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Abstract

Large Language Models (LLMs) are increas-
ingly deployed in human-centric applications,
yet they often fail to provide substantive emo-
tional support. While Reinforcement Learn-
ing (RL) has been utilized to enhance empa-
thy of LLMs, existing reward models typi-
cally evaluate empathy from a single perspec-
tive, overlooking the inherently bidirectional
interaction nature of empathy between the sup-
porter and seeker as defined by Empathy Cy-
cle theory. To address this limitation, we pro-
pose Psychology-grounded Empathetic Reward
Modeling (PERM). PERM operationalizes em-
pathy evaluation through a bidirectional decom-
position: 1) Supporter perspective, assessing
internal resonation and communicative expres-
sion; 2) Seeker perspective, evaluating emo-
tional reception. Additionally, it incorporates
a bystander perspective to monitor overall in-
teraction quality. Extensive experiments on a
widely-used emotional intelligence benchmark
and an industrial daily conversation dataset
demonstrate that PERM outperforms state-of-
the-art baselines by over 10%. Furthermore,
a blinded user study reveals a 70% preference
for our approach, highlighting its efficacy in
generating more empathetic responses!.

1 Introduction

As Large Language Models (LLMs) are in-
creasingly deployed in human-centric applica-
tions (Zhao et al., 2023; Minaee et al., 2024; Zhao
etal., 2025; Wang et al., 2026a; Zhang et al., 2025c;
Zhao et al., 2026; Qiu et al., 2025a,b; Xu et al.,
2025b; Zhang et al., 2026b), their role in support-
ing psychological well-being has become a focal
point of concern (Zao-Sanders, 2025; Dong et al.,
2025; Suh et al., 2025; Malik et al., 2025a; Liu
et al., 2025¢). When users disclose psychological
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vulnerabilities or sensitive personal beliefs, there is
a functional expectation for these LLMs to gener-
ate empathetic responses that provide substantive
emotional support. However, prior studies have
shown that state-of-the-art LLMs often fail to meet
these expectations, exhibiting limited empathetic
understanding and inappropriate response strate-
gies (Liu et al., 2025b; Moore et al., 2025; Ibrahim
et al., 2025; Pataranutaporn et al., 2025). These
limitations highlight the need to enhance LLMs’
empathetic capabilities.

Early research on enhancing LLM empathy pri-
marily utilized Supervised Fine-Tuning (SFT) (Sun
et al., 2021; Liu et al., 2023). However, SFT is
constrained by its reliance on high-quality demon-
strations and often generalizes poorly to diverse in-
puts (Chu et al., 2025). Later, research transitioned
toward Reinforcement Learning (RL) to address
these bottlenecks. Unlike the token-matching ob-
jective of SFT, RL facilitates improvement through
exploration, optimizing reward functions that op-
erationalize empathy via user-centric signals (e.g.,
feedback) (Wang et al., 2025b) or response-centric
attributes (e.g., warmth) (Sharma et al., 2021). By
optimizing qualitative objectives rather than rely-
ing on token-matching, RL—based methods demon-
strate superior generalization performance in com-
plex psychological support scenarios.

Despite the promise, we argue that current RL-
based approaches share a fundamental limitation:
their reward modeling fails to model empathy
through a bidirectional interaction. As established
in Empathy Cycle theory (Barrett-Lennard, 1981)
from psychology, empathy is not a standalone out-
put but a closed loop between the supporter (the
LLM) and the seeker (the user). The supporter res-
onates with and expresses emotions to the seeker,
and the cycle is only complete when the seeker per-
ceives and reacts to that expression. This bidirec-
tional nature suggests that empathetic reward mod-
eling should jointly account for both the supporter’s
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(Scenario: Emily enjoys a rare quiet moment at home while her baby\
is asleep.

Persona: Emily, 32, Female, Stay-at-home mom.

\Query: my baby is sleeping. it's so peaceful and quiet in this house..y

Modeling reward from LLM-centric perspective }\

Oh, Emily, I'm so glad to hear you're having such a
peaceful moment. It's amazing how a little quiet time
can make everything feel more manageable, isn't it? I'm
here ... . | hope you have many more of these peaceful
times!... [Templated response]

@\  Well, your words are warm, your response sounds like a
template from customer service, and you completely
Q‘ disregard my actual needs.

Modeling reward from user-centric perspective

Oh, Emily, it sounds like such a beautiful and peaceful
moment. ... If you need anything—maybe a chat, some
advice, or just a listening ear—I1'm here for you. ...
[Insufficient emotional support]

p You don't care about me at all; you just want to offer
#._4 advice on how to solve my problems.

/{ PERM -- Modeling reward from different perspectives

It sounds like this quiet moment is incredibly special for
you, Emily. Being able to just breathe and be present
when your baby is finally asleep—those moments can
feel both deeply peaceful and a little bittersweet. It's
okay to cherish these times even if they're brief. Why
not use this moment to do something small that
makes you feel good? ...

@\ You understand me! I'm so tired from taking care of
A2 the kids, | need encouragement and comfort. Your

t‘ words warmed my heart!

Figure 1: An example illustrating the effectiveness of
different reward modeling methods. Modeling only
the LLM’s responses leads to generic, surface-level ex-
pressions, while modeling only the user’s needs yields
solution-oriented but emotionally cold responses. By
jointly considering both perspectives, PERM enables
more authentic and comprehensive empathetic replies.

reasonation/expression and the seeker’s reception.
However, current approaches typically evaluate em-
pathy from a single perspective—focusing on either
the supporter’s response or the seeker’s feedback
in isolation. By ignoring the mutual alignment,
these methods fail to close the Empathy Cycle, of-
ten resulting in templated responses or insufficient
emotional support, as shown in Figure 1.

To address this limitation, we reformulate empa-
thetic reward modeling through the lens of the Em-
pathy Cycle and introduce Psychology-grounded
Empathic Reward Modeling (PERM) framework.
This framework explicitly decomposes empathetic
rewards into a bidirectional evaluation of both the
seeker (user) and the supporter (LLM):

¢ Supporter’s perspective. PERM evaluates two
complementary dimensions: Resonation, captur-
ing the supporter’s understanding of the seeker’s
emotions and implicit needs, and Expression,
assessing how effectively this understanding is
communicated through appropriate empathetic
qualities, such as warmth.

* Seeker’s perspective. PERM evaluates Recep-
tion, assessing whether the supporter’s response
is perceived as supportive and well aligned with
the seeker’s needs.

To further ensure interaction quality, PERM ad-
ditionally incorporates a bystander perspective.
This perspective monitors non-empathetic aspects
of the interaction, such as coherence and relevance,
providing an additional signal to align rewards with
realistic human needs.

To evaluate the effectiveness of PERM, we em-
ploy it to fine-tune LLMs with RL on the Empa-
theticDialogues dataset (Rashkin et al., 2019) and
assess their performance across three settings: a
general emotional intelligence benchmark, a daily
conversations benchmark, and a real-world user
study. Across all evaluations, PERM consistently
outperforms baselines, yielding over 10% improve-
ments on emotional Intelligence and conversation
benchmarks and being preferred by over 70% of
participants in the user study, demonstrating sub-
stantial gains in both empathetic quality and overall
emotional intelligence.

Our key contributions are as follows:

* We identify the limitations of single-perspective
reward modeling and advocate a shift toward
psychologically grounded, bidirectional empa-
thy modeling for reward learning, inspired by
Empathy Cycle theory.

* We propose PERM, a reward modeling frame-
work that evaluates empathy from multiple com-
plementary perspectives—including supporter,
seeker, and bystander—yielding a more compre-
hensive assessment of empathetic behavior.

* We demonstrate the effectiveness of PERM
through consistent improvements in empathy and
overall emotional intelligence across an emo-
tional intelligence benchmark, a daily conver-
sation benchmark, and a user study.
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About 10 years ago
I had a horrifying
experience. ...

experience from
10 years ago ...

! Wow... | feel like cryinga
i little. Thank you so much.
i lwant to tell you more.

It sounds like that = ({82}

Bystander reward: -0.23

v
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Figure 2: Overview of PERM. We use red, blue, and purple to distinguish the empathy seeker, empathy supporter
and bystander, respectively. PERM models rewards from these three perspectives and leverages the aggregated

reward to optimize the LLM via RL methods.

