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Abstract

The empathetic dialogue systems aim to recognize user emo-
tions and generate appropriate empathetic responses. How-
ever, existing approaches predominantly rely on dialogue his-
tory, contextual descriptions, and emotion category labels
failing to model the causal relationship between emotions
and their underlying triggers. This limitation leads to gener-
ated responses that lack grounding, exhibit weak relevance
and suffer from poor interpretability in emotional expression
To address this, we propose MvP-ECR, a multi-perspective
emotion cause reasoning framework that explicitly constructs
emotion-cause structures to help models focus on the cort
emotional drivers. Additionally, we introduce an emotion:
cause consistency evaluation metric to quantitatively assess ¢
model’s ability to identify causal relationships. Experiments
across multiple large language models (LLMs) demonstrate
that the MvP-ECR framework can serve as a plug-and-play
tool to help the model correctly infer emotions and causes
in empathetic conversations, and provide more immersive re-
sponses for empathetic responses. All code and data will be
publicly released to promote the development of empathy di-
alogue research.

1 Introduction

The empathetic dialogue system aims to understand users’
emotions and generate effective comfort and support, help-
ing users alleviate negative emotions (Huang et al. 2024).
Although a large amount of work has focused on emotion
classification and recognition (Wang et al. 2025b; Ma et al.
2024; Zheng et al. 2024; Tu et al. 2024), the causal mech-
anism of “how emotions are triggered” has been rarely ex-
plored, which is the key to building dialogue subjects that
match human empathy (Hsu et al. 2023; Chen et al. 2024a).

Existing work mainly focuses on enhancing the richness
of input information, such as introducing common sense
knowledge bases (Chen et al. 2024a), self-awareness mod-
eling (Zhao et al. 2023), multi granularity semantic encod-
ing (Zhou et al. 2023; Tu et al. 2022), and cognitive rele-
vance principles (Li et al. 2024). Although these methods
expand the model’s understanding of context (Wang et al.
2025a; Chen et al. 2025), they also to some extent distract
the model’s attention from emotional causal logic.
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Figure 1: The user expressed frustrated after failing the final
exam. If only information augmentation is performed with-
out clear Causality, the model may respond around the intro-
duced knowledge (e.g., commonsense, cognition) but ignore
the emotional roots of the user (fail, comparison and effort).

As shown in Figure 1 (left), when responding to a user
who failed an exam, injecting commonsense causes the
model to focus on the impact of sleep and meals; applying
cognitive restructuring shifts the model’s attention to chang-
ing the user’s perception of failure. Without modeling the
causal chain, empathic responses lack clear causality, which
may lead the model to overemphasize factual details while
neglecting the user’s emotional reasoning.

Recent research has recognized that emotions and their
causes are inseparable (Gui et al. 2018; Xiao, Xia, and Yu
2023; Cheng et al. 2023; Xia and Ding 2019), as Figure 1
(right), leading to the development of tasks such as cause-
span detection (An et al. 2023; Chen et al. 2023, 2024a,b;
Zou et al. 2024; Su et al. 2024). However, span-based ap-
proaches are inherently limited to surface-level matching
and fall short in modeling the reasoning processes humans
use to infer emotional causality from context, intentions,
and commonsense knowledge. Only after establishing clear
causal logic chains (Liu et al. 2025) can the model provide
more comprehensive and coherent empathetic responses.



To address this above issues, we propose a multi-
perspective emotion cause reasoning framework (MvP-
ECR). This framework aims to identify the dominant emo-
tions of target users and their underlying causes from mul-
tiple rounds of empathetic conversations, simulating the
causal reasoning that humans engage in during the empa-
thetic process. This framework consists of three comple-
mentary reasoning paths, each of which models emotional
states and their causes from different cognitive perspectives,
providing a structured and logically interpretable emotional
causal chain for empathetic dialogue.

