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Abstract

Emotion-Cause Pair Extraction in Conversa-
tions (ECPEC) aims to identify the set of causal
relations between emotion utterances and their
triggering causes within a dialogue. Most ex-
isting approaches formulate ECPEC as an in-
dependent pairwise classification task, over-
looking the distinct semantics of emotion diffu-
sion and cause explanation, and failing to cap-
ture globally consistent many-to-many conver-
sational causality. To address these limitations,
we revisit ECPEC from a semantic perspec-
tive and seek to disentangle emotion-oriented
semantics from cause-oriented semantics, map-
ping them into two complementary representa-
tion spaces to better capture their distinct con-
versational roles. Building on this semantic de-
coupling, we naturally formulate ECPEC as a
global alignment problem between the emotion-
side and cause-side representations, and em-
ploy optimal transport to enable many-to-many
and globally consistent emotion-cause match-
ing. Based on this perspective, we propose a
unified framework SCALE that instantiates the
above semantic decoupling and alignment prin-
ciple within a shared conversational structure.
Extensive experiments on several benchmark
datasets demonstrate that SCALE consistently
achieves state-of-the-art performance. !

1 Introduction

Emotion-Cause Pair Extraction in Conversations
(ECPEC) aims to identify the set of causal relations
between emotion utterances and their triggering
causes within a dialogue, which often exhibit com-
plex and many-to-many dependencies. Figure 1a
illustrates a representative example, where the emo-
tion utterance w3 is jointly triggered by multiple
preceding utterances u; and us. Unlike emotion
recognition in conversation (ERC) (Wang et al.,
2024b; Fu et al., 2023; Majumder et al., 2019),
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Figure 1: Comparison between the existing ECPEC
paradigm (b-c) and SCALE (d).

which focuses on assigning discrete emotion labels
to individual utterances (Fu et al., 2021; Hu et al.,
2021), ECPEC provides a causal perspective for di-
alogue understanding, enabling more fine-grained
analysis of emotional dynamics. As highlighted
by Poria et al. (2021), ECPEC has broad applica-
bility across multiple domains, including dialogue
systems (Rashkin et al., 2019; Zhong et al., 2020),



conversational recommendation (Liang et al., 2024;
Li et al., 2018), mental health analysis (Cambria
et al., 2018; Pontiki et al., 2016), and social me-
dia opinion mining (Alexander Pak and Patrick
Paroubek, 2010; Liu, 2022).

Early studies on ECPEC predominantly followed
the select-then-pair paradigm (Ding et al., 2020;
Wang et al., 2023a), which independently iden-
tifies candidate emotion utterances and cause ut-
terances before pairing them through heuristic or
classifier-based matching, as shown in 1c. While
intuitive and easy to integrate with existing ERC
models (Gao et al., 2023; Nguyen et al., 2024;
Ghosal et al., 2019), this pipeline is prone to error
propagation during candidate selection and fails to
fully exploit contextualized utterance representa-
tions. To alleviate these issues, subsequent studies
shifted towards the embed-then-pair paradigm (An
et al., 2023; Li et al., 2023; Jeong and Bak, 2023;
Wang et al., 2024a), where utterance embeddings
are directly concatenated and classified as emotion-
cause pairs in an end-to-end manner. Although this
paradigm better leverages utterance-level seman-
tics and avoids explicit candidate construction, it
still treats emotion-cause inference as a collection
of independent pairwise decisions.

Despite their procedural differences, existing
ECPEC approaches share two fundamental limi-
tations. L1) Most methods encode emotion-related
and cause-related information within a unified rep-
resentation space or interaction structure, implic-
itly assuming that emotion diffusion and cause ex-
planation follow homogeneous relational patterns.
However, in real conversations, emotional states
tend to propagate through contextual and speaker-
dependent dynamics, whereas causes are grounded
in explanatory and often asymmetric dependencies.
Conflating these distinct semantics obscures their
respective roles in conversational causality. L2)
Existing methods typically formulate ECPEC as
independent one-to-one pair classification with bi-
nary judgments. Such pairwise formulations are
inherently inadequate for modeling globally con-
sistent many-to-many causal structures, where mul-
tiple interdependent causes may jointly trigger an
emotion and a single cause may influence multiple
emotional outcomes.

