead of making
accusations or engaging in divisive language, focus on understanding your
employer's viewpoint and common ground. Remember, your past successes in
grant writing demonstrate your ability to articulate your thoughts persuasively, so
use those skills to foster a productive conversation. 3. **Prepare and Practice:** 
Before initiating, research the political topic thoroughly and consider how it might
intersect with the business's mission and values. Practice framing your concerns in
a clear, concise, and respectful manner. This preparation will help you
communicate effectively and confidently. 4. **Choose the Right Time and Place:**
Find a private and appropriate setting to have this conversation, ensuring that both
you and your employer feel comfortable and have ample time to discuss the
matter. 5. **Be a Good Listener:** Active listening is crucial. Pay attention to your
employer's perspective, ask clarifying questions, and demonstrate that you value
their input. This approach will help build trust and understanding. Remember, your
goal is to express your concerns while maintaining a positive and respectful
relationship. By approaching the conversation thoughtfully and leveraging your
communication skills, you can navigate this sensitive situation effectively.

Pathway 14: [plan, check_personalization, personalize, reason, reason, reason,
summarize, answer, finalize]

Raising political concerns at work can be tricky, especially
in a minority-led business where sensitivities might be
heightened. It's great that you're approaching this with
such care. Before bringing up the topic, try to understand
the perspective of the minority leadership and research
the business's stance on related issues. This will help you
tailor your message and approach the conversation with
sensitivity. Remember your experience writing petitions
and grant applications? You can use those same skills
here. First, consider the company's values and how this
political issue might resonate with them. Can you frame
your concerns in a way that aligns with their mission or
highlights shared values?  Just like in a grant proposal,
back up your points with evidence and facts. This helps
keep the conversation focused and less emotional.
Instead of just pointing out problems, try to offer solutions
or suggestions for how the company could address the
issue. Think about the best way to communicate. Would a
well-written email or memo be more effective, or is a face-
to-face conversation appropriate?  Maintain
professionalism. Use respectful language, avoid personal
attacks, and focus on constructive dialogue. You've got
this! Your experience with persuasive writing will be a
valuable asset in navigating this conversation.

Pathway 15: [plan, check_personalization, personalize,
reason, reason, summarize, answer, revise, finalize]

It's great that you're thinking about how this legislation could
impact accessibility! As a customer service representative,
you might not be in a position to directly advocate for a
political stance. However, your personal experience with
accessibility, especially as a blind traveler who has navigated
similar challenges, makes your perspective incredibly
valuable. Here's how you might approach the topic:* **Share
your personal insights:** Explain how the legislation could
affect customers with disabilities, drawing on your own
experiences. Your firsthand knowledge will add weight to your
concerns. * **Focus on customer impact:** Frame your
concerns around inclusivity and positive customer
experiences. This might resonate more with the business than
a purely political argument. * **Provide resources:** Offer links
to information about the legislation and its potential
consequences. * **Find allies:** Connect with colleagues who
share your concerns. A collective voice can be more
impactful. * **Understand company values:** Research the
company's stance on diversity and inclusion. This can help
you tailor your approach. Remember, respectful
communication is key, especially in a minority-led business.
By focusing on the impact on customers and sharing your
personal perspective, you can raise awareness and contribute
to a more inclusive environment.

Pathway 16: [plan, check_personalization, personalize, clarify,
reason, answer, revise, finalize]

It's commendable that you're being mindful of the dynamics within your workplace, especially given that it's minority-led. Bringing up political concerns in any workplace can be tricky, but your past experiences with grant
writing, advocating for accessibility, and navigating complex situations while traveling have equipped you with valuable skills for this conversation.  Here's a combined approach, drawing from the best advice and considering
your emphasis on clear, concise, and respectful communication: **Preparation and Understanding:** * **Clarify your goals:** What do you hope to achieve by bringing up this topic? Are you seeking change, raising
awareness, or simply expressing your concerns? [Response 5] * **Research:** Understand the business's stance on the issue and consider how your views align with their values. [Response 5] * **Contextualize:** Is the
topic directly relevant to the business's operations, values, or industry? How might it affect employees, customers, or the business's reputation? [Response 1] * **Company Culture:** Is your workplace generally open to
discussing political matters? [Response 10] **Framing the Conversation:** * **Focus on shared values:** Frame your concerns in a way that aligns with the company's mission and values, emphasizing common ground and
potential benefits for the business. [Responses 2, 4, 5, 6, 14] * **Use respectful language:** Avoid inflammatory rhetoric, personal attacks, and emotional outbursts. Stick to the facts and present your concerns calmly and
respectfully. [Responses 1, 7, 11, 12] * **Be a good listener:** Engage in active listening and be open to understanding different perspectives, even if you disagree. [Responses 1, 2, 4, 5, 6, 8, 9, 11, 13] * **Offer solutions:**
Instead of just raising concerns, propose actionable steps the business could take. [Response 5, 10, 14] **Choosing the Right Approach:** * **Open dialogue with management:** If you feel comfortable, consider having a
private conversation with your manager or a trusted supervisor. [Response 1] * **Create a safe space for discussion:** Suggest a facilitated discussion group or an open forum where employees feel comfortable sharing their
thoughts. [Response 1] * **Written communication:** Consider a well-structured letter or email outlining your concerns and suggestions if you prefer a more formal approach. [Response 1] * **Choose the right time and
setting:** Avoid bringing up politics during busy work hours or in inappropriate settings. Opt for a private meeting or a time when open dialogue is encouraged. [Responses 2, 6, 9, 10, 11, 13, 14] **Remember:** * **Power
dynamics:** Be mindful of your position within the company and the potential impact of your words, especially in a minority-led business. [Responses 3, 6, 8, 11, 12] * **Be prepared for different outcomes:** The business
leadership might be receptive or dismissive. Consider how you will respond in each scenario, maintaining your composure and advocating for your needs respectfully. [Response 2] * **Know when to disengage:** If the
conversation becomes unproductive or heated, it's okay to politely disengage and revisit the topic at another time. [Response 1, 9] * **Company policies:** Familiarize yourself with any workplace policies regarding political
discussions. [Responses 3, 11, 8] By approaching the conversation with sensitivity, respect, and a willingness to listen, you can create a more productive and positive dialogue, even on potentially sensitive topics. Your
experience with clear and concise communication will be a valuable asset in navigating this conversation effectively.

Combined Response with Mixture-of-16

Figure 16: A case study of Pathways of Thoughts with 𝑁 = 16 and 𝑇 = 8 for question: What’s the best way for me to bring up a
topic of political concern if the business I work for is minority-led?
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