In order to comprehensively evaluate the inference per-
formance of MVP-ECR, we further propose a progressive
emotion reason consistency evaluation framework, which
measures the causal consistency and logical rationality be-
tween the model output and the dialogue context from three
levels: vocabulary matching, sentence association, seman-
tic understanding and thus more comprehensively charac-
terizes the empathy reasoning ability of the model. In addi-
tion, to standardize the results of multi-path reasoning, we
propose an emotion reason quadruple representation and ex-
plicitly construct an emotional causal logic chain, providing
interpretable structured guidance for downstream generation
tasks. Our contributions are summarized as follows:

e Multi-Perspective Emotion-Cause Reasoning (MvP-
ECR) Framework: The MvP-ECR is proposed to guide
LLMs to infer users’ dominant emotions and their po-
tential causes from different cognitive paths, compatible
with multiple LLMs.

* Word-Sentence-Meaning (WSM) Evaluation: Construct
a three-level empathetic causal consistency evaluation
for words, sentences, and meaning, providing a more ex-
planatory evaluation method for subsequent research.

* Empirical Verification: Extensive experiments on multi-
ple benchmarks have demonstrated significant improve-
ments in the quality of emotional and causal reasoning
and generation.

2 Related Work

2.1 Empathetic Dialogue

Empathetic dialogue is a communication method centered
on understanding and empathy (Davis 1983; Lin et al. 2019;
Lietal. 2020; Huang et al. 2024; Qian, Zhang, and Liu 2023;
Hsu et al. 2023; Chen et al. 2024a), aiming to make the
other party feel accepted and understood through deep lis-
tening, emotional resonance, and sincere responses (Keskin
2014; Zhou et al. 2018; Hutto and Gilbert 2014). The ex-
isting research on empathetic dialogue primarily focuses on
enhancing the richness of conversational information. One
approach involves enriching dialogue content by incorpo-
rating external knowledge sources, such as commonsense
knowledge bases (Chen et al. 2024a; Tu et al. 2022; Cai et al.
2023), distilled model knowledge (Chen et al. 2024b), or
constructing concept and cognitive graphs (Zhou et al. 2023;
Qiao et al. 2025), to enhance the model’s comprehension of
emotions and the diversity of empathetic responses. Another
approach is to introduce concepts or structures to construct
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empathy logic, including cognitive relevance principle (Li
et al. 2024), self-other differentiation (Zhao et al. 2023), and
response hierarchy frameworks (Zheng et al. 2021), provid-
ing more interpretable answers for empathetic responses.

2.2 Emotion-Cause Label

Emotion-cause understanding plays a pivotal role in em-
pathic dialogue, enabling dialogue systems to better identify
the logic behind emotions and generate more targeted em-
pathetic responses (Sabour, Zheng, and Huang 2022; Gupta
and Dandapat 2023; He et al. 2025). Early research primar-
ily focused on emotion-cause extraction tasks in narrative
texts, such as event-based sentiment analysis (Lee, Chen,
and Huang 2010), event-emotion correlation modeling (Gui
et al. 2018), and fine-grained emotion-cause extraction (Xia
and Ding 2019). In recent years, some study attempted to
improve emotion-cause consistency modeling (Xiao, Xia,
and Yu 2023; Cheng et al. 2023; Su et al. 2023), but their
work remained confined to one-sided narratives rather than
bidirectional conversational scenarios. To address this gap,
the RECCON dataset (Poria et al. 2021), which combines
dialogue data from IEMOCAP and DailyDialog, annotates
emotions along with their corresponding cause spans. The
task of detecting the span of reasons (An et al. 2023; Chen
et al. 2023; Zou et al. 2024; Su et al. 2024) has promoted
research in the extraction of emotional reasons.

3 MyvP-ECR Framework

We propose a plug-and-play Multi-Perspective Emotion-
Cause Reasoning (MvP-ECR) framework, as shown in Fig-
ure 2 (al-a4), which dynamically models the causal relation-
ships between emotions and events through three cognitive
pathways (EC, CE, SA) and generates interpretable quadru-
ple representations. To address potential reasoning biases
in weakly supervised settings, we further design the Word-
Sentence-Meaning (WSM) evaluation mechanism that fil-
ters contextually consistent emotion-cause pairs through
word-level, sentence-level, and meaning-level verification,
balancing rigor and adaptability to weak supervision. We
will introduce MvP-ECR and WSM separately below.

