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Abstract
Affective computing has achieved notable success
in recognizing explicit emotions from short, iso-
lated dialogue segments. However, human emo-
tions are often implicitly expressed, internally reg-
ulated, and dynamically evolve over extended in-
teractions. Existing models struggle to disentangle
internal emotional states from external expressions,
and fail to capture the emotional inconsistency that
emerges across long-horizon dialogues. To address
this limitation, we introduce Emotional Inconsis-
tency Analysis (EIA), a long-horizon task formu-
lation for identifying and reasoning about discrep-
ancies between implicit and explicit emotions in
dialogue. To support this task, we construct the
MaskDialog dataset carefully curated from TV-
drama and large language models (LLMs) gener-
ated. We further propose two LLM-based baseline
approaches, i.e., One-shot Self-consistent Inference
and Cascaded Multi-step Inference, and conduct
comprehensive analyses on dialogue construction
strategies and inference behaviors. Experiments
across six mainstream LLMs reveal that EIA re-
mains highly challenging, particularly in model-
ing implicit emotional trajectories and cross-turn
inconsistency. Overall, EIA reframes emotion un-
derstanding from short-term recognition to longitu-
dinal, implicit emotion tracking, with implications
for dialogue systems and human–computer interac-
tion.

1 Introduction
There have been remarkable advances in affective computing
in recent years. Research has progressed not only in fine-
grained analysis [Lian et al., 2025a; Zhang et al., 2024] and
multimodal fusion [Luo et al., 2024], but also in addressing
challenges related to cross-domain generalization and model
explainability [Li et al., 2024; Han et al., 2025]. Current re-
search in affective computing exhibits apparent limitations.
A primary limitation is the focus on short-term, explicit emo-
tions. Emotion, however, is a complex state encompassing
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two distinct layers: explicit and implicit. Explicit emotion
refers to outwardly displayed affect, whereas implicit emo-
tion denotes an individual’s genuine, internal subjective ex-
perience. This separation originates in the brain’s regulatory
mechanisms, which continuously modulate outward expres-
sions to meet situational demands, often leading to the con-
cealment of genuine inner states. Consequently, methods that
rely solely on transient external information fail to capture
the deeper, often concealed, dynamics of authentic emotional
experience [Schneeberger et al., 2024].

Consider a character who smiles and says “I’m fine” af-
ter a traumatic event. Typical emotion models would likely
classify this emotion as “joy”, failing to recognize the facade
of explicit positivity that masks underlying “pain”. Conse-
quently, such models are unable to see beyond this surface
expression, much less infer the implicit emotion. This limi-
tation becomes particularly problematic in long-horizon dia-
logues, where a character’s genuine emotional state is contin-
ually shaped by accumulated experiences, evolving relation-
ships, and internal psychological development.

In real social interactions, what people show is not always
what they feel. As psychological and social theories suggest,
individuals often regulate their displays (e. g., maintaining
composure, concealing fear, signaling loyalty), which natu-
rally gives rise to feigned explicit emotions that diverge from
genuine implicit emotions [Goffman, 2023]. Thus, we con-
tend that effective modeling of such cases requires must not
only recognize surface expressions but also decipher the long-
horizon cognitive history behind them. This necessitates a
modeling framework that traces how implicit emotional states
evolve through accumulated experiences.

Motivated by this gap, we propose Emotional Inconsis-
tency Analysis (EIA), a task requiring models to go beyond
explicit emotion labels and reason about the gap between a
character’s implicit and explicit emotions. As shown in Fig-
ure 1, given a target character, current scene dialogue and
prior context, EIA demands fine-grained emotional inconsis-
tency analysis covering Inconsistency Detection (subtask-
I), Dual Emotion Recognition (subtask-II), and Trigger-
Rationale Attribution (subtask-III).

A major barrier to studying such a complex, multi-faceted
task is the lack of suitable benchmarks. To address this, we
constructed MaskDialog, a long-horizon dialogue dataset tai-
lored for EIA. It comprises a curated set of instances, with
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Carter	and	Tom,	close	friends	since	college,	often	hang	out	after	work.
They	share	a	strong	bond	both	inside	and	outside	the	office.

Tom,	let's	go	watch	the	European	Cup	together.

Half	years	ago
A	manager	position	opens	up	in	their	department,	creating	intense
competition	between	them.	Their	friendship	becomes	strained.

At	the	team	meeting,	Carter	is	announced	as	the	new	manager.