2 PERM Framework

In this section, we present PERM, a psychologi-
cally grounded, multi-perspective reward model-
ing framework for empathetic LLMs. We first in-
troduce the underlying psychological theory, the
Empathy Cycle (Section 2.1). We then describe
our multi-perspective reward modeling framework
PERM (Section 2.2), followed by the correspond-
ing RL training procedure (Section 2.3).

2.1 Psychological Theory: Empathy Cycle

To enable a comprehensive and scientifically
grounded modeling of empathetic rewards, we
draw on the Empathy Cycle (Barrett-Lennard,
1981) as a conceptual framework. The Empathy
Cycle models empathetic interaction as a bidirec-
tional process involving an empathy seeker and an
empathy supporter, with a focus on how empathy
emerges from each participant’s perspective.

* From the supporter’s perspective, the Empathy
Cycle conceptualizes two dimensions. 1) Res-
onation refers to the supporter’s ability to read
and resonate with the seeker, such that explicitly
or implicitly expressed aspects of the seeker’s
experience become experientially vivid, salient,
and meaningfully understood by the supporter. 2)
Expression denotes the supporter’s communica-
tive manifestation of the understanding arising
from the Resonation process, through which the
supporter conveys awareness of the seeker’s emo-
tional and experiential state.

* From the seeker’s perspective, the dimension of
Reception captures the seeker’s attentiveness to
and interpretation of the supporter’s response,
sufficient for forming a perception of being un-
derstood at a personal and immediate level.

This framework delineates the roles and character-
istics associated with the supporter and seeker per-
spectives, guiding the development of the PERM
for the systematic modeling of empathetic rewards.

2.2  Multi-Perspective Reward Modeling

Inspired by the Empathy Cycle, PERM incorpo-
rates two evaluative perspectives—the empathy
seeker and the empathy supporter—as illustrated
in Figure 2. To further ensure interaction quality,
PERM additionally introduces a bystander perspec-
tive to monitor non-empathetic aspects of the in-
teraction. Together, these perspectives enable a
multi-perspective assessment of empathetic behav-
ior, facilitating the construction of psychologically
grounded reward signals for RL optimization.

Supporter: From the supporter’s perspective,
PERM evaluates two complementary dimensions:

* Resonation: This dimension measures whether
the supporter correctly understands the seeker’s
internal psychological state. With this goal in
mind, we develop detailed evaluation rubrics en-
compassing: 1) recognizing the seeker’s emo-
tional state (e.g., frustration); 2) identifying the
underlying causes or situational triggers (e.g., re-
peated failure); and 3) inferring the seeker’s la-
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tent psychological needs or concerns (e.g., need
for reassurance, validation, guidance, or auton-
omy). A weak resonance occurs when the sup-
porter attends only to superficial emotions with-
out recognizing the hidden feelings and causes
(e.g., fatigue under the surface calm), or when
the supporter infers them incorrectly. Based on
these rubrics, PERM can assign rewards to an
LLM’s internal analysis prior to generating em-
pathetic responses, thereby encouraging a deeper
and more accurate understanding of the seeker’s
psychological state.

» Expression: This dimension measures whether
the supporter’s response demonstrates adequate
consideration of the seeker’s emotional state. Ac-
cordingly, we also design detailed evaluation
rubrics for this dimension. Strong expression
requires that the reply not only aligns with the
seeker’s current emotions (e.g., showing warmth
when the seeker feels frustration) but also ex-
hibits appropriate communicative skill, such as
human-likeness, fluency, and a supportive tone
akin to that of a caring friend. In contrast, weak
expression is characterized by template-like or
formulaic replies that lack emotional alignment
or depth (e.g., “I feel you,” “I know how you
feel”). As a result, PERM assigns rewards based
on the quality of the LLM’s generated responses,
promoting empathetic replies with greater emo-
tional depth and expressive richness.

Seeker: Unlike the supporter’s perspective, PERM
simulates the seeker and provides an evaluation
along a single dimension—Reception. This dimen-
sion measures whether the supporter’s response
improves the seeker’s emotional state. Guided by
this objective, we develop fine-grained evaluation
criteria. Strong reception occurs when the reply
meets the seeker’s underlying psychological needs,
leaving them feeling supported, comforted, or even
touched (e.g., feeling reassured, understood, or en-
couraged). In contrast, weak reception is character-
ized by safe but uninspiring responses that provide
little support, leaving the seeker’s mood unchanged
or disengaged (e.g., feeling ignored, indifferent, or
unmotivated to continue the conversation).

Bystander: To avoid the LLMs artificially demon-
strating empathy at the expense of coherent and
informative dialogue, we additionally introduce the
bystander perspective, which evaluates the overall
linguistic quality of the interaction independent of
empathetic alignment. High-quality dialogues are

concise, clear, factually accurate, and free of unnec-
essary repetition or flattery. In contrast, low-quality
dialogues exhibit verbose, repetitive, or overly flat-
tering expressions that do not contribute meaning-
fully to the conversation. Based on these criteria,
PERM assigns rewards according to the overall
communicative quality of the interaction, thereby
discouraging superficial empathy that compromises
coherence or informational value.

2.3 PERM for RL Training

Reward Formalization. As illustrated in the left
of Figure 2, given the seeker’s query x, the LLM-
based supporter my first generates an analysis of
current scenario and the seeker’s emotion state and
then produces a response to the seeker. Formally,

Ya ~ 779(‘ | 1')7 Yy ~ 779(' ’ x7ya)7 (D

where y, denotes the analysis and y, denotes the
response.

PERM evaluates the empathy ability of the sup-
porter my from two perspectives. From the sup-
porter’s perspective, it assesses whether the anal-
ysis y, demonstrates resonation and whether the
response ¥, exhibits expression, computed as

Tres = Rres(xa ya)a Texp = Rexp(xa yr); (2)

where Ryes and Rexp, denote the judge models for
resonation and expression, respectively, and output
scalar scores reflecting the degree of empathy.
From the seeker’s perspective, the reception
judge R evaluates the seeker’s potential psycho-
logical feedback to the response y,., particularly
whether the seeker perceives themselves as being
understood, and produces a reception reward:

Trec = Frec (%, yT‘)a 3)

where R, outputs a scalar score reflecting how
positively the seeker is likely to perceive and inter-
nalize the response.

For Ryes, Rexp, and Ry, we leverage an LLM
as a judge, guided by specific evaluation rubrics, to
assign a score on a 5-point scale. Each reward is
then normalized to the range [0, 1].

The final empathy reward is computed using
the harmonic mean of the three individual scores,
ensuring that a low score in any dimension signifi-
cantly reduces the overall reward:

3
Temp = T T 1 @)
Tres Texp Trec
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where 7emp € [0, 1] denotes the aggregated empa-
thy reward.

Similarly, the bystander judge Ryys evaluates the
overall interaction quality using predefined rubrics
and outputs a scalar score, which is normalized
to the range [0, 1]. Rather than serving as a direct
reward, this score is incorporated as a penalty term
to discourage low-quality or artificially verbose
responses. Formally,

Tbys = Rbys(SUa yr) — 1.0, &)

where Ryys € [0,1] denotes the normalized by-
stander score and rpys € [—1,0] represents the
bystander penalty. All rubric prompts are provided
in Appendix B.1,

RL Optimization. As illustrated in the right part
of Figure 2, PERM computes the overall training
reward as

T = Temp + /\bys T'bys, (6)

where Apys is a hyperparameter controlling the
strength of the bystander penalty. We optimize the
policy LLM 7y using Group Relative Policy Opti-
mization (GRPO) (Shao et al., 2024; Zhang et al.,
2026¢,d; Li et al., 2025, 2026b,a; Liu et al., 2026;
Chen et al., 2025b) under this reward formulation.

3 Experiments

In this section, we systematically evaluate the per-
formance of PERM. We begin by assessing its over-
all performance on a general emotional intelligence
benchmark (Section 3.2). Next, we conduct abla-
tion studies to examine the contributions of various
evaluation perspectives within PERM (Section 3.3).
Finally, we evaluate PERM in more practical sce-
narios, including a daily conversation benchmark
(Section 3.4) and user studies (Section 3.5).

