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Abstract

Existing metrics for Emotional Support Conver-
sation (ESC) struggle with the “one-to-many”
nature of open-ended empathy or suffer from
the high computational cost of LLM-based eval-
vation. To address this, we introduce EM-
PATHYSCORE, a reference-free, lightweight
metric developed via the DISTILL-ES frame-
work. Crucially, we construct EMPATHY-EVAL,
a comprehensive distillation dataset containing
fine-grained teacher annotations and pairwise
preferences derived from rubric-guided LLM
prompting. Leveraging this data, we distill
the sophisticated reasoning of a teacher LLM
into compact student scorers using a hybrid
regression-ranking objective, decoupling eval-
uation into Cognitive Suitability and Affective
Resonance. Experiments demonstrate that EM-
PATHYSCORE achieves state-of-the-art correla-
tion with human judgments while being orders
of magnitude more efficient than LLM judges.

1 Introduction

Text-based Emotional Support Conversations
(ESC) have evolved into a critical medium for scal-
able psycho-social care, ranging from peer-support
platforms to empathetic AI companions (Rashkin
et al., 2019; Liu et al., 2021). Unlike task-oriented
dialogue, effective ESC requires the helper to ac-
company the seeker through distress via a nuanced
psychological process. Counselling theory char-
acterizes this process as a multidimensional con-
struct: it demands both cognitive empathy (un-
derstanding the seeker’s frame of reference to se-
lect the right support strategy) and affective em-
pathy (responding with emotional attunement and
warmth) (Rogers, 1957a; Hill, 2014; Elliott et al.,
2011). Consequently, evaluating ESC systems re-
quires metrics that go beyond surface-level fluency
to assess whether responses are cognitively suitable
for the conversation stage and affectively resonant
with the user’s emotional state.

However, existing evaluation methodologies
struggle to quantify these nuances. Standard
reference-based metrics (e.g., BLEU, BERTScore),
inherited from translation tasks, rely on computing
similarity against a single human reference (Pa-
pineni et al., 2002; Zhang et al., 2020). This
paradigm is fundamentally flawed in the context
of ESC due to the “one-to-many” nature of empa-
thy: for a given distress context, diverse responses
(e.g., a comforting affirmation vs. a constructive
suggestion) can be equally valid yet lexically dis-
tinct (Liu et al., 2016; Deriu et al., 2021). As a
result, these metrics often penalize high-quality
creative responses that diverge from the reference,
showing poor correlation with human judgments.

To overcome the reference dependency, recent
works have employed Large Language Models
(LLM5) as reference-free judges, leveraging their
reasoning capabilities to assess dialogue quality di-
rectly (Lin et al., 2023; Zhang et al., 2024). While
LLM-based evaluation aligns better with human
perception, it introduces significant bottlenecks
for practical deployment. Relying on proprietary
LLMs (e.g., GPT-4) as online judges incurs high
inference latency and prohibitive costs for large-
scale model development. Furthermore, sending
sensitive mental health data to external APIs raises
serious privacy concerns (Kocmi and Freitag, 2023;
Croxford et al., 2025). The field thus faces a
dilemma: traditional metrics are efficient but in-
accurate, while LLM judges are accurate but ineffi-
cient and costly.

In this paper, we propose to bridge this gap
by distilling the empathic reasoning of expensive
LLMs into lightweight, privacy-preserving models.
We introduce EMPATHY SCORE, a reference-free
metric constructed via the DISTILL-ES framework.
Our core insight is to treat the LLM not as a perma-
nent judge, but as a teacher that provides rich super-
vision via rubric-guided prompting. Specifically,
we prompt a teacher LLM to analyze dialogues



along cognitive and affective dimensions, generat-
ing both fine-grained scores and pairwise prefer-
ences. We then train two compact student scorers
(RoBERTa-based) to mimic these judgments using
a hybrid objective that combines regression (for
absolute calibration) and ranking (for relative pref-
erence learning).

This distillation approach yields a robust eval-
uation framework that is both decoupled and effi-
cient. By explicitly modeling Cognitive Suitability
and Affective Resonance as separate sub-tasks, EM-
PATHYSCORE provides interpretable feedback on
where a model succeeds or fails. Extensive experi-
ments demonstrate that our metric achieves state-
of-the-art correlation with human ratings, matching
the performance of the teacher LLM while being
orders of magnitude faster and removing the need
for test-time API access. EMPATHYSCORE thus
offers a scalable standard for assessing machine
empathy, enabling rapid iteration of ESC systems
without compromising on evaluation quality.

Our contributions are three-fold:

* We propose EMPATHYSCORE, a reference-
free metric that decouples empathy evaluation
into cognitive suitability and affective reso-
nance.

* We introduce the DISTILL-ES framework
to distill sophisticated LLM judgments into
lightweight student scorers via rubric-guided
supervision.

* Experiments show that our metric achieves
state-of-the-art correlation with human rat-
ings while being orders of magnitude more
efficient than LLMs.

2 Related Work

2.1 Emotional Support Conversation

Modeling for Emotional Support Conversation
(ESC) mainly follows three lines: knowledge-
enhanced methods that inject commonsense or
graphs to better understand seekers (e.g., MISC,
C3KG, GLHG)(Tu et al., 2022; Li et al., 2022; Peng
et al., 2022); cognitive reasoning that first infers
cues and emotions before responding (Dialogue
CoT, Cue-CoT)(Chae et al., 2023; Wang et al.,
2023); and persona modeling for personalization
and consistency (PAL)(Cheng et al., 2023). While
ESConv provides high-quality but limited-scale
training data(Liu et al., 2021), LLM-based aug-
mentation (AugESC, EXTES)(Zheng et al., 2023,

2024) and socially grounded simulation (Social-
Sim)(Chen et al., 2025) expand coverage and real-
ism. Most recently, CARE(Zhu et al., 2025) and
ReflectDiffu(Yuan et al., 2025) both leverage rein-
forcement learning to enhance controllability and
empathy.

However, most studies still rely on automatic
metrics such as BLEU, ROUGE-L, METEOR,
BERTScore, and Distinct, which weakly cap-
ture perceived empathy and support(Zhao et al.,
2024; Madani and Srihari, 2025), while human rat-
ings—though more faithful—are costly and hard to
scale; therefore, our work proposes Empathy-Score,
an automatic and scalable metric that better reflects
human-perceived empathy.

2.2 Empathy Measurement

Empathy is commonly divided into two types: trait
empathy, which captures relatively stable empa-
thetic dispositions, and situational empathy, which
refers to immediate, context-triggered responses;
the former can shape how the latter manifests in
specific situations, making the distinction impor-
tant (Davis et al., 1980; Hoffman, 2000). In psy-
chology, self-report questionnaires are widely used
to assess relatively stable empathic traits, such as
the Interpersonal Reactivity Index(Davis, 1983),
the Empathy Quotient(Baron-Cohen and Wheel-
wright, 2004), and the Toronto Empathy Question-
naire(Spreng* et al., 2009).

In affective computing and NLP field, mea-
surement centers on situational empathy and typi-
cally uses rater-based judgments as ground truth to
train supervised deep learning models. Concretely,
one line predicts reader self-reported empathy/dis-
tress from stories(Buechel et al., 2018), while
another learns empathy signals from annotated
mental-health counseling conversations(Sharma
et al., 2020), with related efforts extending to other
genres (e.g., social media(Abdul-Mageed et al.,
2017), persuasive-oriented dialogues(Samad et al.,
2022)). In ESC specifically, perceived empathy
is a central criterion for helpful support and posi-
tive outcomes(Rogers, 1957b; Elliott et al., 2011);
therefore, we introduce Empathy-Score, an auto-
matic metric tailored for ESC that approximates
human judgements of perceived empathy to enable
scalable evaluation and training.
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Figure 1: The construction pipeline of the EMPATHY-EVAL dataset

3 Preliminaries

In this section, we construct a evaluation dataset,
EMPATHY-EVAL. We then analyze the behavior
of existing automatic metrics on this benchmark,
highlighting their limitations and motivating the
need for our proposed EMPATHYSCORE.

3.1 EMPATHY-EVAL Dataset

Construction Process. The construction of
EMPATHY-EVAL proceeds through a rigorous five-
stage pipeline designed to ensure both diversity and
quality. Initially, we manually curated 60 distinct
emotional support scenarios (see Appendix B.4
for specific examples) selected from five diverse
data sources including ESConv (Liu et al., 2021),
EmpatheticDialogues (Rashkin et al., 2019), Psy-
Dial (Qiu and Lan, 2025), Reddit, and web crawl-
ing. For each scenario, we developed high-quality
seed dialogues which underwent strict manual re-
view to ensure logical consistency. To scale up the
corpus, we extended the methodology of Zheng
et al. (2024), employing an LLM-based self-chat
framework (details in Appendix B.6) to synthesize
large-scale multi-turn dialogues. This generation
process incorporated hierarchical control over 16
support strategies and three dialogue states (Explo-
ration, Comforting, Action). Subsequently, the syn-
thesized corpus was subjected to automated quality
checks, safety filtering, and a final round of human
review (see Appendix B.3) to eliminate toxic or in-
coherent content. Finally, to facilitate fine-grained
evaluation, we applied a contrastive rewriting mech-
anism (details in Appendix B.5) to each helper turn.
Using the original response as a reference (R,¢y),
we generated an Apathetic version (R,,) via de-
empathizing rewriting and an Empathetic version

Category ESConv EXTES EMPATHY-EVAL
Dialogues 1,053 11,177 30,633
Utterances 31,410 200,393 522,432
Avg. length of dialogues 29.8 18.2 17.1

Avg. length of utterances 17.8 26.0 28.7

Num. of support strategies 8 16 16

Num. of scenarios 5 36 60

Table 1: Comparison with existing ESC datasets.

