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Abstract
Multimodal empathetic dialogue generation aims to produce emo-
tionally nuanced and compassionate responses. However, exist-
ing multimodal empathetic response generation (MERG) meth-
ods primarily focus on the current query, overlooking the emo-
tional dynamics across dialogue history. Moreover, they lack effec-
tive mechanisms to handle cross-modal emotional inconsistencies
that frequently arise in real-world interactions. To address these
limitations, we propose MEC2-TT, a novel framework that inte-
gratesMultimodal EmotionConsistencyCorrection andTrajectory
Tracking, enabling more coherent and context-aware empathetic
responses. Specifically, an Emotion Consistency Correction module
is first introduced to mitigate cross-modal inconsistencies via cross-
modal alignment. Afterwards, we design an Emotion Trajectory
Trackingmodule to capture the temporal evolution of user emotions
throughout the dialogue. Finally, we leverage large languagemodels
with structured reasoning to enhance empathetic response gener-
ation with improved empathetic understanding. Comprehensive
experiments on the AvaMERG and MELD benchmarks demonstrate
that our method outperforms existing state-of-the-art approaches,
particularly in terms of emotional response accuracy.

CCS Concepts
• Human-centered computing→ Interaction techniques.

Keywords
Dialogue generation, Empathetic response, Multimodal, Large lan-
guage model

1 Introduction
Empathetic dialogue generation, which aims to produce responses
that accurately reflect and appropriately address users’ emotional
states, has emerged as an important research direction in affec-
tive computing [25]. Its ability to generate emotionally aware and
contextually coherent responses holds significant promise for real-
world applications, including mental health support, social com-
panionship, and human-computer interaction.

Early work in empathetic response generation (ERG) [19, 28]
primarily focused on textual inputs, leveraging natural language
understanding to infer emotional cues from conversational context.
However, human emotional expression is inherently multimodal.
People naturally convey their feelings through language, vocal tone,
and facial expressions, and these signals form a richer and more ac-
curate picture of their true emotional state than text alone [38]. This
has motivated the emergence of multimodal empathetic response
generation (MERG), which integrates textual, acoustic, and visual
signals to achieve more comprehensive emotion understanding and
more empathetic response generation. Fig 1 illustrates the typical
pipeline of a MERG system, where emotional cues are extracted

speaker:...

listener:...

Emotion
Modulator

Multimodal Empathetic
Reasoning Engine

LLM

Event scenario

Speaker’s emotion

Emotion cause

Goal to response

Strategy to response

Align & Track Emotion

Reasoning & Guidance

Figure 1: Illustration of the Multimodal Empathetic Reason-
ing process, comprising an Emotion Modulator for aligning
and tracking user emotions from multimodal signals, and
an LLM-driven reasoning module for generating multi-step
empathetic guidance toward the final response.

from video, audio, and text modalities, then integrated into the
dialogue model to facilitate emotion understanding and reasoning,
ultimately producing responses with empathetic awareness.

Despite significant progress in MERG, three critical challenges
remain unresolved. First, emotion representations extracted from
each modality inherently carry modality-specific biases, as each
modality captures only a partial and potentially skewed view of
the user’s emotional state from its own perspective [11]. Directly
feeding these biased representations into the large language models
(LLMs) hinders their ability to form a coherent understanding of
the user’s emotion, ultimately degrading the quality of generated
responses. Second, existing approaches predominantly condition re-
sponse generation on instantaneous emotional states, overlooking
the temporal dynamics that unfold across dialogue history. How-
ever, a user’s emotional trajectory provides critical context that a
single-turn snapshot fails to capture [9]. For instance, a user expe-
riencing persistent sadness requires a different empathetic strategy
than one who abruptly shifts from joy to distress, even if their
current surface states appear similar. Neglecting such temporal
evolution risks producing responses that are locally plausible but
globally incoherent. Third, existing approaches typically rely on
end-to-end generation paradigms that directly map multimodal
representations to responses [3, 31, 32, 40]. This black-box process
lacks an explicit, intermediate reasoning stage. Without structurally
breaking down the underlying causes of user emotions and strate-
gizing the appropriate empathetic reaction step-by-step, models
often fail to translate rich multimodal cues into deep, cognitive
empathy, resulting in generic or superficial replies.

To address these challenges, we propose MEC2-TT, a novel
framework that integrates multimodal emotion consistency cor-
rection and emotion trajectory tracking, enabling more coherent
and context-aware empathetic responses. The proposed MEC2-TT
comprises three dedicated components. The first is an Emotion
Consistency Correction (ECC) module, which rectifies inter-modal
discrepancies to produce reliable emotion representations. The
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second is an Emotion Trajectory Tracking (ETT) module, which
captures the temporal evolution of user affect. The third is an Em-
pathetic Chain of Thought (ECoT) mechanism, which guides the
large language model to explicitly reason over emotional states,
underlying causes, and response strategies.

Specifically, the Emotion Consistency Correction module miti-
gates inherent cross-modal inconsistencies by dynamically aligning
and refining modality-specific representations. Instead of simply
concatenating multimodal features, this module explicitly models
the distributional discrepancies among modalities and minimizes
these biases, yielding a unified emotion-consistent representation.
Furthermore, the Emotion Trajectory Tracking module is designed
to capture the temporal dynamics of user emotions. Bymodeling the
sequence of refined multimodal features from previous dialogue
turns, it constructs a temporal representation that reflects both
short-term emotional fluctuations and long-term emotional trends
throughout the conversation, providing richer contextual cues for
response generation. Finally, we introduce the ECoT mechanism
to integrate the corrected emotion representations and trajectory
information into a multimodal large language model (MLLM). In-
stead of directly decoding a response, the model first unpacks the
user’s emotional state and its underlying triggers. This intermedi-
ate reasoning step naturally dictates the appropriate empathetic
strategy. This ensures the final generated responses are not only
locally plausible but also globally coherent with the emotional flow
of the dialogue.