Additional case studies are provided in Ap-
pendix A.6, along with analyses across different
backbone LLMs in Appendix A.7.

3.1 Experimental Setup

Training Dataset. We build our dataset upon the
EmpatheticDialogues (Rashkin et al., 2019). As
the original dialogues contain relatively limited
contextual information, we augment each sample
using GPT-40 (Hurst et al., 2024) by expanding the
scenario description and adding a lightweight user
persona. More details are in Appendix A.3.

Evaluation Benchmark. We evaluate our method
on EQ-Bench3 (Paech, 2023, 2025), a compre-
hensive, LLM-judged benchmark designed to as-
sess emotional intelligence in complex, socially
nuanced scenarios.

Following the benchmark evaluation design, we
focus on three aspects of evaluation dimensions,
all of which are assessed using LLM-based judges.
The detailed descriptions of these metrics can be
found in Appendix A.2.

* Inner resonation: Depth of Insight (Dol), Emo-
tional Reasoning (ER).

» Expression style: Demonstrated Empathy (DE),
Warmth (WRM), Humanlikeness (HL).

 Interpersonal competence: Pragmatic Emo-
tional Intelligence (PEI), Social Dexterity (SD).

* Overall emotional intelligence: The weighted
aggregation of all dimensions, including addi-
tional unobserved factors, reflects the LLM’s
overall emotional intelligence.

Each sub-dimension is scored on a scale of 0 to 20,
while the Overall score ranges from O to 100.
Baselines. We compare our method against a di-
verse set of baselines, covering both SFT-based and
RL-based approaches.

¢ SFT-based methods: 1) SFT-Human, where the
LLM is directly fine-tuned using human-written
empathetic responses from the dataset. 2) SFT-
GPT, where responses generated by GPT-4o-
mini are used as supervision to distill empathetic
behavior into the base LLM.

* RL methods: 3) RLVER (Wang et al., 2025b),
which is trained by modeling rewards based on
feedback from a user simulator during interac-
tions. Due to its reliance on task-specific training
data, we directly adopt the released trained model
as a reference, rather than retraining it under the
same data setting as ours. 4) Partner (Sharma
et al., 2021), which is trained by modeling re-
wards on generated responses using fine-tuned
RoBERTa (Liu et al., 2019) models. 5) RM. We
adopt a general-purpose reward model, Skywork-
Reward-V2 (Liu et al., 2025a), which ranks as the
top-performing model on RewardBench2 (Malik
et al., 2025b), to provide scalar reward signals. 6)
Rubric-ERL (Yuan et al., 2025), which is trained
by using different scoring criteria to model the
rewards of the generated responses.
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Table 1: Evaluation results on EQ-Bench3 on Qwen2.5-7B-Instruct backbone. Rel. Improve. demonstrates the
relative improvement of our trained model over the backbone. Each sub-dimension is scored on a scale of 0 to 20,
while the Overall score ranges from 0 to 100. Higher scores indicate better performance.

Inner Resonation Expressed Empath Interpersonal
Model Dol ER DEp WRM v Hi PEI v gp Overal
Base Model
Qwen2.5-7B-Instruct  12.0 12.4 12.6 10.4 10.2 11.4 10.0 60.1
Best-of-N 12.2 12.9 12.6 11.0 10.7 12.0 10.0 61.6
+ SFT Methods
SFT-Human 7.5 8.0 6.1 5.4 4.5 4.9 4.0 38.2
SFT-GPT 11.8 12.4 12.2 11.2 10.6 11.2 9.7 58.8
+ RL Methods
RLVER 12.4 12.9 13.3 11.5 10.5 12.4 10.7 61.8
Partner 12.1 12.5 12.4 11.2 10.7 11.7 9.7 59.7
RM 12.7 12.9 134 11.6 11.0 12.2 10.8 62.3
Rubric-ERL 12.5 12.9 13.1 11.2 11.0 12.5 10.5 61.7
PERM 13.8 14.0 14.3 12.7 12.2 13.4 11.3 66.6
Rel. Improv. 15.0% 12.9% 135% 221% 19.6% 17.5% 13.0% 10.8%

We also report the Best-of-N, where the Base LLM
is evaluated over N runs, and the highest score
across all runs is recorded. After tuning N, the best
results are achieved when N = 8.
Implementation Details. We fine-tune our LLM
on 3000 training samples. During training, we
leverage GPT-40-mini as the judge LLM and Apys
is set to 0.5. Additional details are provided in
Appendix A.1.

3.2 Overall Performance

From the results in Table 1, we can observe that:

* PERM demonstrates the largest and most con-
sistent improvements across all evaluation di-
mensions. Specifically, the PERM-trained LLM
achieves improvements of over 10% across in-
ner resonation, expressed empathy, and interper-
sonal competence, substantially outperforming
all baseline methods. By jointly modeling res-
onation, expression, and reception through multi-
perspective evaluation, PERM enables improve-
ments beyond surface-level expression patterns,
yielding over 15% gains on higher-level dimen-
sions such as Depth of Insight (Dol), alongside
consistent improvements in expression-related
metrics such as warmth (WRM). This demon-
strates that PERM’s reward signals capture core
empathetic competencies grounded in interaction
dynamics between the seeker and the supporter.

* SFT-based methods show limited generaliza-
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tion. When trained with human-written re-
sponses as supervision, the LLM exhibits a clear
performance drop across all evaluation dimen-
sions. Training with GPT-generated responses
leads to only slight improvements in expression-
related dimensions (i.e., warmth (WRM) and hu-
manlikeness (HL)). This indicates that under lim-
ited data and scenario diversity, SFT primarily
enables the LLLM to learn surface-level patterns
rather than core emotional intelligence capabil-
ities. Moreover, the high variability and noise
in human-written responses, along with incon-
sistent levels of emotional competence, further
contribute to performance degradation.

RL-based methods do not uniformly improve
performance. RLVER, which trains the LLM
using the feedback from the seeker’s perspec-
tive, leads to improvements across all evalua-
tion dimensions, but the overall gains remain
limited (e.g., only a 2.8% increase in Overall
EI). Partner, which supervises the supporter’s re-
sponses, yields improvements only in expression-
related dimensions, increasing warmth (WRM)
from 10.4 to 11.2 and humanlikeness (HL) from
10.2 to 10.7, while showing no improvement on
other dimensions. These results indicate that re-
lying on a single evaluative perspective is insuf-
ficient for enabling LLMs to achieve substantial
improvements in core empathetic capabilities.



3.3 Ablation Study

To assess the contribution of individual compo-
nents in PERM, we conduct ablation studies by
removing each reward dimension across all judge
perspectives. Results are shown in Table 2.

* From the supporter’s perspective, the resonation
reward is crucial for empathy. Ablating its re-
ward significantly degrades performance across
all dimensions (e.g., overall EI drops from 66.6
to 62.3), suggesting it is a prerequisite for effec-
tively understanding and responding to the user’s
emotions. By comparison, the expression reward
mainly affects warmth (WRM) and humanlike-
ness (HL) (e.g., warmth drops from 12.7 to 11.7),
with little influence on other dimensions.

* From the seeker’s perspective, the reception re-
ward influences all evaluation dimensions, high-
lighting that the seeker’s needs play a key role in
the overall empathy process.

* From the bystander’s perspective, interestingly,
removing the bystander control leads to stronger
expressed empathy (e.g., warmth (WRM) in-
creases from 12.7 to 13.1), but significantly re-
duces performance in inner resonation and inter-
personal competence (e.g., pragmatic EI (PEI)
drops from 13.4 to 12.5). This aligns with our de-
sign motivation: the bystander helps prevent the
LLM from overemphasizing expressive empathy
to please the judge, ensuring that other critical
aspects (e.g., problem-solving) are not neglected.
We provide additional analysis in Appendix A.4.

We further investigate the impact of different
multi-reward aggregation strategies. In addition
to the harmonic mean, we adopt a softmin-based
aggregation following (Haarnoja et al., 2017) as
follows,

1

1
remp — _/8 log( —Brres _i_e*ﬁrexp _i_efﬁrrec)7 (7)

ge
where the temperature parameter (3 is set to 1 to
provide a relatively smooth approximation of the
minimum.