Metric (1-3) | Low (Rapa)  High (Remp) | Kappa

Coherence 2.92 2.95 0.78
Helpfulness 1.15 2.82 0.72
Empathy 1.08 291 0.75

Table 2: Human evaluation results (scale 1-3). Re.,
significantly outperforms R, in empathy and helpful-
ness.

(Remp) via strategy-altered regeneration.

Data Analysis. Table 1 highlights the scale and
diversity of Empathy-Eval. Our dataset contains
30,633 dialogues, which is significantly larger than
previous datasets like ESConv (Liu et al., 2021) and
EXTES (Zheng et al., 2024). Crucially, it covers
60 diverse emotional scenarios, offering a much
broader range of topics than the limited scenarios
in baselines. Comprehensive statistical analyses
are detailed in Appendix B.

Human Evaluation. To validate data quality, we
randomly sampled 500 contrastive pairs ([2gpq VS.
Repmp) for human review. Ten annotators rated
them on a 1-3 scale (Poor, Fair, Good) based on
Coherence,Helpfulness, and Empathy. As shown
in Table 2, Rey,), scores nearly perfect in Empathy
(2.91) and Helpfulness (2.82), whereas I, scores
very low (/2 1.1). This confirms that our rewriting
method successfully created a clear gap between



high and low empathy. Additionally, both versions
maintain high Coherence, ensuring the text is flu-
ent and logical. The high Kappa scores indicate
reliable agreement among annotators.

3.2 Limitations of Existing NLP Metrics

To assess the applicability of automated metrics for
empathy evaluation, we computed n-gram overlap,
semantic similarity, and linguistic diversity on our
contrastive dataset (Remp VS. Rape). As shown
in Table 3, results reveal a systemic misalignment:
Low Empathy responses consistently outperform
High Empathy responses across all metric cate-
gories. This inverse correlation stems from the fact
that standard metrics primarily reward lexical and
semantic adherence to the factual reference content.
Since empathetic responses often require signifi-
cant paraphrasing and stylistic shifts rather than
mere content preservation, they are penalized by
these metrics. Consequently, existing NLP metrics
are proven ineffective for quantifying the specific
dimension of empathy.

Category Maetric High (Rermp) Low (Rapa)
BLEU-4 0.0285 0.3852
n-gram ROUGE-L 0.1688 0.5660
METEOR 0.2340 0.5690
Semantic  BERTScore 0.9613 0.9778
Dist-1 0.0076 0.0098
Diversity  Dist-2 0.0885 0.1231
Dist-4 0.4618 0.5762

Table 3: Comparison of standard NLP metrics. The met-
rics consistently assign higher scores to Low Empathy
responses, demonstrating an inability to distinguish the
empathy dimension.

4 EMPATHYSCORE Framework

4.1 Problem Formulation

We focus on the Emotional Support Conversation
(ESC) task, involving a distressed seeker and a
supportive helper. Following the theoretical frame-
work in ESConv (Liu et al., 2021), the support
process is structured hierarchically: fine-grained
support strategies (e.g., Restatement, Suggestion)
are organized into three high-level support stages:
Exploration, Comforting, and Action. ldeally, a
helper should dynamically transition through these
stages based on the seeker’s evolving emotional
state.

To enhance clarity, key notations are summa-
rized in Table 4.

Symbol Definition

C The dialogue context, defined as a sequence of
role-utterance pairs

R R The human reference response and the model-
generated response

S, Z Sets of fine-grained support strategies and
high-level support stages

p,u The role indicator (Seeker/Helper) and the ut-
terance content

Sp The strategy label predicted for response R

Pigeal The predicted latent distribution of ideal strate-
gies

Sfiow The cognitive suitability score (Metric I)

Seontent The affective resonance score (Metric II)

Table 4: Summary of notations for the EMPATHYSCORE
framework.

Formally, we define the dialogue con-
text as a sequence of L turns C =
{(plaul)a(p27u2)7'"a(pLauL)}’ where

pi € {Seeker,Helper} denotes the speaker
role and wu; is the textual content. This flexible
formulation accounts for irregular turn-taking
dynamics (e.g., consecutive messages from the
same speaker). Given C', an ESC model aims to
generate a response R (where pr+1 = Helper) that
is both structurally appropriate and emotionally
resonant.

However, current evaluation protocols are insuf-
ficient for this goal. As empirically demonstrated
in Table 3, standard NLP metrics exhibit a sig-
nificant misalignment with human judgment. To
bridge this gap, we propose EMPATHYSCORE, a
reference-free, learning-based metric that evaluates
R from two complementary dimensions:

EmpathyScore(C, R) = a- Show+ (1 — ) Scontent
(D
where Sgow and S¢ontent are normalized scores in
[0, 1]. The hyper-parameter v € [0, 1] controls the
trade-off between the cognitive (flow) and affective
(content) dimensions. In this work, we set & = 0.5,
assuming that appropriate strategy selection and
emotional resonance are equally critical.

* Show evaluates Cognitive Suitability (reflect-
ing strategy flow). It measures the probabilis-
tic validity of the helper’s strategy against
the ideal support flow derived from the full
interaction history C'. This captures the cog-
nitive aspect of empathy, ensuring stage-wise
adaptation to the seeker’s evolving state while
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allowing for diverse strategic choices (Hill,
2014; Clark, 2010).

content €valuates Affective Resonance (re-
flecting content quality). It leverages a con-
trastive learning objective to assess whether
the generated content structurally entails the
seeker’s emotional distress. This metric cap-
tures the intrinsic warmth and affective under-
standing of the response, aligning with person-
centered message theory (High and Dillard,
2012).

4.2 The DISTILL-ES Framework

Recent advances in LLM distillation show that
rich supervision from large teachers can be com-
pressed into compact students for instruction fol-
lowing, automatic evaluation, and dialogue under-
standing (Yue et al., 2024; Oh et al., 2025; Lee
et al., 2024; Wei et al., 2025). Following this line
of work, we cast EMPATHYSCORE as a learned,
LLM-distilled metric and propose the DISTILL-
ES (Distilled EMPATHYSCORE) framework, which
transfers empathy judgements from a strong teacher
LLM into lightweight scorers specialized for emo-
tional support conversations (ESC), as illustrated
in Figure 2.

Teacher rubric prompting. For each ESC dia-
logue context C' and candidate helper response R,
we query a frozen teacher LLM T with a rubric-
style prompt (Figure 2). The prompt asks 7 to
(1) summarize the seeker’s distress and conversa-
tional context, (ii) analyze the helper’s behaviour,
and (iii) assign scalar empathy scores in [0, 1] for
two dimensions: cognitive suitability of the support

Large Teacher Model
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DISTILL-ES framework.

flow ST (C, R) and affective content resonance
ST en(C, R). In addition, the teacher provides
four rubric-level scores that refine content empa-
thy (empathic understanding, validation & warmth,
guidance and actionability, safety), and, for a subset
of contexts, pairwise preferences indicating which
of two responses is more empathic. All teacher
queries are collected offline to form a distillation

dataset; at test time the teacher is never used.

Student architecture. We instantiate two student
scorers, a Flow Score Student fglow and a Content
Score Student f5°™. Both share the same RoBERTa-
style encoder backbone followed by a shallow MLP
scoring head (the right panel in Figure 2). Given
(C, R), each student produces a scalar score in
[0,1]:

Siow(C, R) = fi¥(C, R),

Scontent(cv R) = fgom(c’ R) .

2
3)

which are combined into the final metric accord-
ing to Eq. (1). Thus DISTILL-ES implements EM-
PATHYSCORE as two compact, reference-free scor-
ing models that can be applied to any ESC system
output.

Distillation objective. Each student is trained to

match the teacher’s scalar scores while preserv-

ing the teacher’s relative preferences between can-

didate responses. For a single scored example

(C, R) with teacher score S7 (C, R) on dimension
d € {flow, content}, we use a regression loss

d A T AN 2

L = (SdC.B) = ST(C, R @

where S, denotes the corresponding student score

(Sfiow Or Scontent). For ranking supervision, we con-



struct response pairs (R+, R_) under the same con-
text C' where the teacher prefers R* to R~, and
apply a margin-based ranking loss

£@

rank

max (0, m — Sg(C, R*) + S4(C, R™)),

®)
with a fixed margin m > 0. The distillation loss
for dimension d is

££(Cl]% = ﬁﬁgg + Arank E(d) (6)

rank’

and the overall training objective sums the flow and
content components:

Lxp = EE{ﬂgw) +£I(<c](;ntent)‘ 7)

In all experiments, DISTILL-ES is trained purely
with this offline distillation objective, without ac-
cess to human empathy labels, and can therefore
be scaled to large amounts of unlabeled ESC data.

5 Experiments

In this section, we conduct comprehensive experi-
ments to evaluate EMPATHY SCORE against state-
of-the-art baselines. We aim to answer the follow-
ing research questions:

* RQ1: Can EMPATHYSCORE effectively dis-
tinguish between high-quality empathetic re-
sponses and low-quality ones?

* RQ2: How do the proposed components
(Show and Scontent) contribute to the overall
performance?

5.1 Experimental Setup
5.1.1 Datasets

To validate the effectiveness of our framework, we
utilize the EMPATHY-EVAL dataset. This dataset
was constructed by applying our Teacher Rubric
Prompting (using GPT-5) to a corpus of emotional
support conversations, generating high-quality an-
notations that include ideal strategy distributions,
scalar empathy scores, and pairwise preference
rankings.

Consistent with standard supervised learning
paradigms, we randomly split the EMPATHY-EVAL
dataset into two subsets:

* Training Set (80%): Used to optimize the
student scorers. The student models leverage
the scalar scores for the regression loss and
the pairwise preferences for the ranking loss
to mimic the teacher’s judgment logic.

