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Abstract

Goal-oriented dialogues form an important aspect of human communication, in which
speakers guide conversations towards specific outcomes. An important application is emo-
tional support dialogues, where conversations aim to build barriers against psychological
distress and improve well-being. These dialogues precede the provision of professional
mental health care, which effectively provides distress relief but is constrained by workforce
shortages and limited accessibility. Emotional support chatbots address these challenges by
using large language models to provide support anywhere and at any time. Recent research
has focused on training models for goal-oriented settings on synthetically generated dia-
logues to address the limited availability of high-quality data. These dialogues are produced
by enabling large language models to simulate conversations between two speakers, in ways
that align with real-world practices. However, these methods suffer from limited control-
lability and high computational demands. In this thesis, we show that a smaller-scale, open-
source language model can produce synthetic emotional support dialogues comparable to
human conversations entirely through prompting. We find that sufficiently constraining
the model’s output allows it to provide support that aligns with established psychological
frameworks. Furthermore, the results show that the model consistently outperforms humans
in accurately implementing support skills. Overall, these results demonstrate that given suf-
ficient guidance, a smaller-scale language model is capable of generating high-quality dia-
logues, meaning our approach can overcome limitations in existing methods.
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1 Introduction

Goal-oriented dialogues are a core aspect of human communication, in which speakers pro-
actively take initiative to guide conversations towards desired outcomes (Deng et al., 2025).
These interactions can range from simple situations, such as ordering coffee, to more com-
plex settings like customer support or counseling. One relevant application of goal-oriented
dialogue is in professional mental healthcare, where conversations are structured to help re-
solve psychological suffering in individuals. However, despite effectively relieving distress,
access to care is often limited by workforce shortages or time constraints (Campion et al.,
2022). Therefore, everyday emotional support from someone’s social circle forms an im-
portant alternative, soince it can improve coping abilities, self-esteem, and subjective well-
being (Liu et al., 2021a; Azpiazu et al., 2023), thus acting as a buffer against psychological
distress (Burleson, 2003).

Emotional support chatbots aim to artificially provide such support, addressing gaps in
accessibility by being remotely accessible and available at all times (Vaidyam et al., 2019;
Schyff et al., 2023). The abilities of these chatbots range from empathetically responding to
help-seekers’ messages (Rashkin et al., 2019; Xie et al., 2021; Sabour et al., 2022), to of-
fering support, e.g., by providing advice or sharing information (Liu et al., 2021b; Zheng
et al., 2023a; Zheng et al., 2024). Furthermore, recent studies have begun to investigate ap-
proaches to improve support chatbots’ capabilities to proactively guide conversations to-
wards goals, such as distress reduction, by selecting context-dependent support skills like
asking questions or reframing perspectives (Cheng et al., 2024; He et al., 2024b; Deng et
al., 2024b).

Unlike task-specific domains (e.g., hotel reservations), open-domain dialogues like emo-
tional support conversations can cover any topic. To behave proactively, the chatbot has
to understand dialogue context rather than follow predefined templates or fixed patterns
(Huang et al., 2020), making it a challenging problem.

To understand language and generate responses, modern support chatbots primarily
depend on (large) language models, which generally perform significantly better on con-
versational tasks when trained on dialogue datasets (Liu et al., 2021b). However, goal-
oriented dialogue datasets are scarce; instead, training data often consist of large volumes
of unannotated conversations from social platforms like Reddit (Xie et al., 2021; Welivita
et al., 2023) or small sets of human-annotated conversations (Rashkin et al., 2019; Liu et
al., 2021b). While the latter often better align with real emotional support settings, their
curation requires training of human annotators. This makes the curation process time con-
suming and expensive, which limits dataset size and diversity (Zheng et al., 2023a). For
instance, Liu et al. (2021b) curated esconv, a dataset that consists of only 1,300 emotional
support dialogues, but remains the largest of its kind due to the high costs associated with
its curation. This relatively small size could in turn limit downstream model performance,
which was indeed demonstrated by Zheng et al. (2023a) and Zheng et al. (2024).

Synthetic dialogue generation has become a promising approach to addressing these
challenges. For instance, it can be used for upscaling human-annotated datasets with ar-
tificial samples (Zheng et al., 2023a; Zheng et al., 2024; Askari et al., 2024), or simulat-
ing dialogues to train models in conversational guidance (Zheng et al., 2023a; He et al.,
2024b; Deng et al., 2024b). For instance, Zheng et al. (2024) used ChatGPT to implement
a prompting method that augments a human-annotated conversational dataset to obtain a
tenfold increase in samples. They subsequently showed that downstream large language
models (LLMs) trained on their synthetic dataset were better at providing emotional support
than those trained on the original dataset.
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Several limitations remain despite these advances. Existing open-domain dialogue gen-
eration approaches lack mechanisms that align the conversational flow with evidence-based
psychological frameworks defining effective support. Training on misaligned dialogues
could lead to downstream systems providing ineffective emotional support and potentially
harming the well-being of the help-seeker (Burleson, 2003). Furthermore, existing meth-
ods require larger-scale (≥ 100B parameters), closed-source LLMs (Xu et al., 2023; Zheng
et al., 2024; Deng et al., 2024b; He et al., 2024b), which are computationally expensive and
lack transparency on their biases (Deng et al., 2024a).

To address these limitations, we propose prompting a Llama 3-8B model to generate
synthetic emotional support dialogues (Dubey et al., 2024). While such a smaller-scale (≤
20B parameters), open-source LLM likely does not completely match the contextual under-
standing capabilities of bigger, closed-source models, it could be a more computationally
efficient and transparent alternative.1

Our method focuses on prompt engineering for both generating responses and guiding
conversations. By grounding response generation in emotional support skill descriptions
proposed by Hill (2020), we aim to align the outputs with clinical best practices (Chen et
al., 2023b; Deng et al., 2024b). Similarly, the conversational structure follows a psycholo-
gical framework proposed by Liu et al. (2021b) to provide effective goal-oriented emotional
support. This prompting approach can be adapted to other languages or domains by trans-
lating prompts or modifying them to align with different frameworks. Furthermore, align-
ment of the model’s outputs with guidelines can substantially reduce its biases (Li et al.,
2024).

We integrated guidance into a self-chat process, where the model generates dialogues
by simulating a conversation between a help-seeker and a supporter by role-playing as both
parties (Deng et al., 2024b). The utility of the dialogues was improved by sampling con-
versation topics from a dataset that includes distress-related scenarios (Zheng et al., 2023a;
Zheng et al., 2024). Based on this methodology, we aim to answer the following research
question:

How well can smaller-scale language models, when prompted to follow psychological
frameworks, produce emotional support dialogues of human-level quality, comparable to

those in esconv?

We evaluated the quality of the dialogues using a mixed-method approach that com-
bines human evaluations (e.g., response relevance, support skill appropriateness) and auto-
matic evaluations (e.g., distinct-n scores, PCA). The main research question is investigated
in more detail by answering the following subquestions:

RQ 1: How can smaller-scale language models be prompted for context understanding
to enable support skill selection that aligns with psychological frameworks for
goal-oriented conversational guidance?

RQ 2: How well do smaller-scale language models generate contextually relevant re-
sponses that adhere to emotional support skill descriptions specified in their
prompts?

RQ 3: To what extent does a smaller-scale language model produce dialogues com-
parable to human conversations when integrated into a self-chat framework that
combines goal-oriented guidance with response generation?

1https://huggingface.co/meta-llama/Llama-3-8B

https://huggingface.co/meta-llama/Llama-3-8B
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2 Background

This section provides an overview of concepts important to the synthetic dialogue genera-
tion approach proposed in this thesis. First, Section 2.1 introduces artificial dialogue sys-
tems, after which Section 2.2 elaborates on the self-chat framework that allows LLMs to
generate conversations without human supervision. Subsequently, Section 2.3 describes
in-context learning as an approach for using LLMs to solve unseen problems without fine-
tuning and Section 2.4 details chain-of-thought prompting and least-to-most prompting, two
variants of in-context learning that help improve LLM reasoning. Finally, Section 2.5 dis-
cusses self-consistency, which is used to improve the performance of in-context learning.

2.1 Dialogue systems

Dialogue systems are artificial intelligence systems that communicate with humans, with
early versions performing language generation and dialogue management through symbolic
reasoning — processing language through manually defined, human-readable rules (Wino-
grad, 1971; Goddeau et al., 1996; McTear, 2002). These systems can be divided into three
distinct, but related categories: open-domain, goal-oriented, and information-seeking sys-
tems (Deng et al., 2023a).

Open-domain dialogue systems can engage in conversations about any topic, whereas
goal-oriented dialogues systems focus on accomplishing domain-specific tasks like travel
planning or restaurant booking. Finally, information-seeking systems aim to satisfy a user’s
requests for information.

The current study focuses on a hybrid dialogue system: goal-oriented chatbots capable
of engaging in open-domain conversations. Specifically, for a predefined objective, such
as relieving the user’s distress, a language model is used to output responses that guide the
conversation to obtain this objective. The chatbot achieves this by relying on components
required for language understanding, dialogue state tracking, policy learning (the latter two
may be grouped under dialogue management, see Section 3.1.2), and response generation
(Chen et al., 2017; Bilquise et al., 2022). In modern dialogue systems, these components
depend on (L)LMs, due to their abilities to understand context and generate relevant re-
sponses. An important challenge in training these models for conversational tasks is the
scarcity of task-specific, high-quality training data; human-annotated datasets are generally
limited in size due to their high collection costs (Zheng et al., 2023a), a problem that can be
partially addressed by letting language models simulate conversations between two speakers
(self-chats) to generate artificial training data.

2.2 Self-chats

The self-chat methodology allows language models to generate synthetic dialogues by role-
playing as dialogue agents that interact in a conversational manner (Chen et al., 2024). This
is especially useful in domains with limited conversational training data or availability of
human supervision; the model can create high-quality training samples on many subjects by
using a small set of conversation seeds. Downstream models, or even the generating model
itself, can subsequently be trained on this data to improve their capabilities on specific tasks
(Xu et al., 2023). Methods like least-to-most prompting and self-consistency can improve
self-chat frameworks by enabling dialogue agents to guide conversations and enhance their
response quality without requiring extensive task-specific training data (see Sections 2.3,
2.4 and 2.5 for details). These methods are particularly relevant when simulating emotional
support conversations, where multiple valid conversational directions exist for complex or
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ambiguous dialogue scenarios. Moreover, they allow the agents to generate more nuanced
and contextually relevant responses, leading to more diverse and high-quality dialogues.

2.3 In-context learning

In-context learning allows LLMs to perform new language processing tasks without addi-
tional training (Brown et al., 2020). Prompting the model with written task instructions,
either with (few-shot prompting) or without task-specific examples (zero-shot prompting),
lets models learn through analogy; prior knowledge obtained during training is used to gen-
eralise information provided in the model’s prompt to new situations (Dong et al., 2024).
Given a sufficiently large model and effective prompts, in-context learning allows LLMs to
achieve performance comparable to fine-tuned versions on tasks involving logic and reason-
ing (Touvron et al., 2023). This is especially useful in low-resource contexts, where enough
training data for fine-tuning is often not available. Sections 2.4 and 2.5 elaborate on meth-
ods that have been proposed to improve the in-context learning abilities of LLMs.

2.4 Prompting for structured reasoning

Chain-of-thought (CoT) prompting is an important variant of in-context learning. It im-
proves the solutions generated by an LLM by instructing it to mimic human thinking (Wei
et al., 2022). Before giving its final answer, the model responds with a step-by-step process
to address the problem before outputting a solution. While this method often improves per-
formance on logical and commonsense reasoning tasks, the effectiveness of CoT prompting
is primarily limited by the size of the model, with smaller models often generating invalid
reasoning steps.

This limitation is addressed by least-to-most (LtM) prompting. Similar to CoT prompt-
ing, it makes LLMs use structured reasoning to solve complex problems. The approach con-
sists of two stages: (1) breaking down the original problem into easier subproblems, and
(2) solving these subproblems in any order using earlier results. The solutions obtained dur-
ing the second stage are then used to solve the original problem (Zhou et al., 2023). These
subproblems can be adressed with any prompting method, e.g., CoT prompting could be
used within LtM prompting. Furthermore, the decomposition of the original problem into
subproblems during the first stage can be performed either by the model itself or by human
experts. Since the performance of CoT prompting can suffer from the complexity of gen-
erating reasoning steps, leaving this to humans allows the model to focus on only solving
simpler subtasks, which often results in improved performance on complex problems.

2.5 Self-consistency

Self-consistency improves the accuracy of LLM responses to questions by generating mul-
tiple outputs from the same prompt and aggregating their results (Wang et al., 2023b). It
performs well when combined with LtM prompting; generating diverse reasoning paths us-
ing the model’s inherent variability allows for selecting the most consistent result, which
is intuitively more likely to be correct. At the same time, it reduces the impact of random
errors that might occur in individual outputs. Furthermore, self-consistency improves the
reliability of outputs in scenarios where multiple answers are correct, but only one is op-
timal (Deng et al., 2024b). These features make it a strong tool for our use-case: handling
ambiguous tasks such as emotion understanding with smaller-scale LLMs.
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2.6 Prompting

Lastly, we distinguish between the two main prompting approaches used in this thesis. The
response prompting approach lets the model generate unconstrained responses (as the “as-
sistant”) to requests from the “user”. While straightforward to use, this approach naturally
leads to a degree of variability in the model’s output that can be problematic when this
needs to be parsed or follow a certain format. Therefore, completion prompting constrains
the output by letting the model finish an already partially structured assistant response. Our
preliminary experiments showed this approach is especially useful for tasks requiring spe-
cifically formatted responses, or when using smaller-scale models with limited abilities to
understand instructions.

The difference between the two prompting methods is demonstrated using a task where
the model role-plays as a supporter to generate a continuation to an emotional support dia-
logue:

User:
The following is a conversation between a supporter and a help-seeker:
Help-seeker: “I’m just feeling so terrible right now...”

The supporter should respond by asking the help-seeker to elaborate on their situation.

(1)

Although we might prefer only an empathetic response from the supporter, LLMs will
instead often generate a contextually correct, but incorrectly formatted output like this:

Assistant:
The supporter could ask the help-seeker what is making them feel this way.

Supporter: What is making you feel that way?