In summary, the main contributions of this work are as follows:
• We propose a novel MERG framework equipped with an

Emotion Consistency Correction module that explicitly
models and mitigates cross-modal emotional discrepancies,
enabling a more reliable perception of users’ emotional
cues.

• We introduce a dual-level contextual understanding ap-
proach by combining Emotion Trajectory Tracking with
an ECoT mechanism. This allows the model to capture the
global temporal evolution of emotions and perform explicit
reasoning for deeper empathetic response generation.

• Extensive experiments conducted on large-scalemultimodal
benchmarks, including AvaMERG and MELD, demonstrate
the superiority of the proposed framework, with notable
improvements in both emotion understanding accuracy and
the empathetic quality of generated responses.

2 Related work
Empathetic dialogue generation is a critical component in hu-
man–computer interaction, with its research scope evolving from
text-based semantic understanding [18, 19, 25, 28] to multimodal
emotional fusion [32, 35, 42], aiming to enable more natural and
emotionally intelligent conversational experiences.

2.1 Text-Only Empathetic Dialogue Generation
Empathetic dialogue generation has traditionally been studied
within the textual modality, where early approaches focused on
modeling semantic relevance and emotional cues from user utter-
ances [18]. Early approaches to empathetic dialogue generation
primarily relied on recurrent neural architectures, including RNNs,

GRUs, and LSTMs, to model sequential dependencies in dialogue
[4, 8, 20]. Rashkin et al. [26] propose EMPATHETICDIALOGUES,
a novel dataset of 25k conversations grounded in emotional situ-
ations. This progress laid a solid foundation for the rapid devel-
opment of empathetic dialogue generation. Li et al. [14] propose
an emotional cross-attention mechanism to learn the emotional
dependencies from the emotional context graph. Fu et al. [7] pro-
pose a novel emotion correlation enhanced empathetic dialogue
generation framework, which comprehensively realizes emotion
correlation learning, utilization, and supervising. With the rapid
advancement of large language models, their ability to generate
coherent and empathetic dialogue has been substantially improved
[23]. Furthermore, Chain of Thought reasoning further enhanced
the ability of large language models to perform fine-grained emo-
tional reasoning [15]. However, visual and audio modalities also
contain rich emotional information, which text-only approaches
fail to fully exploit in empathetic dialogue generation.

2.2 Multimodal Empathetic Dialogue
Generation

The rapid advancement of multimodal large language models has
provided momentum for progress in this field [2, 13, 24, 34], par-
ticularly demonstrating significant potential in integrating tex-
tual, acoustic, and visual information. Zhang et al. [39] present
a large-scale high-quality benchmark dataset, AvaMERG, which ex-
tends traditional text-based ERG by incorporating authentic human
speech audio and dynamic talking-face avatar videos. The dataset
encompasses diverse avatar profiles and broadly covers various top-
ics of real-world scenarios. E3RG [17] achieves natural, emotionally
rich, and identity-consistent responses without additional training
by integrating advanced expressive speech and video generative
models. EmpathyEar [6] provides users with responses that achieve
a deeper emotional resonance, closely emulating human-like em-
pathy. Hazarika et al. [9] uses a multimodal approach comprising
audio, visual, and textual features with gated recurrent units to
model past utterances of each speaker into memories. Existing ap-
proaches have largely overlooked the heterogeneity of multimodal
emotional features. Motivated by this observation, we design an
emotion consistency correction module to mitigate cross-modal
inconsistencies and propose an emotion trajectory tracking module
to capture the evolution of user emotional states.

3 Methodology
In this section, we detail our MEC2-TT framework for multimodal
empathetic response generation. We describe the design and imple-
mentation of its three key components: the Emotion Consistency
Correction module, the Emotion Trajectory Tracking module, and
the Empathetic Chain of Thought mechanism.

3.1 Task definition
Let a dialogue history of 𝑇 turns be denoted as:

H = [(𝑢1, 𝑟1), (𝑢2, 𝑟2), . . . , (𝑢𝑇−1, 𝑟𝑇−1), 𝑢𝑇 ], (1)

where 𝑢𝑡 and 𝑟𝑡 denote the user utterance and system response at
turn 𝑡 , respectively. Each user utterance 𝑢𝑡 = {𝑢𝑣𝑡 , 𝑢𝑎𝑡 , 𝑢𝑙𝑡 } consists
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Dialogue history

speaker: I love giving my
dog hugs and kisses, he needs

my attention and affection.

listener: Yeah isn't that awesome! 
What kind of dog do you have?

speaker: I have a little toy
poodle. He's a real smart one!

.......

Encoders & Average Pooling

Input AudioInput video Input Text

(a) Emotion Consistency Correction Module

KL

KL

KL

MLP

MLP

MLP

cat

(b) Emotion Trajectory Tracking Module

Cross
Attention

Cross
Attention ... Cross

Attention

....

        context
ECOT

1. Event scenario
2. Speaker’s emotion

3. Emotion cause
4. Goal to response

5. Strategy to response

LLM

(c) Inference Module

Hehe how adorable! 
Give him kisses for me!

Figure 2: The overall architecture of our method. (a) The Emotion Consistency Correction Module aligns multimodal features
via similarity modulation. (b) The Emotion Trajectory Tracking Module captures emotional dynamics across the dialogue
history. (c) The Inference Module leverages an LLM with Empathetic Chain-of-Thought (ECOT) to generate the final response.

of visual, acoustic, and linguistic inputs, while the system response
𝑟𝑡 is purely textual.

