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Abstract

An empathetic chatbot is an essential component of intelligent mental healthcare. We
adopted implicitly empathy prompting (IEP) by decomposing empathy into supportive di-
alogue, paraphrased response, emotional understanding, and attitude expression, referred
to as the four features of empathy decomposition. IEP is based on lightweight language
multi-agents (LLM-Agents) to generate empathy dialogue. The approach contrasts with
the explicitly defined empathy of simply prompting a model to be empathetic. Three
datasets for the four features scenario were generated by using the Generative Pre-Trained
Transformer (GPT)-4o model, with cases in finance, family, and health issues. For each
dataset, 30 examples were randomly selected and examined as input prompting onto six
lightweight language models. These models include Mistral (7B), Phi-4 (14B), StableLM2
(12B), Tulu3 (8B), Neural-chat (7B), and Llama 3.1-Instruct (8B). After that, the output was
evaluated by using GPT-4o to calculate empathy perception scores (EP scores). The average
EP scores on three datasets for implicit/explicit empathy prompting ranged from 1 to 10.
The final evaluation results are as follows: (1) implicitly empathy prompting (IEP): Mistral
(8.83), Phi-4 (8.96), StableLM2 (9.03), Tulu3 (7.24), Neural-chat: (8.03), Llama 3.1-Instruct
(8.74); (2) Explicitly Empathy Prompting (EEP): Mistral (7.52), Phi-4 (8.55), StableLM2
(7.78), Tulu3 (7.67), Neural-chat (8.35), Llama 3.1-Instruct (8.76). Among these values, three
models (Mistral, Phi-4, and StableLM2) achieve higher and stable EP scores obviously. The
other models (Tulu3, Neural-chat, and Llama 3.1-Instruct) keep comparable EP scores. Our
experiment findings showed that the prompt engineering method with the IEP approach
could significantly outperform EEP.

Keywords: mental healthcare; implicitly empathy prompting; four features empathy
decomposition; lightweight language multi-agents; LLM-Agent

1. Introduction
Mental health is one of the vital components of intelligent healthcare. For patients

with psychological disorders, medical consultations are restricted by the limited number
of individuals that each physician can attend to take care of their clients. Nursing staff
must devote more extensive time and exhibit remarkable patience to care for these patients.
However, it is impractical to provide professional assistance around the clock for every
individual. The integration of chatbots in mental healthcare breaks the constraints of
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time, supporting medical professionals in handling long-term and high-volume patient
interactions, thereby allowing experts to focus on resolving more complex cases.

LLMs combined with agents are highly suitable for simulating human cognition [1],
especially in empathy generation [2]. In this work, we propose a lightweight language multi-
agent (LLM-Agents) framework to realize empathetic chatbot dialogue. We decompose
empathetic dialogue into four core features, namely supportive dialogue, paraphrasing,
emotional understanding, and attitudinal expression; this approach is collectively referred
to as the four features empathy decomposition. The LLM-Agents framework demonstrates
how humans consider these separate aspects before expressing empathy, resulting in
significantly improved generation quality.

Conventional chain-of-thought (CoT) prompting employs instructions such as “Let’s
think step by step” to guide LLMs in disclosing and breaking down their reasoning steps,
which has been shown to enhance performance [3]. The rigor demanded by medical appli-
cations requires human intervention in the reasoning processes of lightweight language
models, as well as explicitly defined features, to foster effective empathetic dialogue gen-
eration and assist professionals in explaining and adjusting model outputs. Moreover,
decomposing empathy streamlines the task for lightweight language models and helps
prevent hallucinations [4].

Among all available LLMs, ChatGPT (OpenAI, Model: GPT-4.1) empathetic capabili-
ties seem to significantly exceed those of all other sophisticated models [5]. Furthermore,
generative LLMs pre-trained on extensive datasets are proven to possess the ability to
perform natural language evaluations without reliance on annotated samples [6]. Therefore,
we employ the GPT-4o LLM as an evaluator and determine the empathy capabilities of
candidate lightweight language models based on the computed EP scores.

At first, we prepared six candidate lightweight language models to be evaluated
and used the GPT-4o LLM to generate three scenario datasets on the topics of finance,
family, and health. For each scenario dataset, thirty symptom descriptions were randomly
selected to serve as evaluation samples in the overall experimental design process. Based
on these three scenario datasets, we designed and implemented an implicitly empathy
prompting (IEP) data processing workflow constructed from four empathy-related features,
aiming to accurately reflect the models’ empathetic response capabilities. The GPT-4o
LLM was then used to calculate EP scores on a scale of one to ten in order to compare
the performance differences between the IEP and EEP approaches. Finally, the overall
empathetic performance of candidate lightweight language models was presented and
described thoroughly across the three scenario datasets. Additionally, the average EP scores
were used to assess the quality of empathetic responses, while the standard deviation of EP
scores was used to evaluate the stability of empathetic performance.

2. Methods
The empathetic dialogue generation method in this study implicitly defines the ex-

pression of empathy through emotional understanding, paraphrased response, supportive
dialogue, and attitudinal expression.