(2)

This makes it difficult to reliably process the model’s output, potentially causing prob-
lems when using techniques such as LtM prompting or self-consistency. Luckily, this prob-
lem can be addressed by extending Prompt 1 to include a completion prompt, where the
model is tasked to complete a partial output. Here, we guide the model by including the
beginning of an enquoted response:

Assistant (completing):
Supporter: “What is making you feel that way?” (3)

The unbolded text represents the our partially defined response, whereas the bolded text
shows the model’s completion of it. By including the structured output in the prompt and
letting the model complete it, its outputs become more predictable and reliable compared
to letting it generate unconstrained responses. Completion prompting is therefore useful for
structured generation tasks, especially when using smaller-scale models, which generally
have limited instruction following abilities and thus generate incorrect outputs more often.
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3 Related work

The current section provides an overview of literature relevant to creating emotional support
chatbots. The core components of chatbots are reviewed in Section 3.1: language under-
standing, dialogue planning, and text generation are discussed in Sections 3.1.1, 3.1.2, and
3.1.3, respectively. Section 3.2 explains how language models can be used for synthetic dia-
logue generation to address data scarcity challenges.

3.1 Emotional chatbots

ELIZA was the first chatbot able to engage in realistic conversations with its users by us-
ing pattern matching and substitution rules to create its responses (Weizenbaum, 1966),
which popularized the use of rule-based approaches to natural language processing (Woods,
1970; Shortliffe, 1974; Carbonell Jr, 1978). The introduction of algorithms using statistical
methods, such as hidden Markov models and n-gram models (Brown et al., 1992; Merialdo,
1994), followed by neural network-based approaches like LSTMs and GRUs removed the
need for hand-coded rules to understand context (Hochreiter et al., 1997; Cho et al., 2014).
Modern chatbots rely on language models called transformers for language understanding
and generation, which are neural networks that excel at interpreting patterns in sequential
data through an attention mechanism (Vaswani, 2017).

An important advancement in conversational AI was the development of BlenderBot
by Roller et al. (2021). It was able to show conversational abilities like empathy and know-
ledge by depending on multiple fine-tuned transformer models. Ouyang et al. (2022) then
popularised a method for aligning outputs of language models with human preferences, al-
lowing for more natural interactions between chatbots and humans (Christiano et al., 2017).

Bilquise et al. (2022) argued that chatbots generally need three components to under-
stand and respond to dialogue contexts: (1) natural language understanding, which underlies
the next two components and is explained in Section 3.1.1, (2) dialogue planning, which is
covered in Section 3.1.2, and (3) natural language generation, which is detailed in Section
3.1.3. These components can be implemented in an end-to-end manner or separately to give
a chatbot convincing conversational abilities.

3.1.1 Natural language understanding

Natural language understanding (NLU) plays an important role in creating chatbots for
domain-specific contexts such as distress support conversations (Bilquise et al., 2022). Al-
lowing systems to better interpret help-seeker intents, emotions, and needs is a necessity
for providing relevant and empathetic responses, and effective conversational guidance (Liu
et al., 2021b; Cheng et al., 2024). Therefore, recent literature has explored a number of ap-
proaches to improving domain-aware NLU. The majority of these focused on the usage of
pre-trained (large) language models (Zhang et al., 2024).

For instance, Demszky et al. (2020) introduced a two-turn conversational dataset with
emotion annotations to fine-tune a BERT-model for emotion understanding (Devlin et al.,
2019).2 Likewise, Sharma et al. (2020) improved the empathy understanding of a language
model that was pre-trained on a mental health support dataset by fine-tuning it on empathy-
annotated data. Ji et al. (2022) proposed to pre-train a BERT-model on Reddit posts re-
volving around mental health, with this model used by Ding et al. (2022) for cognitive dis-
order classification. Burkhardt et al. (2022) showed that emotion features extracted from the

2BERT-models were ground-breaking due to their ability to understand the semantic context of words in a
sentence.
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embeddings of a fine-tuned BERT-model can be used to identify symptoms of depression
and anxiety.

However, these methods all require model retraining or new datasets when problem
requirements change, which poses challenges in low-resource domains like mental health
care (Zhang et al., 2021). Promising zero-shot and few-shot learning approaches have been
developed to address these challenges. Rastogi et al. (2020) introduced a method for in-
tent classification and contextual information extraction by using multiple BERT-models
that semantically compare user utterances with natural language descriptions. Balaraman
et al. (2021) improved this process by developing a single BERT-model capable of both
identifying user intents and extracting context. More recently, research has focused on us-
ing instruction-tuned LLMs, hereafter referred to simply as LLMs. Sun et al. (2023b) used
two LLMs that collaborate to analyse sentiment in a dialogue, while Broekens et al. (2023)
demonstrated that sufficiently large LLMs can understand affective content through zero-
shot prompting. Similarly, Fei et al. (2023) used zero-shot least-to-most prompting to guide
an LLM through a process similar to human reasoning, with Wang et al. (2023a) following
a similar approach to guide a model through intermediate reasoning steps to better inter-
pret linguistic cues. Deng et al. (2023b) showed that in proactive dialogue tasks adding an
additional goal planning step to this process further improved language understanding.

Overall, while fine-tuned models often outperform zero-shot and few-shot approaches
on language understanding problems, their need for large amounts of training data can make
them unsuitable for use in low-resource domains (Wang et al., 2024). Therefore, zero-shot
and few-shot prompting can be more flexible solutions that allow adaptation to new tasks
without (re)training.

3.1.2 Dialogue planning

Due to their flexible generative abilities and strong contextual understanding, chatbots of-
ten rely on LLMs to engage convincingly in conversations. However, an open problem for
LLMs is generating proactive responses that guide conversations towards a predefined goal
like resolving distress during open-domain dialogues, as a result of their training process
(Deng et al., 2023a).

Therefore, various approaches to improving LLM capabilities in proactive dialogues
have been investigated. An important framework is dialogue management (or dialogue
planning), which selects actions based on dialogue context that let the chatbot achieve its
goals (Chen et al., 2017; Deng et al., 2024b). For instance, goal-oriented dialogue plan-
ning can intuitively be formulated as a Markov decision process that can be solved using
reinforcement learning. In an open-domain emotional support context, support skills can
function as actions, the dialogue context as the environment state (updated by role-playing
language model agents), and changes in the help-seeker’s distress are captured by rewards
(Liu et al., 2020; Tiwari et al., 2022; Deng et al., 2024b). After training, the LLM’s re-
sponses can be grounded in actions selected using the learned policy. However, making
reward functions that accurately capture conversational dynamics is challenging (Deng et
al., 2024b), and role-playing agents typically lack emotional complexity, leading to unreal-
istic dialogues (He et al., 2024b).

An alternative approach is combining LLM-based dialogue simulations with tree search
algorithms (Yu et al., 2023; Väth et al., 2023; He et al., 2024b). By simulating dialogue
trajectories, actions can be selected by estimating their long term impact on achieving a
goal. However, this method is impractical for real-time systems due to its need for many
expensive dialogue simulations to select an action (He et al., 2024b).
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Similar to the approaches discussed in Section 3.1.1, in-context learning has been ap-
plied to tasks that require dialogue planning (Wang et al., 2023a; Zhang et al., 2023; Deng
et al., 2023b; Cheng et al., 2024). Through prompting LLMs to reason about conversational
progress towards dialogue goals, the models’ outputs can be used to guide conversations
either directly or indirectly. However, while researchers have demonstrated that in-context
learning for dialogue planning is promising, it depends on the strong reasoning capabilities
of larger-scale LLMs, which can pose challenges for smaller models (Wei et al., 2022; Zhou
et al., 2023).

3.1.3 Natural language generation

To end-users, the most tangible aspect of a chatbot are the responses it generates, the quality
of which mainly depends on expressing relevant emotions and addressing the user’s feelings
(Liu et al., 2021b).

Recent literature has shown that fine-tuning language models on annotated empathetic
or emotional conversations improved their ability to produce empathic responses. Moreover,
extracting commonsense knowledge like the help-seeker’s intents and needs helped to gen-
erate contextually relevant responses (Rashkin et al., 2019; Sabour et al., 2022; Tu et al.,
2022; Cheng et al., 2023). Further improvements were achieved by pre-training models on
large, unstructured, domain-related datasets before fine-tuning on smaller, annotated, task-
specific datasets (Xie et al., 2021; Ji et al., 2022; Welivita et al., 2023). These findings show
the importance of both the quantity and quality of training data.

However, the proposed approaches and datasets lacked the necessary structure to more
systematically address help-seeker needs (Burleson, 2003; Hill, 2020; Liu et al., 2021b).
Liu et al. (2021b) addressed this by creating esconv through a crowdsourcing task. This
dataset contains 1.3K conversations that follow the Helping Skills framework proposed
by Hill (2020) and are annotated with support skill labels. Language models fine-tuned on
esconv showed big improvements in their abilities to provide structured emotional support
and resolving distress, which highlighted the benefits of including support skills in the train-
ing process. Zheng et al. (2023a) improved esconv by using GPT-J 6B to generate augesc,
which addressed the limited size and topic coverage of esconv, but lacked support skill
annotations.3 Zheng et al. (2024) subsequently used ChatGPT to generate extes, which
contains support skill-annotated dialogues that cover diverse topics.4 Models trained on
extes were better at emotionally supporting help-seekers than those trained on esconv and
augesc, demonstrating the promise of synthetic datasets. Section 3.2 further elaborates on
the methodologies used to create both augesc and extes.

However, challenges similar to those discussed in Section 3.1.1 still remain: (1) annot-
ated data is limited, (2) when task requirements change, new or more data and model re-
training are necessary, and (3) pre-training depends on the availability of massive datasets
from related domains. Chen et al. (2023b) demonstrated that these issues can be addressed
by grounding LLMs’ responses on support skills through prompting. Related work from
Askari et al. (2024), Deng et al. (2024b) and He et al. (2024b) further showed the potential
of prompting to address limitations resulting from a lack of high-quality training data.

3.2 Synthetic dialogue generation

From Sections 3.1.1, 3.1.2, and 3.1.3 it becomes clear that the effectiveness of language un-
derstanding, dialogue planning, and response generation depends on the knowledge that is

3https://huggingface.co/docs/transformers/model_doc/gptj
4https://openai.com/index/chatgpt

https://huggingface.co/docs/transformers/model_doc/gptj
https://openai.com/index/chatgpt
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present within the model powering them. Currently, fine-tuning language models on large,
annotated datasets remains the best way to embed such information (Rashkin et al., 2019;
Zhang et al., 2021; Liu et al., 2021b; Zheng et al., 2023a; Zheng et al., 2024).

However, the emotional support domain faces significant data scarcity challenges. Pop-
ular support chatbots like Woebot5, Replika6, and Wysa7 are proprietary systems with private
datasets. Moreover, researchers investigating real-world therapy conversations do not share
these because of ethics- or privacy-related reasons (Althoff et al., 2016; Zhang et al., 2020).

Synthetic dialogue generation has therefore become a promising alternative for creat-
ing high-quality data (Wang et al., 2023c; Zheng et al., 2023b; Tan et al., 2024; Yuan et al.,
2024; Chen et al., 2024; Liang et al., 2025). Recent advancements have mainly focused on
knowledge distillation, which is a method used to transfer abilities from complex systems
to simpler systems to address downstream tasks more efficiently and effectively (Xu et al.,
2023; Chen et al., 2023a; Askari et al., 2024; Deng et al., 2024b).

For instance, Askari et al. (2024) improved intent prediction by using Zephyr-7B-β
to generate dialogues grounded on human-annotated intent sequences, demonstrating the
ability of smaller LLMs in generating high-quality synthetic data.8 Deng et al. (2024b) fol-
lowed a similar methodology, but instead combined a reinforcement learning-based intent
selection algorithm with ChatGPT to generate dialogues. Zheng et al. (2023a) fine-tuned
GPT-J 6B on esconv samples and prompted it to complete dialogues from an open-domain
dataset comprised of empathetic conversations. Zheng et al. (2024) prompted ChatGPT
with in-context example dialogues to generate conversations about any topic and annotate
utterances with predefined support skills.

However, while these approaches produce high-quality data, they either face limitations
in controlling model output or lack computational efficiency (Zheng et al., 2024; He et al.,
2024b). To address these limitations, we propose a framework for combining the compon-
ents described in Sections 3.1.1, 3.1.2, and 3.1.3. Following previous work from Chen et al.
(2023b), Wang et al. (2023a), Askari et al. (2024) and Deng et al. (2024b), our approach
relies only on prompting a smaller-scale LLM to balance flexibility, interpretability, and
computational efficiency. To our knowledge, no studies have investigated such an approach.

5https://woebothealth.com
6https://replika.com
7https://wysa.com
8https://huggingface.co/HuggingFaceH4/zephyr-7b-beta

https://woebothealth.com
https://replika.com
https://wysa.com
https://huggingface.co/HuggingFaceH4/zephyr-7b-beta
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Choose topic

Dialogue context

Skill selectionSwap speakers

Response generation

Detect ending

Figure 1: Illustration of the proposed methodology for generating a dialogue. A conversational
topic initializes the dialogue context with the help-seeker as first speaker. When the speaker is a
supporter, a support skill is selected based on the dialogue context. After a response is generated,
speaker roles are swapped, and the process continues until an ending is detected. Solid arrows in-
dicate the main steps of the generation process. Dashed arrows represent updates of the dialogue
context and speaker roles. Dotted arrows stand for optional steps like skill selection (only for the
supporter) or conversation termination (only for the help-seeker).

4 Methodology

Generating realistic dialogues relies on dialogue planning and language generation, with
their effectiveness depending on strong contextual understanding. Seeding dialogues with
conversational topics and allowing the conversation to end naturally further improves real-
ism. This section elaborates on the methodology used to combine these components into a
self-chat framework.

First, we formalize the definition of dialogue generation in Section 4.1. The proposed
methodology is subsequently broken down into five sections: Section 4.2 focuses on seed-
ing and initiating conversations, Section 4.3 elaborates on dialogue planning, Section 4.4
describes response generation, and Section 4.5 outlines a method for naturally concluding
conversations. Finally, Section 4.6 provides an approach for combining them all into a self-
chat framework. An illustration of the proposed methodology is shown in Figure 1.

4.1 Problem definitions

The methodologies described in Sections 4.2, 4.3, 4.4, and 4.5 were integrated into the self-
chat framework detailed in Section 4.6 to generate a dataset consisting of n conversations:

dours =
{

c1, c2, . . . , cn
}

, (1)

where each conversation ci ∈ dours consists of an ordered sequence of m utterances, and
each utterance uj corresponds to a speaker sj and a support skill aj ∈ A:

ci =
(
⟨uj, sj, aj⟩

)m
j=1. (2)
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Furthermore, each conversation revolves around a distress-related topic t. The speaker
roles were derived from Liu et al. (2021b) and are defined as follows:

sj ∈ {supporter, seeker}. (3)

Likewise, the set of support skills available to the supporter was adapted from those
proposed in Liu et al. (2021b):

A =
{

QS, RP, RF, AR, PS, IN
}

. (4)

The abbreviations correspond to the following support skills: Asking questions (QU),
Restating or paraphrasing (RP), Reflecting on feelings (RF), Affirming and reassuring (AR),
Providing suggestions (PS), and Providing information (IN). Two additional support skills
proposed by Liu et al. (2021b) were excluded as their implementations were ambiguous.
The action ∅ is exclusive to the help-seeker, denoting the absence of support skills in their
utterances:

aj =

a ∈ A, if sj = supporter,

∅, if sj = seeker.
(5)

Finally, we define the isolation of a conversational context ci; the notation c(j)
i represents

all dialogue turns up to and including turn j within the conversational context ci:

c(j)
i =

(
⟨uk, sk, ak⟩

)j
k=1. (6)

We use the notation c(j)
i for referencing incomplete conversational contexts to provide

clearer explanations of updating and analyzing dialogue segments in subsequent sections.