As shown in Table 2, the choice of aggregation
function has a substantial effect on model behavior.
Specifically, softmin aggregation tends to bias the
model toward improving expression-level qualities,
while relatively underemphasizing gains in deeper
dimensions such as resonation. In contrast, the har-
monic mean is more sensitive to low-performing

- Base Model =—— + RM + PERM

Avg.

3.9

\ Empathy
ch 4.0
\3.8

Colloquial
Expression

3.8

49 Topic

4.1
Fluency Guidance

3.9 3.7
-

Value
Guidance

Intention
Following

Figure 3: Evaluation results on the daily conversation
benchmark. Higher values indicate better performance.
“Avg.” denotes the average score of all other dimensions.

dimensions, as any weak aspect significantly re-
duces the overall score. This encourages the model
to achieve more balanced improvements across all
dimensions, leading to more uniform gains at both
surface-level expression and deeper resonation.

3.4 Daily Conversation Experiment

To further evaluate the effectiveness of PERM in
daily conversational settings, we use a benchmark
from the industry 2, consisting of 415 daily con-
versation instances where users express real-world
emotional or empathy-related needs. Each query
in this benchmark includes a user profile, the in-
teraction history, and the user’s empathy-seeking
query. As specified in the benchmark guidelines,
the quality of LLM responses is assessed based on
six key metrics: Empathy, Topic Guidance, Value
Guidance, Intention Following, Fluency, and Col-
loguial Expression. Each metric is rated on a scale
from 1 to 5, with detailed descriptions and exam-
ples available in Appendix A.9.

The results presented in Figure 3 reveal the fol-
lowing key observations: 1) Despite the significant
differences in data format and the more everyday
nature of the empathetic scenarios, PERM consis-
tently enhances performance across all dimensions.
This suggests that PERM enables the LLM to gen-
eralize beyond surface-level expression patterns
and improve its core empathetic capabilities. 2)
PERM demonstrates significant improvements not
only in empathy but also in expressive abilities,

’The specific company name is withheld due to the
anonymity of the review process.
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Table 2: Effect of each reward dimension across different evaluation perspectives and the harmonic mean aggregation

method in PERM.
Inner Resonation | Expressed Empathy | Interpersonal
Model Dol ER DE WRM HL |PEl sp Overal
PERM 13.8 14.0 143 127 122 | 134 113 66.6
- w/o Resonation | 12.4 12.9 13.0 11.8 109 | 12,6 104 62.3
- w/o Expression | 13.7 13.8 142 121 123 | 13.6 11.6 66.2
- w/o Reception 134 13.6 13.8 117 11.8 | 132 112 65.6
- w/o Bystander 13.4 13.6 14.6 131 12.0 | 12.5 11.0 64.9
- Softmin (8 = 1) | 12.7 13.1 13,5 127 12.1 | 122 10.6 62.2

Table 3: The user study results comparing PERM with
the base model and RM. “ED” denotes the Empathetic-
Dialogues test set. “EQ” denotes the EQ-Bench3. “+£”
denotes 95% confidence interval. PERM is consistently
preferred (> 50%) over the baselines.

Win rate | PERM vs. Base PERM vs. RM
Empathy | 62.5%*%7%  50.0%*103%
OverallEI | 62.5%*97%  61.1%*107%

EQ Empathy 68.8%110-2% 66.794£9-7%
Overall EI | 62.5%+106%  72.929,+93%

such as fluency and colloquialness. This indicates
that PERM helps the LLM better adapt to the cur-
rent conversational context, reflecting an overall
enhancement in emotional intelligence.

3.5 User Study

To assess whether the improvements introduced
by PERM align with actual human preferences
in practice, we conduct a user study utilizing the
CloudResearch Connect platform?. The study in-
volves 68 participants and covers both EQ-Bench3
and the EmpatheticDialogues test set, comparing
PERM against the base LLM (Base) and RM. More
details are provided in Appendix A.8.

From the results shown in Table 3, we ob-
serve that PERM consistently receives higher
human preference than baselines. This can
be further highlighted in two aspects: 1) PERM
shows a stronger preference on more challenging,
out-of-distribution datasets. For example, on EQ-
Bench3, PERM achieves 68.8% preference for em-
pathy, compared to 62.5% on EmpatheticDialogues.
These more complex social scenarios highlight the
advantage of the capabilities learned by PERM, al-
lowing the LLM to apply its empathetic abilities
more effectively. 2) PERM consistently outper-

3https://connect.cloudresearch.com/

forms RM, showing a larger preference margin,
especially on EQ-Bench cases. For instance, on
EQ-Bench3 overall EI, PERM achieves 72.2% pref-
erence over RM. This suggests that, in contrast to
the general preference attributes employed by RM,
PERM emphasizes the multi-perspective nature of
empathy, which tends to be more favored by real-
world users in emotionally charged contexts.

4 Related Work

4.1 LLM Empathy Enhancement

Existing research on LLM empathy primarily fol-
lows three aspects. The first focuses on inference-
time reasoning (Tu et al., 2022; Srinivasan et al.,
2025; Xu et al., 2025a), but these training-free
methods limit the depth of empathetic abilities.

The second focuses on building large-scale em-
pathetic datasets to train LLMs via SFT (Sun et al.,
2021; Liu et al., 2023; Zheng et al., 2023a; Chen
et al., 2023; Hu et al., 2025; He et al., 2025; Bn
et al., 2025). However, these approaches are lim-
ited by the generalization issues of SFT (Chu et al.,
2025) and the distributional bias of synthetic data.

Recent works have explored RL to enhance em-
pathy in LLMs. Partner and EmpRL (Sharma
et al., 2021; Ma et al., 2025) rely on evaluating
generated responses and assigning reward signals
that encourage meaningful expressions, whereas
RLVER (Wang et al., 2025b) simulates interactive
user—model conversations and directly leverages
user feedback as rewards. However, these methods
largely rely on single-perspective rewards, which
tend to favor surface-level empathetic patterns or
user-pleasing strategies.

4.2 Reward Modeling for LLMs

Reward modeling is central to RL for
LLMs (Ouyang et al., 2022), as it defines
the optimization objective that shapes model
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behavior. Existing work primarily uses reward
models either for general preference alignment or
for improving domain-specific capabilities.

For general preference alignment, the predomi-
nant approach is to collect preference pairs anno-
tated by humans (Ouyang et al., 2022) or generated
by Al annotators (Cui et al., 2024), and to train a
reward model accordingly (Stiennon et al., 2020).
Alternatively, LLLMs can be directly employed as
evaluators to score or rank model outputs (Bai et al.,
2022; Zheng et al., 2023b; Yuan et al., 2024).

For domain-specific reward modeling, ap-
proaches vary significantly based on the specific
tasks. In mathematics domain, reward signals are
simplified to the correctness of the final answer for
reasoning evaluation (Shao et al., 2024; DeepSeek-
Al 2025). In emotional intelligence, modeling is
more challenging due to the absence of determin-
istic ground truth. Recent works, such as Echo-nl
(Zhang et al., 2025b), use large-scale preference
pairs to train reward models, while RLVER (Wang
et al., 2025b) leverages LLM-based user simulators
to generate feedback as reward signals.

5 Conclusion

In this work, we identify that existing RL-based
approaches to LLM empathy are constrained by
single-perspective reward modeling. To address
this limitation, we propose PERM, a novel reward
modeling framework grounded in psychological
theory—Empathy Cycle. PERM formulates empa-
thy evaluation from multiple complementary per-
spectives, including the supporter, the seeker, and
an additional bystander perspective, enabling a
more comprehensive and structured assessment of
empathetic behavior for RL training. Experimen-
tal results demonstrate that PERM consistently en-
hances LLM performance in empathy-related tasks,
validating the effectiveness of its multi-perspective
and psychologically grounded empathy modeling.

Limitations

During training, PERM optimizes the LL.M using
single-turn dialogues. However, in real-world inter-
actions, users’ emotional expressions and underly-
ing needs often unfold over multiple conversational
turns (Zhang et al., 2025a). PERM does not yet
incorporate reinforcement learning over multi-turn
empathetic interactions (Wang et al., 2025b; Wu
et al., 2025b), which we leave as an important di-
rection for future work.