To address these limitations, we revisit ECPEC
from a semantic perspective and argue that emotion
diffusion and cause explanation, while grounded in
the same conversational structure, should be charac-
terized by different semantic focuses. Rather than

duplicating dialogue structures or enforcing task-
level separation, we seek to disentangle emotion-
oriented and cause-oriented semantics by map-
ping them into two complementary representation
spaces induced from a shared conversation graph.
Building on this semantic decoupling, we naturally
formulate ECPEC as a global alignment problem
between emotion-side and cause-side representa-
tions, which enables holistic reasoning over many-
to-many emotion—cause relations. Based on this
perspective, we propose SCALE (Semantic Causal
ALignment for ECPEC), a unified framework that
instantiates semantic decoupling and global align-
ment within conversational contexts. Extensive ex-
periments on multiple benchmark datasets demon-
strate that SCALE consistently outperforms exist-
ing state-of-the-art approaches. Overall, the main
contributions of this work are summarized as fol-
lows:

* We revisit ECPEC from a semantic perspec-
tive and highlight the necessity of disentan-
gling emotion diffusion and cause explanation
while preserving shared conversational struc-
ture.

* We propose SCALE, a unified framework that
induces emotion-side and cause-side repre-
sentations from a shared conversation graph
and formulates ECPEC as a global alignment
problem to support many-to-many and glob-
ally consistent inference.

* Extensive experiments on several public
ECPEC benchmarks demonstrate that SCALE
consistently achieves state-of-the-art perfor-
mance.

2 Methodology

Formally, conversation C; =
{1, Pr(un))s - - (UNs Pr(un)) } consisting
of N utterances, each utterance wu; is associ-
ated with a speaker pr(,;), where 7 denotes
a mapping from an utterance wu; to the index
of its corresponding speaker. In ECPEC, the
goal is to identify a set of emotion-cause pairs
P = {(ue,uc) | ue is caused by u.} that charac-
terizes the underlying conversational causality.
To address the limitations of existing approaches,
we propose a framework termed SCALE that
provides a unified solution for the ECPEC task.
An overview of the proposed SCALE is illustrated
in Figure 2. Specifically, each conversation is first

given a
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Figure 2: Overall architecture of our SCALE.

encoded into utterance-level representations and
organized as a conversation graph (§2.1). Then,
SCALE induces two complementary semantic
views of the dialogue, namely emotion-oriented
and cause-oriented representations, by applying
semantic-specific graph encoding mechanisms
(82.2). To explicitly model the correspondence
between emotional utterances and their underlying
causes, SCALE further formulates emotion-cause
inference as a global alignment problem between
the emotion-side and cause-side representations,
which is solved via an optimal transport framework
to enable many-to-many and globally consistent
matching (§2.3). All components are optimized
under a unified learning objective, where emotion
extraction and cause extraction are introduced
as auxiliary supervision signals to facilitate
representation learning and ultimately improve
ECPEC performance (§2.4).

2.1 Encode Conversation as a Graph

To establish relationships between utterances while
capturing both inter- and intra-speaker dependen-
cies (Ghosal et al., 2019; Li et al., 2023; Gao
et al., 2023), we represent each conversation as
a graph G = (V, &, A). Each node v; € V corre-
sponds to an utterance u;, edges e;; € £ are con-
structed according to three types of dependencies,
and A € RV*V is the adjacency matrix.

Nodes. Each utterance u; is represented as a
node v;, initialized with a contextual embedding

T € R% obtained from a pretrained ROBERTa
model (Liu et al., 2019). To incorporate speaker in-
formation, the corresponding speaker p(y,) is first
represented as a one-hot vector and then projected
into a speaker embedding x () € R through
a learnable embedding layer. The final speaker-
aware utterance-level feature is defined as:

where z; € R% is the representation of node v;, &
denotes the concatenation operation.

Edges. We establish three types of relationships
between utterance nodes to capture both global and
local contextual dependencies in the conversation
graph G. The global contextual edge (v;, v;) cap-
tures long-range semantic dependencies between
utterance nodes v; and v;. Such an edge exists
iff cos(x;, ;) + 1 > 75, where ; and x; denote
the node features of v; and v;, respectively, and
Ts 1s a similarity threshold. The local contextual
edge models short-range emotional dynamics. An
edge (vs, v;) exists if |i — j| < W, where W de-
notes the size of the sliding temporal window. The
intra-speaker edge captures speaker-specific emo-
tional consistency. We connect nodes v; and v; iff

m(u;) = 7(u;) and i # j.