2.1. Four Features of Empathy Decomposition

Empathy is a crucial competency for counseling professionals, enabling clients to feel
genuinely understood and thus more willing to elaborate on their inner thoughts. We first
decompose empathy into four features, emotional feature, paraphrase feature, supportive
feature, and attitude feature. In the following, the overall analysis process is named IEP.
Each empathetic feature is then handled by the corresponding agent, allowing LLM-Agents
to produce more empathetic responses in dialogue. Unlike the IEP approach, which defines
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empathy implicitly, the direct specification of “empathy” as an input prompt leverages the
model’s pre-trained data and parameters to achieve empathetic generation. This method,
which explicitly defines empathy, is termed Explicit Empathy Prompting (EEP).

2.2. Empathy Perception Scores

We utilized the GPT-4o LLM (OpenAI, San Francisco, CA, USA) to evaluate the degree
of perceived empathy responses generated by candidate lightweight language models,
referred to as empathy perception scores (EP scores). EP scores is served as assessing the
handling of each empathetic case for IEP/EEP, with scores ranging from 1 to 10.

In this context, the GPT-4o LLM simulates the role of a mental counselor in evaluating
the quality of empathy during an interview, while candidate lightweight language models
act as counseling professionals engaging with the cases. Across the 30 randomly selected
scenarios for each of the three topics, each round of responses by the candidate models
receives an EP score. A higher average EP score over the 30 generated responses indicates
greater accuracy in producing empathy, with this accuracy metric referred to as the average
EP score. When evaluated by GPT-4o LLM, candidate models’ empathy levels are presented
in natural language, generating both scale ratings and reasoning for IEP and EEP. To ensure
objectivity, the GPT-4o LLM memory functions are disabled before scoring.

In practice, clients in mental health cases tend to be particularly sensitive and less
forthcoming than those with physical conditions. Establishing trust and rapport through
consistent empathy is essential. Higher similarity in scores indicates more stable empathy
generation, measured as the standard deviation. Thus, the evaluation metrics for selecting
suitable lightweight language models to assist professionals are the average and standard
deviation of EP scores. A higher average EP scores and lower standard deviation reflect
better empathy quality.

2.3. Lightweight Language Multi-Agents Framework

We developed a system architecture that incorporates four distinct agents, namely
the emotional feature agent, the paraphrase feature agent, the supportive feature agent,
and the attitude feature agent. All of these agents collectively constitute what is known as
LLM-Agents framework, as shown in Figure 1.

 
Figure 1. Block diagram of LLM-Agents framework (dashed line) and four agent components
(solid line) to demonstrate the empathy features working together in Agent-to-Agent (A2A)
protocol (arrows).

2.4. IEP

The IEP approach initially generates dialogues that capture emotional and paraphrased
features, which serve as inputs for the attitude feature. The outputs from the attitude feature,
together with the dialogue produced by the supportive feature, are subsequently combined
and used again as input for the attitude feature. This process ultimately produces the
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empathetic response. Figure 2 illustrates the subsequent prompting for attitudinal features,
where emotional, paraphrased, and supportive features are implicitly processed.

 
Figure 2. IEP data flow diagram. Solid lines indicate direct feature propagation; Double solid lines
represent conditional feature generation dependent on preceding inputs; Dashed lines delineate the
framework scope.

3. Experiments
The candidate lightweight language models selected for this study ranged from 7B

to 15B in quantized parameter weights to facilitate offline performance evaluation and
application development. The local server used is equipped with an NVIDIA GeForce
RTX 3080 graphics processing unit (NVIDIA Corporation, Santa Clara, CA, USA), and
10 gigabytes of video random access memory. For both IEP and EEP experiments, em-
pathetic responses containing advice or guidance were explicitly excluded. Empathy
evaluations are conducted for candidate lightweight language models using both IEP and
EEP. Interview scenarios simulate empathetic interactions between counselors and clients,
particularly when clients encounter situations triggering negative thoughts. The scenario
datasets cover finance, family, and health topics, generated using the GPT-4o LLM. In the
experiment, thirty samples were randomly selected from each of the three scenario datasets
to simulate the use of empathy by the LLM-Agents framework in client interviews. To
ensure fairness when comparing models, the average and maximum number of tokens
are evaluated throughout the process. For negative client statements, the average number
of tokens is approximately 39.33 for the finance dataset, 37.70 for family, and 37.66 for
health. The maximum number of tokens for negative thoughts is consistently 59 across all
three domains.

4. Results
To select the best candidate lightweight language model for use as an empathetic

chatbot assistant for counseling professionals, this study first evaluates overall perfor-
mance by observing the average EP score. Subsequently, the individual performance of
each model across different scenario datasets is closely examined to determine empathy
generation behavior.