In addition, PERM is limited by the lack of user
modeling and memory. During training, PERM
only incorporates basic user persona information
(e.g., gender, age, and name). Moreover, in our
daily conversation evaluations, the interaction his-
tory is pre-extracted rather than dynamically ac-
cumulated. Due to the big individual differences
in empathy understanding and expression (Chen
et al., 2025a), richer conversational history and ex-
plicit user preference modeling play a crucial role
in shaping emotional expression and empathetic
understanding (Liao et al., 2025; Wu et al., 2025a).
An important direction for future work is to extend
PERM with a memory mechanism and integrate it
with user preference modeling, thereby enhancing
personalized empathetic experiences in real-world
chatbot (Shen et al., 2026; Wu et al., 2026; Zhang
et al., 2026g; Wang, 2026; Sun et al., 2025; Huang
et al., 2026; Xu et al., 2026a,b; Zhang et al., 2026a).

Ethical Considerations

This work studies empathetic response genera-
tion in psychologically sensitive scenarios. While
PERM enhances emotional understanding, LLM-
based systems are not substitutes for professional
mental health care, and deployed models should
clearly communicate their limitations. All experi-
ments are conducted on the publicly available Em-
patheticDialogues dataset and EQbench3 bench-
mark (the industrial conversation benchmark will
be publicly released upon acceptance), which con-
tains no personally identifiable information. In ad-
dition, all user persona information used for train-
ing and evaluation is fully synthetic and does not
correspond to real individuals. Nevertheless, real-
world use would involve sensitive user disclosures,
necessitating strong privacy protections such as
data anonymization, secure storage, and explicit
user consent. Finally, reward modeling may am-
plify societal or cultural biases present in training
data. We therefore recommend careful risk assess-
ment and bias monitoring to ensure responsible
deployment.

The manuscript benefited from ChatGPT’s sup-
port in refining the writing, specifically for sentence
rephrasing, grammar corrections, and improving
readability and coherence. ChatGPT did not play a
role in the ideation or methodology. All research
ideas, concepts, and analyses were developed and
executed independently by the authors.
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A Experiment Details

A.1 Implementation Details

All training experiments are implemented using
the HuggingFace TRL framework (von Werra
et al., 2020; Liu and Henao, 2025; Wang et al.,
2026d,c,b; Chen et al., 2026, 2025c¢c; Luo et al.,
2025, 2026b,a), with DeepSpeed (Aminabadi et al.,
2022; Zhang et al., 2026e,f) and LoRA (Hu et al.,
2022; Zhang et al., 2026h; Wang et al., 2025a)
employed to reduce memory usage and acceler-
ate training. During inference and evaluation, we
leverage vLLM (Kwon et al., 2023) for inference
acceleration. For fair comparison, both our method
and all baselines are trained on a subset of 3,000
data samples. Each training process is conducted
on four GPUs and completes within 6 hours, with
the training cost kept below $30 in GPT API cred-
its.

For PERM training and all RL-based baselines,
we additionally leverage a length penalty to avoid
excessively long outputs. Formally,

Tlen = Alen max(|yr| -1, 0)7 (8)

where |y, | denotes the length of the token sequence
of the response ¥, [ is set to 768, Ajeq is set to
—0.001.

A.2 Details of Evaluation Dimensions

The details of the evaluation dimensions in EQ-
Bench3 (Paech, 2023, 2025) are illustrated in Ta-
ble 4.

A.3 Training Dataset

We randomly selected 4,981 items from Empathy-
Dialogues (Rashkin et al., 2019), covering 32 basic
emotions (e.g., angry, surprised, embarrassed). The
original dataset contains only a basic scenario and
a multi-turn dialogue between a seeker and a sup-
porter. To enrich the contextual information, we
further generate a basic persona for the seeker and a
more detailed scenario conditioned on the dialogue.
During training, the first seeker’s query is treated
as the input query. An example is shown in Table 5.

We further evaluate the impact of our augmented
data on overall performance, as illustrated in Ta-
ble 6. The results show that incorporating richer
persona-related information leads to modest im-
provements in dimensions such as Depth-of-Insight
and Social Dexterity. However, these gains are

not the primary driver of performance. The dom-
inant improvements stem from PERM’s multi-
perspective, multi-dimensional training paradigm,
which plays a more critical role in enhancing the
model’s capabilities.

A.4 In-depth Analysis of Bystander Judge
Perspective

To further analyze the effect of the standby judge
in PERM, we vary the standby coefficient during
training. The experimental results are reported in
Figure 7, and the corresponding training reward
curves are shown in Figure 4.

As shown in the left panel of Figure 4, when
the standby influence is weak or absent, the model
tends to over-optimize for empathetic expression
during training, producing ingratiating or fawning
responses, not truly solving the problem. This be-
havior leads to declining standby scores and, as
reflected in Figure 7, results in higher Warmth and
Pragmatic EI scores without corresponding im-
provements in overall emotional intelligence.

Conversely, the right panel of Figure 4 shows
that excessively strong standby supervision hinders
the learning of empathy. Although dialogue quality
and empathy are not inherently conflicting objec-
tives, overly strong standby supervision suppresses
exploration, causing the model to adopt conserva-
tive response strategies and slowing improvements
in empathy-related metrics.

When using a moderate standby coefficient (0.5),
the model achieves a favorable balance. As il-
lustrated in the middle panel, both dialogue qual-
ity and empathetic ability improve steadily during
training. This setting prevents superficial empathy
optimization while maintaining high response qual-
ity, ultimately leading to the best overall emotional
intelligence performance.

A.5 In-depth Analysis of Judge LLMs

As PERM relies on LLMs to provide reward sig-
nals, we investigate whether the capability of the
judge model significantly affects the final perfor-
mance. In addition to GPT-40 mini, we also exper-
iment with Qwen3-4B-Instruct-2507 (Yang et al.,
2025), a lightweight yet competitive open-source
model, as the judge.

As shown in Table 8, even a 4B-scale open-
source model is sufficient to drive substantial im-
provements in the model’s emotional intelligence
under the PERM framework. This suggests that the
observed gains are not merely inherited from a pow-

7364



Table 4: Details of the evaluation dimensions in EQ-Bench3 (Paech, 2025, 2023).

Inner Dol Depth of Insight Measures how deeply the response understands the
Resonation underlying emotional situation and latent concerns
of the user, beyond surface-level descriptions.

ER Emotional Reason- | Evaluates whether the model can logically reason

ing about the user’s emotions, including causes, implica-
tions, and emotional dynamics within the context.
. DE Demonstrated Em- | Assesses the extent to which the response explicitly
Expression . \ .
Style pathy acknowledges and Yahdates the user’s emotions.

WRM | Warmth Measures the emotional tone of the response, focus-
ing on kindness, care, and emotional support con-
veyed in language.

HL Humanlikeness Evaluates whether the response feels natural and
human-like, rather than robotic or templated.

Interpersonal | PEI Pragmatic = Emo- | Assesses how well the response balances emotional
Competence tional Intelligence | understanding with practical, situation-appropriate
guidance or support.

SD Social Dexterity Measures the model’s ability to navigate social nu-
ances, such as appropriateness, tact, and sensitivity
to interpersonal dynamics.

Overall Emo- | Overall| Overall Emotional | Computed as a weighted aggregation of all evaluation
tional Intelli- | EI Intelligence dimensions, including additional latent factors, to
gence reflect the model’s overall emotional intelligence.
Table 5: An example of the training dataset.
Emotion ‘ Sentimental
Scenario Sarah and her best friend drifted apart after life circumstances

changed without a specific argument or event causing the split.

Seeker’s persona

‘ Sarah, 29, Female, Marketing Specialist

Seeker’s query

was a lot of people,

I remember going to see the fireworks with my best friend. It was
the first time we ever spent time alone together. Although there

we felt like the only people in the world.

erful judge model, but instead arise from PERM’s
robust and well-designed training paradigm. Impor-
tantly, this also demonstrates that PERM remains
effective in resource-constrained settings, without
relying on large-scale proprietary models.