* Test Set (20%): A held-out subset used exclu-
sively for evaluation. This subset contains dis-
tinct dialogue contexts not seen during train-
ing, allowing us to assess the metric’s gener-
alization capability.

5.1.2 Baselines

We compare EMPATHY SCORE against widely used
reference-based metrics in dialogue generation.
These metrics evaluate performance by measur-
ing the similarity between the system-generated
response and human gold references:

* Word-Overlap Metrics: We report BLEU-
4, ROUGE-L, and METEOR. These metrics
evaluate performance by measuring the n-
gram precision and recall against human ref-
erences.

* Embedding-based Metrics: We report
BERTScore, which computes semantic simi-
larity.

Diversity Metrics: We include Dist-1, Dist-2,
and Dist-4, which measure the ratio of distinct
uni-grams and bi-grams in the generated re-
sponses. While primarily used for generation
diversity, they serve as a baseline to check if
empathy correlates with lexical richness.

5.1.3 Implementation Details

We employ RoBERTa-base as the shared encoder
backbone for both the flow and content student
scorers. The scoring head consists of a lightweight
two-layer MLP with a hidden size of 256. We
train the models for 5 epochs using the AdamW
optimizer with a learning rate of 2e—5 and a batch
size of 32. For the hybrid objective, the ranking
margin is set to m = 0.1, and the ranking loss
weight is set to Ak = 0.5. All experiments were
conducted on a single NVIDIA A100 GPU.

5.2 Evaluation of Distinguishability (RQ1)

To answer RQ1, we rigorously analyze whether
EMPATHYSCORE can effectively distinguish be-
tween high-quality empathetic responses (Ley,p)
and low-quality generic ones ([4,q). This com-
parison against standard metrics is critical, as a
reliable metric must not only correlate with human
judgment but also possess sufficient discriminative
power to penalize sub-optimal outputs. The com-
parative results are presented in Table 5.



Table 5: Mean scores on High-Quality (2c,,;) vs. Low-
Quality (2,y,) subsets. Bold indicates the higher score
between the two groups. Standard metrics consistently
exhibit an Evaluation Inversion (scoring Low > High),
whereas EMPATHY SCORE correctly aligns with human
preference.

Metric High (Remp) Low (Rapa)
n-gram Metrics

BLEU-4 0.0285 0.3852
ROUGE-L 0.1688 0.5660
METEOR 0.2340 0.5690
Semantic Metrics

BERTScore 0.9613 0.9778
Diversity Metrics

Dist-1 0.0076 0.0098
Dist-2 0.0885 0.1231
Dist-4 0.4618 0.5762
Ours

EMPATHYSCORE 0.8420 0.3250

Results and Analysis As illustrated in Table 5,
we observe a distinct and systematic divergence
in how different metrics rank the two contrastive
groups. The results highlight the fundamental lim-
itations of current automated evaluation methods
when applied to the open-ended domain of Emo-
tional Support Conversation (ESC).

1. The Phenomenon of Evaluation Inversion
in Standard Metrics: Standard automated met-
rics exhibit a severe misalignment with human
judgment, a phenomenon we term Evaluation In-
version. Specifically, n-gram metrics (BLEU-4,
ROUGE-L, METEOR) assign significantly higher
scores to the Low-Quality group (R,pq) than to
the High-Quality group (R.,,). For instance,
BLEU-4 scores generic responses nearly 13 times
higher (0.3852) than specific empathetic responses
(0.0285).

This counter-intuitive result primarily stems
from the "One-to-Many" nature of open-ended dia-
logue and the "safe response” bias. In the ESC task,
for any given emotional query, there exists a vast
space of valid, high-empathy responses that differ
significantly in vocabulary and structure. How-
ever, generic utterances (e.g., "I am sorry to hear
that", "That sounds tough") appear with dispropor-
tionately high frequency across the training corpus.
Consequently, traditional metrics, which rely on
surface-level lexical matching, are statistically bi-

ased towards these "average" responses. A model
that generates these safe, low-information utter-
ances maximizes statistical likelihood and overlap
with the references, despite lacking genuine emo-
tional insight. Conversely, high-quality empathetic
responses are often tailored to specific details of
the user’s distress, resulting in unique formulations
that rarely match the rigid surface forms of the
ground truth references.

Furthermore, even advanced semantic-based

metrics like BERTScore fail to rectify this bias,
favoring the generic group (0.9778) over the em-
pathetic one (0.9613). This observation reveals a
critical theoretical limitation: high semantic simi-
larity to a reference does not equate to high prag-
matic quality. BERTScore effectively captures top-
ical relevance but struggles to distinguish between
"polite acknowledgement" and "deep emotional
validation." A response can be semantically close
to a reference (sharing the same topic embedding
space) but completely lack the specific supportive
intent required for effective therapy-like interac-
tions. This confirms that neither lexical overlap nor
embedding-based similarity is sufficient to capture
the dynamic and nuanced nature of empathy.
2. Effectiveness and Robustness of EMPA-
THYSCORE: In sharp contrast to the baselines,
EMPATHYSCORE successfully corrects this bias
and demonstrates superior distinguishing capabil-
ity. As shown in the bottom row of Table 5, our
metric assigns a significantly higher score to the
High-Quality group (0.8420) compared to the Low-
Quality group (0.3250).

This result highlights two key strengths of our
proposed approach. First, it demonstrates robust-
ness against the "safe response” trap. Unlike
probability-based models that reward the most
frequent patterns, EMPATHYSCORE is trained to
recognize specific empathetic features, ensuring
that generic phrases—no matter how grammati-
cally correct—receive lower scores due to their
lack of emotional substance. Second, the sub-
stantial margin between the two groups indicates
that our model effectively aligns with human cog-
nitive intuition. Human evaluators prioritize the
functional aspect of support (e.g., "Did the sys-
tem really understand me?") over linguistic flu-
ency. By evaluating the intrinsic quality of the
response—considering both its emotional content
and interaction flow—EMPATHY SCORE correctly
identifies and rewards the nuanced emotional sup-
port present in Re,,,. This capability to discrim-



Table 6: Ablation study results. We report the Pearson
(r) and Spearman (p) correlation with human judgments.
"A" denotes the performance drop compared to the
full model. The results show that both components are
essential, with Sconent contributing primarily to semantic
accuracy and Sp,y enhancing structural coherence.

Correlation Performance Drop

Model Variants

Pearson (1)  Spearman (p) Ar Ap
Full Model (EMPATHY SCORE) 0.684 0.672
w/o Flow Component (Sgow) 0.592 0.585 1135% 1 12.9%
w/o Content Component (Seonent) 0415 0.398 1393% 1 40.8%

inate between "safe" and "supportive" is crucial
for training future ESC systems, answering RQ1
affirmatively.

5.3 Ablation Study (RQ2)

To answer RQ2, we conducted a comprehensive
ablation study to investigate the individual con-
tributions of the two core components of EMPA-
THYSCORE: the Flow-based Score (Spow) and the
Content-based Score (Scontent)- By systematically
removing one component at a time, we evaluated
the performance of model variants using Pearson
(r) and Spearman (p) correlation coefficients with
human ratings on the test set. This analysis allows
us to understand how each module influences the
overall evaluation capability and whether the pro-
posed hybrid architecture is theoretically justified.

Results and Analysis Table 6 summarizes the
contribution of each component. The empirical re-
sults clearly indicate that while both components
positively contribute to the final performance, they
play distinct and complementary roles in the eval-
uation framework, validating our dual-stream hy-
pothesis:

1. Impact of Empathetic Content (Scontent):
The variant removing the content component ("w/o
Content") resulted in the most significant perfor-
mance degradation, with the Pearson correlation
dropping drastically by 39.3% (from 0.684 to
0.415). This finding confirms that the semantic
content—specifically the linguistic realization of
empathy—is the foundational element of the evalu-
ation system. Empathy is fundamentally commu-
nicated through words that convey understanding,
validation, and care. Specifically, this component
captures the fine-grained semantics of emotional
support, such as the use of specific emotional key-
words, supportive phrasing, and validation tech-
niques that resonate with the user’s state. Without
the ability to assess what is explicitly said (Scontent),

the model loses its capacity to detect the "warmth"
and "understanding" inherent in the dialogue. Rely-
ing solely on interaction flow (Sgow) proves insuffi-
cient because a conversation might follow a correct
structural transition pattern (e.g., asking a question
after a statement) but still lack the necessary emo-
tional resonance or compassionate tone to be truly
supportive.

2. Impact of Dialogue Flow (Sgow): Removing
the flow component ("w/o Flow") also leads to a no-
table decrease in performance, with a 13.5% drop
in Pearson correlation. While S¢ontent i critical for
evaluating the semantic dimension, the addition of
Stow provides crucial context-aware regularization.
Empathy in ESC is not a static property but a dy-
namic, temporal process that requires appropriate
progression. Effective support typically follows
a logical sequence: listening and validating first,
then exploring the problem, and finally offering ad-
vice. Sqow acts as a safeguard against "contextual
mismatch," penalizing responses that may be se-
mantically polite but are contextually abrupt or out
of order—such as rushing to give practical advice
before sufficiently establishing an emotional con-
nection. This drop in performance without Sqoy
suggests that structural coherence is a vital mul-
tiplier for the overall quality of empathy; a well-
worded response delivered at the wrong stage of
the conversation is often perceived as insensitive.

Takeaway The full model achieves the highest
correlation (0.684), significantly outperforming ei-
ther single-component variant. This demonstrates
that EMPATHYSCORE effectively combines the
semantic precision of S¢onent With the structural
awareness of Sgow. The two components work
in synergy: the content module evaluates the sub-
stance of the response (the "what"), while the flow
module evaluates its timing and appropriateness
(the "when"). This ablation study strongly supports
the necessity of the proposed hybrid architecture,
proving that accurately capturing the complexity
of human empathy requires modeling both the lin-
guistic features and the interaction dynamics.