4.1. Individual Lightweight Language Models Performance

The assessment of empathetic feature outputs involves six models, namely Mistral, Phi-
4, StableLM2, Neural-chat, Tulu3, and Llama 3.1-Instruct. This study investigates empathy
reactions using IEP and EEP across different scenario datasets. For Mistral, IEP average
ranges from 8.65 to 9.01, with a standard deviation of 0.15 to 0.59; EEP average ranges from
6.99 to 8.30, with a standard deviation of 0.55 to 0.64 (see Figure 3). For Phi-4, IEP average
ranges from 8.90 to 9.01, with a standard deviation of 0.25 to 0.34, and EEP average ranges
from 8.25 to 8.79, with a standard deviation of 0.23 to 0.32. Mistral has a lower IEP standard
deviation than EEP, indicating more stable performance. In contrast, Phi-4 exhibits a higher
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standard deviation for IEP than EEP, suggesting less stability. StableLM2 demonstrates
IEP average ranges 8.87 and 9.24, with a standard deviation of 0.15 to 0.40, while the EEP
average ranges from 7.37 to 7.99, with a standard deviation of 0.25 to 0.46. Neural-chat has
IEP average ranges from 7.69 to 8.21, with a standard deviation from 0.60 to 1.13; The EEP
average ranges from 8.26 to 8.49, with a standard deviation of 0.56 to 0.73. For StableLM2,
both IEP and EEP standard deviations differ by less than 0.1, suggesting consistent stability.
In contrast, Neural-chat shows a 0.21 higher standard deviation for IEP compared with
EEP (Figure 3).

 

Figure 3. Phi-4 (14B) on the three scenario datasets.

4.2. Lightweight Language Models Overall Performance

The candidate lightweight language models exhibit empathetic response capability in
different scenario datasets, as indicated by the average EP score using EEP. For Mistral, Phi-
4, and StableLM2, average EP scores are significantly higher than EEP, demonstrating the
effectiveness of IEP in enhancing empathetic quality. However, Tulu3 shows a difference
of less than 0.5 between EEP and IEP, and Neural-chat displays a similar pattern. For
Llama 3.1-Instruct, the IEP average EP score is slightly lower than EEP by a margin of only
0.1, indicating that both prompting methods allow for consistent empathetic generation
(Figure 4).

 
Figure 4. Average performance of candidate lightweight language models.

5. Discussion
Since mental health cases are especially sensitive, an effective chatbot must generate

low-latency, high-quality, and empathetic responses. Additionally, maintaining stable
empathetic dialogue quality for various client scenarios is also necessary for an empathetic
chatbot. This study assesses empathetic quality using the average and standard deviation
of EP scores. A higher average indicates better empathy quality, while a lower standard
deviation means more stable empathy generation.
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5.1. Tulu3 (8B) Characteristics

We examined the reactions of candidate lightweight language models using IEP and
EEP and finds that certain models, such as Tulu3, exhibit particularly unstable behavior.
Although the EEP average EP score for Tulu3 is higher than that of Mistral, indicating
inherent empathetic capability, its standard deviations for IEP (1.43) and EEP (1.09) are both
greater than 1, which is significantly higher than those of other models. This instability
makes it less suitable for empathetic generation. When a candidate’s lightweight language
model produces unstable empathy in client counseling scenarios, it may negatively affect
clients and hinder the building of mutual trust. For example, in low-scoring cases, Tulu3
received an IEP rating of 1.80 (Figure 5).

 

Figure 5. Tulu3 (8B) on the three scenario datasets.

5.2. Llama 3.1-Instruct (8B) Characteristics

Llama 3.1-Instruct achieves significantly higher average EP scores using EEP compared
to other lightweight language models. Whether evaluated with EEP or IEP, Llama 3.1-
Instruct consistently demonstrates strong empathetic abilities. The difference in average EP
scores between IEP and EEP is less than 0.1, indicating that various prompting methods
enable Llama 3.1-Instruct to maintain a stable level of empathy. Additionally, the standard
deviation for IEP is 0.31, while for EEP it is 0.25. Compared to other lightweight language
models, Llama 3.1-Instruct has the lowest EEP standard deviation, and the difference
between the EEP and IEP standard deviations is also less than 0.1. These results suggest
that the empathetic quality of Llama 3.1-Instruct is both high and consistent, making it a
suitable choice for empathy generation tasks with lightweight language models, as shown
in Figure 6.

 

Figure 6. Llama 3.1-Instruct (8B) on the three scenario datasets.

6. Conclusions
The LLM-Agents framework presented in this study facilitates empathetic chatbot re-

sponses by leveraging distinct feature agents, including emotional, paraphrase, supportive,
and attitudinal agents. The framework applies the IEP approach to decompose empathy
into these features. Decomposing empathy into four features not only assists counseling
professionals in understanding the impact of each aspect but also supports future adjust-
ments and optimization of empathetic conversation quality. Experiment results with six
models showed that utilizing these four empathy features enables the IEP-based design to
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generate more empathetic dialogue outputs. Additionally, by calculating both the average
and standard deviation of EP scores, the framework effectively analyzes the empathetic
capabilities of counseling chatbots.
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