Edge weights. We initialize edge weights accord-
ing to the corresponding dependency type. For
global contextual edges, we initialize weights based



on utterance-level semantic similarity:
cos(x;, x;) + 1
61‘J =
2
For local temporal edges, weights decay exponen-
tially with conversational distance:

2

eij = exp(—|i — j|/7e), 3

where 7, controls temporal sensitivity. For intra-
speaker edges, weights reflect speaker-specific
emotional consistency across turns:
exp(—i — j|/7e) + 1
ij = 5 : “)
All initialized edge weights are integrated into a sin-
gle weighted adjacency matrix A, which is treated

as learnable and jointly optimized with other model
parameters.

2.2 Graph Representation Learning

Given the conversation graph G = (V, &, A) con-
structed for emotion-side and cause-side modeling,
respectively, along with the same feature matrix
X = [x1,...,xn]" € RV*% we employ two in-
dependent graph encoders, GNNg and GNN¢, to
learn two sets of node representations in different
semantic spaces:

H® = GNNg (G, X), 5)

where S € {E, C} denotes the emotion or cause
semantic space, H (B) ¢ RN*dn and H() ¢
RN*dn denote the resulting emotion-aware and
cause-aware node representations. At each layer
in encoder, node representations h(S) € H) are
updated via attention-weighted message passing:

05 =6 (n, ) 4y,

ij

g s
055] ) = SOftmaneN’(i) (wl(j )> ) (6)
s) (S) yi7(S) 3, (5)
R =) oy WERT,
JEN (i)

where N (i) denotes the neighborhood of node v;
S)

in G, al(j is the normalized attention coefficient,
W (%) € R *dn is a learnable matrix, and ¢(%) (-
is a learnable scoring function. Importantly, the
(S)

attention coefficient o;;* learned by each encoder
can be viewed as a semantic-specific edge weight
between v; and v; over the shared graph. Specifi-
cally, we define a task-specific weighted adjacency
matrix A(S) € RNV a5

A = ol (7)

v

which captures the relative importance of edge
(vi,vj) under semantic space S. As a result, the
emotion-aware and cause-aware encoders implic-
itly induce two refined adjacency structures, de-
noted as AF) and A(©), respectively.

2.3 Graph Alignment via Optimal Transport

To capture the many-to-many relations inher-
ent in emotion-cause pair extraction, we formu-
late ECPEC as a global alignment problem be-
tween emotion-aware and cause-aware represen-
tations. Formally, given the emotion representa-
tions H(¥) = {hEE)}i]\LI and the cause represen-
tations H(©) = {hl(-c) N |, our goal is to learn
a transport plan T € RN*N where each entry
T;; > 0 indicates the soft correspondence strength

between the i-th emotion representation hEE) and

the j-th cause representation hgc). Unlike inde-
pendent pairwise scoring, the alignment is learned
globally over the entire matrix 7", such that multi-
ple causes can be jointly associated with the same
emotion and the correspondences across different
emotion-cause pairs are mutually constrained.

Alignment objective. We seek to learn the align-
ment matrix T" by minimizing the following objec-
tive with respect to T':

I’}‘lé{)lc(T) =« <Cattra T> ®)
+ (1 - a)ﬁstruct(T)

where Cye € RY*N denotes the attribute-level
cost matrix, Lgct(T') denotes a structure consis-
tency term. Cjy measures semantic compatibility
(E) ¢ H(E) and

e H'©), with each entry

between emotion representation h
(@)

cause representation h;

defined as:
Cuunliv j) = 1= cos (A RIV), 9)

where smaller values indicate higher semantic affin-
ity. The structure-level term Ly (T') is defined
as a structure consistency loss that measures the
discrepancy between relational patterns encoded in
the emotion-side and cause-side dialogue graphs.
Specifically, it is formulated as:

2
LanaT) = Y A = AD| Ty, (10)
1,k,5,l



Optimization. The resulting objective £(T') is
non-linear due to the quadratic structure consis-
tency term Lgyet(T). To efficiently minimize it
in a differentiable manner, we adopt an entropy-
regularized Sinkhorn scheme based on the standard
fused Gromov-Wasserstein optimization strategy.
Starting from a uniform initialization TO) we it-
eratively linearize the structure consistency term
around the current solution and solve a sequence
of entropic optimal transport subproblems. At iter-
ation ¢, the linearized approximation of Lgryet(T)
induces an effective structure-aware cost matrix:

