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Abstract

Empathy relies on the cognitive capacity to re-
late to similar past experiences. Consequently,
retrieval-based approaches utilize analogous
exemplars to guide empathetic dialogue gen-
eration. However, existing methods prioritize
semantic similarity over emotion characteris-
tics, often leading to unempathetic responses.
To address this, we propose REG, a framework
that integrates four Emotion Attributes into the
retrieval process to ensure explicit emotional
alignment. Furthermore, to mitigate the noise
and limited diversity caused by coarse-grained
sentence-level attributes, we incorporate Token-
level Retrieval for finer granularity and a Re-
trieval Candidate Augmentation strategy to en-
hance diversity. Empirical results on the Empa-
theticDialogues dataset demonstrate that REG
significantly outperforms baselines, offering a
robust solution for empathetic generation.

1 Introduction

Developing dialogue systems’ capability of demon-
strating empathy – the ability to understand, po-
tentially share, and react appropriately to human
experiences and feelings – is increasingly recog-
nized as crucial for enhancing user’s interaction
and satisfaction across diverse applications (Liu
et al., 2021; Wang et al., 2021). Drawing inspi-
ration from psychological models that distinguish
between affective (representing emotions like hap-
piness or sadness) and cognitive (reflecting experi-
ences and realities) components of empathy (Mis-
chel and Shoda, 1995), incorporating elements such
as explicit emotion labels, emotion causes, and
commonsense knowledge has been proven effec-
tive in improving systems’ empathetic capabilities

*Work done during internship at the Peng Cheng Labora-
tory.
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Figure 1: Comparison between semantic similarity and
emotion characteristics similarity.

(Majumder et al., 2020; Sabour et al., 2022; Zhou
et al., 2023; Gao et al., 2021; Wang et al., 2025).

Despite their accomplishments, empathy also
fundamentally arises from the cognitive ability to
draw upon analogous past scenarios and dialogues.
Thus, models can further achieve empathetic re-
sponses by referencing similar dialogue contexts.
For example, some researchers adopt the Dense
Passage Retrieval(Karpukhin et al., 2020) to re-
trieve exemplars similar to the user’s query (Ma-
jumder et al., 2021; Zhu et al., 2023; Xu et al.,
2024). Then the exemplars are fed into the response
generator as templates to guide the generator to pro-
duce empathetic and accurate responses. However,
this kind of retrieval is solely based on semantic
similarity, ignoring the similarity of emotion char-
acteristics. As shown in Figure 1, the user query
is that: It was raining and I forgot to take an um-
brella with me. After school, my mom and I went
to the nearby supermarket to take shelter from the
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rain and had a big dinner. Undoubtedly, the user’s
emotional state is positive. Following Majumder
et al. (2021), the retrieved context is as follows:
User: It’s raining, but I forgot to bring an umbrella,
and my mom and I got soaked in the rain on our
way to the supermarket in embarrassment. Answer:
Oh, this is a little terrible! Intuitively, this sample
is semantically similar but inconsistent with the
user’s emotional state. Injecting such exemplars
as auxiliary for generation misguides and impedes
the model’s understanding of the user’s situations
and emotional states, thereby generating potentially
unempathetic or inappropriate responses.

To address this limitation, we introduce a novel
framework called REG (Retrieval via Emotion Sim-
ilarity for Guiding Empathetic Dialogue Genera-
tion). REG leverages 4 Emotion Attributes, Senti-
ment, Emotional Presence, Interpretation, and
Exploration, which are recognized as key factors
in empathy and human communication (Sharma
et al., 2021, 2020; Watson et al., 2002) to guide the
retriever towards emotionally similar exemplars.
Emotion attributes are inherently sparse and coarse-
grained. Relying solely on them can lead to the
retrieval of exemplars that differ significantly in
actual emotional expression and these exemplars
may introduce emotional noise. Moreover, such
coarse-grained retrieval also lacks finer distinctions
among retrieved contents, limiting the diversity of
retrieved results and ultimately hindering the stabil-
ity and quality of the generated responses. Hence,
we incorporate two key mechanisms for the above
two issues: Token-level Retrieval, which enhances
emotional alignment at a finer granularity between
the exemplar and the user query; and Retrieval
Candidate Augmentation, which introduces ran-
domized exemplars during the retriever training
process to improve the model’s generalization to
diverse emotional contexts.