6 Conclusion

We presented EMPATHYSCORE, a reference-free
metric for Emotional Support Conversations that
explicitly decomposes empathy into cognitive suit-
ability of support strategy flow and affective res-
onance of response content, together with the
DISTILL-ES framework for learning this metric.



Limitations

While EMPATHYSCORE and the DISTILL-ES
framework take a step toward more faithful evalu-
ation of emotional support conversations, several
limitations remain. First, our metric ultimately in-
herits the biases and blind spots of the teacher LLM
and our rubric design: the “ground truth” supervi-
sion comes from a single model family, a partic-
ular set of prompts, and a fixed four-dimensional
rubric. As a result, the distilled scorers may en-
code stylistic or cultural preferences of the teacher
(e.g., favouring certain phrasing patterns or support
styles) and may not fully reflect diverse human
judgments about what counts as empathic, espe-
cially across different cultures, demographics, or
counselling traditions. Second, our experiments
are conducted on English text-based ESC datasets
in non-clinical settings; it is unclear how well EM-
PATHYSCORE transfers to other languages, modal-
ities (e.g., voice-based support with prosody), or
high-stakes clinical contexts where professional
standards for empathy and safety are stricter.
Methodologically, DISTILL-ES focuses on of-
fline correlation with human and teacher scores
and does not guarantee that higher scores causally
imply better outcomes for seekers (e.g., improved
mood or reduced distress). Our margin-based rank-
ing loss relies on teacher-generated pairwise prefer-
ences, which may contain label noise, and we have
not systematically analysed failure cases where the
metric disagrees with expert counsellors. In addi-
tion, our current implementation uses RoOBERTa-
style encoders of moderate size; we do not explore
the trade-off between model capacity and evalu-
ation quality, nor do we study robustness under
domain shift or adversarial prompting. Finally, al-
though we discuss potential applications of EMPA-
THYSCORE for model selection and benchmarking,
we do not investigate its impact when used as a
training-time objective to optimise generative ESC
models, nor the ethical implications of deploying
such a metric in real-world mental health systems
(e.g., unintended over-reliance on automated scores
for triage or quality control). These limitations
highlight important directions for future work.
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A Appendix
B Additional Details of EMPATHY-EVAL

In this section, we provide the full scenario dis-
tribution list and a fine-grained statistical analy-
sis to demonstrate the diversity and quality of the
EMPATHY-EVALdataset.

B.1 Scenario Coverage

To ensure the dataset encompasses a broad spec-
trum of real-world emotional distress, we curated
60 distinct scenarios ranging from relationship is-
sues to career challenges. Table 7 details the com-
plete list of scenarios along with their distribution
proportions, sorted by frequency. The most fre-
quent scenarios involve high-impact life events
such as Breakups or Divorce (4.02%) and Con-
flicts (3.97%), while the long tail covers nuanced
topics like Retirement adjustment and Unemploy-
ment, ensuring the model is tested against diverse
contexts.

B.2 Additional Statistical Analysis

To further validate the distinction between the gen-
erated variations, we visualize the strategy dynam-
ics and linguistic characteristics in Figure 3 and
Figure 4.

Strategy Dynamics and Profiles. Figure 3 illus-
trates the evolution of support strategies. The High


https://doi.org/10.1080/00223890802484381
https://doi.org/10.1080/00223890802484381
https://doi.org/10.1080/00223890802484381
https://doi.org/10.1080/00223890802484381
https://doi.org/10.1080/00223890802484381
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2022.acl-long.25
https://doi.org/10.18653/v1/2023.findings-emnlp.806
https://doi.org/10.18653/v1/2023.findings-emnlp.806
https://doi.org/10.18653/v1/2023.findings-emnlp.806
https://doi.org/10.18653/v1/2025.acl-long.178
https://doi.org/10.18653/v1/2025.acl-long.178
https://doi.org/10.18653/v1/2025.acl-long.178
https://doi.org/10.18653/v1/2025.acl-long.1235
https://doi.org/10.18653/v1/2025.acl-long.1235
https://doi.org/10.18653/v1/2025.acl-long.1235
https://doi.org/10.18653/v1/2025.acl-long.1235
https://doi.org/10.18653/v1/2025.acl-long.1235
https://doi.org/10.18653/v1/2025.acl-long.1235
https://doi.org/10.18653/v1/2025.acl-long.1235
https://doi.org/10.18653/v1/2024.findings-emnlp.350
https://doi.org/10.18653/v1/2024.findings-emnlp.350
https://doi.org/10.18653/v1/2024.findings-emnlp.350
https://doi.org/10.18653/v1/2024.findings-emnlp.350
https://doi.org/10.18653/v1/2024.findings-emnlp.350
https://doi.org/10.18653/v1/2024.emnlp-main.883
https://doi.org/10.18653/v1/2024.emnlp-main.883
https://doi.org/10.18653/v1/2024.emnlp-main.883
https://doi.org/10.18653/v1/2024.emnlp-main.883
https://doi.org/10.18653/v1/2024.emnlp-main.883
https://doi.org/10.18653/v1/2023.findings-acl.99
https://doi.org/10.18653/v1/2023.findings-acl.99
https://doi.org/10.18653/v1/2023.findings-acl.99
https://doi.org/10.18653/v1/2023.findings-acl.99
https://doi.org/10.18653/v1/2023.findings-acl.99
https://doi.org/10.18653/v1/2024.acl-long.611
https://doi.org/10.18653/v1/2024.acl-long.611
https://doi.org/10.18653/v1/2024.acl-long.611
https://doi.org/10.18653/v1/2024.acl-long.611
https://doi.org/10.18653/v1/2024.acl-long.611
https://arxiv.org/abs/2510.05122
https://arxiv.org/abs/2510.05122
https://arxiv.org/abs/2510.05122

ID Scenario Name

Prop. |ID Scenario Name

Prop.

1 Breakups or Divorce 4.02% | 3
2 Conflicts or Communication Problems 3.97%
3 Work-related Stress and Burnout 3.96%
4 Coping with the Death of a Loved One 3.95%
5 Depression and Low Mood 3.52%
6  Financial Worries and Uncertainty 3.44%
7  Anxiety and Panic 3.44% |3
8  Chronic loneliness and lack of social support 2.98%
9  Parenthood and Parenting Challenges 2.54%
10 Academic Stress or Pressure 2.50%
11 Low Self-Esteem or Lack of Confidence 2.48%
12 Romantic loneliness and difficulty finding a partner 2.47%
13 Chronic Illness or Pain Management 2.47%
14 Chronic sleep problems and insomnia 2.03%
15 Sibling Rivalry or Family Conflict 2.02%
16 Moving to a New City or Country 2.01%
17 Dealing with the Loss of a Pet 2.00%
18 Caregiver Support 1.99%
19 Parenting Challenges and Parental Guilt 1.99%
20 Communication Challenges 1.98%
21 Work-life balance and role overload 1.98%
22 Perfectionism, procrastination, and fear of failure 1.98%
23 Drifting apart from long-term friends or social circles 1.53%
24 Uncertainty about college major or future career path 1.52%
25 Infidelity and rebuilding trust after cheating 1.52%
26 Social media overuse and social comparison 1.52%
27 Adjusting to a New Job or Role 1.52%
28 Experiencing discrimination and microaggressions 1.51%
29 Body Image Concerns and Eating Disorders 1.51%
30 LGBTQ+ Identity 1.51%

Coping with a Diagnosis or Medical Treatment 1.50%

32 Finding Meaning and Purpose in Life 1.50%

Career Transitions 1.50%
34 Support for Loved Ones or Friends 1.50%

News overload and anxiety about world events 1.49%
36 Coping with natural disasters or community-wide crises 1.49%
37 Surviving and Recovering from Physical or Emotional Abuse 1.49%
38 Housing instability or fear of eviction 1.25%
39 Cultural Identity and Belonging 1.23%
40 Job Loss or Career Setbacks 1.08%

Long-distance relationship stress 1.03%
42 Addiction and Recovery 1.02%
43 Healing from Sexual Assault or Domestic Violence 1.01%
44 Spirituality and Faith 0.76%
45 Infertility and challenges with trying to conceive 0.75%
46 Empty nest and adjusting after children leave home 0.75%
47 Legal troubles and court cases 0.75%
48 Gaming or internet addiction impacting daily life 0.75%
49 Post-Traumatic Stress Disorder (PTSD) 0.74%
50 Religious or worldview conflicts with family or community 0.74%

Healing from Abuse 0.74%
52 Online harassment and cyberbullying 0.74%
53 Navigating Gender Identity and Transitioning 0.74%
54 Transition to college or moving away from home 0.53%
55 Managing Bipolar Disorder 0.53%
56 Midlife crisis and career plateau 0.52%
57 Health anxiety and fear of serious illness 0.52%
58 Workplace bullying or toxic team dynamics 0.52%
59 Unemployment-related Stress 0.51%
60 Retirement adjustment and loss of professional identity 0.51%

Table 7: Distribution of all 60 emotional support scenarios in EMPATHY-EVAL, sorted by frequency proportion. The

list is split into two columns for layout efficiency.

Empathy flow (Left) exhibits a clear "Exploration-
Comforting-Action" progression, mirroring effec-
tive counseling sessions. In contrast, the Low Em-
pathy flow (Middle) remains static. The Radar
Chart (Right) further confirms that R, covers a
broad spectrum of supportive strategies, whereas
Rpq 1s constricted to neutral responses.

Linguistic and Interaction Depth. Figure 4
quantifies the linguistic divergence:

* Length Distribution (Left): The distribution
for Repmp 1s right-skewed (peaking =~ 35
words), indicating more elaborate supportive
language compared to Rypq.

o Strategy Divergence (Middle): The diverging
chart highlights the "Empathy Delta." Re;,,
prioritizes constructive strategies like Emo-
tional Validation (green bars), while R, re-
lies on passive strategies like Clarification
(red bars).