Given the dialogue history H , MERG aims to generate a target
response 𝑟𝑇 that is emotionally aligned with the user’s state and
exhibits empathetic behavior. The generation process is formulated
as:

𝑟𝑇 = 𝑎𝑟𝑔𝑚𝑎𝑥𝑟𝑃 (𝑟𝑇 |H ;𝜃 ), (2)
where 𝑃 (𝑟𝑇 |H ;𝜃 ) is the conditional probability distribution over
responses defined by the MERG model, and 𝜃 denotes the trainable
parameters.

3.2 Framework Overview
As illustrated in Fig. 2, our MEC2-TT framework is designed to
capture user emotions and generate empathetic responses. The
framework is built upon a pretrained large language model (e.g.,
Qwen2.5-7B [37]) as the backbone, which is augmented with three
specialized modules, i.e., the Emotion Consistency Correction Mod-
ule (ECC, Fig. 2 (a)), the Emotion Trajectory Tracking Module (ETT,
Fig. 2 (b)), and the ECoT-Augmented inference module (Fig. 2 (c)).

Concretely, given a raw multimodal user utterance 𝑢𝑡 from the
dialogue history 𝐻 , we first use pre-trained modality-specific en-
coders to extract initial visual, acoustic, and textual representations,
denoted as 𝑋 𝑣

𝑡 , 𝑋𝑎
𝑡 , and 𝑋 𝑙

𝑡 . These features are then fed into the
ECC Module, which aligns and refines them to mitigate inherent
modality-specific biases and cross-modal inconsistencies. This mod-
ule produces a unified emotion representation 𝐸𝑡 for each turn.

Next, focusing on the current turn 𝑇 , the ETT Module processes
the sequence of unified features 𝐸1, . . . , 𝐸𝑇 to construct a trajectory-
aware representation 𝑉𝑇 that encodes global emotional variations
up to that point.

Finally, to bridge the gap between multimodal perception and
response generation, we introduce the ECoT mechanism. Rather
than directly mapping features to outputs, ECoT provides struc-
tured, text-based reasoning steps that guide the model to explicitly
interpret the unified representation 𝐸𝑇 and the historical trajectory

𝑉𝑇 , infer underlying emotional causes, and formulate empathetic
response strategies to generate the final textual response 𝑟𝑇 . The
detailed formulations are introduced in the following subsections.

3.3 Multimodal Feature Extraction
Given the raw multimodal input signals 𝑢𝑡 = {𝑢𝑣𝑡 , 𝑢𝑎𝑡 , 𝑢𝑙𝑡 } at turn 𝑡 ,
we first employ pre-trained modality-specific encoders to extract
their corresponding initial feature representations. Specifically, we
utilize pretrained EmotiEffLib [29] to process the video frames,
Wav2Vec [1] for the audio signals, and pretrained EmoBERTa [12]
to encode the textual utterances. This extraction yields the raw
sequence-level representations 𝑋 𝑣

𝑡 ∈ R𝑑𝑣 , 𝑋𝑎
𝑡 ∈ R𝑑𝑎 , and 𝑋 𝑙

𝑡 ∈ R𝑑𝑙 ,
where 𝑑𝑣 , 𝑑𝑎 , and 𝑑𝑙 denote the intrinsic feature dimensions of the
respective pre-trained models.

3.4 Emotion Consistency Correction
We first project the initial visual, acoustic, and textual representa-
tions into a unified 𝑑-dimensional latent space via modality-specific
linear transformations:

𝐹𝑚𝑡 = 𝑋𝑚
𝑡 𝑊𝑚 + 𝑏𝑚, 𝑚 ∈ {𝑣, 𝑎, 𝑙}, (3)

where 𝑋𝑚
𝑡 denotes the raw extracted feature for modality𝑚 at turn

𝑡 ,𝑊𝑚 is a learnable weight matrix, and 𝐹𝑚𝑡 ∈ R𝑑 serves as the base
emotion representation.

Unlike general feature misalignment, cross-modal emotional
inconsistencies arise from discrepancies in semantic probability
distributions across modalities. For instance, visual cues might
strongly indicate a specific emotion, while acoustic signals yield
an ambiguous or even conflicting distribution. Standard geometric
metrics, such as Euclidean or cosine distance, merelymeasure vector
proximity and fail to capture these probabilistic semantic gaps.
To address this, we adopt an information-theoretic perspective.
Specifically, we quantify the relative entropy, i.e., the expected
information difference, between the emotional states conveyed by
different modalities. The Kullback-Leibler (KL) divergence naturally

3
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satisfies this requirement, providing a rigorous measure of how one
modality’s emotional distribution diverges from another [5, 10].

To operationalize this information-theoretic measurement, we
first map the latent representations 𝐹𝑚𝑡 into emotion probability dis-
tributions 𝑃𝑚𝑡 ∈ R𝐶 over 𝐶 latent affective factors. This is achieved
via a shared projection layer followed by a Softmax operation:

𝑃𝑚𝑡 = Softmax(𝑊𝑝𝐹
𝑚
𝑡 ) . (4)

Subsequently, we compute the pairwise KL divergence between
the distributions of modality 𝑖 and modality 𝑗 to quantify their
affective semantic gap:

𝐷KL (𝑃𝑖𝑡 ∥ 𝑃 𝑗
𝑡 ) =

𝐶∑︁
𝑐=1

𝑃𝑖𝑡 (𝑐) log
(
𝑃𝑖𝑡 (𝑐)
𝑃
𝑗
𝑡 (𝑐)

)
, (5)

where 𝑖, 𝑗 ∈ {𝑣, 𝑎, 𝑙} and 𝑖 ≠ 𝑗 . A larger divergence indicates a severe
inconsistency between the affective states conveyed by the two
modalities, whereas a smaller value suggests emotional alignment.