In summary, our contributions are as follows:

(1) We propose REG, a novel framework that
leverages four key Emotion Attributes to guide
exemplar retrieval, enabling the model to capture
emotional resonance beyond mere semantic similar-
ity for enhancing empathetic dialogue generation.

(2) To address the challenges posed by coarse-
grained Emotion Attributes, such as potential noise
and limited diversity, we incorporate Token-level
Retrieval and Retrieval Candidate Augmenta-
tion mechanisms to refine the emotionally-guided
retrieval process.

(3) Comprehensive experiments on the Empa-
theticDialogues dataset demonstrate the significant
superiority of REG over existing baselines in gen-
erating more empathetic, coherent, and diverse re-
sponses.

2 Related work

Empathetic Dialogue Generation Expressing
empathy aims to establish smooth and meaningful
relationships during communication. Therefore,
it is crucial to equip dialogue systems with gen-
uinely human-like empathetic capabilities. Prior
research can be broadly categorized into three di-
rections: First, some studies focus on detecting
the user’s emotional state to support empathetic
response generation (Majumder et al., 2020; Fu
et al., 2023; Yuan et al., 2025). Second, with deeper
investigation, some researchers argue that emo-
tion is not the only determining factor in empa-
thetic dialogue generation, as empathy involves
both affective and cognitive dimensions (Davis,
1983). Accordingly, Sabour et al. (2022); Pan Gao
(2023); Yang et al. (2024) incorporate common-
sense knowledge to represent cognition, while Kim
et al. (2021) introduce emotion causes to enhance
empathetic understanding. Ma customizes user
query to match LLMs preferences for better intent
recognition(Ma et al., 2026), which can serve for
empathetic dialogue generation. Zhao investigates
social bias in large language models through self-
reflection(Zhao et al.). Tang modeles role from
personalized dialogue history by exploring and
utilizing latent space(Tang et al., 2024) and en-
hances personalized dialogue generation with con-
trastive latent variables through combining sparse
and dense persona(Tang et al., 2023). Third, differ-
ing from the above two ones, some work employs
retrieval-based methods to find semantically simi-
lar exemplars, which serve as guidance for gener-
ating empathetic responses (Zhu et al., 2023; Xu
et al., 2024), akin to providing hints when solving
complex problems.

Unlike previous approaches that focus on emo-
tion detection, cognitive features, or semantic re-
trieval, our work introduces the concept of emo-
tional similarity and expand retrieval-based meth-
ods based on this.

Retrieval-based Dialogue Generation Recently,
dialogue generation models have shown commend-
able performance. However, this also faces some
challenges, such as relatively mundane(Guo et al.,
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2018)(e.g, I’m so sorry.) or hallucinations(Shuster
et al., 2021; Weston et al., 2018), which signifi-
cantly undermine the user’s experience. Retrieval-
based models effectively address these issues, since
they can provide similar exemplars for models as
reference. For instance, in the realm of empathetic
dialogue generation, some work leverages retrieval
model to mine exemplars, enhancing model’s em-
pathetic ability (Zhu et al., 2023; Majumder et al.,
2021; Chen et al., 2024). However, they mainly
focus on semantic similarity, lacking the similarity
of emotion characteristics, limiting model’s genera-
tion quality. Thus, our REG model first introduces
four Emotion Attributes to solve this issue.

3 Method

3.1 Task Formulation

Our goal is to generate an empathetic response R
given a dialogue context X = {u1, ..., un} con-
sisting of n utterances. To enhance the empathy
and content richness, we retrieve a set of exemplars
Tq = {t1, ..., tK} with similar features from the
training set T of EmpatheticDialogues (Rashkin
et al., 2019). The model serves as a listener, gen-
erating responses that are not only contextually
coherent but also empathetic to the user’s situation.

3.2 Framework

As illustrated in Figure 2, our framework, REG,
employs a two-stage training strategy to integrate
Emotion Attributes into the retrieval-augmented
generation process.

(1) Stage 1 (Generator Initialization): We first
train an initial generator G1 conditioned on dia-
logue contexts and their corresponding emotion
attributes. This warm-up stage ensures the genera-
tor can recognize and utilize fine-grained emotional
signals.

(2) Stage 2 (Retriever Optimization & Joint
Training): We optimize the retriever by distilling
knowledge from G1. Specifically, we use token-
level evaluation metrics from G1 as reward signals
to guide the retriever, mitigating the noise often
introduced by coarse-grained emotion labels. Fur-
thermore, we introduce Retrieval Candidate Aug-
mentation to improve the diversity and robustness
of the retrieved exemplars.