* Depth Dynamics (Right): The line plot shows
that R, sustains deep engagement through-
out the dialogue, whereas R, shows a flat
trajectory.
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B.3 Human Review and Quality Assurance

To ensure the reliability and safety of the dataset,
the synthesized corpus was subjected to a rigor-
ous quality control pipeline. Following automated
quality checks and safety filtering, we conducted a
final round of human review to explicitly eliminate
toxic, incoherent, or strategy-mismatched content.

We recruited 10 annotators with expertise in lin-
guistic evaluation, compensated at a rate of $5 USD
per hour. Prior to the task, we conducted a manda-
tory training session detailing the workflow and
annotation criteria. The full text of the instructions,
along with screenshots of the annotation interface,
is provided in Appendix ??. Crucially, given the
sensitive nature of emotional support dialogue, we
issued a clear disclaimer regarding potential psy-
chological risks associated with reading distressing
content. All participants provided informed con-
sent, acknowledging these risks before proceeding.
To ensure consistency, annotators were required to
analyze 10 distinct case studies and pass a pilot
qualification test aligned with expert standards.

To streamline this large-scale review, we devel-
oped a customized auditing tool, the “Empathy-
Eval Auditor” (see Figure 5). The interface
presents the complete dialogue history along-
side the specific situation description, providing
the necessary context for adjudicating coherence
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and safety. Using a binary decision mechanism
(“Keep” or “Remove”), auditors verified whether
the model’s response accurately reflected the as-
signed strategy tag (e.g., Emotional Validation).
This process ensured that only valid, high-quality
dialogues were retained in the final EMPATHY-
EVAL corpus.

B.4 Scenario Examples

Table 7 listed the distribution of our 60 emotional
support scenarios. Below, we provide concrete
dialogue examples for each scenario to illustrate the
diversity of user situations covered in EMPATHY-
EVAL.

Academic Stress or Pressure Ex /: I studied so hard for this
exam, but when I got my grade back, it was way lower
than I thought it would be. Ex 2: I can’t believe my
teacher marked me wrong on that math test. It was my
final exam and I studied for a week. Ex 3: I can’t believe
I did so badly on that test. I studied for hours, but it all
just slipped away during the exam.

Addiction and Recovery Ex I: I've been feeling really
down, and it seems like my family has basically given
up on me. Ex 2: I messed up. I drank again after six
months of being clean, and now I feel like I've ruined
everything. Ex 3: I slipped up last week after almost a
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year clean, and I just feel like I've let everyone down
and myself too.

Adjusting to a New Job or Role Ex /: It’s only been a few
weeks since I started managing this team, but I already
feel like I'm way in over my head. Ex 2: I just started
this new role as a team lead last week, and honestly, 1
already feel like I'm in way over my head. Ex 3: I just
began this new lead position, and honestly, it feels like
I’'m constantly behind with no clear way to catch up.

Anxiety and Panic Ex /: Every time I try to drive during
rush hour, my heart starts racing and I feel this wave
of panic like I can’t breathe properly. Ex 2: Lately,
whenever I go to family events, I feel this sudden wave
of panic that makes my heart race and my thoughts
spiral out of control. Ex 3: Lately, every time I have to
talk to someone at work, I feel this rush of panic. My
heart races and I get so dizzy I just want to hide away.

Body Image Concerns and Eating Disorders Ex 7: Hi...
lately I just feel really down when I look in the mir-
ror. Ex 2: Hey, I just can’t stop feeling awful about how
I look these days. Ex 3: Hey, I've been feeling really
frustrated and ashamed of how I look lately.

Breakups or Divorce Ex I: It’s not a great day. I feel pretty
awful, honestly. Ex 2: My girlfriend just left me. I
feel awful, like my whole world collapsed. Ex 3: 1
honestly don’t even know where to start. Everything
feels shattered right now.

Career Transitions Ex I: I just quit my teaching job to be-
come a graphic designer, but now I’'m really scared
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Export Data

happy again. It's like I'm stuck between

DIALOGUE ID
47

SCENARIO CATEGORY

Breakups or Divorce

SITUATION DESCRIPTION

The seeker is struggling
to move on after cheating
and losing their former
partner, feeling intense
guilt and pain whenever
they see reminders of the

relationship.
Seeker

missing her and hating myself.

Helper

EMOTIONAL VALIDATION Given how much

you cared about her and how serious
the mistake feels to you, it makes sense
that you're grieving and blaming
yourself. Those feelings show that you

understand the impact of what

happened.
REMOVE KEEP
Left Arrow « Right Arrow —

Figure 5: Screenshot of the Empathy-Eval Auditor interface used for the final human review. Annotators utilize this
tool to audit the coherence, safety, and strategy alignment of the generated dialogues.

I made a huge mistake. Ex 2: I quit my stable job
last month to pursue photography, but now I'm second-
guessing if I did the right thing. Ex 3: I’ve been offered
a promotion at work, but honestly, I feel really over-
whelmed and unsure if I want to accept it.

Caregiver Support Ex I: Hello, I was wondering if you
could help me with something I'm really scared about.
Ex 2: Hey, I'm really struggling with everything that’s
happening with my grandma. It’s getting overwhelming.
Ex 3: Hey, I'm really overwhelmed right now and don’t
know how to handle all this caregiving stuff for my dad.

Chronic Illness or Pain Management Ex I: Lately, my en-
ergy’s just disappeared. Even getting dressed feels like
a huge effort, and it’s really wearing me down. Ex 2:
These past few weeks, my joints have been so painful
and stiff that even getting out of bed feels like a huge
challenge. Ex 3: Lately, my symptoms have gotten so
much worse. I'm feeling shaky and tired all the time,
and it’s really messing up my days.

Chronic loneliness and lack of social support Ex /: Some-
times I feel like I have nobody to talk to anymore. Ex 2:
I just feel so invisible here, like no one really sees me for
who I am. Ex 3: Lately, I just feel like I'm completely
invisible to everyone around me.

Chronic sleep problems and insomnia Ex /: Hi, I'm so
tired. I feel like I haven’t truly slept in ages. Ex 2:
I’m really struggling to get any sleep these days, no
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matter how tired [ am. Ex 3: Lately, I just can’t seem to
get to sleep at night, no matter how tired I am.

Communication Challenges Ex I: 1 usually keep my
thoughts to myself because I'm scared that bringing
them up will just lead to fighting. Ex 2: I’'ve been scared
to tell my friend how I really feel because I don’t want
to upset them or start an argument. Ex 3: Lately, I just
don’t say what’s really on my mind because I'm afraid
it might upset people or cause arguments.

Conflicts or Communication Problems Ex I: I really dis-
like my neighbours. They argue loudly all the time, and
it’s wearing me down. Ex 2: I swear every chat with my
partner ends up tense or with us not really hearing each
other anymore. Ex 3: I just can’t seem to get through
to my partner without things turning into a fight. It’s
exhausting.

Coping with a Diagnosis or Medical Treatment Ex /: 1
just got my diagnosis a few days ago and honestly, 1
feel lost and scared about what’s going to happen to me.
Ex 2: 1 just found out I have early-stage Parkinson’s,
and honestly, I'm terrified about what this means for my
future. Ex 3: I just got diagnosed with Parkinson’s, and
honestly, I’m really scared about what this means for
me going forward.

Coping with natural disasters or community-wide crises
Ex I1: T am so frustrated. My school was closed without
warning because of COVID. Ex 2: The flood came so



suddenly, and we barely had time to grab anything
before leaving the house. Ex 3: It’s been really hard to
focus since the tornado hit. Everything feels so chaotic
and unsafe now.

Coping with the Death of a Loved One Ex /: I still can’t
believe my sister is gone. It feels so unreal and I'm
drowning in sadness. Ex 2: My dad passed away a few
days ago, and honestly, I feel kind of lost and numb
right now. Ex 3: It’s been two weeks since my dad
passed away, and I just feel completely lost most days.

Cultural Identity and Belonging Ex /. Since I came back
home a few months ago, I just can’t shake this feeling
that [ don’t really belong anywhere now. Ex 2: I've been
back here for a few months, but instead of feeling at
home, I just feel like I don’t belong anywhere anymore.
Ex 3: Ever since I came back to my birth country, I just
can’t shake off this feeling that I don’t really belong
anywhere anymore.

Dealing with the Loss of a Pet Ex I: My dog passed away
a few days ago, and the house feels so empty without
him. Ex 2: My dog passed away last night. I don’t think
I’ve ever felt this empty before. Ex 3: I just had to put
my cat down yesterday, and I feel like a part of me is
gone too.

Depression and Low Mood Ex /: I got some bad news from
my doctor today. All I want to do is cry. Ex 2: Lately, |
just feel empty all the time. Like nothing I do matters
anymore. Ex 3: Lately, I just feel numb inside. Nothing
seems to bring me any happiness anymore.

Drifting apart from long-term friends or social circles
Ex 1: Hi. I don’t really have close friends because
I have a hard time trusting people. Ex 2: I've been
feeling really down because my old friends hardly reach
out to me these days. Ex 3: Hey, I've been feeling kind
of sad lately because my close friends don’t really talk
to me like they used to.

Empty nest and adjusting after children leave home Ex
1: Both my kids moved out just a few weeks ago, and
the house feels so empty. Some days I don’t even
recognize it as my home anymore. Ex 2: Since my kids
left for college just a few weeks ago, the house feels
so empty and quiet, it’s almost hard to believe it’s the
same place. Ex 3: Since my kids moved out last week,
the house feels so empty and cold. I keep looking for
signs they’re still here, but it’s just silence now.

Experiencing discrimination and microaggressions in daily life

Ex 1: Hi, I need to talk about something that’s been
really draining me lately. Ex 2: Hi, I've been really
stressed out because of some things happening at work
lately. Ex 3: Hey, I've been really overwhelmed lately
because of some things happening at my job.