To dynamically calibrate the modality-specific features based
on these discrepancies, we transform the computed KL divergence
into a bounded inter-modal similarity score 𝑆𝑖, 𝑗𝑡 ∈ (0, 1]:

𝑆
𝑖, 𝑗
𝑡 =

1
1 + 𝐷KL (𝑃𝑖𝑡 ∥ 𝑃 𝑗

𝑡 )
. (6)

This similarity score acts as an adaptive gating mechanism. It
assigns higher confidence to modalities that share consistent emo-
tional semantics while penalizing divergent ones. We then perform
emotion consistency correction through a residual-like feature re-
calibration process. For a given modality𝑚, its corrected represen-
tation 𝐹𝑚𝑡 is obtained by modulating the original feature 𝐹𝑚𝑡 with
the aggregated similarity scores from the other modalities:

𝐹𝑚𝑡 =MLP ©­«𝐹𝑚𝑡 ⊙ ©­«1 +
∑︁

𝑛∈{𝑣,𝑎,𝑙 }\{𝑚}
𝑆
𝑚,𝑛
𝑡

ª®¬ª®¬ , (7)

where ⊙ denotes element-wise multiplication, and MLP(·) is a light-
weight neural network comprising linear layers and ReLU activa-
tions to ensure deeper cross-modal semantic alignment.

Finally, the refined, bias-corrected features from all three modal-
ities are concatenated to form the robust multimodal emotion rep-
resentation 𝐸𝑡 ∈ R3𝑑 for the current utterance:

𝐸𝑡 = [𝐹 𝑣𝑡 ; 𝐹𝑎𝑡 ; 𝐹 𝑙𝑡 ] . (8)

This unified and unbiased representation 𝐸𝑡 provides a trust-
worthy foundation for tracking the emotional trajectory in the
subsequent dialogue history.

3.5 Emotion Trajectory Tracking
Human emotions in conversations are not isolated snapshots; they
continuously evolve, forming an emotional trajectory. Accurately
tracking the user’s emotional transitions and historical affective
patterns is a fundamental prerequisite for generating contextually
coherent and empathetic responses. Therefore, building upon the
bias-corrected multimodal affective representation 𝐸𝑡 for each ut-
terance, we propose an Emotion Trajectory Tracking module. This
module captures the temporal dynamics and historical dependen-
cies of the user’s emotional states across the dialogue history.

For a dialogue history up to the current turn 𝑇 , we first col-
lect the sequence of corrected emotion representations E≤𝑇 =

[𝐸1, 𝐸2, . . . , 𝐸𝑇 ]. Because standard attentionmechanisms are position-
unaware, directly attending to these features would destroy the
temporal flow of the conversation. To explicitly model the chrono-
logical trajectory, we inject trainable temporal positional encodings
𝑃𝐸 (·) into the representations:

𝑈𝑡 = 𝐸𝑡 + 𝑃𝐸 (𝑡), ∀𝑡 ∈ {1, 2, . . . ,𝑇 }, (9)
where 𝑈𝑡 represents the time-aware emotion embedding for the
𝑡-th turn, 𝑃𝐸 (𝑡) ∈ R3𝑑 is a learnable positional embedding mapped
from the discrete turn index 𝑖 , allowing the model to explicitly
capture the chronological order of the affective states.

To explicitly model the dynamic evolution of the user’s emo-
tions, we feed the time-aware sequence U<𝑇 = [𝑈1, . . . ,𝑈𝑇−1] into
a Multi-Head Self-Attention (MHSA) block [30]. This operation
constructs a cohesive emotional timeline, allowing the model to
capture how feelings transition, accumulate, or resolve over time:

𝑍<𝑇 =MHSA(U<𝑇 ,U<𝑇 ,U<𝑇 ), (10)
where the inputs correspond to the Query, Key, and Value, respec-
tively. The output sequence 𝑍<𝑇 encapsulates the contextualized
emotional history, effectively establishing the continuous back-
ground trajectory of the dialogue before the current turn𝑇 . Finally,
to understand how the user’s current emotional state 𝐸𝑇 is derived
from this historical trajectory, we conceptualize a Cross-Attention
mechanism as an active trajectory tracker. We use the current turn’s
time-aware representation𝑈𝑇 as the Query to scan and attend over
the historical timeline 𝑍<𝑇 , which serves as Keys and Values:

𝑄 =𝑈𝑇𝑊𝑞,

𝐾 = 𝑍<𝑇𝑊𝑘 ,

𝑉 = 𝑍<𝑇𝑊𝑣,

𝑉𝑇 = Softmax
(
𝑄𝐾⊤
√
𝑑𝑘

)
𝑉 ,

(11)

where𝑊𝑞,𝑊𝑘 ,𝑊𝑣 are learnable projection matrices, and 𝑑𝑘 is the
scaling factor. Rather than simply appending historical features,
this tracking operation uses the current emotion as an active probe
to selectively retrieve the most relevant historical shifts that con-
textually support the present state.

The resulting vector 𝑉𝑇 acts as our robust, trajectory-grounded
emotional representation. By using the instantaneous emotion to
selectively aggregate its historical derivation, 𝑉𝑇 captures the com-
plete affective journey of the user. This unified representation pro-
vides the necessary dynamic context for the subsequent Empathetic
Response generation.

3.6 Empathetic Response Generation
While the trajectory-aware representation 𝑉𝑇 effectively captures
the deep multimodal context of the dialogue history, LLMs struggle
to translate these dense, continuous vectors into explicitly empa-
thetic responses without structured guidance. Direct end-to-end
decoding risks bypassing the complex reasoning processes required
for true empathy. To bridge this reasoning gap, we propose the
Empathetic Chain of Thought (ECoT) mechanism, which is incor-
porated into the Qwen2.5-7B [37] backbone to decompose the em-
pathetic reasoning process into an interpretable reasoning pipeline.

4
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Event scenario Speaker’s emotion Emotion cause Goal to response Strategy to response

"speaker: I am thinking about looking for a new job."

"listener: Why? Are you not happy with the job or you
want to make more money?"