Finally, the retriever and a stronger generator G2

are jointly trained to maximize performance.

3.2.1 Emotion Attributes
To move beyond mere semantic matching, we in-
corporate four key Emotion Attributes (Sharma
et al., 2021; Watson et al., 2002)—Sentiment, Emo-
tional Presence, Interpretation, and Exploration.
These attributes characterize the emotional depth
of a conversation:

• Sentiment (Sent): Indicates the emotional
polarity, ranging from -1 (negative) to 1 (posi-
tive) using VADER (Hutto and Gilbert, 2014).
Ideally, the sentiment should align with or ap-
propriately react to the user’s state.

• Emotional Presence (Emp): Categorizes
whether emotion is absent, implicitly present,
or explicitly present.

• Interpretation (Int): Assesses whether the
response would correctly interpret the user’s
situation and if it includes shared self-
experiences.

• Exploration (Exp): Determines the level of
attempt (none, generic, or specific) to explore
the user’s emotions through questions.

For a pair of context X and gold response r, we ex-
tract the sentiment score via independent classifiers
trained following Majumder et al. (2021):

Sent = VADER(X)

Emp = CLSEmp(X),

Int = CLSInt(X),

Exp = CLSExp(X),

(1)

where each attribute is classified into discrete levels
(Low/Mid/High). These distinct attribute embed-
dings serve as auxiliary inputs to the generator,
providing explicit emotional guidance.

3.2.2 Generator Initialization
First, we train the initial generator G1 to generate
responses conditioned on the context X and the
extracted emotion attributes Attr. The objective is
to minimize the negative log-likelihood:

LG1 = −
T∑

t=1

logP(rt|r<t, X,Attr), (2)

where T is the length of the target response. This
stage equips G1 with the capability to understand
the correlation between attributes and empathetic
responses.
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Figure 2: An overview of our proposed empathetic dialogue generation framework. The left part illustrates how
we extract and concatenate four types of Emotion Attributes (Sentiment, Interpretation, Exploration, Emotional
presence) from the gold response and dialogue context using pre-trained classifiers and VADER, serving as input
for initial generator training (G1). In the middle, we show the use of token-level metrics (e.g., BLEU) to train a
fine-grained retriever via a token-level retrieval strategy. The right part shows the retriever optimization via retrieval
candidate augmentation, enabling the retriever to avoid local optima and improve exemplar diversity. The last two
parts will be jointly trained with the generator G1 to obtain G2.

3.2.3 Retriever Optimization
We utilize Contriever (Izacard et al., 2021) as the
backbone to encode the query q and candidate ex-
emplars. The initial retrieval is based on the dot-
product similarity of their embeddings. However,
standard dense retrieval often relies on semantic
overlap and may miss emotional nuances. Relying
solely on coarse emotion attributes for filtering can
also introduce noise. To address this, we refine the
retriever using two strategies:

Token-level Retrieval (Metric-driven Distil-
lation) Since the generation process is non-
differentiable, we cannot directly backpropagate
generation loss to the retriever. Instead, we use
the pre-trained G1 to score the quality of retrieved
candidates. We convert token-level metrics (e.g.,
ROUGE-L, which reflects fine-grained alignment)
into a supervision distribution. For a query X ,
given K retrieved candidates {t1, ..., tK}, the prob-
ability of selecting candidate ti is defined as:

pi =
exp

(
1
τ
F (r,Dec(G1, (ti, Ati , X,Ax)))

)
∑K

j=1 exp
(
1
τ
F (r,Dec(G1, (tj , Atj , X,Ax)))

) ,

(3)

where F (·) is the utility metric (e.g., ROUGE-L)
measuring the quality of the generated text against
the gold response r. Dec(·) denotes the decoding
process of G1 enhanced by the exemplar ti and its
attributes. τ is a temperature hyperparameter. Here,
a higher pi indicates that exemplar ti helps G1 gen-
erate a more accurate response with less noise. We
treat P = {pi}Ki=1 as the target distribution to su-

pervise the retriever’s output similarity scores Sq.
The loss is the KL divergence:

LR = KL(P ||σ(Sq)), (4)

where σ is the Sigmoid function.
Retrieval Candidate Augmentation To prevent

the retriever from collapsing into local optima (i.e.,
retrieving a narrow set of semantically close but
emotionally irrelevant samples), we introduce a
randomization mechanism. During training, we
replace a retrieved candidate ti with a randomly
selected candidate taug

i from the corpus with a prob-
ability k:

t
aug
i =

{
Random(T ), with probability k

ti. otherwise
(5)

This forces the retriever to rank truly useful exem-
plars higher than random noise, enhancing robust-
ness. The similarity scores for the augmented set
S

aug
q are optimized using the same KL divergence

loss as Eq. 4.