3.1 Multi-Perspective Emotion-Cause Reasoning

To comprehensively model the causal dynamics between
emotions and events in empathetic dialogues, we propose
a multi-perspective reasoning framework comprising three
inference paths: Emotion — Cause (EC), Cause — Emo-
tion (CE), and Summarize — Abstract (SA), as shown in
Figure 2-bl. Each path represents a distinct cognitive tra-
jectory for constructing interpretable emotion cause pairs:
retrospective, forward causal, and holistic abstraction. We
formally describe each reasoning strategy below.

Emotion to Cause (EC) The EC pathway is a form of re-
verse reasoning that simulates a retrospective process by pri-
oritizing emotions over reasons. In this process, the model
traces the speaker’s emotional expression back to its root
cause. This reasoning path follows a four-stage pipeline:
Target Identification, Emotion Abstraction, Cause Inference
and Dual Evidence Extraction.
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Figure 2: The MvP-ECR framework. al-a4 are the complete inference evaluation process, and b1-b2 are the detail of reasoning,

including EC, CE and SA.

Step 1: Target Identification. Given a dialogue D =
{uy,us,...,un}, where each wu; represents a turn with
speaker identity and textual content, the model identifies the
target speaker, the person most likely to be emotionally af-
fected or seeking empathy.

Step 2: Emotion Abstraction. The model infers the domi-
nant emotion e* from a predefined emotion set £, based on
utterances from speaker s*, @emotion Measures the fit between
emotion e and the utterance:

e’ = arg Iileafx (/bemotion(e ‘ {ut €D ‘ S*}) (1)

Step 3: Cause Inference. Given the inferred emotion e*,
the model selects a structured, interpretable cause c¢* from a
template set C. ¢cuuse Mmeasures the fit between cause ¢ and
the utterance:

" = argmax ¢euse(c | €, D),
ceC (2)
C = {Speaker did something. Speaker feels e* }

Step 4: Dual Evidence Extraction. To support the inferred
emotion-cause pair, the model retrieves two key utterances
from the dialogue. The first is an utterance that most clearly
conveys the target emotion (u®"°), selected based on its
emotional expression. The second is an utterance that best
supports or explains the identified cause (u*"*¢).

Cause to Emotion (CE) The CE path represents a forward
Causal reasoning strategy, starting from events toward emo-

tional consequences. This process also includes four stages:
Target Identification, Event Detection, Emotion Inference
and Dual Evidence Extraction.

Step 1: Target Identification. As in the EC path, the model
first determines who the emotionally affected speaker is by
evaluating which participant reveals the most emotional con-
tent in the dialogue.

Step 2: Event Detection. The model identifies the most
salient event or situation c¢* relevant to s* , such as a conflict,
failure, or challenge:

" =arg max beause (¢ | D, s¥) 3)

Step 3: Emotion Inference. From the identified cause c*,
the model infers the most plausible emotion e* :

e* — arg max (bemotion(e | C*v D) (4)
ecé

Step 4: Dual Evidence Extraction. To ground its reason-
ing, the model selects one utterance that best supports the
inferred cause u“*“*¢ and another that most clearly conveys
the resulting emotion ©*"°.

Summarize to Abstract (SA) The SA path employs a se-
mantic compression and abstraction approach, where global
understanding of the dialogue is abstracted into a concise,
interpretable structure. There are three steps: Global Sum-
marization, Structured Abstraction and Evidence Mapping.
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Step 1: Global Summarization. The model generates a
brief summary S (2-3 sentences) of the target user’s experi-
ence and emotional state firstly:

S = summarize({u: € D | s*}) Q)
Step 2: Structured Abstraction. From the summary, a stan-
dardized abstract is produced in the format:

* 99

A= “Speaker did something. Now, speaker feels e*.” (6)

Step 3: Evidence Mapping. To ground the results, the
model identifies u*"° and u“*“*¢ from the dialogue.

