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Abstract
Modeling emotional dynamics in multi-turn dia-
logues remains challenging due to emotion shifts,
where emotional states evolve gradually rather than
change abruptly. Existing methods often rely on
one-hot supervision, which fails to reflect the pro-
gressive nature of human emotions, particularly
for neutral-valence emotions with subtle trajec-
tories. To address this limitation, we propose
a pseudo soft-label guided Progressive Hybrid-
Distributional (PHD) learning framework. PHD
reconstructs discrete labels into hybrid distribu-
tional representations that encode inter-emotion re-
lations and mixed emotional tendencies. Based on
these representations, a progressive training strat-
egy is introduced to guide the model from learn-
ing blended emotional states toward the standard
one-to-one prediction objective. Furthermore, we
design a Graded Contrastive Learning mechanism
that replaces rigid binary allocation with graded su-
pervision to alleviate label conflicts. Experiments
on benchmark datasets demonstrate PHD consis-
tently improves diverse baseline models, yielding
average w-F1 gains of 1.29%. Our framework
highlights the critical importance of modeling emo-
tional dynamics as a gradual, distributional process.

1 Introduction
Endowing machines with complex emotional reasoning is a
crucial step from artificial general intelligence toward social
intelligence, driving extensive research attention on Emo-
tion Recognition in Conversations (ERC) [Xu et al., 2025].
ERC aims to track the emotional trajectory of interlocutors
throughout an interaction. In real conversations, an inter-
locutor’s emotion may fluctuate across dialogue turns, a phe-
nomenon known as emotion shift [Zha et al., 2025]. Current
ERC solutions still exhibit a large performance gap between
emotion shift scenarios and those involving stable-emotion,
limiting overall reliability [Tu et al., 2024; Yang et al., 2025].

Prior work attributes this insensitivity to emotional shifts
mainly to model’s tendency to replicate frequent emotion la-
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u1: You chipped in?! 

u2: Yeah, uh-huh, a 100 
dollars. 
u3: I can't believe you 
gave them money! I 
thought you agreed it 
was  unreasonable! 
u4: This way I'm, the 
generous stranger. 
That's always fun to be. 
u5: Yeah, but you're 
making me look bad! 

Ross
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Figure 1: A dialogue excerpt from the MELD dataset. Ross’s anger
gradually intensifies throughout the conversation, while the one-hot
annotations depict only an apparent label-level jump.

bels from nearby utterances while overlooking the actual se-
mantic cues [Xie et al., 2025]. We argue that a more fun-
damental issue lies in the fact that human emotional tran-
sitions are dominated by gradual evolution rather than
abrupt jumps [Kuppens et al., 2010]. For example, in a con-
versation from the MELD [Poria et al., 2019] dataset shown
in Figure 1, Ross’s Anger does not emerge as a sudden
label-level jump, but progressively accumulates until it be-
comes dominant in utterance u5. Conventional one-hot anno-
tations can only capture superficial transition patterns and fail
to reveal deeper gradual-evolution dynamics [Cambria et al.,
2026]. Hence, models can at best detect an emotion shift but
struggle to infer where the shift is heading [Li et al., 2025].
This limitation becomes particularly pronounced when in-
ferring shifts involving neutral-valence emotions, such as
Surprise, whose subtle trajectories cannot be adequately
represented by discrete labels [Roohi et al., 2025].

Moreover, allocating multiple emotion labels or even con-
fidence scores per utterance during dataset construction heav-
ily relies on annotators’ subjective judgments and difficult to
scale. Therefore, existing ERC models typically optimize a
one-to-one matching objective that selects a most appropri-
ate emotion label for each utterance [Pereira et al., 2025].
This setting is inherently suboptimal as human emotional
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expressions are intrinsically entangled [Barrett, 2017], and
focusing solely on the dominant emotion inevitably discards
valuable complementary cues [Mao et al., 2025].