3.2.4 Input-augmented Generator
With the optimized retriever, we aim to train the
final generator G2. We employ the Fusion-in-
Decoder (FiD) architecture (Izacard and Grave,
2021). Each retrieved exemplar ti is concatenated
with the context X and encoded independently.
The decoder then attends to all encoded representa-
tions to generate the final response. The generation
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loss is:

LG2 = −
L∑

t=1

logP(rt|r<t, z), (6)

where z represents the aggregated encoder outputs
of the context and retrieved exemplars.

3.2.5 Joint Training
In the final stage, we update both the retriever and
the generator to ensure mutual adaptation. The total
objective function combines the retrieval distilla-
tion loss (with augmentation) and the generation
loss:

L = αLaug
R + (1− α)LG2 , (7)

where α balances the two tasks. We set α = 0.2
to prioritize generation quality while maintaining
retrieval stability.

4 Experiments

4.1 Experimental Setup
Dataset & Retrieval Corpus We conduct ex-
periments on the EmpatheticDialogues dataset
(Rashkin et al., 2019), utilizing an 8 : 1 : 1 split for
training, validation, and testing. To construct the
retrieval corpus, we employ the training set T as
the knowledge source. Both the dataset and the re-
trieval corpus are augmented with the four Emotion
Attributes described in Section 3.2.1 to facilitate
emotionally aligned retrieval.

Implementation Details We implement our
framework using PyTorch and HuggingFace Trans-
formers. To verify the generalization of our method,
we apply REG across three backbone architectures:
(1) Transformer: A standard Transformer trained
from scratch. (2) PLM: We utilize T5-Small (Raf-
fel et al., 2020) initialized with pre-trained weights.
(3) LLM: We employ Llama-3.1-8B-Instruct. The
retriever is initialized with Contriever (Izacard
et al., 2021). Computations are performed on 4
NVIDIA P100 GPUs. For the T5-based model
(our primary analysis focus), the two-stage training
takes approximately 30 and 36 hours respectively,
with a learning rate of 1 × 10−4. Please refer to
the published project for additional details, which
is publicly available.1

4.2 Baselines
We compare REG with competitive baselines
across three categories:

1https://github.com/uuaaaaaaa/REG_Code

Transformer-based Models: (1) Transformer
(Raffel et al., 2020): Standard sequence-to-
sequence model. (2) MIME (Majumder et al.,
2020): Uses emotional grouping and mimicry. (3)
KEMP (Li et al., 2020): Integrates commonsense
knowledge graph. (4) CASE (Zhou et al., 2023):
Aligns affection with commonsense cognition. (5)
CAB (Pan Gao, 2023): Aligns affection with com-
monsense cognition. (6) IAMM (Yang et al., 2024):
Model internal affect memory. (7) ReflectDiffu
(Yuan et al., 2025): Generate empathetic responses
via emotion-intent fusion.
PLM-based Models: (1) DialoGPT (Zhang et al.,
2019) & BlenderBot (Roller et al., 2020): Large-
scale pre-trained dialogue models. (2) LEMPEx
(Majumder et al., 2021) & Exemplar-Empathy
(Zhu et al., 2023): Exemplar-guided models rely-
ing on semantic similarity. (3) EmpGPT-3 (Lee
et al., 2022): Prompt-based in-context learning. (4)
PECER (Cai et al., 2024): Focuses on dynamic
personality and emotional reasoning.
LLM-based Models: (1) GPT-4o (Qian et al.,
2023): State-of-the-art closed-source LLM in em-
pathetic dialogue. (2) Llama-3.1-8B (Grattafiori
et al., 2024): Evaluated with supervised fine-tune
(SFT) and Chain-of-Thought (CoT) prompting.