"speaker: It is going fine but I would like to be closer to
home. I just do not know if I should give this job up."

Step 1:  The event
that speaker is
talking about.

Step 2: Analyze
the speaker’s

emotional state.

Step 3: Infer the
underlying

reasons for the
user’s emotion.

Step 4: Consider
what the speaker
needs from you in

this dialogue.

Step 5:Devise an
empathetic

response strategy
based on the

above analysis.

The speaker is
considering a job
change, it is likely
due to a desire for

better work-life
balance.

The speaker is
feeling uncertain

about their current
job situation.

The listener is
encouraging the

speaker to
consider their

long-term
happiness and

well-being.

If the speaker
decides to leave

their job, it may be
for the sake of

personal fulfillment
and happiness.

 The listener is
supporting the

speaker's
decision-making

process.

   context

   history
 LLM 

       

"listener: Well, you should do what makes you happy."

dialog history

final output

think step by step

Figure 3: ECoT of our method. Based on the previously in-
ferred context 𝑋 , the model follows five reasoning steps
to form the latent chain 𝐶𝐸𝐶𝑜𝑇 and generate empathetic re-
sponses aligned with the speaker’s emotional state and con-
versational context.

Instead of treating the reasoning chain as the final objective, we
utilize it as a structured prerequisite to guide the response genera-
tion, mirroring human cognitive empathy. Specifically, conditioned
on the comprehensive context 𝑋 , the model is instructed to se-
quentially deduce five intermediate cognitive components before
formulating its reply: the event scenario (𝑐𝑒𝑣𝑒𝑛𝑡 ), the speaker’s emo-
tion (𝑐𝑒𝑚𝑜 ), the emotion cause (𝑐𝑐𝑎𝑢𝑠𝑒 ), the implicit conversational
goal (𝑐𝑔𝑜𝑎𝑙 ), and the corresponding empathetic strategy (𝑐𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦 ).
We denote this latent reasoning chain 𝐶𝐸𝐶𝑜𝑇 as:

𝐶𝐸𝐶𝑜𝑇 = [𝑐𝑒𝑣𝑒𝑛𝑡 , 𝑐𝑒𝑚𝑜 , 𝑐𝑐𝑎𝑢𝑠𝑒 , 𝑐𝑔𝑜𝑎𝑙 , 𝑐𝑠𝑡𝑟𝑎𝑡𝑒𝑔𝑦] . (12)

To make this reasoning procedure clear and interpretable, we
design a structured prompt template that explicitly guides themodel
through each intermediate step. Fig. 3 illustrates an example of the
reasoning chain employed in our method. To inject the multimodal
trajectory into the LLM, the representation 𝑉𝑇 is projected into the
textual embedding space of Qwen2.5-7B via a lightweight linear
adapter, functioning as a continuous soft prompt 𝑃𝑉 . Let 𝐼 denote
the task instruction and 𝐻𝑡𝑒𝑥𝑡 denote the textual dialogue history.
The unified multimodal context 𝑋 is constructed by concatenating
these inputs at the sequence level: 𝑋 = [𝐼 ;𝐻𝑡𝑒𝑥𝑡 ; 𝑃𝑉 ].

Based on this comprehensive context, the LLM operates in a
two-stage auto-regressive generation paradigm. First, the model
generates the intermediate reasoning steps 𝐶𝐸𝐶𝑜𝑇 token by token.
The probability of generating the entire reasoning chain is formu-
lated as:

𝑃 (𝐶𝐸𝐶𝑜𝑇 |𝑋 ) =
|𝐶𝐸𝐶𝑜𝑇 |∏

𝑗=1
𝑃 (𝑠 𝑗 |𝑋, 𝑠< 𝑗 ;𝜃 ), (13)

where 𝑠 𝑗 is the 𝑗-th token of 𝐶𝐸𝐶𝑜𝑇 , and 𝜃 denotes the trainable
parameters of the model.

Subsequently, conditioned on both the multimodal context𝑋 and
the explicitly generated reasoning chain 𝐶𝐸𝐶𝑜𝑇 , the model infers

the final empathetic response 𝑟𝑇 :

𝑃 (𝑟𝑇 |𝑋,𝐶𝐸𝐶𝑜𝑇 ) =
|𝑟𝑇 |∏
𝑘=1

𝑃 (𝑦𝑘 |𝑋,𝐶𝐸𝐶𝑜𝑇 , 𝑦<𝑘 ;𝜃 ), (14)

where 𝑦𝑘 is the 𝑘-th token of the response 𝑟𝑇 . By explicitly con-
ditioning the generation of 𝑟𝑇 on 𝐶𝐸𝐶𝑜𝑇 , the model translates its
internal affective analysis into a highly empathetic and contextually
grounded textual reply.

To align the model with this structured reasoning paradigm, we
employ a full fine-tuning strategy. The model is trained to auto-
regressively maximize the likelihood of both the intermediate rea-
soning steps and the final textual response. Formally, the training
objective is defined by the standard negative log-likelihood loss
over the concatenated sequence:

L = −
|𝐶𝐸𝐶𝑜𝑇 |∑︁

𝑗=1
log 𝑃 (𝑠 𝑗 |𝑋, 𝑠< 𝑗 ;𝜃 ) −

|𝑟𝑇 |∑︁
𝑘=1

log 𝑃 (𝑦𝑘 |𝑋,𝐶𝐸𝐶𝑜𝑇 , 𝑦<𝑘 ;𝜃 ),

(15)
where 𝜃 represents the trainable parameters of the LLM and the
multimodal projector. 𝑠 𝑗 is the 𝑗-th token of the generated ECoT
reasoning chain 𝐶𝐸𝐶𝑜𝑇 , and 𝑦𝑘 is the 𝑘-th token of the target re-
sponse 𝑟𝑇 . This joint optimization ensures that the model learns to
effectively leverage the multimodal trajectory 𝑉𝑇 to perform rigor-
ous, step-by-step empathetic reasoning, ultimately culminating in
high-quality, contextually coherent responses.