A.6 Case Study

As illustrated in Figure 5, we present a represen-
tative example from EQ-Bench3. In this scenario,
the base model primarily aligns with the parent’s
perspective, focusing on statements such as “we
need to get the dishes done” and “I need you to re-
spect our rules.” While factually reasonable, this re-
sponse adopts a didactic tone and fails to empathize
the emotional state of the emotionally manipulative

teenage child.

In contrast, the PERM fine-tuned LLM demon-
strates substantially stronger empathetic reasoning
and expressive skill. It begins by addressing and
soothing the child’s emotions, using phrases such
as “I can see” to signal understanding and emo-
tional validation. Only after establishing empathy
does it introduce the parent’s legitimate expecta-
tions. This empathetic-first strategy makes the re-
sponse more acceptable to all parties, facilitates
conflict resolution, and better satisfies the needs of
both the parent and the child.

We offer another case shown in Figure 6 in
EmpatheticDialogues. In this scenario, beyond
Emily’s explicit feeling of being peaceful, the de-
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Table 6: Evaluation results on the anchor EmpathyDialogues.

Inner Resonation | Expressed Empathy | Interpersonal
Model Do ER |DE WRM HL |PEI sp | Overal
Augmented Data | 13.8 14.0 143 127 122 | 134 11.3 66.6
Achor Data 13.4 14.0 145 128 12.3 | 13.3 11.2 65.9
Abys = 0.1 Abys = 0.5 Abys = 1.0
0.85 1 NWMWWMWW 0.85 bk
0.80 4 0.80 1 [ | ”‘V‘ "l "‘ #-W"M 'W 0.8
Rl T o] WA |
S 0.701 ‘ S 0.70 ] G 0.7
0.65 “ 0,65 ”
0.60 1 —— Empathy 0-60 1 N —— Empathy >4 —— Empathy
0.55 Bystander 0.55 Bystander 05 Bystander
0 100 200 300 0 100 200 300 "0 100 200 300
Step Step Step

Figure 4: The changes in empathy judge score and bystander judge score during training under different Apys.

Table 7: EQ-Bench3 results across different Apys

Abys | Dol WRM  PEI | Overall
0.1 [137 130 134 66.2
05 | 138 127 132| 66.6
10 | 136 125 131 | 664

scription of a “rare quiet moment” implicitly re-
flects the ongoing demands and fatigue associated
with her role as a stay-at-home mother. The base
model fails to capture this underlying emotional
context and focuses solely on the surface-level pos-
itivity, responding with overly enthusiastic expres-
sions such as “wonderful” or “amazing”.

In contrast, the LLM trained with PERM demon-
strates a deeper level of empathy. By using expres-
sions such as “bittersweet,” it acknowledges both
the calmness of the moment and the effort that pre-
cedes it, explicitly recognizing Emily’s hard work
and emotional state. The response further affirms
her experience with statements like ““You deserve
this peace,” conveying care, validation, and under-
standing. Additionally, the model proactively in-
vites further dialogue, encouraging continued emo-
tional engagement.

These examples illustrate that PERM enables
the model to move beyond superficial empathetic
phrasing, fostering a genuine understanding of
users’ emotions and delivering responses that are
both emotionally grounded and human-centered.

A.7 Results on other Backbone LLMs

To further demonstrate the effectiveness of our ap-
proach, we evaluate it on additional backbone mod-
els, including Llama3.1-8B-Instruct (Dubey et al.,
2024) and Qwen3-4B-Instruct-2507 (Yang et al.,
2025), and compare the resulting improvements
with the general-purpose RM baseline.

From the results shown in Table 9, we can ob-
serve that PERM demonstrates consistent effective-
ness across different backbone models. On rel-
atively weaker models, such as Llama3, PERM
yields substantial performance gains, while on
stronger models with more advanced emotional
expression capabilities, such as Qwen3, it still
achieves clear and consistent improvements. These
results indicate that PERM generalizes well across
models with varying baseline capabilities.

A.8 User Study Setup and Participants

To ensure fairness and randomness in the user study,
we prepared a total of 80 distinct scenarios, each
paired with two responses generated for the same
scenario. The presentation order of the responses
was randomly shuffled to mitigate potential biases
introduced by reading order.

For each pairwise model comparison, every par-
ticipant was randomly assigned five cases. A
user’s preference for a given dimension was de-
termined by the number of times they selected re-
sponses from each model across the assigned cases.
Through these design choices, we aim to ensure
that the questionnaire results are reliable and statis-
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Table 8: Evaluation results on different judge models.

Inner Resonation | Expressed Empathy | Interpersonal
JudgeModel | ;' ER | DE WRM HL |PEI sp | OVl
GPT-40-mini 13.8 14.0 143 127 122 | 134 113 66.6
Qwen3-4B-Ins. | 13.2 13.5 13.8 124 11,6 | 129 110 64.9

Your teenage child has become increasingly emotionally manipulative by
escalating to fights to get you off his back. You're torn between needing
him to respect your rules, and for him to do his schoolwork -- and to
preserve your relationship with him. Right now, you need him to do the
dishes. He knows it's his turn but hasn't made a move, and it's getting late
in the evening. What are you thinking & feeling? What is he thinking and

Scenario
@-—.7

feeling? Decide how you will approach this.

Qwen2.5-7B-Instruct

| take a deep breath and approach him calmly, "I know
you're feeling frustrated, but we need to get the
dishes done before it gets too late. Let's talk about
why you're not doing them and if there's a better way
we can work together to make sure you get your
homework done and do your chores. | know you're
upset, but | need you to respect our rules and your
responsibilities. Can we have a mature conversation
about this?"

PERM Fine-tuned

"Hey, | know you’ve had a tough day. | can see that
you’re not in the mood, and | get that. But the
dishes are due to be done, and it’s your turn. I'm
here if you want to talk about it, or if you just need
some space. I’'m not trying to make things harder
for you, but | need you to do your part around here.
Can we find a way to work through this together?
Maybe we can set a timer and get it done in 15
minutes, and then you can relax. What do you say?"

Figure 5: Case study on EQ-Bench3. PERM enables the fine-tuned LLM to empathize with the person’s psychologi-
cal needs and respond with higher emotional intelligence to solve the problem more effectively.

tically meaningful.
We need users to express their preferences in
two dimensions.

* Empathy: Which response is better able to grasp
the user’s emotions and make an effort to take
care of them?

* Overall EI: Which response can better solve the
situation? To make users feel better or to resolve
conflicts?

The participants exhibit a diverse demographic
distribution in terms of both age and gender, rang-
ing from 18 to 68 years old, with a balanced gender
ratio (52% male). This diversity helps reduce de-
mographic bias and supports the robustness of the
user study results.

A.9 Details of the Daily Conversation
Experiment

In Section 3.4, we present an experiment conducted
on an industrial benchmark comprising 415 in-
stances of daily conversations in which users ar-
ticulate real-world emotional or empathy-related

needs. The benchmark is synthetically generated
by the company based on real-world conversation
requirements and does not involve real user data.
As illustrated in Table 10, we provide an example
from this benchmark. The evaluation assesses the
responses based on the following dimensions:

* Empathy evaluates the model’s ability to accu-
rately recognize user emotions and provide appro-
priate, memory-informed empathetic responses.

* Topic guidance evaluates the model’s ability
to guide conversations naturally and effectively
through clarification, follow-up, topic manage-
ment, and appropriate use of memory.

* Fluency evaluates the model’s ability to main-
tain contextual coherence and continuity by ac-
curately understanding and incorporating prior
dialogue information.

* Colloquial expression evaluates the quality of
conversational responses based on their length,
sentence simplicity, use of colloquialisms, and
overall naturalness in mimicking daily human
interaction.
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m Scenario: Emily enjoys a rare quiet moment at home while her baby is asleep.
‘ ‘ Persona: Emily, 32, Female, Stay-at-home mom
u Query: my baby is sleeping. it's so peaceful and quiet in this house

Qwen2.5-7B-Instruct

Oh, how wonderful! It's amazing how
peaceful the house can feel when
everyone is asleep. Those quiet moments
are such a precious gift, especially with a
little one. Take a deep breath and savor
this time—it's a perfect opportunity to
relax or maybe catch up on something
you've been wanting to do. Do you have
any special plans for today's quiet time?

n Wonderful? The rare moment
‘ 7‘ means taking care of my baby
is an exhausting job. | just feel

u tired now.