4.3 Main Results

We leverage widely used metrics including Per-
plexity (PPL), BLEU-1/2 (Papineni et al., 2002),
Distinct-1/2 (Dist-1/2) (Li et al., 2016), and Emo-
tion Classification Accuracy (Acc). Table 1 sum-
marizes the performance of REG against baselines
across three backbone architectures.

Effectiveness on T5 (Main Results) Our pri-
mary implementation, T5+REG, achieves State-
of-the-Art performance. It records the lowest PPL
(16.67), indicating high fluency and semantic plau-
sibility. Crucially, REG demonstrates exceptional
improvements in diversity mechanism, with Dist-
1/2 scores significantly surpassing baselines (e.g.,
Dist-2 reaches 25.41 vs. 16.83 for PECER). This
suggests that our emotionally guided retrieval intro-
duces diverse yet relevant scenarios to the generator.
Furthermore, the high Emotion Accuracy (0.478)
confirms that retrieving exemplars via Emotion At-
tributes effectively aligns the generated response
with the user’s emotional state.

Universality across Architectures The benefits
of REG extend to other architectures. (1) For
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Models PPL ↓ Dist-1 ↑ Dist-2 ↑ Acc ↑ BLEU-1 ↑ BLEU-2 ↑
Transformer-based Models

Transformer 37.65 0.47 2.05 – 18.07 8.34
MIME 37.33 0.41 1.62 0.296 18.60 8.39
KEMP 37.32 0.55 2.31 0.341 18.19 8.15
CASE 35.37 0.74 4.01 0.402 17.90 8.69
CAB 35.06 0.89 2.95 0.405 20.23 9.39
IAMM 34.82 0.88 3.05 0.437 19.51 8.74
ReflectDiffu 24.56 0.98 4.35 0.487 23.59 11.25
REG (Ours) 24.62 1.15 5.12 0.484 23.88 11.22

PLM-based Models

LEMPEx 26.37 1.41 14.66 – 19.18 8.46
DialoGPT 18.74 2.71 12.01 – 18.69 8.58
BlenderBot 16.71 2.58 16.20 0.470 19.79 9.33
EmpGPT-3 – 3.15 18.63 – 16.38 7.67
Exemplar 16.83 2.71 22.25 – 18.50 9.65
EmpCRL 16.91 4.33 16.32 0.411 20.77 9.85
PECER 16.79 3.69 16.83 – 21.23 10.14
T5 + REG (Ours) 16.67 5.79 25.41 0.478 19.60 11.12

LLM-based Models

GPT-4o 230.99 1.79 14.72 0.244 6.57 2.68
Llama-3.1-8B + SFT 28.34 0.88 3.96 0.203 22.10 10.45
Llama-3.1-8B + SFT + CoT 24.92 0.92 4.13 0.211 23.38 11.29
Llama-3.1-8B + REG (Ours) 19.55 2.21 8.44 0.285 24.10 11.65

Table 1: Automatic evaluation results. The best results within each category are highlighted in bold.

Transformer-based standard models, REG signif-
icantly boosts Dist scores compared to baselines
like CASE and MIME. (2) For LLM-based models
(Llama-3.1-8B), we observe that while standard
SFT and CoT yield high BLEU, they suffer from
low diversity (Dist-2: 4.13) and emotional accuracy
(Acc: 0.211). Incorporating REG drastically miti-
gates these issues, raising Acc to 0.285 and Dist-2
to 8.44. This indicates that emotionally aligned
exemplars are crucial even for Large Language
Models to avoid generic responses.

4.4 Ablation Studies
We conduct ablation studies based on the T5 back-
bone to quantify the contribution of each compo-
nent.

Impact of Emotion Attributes As shown in Ta-
ble 2, Emotion Attributes are fundamental to our
framework. Removing them (w/o EA.) causes a
sharp decline in Emotion Classification Accuracy
(0.478 → 0.310). This validates that semantic sim-
ilarity alone is insufficient for empathy; explicit
emotional attributes are necessary to guide the re-
triever towards exemplars that resonate with the
user’s feelings.