. E o)?
k,l

which leads to the following cost matrix used to
construct a linear surrogate of £(T):

CY = aCur + (1 - )Ch. (12
The updated alignment matrix T is iteratively up-
dated via Sinkhorn normalization:

T =S (exp(-CO/e)),  (13)
where S denotes the Sinkhorn operator with stan-
dard marginal constraints, and ¢ is the entropy regu-
larization coefficient controlling the smoothness of
the transport plan. After convergence, we apply a
row-wise softmax with temperature 7; to emphasize
dominant alignments:

T = softmax(T /7). (14)

The resulting T can be interpreted as a normal-
ized alignment distribution, which reflects potential

many-to-many associations between emotions and
causes within each dialogue.

2.4 Multitask Joint Learning

SCALE adopts a multitask joint learning frame-
work, where all task-specific objectives are opti-
mized simultaneously with a shared encoder and
task-specific prediction heads.

Emotion-Cause Pair Prediction. Given the row-
normalized alignment matrix T, each entry ﬁj rep-
resents the global correspondence strength between
an emotion utterance u; and a candidate cause ut-
terance u;. To incorporate local discriminative
evidence, we compute a pairwise matching score

by applying a lightweight classifier to the concate-
nated emotion-aware and cause-aware representa-
tions of each utterance pair:

sij = FECPEC ([Hi(E), H](-C)D ; (15)

where Fgcpec is implemented as a lightweight
MLP with a sigmoid output layer. The final predic-
tion score for emotion-cause pairs is obtained by
combining global alignment and local evidence:

_(ECPEC ~
y,(j ) = BTy + (1 - ) sij,

where /3 controls the relative contribution of global
correspondence and local evidence.

(16)

Emotion and Cause Extraction. We perform
utterance-level emotion extraction (EE) and cause
extraction (CE) using two parallel lightweight clas-

sifiers: R
YE) = Fp(HP)),

Y©) = Fop(H©),

where Fgg and JFcg are implemented as
lightweight MLPs with softmax output layers.

(17)

Joint Optimization. The learning of SCALE is
performed by minimizing L:
L = Lrcrrc + ApeLEr + AceLcE,
Lpp = CE(Y®) Y (B,
Lop = CE(Y(9,Y),

(18)

where Lgpg and Lcp are cross entropy losses,
Arg and A\¢og controlling their contributions. The
ECPEC loss LrcpEgc is defined as:

Lrcrec = Lpair + Aot LOT- (19)

The pair-level supervision term is computed with
binary cross-entropy over the predicted pair scores:

Lyur = BCE (5T ) @)
where y € {0, 1} is the ground-truth label for the
emotion-cause pair. The OT consistency regular-
izer encourages the local pair-wise prediction to
match the OT-derived alignment score:

Lot = Dx, (Bern(sij)]\Bern(ij)> . @D

Here Dgp, denotes the Kullback—Leibler diver-
gence, Bern is a Bernoulli distribution, s;; is the
local pair-wise prediction score in Equation (15),
and Tij € T denotes the corresponding OT-derived
alignment score.



Dataset #Dlg.  #Utt. #Pairs Partition
RECCON-DD 1,106 11,104 5,861 7515120
RECCON-IE 16 665 1154  test only
ECF 1,374 13,619 9,794  70/10/20

Table 1: Dataset statistics.

3 Experiments

To comprehensively evaluate the proposed SCALE,
we formulate the following Research Questions to
guide our experiments:

RQI: How does SCALE compare with existing
state-of-the-art approaches on ECPEC datasets?
RQ2: How robust is SCALE in handling multi-
cause scenarios compared to prior methods?

RQ3: How do key components of SCALE
contribute to ECPEC performance?

RQ4: Can SCALE provide interpretable emotion—
cause alignments and meaningful insights through
qualitative analysis?

3.1 Experimental Setups

Datasets. We evaluate our method on three rep-
resentative datasets: RECCON (Poria et al., 2021),
which consists of two subsets, RECCON-DD and
RECCONT-IE, and ECF (Wang et al., 2023a). The
dataset statistics are illustrated in Table 1, fur-
ther details of these datasets are provided in Ap-
pendix B.