Merge Reasoning Path Overall, the EC and CE paths are
capable of inferring the target user’s emotion and cause from
alocal perspective, while the SA path provides a global view
to summarize the most influential emotion and its underlying
cause. As shown in Figure 2-b2, we merge the results from
all three paths and select the most consistent emotion-cause
quadruple(s) by computing the WSM-based consistency be-
tween the causal logic ca and the dialogue situation st. The
quadruples () are represented as follows:

Qca — (e*’ 6*7 quO’ TLCQUSC) (7)

The MvP-ECR framework can be transferred to multiple

LLMs to infer the emotions and causes of empathetic con-
versations.

3.2 Word-Sentence-Meaning Evaluation

In empathetic dialogue, the lack of annotated emotion-cause
labels can lead to semantic drift, hallucinations, or contex-
tual mismatch in model inference. To address this, we pro-
pose a progressive three-level evaluation framework: Word-
Sentence-Meaning (WSM), which verifies inference quality
through keyword matching (W), semantic consistency (S),
and natural language inference (M), as shown in Figure 2-
a3. Given the subtle and context-dependent nature of emo-
tional expression, we adopt a lenient criterion: an inference
is considered valid if it passes any one of the three verifica-
tion levels. The evaluation formula is defined as follows:

1 if W(ea, st) > T,

1 if S(ca,st) > 75,

1 if M (st,ca) = entailment,
0 else.

®)

Scoreywsm =

Tw and 7, are the average values of the elbow rule and the
30% descent rule, which we will verify in the experiments.

Word Verification To assess lexical-level consistency, we
calculate the cosine similarity between the averaged word
vectors of the inferred emotion-cause text (ca) and the dia-
logue situation (st). After tokenization, we aggregate word
embeddings and compute semantic closeness as follows:

_ Dlic1 Vea, * Z;n:1 Vst

- || Z?:l Vea,; | Z;nzl Vstj ||

Here, v¢q, and v, denote token embeddings, while n
and m are the respective token counts.

W (ca, st)

©))
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Sentence Verification To capture semantic consistency
beyond lexical overlap, we use Sentence-BERT to encode
the inferred emotion-cause statement (ca) and dialogue sit-
uation (st), then compute their cosine similarity:

S(ca, st) = cos(SBERT(ca), SBERT(st))
o hca : hst
[call[ T
SBERTY(-) represents the Sentence-BERT encoder. h is a
semantic vector representation at the sentence level.

(10)

Meaning Verification Lexical and sentence-level evalua-
tions focus on surface alignment but cannot fully capture
causal reasoning. To address this, we introduce a DeBERTa-
based natural language inference model that treats the dia-
logue context as premise (p) and the inferred emotion-cause
statement as hypothesis (). The output reflects their logical
relation:

M(st, ca) = NLI(p, h) € {ent, neu, con} (11)
where ent represents entailment, neu represents neutral,
and con represents contradiction.

4 Experiments

We evaluate our approach on ESConv (Liu et al. 2021),
an English empathetic dialogue dataset containing 34K
multi-turn conversations about negative emotions (e.g., sad-
ness, anxiety). The dataset includes emotion labels, problem
types, and dialogue contexts. We use an 8:1:1 train/val/test
split, excluding dialogues exceeding 40 turns.

We evaluate both closed-source and open-source LLMs:
Closed-source: DeepSeek-R1 (Guo et al. 2025), GPT-3.5
(Brown 2020), GPT-40 (Achiam et al. 2023), and Gemini-
1.5 (Team et al. 2023). Open-source: LLaMA-3 (3B/8B)
(Dubey et al. 2024), Mistral-7B (Jiang et al. 2023), and
Qwen-2.5 (7B/14B) (Bai et al. 2023), covering diverse sizes
and architectures.