4.2 Topic seeding

There are various ways to seed conversations, usually using human-written examples for
in-context learning (Chen et al., 2023a; Zheng et al., 2024), or by sampling topics from an
external source (Zheng et al., 2023a; Askari et al., 2024). An example or topic t is substi-
tuted into a prompt instructing the model how it should be used to generate a conversation,
i.e., given t sampled from a dataset, a function F(t) transforms t into a prompt for starting
conversations:

p = F(t). (7)

Given the generated prompt p, the model is instructed to generate the help-seeker’s first
utterance of the conversation, and the conversational context ci is initialized (Askari et al.,
2024):

u1 = LLM(p), c(1)i =
{
⟨u1, s1, a1⟩

}
, (8)

with s1 = seeker and a1 = ∅. For our purposes, seeding conversations with topics
follows a relatively straightforward process. Following Chen et al. (2023a), the model is
prompted with the opening-phrase:

System:
The following is a conversation between a supporter and a help-seeker, about
“{topic_seed}”.

(4)
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, where “{topic_seed}” is a description t of the help-seeker’s issue. Descriptions were
sampled from the extes dataset (Zheng et al., 2024), which contains support dialogues an-
notated with short summaries of their contents, for instance:

“I received a text from my significant other saying that they need some space. I’m feel-
ing confused and insecure about our relationship.” (5)

Using a one-shot prompt, the opening-phrase (Prompt 4) and the topic description are
combined into the final conversation description:

The following is a conversation between a supporter and a help-seeker, about the help-
seeker feeling confused and insecure about their relationship following a text from their
significant other saying that they need some space.

(6)

We note that a number of topic seeds in extes are phrased in the third person (e.g.,
“The user is anxious about exams.”), resulting in the conversation descriptions occasion-
ally involving a third speaker: the “user”. An additional prompt was used to automatically
identify and ignore these third-person descriptions.

4.3 Dialogue policy planning

Emotional support conversations require chatbots to balance responding to the help-seeker’s
emotions with guiding the conversation towards practical outcomes (Burleson, 2003). How-
ever, LLMs are primarily trained for reactive responses and generally not optimized for
long-term conversational planning (He et al., 2024b). These limitations often make them
unsuitable for proactively guiding goal-oriented conversations in open-domain settings
(Cheng et al., 2024). In contrast, they have demonstrated strong performance in contex-
tually understanding conversations, which task-specific algorithms can use to guide sub-
sequent chatbot actions, a process called dialogue policy planning (Deng et al., 2024b;
Cheng et al., 2024). Our method therefore uses an LLM for (1) analyzing conversational
context, and (2) mapping these analyses to actions.

To allow the model to take proactive actions while role-playing as the supporter, we or-
ganize the conversational flow into phases that align with an emotional support framework.
Each phase is represented by broad strategies that encompass more nuanced support skills.
The remainder of this section elaborates on why this enables effective support skill selec-
tion, how strategies are predicted, and finally how support skills are chosen.

4.3.1 Strategy selection

The complexity of selecting support skills results from the significant overlap and nuance in
the conditions for applying them in an emotional support setting. We address this problem
by making three simplifying assumptions, based on psychological principles:

1. Similar support skills can be grouped under overarching strategies (S) that each cap-
ture well-defined and distinct conversational phases (Hill, 2020).

2. There exists a many-to-one mapping between support skills and strategies, which fol-
lows from the crowd-sourcing task detailed in Liu et al. (2021b).

3. While a diverse set of support skills is necessary for addressing emotional needs,
their overarching strategies define the progression of conversations (Burleson, 2003;
Hill, 2020).
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These assumptions allow us to formulate support skill prediction as a hierarchical pro-
cess, which reduces problem complexity by limiting the reasoning scope at the support skill
selection stage; any support skill that does not belong to a selected strategy does not need
to be considered. Specifically, we propose two stages: (1) the selection of an overarching
strategy, detailed in Sections 4.3.1 – 4.3.4, and (2) the selection of an appropriate support
skill within the chosen strategy, detailed in Section 4.3.5.

We denote the set of strategies S as:

S = {exploration, comforting, action}, (9)

consistent with the emotional support stages proposed by Liu et al. (2021b):

1. The exploration stage: The supporter first explores the help-seeker’s emotional state
and topic of distress to be able to provide constructive advice.

2. The comforting stage: The supporter provides comfort during the exploration process
to relieve the help-seeker’s feelings of distress.

3. The action stage: When the help-seeker’s problems are understood, actionable advice
can be given to help address the help-seeker’s distress.

Based on these definitions, we can formalize strategy selection. First, the function Fs

creates a series of prompts based on a conversation c(j)
i . These prompts guide the model in

understanding context while it processes the conversation to produce a textual analysis ts:

ts = LLM(ps), ps = Fs(c
(j)
i ). (10)

Because preliminary experiments showed that the model often failed to select an ef-
fective strategy from S (even when manually provided with a strong textual analysis ts), we
define Ms to prompt the model to convert ts into a structured format:

vs = LLM(pv), pv = Ms(ts). (11)

For example, the model can select a short description that best aligns with an analysis of
the help-seeker’s emotional state (Deng et al., 2024b):

User:
Following is an analysis of the help-seeker’s emotional state: “{analysis}”

What is the emotional state of the help-seeker? You can choose the following options:
1. The help-seeker is relatively calm. 2. The help-seeker is experiencing some anxiety.
3. The help-seeker is experiencing high emotional distress.

Assistant (completing):
The help-seeker is relatively calm.

(7)

An example of a continuation generated by the model is formatted in bold text. This
structured output can be mapped to a scalar that is used by a decision tree to more reliably
select the most appropriate strategy rj+1:9

rj+1 = Ss(vs,S). (12)

9Combining the strong contextual understanding of language models with the transparency of symbolic
reasoning is a form of neuro-symbolic AI.



18

Recent studies found that general-purpose LLMs struggle with domain-specific tasks
that require logic, such as reasoning or classification (Sun et al., 2023a; Wu et al., 2024),
making it difficult to prompt them to choose optimal strategies directly. However, our pre-
liminary experiments demonstrated that they can be prompted to effectively characterize
qualitative features in conversational contexts, consistent with results from Deng et al. (2024b).
Given these limitations in reasoning but strengths in characterizing features, we propose to
prompt the model to analyze conversational features that guide strategy selection rather than
select strategies directly.

We thus derive two conversational features based on the earlier definitions of the explor-
ation, comforting, and action strategies: (1) the extent to which the supporter has explored
the help-seeker’s emotional state and topic of distress (feature f1), and (2) the help-seeker’s
expressed level of distress (feature f2). We note that usage of the action strategy primarily
depends on the exploration strategy: it should only be used after there has been enough ex-
ploration. It was therefore decided not to define an additional feature to assess readiness for
receiving, e.g., advice.

4.3.2 Strategy feature analysis

To enable LLM-based feature analysis, we used the least-to-most prompting methodology
proposed by Zhou et al. (2023): the model solves a series of easier subtasks and combines
their intermediate results to address more complex problems. This aligns with the definition
of our prompt generation function Fs; context analysis can be decomposed into subprompts
that guide the model. Specifically, we define a function Ffi for each feature fi that creates
prompts from context c(j)

i to guide the model in analyzing the respective feature, resulting in
a textual analysis t fi output by the model:

t fi = LLM(p fi), p fi = Ffi(c
(j)
i ). (13)

Clearly, the quality of the feature analyses depends on the model’s contextual under-
standing of the help-seeker’s and supporter’s statements. Therefore, subprompts include the
conversational history in their respective system prompts when necessary. Similar to Sec-
tion 4.2, the conversational history is included as follows:

System:
The following is a conversation between a supporter and a help-seeker, about
“{topic_seed}”:

Help-seeker: “Hey, I’ve been feeling really overwhelmed lately.”
Supporter: “Can you tell me more about what’s going on?”
...

(8)

Additionally, to focus the model’s attention on the active topic of discussion, instead of
the entire conversation, we explicitly reference the help-seeker’s most recent message and
the supporter’s corresponding message. We note that due to the asynchronous nature of
chat conversations, the supporter’s most recent message is not necessarily the message the
help-seeker responded to. The model is therefore guided to identify the supporter’s relevant
message by making it continue a completion prompt:
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Assistant (completing):
Based on the conversational history and on the help-seeker’s last message
“{seeker_message}” in response to the supporter’s message “Maybe we could explore
writing a heart-felt letter or having a calm conversation.”

(9)

After processing the model’s output from Prompt 9, the help-seeker’s and supporter’s
messages can be included in a completion prompt to focus the model’s attention on the rel-
evant context when necessary:

Assistant (completing):
Based on the conversation history and on the help-seeker’s last message
“{seeker_message}” in response to the supporter’s message “{supporter_message}”,
[model completes]

(10)

This improves the quality of the analyses compared to assuming that the last message
from the supporter is the one being responded to, which we found introduces conversational
inconsistencies. The italicized text “[model completes]” represents any possible continu-
ation generated by the model.

Building on these prompts that improve context-awareness, we now elaborate on the two
conversational features proposed in Section 4.3.1.

Feature f1: Exploration extent
The assessment of the exploration extent depends on a sequence of prompts to determine
the depth of exploration into the topic of distress. The first task entails identifying the cur-
rent topic of distress:

User:
What is the current topic of distress? Answer in a paragraph. (11)

The model’s attention is focused on the active topic of discussion using Prompt 10,
which it completes to identify the distress topic. It is important to note that leading the
model to answer with a single paragraph, instead of its otherwise very lengthy answers, res-
ults in fewer reasoning errors. This is consistent with findings from Askari et al. (2024).

The predicted topic is used to sequentially evaluate two distress-related aspects: (1) whether
the help-seeker has provided enough information on the given topic, and (2) if the supporter
has sufficient understanding of the help-seeker’s distress to provide actionable advice:

1. Help-seeker’s elaboration: The distress topic predicted through Prompt 11 is used
to guide the model in assessing the help-seeker’s elaboration on said topic:

User:
The topic of discussion is “{distress_topic}”. Has the help-seeker elaborated
on causes of distress regarding the topic of discussion? Answer in a paragraph.

(12)

2. Supporter’s understanding: Prompt 12 and its output are chained to Prompt 13,
which allows the model to assess the supporter’s understanding of the help-seeker’s
distress. Specifically, the information shared by the help-seeker should be sufficient
for the supporter to start addressing the topic of distress:
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User:
Does the supporter have enough understanding of the causes of distress to start
resolving the help-seeker’s distress? Answer in a paragraph.

(13)

We refer the reader to Prompt 16 to see the complete version.

However, when using Prompts 12 and 13, we found that the model often responds with
“Yes, because...” or “No, because...”, and constructs its subsequent output justifying this
initial, often incorrect decision. Instead, it should provide an unbiased analysis of the con-
versation, which was achieved by prefixing the model’s output for both the help-seeker and
supporter “perspectives” as follows:

Assistant (completing):
The help-seeker [model
completes]

(14)
Assistant (completing):
Based on the conversation, the help-seeker
[model completes]

(15)

An additional problem with these prompts is the model’s tendency to always priorit-
ize exploration. This results in too much probing into the help-seeker’s emotional state,
which hinders the main goal of emotional support conversations: reducing distress (Bur-
leson, 2003). Following Deng et al. (2023b), we addressed this problem by explicitly defin-
ing the conversation’s objective using a system prompt that precedes, e.g., Prompts 12 and
14. The complete prompt combining all components is then structured as follows:

System:
The goal of the supporter is to reduce the help-seeker’s distress through providing
guidance.

User:
The topic of discussion is “{distress_topic}”. Has the help-seeker elaborated on
causes of distress regarding the topic of discussion? Answer in a paragraph.

Assistant (completing):
The help-seeker [model completes]

User:
Does the supporter have enough understanding of the causes of distress to start resolv-
ing the help-seeker’s distress? Answer in a paragraph.

Assistant (completing):
Based on the conversation, the help-seeker [model completes]

(16)

The combined analyses generated by the model reflect whether sufficient exploration of
the help-seeker’s distress has occured.

Feature f2: Distress level
The help-seeker’s distress level was determined by analyzing the tone in their most recent
message, as well as throughout the conversation. We found that this resulted in a better ana-
lysis of the help-seeker’s distress compared to directly prompting the model to analyze their
distress level.

We first prompted the model to assess the help-seeker’s emotional state, resulting in
descriptions of, e.g., their stress or anxiety:
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User:
What is the emotional state of the help-seeker? Answer in a paragraph. (17)

To guide the analysis of the help-seeker’s tone and focus the model’s attention on the
active topic of discussion, an additional completion prompt is combined with Prompt 10:

Assistant (completing):
, the help-seeker’s tone [model completes] (18)

Directly prompting the model for tone analysis with a user prompt often lead to it ignor-
ing its instructions. However, the quality of the analyses improved substantially after updat-
ing the instructions to include Prompt 18, which was very important for effective strategy
selection.

4.3.3 Decision making

The decision making process involved translating the qualitative feature analyses into quant-
itative scores that allow for strategy selection. Its structure deviates slightly from the selec-
tion definition provided in Section 4.3.1, as it instead involves two scores to make a choice.

The function M fi creates a prompt similar to Prompt 7 that instructs the model to con-
vert a textual analysis t fi to a structured output by letting the model select a short descrip-
tion that best aligns with the analysis (Deng et al., 2024b). This output is then mapped to a
scalar v fi :

1. Exploration extent mapping: The exploration extent is evaluated by analysing the
supporter’s understanding of the help-seeker’s distress. The feature score is defined
as:

v f1 =


−0.5, for limited understanding,

0.0, for partial understanding,
0.5, for clear understanding.

(14)

2. Distress level mapping: The help-seeker’s emotional state is determined through
their distress level, assigning a score based on the following conditions:

v f2 =


−0.5, when calm,

0.0, when slightly anxious,
0.5, when overwhelmed.