To overcome the constraints of one-hot supervision, we
propose a pseudo soft-label guided Progressive Hybrid-
Distributional (PHD) learning framework, which can be
seamlessly integrated with existing ERC methods across dif-
ferent paradigms. Specifically, we first reconstruct one-hot
emotion labels into distributed representations in both the
static emotion space and the dynamic contextual space, and
then hybridize them. The resulting soft labels encode both
fundamental inter-emotion relations and the multifaceted
emotional tendencies in the utterance. Building on these rep-
resentations, we further introduce a novel progressive train-
ing strategy that gradually guides the model from capturing
mixed emotional states to converging toward the one-to-one
matching objective. Additionally, inspired by graded deci-
sion systems (e.g., multi-level paper scoring rules in certain
academic conferences) rather than binary evaluation, we de-
sign a Graded Contrastive Learning (GCL) mechanism. Be-
yond traditional positive and negative sets, GCL further de-
fines weak-positive and weak-negative sets according to the
emotion distribution, allowing a controllable gray zone of ex-
changeable samples between positive and negative sets and
allocating loss weights accordingly in a graded manner.

Our main contributions are summarized as follows:

1. We revisit the importance of distributional representa-
tions for modeling emotional dynamics in conversations
and propose a cost-free soft-label generation method,
ensuring strong portability of our PHD framework.

2. We propose a novel progressive training strategy that
enables the model to mimic gradual emotion transition
patterns, improving recognition performance in emotion
shift scenarios, especially for neutral-valence emotions.

3. We design a graded contrastive mechanism that resolves
label-conflict issues inherent in binary allocation rules,
correcting the interference from outliers within posi-
tive/negative sets in conventional setups.

2 Related Work
2.1 Conversational Emotion Recognition
The primary feature of ERC lies in the context-dependent
reasoning. Early studies employ Recurrent Neural Networks
(RNNs) to sequentially encode utterances while struggle to
capture the complex multi-party interaction [Hu et al., 2021;
Liu et al., 2022]. Subsequent research increasingly adopts
graph neural networks (GNNs) to propagate information.
Some approaches treat utterances as nodes and construct
fully-connected graphs [Joshi et al., 2022; Zhang and Li,
2023]; others rely on discourse parsing to mitigate the noise
from redundant edges [Sun et al., 2021; Zhao et al., 2022].
DualGAT executes both modeling schemes in parallel and in-
troduces a differential regularizer to maximize the extraction
of complementary information [Zhang et al., 2023].

Beyond structural modeling, incorporating auxiliary infor-
mation has proven effective. FATRER employs a topic mod-
eling strategy that integrates emotion-aware signals [Mao et

al., 2023]. MKFM treats large language models (LLMs) as
knowledge providers and analyzes their complementary con-
tributions [Tu et al., 2023b]. ERC-DP incorporates dynamic
personality theory, introducing a personality prompt [Wang
et al., 2024]. The recent trend of instruction-tuning LLMs for
specific tasks has also shown promise. DialogueLLM [Zhang
et al., 2025] uses ERNIE Bot [Baidu, 2023] to generate
video–text descriptions and integrates them into instruction
design. CoE advances this further by incorporating dialogue
scenarios, and designs specialized multi-task instructions to
incrementally fuse critical cues [Shen et al., 2025b].

Despite these impressive advances, existing approaches
still struggle in emotion-shift scenarios. They tend to adopt
conservative strategies that replicate frequent labels, failing
to robustly infer the direction of emotional transitions. This
significantly hinders their applicability in real-world settings.

2.2 Emotion Shift Modeling
Enhancing model awareness of emotion-shift has recently
become a research focus. One mainstream solution formu-
lates emotion-shift detection as an auxiliary task [Yang et al.,
2025]. In addition, HCL defines the frequency of emotion
shifts within a dialogue as a difficulty score and performs
dialogue-level curriculum learning in an easy-to-hard man-
ner [Yang et al., 2022]. CLED interpolates emotion centroids
to generate augmented utterances, simulating emotional dy-
namics based on the emotion transition matrix [Kang and
Cho, 2024]. PCGNet treats consecutive utterance dyads as
positive or negative samples according to their emotion-shift
patterns to perform contrastive learning [Tu et al., 2024].

The inherent limitation of one-hot supervision restricts cur-
rent research to a relatively coarse level of emotion-shift per-
ception, without capturing its direction. This limitation poses
consistent challenges in modeling shifts involving neutral-
valence emotions, such as transitions from the neutral state.