4.1 Automatic Evaluation

We conduct both zero-shot and few-shot experiments on
closed-source and open-source LLMs. The evaluation met-
rics include emotion classification accuracy (ACC) and the
consistency metric (WSM). As shown in the Table 1, MvP-
ECR consistently achieves the highest performance across
nearly all models under both settings. For instance, in
the zero-shot setting, MvP-ECR improves ACC by 6-12
points compared to the vanilla baseline on models such as
DeepSeck-R1 and Qwen2.5-14B. Similarly, WSM scores
are substantially improved, with MvP-ECR reaching up to
94.69 on Qwen2.5-14B, demonstrating superior alignment
between inferred emotion-cause chains and contextual back-
ground. Similar experimental results are also clearly visible
in the few-shot setting.

Three key conclusions can be drawn from these re-
sults in Table 1. First, multi-perspective reasoning signifi-
cantly enhances both accuracy and logical consistency com-
pared to single-path inference and baseline generation. Sec-
ond, MvP-ECR shows strong transferability and robustness,



ACC WSM
Models Vanilla EC CE SA  MyP-ECR  Vanilla EC CE  SA  MvP-ECR

DeepSeck-R1 ~ 50.63 5599 5120 5398  62.41 60.76 6835 8481 7975  92.41

2 oro-chot GPT-3.5 4985 53.15 4738 4846 6038 7108 7639 69.82 8048  88.78

= zero-sio GPT-40 5431 5638 52.62 5331 63.08 7792 8425 79.92 7755 92.12

- Gemini-1.5 5177 5292 52.00 5231 57.15 7108 7245 7372 7125  85.84
=

2 DeepSeek-R1 - 5231 5308 5538  63.85 - 7000 67.69 73.85  83.08

S fow-shor GPT-3.5 - 4846 4846 5231 63.08 - 7846 80.00 80.00  93.08

GPT-40 - 5231 4846 50.00  58.46 - 8000 77.69 73.85  88.46

Gemini-1.5 - 5385 5308 53.08  57.69 - 7308 73.08 73.08  84.62

LLAMA32-3B  42.08 4131 3677 3162 4631 7192 8003 6532 6842 9025

LLAMA3.1-8B 5338 5254 43.62 4692  58.69 81.62 73.11 68.11 7885  88.41

_ zero-shot  Mistral- 7B 4159 3894 3805 3805  53.10 7168 8142 8053 78.76  95.58

< Qwen2.5-7B 5077 5262 44.00 4785  59.92 7331 7169 7456 78.59  89.48

. Qwen2.5-14B 5752 5575 41.59 4071 61.06 81.84 8496 83.19 71.68  94.69

g LLAMA32:3B - 4425 4513 4336  50.44 - 7876 7434 7345 9115

o) LLAMA3.1-88 - 5044 5133 5575  59.29 - 8230 8230 8496  95.58

few-shot  Mistral-7B - 4248 3894 4071 46.02 - 8496 71.68 79.65  92.92

Qwen2.5-7B - 46.02 4425 4425  48.67 - 8053 7345 7611 8673

Qwen2.5-14B - 5487 5044 4867 = 57.52 - 8496 7788 8673  93.81

Table 1: Accuracy (ACC) and word-sentence-semantic consistency (WSM) results for different reasoning strategies across
closed-source and open-source LLMs under zero-shot and few-shot settings. MvP-ECR consistently outperforms other methods
in both metrics, demonstrating superior emotion-cause reasoning capability. Bold indicates the best, followed by underline.
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Figure 3: A set of “W’ threshold for open-LLMs.

maintaining high performance across various model scales
and types. Third, the framework’s improvements are more
prominent under the few-shot setting, suggesting that MvP-
ECR benefits from minimal supervision while leveraging
model reasoning capacity more effectively.