4 Experiments
4.1 Datasets
We evaluate our method on two widely adopted datasets, AvaMERG
and MELD, which serve as standard benchmarks for multimodal
emotion recognition and generation. Given the limited availability
of datasets supporting the multimodal emotion response generation
(MERG) task, these two datasets have become de facto choices in
the community, providing a solid basis for evaluation. The details
of each dataset are introduced below.

AvaMERG[38] is built upon the existing text-based ERG bench-
mark EMPATHETIC DIALOGUE. They augment the dataset to
include multimodal signals and annotations. For each utterance in
the dialogue, they provide authentic human-reading speech and
dynamic talking-face avatar videos (2D facial modeling) that both
correspond to the intended emotion. It contains 33,048 annotated
dialogues with 152,021 multimodal utterances.

MELD[22] is a widely used multimodal benchmark consisting of
over 1,400 dialogues and around 13,000 utterances extracted from
the TV series Friends, with each utterance annotated using eight
emotion labels and three sentiment categories.

For the two aforementioned datasets, we adopted the same pro-
cessing method: we organized the utterances into incrementally
constructed dialogues, where each sample contains a growing his-
tory of previous turns. Specifically, the AvaMERG dataset includes
ECoT annotations, which are directly leveraged in our approach.

4.2 Baselines
To demonstrate the effectiveness of our proposed method, we com-
pare it against several representative baselines. Given the limited
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Table 1: Evaluation results on AvaMERG and MELD datasets. Bold: best; Underline: second best.

Dataset Model
Objective Evaluation Human Evaluation

BLEU-1 ROUGE-1 BERTScore-f BERTScore-p BERTScore-r Empathy Relevance Fluency

AvaMERG

E3RG [17] 6.01 14.76 86.35 86.73 85.99 3.18 3.09 3.92
Empathyear [6] 7.63 16.75 81.42 78.55 84.54 3.45 3.63 4.11
Qwen3-8B [36] 11.25 22.33 87.26 86.30 88.26 3.64 3.07 3.85
Ours 20.97 31.23 88.95 89.03 88.90 3.79 3.63 3.95

MELD

E3RG [17] 6.26 14.91 86.07 85.01 86.61 2.79 3.46 3.75
Empathyear [6] 2.83 8.32 79.20 77.12 81.44 2.81 3.26 3.35
Qwen3-8B [36] 3.31 9.72 83.79 83.76 83.89 2.61 3.52 3.45
PA-MERG† [32] - - 84.94 84.72 85.16 - - -
ERGM† [32] - - 84.61 83.95 85.28 - - -
CASE† [44] - - 82.73 81.59 83.91 - - -
EmpSOA† [43] - - 83.68 82.71 84.68 - - -
Ours 14.30 24.13 88.33 89.10 87.68 2.84 3.48 3.52

† Results taken directly from the original paper due to unavailable source code.

number of existing works in this field, we select the following mod-
els for evaluation: E3RG [17] decomposed theMERG task into multi-
modal empathy understanding, memory retrieval, and response gen-
eration, leveraging expressive speech and video generation, while
we only evaluated its textual outputs. EmpathyEar [6] supported
multimodal inputs and generated responses with talking avatars by
combining large language models with multimodal encoders and
generators; similarly, only its textual responses were considered.
Qwen3-8B [36] served as a strong text-only baseline with a flexible
thinking budget mechanism for adaptive inference. PA-MERG [32]
incorporated multimodal information and modeled the interactions
among personality, emotion, and context to generate empathetic
responses. ERGM [33] focused on achieving affective and cognitive
empathy in multimodal settings, utilizing guidance text to enhance
emotional understanding without external databases. CASE [44]
builds upon a commonsense cognition graph and an emotional
concept graph and then aligns the user’s cognition and affection
at both the coarse and fine-grained levels. EmpSOA [43] clearly
maintain, modulate, and inject the self-other aware information
into the process of empathetic response generation.

4.3 Implementation Details
We implement our proposed framework using PyTorch and adopt
Qwen2.5-7B [37] as the foundational large language model. To
facilitate trajectory tracking, we structure the raw conversations
into incremental dialogue sequences, where each training sample
contains a progressively growing history of previous turns. All ex-
periments are conducted on a server equipped with 4 NVIDIA RTX
A6000 GPUs. To optimize memory footprint and computational
efficiency, we leverage the DeepSpeed [27] library and perform
both training and inference in FP16 half-precision. The model is
trained for 3 epochs using the AdamW optimizer with an initial
learning rate of 1e-5. During training, we set the per-device batch
size to 2 and apply a gradient accumulation step of 3 to maintain a
stable effective batch size.

4.4 Objective Evaluation
Following prior work, we evaluate ourmodel using BLEU-1 [21] and
ROUGE-1 [16] to measure surface-level lexical overlap, alongside
BERTScore [41] to assess deep semantic equivalence between the
generated and reference responses.

As shown in Table 1, our proposed method consistently achieves
the best performance across all metrics on both the AvaMERG
and MELD datasets. In terms of lexical and structural fidelity, our
model significantly outperforms all baselines, yielding the highest
BLEU-1 (20.97 and 14.30) and ROUGE-1 (31.23 and 24.13) scores,
indicating superior fluency and content alignment. Furthermore, it
demonstrates unparalleled semantic equivalence, achieving peak
BERTScore-F1 values of 88.95 and 88.33. These comprehensive
improvements highlight the architectural advantages of our frame-
work. Compared to specialized baselines like E3RG and EmpathyEar,
which rely on static voting or predefined reasoning, our method
explicitly models cross-modal heterogeneity and temporal emo-
tional dynamics. Meanwhile, although the general-purpose LLM
Qwen3-8B shows competitive text generation, its lack of multi-
modal grounding severely limits its effectiveness (e.g., scoring only
11.25 / 3.31 on BLEU-1). Ultimately, these gains stem from the syn-
ergistic integration of the emotion consistency correction, emotion
trajectory tracking, and ECoT mechanisms, which collectively en-
sure deep semantic coherence and natural linguistic formulation.