Baselines. We compare our method against
several representative baselines, including REC-
CON (Poria et al., 2021) based on RoBERTa,
MECPE-2steps (Wang et al., 2023a), PRG-
MOoE (Jeong and Bak, 2023), Joint-Xatt (Li et al.,
2023), Joint-GCN (Li et al., 2023), MRC (Liu et al.,
2023), and CENTER (Wang et al., 2024a). De-
tailed descriptions of these baselines are provided
in Appendix C.

Metrics. Following previous work (Xia and Ding,
2019), we adopt F1-score (F1), Precision (P), and
Recall (R) as evaluation metrics.

Implementation Details. We derive textual
features for each utterance using a pretrained
RoBERTa model. Unless otherwise specified, hy-
perparameters are set as follows: the temporal win-
dow size W = 5, utterance and speaker embed-
ding dimensions d,, = 768 and ds = 50, similarity
and decay parameters 7, = 0.5, 7 = 2.0, and

7+ = 1.0, and weighting coefficients o« = 0.8,
B8 =04, =05, Agg = 0.2, A\cg = 0.4, and
Aot = 1.0. Model training is conducted using the
AdamW optimizer (Loshchilov and Hutter, 2017)
with a learning rate of 1 x 104, We employ a
ReduceLLROnPlateau scheduler and early stopping
based on validation performance. All experiments
are implemented in PyTorch (Paszke et al., 2019)
and executed on a single NVIDIA RTX 4090 GPU.
For a consistent comparison, all baselines are reim-
plemented based on their publicly released code or
original descriptions, and trained under the same
experimental settings.

3.2 Results and Discussion

3.2.1 Overall Performance (RQ1)

We evaluate all methods on the ECPEC task
across three benchmarks, namely RECCON-DD,
RECCONC-IE, and ECF. As reported in Table 2,
SCALE consistently achieves the highest recall and
F1-score on all three datasets. On RECCON-DD,
SCALE attains an F1 score of 58.83, outperforming
the strongest baseline in terms of F1, PRG-MoE
(57.26), by a relative improvement of +2.7%. On
the smaller and cross-domain RECCON-IE dataset,
SCALE achieves the best F1 score of 34.69, sur-
passing the strongest baseline (28.90) by a substan-
tial relative gain of +20.0%, which highlights its
strong generalization capability. Similarly, on ECF,
SCALE delivers a notable relative improvement
of +9.5% over MECPE-2steps (52.71) in terms
of Fl-score. We also observe that SCALE does
not achieve the highest precision on most datasets.
This behavior is consistent with the design of the
soft optimal transport alignment, which encourages
broader semantic matching between emotion and
cause representations and therefore favors higher
recall at the potential expense of precision.

3.2.2 Multi-Cause Study (RQ2)

As mentioned above, multi-cause scenarios intro-
duce additional challenges for ECPEC. To evaluate
model robustness under such settings, We there-
fore construct three multi-cause test subsets from
RECCON-DD, RECCON-IE, and ECF, by select-
ing all dialogues in the original test splits where
a single target emotion is annotated with two or
more distinct causes. We then re-evaluate all mod-
els on these subsets to assess their robustness in
capturing multiple causal triggers. As shown in
Table 3, all models suffer from a notable perfor-
mance drop, confirming the inherent difficulty of



RECCON-DD RECCON-IE ECF
P R F1 R F1 P R F1
RECCON 49.31 3319 39.68 51.04 11.00 18.10 30.26 37.58  33.52
MECPE-2steps  49.34  47.37 48.34 27.31 6.30 10.24 57.64 48.72 5271
PRG-MoE 5895 55.67 57.26 5195 20.02 2890 47.11 55.27 50.86
Joint-Xatt 28.64 40.43 33.53 2837 1230 17.16 42.65 39.19 40.85
Joint-GCN 30.79  36.88 33.56 27.49 16.67 20.75 40.29 42.33 41.28
MRC 52.19  52.86 5247 59.59 16.08 20.96 44.46 57.65 50.20
CENTER 4739  46.88 47.13 3492 2438 2871 4790 43.65 44.75
SCALE 56.31 61.60 5883 4254 2929 34.69 5501 60.67 57.70

Table 2: Comparison results of ECPEC task.