2.3 Interactive Dynamics Contrastive Learning
Complex interaction dynamics emerge from the information
propagation among interlocutors, utterances, and their inter-
actions. To better capture these dynamics, recent studies con-
struct contrastive objectives. Specifically, positive and neg-
ative samples are defined based on whether utterances origi-
nate from the same dialogue [Nie et al., 2023], are produced
by the same interlocutor [Shen et al., 2025a], or require aux-
iliary knowledge [Tu et al., 2023a], thereby enhancing model
sensitivity to context, identity, and semantics, respectively.
Supervised contrastive learning grounded in explicit emotion
labels remains the dominant paradigm and has demonstrated
strong compatibility with a wide range of architectures [Dai
et al., 2024; Cao et al., 2025; Ji et al., 2025].

Existing contrastive frameworks largely rely on a rigid bi-
nary decision rule, which is suboptimal for emotion model-
ing. This all-or-nothing allocation can lead to the loss of
nuanced emotional information. For instance, when joy is
treated as positive, excitement, neutral, and sadness are all
indiscriminately grouped together to the negative set, de-
spite their different degrees of affective opposition. Current
methods overlook such gradual emotional relatedness, mak-
ing them struggle to capture subtle inter-emotion distinctions.
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Figure 2: Overview of the proposed PHD framework. Sim(·) denotes the similarity function.

3 Proposed Framework
3.1 Problem Formulation
A dialogue can be formally represented as an ordered se-
quence of utterances ⟨u1, ..., ui, ..., uN ⟩, where i ∈ [1, N ]
denotes the utterance index and N is the total number of ut-
terances in the dialogue. Each utterance ui is associated with
its interlocutor Ii ∈ I, where |I| ≥ 2. We further define an
interlocutor–utterance pair as Ui = (Ii, ui), and represent the
entire conversation as C = {U1, ..., UN}. The goal of ERC is
to recognize the discrete emotional state yi ∈ E of the target
utterance ui conditioned on the conversational context, where
E denotes the predefined emotion label set.

3.2 Typical ERC Pipeline
Typical ERC models follow a three-step sequential pipeline:
Utterance Feature Extraction (UFE), Conversational Informa-
tion Flow Modeling (CIFM), and Emotion Decoding (ED).

UFE first extracts context-independent features ui for ui:

ui = UFE (ui) . (1)

The CIFM module then performs conversational model-
ing over preceding context u1:i−1 to capture temporal pat-
terns under real-time settings, yielding a context-dependent
emotion-aware hidden state hi ∈ Rd for each utterance ui:

hi = CIFM(C,ui) . (2)

Finally, a emotion decoder with learnable parameters W ∈
R|Y|×d and b ∈ R|Y| recognizes emotion probabilities of ui:

ŷi = softmax (Whi + b) . (3)

Equations (1)-(3) outline the complete ERC process:

ŷi = ERC(C, ui) . (4)

Parameters are optimized via cross-entropy minimization:

LCE = −
N∑
i=1

|Y|∑
e=1

yi,e log ŷi,e, (5)

where yi,e and ŷi,e denote the ground-truth and predicted
probabilities for emotion e in utterance ui, respectively.

3.3 Hybrid-Distributed Label Allocation
One-hot labeling constrains yi,e to a binary set, which lim-
its models to perceiving only emotion-shift triggers. We re-
construct emotion labels into distributed representations from
both the emotion space and the contextual space, enabling the
model not only to sense a shift but also to infer its tendency.

Static Emotion Space Modeling
Our modeling in the emotion space is grounded in the VAD
theory [Mehrabian and Russell, 1974]. VAD posits that emo-
tions are distributed in a continuous space with intrinsic cou-
pling along three dimensions: Valence, Arousal, and Domi-
nance. By representing emotions as continuous points in this
space, the VAD framework provides a cognitively grounded
perspective for characterizing inter-emotion relationships.