Subtask-I:		Inconsistency	Detection

Subtask-II:	Dual	Emotion	Recognition

Subtask-III:	Trigger-Rationale	Attribution

Explicit	Emotions:		{																		}

Implicit	Emotions:	{																													}

Trigger:	Man,	congrats!	You	totally	earned	it.	Seriously,	best	man	for	the	job.
Rationale:	Tom's	praise	is	feigned.	His	genuine	feelings	are	disappointment
and	resentment,	stemming	from	losing	the	promotion	he	fiercely	competed	for.

Two	years	ago

Now

Inconsistent:	True

Carter,	my	car	has	broken	down,	come	over	and	help	me.

My	strategy	will	land	the	client,	Tom.	Yours	is	conservative.

And	yours	is	reckless.	We'll	see	whose	numbers	talk.

Thanks,	everyone.	I'm	looking	forward	to	leading	this	team.

Congrats!	You	totally	earned	it.	Seriously,	best	man	for	the	job.

Figure 1: An example of Emotional Inconsistency Analysis (EIA).
Given a target character (Tom), preceding scenes, and the current
scene, the task requires Inconsistency Detection, Dual Emotion
Recognition, and Trigger-Rationale Attribution.

a balanced distribution of inconsistent and consistent cases.
The instances were sourced from both real TV-drama scripts
and LLM-generated scripts. To construct the dataset, we em-
ployed two LLM-assisted pre-annotation pipelines, Script-
to-Instance and LLM-to-Script, both of which are followed
by a unified human verification and quality-control proce-
dure. To address EIA, we propose two LLM-based infer-
ence methods: One-shot Self-consistent Inference and Cas-
caded Multi-step Inference. We benchmarked both meth-
ods on MaskDialog across six mainstream LLMs and further
conducted ablation studies to investigate the impact of long-
horizon context construction and character-state modeling.

Our main contributions are summarized as follows:

• We formalize EIA, a novel long-horizon task for an-
alyzing explicit and implicit emotional inconsistency
in long-horizon dialogues. EIA comprises three sub-
tasks: Inconsistency Detection, Dual Emotion Recogni-
tion, and Trigger-Rationale Attribution.

• We construct MaskDialog, a benchmark dataset for
EIA comprising a curated set of instances with a bal-
anced distribution of inconsistent and consistent cases,
and provide two LLM-assisted pre-annotation pipelines:
Script-to-Instance and LLM-to-Script.

• We develop two LLM-based baseline methods for
EIA, One-shot Self-consistent Inference and Cas-
caded Multi-step Inference. Furthermore, we provide
systematic analyses on the impact of long-horizon con-

text construction strategies.

2 Related Work
In this section, we review the related research on emotion
recognition and implicit emotion.

2.1 Emotion Recognition
Emotion recognition has been widely studied across text-
, speech-, and vision-based settings and has gradually ex-
panded from coarse categorical prediction to more context-
aware and conversational emotion understanding [Gao et al.,
2025; Pereira et al., 2024]. Recent surveys and reviews high-
light the increasing importance of modeling context, speaker
interaction, and pragmatic clues in dialogues [Plaza-del Arco
et al., 2024]. A representative research line is emotion recog-
nition in conversation (ERC). Popular benchmarks include
DailyDialog and multimodal datasets like MELD [Poria et
al., 2019; Li et al., 2017], which provide turn-level emo-
tion annotations for multi-turn conversations. Recent work
further emphasizes contextual reasoning and psychological
state modeling, yet dominant frameworks still treat emotion
as a local target tied to external utterance or clip expres-
sions. [Lee and Lee, 2022; Zhao et al., 2022]. Mainstream
ERC setups rarely make a distinction between a speaker’s im-
plicit emotion from explicit emotion [Stepputtis et al., 2023;
Brahman et al., 2021; Anwar et al., 2025]. Current re-
search focuses on implicit and explicit emotions in short con-
texts, whereas emotional authenticity and long-horizon in-
consistency reasoning remain largely underexplored in long-
horizon dialogues [Li et al., 2025b; Koga et al., 2024;
Xinyi et al., 2024; Su et al., 2025; Liu et al., 2022].

2.2 Implicit Emotion Recognition
Related tasks also address the mismatch between feigned ex-
pressions and genuine intent or affect, including sarcasm de-
tection, deception detection, metaphor understanding, and
implicit emotion recognition. Sarcasm detection addresses
pragmatic incongruity between literal content and intended
meaning, often exhibiting sentiment polarity reversal. How-
ever, it is typically formulated at the sentence or short-context
level. It also focuses on a narrow form of incongruity
rather than explicit and implicit emotions [Farabi et al., 2024;
Yao et al., 2025]. Deception detection aims to infer whether a
speaker’s statements or behaviors are deceptive. Its objective
is usually veracity or credibility prediction, not the inference
of paired implicit versus explicit emotions in long-horizon di-
alogues [Gupta et al., 2019; Soldner et al., 2019]. Implicit
emotion recognition requires inferring emotion from context
without explicit emotion words. Most frameworks, however,
operate on short texts and a limited emotion taxonomy. They
also fail to distinguish genuine from explicit emotion [Deng
and Ren, 2021]. In contrast, EIA explicitly targets implicit
and explicit emotion inconsistency analysis in long-horizon
dialogues. It requires evidence-grounded reasoning over ac-
cumulated events and evolving character states.