Effectiveness of Token-level Retrieval We in-
vestigate the specific metrics used for retriever opti-

mization: (1) BLEU & F1: Removing either BLEU
or F1 leads to consistent performance degradation
across all metrics, confirming their role in ensuring
precise token-level alignment. (2) ROUGE-L: In-
terestingly, removing ROUGE-L (w/o R-L) leads
to a slight increase in diversity (Dist-1/2) but a
drop in coherence (BLEU) and Accuracy. This
suggests ROUGE-L fosters precision and coher-
ence, potentially at a slight cost to open-ended di-
versity, effectively balancing the generation. (3)
Optimization Strategy: Comparing REG with a
standard RAG approach (G1+RAG), which uses
the raw output probability of G1, we see that our
metric-driven supervisor outperforms direct likeli-
hood maximization. This proves that optimizing
for discrete quality metrics (like BLEU/F1) pro-
vides a robust training signal for the retriever.

augumention

Effectiveness of Retrieval Candidate Augmenta-
tion Table 2 shows that removing Retrieval Can-
didate Augmentation (w/o RCA) notably decreases
Dist-1/2 scores. This confirms that randomly intro-
ducing broader candidates during training prevents
the retriever from collapsing into a narrow scope,
thereby encouraging the model to reference diverse
exemplars and generate richer content.
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Models PPL ↓ Dist-1 ↑ Dist-2 ↑ Acc ↑ BLEU-1 ↑ BLEU-2 ↑
REG 16.67 5.79 25.41 0.478 19.60 11.12

w/o EA. 16.71 5.62 24.72 0.310 17.13 8.55
w/o BLEU 16.96 5.64 23.91 0.473 16.77 7.91
w/o F1 16.83 5.61 22.30 0.471 18.12 10.61
w/o R-L. 16.90 5.81 25.53 0.469 18.26 9.10
w/o RCA. 16.78 5.51 24.12 0.451 17.25 9.04

G1+RAG 16.94 3.89 18.11 0.391 17.10 8.61
REGscratch 16.93 5.75 25.01 0.463 18.50 8.51

Table 2: Results of ablation study. EA: Emotion Attributes, RCA: Retrieval Candidate Augmentation.

4.5 Analysis

Models PPL ↓ Dist-1 ↑ Dist-2 ↑ BLEU-1 ↑ BLEU-2 ↑ Acc ↑
T5S 17.14 5.50 21.01 17.04 8.05 0.411
T5S+REG 16.67 5.79 25.41 19.60 11.12 0.478

T5L 16.17 5.56 22.37 19.42 9.83 0.437
T5L+REG 14.89 6.03 26.02 19.84 11.20 0.481

T5XL 15.51 5.78 24.79 19.55 10.91 0.487
T5XL+REG 13.73 6.51 26.31 19.96 11.28 0.489

Table 3: Results on the size of T5 series models.

Scalability on T5 Series We further verify
REG’s efficacy across different model sizes (Small,
Large, XL). Results in Table 3 demonstrate con-
sistent improvements. REG not only functions ef-
fectively on T5-Small but also enhances T5-Large
and T5-XL, providing substantial gains in diversity
and emotional accuracy while maintaining low per-
plexity. This scalability underlines the robustness
of our framework.

Quality of Retrieved Exemplars To validate the
retriever directly, we manually evaluated the emo-
tional alignment of retrieved exemplars for 500 test
instances (K=6). As shown in Table 5, our method
retrieves a significantly higher number of emotion-
ally aligned exemplars (1786/3000) compared to
semantic-only baselines like LEMPEx (1139/3000).
This empirical evidence supports our claim that
Emotion Attributes effectively guide the retrieval
process.

Training Strategy We compared our two-
stage training with training REG from scratch
(REGscratch). The latter shows degraded perfor-
mance across all metrics (Table 2). This indicates
that "warming up" the generator (G1) is crucial to
provide reliable supervision signals for updating
the retriever in the second stage.

4.6 Human evaluation

These 200 contexts are randomly selected, and
following Sabour et al. (2022), three crowdsourc-
ing workers are asked to choose the better re-
sponse(Win) by considering the three aspects: Co-
herence(Coh.): response is more coherent in con-
tent and more related to the context. Empa-
thy(Emp.): response is more empathetic and has a
better understanding of user’s situations. Informa-
tiveness(Inf.): response carries more information
related to the context. We pay 10 $ per hour for the
three workers with undergraduate education.

The results are presented in Table 6. REG con-
sistently outperforms baselines across all metrics.
Specifically: (1) Against semantic-retrieval base-
lines (e.g., LEMPEx, Exemplary-empathy), REG
demonstrates significant gains in Empathy and In-
formativeness, confirming that our attribute-guided
retrieval introduces more emotionally relevant and
specific content than standard semantic matching.
(2) Interestingly, in the comparison with the LLM
baseline (Llama-3.1 + SFT), while the Coherence
scores are competitive (reflecting the inherent flu-
ency of LLMs), REG achieves a decisive victory
in Empathy (58.0% vs. 32.5%). This suggests that
while general-purpose LLMs produce fluent text,
they often resort to generic "safe" responses. In
contrast, REG, by retrieving emotionally aligned
exemplars, captures finer emotional nuances and
responds with greater empathy and specificity.