Datasets annotated with yi’s corresponding VAD represen-
tations vi are rare and costly to scale. Without loss of general-
ity, we extract VAD representations v ∈ R3 for each emotion
using the NRC-VAD lexicon [Mohammad, 2025].
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We then compute the cosine similarity between vi and the
VAD representation ve of each emotion e ∈ E . The underly-
ing relatedness between emotions is quantified as follows:

Sim (i, e) =

{
cos(θie) if vi · ve ≥ 0,
0 if vi · ve < 0,

(6)

where θie denotes the angle between the two vectors,
Sim (i, e) serves as a similarity score derived from the co-
sine similarity function cos(·) and constitutes a component of
the distributed emotion label.

We apply L1 normalization over all similarity components
to construct the static distributional representation ystatici , en-
suring its scale’s consistency with the one-hot labeling:

ystatici,e =
Sim (i, e)∑
e∈E Sim (i, e)

, (7)

where ystatici,e denotes the distribution component correspond-
ing to emotion e. However, modeling emotions solely in the
static space remains insufficient for capturing the subtle vari-
ations among utterances that share the same emotion label.

Dynamic Contextual Space Modeling
In the contextual space, we leverage hi as the basis for al-
locating label components. The underlying intuition is that
utterances sharing the same label may still exhibit subtle con-
textual semantic variations, which are often critical in shaping
the direction of subsequent emotion shifts.

To capture these nuances, we first retrieve the top-C con-
fidence concepts associated with each emotion e from Con-
ceptNet [Speer et al., 2017]. These concepts are concate-
nated with e itself and used to replace ui. Leveraging the
information-filtering capability of the CIFM module, irrele-
vant concepts are suppressed, yielding a context-aware emo-
tion representation he that resides in the same space as hi.

Following the same procedure as in Equations (6)-(7), we
then compute the cosine similarity between hi and he to ob-
tain the component of the dynamic distributed label. These
components are then proportionally normalized to form the
dynamic distributional representation ydynamic

i .
Finally, we introduce a tunable hyperparameter λ ∈ [0, 1]

to control the fusion of the static and dynamic components,
resulting in the final hybrid-distributional label ydisi :

ydisi = λystatici + (1− λ)ydynamic
i . (8)

Compared to the original one-hot label yi, the recon-
structed soft label ydisi not only encodes the latent relatedness
among emotions but also captures the multiple affective ten-
dencies inherent to the utterance within its specific context.

3.4 Progressive Training Strategy
The conventional training paradigm for ERC, as formulated
in Equation (5), aims to match each utterance with its most
appropriate emotion label. However, human emotional ex-
pression during conversation is multi-faceted and entangled,
and identifying only the dominant emotion inevitably dis-
cards other informative affective cues. Leveraging the unique
advantages of the reconstructed distributional labels ydisi , we
further propose a novel Progressive Training Strategy (PTS).

Specifically, at the early stage, we treat ydisi as the target
probabilities. That is, each utterance is not only aligned with
its ground-truth label but is also allowed to partially map to
other emotions. At each training step, we smoothly guide the
model from capturing mixed emotional states toward the one-
hot matching according to the following update rules:

yt+1
i,e =


1

1+ε
∑

e̸=yi
yt
i,e

if e = yi,

εyt
i,e

1+ε
∑

e̸=yi
yt
i,e

if e ̸= yi,
(9)

y0i,e = ydisi,e , (10)

ε = (T − t)/(T − 1), (11)

where (t+1) ∈ [1, T ] denotes the current step, T is the max-
imum number of training steps, and yi represents the ground-
truth emotion for ui. The coefficient ε decays linearly from
1 to 0 during training. Equation (9) ensures yi consistently
maintains its dominant proportion within the evolving label.

At each training step, the updated label distribution yt+1
i

serves as the new supervision signal, replacing Equation (5)
with the following Kullback-Leibler divergence objective:

LKL = −
N∑
i=1

|E|∑
e=1

T−1∑
t=0

yt+1
i log

ŷi
yt+1
i

, (12)

where the scheduling in Equation (11) guarantees that the
training target gradually converges to one-hot supervision.

Theoretically, PTS performs a gradual entropy contraction
of the supervision signal. This process is mathematically iso-
morphic to interpolation-based distillation, which has been
shown to stabilize training in non-convex optimization set-
tings [Shing et al., 2025].