(15)

To increase the reliability of the analyses, the model considers one conversational fea-
ture at a time, instead of evaluating multiple features simultaneously. The inherent vari-
ability in model outputs is dealt with using self-consistency (Wang et al., 2023b; He et al.,
2024b). For each feature fi, multiple analyses and scalars are generated and their results are
averaged to calculate the final feature score v̄ fi :

v̄ fi =
1
n

n

∑
m=1

1
k

k

∑
j=1

LLM
(

M fi(t
m
fi
)
)
. (16)

Here, n is the number of generated analyses for feature fi, k is the number of scores
sampled for an analysis, and tm

fi
is the m-th analysis of a feature. Both scores are subsequently

categorized using predefined thresholds ϵ f1 and ϵ f2 :
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Exploration extent Distress level Optimal strategies

Insufficient Low Exploration
Sufficient Low Action
Insufficient High Exploration or comforting
Sufficient High Action or comforting

Table 1: Framework similar to a decision-tree for finding the most appropriate strategies given the
supporter’s extent of exploration and the help-seeker’s distress.

Exploration extent =

{
sufficient, if v̄ f1 ≥ ϵ f1 ,
insufficient, otherwise,

(17)

Distress level =

{
high, if v̄ f2 ≥ ϵ f2 ,
low, otherwise,

(18)

After both features are categorized, we use a decision tree Ss(v̄ f1 , v̄ f2) to select an op-
timal strategy rj+1 (Medeiros et al., 2019; Xiong et al., 2024). Table 1 represents this tree
and shows how categories map to optimal strategies. When multiple strategies are optimal,
we use the tie-breaking approach described in Section 4.3.4.

4.3.4 Resolving strategy selection ties

Table 1 shows that some situations allow for multiple valid strategies. For example, both ex-
ploring and comforting strategies are suitable for help-seekers who have insufficiently elab-
orated on their situation, but also appear distressed. Therefore, a second step is necessary to
break these ties.

Unlike the feature-based selection process described in Section 4.3.2, this tie-breaking
step involves choosing between two strategies. Choosing between two well-defined and con-
textually appropriate options allows the model to reason about their effectiveness, unlike
situations with overlapping or unsuitable alternatives.

The function Fb is used to create the series of prompts necessary for tie-breaking. It is
passed the conversation context c(j)

i and the available strategies S⋆ ⊂ S applicable to c(j)
i ,

resulting in an analysis tb output by the model:

tb = LLM(pb), pb = Fb(c
(j)
i ,S⋆), (19)

The approach is similar to the process followed in Section 4.3.2. First, the model re-
ceives the supporter’s goal, i.e., to reduce the help-seeker’s distress, along with the conver-
sational history. Then, it is instructed to reason about which strategy is most appropriate to
use based on brief descriptions of when to use either one:

User:
Should the supporter use {strategy_one} or {strategy_two}?
Choose {strategy_one} if [...], or choose {strategy_two} when [...].

(19)

Before the model analyses the conversational context, it is informed of its available
choices. This is combined with Prompt 19 to produce the following:
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User:
Should the supporter use {strategy_one} or {strategy_two}?
Choose {strategy_one} if [...], or choose {strategy_two} when [...].

You can choose from the following options: (1) The supporter should use
{strategy_one}. (2) The supporter should use {strategy_two}. Answer in a paragraph.

(20)

We found that this improved the model’s ability to identify relevant features in the con-
versational context, potentially because repeating the possible options near the end of the
prompt reduces ambiguity. To focus the model’s attention on the active topic of discus-
sion, Prompt 10 was used to include the relevant messages from the help-seeker and the
supporter.

The function Mb creates a prompt that is used by the model to convert tb to a strategy
label in S⋆. In line with our earlier approach, self-consistency was used to improve the con-
sistency of the decision-making process. As mentioned earlier, the reliability of the context
analyses improved because the model can more easily distinguish between two appropriate
strategies. Symbolic reasoning is therefore not necessary and the strategy labels output by
the model after processing Mb can be used directly instead. The results were aggregated
through the mode of the sequence of strategy labels:

rj+1 = mode
n⋃

m=1

k⋃
l=1

LLM
(

Mb(tm
b )

)
. (20)

Here, n is the number of analyses, k is the number strategy labels sampled per analysis,
and tm

b is the m-th analysis.

4.3.5 Support skill selection

After selecting the best strategy rj+1 ∈ S to guide the conversation, a support skill that best
implements the strategy needs to be chosen. Thus, we define a many-to-one mapping from
support skills to strategies, following Liu et al. (2021b):

aj+1 =


a ∈

{
QS, RP

}
, if rj+1 = exploration,

a ∈
{

RF, AR
}

, if rj+1 = comforting,

a ∈
{

PS, IN
}

, if rj+1 = action.

(21)

The many-to-one mapping limits the decision space for support skill selection to only
the skills belonging to the chosen strategy. To guide the model in selecting an appropriate
skill aj+1 from subset Ar ⊂ A, where Ar denotes the skills belonging to rj+1 (see Equation
21), we follow the strategy selection approach described in Section 4.3.1: the prompting
function Fa creates a series of prompts that guide the model in producing a context analysis
ta, based on the current conversation context c(j)

i , the chosen strategy rj+1, and the available
skill set Ar:

ta = LLM(pa), pa = Fa(c
(j)
i , rj+1,Ar). (22)

Time-constraints led us to hypothesize that the reduced reasoning scope for skill selec-
tion (|Ar| ≪ |A|) might allow the model to directly assess the appropriateness of each
skill. Therefore, we tasked the model with directly explaining its skill preferences rather
than limiting it to analyzing conversational features, as in Section 4.3.2.
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To enable this, the model is first informed of the goal of the chosen strategy, similar to
the feature analyses in Section 4.3.2. For example, the following prompt was used to select
support skills belonging to the action strategy:

System:
The supporter’s goal is to provide guidance to reduce the help-seeker’s distress. (21)

The model is then presented with the available support skill labels and their descriptions
and instructed to explain its reasoning for choosing one. For instance, we used the following
prompt to select actionable skills:

User:
Should the supporter share information or provide suggestions?
Choose information when the help-seeker needs facts [...]. Choose suggestions when
the help-seeker [...] needs help exploring potential actions or solutions.

Choose from the following options: (1) The supporter should share information. (2)
The supporter should provide suggestions. Answer with a paragraph.

(22)

After processing these prompts, the model’s output ta contains an explanation of which
support skill it prefers. The function Ma then creates a prompt that guides the model in
converting its assessment into a skill label. Like strategy selection, self-consistency was
used to improve consistency. The mode of the label sequence was used to aggregate map-
pings from analyses to selections, similar to the tie-breaking method in Section 4.3.4.

aj+1 = mode
n⋃

m=1

k⋃
l=1

LLM
(

Ma(tm
a )

)
. (23)

Here, n is the number of analyses, k the number of skill labels sampled per analysis, and
tm

a is the m-th analysis.

4.4 Response generation

The chosen support skill aj+1 and its corresponding conversational context c(j)
i are used to

create a prompt that guides the supporter’s response generation and the model generates
utterance uj+1 given prompt pr:

uj+1 = LLM(pr), pr = Gr(sj+1, aj+1, c(j)
i ), (24)

where sj+1 = supporter and Gr is a function that includes the speaker, support skill,
and context into the generation prompt. After this, the conversational context is updated by
appending the generated utterance, the speaker, and the used support skill:

c(j+1)
i = c(j)

i ∪
{
⟨uj+1, sj+1, aj+1⟩

}
. (25)

In contrast, utterances from the help-seeker depend only on the current conversational
context c(j)

i , a distress topic t, and a fixed description of the help-seeker’s character present
in Gh:

uj+1 = LLM(ph), ph = Gh(sj+1, ∅, c(j)
i ), (26)
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where sj+1 = seeker and aj+1 = ∅ indicates that the help-seeker does not use support
skills. The utterance is used to update the conversational context:

c(j+1)
i = c(j)

i ∪
{
⟨uj+1, sj+1, ∅⟩

}
. (27)

Similar to Section 4.3, dynamic natural language instructions are used to help the model
implement support skills. Because each support skill addresses a unique support aspect, a
“one-size-fits-all” approach for utterance generation does not exist. For instance, whereas
some skills require emphasis on the contents of the topic of discussion, others prioritize the
emotions expressed by the help-seeker. We found that ensuring the model focuses on the
right aspects is important for generating appropriate responses.

Both literature and our preliminary experiments indicated that models, even at the scale
of GPT-4o, often struggle to combine multiple instructions within a single prompt into a
relevant output (He et al., 2024a), a limitation that is even worse in smaller-scale language
models. Therefore, the response quality is improved by decomposing the generation task
into three subtasks, which are outlined in Sections 4.4.1, 4.4.2 and 4.4.3.

4.4.1 Coarse-grained context analysis

Some support skills require an understanding of the entire conversation to respond appro-
priately to the help-seeker’s last message. The first subtask therefore consist of a coarse-
grained analysis of the conversation. This prioritizes context at the dialogue level and re-
duces the model’s confusion on which speaker made what statement.

For example, the model extracts the help-seeker’s emotional state throughout the con-
versation when formulating a comforting response. After including the conversational his-
tory in its system prompt, the model is instructed to articulate and describe the help-seeker’s
feelings:

User:
Briefly and concisely articulate and describe the help-seeker’s experience, based on
the conversational history. Answer in a single paragraph.

(23)

The relevance of the model’s summary is improved by referencing the help-seeker with
a completion prompt:

Assistant (completing):
The help-seeker [model completes] (24)

4.4.2 Fine-grained context analysis

In the second subtask, the specific emotions or tone expressed in the help-seeker’s latest
message are extracted to improve the relevance of the supporter’s response. For instance,
while the dialogue level context might focus on job-related anxiety, the help-seeker’s latest
message might express gratitude. The model is primed to describe the emotions expressed
in the help-seeker’s message by including it in a completion prompt:

Assistant (completing):
Help-seeker: “{seeker_message}” (expressing feelings of hope and gratitude, but
also uncertainty)

(25)
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This approach helps the model to focus on the current emotional context to ensure that
the generated response aligns with the help-seeker’s expressed feelings. Interestingly, we
found that this “parenthetical method” lead to concise but accurate descriptions of the help-
seeker’s feelings, which resulted in more empathetically appropriate responses.

4.4.3 Response formulation

In the third subtask, the coarse- and fine-grained analyses from the previous two subtasks
are combined with detailed instructions on implementing a support skill:

User:
“{support_skill}” focuses on the supporter [...]
Give an example of “{support_skill}” applied in a response from the supporter to the
help-seeker’s last message.

(26)

Importantly, prompting the model to generate an example of a response rather than
querying it to reply as the supporter improved output quality: responses were concise, more
strictly followed instructions, and avoided excessive empathy. Moreover, the coarse-grained
analysis (Prompt 24) and fine-grained analysis (Prompt 25) were included into a completion
prompt to improve the relevance of the response. Finally, the model’s attention is primed to
formulate a response from the perspective of the supporter:

Assistant:
1. Help-seeker’s experience: “{experience}”
2. Help-seeker’s last message: “{seeker_message}” (expressing {feelings})

Here’s an example of a response using {support_skill}:

Supporter: “You’re welcome, did you speak with your boss about your anxiety?”

(27)

When formulating utterances, this combined approach of including conversation-level
and utterance-level insights lets the model consider both the conversation’s overarching
theme and more local details.

4.5 Conversation termination

Conversations should not have fixed lengths, as this can lead to situations where conversa-
tions end prematurely or become repetitive. Instead, they should end when the help-seeker’s
issue has been resolved. Therefore, the self-chat process should continue to generate utter-
ances until a dynamic terminal state is reached: a maximum number of turns is exceeded, or
the supporter has successfully helped the help-seeker.

Following Deng et al. (2024b), the model was prompted to assess the help-seeker’s
status and determine whether the supporter successfully resolved the help-seeker’s prob-
lems. Following this analysis, the model was instructed to select a short description that
best aligned with its assessment:

vr =


−1.0, if the help-seeker feels worse,
−0.5, if the help-seeker feels the same,

0.5, if the help-seeker feels better,
1.0, if the supporter’s help is sufficient,

(28)
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where vr is a mapping of a description to a scalar. For n status scores generated by
model, the help-seeker’s issue was considered addressed if their mean passed threshold ϵr:

1
n

n

∑
i=1

vi
r ≥ ϵr. (29)

However, we found that the model often falsely assumed the problem was resolved
based on positive words like expressions of gratitude. Therefore, the model was addition-
ally prompted to assess if the help-seeker appeared done with speaking:

v f =


−1.0, if the help-seeker wants to continue talking,

0.0, if the help-seeker might continue talking,
1.0, if the help-seeker is done talking.

(30)

The conversation was considered complete if these n generated status scores also ex-
ceeded a second threshold ϵ f :

1
n

n

∑
i=1

vi
f ≥ ϵ f . (31)

This ensured that conversation termination occurred only when it was clear that the
help-seeker’s issue had been addressed and they were ready to end the conversation, lead-
ing to a natural dialogue ending.

4.6 Self-chat

To create synthetic dialogues, the components covered in Sections 4.2, 4.3, 4.4, and 4.5 —
namely topic generation, support skill selection, response formulation, and conversation
termination — were combined into a self-chat framework.

Given a conversation topic, the model assumes both the role of the help-seeker and
the supporter. Following an opening message from the help-seeker, the model alternates
between these roles. The utterances generated during the supporter’s turns depend on the
conversational context and a support skill based on the optimal support strategy, while the
help-seeker’s utterances depend only on the conversational context and its topic. After each
turn, the model assess whether the help-seeker seems satisfied with the supporter’s advice,

Algorithm 1 Self-chat framework
1: function Generate()
2: j← 1 ▷ Initialize the step counter
3: t←Topic() ▷ Generate a conversation topic
4: sj ← seeker, uj ←Initiate(t), aj ← ∅ ▷ Start with an opener from the seeker

5: c(j)
i ←

{
⟨uj, sj, aj⟩

}
6: repeat
7: sj+1 ← Swap(sj) ▷ Swap speakers (e.g., seeker↔ supporter)

8: rj+1 ← Strategy(c(j)
i , sj+1) ▷ Select a conversational strategy

9: aj+1 ← Action(c(j)
i , rj+1, sj+1) ▷ Select an appropriate support skill

10: uj+1 ← Response(c(j)
i , aj+1, t) ▷ Generate the next utterance (t is optional)

11: c(j+1)
i ← c(j)

i ∪
{
⟨uj+1, sj+1, aj+1⟩

}
12: j← j + 1

13: until sj−1 is seeker and Ending(c(j)
i ) ▷ Check ending if the seeker was speaking

14: return cj
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to dynamically end the conversation. The complete pseudo-algorithm is outlined in Al-
gorithm 1.
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5 Experiments and results

The current section focuses on the evaluation individual components of the proposed meth-
odology and the dialogues resulting from it. We combine automatic and human evaluations
to capture both the objective and subjective aspects of our approach.