4.5 Human Evaluation
To assess the generated responses from a comprehensive human-
centric perspective, especially in terms of empathic expression
ability, we conduct human evaluations focusing on the multifac-
eted aspects of empathy and conversational quality. We measure
the model performance through two distinct evaluation schemas:
absolute scoring and relative comparison.

For the absolute scoring, we employ a 5-point Likert scale (1 =
very poor, 5 = excellent) across three primary dimensions. These
include Empathy to measure the model’s ability to understand the
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Table 2: A/B testing results of our model against baselines.

Comparisons Win (%) Lose (%) Tie (%)

Ours vs. E3RG [17] 57.5 17.5 25.0
Ours vs. Empathyear [6] 62.5 14.0 23.5
Ours vs. Qwen3-8B [36] 53.5 26.0 20.5

user’s emotional state and provide appropriate support, Relevance
to evaluate contextual coherence and logical alignment with the
dialogue history, and Fluency to assess the naturalness and gram-
matical correctness of the generated text. For the relative compar-
ison, we conduct pairwise A/B testing where annotators directly
choose the preferred response ("Win", "Lose", or "Tie") between our
method and the given baselines. To ensure a fair and rigorous com-
parison, we randomly sample 200 dialogue context-response pairs.
Five independent annotators with graduate-level backgrounds are
recruited to conduct both evaluations in a strictly blind manner.
All model identities are anonymized, and responses are randomly
shuffled to eliminate subjective bias.

As shown in Table 1, our model achieves the highest or competi-
tive scores in Empathy, Relevance, and Fluency across both datasets.
It is particularly noteworthy that our model demonstrates a clear
advantage in Empathy, achieving 3.79 on AvaMERG and 2.84 on
MELD. This success can be directly attributed to the joint opti-
mization of our proposed modules. Specifically, the emotion consis-
tency correction resolves cross-modal inconsistencies, enabling the
model to accurately grasp the user’s true emotional state to provide
appropriate support (Empathy). Building on this, the emotion tra-
jectory tracking models the historical emotional dynamics, which
guarantees tight contextual coherence and logical alignment with
the dialogue history (Relevance). Ultimately, the Empathetic Chain
of Thought (ECoT) mechanism explicitly structures the response
strategy, translating these complex emotional understandings into
linguistically natural and grammatically correct text (Fluency).

The A/B testing results (Table 2) confirm our model’s superiority
in human-perceived quality with win rates exceeding 50% across all
baselines. The advantage over specialized models like Empathyear
(62.5%win) and E3RG (57.5%win) validates our multimodal emotion
consistency correction and trajectory tracking mechanisms. Fur-
thermore, defeating Qwen3-8B (53.5% win vs. 26.0% lose) highlights
the necessity of our ECoT. While Qwen3-8B’s built-in CoT often
prioritizes objective problem-solving, ECoT reasons through emo-
tional causes and goals. This empathy-driven reasoning mechanism
ensures responses are deeply attuned to user feelings, achieving
stronger alignment with human empathetic preferences.

4.6 Ablation study
Table 3 presents the ablation results of our framework on the
AvaMERG dataset, evaluating the contributions of the ECC module,
the ETT module, and the ECoT mechanism. Overall, the full model
consistently achieved the best performance across all evaluation
metrics, demonstrating the effectiveness of jointly modeling mul-
timodal emotion consistency, temporal emotional dynamics, and
structured reasoning.

Table 3: Ablation Study Results Comparison.

ECC ETT ECoT BLEU-1 BLEU-2 ROUGE-1 ROUGE-L BERTScore

Effect of ECC, ETT & ECoT
✗ ✓ ✓ 18.37 12.15 28.83 25.53 88.23
✓ ✗ ✓ 18.34 12.19 28.22 24.98 88.26
✓ ✓ ✗ 9.86 6.17 15.73 13.41 85.72

Text-only Finetune
✗ ✗ ✗ 8.78 5.54 13.73 11.62 85.10

Full Method
✓ ✓ ✓ 20.97 14.89 31.23 28.29 88.96

Removing either the ETT or ECCmodule led to noticeable perfor-
mance degradation across all metrics. Specifically, when removing
ETT, BLEU-1 dropped from 20.97 to 18.34, and ROUGE-1 decreased
from 31.23 to 28.22. Similarly, removing ECC led to comparable
performance declines, indicating that both modules contributed
significantly to performance. These results suggested that the ETT
module played a crucial role in modeling the temporal evolution
of user emotions, thereby improving contextual coherence, while
the ECC module improved cross-modal consistency by mitigat-
ing emotional discrepancies between modalities. The comparable
performance drops further indicated that these two modules were
complementary and equally important.

Removing the ECoT mechanism resulted in a significant perfor-
mance drop, far more pronounced than removing the multimodal
modules. For instance, BLEU-1 sharply decreased to 9.86, and BLEU-
2 to 6.17, representing nearly a 50% reduction compared to the full
model. This substantial degradation indicated that the structured
reasoning process introduced by ECoT played a crucial role in
guiding the model to generate coherent and appropriate responses.

The performance further deteriorated to the lowest bound when
only standard fine-tuning was applied. This underscores that stan-
dard end-to-end training fails to effectively activate the LLM’s
empathetic capabilities. It proves the absolute necessity of our inte-
grated approach: the multimodal modules (ECC and ETT) provide
a reliable sensory foundation, while the ECoT mechanism offers
the indispensable cognitive framework to translate those signals
into appropriate empathetic support.