RECCON-DD RECCON-IE ECF

RECCON 28.27 8.76 23.75
MECPE-2steps 33.61 11.48 28.71
PRG-MoE 37.84 21.62 33.71
Joint-Xatt 23.18 4.62 25.15
Joint-GCN 23.73 5.08 26.96
MRC 33.39 3.22 25.64
CENTER 34.09 9.73 28.20
SCALE 38.33 25.33 35.55

Table 3: Comparison of Fl-scores on the multi-cause
scenario.

RECCON-DD RECCON-IE ECF

Full model 58.83 34.69 57.70
w/o SRL 56.72 31.22 55.77
w/o GA 55.26 29.08 53.82
w/o SRL & GA 53.66 28.18 52.54
w/o EE 58.44 34.43 57.43
w/o CE 57.99 34.07 57.11
w/o CE & EE 57.15 33.57 56.54

Table 4: Ablation study.

multi-cause prediction. Nevertheless, SCALE con-
sistently achieves the best F1 scores across all three
subsets. We attribute these improvements to the
global alignment formulation in SCALE, which
models emotion—cause relations as soft many-to-
many correspondences between emotion-oriented
and cause-oriented representations, enabling joint
reasoning over dispersed causal evidence for each
emotion.

3.2.3 Ablation Study (RQ3)

To verify the effectiveness of the key design prin-
ciples in SCALE, we conduct ablation experi-
ments by removing separated representation learn-
ing (SRL; see §2.2), global alignment (GA; see
§2.3), and auxiliary supervision (i.e., EE and CE).
Specifically, w/o SRL collapses emotion-oriented

and cause-oriented encoders into a single graph
encoder that learns a shared representation for all
utterances, while w/o GA removes the alignment
module and performs emotion—cause prediction
based solely on independent pairwise scores. As
shown in Table 4, removing either SRL or GA con-
sistently degrades ECPEC F1 performance across
all datasets, with a more pronounced drop observed
when GA is disabled, underscoring the importance
of soft many-to-many alignment for modeling com-
plex emotion-cause relations. We further observe
that auxiliary supervision is beneficial to ECPEC
Removing EE or CE individually leads to mild
performance drops, while jointly removing both
results in a more noticeable degradation, indicating
that EE and CE provide complementary support
for representation learning.

3.2.4 Qualitative Analysis (RQ4)

Case Study Figure 3a presents a qualitative com-
parison between SCALE and the strongest base-
line PRG-MoE on a dialogue sampled from the
ECF dataset. Among the seven ground-truth
emotion—cause pairs, SCALE correctly predicts
five, whereas PRG-MOoE identifies only two, indi-
cating a clear performance gap. For long-distance
dependencies, such as (ug, u3) and (us, ug), both
models fail to recover the correct relations, suggest-
ing that capturing causal cues separated by large
conversational gaps remains challenging. In con-
trast, for short-distance dependencies, including
(ug,uq), (us,us), (uqg,uq), (ug,us), and (us, us),
SCALE achieves perfect predictions. Regarding
multi-cause scenarios, SCALE successfully identi-
fies the dual-cause emotion [(u4, ug), (u4, uq)], but
fails to capture both causes in [(ug, ug), (ug, us)].
These observations suggest that while the global
alignment mechanism enables flexible one-to-many
reasoning, modeling long-range causal dependen-
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Figure 3: Qualitative analysis.

cies remains an open challenge.

Error Analysis. To further analyze the behavior
of SCALE in multi-cause scenarios, we examine
its performance on the ECF dataset. As shown in
Figure 3b, most instances involve a single cause,
while samples with multiple causes are increasingly
scarce. Despite achieving the best overall perfor-
mance on the multi-cause subset of ECF, SCALE
exhibits decreasing recall as the number of causes
increases, since recall requires all causes associ-
ated with an emotion to be correctly identified, in-
dicating that exhaustive cause retrieval in complex
multi-cause settings remains challenging.