Experiments were performed using a Python 3.11.3 implementation of the proposed
methodology. Each experiment was run on a Red Hat Enterprise Linux 9.4 system, with
an Intel Xeon Gold 6126 @ 2.6GHz CPU and an NVIDIA A100 GPU. We use the Meta
Llama 3-8B model implementation from the Hugging Face transformers library. The out-
put of the model is controlled using the Outlines framework.10

5.1 General characteristics

To compare the characteristics of the generated synthetic dialogues with those of the hu-
man crowdsourced esconv dataset, we provide some high-level dataset statistics, which are
shown in Table 2.

Our final dataset consists of 100 dialogues, each consisting of approximately 459.2
words. On average, the utterances consist of 25.0 words, indicating that utterances from our
dialogues are of similar length as those in esconv dialogues (≈ 50% longer). Furthermore,
dialogues consist of 18.3 utterances, suggesting that many conversations do not dynamic-
ally terminate naturally, as the maximum number of turns was set to 22. Manual assessment
of such dialogues showed that later conversational stages contain loops where supporters
provide suggestions that help-seekers acknowledge without progressing the conversation,
thus preventing a natural ending to it. This likely reduces the diversity of dialogues, as well
as their topics, which we discuss in Section 5.2. Furthermore, the evaluations of the dia-
logue policy planning approach in Section 5.3 may be affected by this pattern of using a
single support skill in later conversational stages.

5.2 Diversity and coherence analysis

The dataset’s dialogue diversity and coherence are evaluated with the goal of knowledge
distillation in mind. The training dataset’s diversity affects a downstream model’s abilities
to understand elaborate conversational contexts; limited diversity may lead to poor general-
ization and potential overfitting. Similarly, the dialogues’ coherence, i.e., the maintenance
of realistic conversational flows, consistency of speaker roles, and adherence to topic seeds,
improves a downstream model’s ability to interpret context across multiple turns and allows
for better adaptation to shifts in conversational dynamics (Liu et al., 2021b). Furthermore,
coherent training data helps generative models learn how to provide more fluent and contex-
tually relevant responses, which leads to an improved end-user experience.

5.2.1 Lexical analysis

Following Chen et al. (2023a), the lexical diversity of our synthetic dataset is measured us-
ing the Distinct-2/3 metric (Li et al., 2016). It is defined as the ratio of unique n-grams to
the total number of n-grams in a text, with scores closer to 1.0 indicating more diverse or
creative writing (Xing et al., 2017). In line with Bao et al. (2020), the text was preprocessed
by lowercasing, tokenizing, and removing punctuation to calculate the score. Distinct-2/3
scores are calculated at (1) the utterance level to reduce dialogue length bias when analyz-
ing response diversity, and (2) the dataset level to measure how repetition potentially affects

10https://github.com/dottxt-ai/outlines

https://github.com/dottxt-ai/outlines
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esconv Ours

Mean σ Mean σ

# Dialogue words 483.8 185.8 459.2 152.6
# Utterances 29.5 10.2 18.3 4.6
# Utterance words 17.0 5.9 25.0 4.9

# Dialogues 1, 300.0 100.0

Table 2: Comparison of dataset-, dialogue-, and
utterance level statistics between esconv and our
synthetic dataset.

Dataset Distinct-2 Distinct-3 S-BERT

(S) (D) (S) (D)

esconv 0.88 0.48 0.97 0.81 0.11
Ours 0.72 0.27 0.83 0.50 0.21

Table 3: Comparison of syntactic and semantic
diversity between esconv and our synthetic data-
set through Distinct-2/3 and S-BERT embedding
cosine similarity scores, respectively. Distinct-2/3
scores were calculated at the utterance level (S)
and dataset level (D).

dialogue diversity. Furthermore, we control for length when calculating dataset level di-
versity, since longer texts generally have lower Distinct-2/3 scores than shorter texts for sim-
ilarly diverse vocabularies (Liu et al., 2022). We therefore sampled 100 random dialogues
from esconv to ensure approximately equal input lengths.

To assess the effect of the previously mentioned conversational loops on dialogue di-
versity, we also evaluated the semantic similarity of utterances using Sentence-BERT (S-
BERT) embeddings. For both datasets, we encode each unique pair of responses into se-
mantic vectors using S-BERT and compute their cosine similarity scores, with values closer
to 0.0 indicating lower semantic similarity (Reimers et al., 2019). We then take the average
pairwise similarity of all response pairs as a dataset’s semantic utterance level diversity.

The results are shown in Table 3. The lower Distinct-2/3 scores suggest that, compared
to human dialogues from esconv, our synthetic dialogues have lower lexical diversity at
both the utterance level (0.88 vs 0.72 and 0.97 vs 0.83) and the dataset level (0.48 vs 0.27
and 0.81 vs 0.50). Additionally, the average S-BERT similarity scores for our responses
(0.21) and human responses (0.11) hint at greater similarity between our utterances and
indicate a higher level of repetition in our synthetic dataset. An assessment of the 20 “least
original” utterances (each at least 60 characters in length) in our dataset and their 4 closest
matches shows that the model indeed repeats responses with little to no variation within and
between dialogues (see Appendix A).

5.2.2 Dialogue diversity

Content diversity between dialogues was measured by constructing TF-IDF vectors for each
dialogue in our synthetic dataset. These vectors encode the relative importance of words
in a dialogue given their frequency across the entire dataset and thus represent a dialogue’s
vocabulary. For all dialogue pairs, the cosine similarity score of their TF-IDF vectors was
calculated. Scores closer to 0.0 indicate a higher dissimilarity between the dialogues’ con-
tents, meaning different themes were covered (Zheng et al., 2023a). To prepare the dia-
logues for analysis, we followed the text preprocessing pipeline proposed in Egger et al.
(2022); using the Scikit-learn library, stopwords and irrelevant text (e.g., punctuation and
numbers) were removed, followed by text tokenizing and lemmatizing using WordNet Lem-
matizer.11

Figure 2a displays a histogram illustrating the distribution of cosine similarity scores
for dialogue pairs in esconv and our synthetic dataset. Synthetic dialogues appear to have
a moderate similarity, which suggests that our dataset has a reasonable degree of content

11https://scikit-learn.org/

https://scikit-learn.org/
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Figure 2: (A) Histogram showing the distribution of cosine similarity scores between dialogue pairs
for esconv and our synthetic dataset. (B) Scatter plot resulting from 2D PCA dimensionality reduc-
tion of TF-IDF vectors for dialogues from esconv and our synthetic dataset.

diversity, with overlaps between dialogues likely being a result of the shared emotional sup-
port setting. The distribution for esconv dialogues is more narrow and peaks at lower sim-
ilarity scores, indicating that these dialogues are more diverse.

5.2.3 Topic similarity

Zheng et al. (2023a) and Zheng et al. (2024) proved that topic diversity is important in en-
abling a downstream model to contextually understand a large range of topics. We therefore
apply a number of topic modelling methods in this section and Section 5.2.4 to investigate
how topics are discussed.

The topic similarity between dialogues can be compared by visualizing 2D PCA em-
beddings of TF-IDF vector representations of dialogues (Zheng et al., 2023a). Neighboring
points will share similar TF-IDF features, indicating similar dialogue contents. Preparing
the dialogues for analysis followed the same steps as those described in Section 5.2.2.

Figure 2b shows the results of this process. Each point represents a single dialogue. It
appears that our dialogues cover a broader range of topics than esconv dialogues, as sug-
gested by their wider spread. However, the substantial overlap between points from both
datasets indicates that both cover similar themes, likely as a result of the shared psycholo-
gical framework underlying the conversations. This implies that while our synthetic dataset
improves topic coverage, it still shares the conversational structural with esconv.

5.2.4 Topic analysis

Dialogue themes were analysed by using BERTopic to identify topic patterns.12 These
are modeled by creating clusters of topics based on BERT-embeddings of conversations
(Grootendorst, 2022). Representative words are then extracted for each cluster, resulting in
easily interpretable descriptions of the topics covered in the conversations. BERTopic was
chosen over Latent Dirichlet Allocation, because the former generated more interpretable
topic representations compared to the topic-word distributions produced by the latter. Be-
cause BERTopic uses embeddings from transformer models, maintaining the original struc-
ture of conversations is necessary (Egger et al., 2022). Therefore, no preprocessing was
applied to the text.

12https://github.com/MaartenGr/BERTopic

https://github.com/MaartenGr/BERTopic
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esconv Ours

Topic Count Topic Count

depression_depressed_suffered_debilitating 192 undervalued_valued_recognized_aren 18
anxiety_attacks_guard_panic 137 creative_platforms_behance_creatives 17
stressed_stress_stressful_stressing 123 rut_stuck_get_don 14
holidays_holiday_christmas_thanksgiving 115 us_our_differences_find 13
vaccine_vaccines_vaccination_vaccinated 113 concerns_friend_okay_inquiry 12
breakup_breakups_ups_break 105 cousin_support_uncertain_rather 11
cat_dog_dogs_pet 99 parents_be_critical_fears 11
discuss_else_anything_talk 98 yeah_right_true_hard 11
books_book_reading_read 92 silence_rejection_isolating_friend 10
fear_scared_fears_scary 91 fear_boss_as_seen 10
yes_yessir_tons_cause 88 interests_share_who_groups 10
walks_walk_walking_air 85 anxiety_waiting_stress_edge 10
therapist_therapy_therapists_uninsured 82 concerns_conversation_different_reframing 10
zoom_facetime_meetings_conferencing 75 running_hopeless_cycle_trapped 9

Table 4: Most common topics identified by BERTopic in the esconv dataset and our dataset, with
their frequencies.

Table 4 shows the 15 most common topics in dialogues from our synthetic dataset and
the esconv dataset. Conversations from the esconv dataset seem to center around mental
health problems like anxiety and depression, problems in relationships, coping mechanisms
like walking or reading books, and challenges related to COVID-19. Likewise, synthetic
conversations revolve around emotional problems like anxiety and fear of judgement, and
conflicts in settings related to family, friends, and the workplace. These findings indicate
that our synthetic dialogues are well grounded on their topic seeds, resulting in realistic
conversations that have strong overlaps in content with human dialogues.

5.3 Dialogue policy planning

Our methodology uses context analysis and support skill selection (see Section 4.3) to en-
able an LLM to guide conversations towards predefined goals. In this section, the changes
in conversational features and support skills throughout conversations are evaluated using
the esconv dialogue dataset and our synthetic dialogues. Based on the evaluation results,
we aim to: (1) understand how effectively our model captures conversational dynamics to
provide support, (2) gain insights into alignment of emotional support in human and syn-
thetic conversations, and (3) assess the model’s implementation of the support framework
proposed by Liu et al. (2021b).

5.3.1 Conversational features

The selection of strategies relies on the assessment of conversational features described in
Section 5.3.1. The esconv dialogue dataset (desc) was used to evaluate how well these fea-
tures reflect changes in the dynamics of human conversations over time.

To obtain representations of conversational stages in dialogues, we split the dialogues
into increasingly long segments. Specifically, each randomly sampled dialogue, ci ∼ desc,
was divided into h equally sized intervals, with every interval containing roughly the same
number of turns. For each interval v, we represented the help-seeker’s first utterance by
index mv denoting its position in the original dialogue ci. Dialogues containing intervals
without utterances from the help-seeker were excluded from consideration. Recall that
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Figure 3: Relative frequencies of the model’s predictions of the (A) help-seekers’ emotional distress
and (B) supporters’ understanding across intervals in dialogues from the esconv dataset. Error bars
represent 95% confidence intervals.

Equation 6 defined a dialogue truncated at turn j as follows:

c(j)
i =

(
⟨uk, sk, ak⟩

)j
k=1. (32)

Thus, the evaluation set Yf is constructed by sampling q dialogues from desc and ex-
tracting h segments from each of these q dialogues, resulting in a total of q× h segments:

Yf =
⋃
q

⋃
h

{
c(mv)

i | ci ∼ desc

}
. (33)

To analyse the progression of the supporter’s understanding of the help-seeker’s dis-
tress ( f1), as well as the perceived changes in the emotional state of the help-seeker ( f2), the
numbers of dialogues sampled from esconv and intervals were set to q = 80 and h = 6,
respectively. This resulted in a test set Yf consisting of 480 segments. Scores resulting from
running feature analyses on these segments were used to obtain Figures 3a and 3b.

Figure 3a shows the evaluation of distress levels across intervals. Most help-seekers feel
overwhelmed in the first two intervals, but in the following intervals the less severe uneasy
category increases strongly while the overwhelmed category decreases. Distress appears
to be present across all conversational stages, as the calm category remains low in every
interval. These observations seem to align with real human support conversations, where
the decrease of overwhelmedness and increase of more manageable emotional states reflect
the natural progression of emotional support (Burleson, 2003; Hill, 2020).

The extent to which the supporter understood the help-seeker’s experience as the con-
versation progressed is presented in Figure 3b. The supporter initially had a limited under-
standing, which turned into partial or even complete understanding over time. Given the
high frequency of exploratory skills used by humans at the start of conversations (see Figure
6), this suggests that the supporter’s understanding improved as the help-seeker’s experience
and feelings were explored. Supporters start conversations with limited knowledge of the
help-seeker’s situation, but over time gain more understanding through exploration, which
intuitively aligns with how human conversations progress.
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Figure 4: Progression of stratey usage over time by crowdworkers in dialogues sampled from
esconv. The graphs show the relative frequency per interval of three strategies: exploration (Exp.),
comforting (Com.), and action (Act.). The shaded areas around lines represent 95% confidence inter-
vals.

5.3.2 Strategy selection in human dialogues

To evaluate the conversion of conversational feature scores into support strategies, the same
testing parameters from the experiments in Section 5.3.1 were used: before sampling dia-
logues from esconv, we set q = 80 and h = 6 to obtain YS . The strategies selected by
crowdworkers and the model are illustrated in Figures 4 and 5, respectively. Each subplot
shows a strategy, with the shaded areas representing 95% confidence intervals, assuming a
normal distribution of the relative frequencies.

Both figures show that exploration is prioritised at the start of the conversation, suggest-
ing that the model initially focuses on gathering knowledge about the help-seeker’s experi-
ence. This aligns with the high number of limited knowledge scores observed in Figure 3b.
The strong increase in using actionable support skills seems to coincide with a decrease in
exploration, indicating that the model prioritises resolving distress once it has enough in-
formation on the help-seeker’s situation.

However, crowdworkers to show an increasing use of comforting over time, whereas
the model’s usage of comforting strategies remains at a low but constant level throughout
the conversations. This aligns with the predicted distress levels seen in Figure 3a, with the
model prioritizing comfort only when it perceives high overwhelm from the help-seeker.
Furthermore, humans show a more balanced use of strategies; the increase of the comfort-
ing and action strategies is coinciding with a steep decline of exploration. In contrast, the
model’s selections show a more gradual decline in exploration, with a strong increase in
actionable support, and small changes in comforting.