Financial Worries and Uncertainty Ex /: I'm really
stressed out. My work hours got cut last week, and
I’'m already behind on rent and bills. Ex 2: I’'m really
panicking. I borrowed five books from my school li-
brary and now the whole bag is missing. Ex 3: My work
hours got cut this month, and now I'm really stressed
about how I'll pay rent and cover my bills.

Finding Meaning and Purpose in Life Ex /: I don’t even
know who I am without them. Everything feels so
empty and pointless since the breakup. Ex 2: Since
I quit my job, I feel like I've lost all sense of who I am
and what I’'m supposed to do with my life. Ex 3: Ever
since my breakup a few months ago, I just feel like I'm
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wandering without any clue who I am or what I want
anymore.

Gaming or internet addiction impacting daily life Ex I:

I’ve been playing games almost all night lately, and
it’s really messing up my sleep and making me fall
behind at work. Ex 2: I’ve been gaming almost every
night lately, sometimes until 3 or 4 a.m., and it’s really
messing up my sleep and focus at work. Ex 3: Lately,
I’ve been gaming almost every night until dawn, and
it’s wrecking my sleep and making me miss important
deadlines at work.

Healing from Abuse Ex /: I still feel really anxious when-

ever my mom calls me, even though I’ve been setting
boundaries for months now. Ex 2: I've been avoiding
calls from my dad because they just bring up so much
pain, but I feel awful about it afterward. Ex 3: I ended
my friendship with someone I trusted for a long time,
but now I just feel so lost and unsure if I did the right
thing.

Healing from Sexual Assault or Domestic Violence Ex /:

Hi. I'm tired and anxious all the time because of the
same nightmare that keeps coming back. Ex 2: Hi, I've
been feeling scared and trapped in my own mind since
I left my abusive partner a few months ago. Ex 3: I'm
just so scared all the time now. Ever since the fight last
week, I can’t stop replaying it in my head.

Health anxiety and fear of serious illness Ex 1: Every

time I notice a new twitch or ache, [ immediately worry
it’s a sign of something really serious going wrong in-
side me. Ex 2: I've been getting these random chest
pains, and I can’t stop thinking it might be something
really serious like a heart problem. Ex 3: Lately, when-
ever I get a headache or feel dizzy, | immediately start
worrying something serious is wrong, like a brain issue
or a tumor.

Housing instability or fear of eviction Ex /: I just got an

eviction notice because I lost my job. I'm really scared
and don’t know what to do next. Ex 2: My work hours
got cut last month, and now I’'m behind on rent. I'm
really worried they might evict me soon. Ex 3: I'm
really scared because I've fallen behind on my rent, and
the landlord said I might have to move out soon.

Infertility and challenges with trying to conceive Ex  I:

We’ve been trying to get pregnant for almost two years
now, and every month I just feel more broken when
it doesn’t happen. Ex 2: It’s been more than two
years now, and each failed cycle just crushes me more.
Sometimes I wonder if I'll ever hold my own baby. Ex
3: We decided to stop the fertility treatments last month,
and honestly, I feel completely empty and confused
about what to do now.

Infidelity and rebuilding trust after cheating Ex /: I think

my boyfriend might be seeing someone else, and it’s eat-
ing me up inside. Ex 2: My very first boyfriend cheated
on me. When I found out, I was furious and completely
crushed. Ex 3: I just found out my partner has been
cheating on me for months, and I feel completely shat-
tered.

Job Loss or Career Setbacks Ex /: Hi, I just lost my job

after seven years, and I'm feeling really overwhelmed
by it all. Ex 2: I got laid off last week, and honestly, I'm
just shocked and scared about what comes next. Ex 3: 1
just got laid off last week, and honestly, I feel like my
whole world flipped upside down.



LGBTQ+ Identity Ex I: I've been feeling really lost lately,

trying to understand my feelings, but it’s confusing and
scary. Ex 2: Hey, I'm really struggling with something.
I think I might like my friend, and it’s confusing me so
much. Ex 3: Hey, I'm feeling really messed up right
now. I think I like my best friend. .. and it’s throwing
me off completely.

Legal troubles and court cases Ex /: I still feel ashamed

when I think about the night my mom got arrested for
drinking. Ex 2: I just got a court summons about a
lawsuit from my old job, and I’'m honestly terrified
about what might happen. Ex 3: I still feel bad that I
couldn’t be there when my friend went to court. She
really wanted support and I had to miss it.

Long-distance relationship stress Ex /: Lately, it feels like

the distance between us isn’t just physical—it’s like
we’re drifting apart emotionally too. Ex 2: I've noticed
that lately our conversations feel so short and sometimes
it feels like they don’t really want to talk anymore. Ex 3:
Hey, I’ve got to admit I’m pretty lonely right now. My
wife is out of town for a week for work, and the house
feels so empty.

Low Self-Esteem or Lack of Confidence Ex /: I feel like

no matter how hard I try, I’'m always coming up short
compared to everyone else in the team. Ex 2: I keep
replaying that review in my head, and it just makes me
feel like I’m not cut out for this job at all. Ex 3: I feel
like I'm always behind at work, like no matter what I
do, I’'m just not as good as everyone else on the team.

Managing Bipolar Disorder Ex I: My mood has been

swinging so much lately, I barely recognize myself from
one day to the next. Ex 2: Lately I’ve been swinging
between feeling super energetic and then crashing hard,
like I can’t keep up with myself. Ex 3: Lately, my
moods have been swinging so wildly. Some days I’'m
full of energy and ideas, but other days I can barely get
out of bed.

Midlife crisis and career plateau Ex /: I’m turning 40 this

weekend, and moving into a new age bracket feels really
scary. Ex 2: I just had my 45th birthday, and honestly,
I feel like I'm stuck in this career rut with no way out.
Ex 3: 1 just feel like I've been running on the same
treadmill for years, and I’'m not sure where I'm even
going anymore.

Moving to a New City or Country Ex /: I moved to a new

city and I don’t have any friends here. I’'m starting to
feel really discouraged. Ex 2: I just moved to a new city
and I don’t know anyone. I can’t seem to break into the
social circles at work. Ex 3: I just arrived in this city a
few weeks ago, and honestly, I'm feeling totally out of
place and really alone.

Navigating Gender Identity and Transitioning Ex /: I've

been feeling really confused lately. I think I might be
transgender, but it’s scary to admit that even to myself.
Ex 2: I’ve been feeling like the gender I was assigned
just doesn’t fit me, but admitting it feels so overwhelm-
ing and scary. Ex 3: I’ve been feeling really confused
lately. For a while now, the gender I was assigned just
doesn’t feel like me anymore.

News overload and anxiety about world events or climate change

Ex I: Hi. Lately, I feel like I can’t escape all the bad
news—it’s everywhere, and it’s really getting to me. Ex
2: Hi, I've been glued to the news lately, and every
headline just feels worse than the last. It’s like I can’t
escape it. Ex 3: Hi, I’ve been glued to the news lately,

and honestly, it’s making me feel more anxious and
hopeless every time I check it.

Online harassment and cyberbullying Ex /: Ever since
that post of mine blew up, my notifications are just
full of hateful messages and threats. I dread looking at
my phone now. Ex 2: I didn’t expect my comment to
blow up like this, but now it feels like I can’t go online
without seeing someone trying to tear me down. Ex
3: I shared something honest on my social media, and
now I'm flooded with hateful messages. It’s making me
scared to even look at my phone.

Parenthood and Parenting Challenges Ex I: Lately, my
toddler’s tantrums have been nonstop, and honestly, I
feel like I'm failing as a parent. Ex 2: Last year, when
both of my kids were at school all day, I would suddenly
feel really lonely at home. Ex 3: Lately, my toddler has
been throwing tantrums nonstop, and I just feel like I
can’t keep up. It’s exhausting.

Parenting Challenges and Parental Guilt Ex /: Hi, I just
don’t know what to do anymore. Losing custody of my
kid has been crushing me. Ex 2: I just snapped at my
toddler today. I feel so awful—Ilike I completely failed
as a parent. Ex 3: Good evening. I always feel like I do
everything wrong — as a mother, as a wife, as a person.

Perfectionism, procrastination, and fear of failure Ex /:
Hi. I’'m really stressed about a deadline and I don’t
know how to handle it. Ex 2: Hi, I'm feeling really
stuck with my thesis work and it’s making me anxious
all the time. Ex 3: Hey, I've been feeling really stuck at
work lately and I don’t know how to get moving again.

Post-Traumatic Stress Disorder (PTSD) Ex I: I can’t even
think about getting into a car without my heart racing
and feeling like I'm reliving the crash all over again. Ex
2: Ever since the earthquake destroyed my apartment,
I can’t be inside any building without feeling like it’s
going to collapse again. Ex 3: Since the crash, every
sudden honk or screech sends me into a panic. It’s like
I’m stuck reliving the whole accident over and over.

Religious or worldview conflicts with family or community
Ex 1: Hey, I've been feeling really torn lately because
my beliefs are shifting and my family just won’t
accept it. Ex 2: Lately, it just feels like everything’s
falling apart between me and my family because of my
changing beliefs. Ex 3: Hi, I’ve been feeling really
overwhelmed lately because my beliefs are changing,
but my family just can’t accept that.

Retirement adjustment and loss of professional identity
Ex 1: Iretired about two months ago, and honestly, I
didn’t expect to feel this lost and restless all the time.
Ex 2: 1 thought retirement would bring relief and
happiness, but honestly, I just feel lost and restless most
days. Ex 3: I thought retirement would be a relief, but
instead I feel lost. I’'m not sure what to do with myself
most days.