3.5 Graded Contrastive Learning
Supervised Contrastive Learning (SCL) cannot be directly
applied in the distributional setting, since each soft label is
theoretically unique and thus cannot be grouped under con-
ventional class-based definitions. Moreover, rigid binary par-
titioning rule inevitably leads to intra-set conflicts, where cer-
tain negative samples are closer to the anchor than some pos-
itives. In addition, the long-tailed distribution further exacer-
bates the imbalance between positive and negative sets.

Inspired by graded evaluation systems [Kang and Cho,
2025], we design a Graded Contrastive Learning mechanism
to address these issues. Beyond binary partition, GCL further
introduces two intermediate sets, weak positives and weak
negatives. Concretely, we assign ui a primary emotion ypi
and a secondary emotion ysi according to the component-wise
ranking based on ydisi . For each sample j in the same mini-
batch, we define the following sets with respect to anchor i:

P (i) =
{
∀j ∈ U,

{
ypj , y

s
j

}
= {ypi , y

s
i }
}
, (13)

WP (i) =
{
∀j ∈ U, ypj = ypi ∩ ysj ̸= ysi

}
, (14)

WN(i) =
{
∀j ∈ U\P (i), ypj = ysi

}
, (15)

N(i) = {∀j ∈ U\ {P (i) ∪WP (i) ∪WP (i)}} , (16)

where P (i), N(i), WP (i), and WN(i) denote the positive,
negative, weak-positive, and weak-negative sets, respectively,
and U represents the set of all samples in the batch.
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Algorithm 1 Training Process with PHD

Input: Conversation set C, emotion set E , max training steps
T , fusion weight λ, temperature τ , GCL weight α

Output: Trained ERC model parameters Θ
1: Initialize model parameters Θ
2: Precompute emotion-level VAD embeddings {ve}e∈E
3: for each training step t+ 1 = 1 to T do
4: Sample a mini-batch B ⊂ C
5: ε← T−t

T−1 {PTS decay factor}
6: for each utterance ui ∈ B do
7: ui, hi, ŷi ← ERC(C, ui)
8: ystatici ← StaticAlloc(vyi , {ve})
9: ydynamic

i ← DynamicAlloc(hi, {he})
10: ydis

i ← λystatic
i + (1− λ)ydynamic

i

11: yt+1
i ← PTS update(yt

i , yi, ε)
12: end for
13: LKL ← KL({yt+1

i }, ŷi)
14: Construct graded sets {P (i),WP (i),WN(i), N(i)}

for each i ∈ B
15: LGCL ← GCL loss(hi, ydisi , τ)
16: LPHD ← LKL + αLGCL

17: Update Θ by minimizing LPHD

18: end for

The composition-based criterion in Equation (13) and the
primary-emphasis rule in Equation (14) resolve the sample
conflict issue. The GCL part in Figure 2 enumerates all
possible partitions under four emotion scenarios, achieving
a more balanced distribution among sets, thereby alleviating
the problem of insufficient positive samples.

To regulate attraction and repulsion across sets, we assign
graded weights, which is formalized as follows:

P(i) =
∑

j∈P (i)

exp (cos (hi, hj)/τ)+

+
cos

(
ydisi , ydisj

)
2

∑
j∈WP (i)

exp (cos (hi, hj)/τ), (17)

N (i) =
∑

j∈N(i)

exp (cos (hi, hj)/τ)+

+
1− cos

(
ydisi , ydisj

)
2

∑
j∈WN(i)

exp (cos (hi, hj)/τ),

(18)
where τ denotes the temperature parameter. The resulting
GCL loss for a mini-batch B is then defined as:

LGCL = −
N∑
i=1

|B|∑
j=1

1

|P (i)|
P(i)
N (i)

. (19)

The total training objective of our PHD framework consists
of the progressive cross-entropy loss and the GCL loss:

LPHD = LKL + αLGCL, (20)
where α is a hyperparameter controlling the contribution of
LGCL. The complete optimization procedure of the PHD
framework is summarized in Algorithm 1.

4 Experiments
4.1 Experimental Settings
Datasets and Metrics
We evaluate the proposed PHD framework on three ERC
benchmark datasets: IEMOCAP [Busso et al., 2008],
MELD [Poria et al., 2019], and EmoryNLP [Zahiri and Choi,
2018]. Following standard practice, performance is measured
using the weighted F1 score (w-F1).