5.3.3 General support skill statistics

For a birds-eye view on the alignment between our model’s and human usage of support
skills, we collected general statistics on support skill frequencies and patterns. These stat-
istics additionally provide insights into the model’s adherence to the support framework
proposed by Liu et al. (2021b).

Table 5 compares support skill usage in esconv and synthetic conversations. The model
relies primarily on asking questions and providing suggestions to guide conversations, whereas
humans use support skills in a more balanced way. Furthermore, human supporters seem
more inclined to use affirming or reassuring words to provide comfort, while the model
prioritises reflecting on the help-seeker’s feelings. When engaging in actionable support,
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Figure 5: Strategies to use in dialogues sampled from esconv, predicted using our selection meth-
odology. The graphs show the relative frequency per interval of three predicted strategies: explor-
ation (Exp.), comforting (Com.), and action (Act.). The shaded areas around lines represent 95%
confidence intervals.

providing suggestions is preferred over information sharing by both our model as well as
humans; however, the model almost never shares information.

Table 6 shows the three most common support skills sequences at 3 and 4 hops (Liu
et al., 2021b). These hops show both how support skills depend on each other, as well as
frequent patterns in guiding conversations. The model appears to mainly alternate between
asking questions and providing suggestions, which is similar to the results derived from
Table 5. These skills are combined with restating or paraphrasing the help-seeker’s state-
ments to reflect on their experiences, indicating that the model primarily focuses on explor-
ation and problem resolution. However, the comforting support skills are not present, which
could mean that the model lacks the ability to determine when to use an emotionally valid-
ating response.

5.3.4 Support skill trends

The distribution of support skills at different conversational stages was evaluated to comple-
ment the insights gained in Section 5.3.3. In line with the experimental set-ups proposed in
Sections 5.3.1 and 5.3.2, we sampled q = 80 dialogues from our synthetic dataset, which
were each divided into h = 6 intervals. The relative frequency of support skills within each
segment was calculated to understand how support skills follow each other in our dialogues
(Liu et al., 2021b).

Support skill esconv Ours

Questions (QU) 20.69% 33.98%
Restatement or Paraphrasing (RP) 5.93% 6.55%
Reflection of feelings (RF) 7.82% 17.88%
Affirmation and Reassurance (AR) 15.38% 2.02%
Providing Suggestions (PS) 16.07% 39.55%
Information (IN) 6.61% 0.02%

Table 5: Distribution of the relative frequencies
of used support skills between dialogues from the
esconv dataset and our synthetic dataset.

Hops Sequence Proportion

4-Hops
QU→ PS→QU→ PS
QU→RP→QU→ PS
PS→QU→ PS→QU

12.09%
5.59%
5.49%

3-Hops
QU→ PS→QU
QU→RP→QU
PS→QU→ PS

12.03%
8.86%
7.59%

Table 6: Proportions of the top-3 support
skill sequences at 3-hops and 4-hops in our
synthetic dataset. The abbreviations align with
those in Table 5.
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Figure 6: Relative frequency distribution of six support skills across intervals. The left graph shows
the distribution in esconv dialogues, while the right graph shows distribution in our dialogues.

Figure 6 shows that the support skill usage in our synthetic dialogues generally aligns
with the results obtained from strategy selection evaluation on human dialogues in Section
5.3.2. During the beginning stages of the conversations, asking questions is the primary
support skill, in line with the model’s predicted use of exploration at the start of human
conversations (see Figure 3b). Over time, asking questions becomes less dominant and the
model starts to provide suggestions, which aligns with the transition to providing guidance
proposed in the support framework from Liu et al. (2021b).

However, our dialogues show a more constrained use of support skills compared to
esconv dialogues. As conversations progress, the model overuses Providing Suggestions
and Reflection of Feelings compared to humans, while underusing both Affirmation and
Reassurance, and Information. Additionally, the model’s support appears to collapse into
using a single skill, which contrasts with the more balanced progression of support skill us-
age in human dialogues. These results suggest that although the model is able to follow the
support framework in terms of following exploration with guidance, it lacks the nuance of
human support.

5.3.5 Human evaluation of dialogue planning

The reliability of support skill annotations in esconv is limited, since they were assigned by
individual, non-expert raters (Liu et al., 2021b). To address this issue, we invited a psycho-
logy master’s student to re-annotate dialogue contexts from esconv. Using our model as a
third rater allowed us to assess the skill prediction agreement between three raters on human
data, improving the reliability of our experiments.

To construct an evaluation dataset YA using dialogues from esconv, we let da
esc ⊆ desc

denote the subset of dialogues in which (1) a supporter used a support skill a during at least
one turn, and (2) these turns were directly preceded by a message from the help-seeker.
This ensures alignment of the support skill selection contexts for human evaluators and our
model, since the latter depends on the help-seeker’s latest message to make decisions. For
every support skill a ∈ A, we sampled q dialogues. In each randomly sampled dialogue,
ca ∼ da

esc, a turn satisfying the above conditions was randomly selected and the dialogue
truncated at this turn. Using Equation 6, the evaluation set YA can be denoted as:

YA =
⋃

a∈A

⋃
q

{
c(rca )

a | ca ∼ da
esc

}
, (34)
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Figure 7: Confusion matrices comparing support skill selections between raters. The matrix on the
left shows agreement between the psychology student and crowdworkers, the matrix in the middle
shows agreement between crowdworkers and the model, and the matrix on the right shows agree-
ment between the psychology student and the model. The highlighted diagonal elements denote
selections where both raters agreed. The abbreviations on the axes align with those in Table 5.

where rca is the index of the supporter’s selected turn. To compare support skill selec-
tions between all three raters, the last turn was removed from every truncated conversational
context in YA. Our model and the psychology student were subsequently instructed to select
a support skill for responding to the help-seeker’s latest message.

Figure 7 presents the confusion matrices that compare the support skill selections by
crowdworkers, the psychology student, and our model. The diagonal elements, highlighted
in red, show where raters agree. The strongest agreement between all raters is on questions
(QU), whereas the agreement on comforting skills (AR and RF) and actionable skills (PS
and IN) is much lower. This is both the case between human raters and between humans
and the model. For instance, the psychology student often chose restatement or paraphras-
ing (RP) where crowdworkers used comforting or actionable skills, while the model never
selected RP or IN at all. The latter observation aligns with results from Figure 6, where the
model favors QU or providing suggestions (PS) rather than balancing these with RP and IN,
respectively. This suggests that the model has problems with differentiating between skills
that belong to the same strategy. Furthermore, the model predicted QU 36 times, which ex-
ceeds the psychology student’s (30) and crowdworkers’ (20) total usage of exploratory skills
and is in line with the finding that the model often relies on a single skill per strategy.

The frequency distribution of the model’s predictions of exploratory and actionable
skills aligns more closely with that from the student. Both the model and the student se-
lected exploratory skills more than 30 times, compared to just 20 times by the crowdwork-
ers. Similarly, the model’s use of actionable skills (10) is more in line with that of the stu-
dent (9) than of the crowdworkers (20). The model selected comforting skills only 14 times,
compared to more than 20 times by the human raters, suggesting the model underuses em-
pathetic skills.

However, aggregating support skills into their overarching strategies and computing F1-
scores, reflecting how well the model’s choices match those of humans, showed the model’s
decisions align more closely with those of crowdworkers than of the student. While the
model performs exploration similar to both humans (0.50 with crowdworkers and 0.52 with
the student), it shows better alignment with crowdworkers on comforting (0.41 vs 0.29) and
actionable strategies (0.33 vs 0.21).

Finally, the confusion matrices show that the humans demonstrate moderate agreement
on strategy selection. When computing F1-scores between human raters, we find 0.52 on
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Figure 8: Win-rates for responses generated by the model and written by humans across sup-
port strategies. The bar-plot displays accuracy and relevance metrics for exploration (exp.),
comforting (com.), and action (act.) strategies.

exploration, 0.34 on comforting, and 0.35 on action. This highlights the subjectivity in sup-
port skill selection, which likely contributes to the model’s limitations.

5.4 Response generation

We evaluated the performance of the response generation component at both the response
level and dialogue level. At the response level, human evaluations were used to assess how
well utterances adhered to their support skills and how relevant they were to the conversa-
tional context. At the dialogue level, the LLM-as-a-judge paradigm was followed to meas-
ure multiple qualitative features, which were compared between human and synthetic dia-
logues.

5.4.1 Relevance and accuracy

To assess the model’s ability to apply support skills during a conversation, we evaluate two
metrics: the response’s relevance and accuracy. Accuracy reflects how responses adhere to
skill descriptions, while relevance measures how well responses fit within to the conversa-
tion and logically follow from the context (Chen et al., 2023b). The evaluations were run on
the same test dataset YA as used in Section 5.3.5; however, the supporter’s last response was
not truncated from the context.

While automatic metrics are important for evaluating the proposed methodology, they
often poorly correlate with human judgements when features such as context, tone, or em-
pathy are involved (Lee et al., 2021). Additionally, we found that for a given support skill,
the esconv dataset lacks reliable references for evaluating generated responses. We there-
fore decided to include human evaluations in our response generation analysis. Both accur-
acy and relevance were analysed through preference ranking, where the psychology student
was instructed to select their preference between 60 response pairs (or select a tie) based on
which response better suited our specified criteria (see Appendix D).

For an isolated conversational context c(rca )
a ∈ YA, the last utterance uℓ and support skill

aℓ in context c(rca )
a were selected. The model was then prompted to generate an utterance ûℓ

grounded on skill aℓ. The generated utterance was combined with the original utterance to
let the evaluator assess the pair ⟨uℓ, ûℓ⟩ based on the proposed response evaluation metrics.
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Dataset Informativeness Understanding Helpfulness Consistency Coherence

esconv 3.90 3.60 3.52 4.20 4.23
Ours 4.22 4.93 4.45 4.95 4.97

Table 7: LLM-as-a-judge evaluation results for quality of dialogues from esconv and
our synthetic dataset. Ratings are based on a 1 to 5 Likert-scale. The highest score on a
metric is underlined.

Figure 8 shows human and model win rates for the generated responses. The model
scores high in accuracy with better win rates on all strategies, suggesting that it more ac-
curately adheres to support skill descriptions. The relevance results contain many draws,
indicating similar performance between humans and our model in generating contextually
relevant responses. See Appendix C for a comparison of our prompting approach and other
methods. Overall, the model often matches or exceeds human response quality, although it
does lose a small percentage (5% to 15%) of the time.

5.4.2 Conversational quality

The evaluation framework proposed by Zheng et al. (2023a) was followed to evaluate the
quality and dynamics of dialogues generated through the self-chat methodology by assess-
ing the following metrics: (1) informativeness evaluates to what extent a help-seeker elab-
orated on the details of their distress, (2) understanding assesses how well the supporter
subsequently understood these details, (3) helpfulness measures the degree to which the
supporter was able to reduce the help-seeker’s emotional distress, (4) consistency ensures
that both speakers followed their assigned roles, and (5) coherence assesses if conversations
remained on topic and topic transitions are natural.

We rated the quality of 80 randomly sampled dialogues from both our synthetic dataset
and the esconv dataset using a five-level Likert scale that ranges from 1 to 5. Since LLMs
with strong reasoning capabilities show high agreement with human judgement on eval-
uation tasks, the LLM-as-a-judge paradigm was followed due to the high costs associated
with obtaining ratings from humans (Liu et al., 2023). Therefore, we used DeepSeek-R1
671B, a cheap reasoning model, to replace human evaluators for rating dialogue quality
(Guo et al., 2025). The used prompt can be found in Appendix B.

Table 7 compares the evaluations of dialogues from the esconv dataset and our syn-
thetic dataset for the proposed metrics. Dialogues from our dataset obtain higher scores
than human dialogues on all qualities, most notably on the supporter’s understanding (4.93
vs 3.60) and helpfulness (4.45 vs. 3.52). Furthermore, the informativeness scores (4.22 vs.
3.90) are similar for both datasets, indicating that human and artificial help-seekers elab-
orate on their distress to similar extents. The higher scores on coherence (4.97 vs. 4.23)
and consistency (4.95 vs. 4.20) indicate that our dialogues are more structured than human
dialogues and that the role-playing agents better adhere to their assigned roles than human
speakers.
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6 Discussion

This thesis investigated how well a Llama 3-8B model, when prompted to follow psycho-
logical frameworks, can produce emotional support dialogues of human-level quality. To
investigate this, we formulated three subquestions: (RQ1) how can the model be prompted
for context understanding to enable support skill selection that aligns with psychological
frameworks for goal-oriented conversational guidance, (RQ2) how well does the model gen-
erate contextually relevant responses that adhere to emotional support skill descriptions in
its prompts, and (RQ3) to what extent does the model produce dialogues comparable to hu-
man conversations when integrated into a self-chat framework.

We addressed these questions by performing experiments on a dataset of synthetic dia-
logues, generated using the framework described in Section 4.6. We answer RQ1 by ana-
lyzing how our approach captures conversational progression and enables strategy and skill
predictions, and compare these against selections by human raters, RQ2 by evaluating re-
sponse coherence using automatic metrics, while a psychology student assessed relevance
and skill adherence by comparing synthetic and human responses, and RQ3 by comparing
synthetic and real dialogues in terms of structure, topic and content diversity, support skill
usage patterns, and overall quality, using LLM-based and human evaluations.

6.1 General findings

The synthetic dialogues were grounded in distress-related topics sampled from the extes
dataset to ensure the dataset enables downstream models to generalize to diverse conver-
sations. A PCA on TF-IDF vector representations of the dialogues showed that they cover
a wider range of topics than esconv, with a BERTopic analysis confirming that both data-
sets cover similar themes (e.g., relational conflict, anxiety, coping strategies). These results
suggest that our dataset has better topic diversity, while maintaining the themes of the emo-
tional support setting.

Although dialogues display broad topic coverage, evaluations showed that the trans-
ition from providing guidance to ending the conversation frequently stagnated. This resul-
ted in repetitive dialogues, which was reflected in pairwise cosine similarity scores of syn-
thetic dialogues peaking at higher values than esconv, indicating less diverse content. Des-
pite these shortcomings in conversational progress and diversity, the generated dialogues
demonstrate a high level of quality; an analysis using DeepSeek-R1 671B as a rater showed
that synthetic dialogues scored higher than esconv on all qualitative measures, especially
on supporter understanding and helpfulness. These results emphasize the promise of the
synthetic dataset’s utility in training downstream models to understand emotional context or
provide goal-oriented guidance.