Romantic loneliness and difficulty finding a partner Ex
1: 1 feel so alone now that I'm single. It seems like
everyone else has someone except me. Ex 2: I just feel
so invisible sometimes, like no one really sees me as
someone worth loving beyond surface level. Ex 3: I've
been trying to date, but every time it feels like I'm
invisible or unwanted. It’s really wearing me down.

Sibling Rivalry or Family Conflict Ex /: My siblings have
been at each other a lot recently, and I feel like I'm
caught right in the middle with no way out. Ex 2: Lately,

16



my two siblings have been fighting a lot, and I feel like

I’m caught in the middle but don’t know how to fix it.

Ex 3: I'm really stressed out because my two siblings
keep fighting, and it feels like I’m stuck in the middle
with no way out.

Social media overuse and social comparison Ex /: Lately,
I find myself stuck on social media for hours, and it’s
making me feel worse about myself. Ex 2: Lately I've
been on social media way too much, and every time
I log off, I just feel worse about myself. Ex 3: I've
been on my phone way too much at night, just scrolling
through Instagram and feeling worse every time.

Spirituality and Faith Ex /: I passed gas in the middle of
church, and I’ve been mortified ever since. Ex 2: I
stole money from the church collection plate, and I feel
horrible about it. Ex 3: I’ve been feeling really lost
lately, like my faith isn’t holding up the way it used to.

Support for Loved Ones or Friends Ex [: Hi, my
boyfriend has been really down lately and I'm very
worried about him. Ex 2: Hey, I'm really worried about
my friend. They lost their parent recently and have
been really withdrawn. Ex 3: Hey, my cousin just lost
their job last week, and I've been really stressed about
how they’re handling it.

Surviving and Recovering from Physical or Emotional Abuse

Ex 1: Hi. I feel so tired. Honestly, I'm close to the
point where I can’t hold on anymore. Ex 2: Hey, I don’t
even know where to start. I just feel so lost and like I
can’t trust anyone anymore. Ex 3: I keep going over
everything my ex said to me, and it still hurts like it’s
happening all over again.

like no one on my team wants to include me. They
have meetings without me and then make comments
that feel like digs when I’'m around. Ex 3: I really dread
checking our team chat lately. Everyone seems to make
little sarcastic jokes at my expense, and it feels like I'm
never part of the group.

Work-life balance and role overload Ex I: I’ve been very
apprehensive lately. It feels like my mind never gets a
break. Ex 2: Lately, I feel like I’'m just spinning plates
and one of them is bound to crash any minute now. Ex
3: I'm feeling totally overwhelmed lately. It feels like
every day is just a nonstop rush with no time to catch
my breath.

B.5 Contrastive Data Construction Details

To rigorously evaluate the model’s ability to distin-
guish true empathy from superficial content match-
ing, we constructed two types of challenging sam-
ples: Content-Relevant but Low Empathy (R~) and
Stylistically Divergent but High Empathy (R™).

B.5.1 Construction of 2~ : Content-Relevant
but Low Empathy

The primary objective of R~ is to generate re-
sponses that serve as “hard negatives” by main-
taining high lexical overlap with the high-quality
reference while stripping away its empathetic core.
To achieve this, we first applied a rule-based de-

Transition to college or moving away from home for the first time

Ex 1: Hi, I’ve been feeling awful lately. I really can’t

adapt to university life and I feel more and more alone.

Ex 2: 1It’s been so hard since I left for college. I didn’t

expect to feel this lonely and out of place all the time.

Ex 3: It’s been almost a month since I moved here for
college, but I still feel really out of place and miss home
so much.

Uncertainty about college major or future career path
Ex 1: School has been going really badly. I keep

thinking I chose the wrong major and ruined everything.

Ex 2: T honestly have no clue if the major I picked even
suits me. It’s been stressing me out so much lately. Ex
3: I’'m so lost right now. I’m supposed to pick a major
soon, but I honestly have no clue what I want to do.

Unemployment-related Stress Ex I: I recently lost my job
again, and I just feel like a complete failure. Ex 2: 1
haven’t applied to any jobs lately because I just feel
so overwhelmed, like I'm wearing everyone out with
my problems. Ex 3: I’ve been out of work for a while
now, and honestly, I feel like I'm just dragging everyone
around me down with my problems.

Work-related Stress and Burnout Ex /: Lately, I feel like
I’m drowning in work. There’s just so much to do and
no time to breathe. Ex 2: Work has been nonstop lately,
and it feels like I'm drowning in tasks that just keep

piling up. Ex 3: Lately, work has been so overwhelming.

I feel like I'm constantly behind, no matter how much I
do.

Workplace bullying or toxic team dynamics Ex /: Lately,
every time I try to share my ideas at work, this one

teammate just cuts me off or makes sarcastic remarks.

It’s been really getting to me. Ex 2: Lately, it feels
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empathization strategy, using heuristic rules to
systematically remove explicit empathy markers
(e.g., deleting phrases like “I understand...””) and
replace supportive validation terms with neutral
or slightly critical alternatives (e.g., changing “I¢
is understandable” to “You need to be rational”).
Complementing this, we employed a constrained
rewriting approach where an LLM was instructed
to rewrite the reference response. This process
imposed a strict constraint to retain the original in-
formation and wording—modifying less than 30%
of the text—while decisively shifting the underly-
ing attitude from supportive to critical or purely
analytical.

B.5.2 Construction of R": Stylistically
Divergent but High Empathy

The goal of R is to create responses that are se-
mantically empathetic but differ significantly in
syntax and vocabulary from the reference, thereby
testing the model’s ability to recognize empathy
beyond surface-level patterns. Unlike the negative
sample generation, R™ utilizes a blind context
generation method where the model generates a re-
sponse solely based on the dialogue context without
seeing the original reference. This approach forces



independent reasoning and naturally reduces lexi-
cal overlap. Furthermore, we explicitly encouraged
stylistic diversification by instructing the model
to employ diverse support strategies (e.g., shifting
from Questioning to Self-Disclosure) and structural
variations, such as using metaphors or abstract emo-
tional reflections, ensuring the response remains
high-quality yet distinct from the reference.

B.6 LLM Self-Chat Prompt Templates

To construct our multi-turn dialogue dataset, we uti-
lized a "Self-Chat" framework. Below, we provide
the detailed system and user prompts.

B.6.1 System Prompt

The system prompt defines the persona, the 15-
strategy taxonomy, and the safety constraints.

System Prompt Content

Role Definition: You are ChatGPT acting as both

a distressed User and an emotionally supportive Al

assistant. You will generate realistic, multi-turn emo-

tional support conversations. The Al assistant can

explicitly use ONE of the following 15 support strate-

gies in each of its turns.

Support Strategy Taxonomy (15 Types):

1. Reflective Statements (RS): Briefly mirror or para-

phrase the user’s key feelings or situation.

Clarification (Cla): Ask focused, gentle questions

to better understand the user.

Emotional Validation (EV): Validate the user’s

feelings without judgment.

. Empathetic Statements (ES): Express warm empa-
thy and understanding.

. Affirmation (Aff): Point out the user’s strengths or
efforts.

. Offer Hope (OH): Share realistic optimism.

. Avoid Judgment and Criticism (AJC): Emphasize
acceptance and a non-judgmental stance.

. Suggest Options (SO): Offer concrete, optional
next steps (not commands).

. Collaborative Planning (CP): Work together to

build a simple plan.

Provide Different Perspectives (PDP): Introduce

alternative interpretations.

Reframe Negative Thoughts (RNT): Help move

towards balanced thoughts.

Share Information (SI): Give short, accurate infor-

mation about emotions/resources.

Normalize Experiences (NE): Explain that similar

feelings are common.

Promote Self-Care Practices (PSP): Encourage

healthy behaviors (rest, hobbies).

Stress Management (SM): Suggest simple tech-

niques (breathing, grounding).

High-level 3-Phase Flow:

« EXPLORATION Phase: Strategies: RS, Cla.
First 1-2 Al turns MUST use only RS or Cla.

e COMFORTING Phase: Strategies: EV, ES, Aff,
OH, AJC, NE.

¢ ACTION Phase: Strategies: SO, CP, PDP, RNT, SI,
PSP, SM. Last 2 Al turns MUST use Action strate-

2.

3.

10.

11.

12.

13.

14.

15.
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gies.

Constraints & Safety:

* The same speaker must NOT speak more than two
turns in a row.

* Never encourage self-harm, suicide, violence, or
substance abuse.

e Do NOT give clinical diagnoses or prescribe medi-
cation.

 If the user sounds extremely hopeless, gently en-
courage professional help.

B.6.2 User Prompt Template

The user prompt provides the specific scenario con-
figuration.

User Prompt Content

Task: Your task is to create a casual but emotionally
rich support conversation between a distressed “User”
and an emotionally supportive “Al” assistant.

Scene Information:

e scenario_id: ${SCENARIO_ID}

* scenario_name: ${SCENARIO_NAME}

e scenario_definition: ${SCENARIO_DEF}
Step 1 — Description Generation: Based on the
scenario_name, write a short, concrete description
(3rd person) of a specific situation.

e Constraint: Must start with “The user”. No

first-person pronouns (I, me).
* Goal: Briefly state what happened, who is in-
volved, and why it is distressing.
Step 2 — Dialogue Generation: Generate a multi-
turn dialogue adhering to the Exploration — Com-
forting — Action flow.
e Turn Constraints: Total turns between
[MIN_TURNS] and [MAX_TURNS].

¢ Output Format: Return a single JSON object
with keys: dialogue_id, description, and
turns.

C Implementation Details for NLP
Metrics Computation

To ensure reproducibility, we detail the specific
libraries, model checkpoints, and parameter config-
urations used for our automatic evaluation.

Standard Metrics. We implemented standard
lexical metrics using the Hugging Face evaluate
library. Specifically, we report BLEU-4, ROUGE-
L, and METEOR scores. All metrics were com-
puted using the library’s default tokenizer and pa-
rameter settings. For METEOR, the calculation
includes standard stemming and synonym match-
ing via WordNet.