Baselines
To ensure a comprehensive comparison, we integrate PHD
with five representative baseline methods covering diverse
technical paradigms: GNN-based DualGATs [Zhang et al.,
2023], knowledge-enhanced MKFM [Tu et al., 2023b],
prompt-based ERC-DP [Wang et al., 2024], and LLM-based
DialogueLLM [Zhang et al., 2025] and CoE [Shen et al.,
2025b]. Detailed descriptions are provided in Section 2.1.

Implementation Details
For fair comparison, we retain the original configurations of
all backbone models. Each backbone is first fine-tuned for
several epochs using its standard training procedure and is
then incorporated into the PHD framework for further opti-
mization. For LLM-based methods, we introduce the follow-
ing adaptations to ensure compatibility with PHD:

(A) Instruction Template Adaptation. The instruction
template is modified to end with: “Analyze the interlocutor’s
emotional state based on the dialogue. Output a probabil-
ity distribution over the predefined emotion categories. The
probabilities should sum to 1.” Correspondingly, the struc-
tured output format is adjusted to align with ydisi .

(B) Dynamic Label Construction. For each utterance, we
fix the prompt as: “Given the dialogue context and the cur-
rent utterance, estimate the interlocutor’s emotional tenden-
cies as a probability distribution.” The resulting LLM outputs
are used to construct the dynamic distribution ydynamic.

(C) GCL Adaptation for LLMs. We adapt GCL to LLMs
by operating on the logits produced by the LLM’s decoder.
Specifically, for each training instance ui, the model produces
a emotion-related logit vector z ∈ R|E|. Based on ydisi,e , we
derive ordered emotion pairs (em, en) whenever ydisi,m > ydisi,n .
The supervision strength of each pair is weighted by the prob-
ability gap ∆mn = ydisi,m − ydisi,n . LGCL is thus reformulated
as a weighted pairwise ranking loss:

LGCL =
∑
(m,n)

∆mn · log
(
1 + exp(zn − zm)

)
, (21)

which enables graded supervision for mixed emotional states,
avoids rigid binary partitioning, and can be seamlessly inte-
grated into standard instruction tuning via back propagation.

The temperature parameter τ = 0.07. The fusion weight
λ is set to 0.3 on IEMOCAP and 0.4 on the other datasets,
while LGCL weight α = 0.15. All experiments are conducted
on two NVIDIA RTX A6000 GPUs. Reported results are
averaged over five runs with random initialization. A paired
t-test with a significance level of 0.05 is performed to validate
the statistical significance of performance improvements.
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Methods IEMOCAP MELD EmoryNLP Average

DualGATs 67.68 66.90 40.69 58.42
w/ PHD 69.70 68.52 41.24 59.82

Improvement ↑2.02 ↑1.62 ↑0.55 ↑1.40
MKFM 68.08 65.50 39.76 57.78

w/ PHD 69.85 67.85 40.65 59.45
Improvement ↑1.77 ↑2.35 ↑0.89 ↑1.67
ERC-DP 69.64 67.34 40.10 59.03

w/ PHD 70.72 68.60 40.92 60.08
Improvement ↑1.08 ↑1.26 ↑0.82 ↑1.05

DialogueLLM* 69.87 68.54 40.28 59.56
w/ PHD 70.94 70.11 41.12 60.72

Improvement ↑1.07 ↑1.57 ↑0.84 ↑1.16
CoE* 70.12 67.96 40.81 59.63

w/ PHD 71.14 69.62 41.62 60.79
Improvement ↑1.02 ↑1.66 ↑0.81 ↑1.16

Table 1: Overall performance comparison of backbone models be-
fore and after integrating PHD. * denotes reproduced results.

Methods DualGATs DialogueLLM CoE

PHD 59.82 60.72 60.79
w/o static 59.42(↓0.40) 59.98(↓0.74) 60.08(↓0.71)
w/o dynamic 58.30(↓1.52) 58.85(↓1.87) 58.93(↓1.86)
w/o PTS 57.54(↓2.28) 58.69(↓2.03) 58.87(↓1.92)
w/o GCL 58.71(↓1.11) 59.84(↓0.88) 59.84(↓0.95)

Table 2: Ablation results (average performance on three datasets).