4.2 Analysis of WSM

Having demonstrated MvP-ECR’s overall superiority in Ta-
ble 1, we now dissect its core component, the WSM evalu-
ation framework, to reveal how multi-level verification con-
tributes to performance gains. As shown in Table 2, signif-
icant performance variations exist across models in word-
level (W), sentence-level (S), and semantic-level (M) met-
rics. For instance, DeepSeek-R1 scores 74.68 on the CE
path under the W metric but only 20.25 under the M metric
for the same path, demonstrating that single metrics cannot
comprehensively reflect model capabilities. This divergence
confirms the complementary value of WSM’s hierarchical
evaluation. while word- and sentence-level metrics capture
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Figure 4: The threshold of ‘W’ and ‘S’ using elbow method
and 30% drop heuristic method on LLAMA3.1-8B.

local matching features, the semantic-level metric reveals
deeper logical consistency, with their combination covering
broader assessment dimensions. Furthermore, Table 1 shows
that the integrated WSM results outperform all single-metric
outcomes (e.g., zero-shot GPT-40’s WSM score of 84.25 ex-
ceeds its W:63.63, S:75.21, and M:27.72 scores), proving
that multi-level joint filtering better balances formal and sub-
stantive requirements in dialogue scenarios, avoiding biases
from single-metric optimization.

WSM’s dynamic threshold mechanism further enhances

its adaptability and fairness across models. By combining
the elbow method (which detects inflection points) with



W S M
Models Vanilla EC  CE  SA Vanilla EC  CE  SA Vanilla EC  CE  SA
Closed-LLMs:
DeepSeck-R1 4810  67.09 74.68 73.42 5696 4304 8481 64.56 1392 2911 2025 21.52
GPT-3.5 5546 5627 5252 61.43 5060  69.12 57.02 73.04 977 805 1202 1658
GPT-40 5031  63.63 4857 59.88 6731 7521 6842 6343 1754 2772 2039 15.51
Gemini-1.5 5800 5565 63.80 58.46 5492 61.53 5457 69.49 3923 3700 3806 39.05
Open-LLMs:
LLAMA32-3B  48.15 7477 5306 5452 6023 6192 5159 5758 1262 635 1024 6.13
LLAMA3.1-8B  67.00 57.88 5617 69.95 7431 6244 5462 6414 2346 2411 1699 1642
Mistral-7B 60.18  49.56 6549 63.72 5841 7345 6726 62.83 1593 115 1239 1947
Qwen2.5-7B 6554 6048 58.86 6244 5546 58.86 6342 68.78 1854 2297 1655 18.93
Qwen2.5-14B 7480 7522 6195 56.64 6612 6991 6726 5133 4499 3717 2389 23389

Table 2: Fine-grained evaluation results of word-level (W), sentence-level (S), and semantic-level (M) consistency across dif-
ferent reasoning paths and models. The variation across levels highlights the necessity of multi-level assessment in capturing
both surface alignment and deep causal coherence. Bold indicates the best, followed by underline.

Judges Inf Cau Rat Avg  PCC (vs LLM)
Human-1 4320 4.440 4.400 4.390 0.987
Human-2 4320 4960 5.000 4.760 0.999
Human-3 4280 4.160 4.040 4.160 0.982
Human-avg 4.310 4.520 4480 4.440 0.998
LLM 4760 4.880 4.960 4.870 -

PCC 0.998 0998 0.998 0.999 -

Table 3: Human and LLM evaluation of emotion-cause rea-
soning quality. The range of PCC values is 0-1.

a 30% drop heuristic (which prevents overfitting to local
peaks), the framework mitigates the sensitivity of traditional
thresholds to noise and uneven distributions. As shown in
Figures 3 and 4, threshold values vary substantially across
models. For example, W thresholds differ by up to 15% be-
tween DeepSeek and GPT-3.5, underscoring the inadequacy
of fixed thresholds and the necessity of model-specific cali-
bration. This adaptive design enables WSM to robustly eval-
uate emotional reasoning performance across diverse mod-
els and dialogue scenarios.

4.3 Human and LLM Evaluation

To validate the reliability of the reasoning results generated
by the MvP-ECR framework, we used a combination of hu-
man and LLM (GPT-40) evaluation to conduct multidimen-
sional quantitative analysis of the reasoning results from 50
randomly selected dialogues. The evaluation system consists
of three core indicators: Information (Inf) evaluates the gen-
eralizability of content, Causality (Cau) measures logical
rationality, and Rationality (Rat) examines the conformity
of commonsense, all using a 1-5 scale (higher scores indi-
cate better quality). Additionally, to assess the consistency
among evaluators, we calculated the Pearson correlation co-
efficient (PCC) between their ratings.