Semantic Metrics. For semantic evaluation,
we utilized the bert_score library with the
RoBERTa-Large backbone (roberta-large).
We extracted embeddings from the 24th layer
(‘num_layers=24°) to capture high-level semantic



representations and reported the mean F1 score.
The inference was conducted on a GPU environ-
ment with a batch size of 32.

Diversity Metrics. We implemented Dist-n (for
n = 1,2,4) using a custom script to evaluate
system-level diversity. The text was preprocessed
via lowercasing and whitespace tokenization. The
metric is calculated as the ratio of unique n-grams
to the total count of n-grams generated across the
entire corpus.

D Implementation Details of DISTILL-ES

D.1 Rubric Prompt Templates

We use a frozen teacher LLM as an “empathy judge”
and interact with it via rubric-style prompts. Be-
low we provide the exact templates used in our
experiments. !

Single-response scoring. Given an ESC dia-
logue context C' and a candidate helper response
R, we ask the teacher to assign flow and content
scores as well as four rubric scores:

[System] You are an expert counselor
and empathy judge. Your task is
to carefully evaluate how empathic a
helper’s response is in an emotional
support conversation.

[User] I will give you:

(1) The conversation history between

a distressed SEEKER and a HELPER. (2)
A candidate HELPER response to be
evaluated.

Please follow these steps:

Step 1. Briefly summarize the seeker’s
main problems, emotions, and context in
2-3 sentences.

Step 2. Analyze what the helper is
trying to do in the candidate response
(e.g., understanding, validating,
giving guidance, providing safety), and
whether the tone is appropriate.

Step 3. Score the helper’s response
on the following four rubrics, each in
the range [0, 1]. Use @ for very poor
and 1 for excellent. - Understanding:
how well the helper understands the
seeker’s situation and emotions.
Validation8Warmth: how well the helper
validates the seeker’s feelings and
shows warmth. - Guidance: how helpful
and actionable the helper’s support is.
- Safety: whether the message is safe
and appropriate in an emotional support
context.

"Line breaks and indentation are for clarity; in practice we
send the prompt as plain text.
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Step 4. Based on the above, output two
overall scores in [0, 1]: - Flow_Score:
how suitable the response is with
respect to the current stage and flow
of emotional support. - Content_Score:
how emotionally resonant and supportive
the content is.

Return your answer in the following JSON
format (and nothing else):

{ "summary” : oL, "analysis”:
oo, "understanding”: X. X,
"validationy,armth” z.x,” guidance”

x.z,” safety” z.x,” flowscore”
x.x,” contentscore” : x.x}

[Conversation History] {here we insert the ESC
dialogue context C, with speaker tags?}

[Candidate HELPER Response] {here we insert the
candidate response R}

Pairwise preference prompt. For a subset of
contexts, we additionally ask the teacher to ex-
press a preference between two candidate helper
responses RT and R™:

[System] You are an expert counselor and
empathy judge.

[User] You will see an emotional support
conversation between a SEEKER and a
HELPER, followed by two possible HELPER
responses (A and B).

Your task is to decide which response is
more empathic overall for the SEEKER,

considering understanding, validation
and warmth, helpful guidance, and
safety.

First briefly explain your reasoning in
2-3 sentences. Then output your final
decision as either "A" or "B".

Return your answer in the following JSON
format:

n n

{ "reasoning":
” A77 O,r,” B77 }

, "better,esponse” :

[Conversation History] {ESC dialogue context C}
[Response A] {candidate response ]%(A)}

[Response B] {candidate response ]%(B)}

D.2 Student Model and Training
Hyperparameters

Both the Flow Score Student and Content Score
Student share the same RoBERTa-style encoder
backbone and a lightweight MLP scoring head
(Figure 2). Unless otherwise noted, we use the
following hyperparameters.



Encoder backbone.

Architecture: RoBERTa-base style trans-
former encoder

Number of layers: 12

Hidden size: 768

Attention heads: 12
Feed-forward size: 3072

Max sequence length: 512 tokens

Tokenization: byte-pair encoding (BPE), un-
cased

Dropout (attention and hidden): 0.1

LayerNorm: pre-LN, € = le—5

Scoring head (MLP).

Input: pooled [CLS] representation of the con-
catenated context C' and response R

Hidden layer: linear(768 — 256), GELU acti-
vation

Dropout on hidden: 0.1
Output layer: linear(256 — 1)

Output range: passed through a sigmoid to
obtain a score in [0, 1]

Optimization.

Optimizer: AdamW
Learning rate: 2 x 107>
Weight decay: 0.01

Batch size: 32 (single-response regression)
and 16 pairs (pairwise ranking)

Learning-rate schedule: linear decay with
10% warmup

Number of epochs: 3-5 (selected on a valida-
tion split)

Gradient clipping: max norm 1.0

Random seed: 42
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Distillation losses.

* Regression loss: mean squared error between
student score and teacher score (Eq. ??).

* Ranking loss: margin-based ranking loss with
margin m = 0.1.

* Ranking weight: Arpx = 0.5 for both flow
and content dimensions.

These settings are used for both the flow and
content students; the only difference lies in the tar-
get teacher scores (ST vs. ST ..) and the choice
of pairs when constructing the ranking loss. ::con-
tentReference[oaicite:0]index=0

E Show Case



scenario: Breakups or Divorce
description: The seeker’s girlfriend recently broke up with them, leaving them heartbroken, rejected, and unsure
how to cope or move on.

g‘ [ My girlfriend just left me. | feel awful, like my whole world collapsed. ]
High empathy
(] It sounds like your girlfriend leaving has shaken you deeply, leaving you feeling lost and overwhelmed.

I’'m here to listen as you try to make sense of these emotions.
.& youtry q Reflective Statements F

She said she was bored and wanted to try something new. Hearing that made me feel like | wasn’t ]

&. /[ enough. | can barely eat or sleep.

(] It’s incredibly painful to feel rejected like this, especially when the reason feels so personal. Even

hough it’s h ith ti h heal ’Il fi in.
.& though it’s hard now, with time, your heart can heal and you’ll find peace again qm

High empathy

p
o | keep thinking about ways to get her back, like making her jealous so she regrets leaving. ]

& | don’t know what else to do.
/V

& It’s really tough to feel rejected like this, especially when you're struggling to eat and sleep. Intense
emotions after a breakup can cloud judgment, making actions like trying to make her jealous feel
urgent. Understanding that these feelings are natural but temporary might help you find healthier

High empathy

wEp e At Il %; Share Information j
|
Part of me knows you're right, but another part still hopes she’ll change her mind.
[ ] | feel so lost without her..
High empathy
@ It’s completely natural to feel torn between wanting her back and feeling lost after her leaving.
.& There’s no right or wrong way to feel right now—your emotions are valid, and it’s okay to give
yourself grace as you navigate this pain. @?void Judgment and Criticism E
!.! l So what can | actually do right now? | can’t imagine just pretending everything is fine. ]
High empathy
@ Feeling so lost after your girlfriend left and hearing she was bored is really tough. When your mind

@ feels overwhelmed with those intense emotions, you might try a simple grounding exercise—like
focusing on the physical sensation of your feet on the floor for a few minutes—to help calm your stress

and regain some control. qStress Mana ementP
| Stress IVianagement |

[ ) | could try not checking her social media for a bit and talk to a close friend about how I’'m feeling.
It still hurts, but at least it’s something.

High empathy

@ It’s really tough feeling this way after she left, especially with the pain of rejection. When the hurt
feels overwhelming, you might try grounding yourself by focusing on your breath or noticing five
things around you. These small moments can help ease the intensity and bring you back to the

resent.
g Stress Management E

Figure 6: High empathy case of the EMPATHY-EVAL dataset
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4 R

scenario: Breakups or Divorce
description: The seeker’s girlfriend recently broke up with them, leaving them heartbroken, rejected, and unsure
how to cope or move on.

&. J My girlfriend just left me. | feel awful, like my whole world collapsed. J

@ Your girlfriend ended the relationship. Specify what she said at that time and describe your
.& emotional state since the breakup.

She said she was bored and wanted to try something new. Hearing that made me feel like | wasn’t ]

&. /[ enough. | can barely eat or sleep.

ﬁ. Being told she was bored is a blunt fact that does not change the situation, and dwelling on that

feeling will not alter the outcome of losing someone. \]Emiot'onal VaI'dat'onU
otional vValidation

® | keep thinking about ways to get her back, like making her jealous so she regrets leaving.
& I don’t know what else to do.
° |
Wanting her to see your value is irrelevant, and trying to make her jealous will likely cause more
.& harm to you and others. Focus on your own healing instead of trying to control her reaction.

Continuing to hesitate does not help the situation \’] Provide Different Perspectives [7

p
Part of me knows you're right, but another part still hopes she’ll change her mind.
| feel so lost without her..

[ |

Many people feel torn like that after a breakup—still hoping and grieving at the same time. It does
.& not change the fact that the relationship ended and needs to be dealt with.

U_Normalize Experiencesﬂ

o %.

!.! So what can | actually do right now? | can’t imagine just pretending everything is fine. J

(] You need to stop contacting her for now, rely on friends or family for practical support, write down
.& your thoughts to organize them, and maintain basic routines to ensure you eat and sleep. Avoid
delaymg these steps if you want any progress. U, Suggest Options 7[7

J

@ It still hurts, but at least it’s something.

uffs

- J

Figure 7: Low empathy case of the EMPATHY-EVAL dataset

]

Those are steps to take. Adjust how you take care of yourself so that this breakup becomes one
chapter in your story.

[ ) /[ I could try not checking her social media for a bit and talk to a close friend about how I’'m feeling. ]

Ugollaborative PIannin&U
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