4.7 Case study
Fig. 4 presents a qualitative case study of our approach in empathetic
dialogue generation. As illustrated, MEC2-TT effectively mitigates
cross-modal emotional inconsistencies via emotion consistency cor-
rection, which serves as a crucial foundation for grasping the user’s
true affective state. Building upon this accurate understanding,
our emotion trajectory tracking captures the dynamic evolution of
user emotions across the conversation. Consequently, our model is
empowered to generate contextually appropriate and deeply em-
pathetic responses, successfully avoiding the pitfalls of superficial
textual cues, particularly in scenarios of emotional camouflage.

In Case 1, the user experiences a significant workplace setback
after a month of hard work and is dismissed. The user’s text super-
ficially conveys a positive and rationalizing attitude by claiming ev-
erything is fine. However, the audio modality captures a trembling
voice, and the video modality shows a forced smile with red eyes,
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Case 1

But it's totally fine! I obviously just needed more practice making
slides for other people to take the credit.  
(Affective:Joy / Amusement）

speaker

Voice trembling, deep breath to suppress anger (Affective: Anger
/ Frustration)

Forced smile with red eyes (Affective: Sadness / Distress)

Corrected Affective: Anger/Frustration
Ground-truth: "That is completely unfair after all the hours you put in. I am so sorry this happened."

Empathyear: "I understand how frustrating that can be. But it is good that you
are staying positive and want to practice more. You will do better next time!"

E3RG: "It is tough when your hard work isn't recognized. I am glad to hear you
are feeling fine about it and looking at it as a learning experience."

Qwen3: "That's a very optimistic way to look at it! Keep up the good work and
your team will notice."

MEC²-TT: " You don't have to pretend it's
fine. After a month of late nights, having
your work dismissed like that is incredibly

unfair and frustrating. I'm so sorry." 

Case 2

Anyway, I'm going to go bake a cake or something. I've always
wanted to try that new recipe today!" (Affective: Optimistic /
Excited)

speaker

Choking voice, voice cracking at the end (Affective: Despair /
Grief)

Averting gaze, looking down to wipe away tears (Affective:
Severe Sadness)

Corrected Affective: Devastation/Grief

Ground-truth: "I am so incredibly sorry. This must be absolutely devastating to hear."

Empathyear: "I am so sorry to hear about your dog's test results. Baking a cake
sounds like a fun distraction to help you feel better. What kind of cake is it?"

Qwen3: "I'm sorry about the bad news. Baking that new recipe sounds like a great
way to lift your spirits!"

MEC²-TT: "It sounds like you are trying
hard to stay busy, but getting that bad news

about your dog must be absolutely
devastating. You don't have to be strong

right now; I am here for you." 

speaker: "I have been working on this proposal for a month, staying up late every night."Dialogue History:

listener: "You have put so much effort into it. I am sure the boss will appreciate it!"
speaker: "I just presented it. He barely looked at it and gave the core project to someone else."

speaker: "We took my senior dog to the vet today for some tests. He has not been eating well."Dialogue History:

listener: "I know how much he means to you. Waiting for the results is the hardest part."
speaker: "The vet just called with the test results... it is not looking good at all."

E3RG: "That is very sad news about your dog. It is great that you are finding a
way to stay excited and try out a new recipe today."

Figure 4: Case studies comparing our MEC2-TT with baselines. Our model successfully infers the true underlying emotions
despite superficial textual camouflage to generate highly empathetic responses.

jointly revealing suppressed anger and distress. An appropriate sys-
tem response must see through this sarcastic camouflage. Baselines
such as Empathyear, E3RG, and Qwen3 are entirely misled by the
surface textual sentiment. They generate responses exhibiting toxic
positivity by inappropriately encouraging the user to practice more
and stay positive, completely invalidating the actual frustration.
In contrast, MEC2-TT successfully leverages cross-modal cues to
correct the affective state to anger and frustration. By grounding
its response in the dialogue history, it acknowledges the unfairness
of the situation and provides genuine empathy.

Similarly, Case 2 demonstrates a scenario where the user receives
devastating news about their senior dog but attempts to force a
topic change by enthusiastically discussing a baking recipe. Despite
this optimistic textual camouflage, the underlying severe sadness
is betrayed by a choking voice and an averted gaze. The baselines
over-rely on the superficial text and fall into the trap of emotional
avoidance. By focusing entirely on the baking distraction, they
generate responses that lack true empathetic depth. Conversely,
MEC2-TT leverages its consistency correction and emotion trajec-
tory tracking to recognize this sudden shift as a vulnerable coping
mechanism. It accurately identifies the true state of devastation and
grief, delivering a deeply supportive response that validates the
user’s hidden pain and permits them to grieve rather than forcing

a strong facade. This proves our framework’s remarkable capabil-
ity to provide genuine psychological support even when human
expressions are highly contradictory.

Overall, these case studies demonstrate that MEC2-TT consis-
tently outperforms baseline models in terms of multimodal emotion
correction, deep empathy tracking, and response coherence when
facing complex human emotional expressions.

5 Conclusion
In this work, we proposed a novel framework for multimodal em-
pathetic response generation integrating emotion consistency cor-
rection, emotion trajectory tracking, and an ECoT reasoning mech-
anism. The first module mitigated cross-modal affective inconsis-
tencies to produce refined multimodal representations. The second
captured the evolution of user emotions across dialogue turns,
enabling the model to understand both transient and persistent
emotional patterns. Guided by ECoT, the LLM reasoned over the
multimodal emotional context to generate semantically accurate
and emotionally aligned responses. Experiments on AvaMERG and
MELD demonstrated consistent improvements, achieving state-
of-the-art performance. These results highlight the importance
of jointly modeling emotion correction, temporal dynamics, and
structured reasoning for empathetic dialogue generation.
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