The experimental data in Table 3 reveals three key find-
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ings: First, the MvP-ECR framework demonstrates excep-
tional reasoning quality, with human evaluation averaging
4.44 points and LLM evaluation reaching 4.76 points. No-
tably, the Causality (Cau=4.88) and Rationality (Rat=4.96)
scores approach full marks, confirming that the generated
causal chains closely align with human cognitive patterns.
Second, while the framework shows stable content sum-
marization capability (Inf score standard deviation of only
0.02), some variability exists in Causality scores (4.16-4.96)
for complex scenarios, reflecting the dependence of deep
emotion reasoning on subjective experience. Most impor-
tantly, the assessments show remarkable consistency be-
tween humans and LLM (PCC=0.998, p<0.001), with cor-
relation coefficients exceeding 0.98 for all individual evalu-
ators, thoroughly validating both the objectivity of the eval-
uation system and the reliability of the framework.

4.4 Empathetic Response Model

We trained empathetic response generation models based
on the LLAMA3.1-8B. The model inputs included dia-
logue history and situation. We employed NLP metrics
to evaluate the quality, including diversity (Dist-1/2), flu-
ency (BLEU-1/2), relevance (ROUGE-1/L), and perplexity
(PPL). In addition, we invited three human expert judges
to manually evaluate the responses, incorporating empathy
(Emp) in addition to the three evaluation metrics previously
used. There are three experimental setups: Baseline model
(LLAMA+E): Trained solely on emotional annotation data.
Emotion-cause enhanced models (LLAMA+EC/CE/SA):
These models incorporated causal logic alongside emotional
annotations. LLAMA+MvP: Employed multi-perspective
prompt learning, combining emotional causal reasoning.

As shown in Table 4, key findings from the experimen-
tal results include: First, MvP-ECR significantly outper-
formed all baseline models. It achieved optimal performance
on both automatic metrics (Dist, Bleu, Rouge) and human
evaluation metrics (Cau, Rat), demonstrating that multi-
perspective logical enhancement effectively improves the di-
versity and logical coherence of empathetic responses. Sec-



Models Dist-1  Dist-2 Bleu-1 Bleu-2 Rouge-1 Rouge-L PPL ‘ Inf Cau Rat Emp
LLAMA+E 0.5213 0.7126  0.0563 0.0224  0.1140 0.0812  16.5073 37 32 38 32
LLAMA+EC 0.5267 0.7325 0.0614 0.0247  0.1271 0.0899  17.8879 36 40 39 44
LLAMA+CE 0.5303 0.7385 0.0593 0.0237  0.1258 0.0890  17.9673 42 39 41 4.1
LLAMA+SA 0.5128 0.7139 0.0593 0.0239  0.1248 0.0890  17.8276 38 38 34 40
LLAMA+MvP 0.6189 0.7876 0.0823 0.0512  0.1657 0.1250  18.6296 | 38 40 41 40

Table 4: Performance comparison of various empathy response generation models. Human evaluation scores represent the
average ratings from three independent annotators, demonstrating strong inter-rater reliability.
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Empathetic Dialogue
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Dialogue History:

Supporter: Is there anything you need today?
Seeker: 1 believe we are supposed to talk
about my previous situation.

Supporter: Yes we are. Would you like to tell
me about it ?

Seeker: Okay easy peasy. I broke up with my
boyfriend because he heated on me with my
friend.

Supporter: Will you explain your situation to
me ?

Seeker: 1 had a friend I thought I could trust. I
never knew my Ex and her where sneaking
behind my back.

Supporter: How do you feel ?

Seeker: This makes me very angry. I believe I
can overcome it. I have severed ties with them.

Ground truth:
Are you happy with your decision?

Reasoning: Seeker cut off contact with

her ex and friends who betrayed her.