3.2.5 Auxiliary Analysis

Performance on EE and CE. To provide ad-
ditional context on the intermediate subtasks, we
evaluate the performance of SCALE on emotion ex-
traction (EE) and cause extraction (CE). As shown
in Table 5, SCALE yields reasonable performance
on both EE and CE across datasets, without relying
on task-specific architectural designs. It is worth
noting that SCALE is primarily optimized for the
ECPEC objective, while EE and CE are incorpo-

RECCON-DD RECCON-IE ECF
Method

EE CE EE CE EE CE
MECPE-2steps 71.30 65.81 42.52 44.49 79.10 70.13
PRG-MoE 73.86 - 57.29 - 71.82 -
Joint-Xatt 5871 51.93 47.34 40.26 67.75 62.73
Joint-GCN 61.87 51.35 46.58 35.75 68.31 64.05
MRC 75.49 - 39.54 - 74.08 -
CENTER 68.32 - 49.61 - 67.07 -
SCALE 7323 67.87 55.57 54.90 76.10 61.81

Table 5: Comparative results of EE and CE subtasks
(F1-score) across three datasets.

Method RECCON-DD ECF
DeepSeek-V3.2 47.11 42.81
GPT-5.1 Instant 55.26 54.76
Gemini-3-pro-preview 56.08 55.42
SCALE 58.83 57.70

Table 6: Comparison with recent LLMs.

rated as auxiliary supervision during training rather
than standalone targets.

Comparison with recent LLMs. We compare
SCALE with three recent LLMs under a 4-shot
prompting setting. As shown in Table 6, SCALE
achieves higher F1-scores than the best-performing
LLM on both datasets. These results suggest that
explicit modeling of conversational structure and
emotion—cause relations remains advantageous for
ECPEC, even in the presence of strong prompt-
based LLM baselines.

4 Conclusion

In this paper, we proposed SCALE, a semantic
alignment framework for emotion—cause pair ex-
traction in conversations. By decoupling emotion-
oriented and cause-oriented semantics and mod-
eling their interactions through global alignment,
SCALE reformulates ECPEC as a many-to-many
reasoning problem over conversational structure.
This design enables more holistic modeling of com-
plex causal dependencies beyond independent pair-
wise prediction. Extensive experiments on three
benchmark datasets demonstrate that SCALE con-
sistently outperforms existing approaches, particu-
larly in challenging multi-cause scenarios, validat-
ing its effectiveness and robustness.

Limitations

The proposed SCALE focuses on textual conver-
sations and does not incorporate other modalities



such as acoustic or visual signals. In real-world
scenarios, emotion expression and causal cues may
span multiple modalities, which could provide com-
plementary information beyond text alone. While
the alignment-based formulation of SCALE is in
principle compatible with multimodal representa-
tions, extending the framework to fully multimodal
ECPEC settings is beyond the scope of this work
and remains an interesting direction for future re-
search.

Additionally, emotion-cause relations in conver-
sation are often ambiguous and context-dependent,
and models trained on annotated datasets may in-
herit annotation bias or incomplete causal assump-
tions. Therefore, the proposed framework should
be used as an assistive tool rather than a definitive
explanation of emotion causality.
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A Related Work

A.1 Emotion-Cause Pair Extraction.

Research on emotion-cause analysis originated
from the Emotion Cause Extraction (ECE)
task (Lee et al., 2010; Gui et al., 2016; Li et al.,
2018), which aims to identify the cause span cor-
responding to a given emotion. To overcome the
limitation of requiring emotion annotation before
cause extraction, Xia and Ding (2019) proposed
the Emotion-Cause Pair Extraction (ECPE) task,
which jointly extracts emotions and their causes,
and inspired a line of subsequent studies (Ding
et al., 2020; Chen et al., 2020; Fan et al., 2021).
While remarkable progress has been made in ECPE
research, the majority of existing approaches (Fan
et al., 2021; Chen et al., 2022; Zhu et al., 2024)
are confined to document-level corpora, where
emotions and their corresponding causes are ex-
pressed within a single, coherent narrative flow.
Such clause-level formulations inherently neglect
the distinctive characteristics of dialogues, such
as speaker role alternation, intertwined emotional
events, and long-range conversational dependen-
cies, thereby highlighting the necessity of extend-
ing ECPE into conversational contexts.

A.2 Emotion-Cause Pair Extraction in
Conversation.