3 Task Definition and Dataset Construction
This section formalizes the EIA task and metrics, then de-
scribes the MaskDialog construction process, which com-
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bines LLM pre-annotation with human verification.

3.1 Task Definition: EIA
EIA moves beyond surface recognition by using an individ-
ual’s long-horizon history to analyze their current emotional
state. The core challenge is reasoning about the incongruence
between explicit and implicit emotions, which involves three
key tasks: detection, recognition, and causal analysis.
Problem Formulation. A long-horizon dialogue is seg-
mented into an ordered sequence of scenes S =
{S0, S1, . . . , St}, we denote the preceding scenes as Ht =
{S0, . . . , St−1}, and c denotes the target character. Each
scene Si contains a multi-speaker dialogue with utterances
Si = {ui,1, . . . , ui,n}, where each utterance u is associated
with a speaker identity spk(u).

At time step t, the input is:

xt = ⟨c, St, Ht⟩, (1)

where c is the target character, St is the current scene, and
Ht = {S0, . . . , St−1} is the long-horizon history.

Given xt, we formulate EIA as the following mapping:

fθ(c, St,Ht) →
(
yinct , Eim

t , Eex
t , u⋆

t , rt
)
, (2)

where yinct ∈ {0, 1} indicates whether the character is in-
consistent (1) or consistent (0). When yinct = 0, Eim

t (im-
plicit emotional state) and Eex

t (explicit emotional state) are
treated as aligned, and u⋆

t ( the most indicative utterance) and
rt (evidence-grounded explanation) are omitted.
Subtask-I: Inconsistency Detection. The first subtask pre-
dicts whether the target character c exhibits implicit and ex-
plicit inconsistency in the current scene St:

yinct ∈ {0, 1}. (3)

Subtask-II: Dual Emotion Recognition. If yinct = 1, two
emotion-state descriptions for the target character are gener-
ated:

Eex
t and Eim

t , both represented by open-vocabulary emo-
tion words that are not restricted to a fixed label set.
Subtask-III: Trigger-Rationale Attribution. The third
subtask localizes the most indicative utterance by c in the cur-
rent scene, and generates an evidence-grounded explanation
rt that analyzes why the inconsistency occurs by integrating
the current scene St and the long-horizon history Ht:

rt = Explain(c, St,Ht). (4)

3.2 Evaluation Metrics
Subtask-I is a binary classification task where yinc = 1 de-
notes inconsistent and yinc = 0 denotes consistent. We adopt
standard metrics (Accuracy, Precision, Recall, F1), taking the
inconsistent class F1 as the primary metric and reporting Ac-
curacy due to the balanced dataset.

Subtask-II evaluates predicted implicit (Êim
i ) and explicit

(Êex
i ) emotion sets against ground truths (Eim

i , Eex
i ). Exact

matching is impractical for open-vocabulary terms; thus, we
follow AffectGPT [Lian et al., 2025a] and apply a canonical-
ization function ϕ(·) with normalization, synonym merging,
and taxonomic mapping before computing set-level metrics.

Specifically, suppose the dataset contains N samples. For
each sample i and state j ∈ {implicit, explicit}, we com-
pute precision, recall, and F1 as:

P j
s =

1

|N |
∑
i∈N

∣∣∣ϕ(Ej
i ) ∩ ϕ(Êj

i )
∣∣∣∣∣∣ϕ(Êj

i )
∣∣∣ , (5)

Rj
s =

1

|N |
∑
i∈N

∣∣∣ϕ(Ej
i ) ∩ ϕ(Êj

i )
∣∣∣∣∣∣ϕ(Ej

i )
∣∣∣ , (6)

F1js =
2P j

sR
j
s

P j
s +Rj

s

. (7)

We report the average state score as:

F1s =
1

2

(
F1ims + F1exs

)
. (8)

Subtask-III is restricted to the inconsistent instances
(yinci = 1), for which annotations are available. We denote
this subset as D+ = {i | yinci = 1}.