Seeker feels anger. ZAY

@ That's good. Is there anything
else I can help you with ?

Reasoning: Seeker let go of the past
and cut ties with his ex and friends.
Seeker feels frustrated. o
éﬂ Yeah, that's a good way to move
on. Are you able to trust people
again ?
Reasoning: Seeker was betrayed by
her ex and friend at the same time.
Seeker feels anger. e
- I'm sorry you had to go through
3 that. But it's good that you're
over it. Did your friend still
contact you ?

Reasoning: Seeker broke up with
boyfriend because he cheated on her
with her friend. Seeker feels anger. 5=

good. You deserve to be

who will

s> That's
with someone respect
> you met

your feeling

anyone more suita

Figure 5: A representative empathetic dialogue case used
to compare the responses generated by different reasoning
paths (EC, CE, SA, and MVP) against the ground truth.

ond, the emotion-cause models (EC/CE/SA) generally per-
formed better than the pure emotion model (E), though they
were still inferior to MvP-ECR. This indicates that while in-
troducing causal logic alone is helpful, combining it with
multi-perspective optimization can further break through
performance bottlenecks. Finally, the PPL results indicate
that multi-perspective learning increases generation com-
plexity, and the Inf metric reveals slight deficiencies in in-
formation density. Future work could explore finer-grained
emotion-event alignment or incorporate external knowledge
to further enhance logical coherence.

4.5 Case Study

To illustrate the practical effectiveness of different reasoning
paths, we present a representative dialogue case in Figure 5
and analyze the generated responses.

In this empathetic dialogue case, the ground truth re-
sponse “Are you happy with your decision?” directly guides
Seeker to reflect on whether their decision has brought in-
ner peace. This approach is highly empathetic and reflective,
encouraging Seeker to actively evaluate their emotional re-
covery. And the EC response, “That’s good. Is there any-
thing else I can help you with?”, reflects recognition of
Seeker’s actions, but lacks further exploration and guidance

1825

of emotions, appearing more superficial. CE Path responds
with “Yeah, that’s a good way to move on. Are you able
to trust people again?” Although continuing the affirmative
tone, quickly shifting to the theme of “trust” may create a
sense of oppression for Seeker who is still angry and eas-
ily deviate from the core of the current emotion; The SA
pathway expresses stronger empathy and support, such as
“I'm sorry you had to go through that”, but asking “Did
your friend still contact you?” may reignite negative memo-
ries and increase the emotional load of the conversation. In
contrast, MVP’s response of “That’s good. You deserve to
be with someone who will respect your feelings. Have you
met anyone more suitable?” extends to the future based on
the recognition of emotions, conveying positive encourage-
ment and guiding Seeker to look forward to healthier rela-
tionships, combining emotional comfort and causal under-
standing. The unique feature of MVP is that it not only fo-
cuses on the current emotional state and event logic, but also
actively guides Seeker to think in a positive direction, inject-
ing hope and constructive direction into the conversation,
demonstrating stronger humanized support ability.

5 Conclusion

In this work, we propose MvP-ECR, a multi-perspective
emotion-cause reasoning framework designed to enhance
empathetic dialogue understanding and generation. By sim-
ulating human-like causal reasoning through three comple-
mentary inference paths, MvP-ECR enables large language
models to identify users’ dominant emotions and their un-
derlying causes in a structured and cognitively grounded
manner. To evaluate the robustness and consistency of
emotion-cause inference, we further introduce a hierarchi-
cal evaluation framework that assesses causal alignment at
lexical, syntactic and semantic levels. Additionally, the pro-
posed emotion-cause quadruple representation standardizes
the reasoning output, facilitating interpretable and control-
lable response generation. Extensive experiments on multi-
ple empathetic dialogue benchmarks validate the effective-
ness and generalizability of our framework, showing sub-
stantial improvements in both reasoning quality and gener-
ation performance. By integrating structured inference with
affective cognition, MvP-ECR establishes a principled foun-
dation for developing more interpretable, adaptable, and
human-aligned empathetic dialogue systems.
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