4.2 Performance Comparison
As reported in Table 1, PHD consistently yields significant
performance gains, demonstrating strong architectural porta-
bility. On average, PHD improves overall performance by
1.29 w-F1 points, with gains ranging from 1.05 to 1.67.

Notably, larger gains are observed on IEMOCAP and
MELD, which are known to contain a higher proportion of
emotion-shift utterances and neutral-valence transitions. The
improvement on EmoryNLP is relatively moderate, suggest-
ing that PHD does not introduce bias when emotional dynam-
ics are relatively stable, but instead behaves conservatively.

The effectiveness of PHD further extends to LLM-based
approaches, indicating that even LLMs remain constrained
by one-hot emotion supervision. By injecting graded emotion
relevance and progressive entropy contraction, PHD comple-
ments LLM reasoning, leading to additional improvements.

Overall, these results demonstrate that PHD functions as
a model-agnostic, plug-and-play training framework. More
importantly, they confirm that modeling emotional dynamics
as a progressive, distributional process is critical for ERC.

4.3 Ablation Study
We conduct ablation experiments to quantify the contribution
of each component and to validate their complementary roles.
Specifically, w/o static removes the emotion-space distribu-
tion derived from VAD, w/o dynamic discards the context-
aware distribution allocated in the conversational space, w/o
PTS disables the progressive contraction strategy and trains
with fixed labels, and w/o GCL removes LGCL from LPHD.

Methods IEMOCAP MELD EmoryNLP Average

DualGATs 59.30 57.49 36.28 51.02
w/ PHD 64.53 62.83 37.98 55.11

Improvement ↑5.23 ↑5.34 ↑1.70 ↑4.09
MKFM 59.68 57.02 36.21 50.97

w/ PHD 64.34 60.51 38.38 54.41
Improvement ↑4.66 ↑3.49 ↑2.17 ↑3.44
ERC-DP 56.66 51.50 35.41 47.86

w/ PHD 61.36 57.39 39.89 52.88
Improvement ↑4.70 ↑5.89 ↑2.48 ↑4.36

DialogueLLM 58.76 60.16 37.13 52.02
w/ PHD 61.91 64.40 39.28 55.20

Improvement ↑3.15 ↑4.24 ↑2.15 ↑3.18
CoE 60.08 59.35 37.82 52.42

w/ PHD 62.33 62.44 39.54 54.77
Improvement ↑2.25 ↑3.09 ↑2.41 ↑2.58

Table 3: Performance comparison of backbone models before and
after integrating PHD in emotion-shift scenarios.

As shown in Table 2, removing any component leads to
consistent performance degradation, confirming that each
module contributes meaningfully to PHD. Removing the dy-
namic component causes more pronounced drop than the
static, highlighting the importance of context-dependent dis-
tributional cues for modeling emotional tendencies beyond
label semantics. Disabling PTS results in the largest over-
all degradation, demonstrating that progressive supervision is
critical for stabilizing training and mimicking gradual emo-
tional evolution. The performance decrease observed without
GCL verifies the necessity of graded sample partitioning for
mitigating label conflicts under distributional supervision.

4.4 Performance on Emotion Shift
We further evaluate PHD specifically on emotion-shift sce-
narios to examine its ability to capture emotional transitions.
As reported in Table 3, PHD consistently outperforms back-
bones across all emotion-shift subsets. Notably, the gains are
more pronounced on MELD, where frequent subtle shifts oc-
cur, highlighting PHD’s strength in anticipating the direction
of emotion changes rather than merely detecting shifts.

Overall, these findings validate that PHD significantly en-
hances the model’s sensitivity to evolving emotional dynam-
ics, addressing a key limitation of existing methods.