Evaluations of the dialogue planning approach confirm that capturing conversational
features enables the model to postpone providing guidance until sufficient understanding is
achieved. This aligns with the emotional support framework proposed by Liu et al. (2021b)
and contrasts strongly with unguided LLMs, which provide guidance prematurely (Kang
et al., 2024; Cheng et al., 2024). However, comforting skills remained underused, likely be-
cause (1) the comforting strategy can only be chosen after winning tie-breakers, reducing
its likelihood of being selected; and (2) the model defaults to actionable skills in later con-
versational stages because the help-seeker’s distress is understood and resolved. This likely
contributed to the earlier mentioned conversational stagnation, since use of skills like af-
firmation and reassurance, which help transition conversations to a conclusion, was restric-
ted.
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Furthermore, comparison of support skill usage in human and synthetic dialogues, and
analyses of our confusion matrices revealed collapse of support strategies into a single sup-
port skill. For instance, when the model explored, it defaulted to using questions and under-
used restatement and paraphrasing. Similarly, it practically never used providing informa-
tion when selecting actionable skills, and relied almost exclusively on reflection of feelings
to provide comfort. These findings contradict our hypothesis in Section 4.3.5, where we
proposed that a reduced reasoning scope might enable the model to directly reason about
which skill is optimal. Instead, the results indicated that direct skill selection by an LLM re-
mains challenging, suggesting that conversational features at the skill level, similar to those
for strategy selection, may be necessary for decision-making. The dialogue planning ana-
lyses should be interpreted with care, since the model’s abilities may be under- or overes-
timated depending on how the evaluated conversational contexts align with the biases in the
hierarchical skill selection process.

Human evaluations of strategy and support skill selection in truncated esconv dia-
logues demonstrated limited one-to-one agreement between human raters and the model,
but also among human raters themselves. This suggests that support skill usage is subjective
and multiple skills are appropriate for identical support contexts. F1-scores showed that the
model aligned more closely with crowdworkers than with the psychology student, especially
for comforting and actionable skills. Interestingly, the model’s frequency of exploration and
action strategy use matched the student’s, but it underused comforting skills compared to
both human raters, in line with our previous observations.

The evaluation setup could partially explain these results. The model tends to default
to actionable skills in later conversational stages, but rarely selected them in human eval-
uations, which suggests the truncated dialogues were skewed towards earlier stages where
actionable skills are not appropriate. The alignment between the student and model may
therefore reflect this bias in selection of these dialogues.

In addition to the insights into dialogue planning, human evaluations demonstrated that
our task decomposition helped the model generate contextually relevant responses that were
accurately grounded in support skill descriptions. We also found that the approach allows
the model to avoid excessively empathetic replies, a frequently observed problem in un-
prompted LLMs (Cheng et al., 2024). Its responses were generally as relevant as those from
crowdworkers, and it achieved high win-rates on support skill accuracy, especially for com-
forting skills. On relevance the model had lower win-rates and a higher number of draws.
This suggests that while the model likely generates responses that are contextually relev-
ant, these may touch upon more superficial topics than those from humans. This could be
caused by the model’s small size, limiting its ability to identify meaningful conversational
directions.

While individual responses were generally contextually appropriate and adhered to their
skill descriptions, utterance level Distinct-2/3 scores for synthetic utterances showed slightly
lower lexical diversity than those in esconv, while lexical diversity at the dataset level was
substantially lower for our dataset. Additionally, S-BERT cosine similarity scores indicated
that synthetic utterances were more semantically similar than human ones. This combin-
ation of human-like lexical utterance diversity, limited lexical dataset diversity, and high
semantic similarity suggests repetition within and between synthetic dialogues. Further
evaluations confirm that when the same support skill is used successively, the model repeats
earlier implementations of that skill with little to no variation, rather than introducing new
perspectives or conversational directions.
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6.2 Implications

We consider several implications of our findings on the field of dialogue system develop-
ment. First, while certain aspects of the synthetic dialogues require improvements, their
overall quality is considerable. Our method therefore offers a promising alternative to col-
lecting large quantities of sensitive real-world data for training goal-oriented dialogue sys-
tems. Since proactive conversational guidance is achieved solely through prompting, the
same model could be used to create data for related goal-oriented domains like persuasion,
tutoring, or customer support. By modifying the prompts to align with domain-specific
frameworks, additional retraining or data collection is not necessary, which reduces over-
all dataset curation costs and makes development of context-aware and proactive systems
more broadly accessible.

Furthermore, our approach is especially valuable in low-resource domains like mental
healthcare and, more generally, academic research, where political, privacy, ethical, and
cost constraints can limit access to high-quality data. Because researchers and organizations
with limited computational resources could host smaller-scale language models themselves,
dependencies on external sources, such as proprietary models from large companies, are
reduced. This democratizes dataset curation, reinforces institutional autonomy, and enables
innovation in under-studied areas.

Finally, the prompting approach enables research into localized dialogue systems for
other languages. By translating prompts and (if necessary) fine-tuning LLMs for specific
languages, researchers could remove language barriers, making these systems globally ac-
cessible.

6.3 Limitations

We conclude the discussion by outlining four limitations of our study. First, the dialogue
generation method is computationally inefficient. Because the model’s small size affected
its contextual understanding, extensive prompting and many self-consistency iterations were
required. This led to an inefficient process that limited the number of samples used during
evaluations, which potentially affected the statistical power of our study and limited the ef-
fectiveness of our approach in generating large-scale datasets.

Second, although our thesis investigated how a smaller-scale LLM could be used to gen-
erate a synthetic dataset for training downstream models, time constraints and the limited
size of our dataset prevented us from actually training downstream models and evaluating
changes in their performance.

Third, our human evaluations involve only one rater. Support skill evaluations indir-
ectly included a second rater through crowdworkers’ annotations, but the response (and
thereby dialogue) evaluations could be biased. We aimed to address this by using a larger-
scale reasoning model as a rater, but acknowledge that this does not replace the quality that
multiple human experts could provide.

Fourth, the automatic metrics used to assess dialogues provided insights into the dia-
logues’ characteristics generally failed to capture whether they “made sense”, which is a
common challenge when attempting to capture subjective qualities using automated met-
rics.

Future work can address these experimental limitations by improving the scalability of
our method, either by reducing the complexity of the prompting approach or investigating
whether larger-scale models provide significantly better contextual understanding despite
a small increase in computational cost. Additionally, involving multiple human evaluators
could improve the reliability and coverage of the qualitative analyses.
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7 Conclusion

In this thesis, we proposed a prompt-based, goal-oriented synthetic dialogue generation
approach using a smaller-scale open-source language model. We investigated whether this
methodology could be used to generate emotional support dialogues of human-level quality
aligned with a psychological framework by answering three subquestions that focused on
prompt-based support skill selection and response generation, as well as the integration of
these components into a self-chat framework.

We performed our experiments on a synthetic dataset that was generated using our
method. The evaluations encompassed three main aspects: the alignment between the model’s
and human conversational guidance, the response quality in terms of contextual relevance
and adherence to skill descriptions, and the dialogues’ diversity, structure, and content. We
assessed these qualities through automatic, LLM-based, and human evaluations to analyze
the effectiveness of our approach.

Our findings suggest that our approach indeed enables the model to produce goal-oriented
dialogues that align with the used emotional support framework, and show promising qual-
ity when compared against human dialogues. Specifically, we answer our research questions
as follows. For RQ1, we found that extracting conversational features like distress level and
exploration extent enables strategy selection that aligns with the support framework. This
demonstrates that smaller-scale LLMs can understand context effectively through prompt-
ing, provided that the prompts offer sufficient guidance. However, using the model to dir-
ectly reason about support skill selection led to “skill collapse”, where the model struggled
to differentiate between skills and often defaulted to a single one. Additionally, biases in
strategy selection led to stagnation in dialogue progress, resulting in repetitive conversa-
tions. For RQ2, the model adhered to emotional support skill descriptions more accurately
than humans and produced responses that were contextually relevant but potentially su-
perficial. Interestingly, when the same skill was used successively, the model reused prior
implementations of that skill, thus failing to introduce new conversational directions. For
RQ3, synthetic dialogues outperformed human ones in qualitative evaluations performed by
DeepSeek-R1 671B and covered a wider range of distress topics, while maintaining align-
ment with common emotional support themes. Furthermore, the dialogues followed the
expected transition from exploration to guidance, but lacked in comforting and had substan-
tially lower lexical diversity, likely caused by conversational stagnation.

Based on these findings, we propose several directions for future research. One involves
introducing additional conversational features at the strategy selection level, which could
resolve conversational stagnation. Additionally, implementing feature analysis at the skill
selection level could address skill collapse, with more realistic skill usage likely also im-
proving response diversity, though this could alternatively be addressed by optimizing the
model’s generation parameters. Another interesting direction is exploring the trade-off
between higher computational costs and improved reasoning capabilities in larger-scale
language models, which might improve the method’s efficiency by requiring a less com-
plicated prompting approach and thereby lowering its total computational cost. Addition-
ally, it remains important to evaluate how training downstream models on our synthetically
generated datasets actually influences their performance. Finally, while our experiments
comprised only static evaluations, future work could investigate how our dialogue planning
and response generation approaches affect the distress of real users.
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A Response repetition

• [59] Supporter (Providing Suggestions): “Hmm, maybe exploring flexible work ar-
rangements or delegating tasks to colleagues could be a good starting point. What do
you think?”

– [61] Supporter (Providing Suggestions): “Hmm, maybe exploring flexible work
arrangements or delegating tasks to colleagues could be a good starting point.
What do you think?” (similarity=1.0000)

– [65] Supporter (Providing Suggestions): “Hmm, maybe exploring flexible work
arrangements or delegating tasks to colleagues could be a good starting point.”
(similarity=0.9736)

– [67] Supporter (Providing Suggestions): “Hmm, maybe exploring flexible work
arrangements or delegating tasks to colleagues could be a good starting point.”
(similarity=0.9736)

– [63] Supporter (Providing Suggestions): “That sounds like a good starting point.
Have you considered talking to your supervisor about flexible work arrange-
ments or delegating tasks to colleagues?” (similarity=0.8340)

• [88] Help-Seeker: “That sounds like a good idea. I think it could really help me gain
some insight into my decision-making process.”

– [90] Help-Seeker: “Yeah, that sounds like a good idea. I think it could really
help me gain some insight into my decision-making process.” (similarity=0.9951)

– [86] Help-Seeker: “That sounds like a good idea. I think it could really help
me clarify my thoughts and gain confidence in my decision-making abilities.”
(similarity=0.9269)

– [82] Help-Seeker: “That sounds like a great idea. I think it could really help me
gain some confidence in my decision-making abilities.” (similarity=0.8840)

– [81] Supporter (Providing Suggestions): “What do you think about trying a
small decision journal’ to track your choices and see how it feels?” (similar-
ity=0.7184)

• [146] Supporter (Providing Suggestions): “Maybe you could try framing your con-
cerns as a genuine inquiry, like ’Hey, I’ve noticed we haven’t talked about [specific
topic] in a while. Is everything okay?’ or ’I’ve been feeling a bit uncertain about
our friendship lately. Can we talk about what’s going on?’ What do you think about
that?”

– [152] Supporter (Providing Suggestions): “Maybe framing your concerns as a
genuine inquiry, like ’Hey, I’ve noticed we haven’t talked about [specific topic]
in a while. Is everything okay?’ or ’I’ve been feeling a bit uncertain about our
friendship lately. Can we talk about what’s going on?’” (similarity=0.9944)

– [148] Supporter (Providing Suggestions): “Maybe we could try framing your
concerns as a genuine inquiry, like... ’Hey, I’ve noticed we haven’t talked about
[specific topic] in a while. Is everything okay?’ or... ’I’ve been feeling a bit un-
certain about our friendship lately. Can we talk about what’s going on?’” (simil-
arity=0.9898)
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– [142] Supporter (Providing Suggestions): “Have you thought about framing
your concerns as a genuine inquiry, like ’Hey, I’ve noticed we haven’t talked
about [specific topic] in a while. Is everything okay?’ It might help your friend
feel more comfortable opening up.” (similarity=0.8635)

– [136] Supporter (Providing Suggestions): “Have you considered... reaching out
to your friend and asking if everything’s okay, or... sharing your concerns with
them in a non-accusatory way?” (similarity=0.6871)

• [149] Help-Seeker: “Yeah, that sounds like a good idea. I’ll try that. Thank you for
your help.”

– [970] Help-Seeker: “Yeah, that sounds like a good idea. I’ll try that. Thanks for
your help.” (similarity=0.9944)

– [434] Help-Seeker: “Yeah, that’s a great idea. I’ll try that. Thanks for your
help.” (similarity=0.9791)

– [968] Help-Seeker: “That sounds like a good idea. I’ll try that. Thanks for your
help.” (similarity=0.9754)

– [1305] Help-Seeker: “That sounds like a good idea. I’ll try it. Thanks for your
help.” (similarity=0.9322)

• [158] Supporter (Restatement or Paraphrasing): “So, it seems that your friend has
stopped responding to your calls and messages, and you’re left feeling ignored and
unsure of what’s changed in their life that could have led to this sudden silence.”

– [160] Supporter (Restatement or Paraphrasing): “Your friend has stopped re-
sponding to your calls and messages, and you’re left feeling ignored and unsure
of what’s changed in their life that could have led to this sudden silence.” (simil-
arity=0.9922)

– [155] Help-Seeker: “My friend has been ignoring my calls and messages. We
used to talk regularly, but suddenly they stopped responding.” (similarity=0.8114)

– [156] Supporter (Question): “What do you think might have changed in your
friend’s life or priorities that could have led to this sudden silence?” (similar-
ity=0.7457)

– [164] Supporter (Reflection of Feelings): “It sounds like you’re feeling a deep
sense of rejection and abandonment, like your friend’s silence is a rejection of
your friendship and your worth as a person. Is that a feeling that’s been linger-
ing for you, or is it a new one that’s emerged in this situation?” (similarity=0.7059)

• [192] Supporter (Providing Suggestions): “That’s an interesting idea. Have you con-
sidered searching for online communities or social media groups centered around
your interests? Maybe that could be a good starting point for connecting with others
who share your passions.”

– [188] Supporter (Providing Suggestions): “That’s an interesting idea. Have you
considered searching for online communities or social media groups centered
around your interests? Maybe that could be a good starting point for connecting
with others who share your passions.” (similarity=1.0000)

– [1261] Supporter (Providing Suggestions): “That’s an interesting idea. What do
you think about exploring a book club or a similar group, or even attending a
networking event to connect with others who share similar passions?” (similar-
ity=0.8946)
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– [190] Supporter (Providing Suggestions): “Have you considered exploring on-
line communities or social media groups centered around your interests? Maybe
that could be a good starting point for connecting with others who share your
passions.” (similarity=0.8800)

– [186] Supporter (Providing Suggestions): “That sounds like a really tough spot
to be in. Have you considered trying online communities or social media groups
centered around your interests? Maybe that could be a good starting point for
connecting with others who share your passions.” (similarity=0.7948)

• [279] Supporter (Restatement or Paraphrasing): “So, you’re facing a high volume of
tasks, which you’re struggling to manage, and this is causing you to worry about not
meeting expectations and disappointing others.”