Early efforts on conversational cause analysis be-
gan with RECCON (Poria et al., 2021), which fo-
cused on cause recognition rather than emotion-
cause pair extraction. Li et al. (2023) formally
introduced the ECPEC task and released the Con-
vECPE dataset, along with a two-step framework
that explicitly models conversational properties
such as context dependence and speaker interactiv-
ity. Subsequent works explored more sophisticated
modeling, such as pair-relations-guided mixture-of-
experts system PRG-MOE (Jeong and Bak, 2023),
machine reading comprehension-based method
MRC (Liu et al., 2023), global-view speaker-aware
frameworks GSESE (An et al., 2023), and event-
guided ECPEC frameworks CENTER (Wang et al.,
2024a). Beyond text, multimodal ECPEC has been
studied with the ECF dataset (Wang et al., 2023a)
and improved by cross-modality interaction mech-
anisms such as Hil.o (Li et al., 2024). Despite
these advances, existing methods still follow the
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pairwise classification paradigm and thus fail to
capture global many-to-many alignments between
emotions and causes in dialogues, leaving robust
causal modeling an open challenge.

A.3 Graph Alignment and Optimal
Transport.

Graph alignment aims to identify correspondences
between nodes across related graphs (Saxena and
Chandra, 2024; Skitsas et al., 2023; Trung et al.,
2020), a problem widely studied in network analy-
sis and data integration. As a global matching prob-
lem, it can be naturally addressed by Optimal Trans-
port (OT) (Zeng et al., 2024; Wang et al., 2023b;
Xu et al., 2019), which computes a global coupling
between two sets that minimizes transportation cost
and captures many-to-many correspondences un-
der a global optimization objective (Zeng et al.,
2023; Maretic and Gheche, 2019). This property
makes OT particularly suitable for aligning emo-
tions and causes in dialogues, where multiple can-
didates may coexist and local decisions can be in-
sufficient. However, OT has not yet been explored
in ECPEC, which motivates reformulating our task
as a global graph alignment problem through the
integration of dual graph learning and OT.

B Datasets

We employ three representative datasets , followed
by detailed descriptions below.

RECCON (Poria et al., 2021) is a widely used
benchmark that consists of two subsets: RECCON-
DD, annotated from DailyDialog (Li et al., 2017),
serves as the main corpus for model training and
evaluation, while RECCON-IE, annotated from
IEMOCAP (Busso et al., 2008), is a smaller subset
used exclusively to test the generalization ability.

ECF (Wang et al., 2023a) is a multimodal bench-
mark derived from the sitcom Friends, providing
annotated emotion—cause pairs across text, audio,
and visual modalities, with many emotions trig-
gered by multiple utterances.

C Baselines

We compare our method against seven representa-
tive baselines, which can be broadly grouped into
three categories:

1) Method based on general pre-trained model: Fol-
lowing Poria et al. (2021), we adopt a pretrained
RoBERTa (Liu et al., 2019) model with a classifi-
cation layer to identify emotion—cause pairs, which
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Text Audio Video F1
+ 57.70
+ + 58.13
+ - + 58.07
+ + + 58.63

Table 7: Multimodal evaluation of SCALE on the ECF
dataset.

we refer to as RECCON, serving as a benchmark
baseline.

2) Methods with sequential modeling: MECPE-
2steps (Wang et al., 2023a) adopts a two-step
pipeline that first extracts candidate emotions
and causes sets by a shared BiLSTM and then
filters valid pairs with another BILSTM. PRG-
MOoE (Jeong and Bak, 2023) constructs relational
graph with a mixture-of-experts, where a gating net-
work aggregates diverse relational patterns. Joint-
Xatt (Li et al., 2023) utilize cross-attention to
model emotion—cause dependencies.

3) Methods based on graph modeling: Joint-
GCN (Li et al., 2023) extends Joint-Xatt by replac-
ing cross-attention with graph convolutional net-
work to model inter-utterance relations. MRC (Liu
et al., 2023) reformulates ECPEC as machine read-
ing comprehension and employs GNNs to encode
dialogue structure. CENTER (Wang et al., 2024a)
builds a center event—aware graph with contrastive
objectives for pair-level discrimination.

D Multimodal Extension

Although SCALE is not primarily designed for
multimodal modeling, it can be easily extended to
handle multimodal inputs. As the ECF dataset pro-
vides text, audio, and video modalities, we follow
prior work by concatenating unimodal features as
a simple fusion strategy, since multimodal fusion
is not the main focus of this paper. As shown in Ta-
ble 7, SCALE achieves consistent improvements
over the text-only variant when additional modali-
ties are incorporated, demonstrating its adaptability
and robustness across multimodal settings.
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