4.7 Case Study

Table 4 presents two cases from five models, show-
ing that REG tends to generate more accurate, em-
pathetic, and profound responses, demonstrating a
better understanding of user situations. This perfor-
mance mainly stems from three advantages:

(1) Emotion Attributes. EA helps retrieve emo-
tionally similar exemplars. In Case 1, with a terri-
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Context I was driving and it began to rain so hard that I could see
nothing in front of me.

My best friend is getting married. I’m so
excited for her!

Emotion Terrified joyful

Transformer I am sorry to hear that. I hope you have a good time!
KEMP This is so bad. I am so sorry to hear that. Oh, that’s so good news!
CASE Oh! I hope you will be sure. Wow, I think it so excited too.
EmpCRL Really? That is so dangerous. Are you safe now? I am happy to hear this, congratulations!
PECER I am so sorry to here that and did you go? Oh, are you going to the wedding?
Llama-3.1-8B (SFT) That sounds absolutely terrifying! It is very dangerous to

drive when visibility is low. I hope you managed to pull
over or get home safely.

That is wonderful news! It creates such
a happy atmosphere when a close friend
gets married. You must be looking for-
ward to the celebration!

LEMPEx Oh so bad! Did you get wet? So happy! Congratulations!
Exemplars (by LEMPEx) Speaker:S I got in my car to go to a baseball game. I was

really excited to see some of my favorite players. When I
got there, heavy rain started to come down. Eventually they
canceled the game.

Speaker: I’m getting married this fall!

Listener: That has been happening a lot lately. Everyone in
the US seems to be getting wet.

Listener: Wow, congrats on my behalf.

REG (Ours) So sorry to hear that. That’s so terrible and did you sucess-
fully arrive?

Such good news! When will the wedding
hold?

Exemplars (by REG) Exemplar 1. Speaker: When a storm came through my
town a few springs ago, I felt prepared. I knew when to
leave and where to go.

Speaker: I felt contentment when my
brother was going to get married. I just
felt glad for him.

Listener: That must have been very frightening. Did you
have somewhere safe that you went to?

Listener: Congrats for your brother!
When is the wedding?

Exemplar 2. Speaker: We have had so much rain the
past few weeks and my house ended up flooding. I lost
everything!

Speaker: My parents have been mar-
ried for many years. I cannot wait to
help them celebrate their anniversary this
year!

Listener: I am really sorry. Do you have house insurance? Listener: That’s sweet. How long have
they been married?"

Ground-Truth Oh no, what happened to your wipers? When is she getting married?

Table 4: Case study of the generated responses by REG and the baselines.

Methods RAG Fixed LEMPEx Ours

Aligned Count 257 1098 1139 1786
Total Count 3000 3000 3000 3000

Accuracy 8.6% 36.6% 38.0% 59.5%

Table 5: Evaluation of retrieved exemplar alignment
quality.

fied context, REG finds emotionally similar exam-
ples like a storm came through my town; had so
much rain; my house ended up flooding., leading
to a better understanding of the situation. In Case
2, especially via Interpretation and Exploration at-
tributes, REG retrieves more profound exemplars,
such as When is the wedding?, which guides the
model towards deeper engagement and potentially
greater user satisfaction.

(2) Token-level Retrieval. REG employs token-
level retrieval to refine the retrieval process, yield-
ing more accurate and relevant exemplars. In Case
1, TLR retrieves examples with less noise, con-
tributing to more empathetic responses. In Case
2, it mines examples that better match the context,

further enhancing empathetic dialogue generation
and user experience.

(3) Retrieval Candidate Augmentation. RCA is
used to retrieve more diverse exemplars. In Case
1, this leads to more diverse input, enriching the
model’s output variation. In Case 2, REG also
retrieves more diverse context-similar examples,
resulting in more empathetic and diverse responses.