– [277] Supporter (Restatement or Paraphrasing): “So, it seems that you’re facing
a high volume of tasks, which you’re struggling to manage, and this is causing
you to worry about not meeting expectations and disappointing others.” (simil-
arity=0.9953)

– [685] Supporter (Restatement or Paraphrasing): “So, you’re feeling overwhelmed
by the demands of your responsibilities, and you’re struggling to keep up with
multiple tasks, which is causing you to feel stuck and unable to make progress.”
(similarity=0.7385)

– [1061] Supporter (Affirmation and Reassurance): “You’re not alone in feeling
overwhelmed, and it’s normal to worry about not meeting expectations. Your
motivation and capabilities are not defined by one setback or failure.” (similar-
ity=0.6915)

– [1084] Supporter (Providing Suggestions): “Have you considered prioritizing
tasks, setting smaller goals, and seeking guidance from colleagues or super-
visors?” (similarity=0.6869)

• [313] Supporter (Providing Suggestions): “Have you considered exploring a ’gray
area’ approach, where you both try to find common ground?”

– [311] Supporter (Providing Suggestions): “Have you considered exploring the
’gray area’ approach, where you both try to find common ground?” (similar-
ity=0.9957)

– [34] Help-Seeker: “I think we’re not communicating effectively. We both have
different opinions, and we don’t know how to find common ground.” (similar-
ity=0.7760)

– [257] Supporter (Providing Suggestions): “Have you considered having a con-
versation about active listening and trying to understand each other’s perspect-
ives?” (similarity=0.7719)

– [309] Supporter (Providing Suggestions): “What if you tried seeking common
ground or exploring a ’gray area’ approach?” (similarity=0.7398)

• [331] Help-Seeker: “I think that could be really helpful. It might help us stay on track
and avoid getting sidetracked by other issues. And maybe we can also try to listen
more actively to each other, instead of just focusing on our own points.”

– [335] Help-Seeker: “I think that could be really helpful. It might help us stay on
track and avoid getting sidetracked by other issues. And maybe we can also try
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to listen more actively to each other, instead of just focusing on our own points.”
(similarity=1.0000)

– [329] Help-Seeker: “I think that could be really helpful. It might help us stay on
track and avoid getting sidetracked by other issues.” (similarity=0.7984)

– [332] “That’s a great idea. Maybe we could also explore having a ’pre-conversation’
to clarify the issues and establish a clear agenda for the discussion?” (similar-
ity=0.7804)

– [312] Help-Seeker: “I think that’s a great idea. I never thought about trying
to find common ground instead of just focusing on our differences.” (similar-
ity=0.7741)

• [669] Supporter (Providing Suggestions): “Maybe we could start by identifying one
small, achievable goal you’d like to work towards. Just one step at a time, and we can
explore that together.”

– [671] Supporter (Providing Suggestions): “Maybe we could start by identifying
one small, achievable goal you’d like to work towards. Just one step at a time,
and we can explore that together.” (similarity=1.0000)

– [1605] Supporter (Providing Suggestions): “Perhaps you could start by ex-
ploring what advice or support you do feel capable of providing?” (similar-
ity=0.6153)

– [497] Supporter (Providing Suggestions): “That sounds like a great place to
start. Perhaps we could explore some specific phrases or questions you could
use to clarify your needs and desires. What do you think?” (similarity=0.6126)

– [582] Supporter (Providing Suggestions): “Perhaps we could explore some
small steps you could take to start moving forward, like setting aside time for
self-reflection or reaching out to friends for support.” (similarity=0.6009)

• [687] Supporter (Reflection of Feelings): “So, it sounds like you’re feeling overwhelmed
by multiple responsibilities, and you’re struggling to make progress, which is causing
you to feel stuck and frustrated.”

– [689] Supporter (Reflection of Feelings): “So, it sounds like you’re feeling over-
whelmed by multiple responsibilities, and you’re struggling to make progress,
which is causing you to feel stuck and frustrated.” (similarity=1.0000)

– [683] Supporter (Reflection of Feelings): “So, it sounds like you’re feeling over-
whelmed by the demands of your responsibilities, and that’s causing you to feel
stuck and unable to make progress.” (similarity=0.8933)

– [685] Supporter (Reflection of Feelings): “So, you’re feeling overwhelmed by
the demands of your responsibilities, and you’re struggling to keep up with mul-
tiple tasks, which is causing you to feel stuck and unable to make progress.”
(similarity=0.8867)

– [695] Supporter (Reflection of Feelings): “You’re feeling overwhelmed and un-
sure about how to move forward. Can you tell me more about what’s causing
this frustration and helplessness?” (similarity=0.7623)

• [882] Supporter (Providing Suggestions): ““Perhaps taking a break from the argu-
ments and having a calm conversation about what’s bothering you both could be a
step towards reconnecting?”



56

– [884] Supporter (Providing Suggestions): ““Perhaps taking a break from the ar-
guments and having a calm conversation about what’s bothering you both could
be a step towards reconnecting?” (similarity=1.0000)

– [1288] Supporter (Reflection of Feelings): “You’re feeling stuck and unable to
move forward, reliving the pain and hurt of the argument. That sounds really
painful and stuck. Can you tell me more about what it’s like to be stuck in this
place?” (similarity=0.7066)

– [1446] Help-Seeker: “We just have trouble understanding each other and com-
municating effectively. We always seem to be on different pages, and it’s led to
a lot of conflict and frustration.” (similarity=0.6338)

– [567] Supporter (Reflection of Feelings): “It sounds like you’re looking for a
way to reconnect and clear the air. Have you considered reaching out to them
with a calm and open message, expressing your feelings and concerns, and ask-
ing if they’re willing to listen and work together to find a resolution?” (similar-
ity=0.6294)

• [933] Help-Seeker: “That’s a good idea. I never thought about it that way. Maybe I
can find new ways to connect with people and create new routines.”

– [937] Help-Seeker: “That’s a great idea. I never thought about it that way. Maybe
I can find new ways to connect with people and create new routines.” (similar-
ity=0.9906)

– [187] Help-Seeker: “That’s a great idea. I never thought of that. Maybe I can
find some people who share my interests and connect with them that way.”
(similarity=0.7503)

– [191] Help-Seeker: “I think that’s a great idea. I never thought of that. Maybe I
can find some people who share my interests and connect with them that way.”
(similarity=0.7448)

– [775] Help-Seeker: “I think that could be a good way to start reconnecting with
myself and finding a sense of purpose here.” (similarity=0.6844)

• [940] Supporter (Providing Suggestions): “Maybe exploring local community centers
or volunteer opportunities could be a good starting point?”

– [938] Supporter (Providing Suggestions): “Perhaps exploring local community
centers or volunteer opportunities could be a good starting point?” (similar-
ity=0.9975)

– [774] Supporter (Providing Suggestions): “That’s an interesting thought. Have
you considered exploring local volunteer opportunities or community groups
that align with your passions?” (similarity=0.7434)

– [772] Supporter (Providing Suggestions): “That sounds like a powerful goal.
Have you considered exploring local volunteer opportunities or joining a com-
munity group that aligns with your passions?” (similarity=0.7202)

– [1202] Supporter (Providing Suggestions): “Perhaps you could also look into
local animal shelters or rescue organizations to explore volunteer opportunit-
ies?” (similarity=0.7158)

• [993] Supporter (Providing Suggestions): “That sounds like a beautiful idea. Would
you like to explore some creative ways to honor your dog’s memory, like writing,
drawing, or making a memory box?”
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– [987] Supporter (Providing Suggestions): “That’s a beautiful idea. Would you
like to explore some creative ways to honor your dog’s memory, like writing,
drawing, or making a memory box?” (similarity=0.9936)

– [786] Supporter (Providing Suggestions): “That’s an interesting idea. Have
you considered making a memory book or a small ritual to honor your dog’s
memory?” (similarity=0.8933)

– [788] Supporter (Providing Suggestions): “What do you think about creat-
ing a memory book or a small ritual to honor your dog’s memory?” (similar-
ity=0.8307)

– [985] Supporter (Providing Suggestions): “Have you considered creating a
memory book or a scrapbook to honor your dog’s memory and process your
emotions?” (similarity=0.8265)

• [1067] Supporter (Providing Suggestions): “Perhaps exploring prioritization tech-
niques or delegating tasks could help you regain control. What do you think?”

– [1065] Supporter (Providing Suggestions): “Maybe exploring prioritization
techniques or delegating tasks could help you regain control. What do you think?”
(similarity=0.9990)

– [1069] Supporter (Providing Suggestions): “Maybe considering a stop doing’
list or delegating tasks to others could help you regain control. What do you
think?” (similarity=0.9117)

– [1234] Supporter (Providing Suggestions): “Have you considered breaking
down your tasks into smaller, manageable chunks? That might help you regain a
sense of control and confidence.” (similarity=0.7998)

– [1607] Supporter (Providing Suggestions): “Perhaps taking small, specific ac-
tions could help you feel more in control?” (similarity=0.7079)

• [1226] Supporter (Question): “What’s been the most challenging part of your day/week/lately
that’s contributing to this feeling of being overwhelmed?”

– [1116] Supporter (Question): “What’s been the most challenging part of your
day/week lately that’s contributing to this feeling of being overwhelmed?” (sim-
ilarity=0.9954)

– [1182] Supporter (Question): “What’s been the most challenging aspect of your
life lately that’s contributing to this feeling of being overwhelmed?” (similar-
ity=0.9494)

– [504] Supporter (Question): “What’s been the most challenging part of your
day/week lately that’s contributing to this feeling of overwhelm?” (similar-
ity=0.9269)

– [463] Supporter (Question): “What’s been on your mind lately that’s causing
you to feel so overwhelmed?” (similarity=0.8747)

• [1284] Supporter (Providing Suggestions): “Maybe we could explore writing a heart-
felt letter or having a calm conversation... or maybe something else entirely?”

– [1282] Supporter (Providing Suggestions): “Maybe we could explore writing
a heartfelt letter or having a calm conversation... or maybe something else en-
tirely?” (similarity=1.0000)
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– [1280] Supporter (Providing Suggestions): “Maybe we could explore some po-
tential steps you could take to reach out, like... writing a heartfelt letter or hav-
ing a calm conversation. What do you think?” (similarity=0.7126)

– [1455] Supporter (Providing Suggestions): “Maybe experimenting with setting
aside dedicated time for open conversations, focusing on empathic listening, or
sharing small gratitudes could bring a sense of connection and understanding.
How do you feel about that?” (similarity=0.6601)

– [866] Supporter (Providing Suggestions): “If you feel comfortable, maybe we
could explore some guided meditations or writing prompts to help you process
your emotions?” (similarity=0.6545)

• [1372] Help-Seeker: “Yeah, I think that’s a good idea. I’ll try journaling and see if it
helps me process my emotions better.”

– [1366] Help-Seeker: “I think that’s a good idea. I’ll try journaling and see if it
helps me process my emotions better.” (similarity=0.9931)

– [587] Help-Seeker: “I think that could help. I’ve been trying to talk to my friends,
but it’s hard for them to understand what I’m going through. Maybe writing
things down will help me process my emotions better.” (similarity=0.8035)

– [591] Help-Seeker: “I think that could be a good way to start processing my
emotions and moving forward.” (similarity=0.7686)

– [866] Supporter (Providing Suggestions): “If you feel comfortable, maybe we
could explore some guided meditations or writing prompts to help you process
your emotions?” (similarity=0.7569)
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B Qualitative LLM evaluation prompt

Prompt used for qualitative evaluations using DeepSeek-R1:

### Dialogues:
{conversation}

## Instruction:
Rate the informativeness , understanding , helpfulness , consistency
and coherence of the input dialogue on a scale of 1 to 5 and
just output the corresponding ratings. Informativeness measures
how well the individual seeking support articulates their
emotional challenges. Understanding gauges the supporter ’s grasp
of the individual ’s experiences and emotions. Helpfulness
evaluates the effectiveness of the supporter ’s efforts in
mitigating the individual ’s emotional distress. Consistency
ensures participants consistently adhere to their roles and
exhibit non-contradictory behavior. Coherence checks if
conversations have seamless topic transitions.

### Output Format:
informativeness - x
understanding - x
helpfulness - x
consistency - x
coherence - x

### Your Response:
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C Differences in response generation between prompts

Small example demonstrating how model responds to a conversational context as the sup-
porter, when given (1) no instructions on how to respond, (2) asking a question following
the prompting methodology proposed by Chen et al. (2023b), and (3) asking a question us-
ing our prompting method.

Help-Seeker: "Hello"
Supporter: "Hello, what would you like to talk about?"
Help-Seeker: "I am having a lot of anxiety about quitting my current job. It is too stressful,
but pays well."
Supporter: "What makes your job stressful for you?"
Help-Seeker: "I have to deal with many in hard financial situations, and it is upsetting."
Supporter: "Do you help your clients to make it to a better financial situation?"
Help-Seeker: "I do, but often they are not going to get back to what they want. Many people
are going to lose their home when safeguards are lifted."
Supporter: "But you offer them a better future than what they have currently. It may not be
what they wanted, but it helps them in the long run."
Help-Seeker: "That is true but sometimes I feel like I should put my feelings and health
first."

[Unprompted] "It sounds like you’re feeling torn between your sense of responsibility to-
wards your clients and your own well-being. It’s completely understandable that you’re ex-
periencing anxiety about quitting your job, especially since it pays well. Can you tell me
more about what’s driving your desire to leave your job? Is it the constant stress and emo-
tional toll it’s taking on you, or is there something else at play? Also, I want to acknowledge
that your work can be incredibly challenging, and it’s natural to feel overwhelmed by the
financial struggles of your clients. It’s admirable that you’re committed to helping them, but
it’s also important to recognize that you can’t pour from an empty cup. What do you think
would need to change in your life for you to feel more balanced and fulfilled?"

[Chen et al. prompting] "I see. It sounds like you’re feeling a sense of responsibility to-
wards your clients, which is admirable. But at the same time, you’re also feeling overwhelmed
and stressed out by the situation. Can you tell me more about what you mean by ’putting
your feelings and health first’? What does that look like to you?"

[Our prompting] "Can you tell me more about what’s driving the sense that your feelings
and health are being neglected, especially in moments when you’re weighing the pros and
cons of staying in your job?"
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D Human skill and response evaluation interface

(a) (b)

(c)

Figure 9: (a) Optimal support skill selection. (b) Response adherence to skill description.
(c) Response relevance evaluation.
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