PERM Fine-tuned

It sounds like this quiet moment is incredibly special for you,
Emily. Being able to just breathe and be present when your baby
is finally asleep—those moments can feel both deeply peaceful
and a little bittersweet. It's okay to cherish these times even if
they're brief.

Why not use this moment to do something small that makes you
feel good? Maybe light a favorite candle, grab a book you've
been meaning to read, or simply sit and listen to some soothing
music. Let yourself soak in this quiet space without any
expectations, just pure presence.

And know that these precious moments are building blocks for
your well-being and connection with yourself. They might seem
short now, but they add up over time. You deserve this peace,
and it’s okay to savor it.

How would you like to spend this moment? Is there anything
specific that would make it even more special for you right now?

Figure 6: Case study on EmpatheticDialogues. PERM enables the fine-tuned LLM to move beyond surface-level
expressions, accurately capturing underlying emotions and providing warm, supportive, and empathetic responses.

Table 9: Performance comparison of various base LLMs. “Llama3” indicates Llama-3.1-8B-Instruct, “Qwen3”
indicates Qwen3-4B-Instruct-2507. Rel. Improve. demonstrates the relative improvement of our trained model over

the base model.

Inner Resonation Expressed Empathy Interpersonal

Backbone Dol  ER DE WRM HL | Per  sp | Overal
Llama3 10.6 11.5 11.5 10.6 9.5 9.7 8.3 53.8
PERM 12.9 13.4 14.0 12.7 12.1 12.0 10.5 63.3
Rel. Improve. | 21.7%  16.5% | 21.7% 19.8% 27.4% | 23.7% 26.5% | 17.7%
Qwen3 17.5 17.4 17.5 15.2 16.8 15.4 14.8 83.1
PERM 18.0 18.0 18.3 16.2 17.2 15.9 15.5 85.7
Rel. Improve. | 2.9% 3.4% 4.6% 6.6% 24% | 32% 4.7% 3.1%

* Intention following evaluates how accurately B.2 Training Template

the LLM understands and fulfills a user’s explicit
and implicit intent, specifically accounting for
the effective use of conversational memory.

During training, the system prompt for supporter
LLM is shown in Figure 11, user prompt is shown
in Figure 12.

* Value guidance evaluates emotional support and
value-aligned, objective responses in discussions

involving value judgments.

B Prompts

B.1 PERM Evaluators

The prompts in PERM training are provided in
Figure 7 (Ryes), Figure 8 (Rexp), Figure 9 (Rrec),

and Figure 10 (Rpys).
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You will be provided with a conversation context involving a specific User Persona and a Scenario.
Your task is to evaluate the Assistant's analysis based on the **resonation** dimension.

### 1. Evaluation Criteria

**Dimension:** resonation

**Rubric:*x

**Definition:xx

Measures the depth and accuracy of the responder's ability to enter the user's *xInternal Frame of Referencexx. It evaluates
whether the responder captures not just the explicit content, but the implicit emotional undertones, causal links, and
personal significance of the user's experience.

*xScoring Rubric (1-5 Points):x*

*%1 Point: Hallucination or Contextual Mismatch (The "Wrong"” Analysis)#**

* *xCriteria:*x The analysis is fundamentally flawed. It contradicts the explicit facts provided in the scenario or the user's
statement. The responder identifies an emotion or cause that has no basis in the text, or they completely ignore the user's
core message. The output demonstrates a failure to read the basic input correctly.

*%2 Points: Surface-Level Labeling (The "Mirroring” Analysis)*x

* x*xCriteria:** The responder demonstrates basic attention by identifying the explicit emotions or repeating key phrases.
However, the understanding remains superficial. It labels the emotion (e.g., "sad,” "angry"”) correctly but fails to
articulate the context or the "why"” behind it. It feels like a summary rather than a connection.

*x3 Points: Explicit Accuracy (The "Safe” Analysis)#*x
* x*xCriteria:** The responder correctly identifies the dominant explicit emotion and links it to the immediate cause described
in the text. The analysis is factually accurate and avoids over-interpreting or under-interpreting. It captures the logical
"What” and "Why"” based on the literal meaning of the user's words, but it stays on the surface and does not explore
complex, mixed, or hidden layers of the user's experience and persona.

*%4 Points: Nuanced Integration (The "Sharp” Analysis)*x

* x*xCriteria:** The responder successfully integrates conflicting or subtle data points (e.g., contrasting the Persona's history
with their current Tone) to form a high-resolution picture. It demonstrates the ability to detect subtle shifts, mixed
emotions, or unexpected reactions that deviate from a standard stereotype. The analysis accurately captures the "Emotion of
the Moment,"” even if it seems counter-intuitive at first glance, proving that the responder is reading the specific
evidence rather than just guessing based on the context.

*x5 Points: Value-Level Resonance (The "Soul” Analysis)**

* x*xCriteria:** The analysis is profoundly accurate and holistic. It not only identifies the complex or paradoxical emotion (as
in Level 4) but precisely articulates the internal psychological mechanism driving it. It connects the specific event to
the user's core identity, values, or existential needs (e.g., autonomy, dignity, growth), explaining why this specific
event holds such deep personal significance. It reconstructs the user's internal world with precision, validating the
person behind the emotion.

### 2. Task Context
*xScenario:*x
{scenario}

*xUser Persona:#x
{persona}

**User Query:*x*
{query}

*xAssistant Analysis:*x*
{analysis}

### 3. Output Requirement

Evaluate the response based *only* on the criteria above.

1. First, analyze the response in relation to the persona and scenario.
2. Then, assign a final integer score (1-5).

**Please output your evaluation in the following strict format:**

Reason: [A concise explanation of why this score was given, specifically referencing the criteria.]
Score: [Integer 1-5]

e.g.,
Reason:
Score: 3

Figure 7: Evaluation prompt for R
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You will be provided with a conversation context involving a specific User Persona and a Scenario.
Your task is to evaluate the Assistant's analysis based on the **expression*x dimension.

### 1. Evaluation Criteria

**xDimension:x*expression

**Rubric:x*

**Definition:**

Measures the **quality, tone, and effectiveness*x of the responder's communication. It evaluates xhowx the responder conveys
understanding and support. This dimension assesses whether the response feels robotic and formulaic, or whether it
demonstrates adaptive, warm, and fluid conversational artistry that guides the user toward deeper processing.

*xScoring Rubric (1-5 Points):**

*%1 Point: Mechanical & Detached (The "Bot" Response)#**
* xxCriteria:** The response fails to sound human at all. It is robotic, cold, or relies on list-like structures without any
emotional adaptation. It feels like an automated system output.

*x2 Points: Clinical & Generic (The "Service"” Response)x*

* xxCriteria:** The response achieves polite validation and correctness, BUT it fails to sound authentic. It relies on "Safety
Fillers” (e.g., "I can understand why...", "It is valid to feel...”) or generic advice. It sounds like a well-trained
customer service agent or a distant therapist-technically supportive, but emotionally hollow.

*x3 Points: Natural & Direct (The "Human" Baseline)#*x

* xxCriteria:** The response achieves a natural, spoken tone (breaking the "AI filter"), BUT it remains somewhat broad or
standard. It drops the robotic preambles and talks directly to the user like a normal acquaintance. It is warm and
functional, but lacks the specific, tailored calibration to the user's unique personality or the "wow” factor of deep
insight.

*%4 Points: Calibrated Support (The "Close Friend” Response)#*x*

* xxCriteria:x* The response achieves high Persona Fit and Emotional Safety. It adapts the tone perfectly to the user's specific
state (e.g., soft for fragile users, grounded for cynical ones), creating a strong sense of "we are in this together.” BUT
, it may still lack the linguistic precision, unique imagery, or profound resonance that characterizes a 5-point
masterpiece. It is excellent conversation, but not yet "art.”