5 Conclusion and Future Work

In this paper, we propose the REG framework, a
novel retrieval-augmented model designed to en-
hance empathetic dialogue generation. A key con-
tribution is the introduction of four Emotion At-
tributes which guide the retrieval process to identify
exemplars that are not only semantically similar
but also emotionally aligned with the user’s con-
text, thereby fostering a deeper understanding of
their situation. To address issues of retrieval noise
and promote diversity, we employ a Token-level
Retrieval strategy, utilizing generator metrics to re-
fine exemplar selection, and incorporate Retrieval
Candidate Augmentation to broaden the pool of
reference examples. For future work, we aim to
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Comparisons Aspects Win Lose κ

REG vs. CASE
Coh. 53.7‡ 32.1 0.56
Emp. 56.3‡ 31.0 0.57
Inf. 56.0‡ 31.8 0.55

REG vs. LEMPEx
Coh. 52.1† 35.5 0.50
Emp. 53.8‡ 35.1 0.51
Inf. 52.6‡ 35.2 0.53

REG vs. Exemplary-empathy
Coh. 50.8‡ 45.3 0.51
Emp. 49.8‡ 40.5 0.49
Inf. 52.7‡ 43.3 0.47

REG vs. PECER
Coh. 51.3‡ 45.3 0.51
Emp. 50.6‡ 43.5 0.49
Inf. 51.9‡ 43.2 0.47

REG vs. Llama-3.1 (SFT)
Coh. 46.5 44.2 0.48
Emp. 58.0‡ 32.5 0.52
Inf. 54.3‡ 35.1 0.50

Table 6: Human evaluation results (Win/Lose %). Ties
are omitted for brevity. Kappa (κ) scores indicate mod-
erate inter-annotator agreement. † and ‡ denote signifi-
cance at p < 0.1 and p < 0.05.

further explore methods for retrieving even more
precise and contextually relevant exemplars to con-
tinue improving the depth and quality of empathetic
dialogue generation.

Limitations

The primary limitation of our study lies in the mis-
match between automatic evaluation metrics and
human judgment. While automated metrics pri-
marily assess the quality of generated responses
and the accuracy of emotion prediction, they fall
short in capturing the nuanced aspects of empathy.
This highlights the need for a more comprehensive
and standardized approach to evaluate empathetic
dialogue generation in the future.
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A Appendix

A.1 VADER
VADER outperforms individual human raters (F1
Classification Accuracy = 0.96 and 0.84, respec-
tively) and the Pearson Product Moment correla-
tion coefficient shows that VADER (r = 0.881)
performs as well as individual human raters (r =
0.888) at matching ground truth. This indicates
that VADER’s performance is on par with, or even
superior to, individual human annotators.

A.2 The Three Classifiers
The EmpathyMentalHealth dataset (Sharma et al.,
2021) is leveraged to create synthetic labels for the
data in EmpatheticDialogues dataset. The Empa-
thyMentalHealth includes context with annotated
emotional presence, interpretation, exploration la-
bels. Labels for all the dimensions are provided
on a scale of 1/2/3, indicating low/mid/high lev-
els. The pretrained T5 model is incorporated as the
backbone of the classification models, which has
only the encoder part. A linear layer is added on
top of the encoders with softmax activation for the
three class classification.

The classification models are trained on Empa-
thyMentalHealth dataset, using triplets consisting
of a context and a corresponding label. To pre-
pare the input, the context is fed into a T5 encoder
model. The classification label is derived from the
output vector associated with the initial <s> token
in the final layer. For evaluation, LEMPEx use 20%
of the annotated samples from the EmpathyMen-
talHealth dataset as a validation set. The perfor-
mance on this validation split for classifying emo-
tional presence, interpretation, and exploration is
reported in Table 7. Among these, the exploration
category shows the highest predictive performance,
achieving nearly a 94% weighted F1 (W-F1) score.
In contrast, emotional presence and interpretation
are more challenging to predict, with W-F1 scores
around 83% and 84%, respectively.

Based on the best-performing checkpoints on
the validation set, we generate synthetic labels for
samples in the EmpatheticDialogues dataset. For
each instance, we input the context into the trained
model, and assign the predicted class as the syn-
thetic gold label.

Dimension ACC W-F1

Emotional Presence 82.99 82.89
Interpretation 84.47 83.70
Exploration 94.04 93.92

Table 7: Accuracy (Acc) and weighted-F1 (W-F1)
scores of 3-way classification for emotional presence,
interpretation, and exploration prediction in validation
set of EmpathyMentalHealth.
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