4.5 Performance on Neutral-Valence Emotions
We further investigate the effectiveness of PHD on neutral-
valence-initiated emotion transitions, which are particularly
challenging for conventional ERC models due to their sub-
tlety and low signal in one-hot supervision. As reported in
Table 4, integrating PHD substantially improves performance
across all datasets. The improvements are particularly pro-
nounced for subtle valence shifts, such as Neutral-to-Other in
IEMOCAP and Peaceful-to-Other in EmoryNLP. These re-
sults demonstrate that PHD effectively enhances ERC mod-
els’ sensitivity to neutral-valence dynamics, enabling more
reliable recognition of gradual emotional transitions.
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Methods IEMOCAP MELD EmoryNLP

Neutral→ E\Neutral Neutral→ E\Neutral Surprise→ E\Surprise Neutral→ E\Neutral Peaceful→ E\Peaceful

DualGATs 34.12 41.32 31.89 23.90 24.00
w/ PHD 47.00 (↑12.88) 54.92 (↑13.60) 38.22 (↑6.33) 30.16 (↑6.26) 34.53 (↑10.53)

DialogueLLM 38.14 36.95 38.82 31.31 28.36
w/ PHD 52.00 (↑13.86) 43.31 (↑6.36) 44.19 (↑5.37) 43.15 (↑11.84) 35.47 (↑7.11)

CoE 43.37 37.10 37.73 29.72 28.03
w/ PHD 55.24 (↑11.87) 44.54 (↑7.44) 47.31 (↑9.58) 39.36 (↑9.64) 35.82 (↑7.79)

Table 4: Performance comparison of backbone models before and after integrating PHD in neutral-valence-initiated emotion-shift scenarios.

Figure 3: Performance comparison under different contrastive
mechanisms on the MELD dataset.

4.6 Effect of Graded Contrastive Learning
Qualitative Analysis. We further conduct a qualitative
comparison between GCL and conventional SCL. As illus-
trated in Figure 3, GCL consistently outperforms SCL across
all backbone models. The largest gain is observed on MKFM,
demonstrating that GCL can effectively leverage nuanced
inter-sample relationships to enhance feature representation.
These results highlight the superiority of GCL over conven-
tional SCL, indicating that modeling graded sample similari-
ties can lead to more discriminative embeddings.
Quantitative Analysis. We conduct experiments by vary-
ing LGCL weight α from 0.05 to 0.25 to determine the op-
timal balance between the GCL loss and the primary task
loss. As summarized in Figure 4, the performance initially
improves as α increases from 0.05 to 0.15. Beyond this point,
further increasing leads to a slight decline. The trends indi-
cates that a moderate GCL weight effectively enhances the
embedding quality while maintaining task-specific discrim-
inability. Overall, a moderate α maximizes the benefits of
graded contrastive supervision, yielding more discriminative
embeddings and superior model performance.

4.7 Computational Efficiency
We evaluate the training efficiency of PHD. As shown in Ta-
ble 5, for DualGATs, the additional cost remains within 5.2%-
9.6% range, while for DialogueLLM, the relative increase is
slightly higher but still stable. Importantly, the absolute train-
ing time is largely dominated by the backbone itself.

Figure 4: Performance with varying LGCL weight α.

Methods IEMOCAP MELD EmoryNLP

DualGATs 52 82 77
w/ PHD 57(↑9.6%) 89(↑8.5%) 81(↑5.2%)

DialogueLLM 153 320 289
w/ PHD 171(↑11.8%) 359(↑12.2%) 323(↑11.8%)

Table 5: Training time(minute) comparison of backbone models be-
fore and after integrating PHD.

5 Conclusion
In this work, we introduce a novel, plug-and-play learning
framework PHD for modeling emotion transitions that ad-
dresses the inherent limitations of one-hot supervision. By
leveraging hybrid-distributional labels, a progressive training
strategy, and graded contrastive learning, PHD enables mod-
els to capture both gradual emotion transitions and the entan-
gled nature of affective states. Extensive evaluations across
multiple benchmarks demonstrate that PHD consistently en-
hances performance of both conventional and LLM-based ar-
chitectures, particularly in emotion-shift and neutral-valence
scenarios. Ablation analyses confirm that each component
contributes uniquely to the overall improvement, highlighting
the synergy between static emotion-space modeling, dynamic
context-aware allocation, progressive supervision, and graded
contrastive reasoning. Our findings underscore that incorpo-
rating distributional and progressive perspectives is pivotal
for building systems capable of robust and fine-grained emo-
tional understanding in real-world dialogues.
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