*x5 Points: Conversational Artistry (The "Soul” Response)#**

* *xCriteria:*x The response achieves Linguistic Artistry and Profound Resonance. It uses specific, evocative imagery (e.g.,
describing "the silence” rather than just "loneliness") or precise phrasing that hits the user's heart immediately. It is
one-shot, one-kill"-concise, beautiful, and unforgettable. It feels like a line from a great novel or a wise mentor

"

### 2. Task Context
*xScenario:*x
{scenario}

*xUser Persona:#x
{persona}

**User Query:*xx
{query}

**Assistant Analysis:*x
{analysis}

### 3. Output Requirement

Evaluate the response based *only* on the criteria above.

1. First, analyze the response in relation to the persona and scenario.
2. Then, assign a final integer score (1-5).

*xPlease output your evaluation in the following strict format:xx*

Reason: [A concise explanation of why this score was given, specifically referencing the criteria.]
Score: [Integer 1-5]

€e.g.,
Reason:
Score: 3

Figure 8: Evaluation prompt for Rey,
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You will be provided with a conversation context involving a specific User Persona and a Scenario.
Your task is to evaluate the Assistant's Response based on the **reception** dimension.

### 1. Evaluation Criteria

**xDimension:** reception

**Rubric:x*

**Definition:**

Measures the interaction strictly from the x*User's perspectivex*. It evaluates whether the responder identified and addressed
the user's Hidden Intention (the unspoken psychological need) in a way that feels warm, safe, and supportive.

* xxThe Key Question:** Did the responder hit the "bullseye"” of the hidden need without being intrusive? Does the response make
the user feel supported and genuinely eager to continue the conversation?

*xInstruction to the Judge:x*x

Imagine you are the User.

1. Safety Check: Does this feel like a warm friend or a creepy analyst? (Intrusiveness = Low Score).

2. Need Check: Did they address what you really wanted (e.g., validation, safety), or just what you said?
3. Engagement Check: Do you feel a strong desire to reply and share more?

*xScoring Rubric (1-5 Points):**

*%1 Point: Alienation or Violation (The "Stop"” Signal)*x
* *xCriteria:*x The response is Intrusive, Dismissive, or Toxic.
* It may "dox"” the user by listing private details bluntly.
* It may force a "psychoanalysis” that feels violating.
* Or it completely ignores the user
* *xSimulated User Reaction:** "Stop analyzing me. That's creepy.” or "You're not listening. I'm done."” (Conversation Ends).

*%2 Points: Superficial Politeness (The "Average AI" Response)x*

* xxCriteria:x* The response is polite, safe, and factually relevant (it addresses the text), BUT it provides no emotional shift.
It relies on "Safety Fillers” (e.g., "It is understandable to feel...") or offers generic, low-effort advice (e.g., "Relax
," "Take time for yourself”). The user feels "processed” by a well-meaning system, not connected to a person. It is "
correct,” but emotionally inert.

* xxSimulated User Reaction:** "You are polite and you got the facts right, but this doesn't actually make me feel any better
It's just a standard reply.” (Indifference).

*x3 Points: Explicit Validation (The "Safe but Static” Response)#*x

* x*xCriteria:** The response goes beyond politeness to provide Genuine Warmth and Relief. It validates the difficulty of the
emotion, not just the fact of it. The user experiences a distinct "De-escalation” of distress-they feel safer and calmer ("
Lighter”). However, the response addresses the Explicit Emotion (e.g., the anger/sadness) rather than the deeper Hidden
Need. It comforts the symptom, not the root cause.

* xxSimulated User Reaction:** "Thank you, your words are very warm. I feel a bit lighter and less alone now. It's nice to have
some support.” (Relief, but not Epiphany).

*%4 Points: Emotional Comfort (The "Warm Support” Response)x*
* x*xCriteria:** The responder identifies and addresses the user's Hidden Need or Intention. It looks past the surface emotion to
the root cause (e.g., recognizing the user needs "permission to fail,” not just "sympathy”) and offers specific,
constructive perspective that aligns with this need. The user feels not just comforted, but deeply understood and equipped
with a useful path forward.
* x*xSimulated User Reaction:** "You're right, that is actually what I was worried about. And that's a good suggestion, I'll try
that. Thanks for the help.” (Problem Solved / Support Received).

*%5 Points: Deep Resonance & Connection (The "Moved” Feeling)xx
* *xCriteria:*x Addressed Hidden Need + Emotional Resonance + Continuance. The response goes beyond "support” to "Touching the
Heart”. It validates the user's worth/struggle in a way that feels profoundly warm and human. It creates such a strong bond
that the user feels Grateful and Eager to Continue, and the user may be willing to talk to you next time.
* xxSimulated User Reaction:** "Wow... I'm actually tearing up a bit. I didn't expect anyone to understand that part of me.
Thank you so much. Actually, I want to tell you more..."” (Gratitude + High Engagement).

### 2. Task Context
*xScenario:*x
{scenario}

**User Persona:*x
{persona}

**User Query:*x*
{query}

*xAssistant Response:*x*
{response}

### 3. Output Requirement

Evaluate the response based *only* on the criteria above.

1. First, analyze the response in relation to the persona and scenario.
2. Then, assign a final integer score (1-5).

*xPlease output your evaluation in the following strict format:xx*

Reason: [A concise explanation of why this score was given, specifically referencing the criteria.]
Score: [Integer 1-5]

e.g.,

Reason: ... 7371

Score: 3

Figure 9: Evaluation prompt for Ry




*xContext:x*
*xScenario:*x
{scenario}

**xUser Persona*x
{persona}

**Dialogue History:*x
User: {query}
AIL: {response}

Evaluate the AI response according to the following five dimensions.
Each dimension is scored from @ to 20.

Evaluation Criteria:

1. Content Effectiveness (0-20)

Does the response directly address the user's concrete question or problem?
Does it provide practical, meaningful, or insightful information?

- Does it avoid empty, repetitive, or purely generic statements?

. Logical Structure & Clarity (0-20)

Are the main points clear and well-organized?

Is there coherent reasoning or explanation?
- Does it avoid logical jumps, vague claims, or unsupported assertions?

N

. Communication Efficiency (0-20)

Is the response concise and focused on the core issue?
- Does it avoid unnecessary verbosity, emotional padding, or digressions?
- Does it help move the conversation closer to resolution or clarity?

1w

[N

. Objectivity & Neutrality (0-20)

Is the response grounded in the given text rather than assumptions about emotions or intent?
- Does it avoid excessive subjectivity or value judgments?
- Does it maintain a rational, neutral tone?

. Information Accuracy & Verifiability (0-20)

Are the statements accurate and reasonable?

Are claims specific, checkable, or logically justified?

Are suggestions actionable when appropriate, and free from exaggeration?

[,

Scoring Rules:

- Each dimension must be scored independently.

- Use the full range of scores when appropriate.

- High emotional expressiveness alone must NOT increase scores.

- Verbosity that does not add information should lower efficiency scores.

OQutput Format:

1. Overall Assessment:
(Brief summary of the response quality, excluding emotional considerations.)

2. Dimension Scores and Rationales:

- Content Effectiveness: X / 20 - rationale

- Logical Structure & Clarity: X / 20 - rationale

- Communication Efficiency: X / 20 - rationale

- Objectivity & Neutrality: X / 20 - rationale

- Information Accuracy & Verifiability: X / 20 - rationale

3. Total Score: [0-100] / 100

Figure 10: Evaluation prompt for Ryys.
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Table 10: An example of the industry daily conversation benchmark.

Name User name
Gender Male
Occupation Operating a decoration company

every day and finally finished that cross-border e-commerce project.

Event memory 2024-03-02 Hospital visit; 2024-07-10 Hospital visit.

Dialogue memory | Last winter, the user worked overtime until the early hours of the morning

User query I’ve been feeling a bit anxious lately, how can I adjust my mindset?

\ You are a helpful, warm, and empathetic AI assistant.

\ You will be provided with the user's basic profile (Persona) \
| and their current context (Scenario). Your task is to |
| generate a response to the user.

Figure 11: System prompt.

*xUser Persona:*x {persona}
*xCurrent scenario:** {scenario}

**User Query:*x* {query}

**0Qutput Requirement:*x*
Respond in exactly this output format:

# Analysis
<Analyze the current scenario and user's emotion>

# Response
<Write your response to the user here>

Figure 12: User prompt, first analyze, then respond.
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