Trigger Accuracy. We compute the exact match rate be-
tween the predicted trigger û⋆

i ∈ St and the ground truth u⋆
i

for all instances i ∈ D+:

EMi =

{
1, û⋆

i = u⋆
i ,

0, otherwise.
(9)

AccTrig =
1

|D+|
∑
i∈D+

EMi. (10)

Rationale score. We employ GPT-5.2 as a judge to evalu-
ate the predicted rationale r̂i (i ∈ D+) against ri and xi based
on Relevance (reasoning), Accuracy (faithfulness), and Com-
pleteness (coverage), the final score is averaged over D+:

ScoreRat =
1

|D+|
∑

i ∈ D+LLMScore(r̂i, ri, xi). (11)

3.3 Dataset Construction
Figure 2 illustrates the construction of MaskDialog via two
LLM-assisted pipelines: Script-to-Instance (mining exist-
ing TV scripts) and LLM-to-Script (generating synthetic
scripts). Both pipelines undergo unified human verification.

Script-to-Instance Pipeline
MaskDialog is built from TV scripts, where each scene (nar-
ration and dialogue) forms an indexed instance. To manage
script length, we use a sliding window of m scenes, maintain-
ing history summaries (S0, . . . , St−1) and character cards, all
updates restricted to preceding scenes to prevent data leak-
age. For each window, Gemini-2.5-pro processes the scenes,
history, and character cards to generate evidence-based incon-
gruence candidates, history summary for event tracking, and
updated character cards. This process iterates through the en-
tire script. To ensure dataset balance, we sample an equal
number of consistent instances from scenes not flagged as
inconsistent by the LLM.
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Figure 2: Overview of the MaskDialog construction pipeline. We
build candidate EIA instances via two complementary pipelines:
Script-to-Instance mines instances from TV drama scripts, while
LLM-to-Script generates scripts iteratively. Both are processed by
a shared LLM pre-annotation module, then refined through unified
human verification to yield high-quality MaskDialog instances.

LLM-to-Script Augmentation

To enhance diversity with controllable patterns, we aug-
ment the dataset by prompting an LLM to generate thematic
scripts. We first specify themes covering diverse social set-
tings and instruct the LLM to create a high-level outline com-
prising a synopsis, chapters, and character profiles. This scaf-
fold ensures narrative coherence for long-horizon reasoning.

The script is generated iteratively, chapter by chapter. For
each chapter k, the LLM receives as input the outline, char-
acter profiles, and a running history summary mk−1 of all
preceding chapters. It is then prompted to generate the di-
alogue scenes for chapter k. Subsequently, the summary is
updated to mk to incorporate the new content, and the pro-
cess advances to chapter k+1. This continues until the entire
script is complete.

During generation, we instruct the LLM to produce scenes
with explicit–implicit emotional inconsistency for selected
characters while preserving natural dialogue. For each scene,
the LLM outputs preliminary EIA annotations as candidates
for human verification. To maintain dataset balance, we also
sample consistent scenes from generated scripts with aligned
explicit and implicit emotional states. We adopt Gemini-2.5-
pro to create these synthetic scripts and annotations.

Human annotation and label refinement
All LLM-generated candidates are subjected to the same rig-
orous human verification and quality-control pipeline as the
script-based data. Specifically, we first filter candidates by
the model-reported confidence. Subsequently, two annota-
tors independently verify and refine the labels according to
the same annotation guidelines. We conduct two rounds of
checking and retain only instances with full annotator agree-
ment, discarding disputed cases to ensure annotation quality.
Finally, we adopted Cohen’s Kappa for inter-annotator agree-
ment, obtaining a high consistency score of 0.82.

Data Insights
We build MaskDialog, a curated dataset constructed via two
complementary pipelines. Specifically designed to study ex-
plicit–implicit emotion divergence in long-horizon dialogues,
MaskDialog provides fine-grained, open-vocabulary descrip-
tions for both affective states. For inconsistent cases, it fur-
ther supplies evidence-grounded rationales and trigger utter-
ances, supporting deeper analysis beyond surface-level recog-
nition. To enrich scenario diversity and approximate com-
plex social interactions, the dataset covers a broad range of
themes.

4 Methodology
As illustrated in Figure 3, we propose two LLM-based infer-
ence methods for EIA under the unified input setting. Both
methods build a long-horizon reasoning context and maintain
a dynamic profile memory for the target character.

4.1 Long-horizon Context and Dynamic Character
Profile

Inference context. For a target character c at time step t,
we construct the inference context from three components:
(i) the dialogue of the current scene St, (ii) a set of relevant
preceding scenes H̃t drawn from {S0, . . . , St−1}, and (iii) a
dynamic character profile Mt(c), which captures the charac-
ter’s evolving states.

Dynamic character profile. The dynamic character profile
Mt(c) is structured along four dimensions: Identity & Role,
Personality & Traits, Motives & Goals, and Relationships.
To ensure it reflects recent developments, we update the pro-
file using a local window of the most recent w scenes (we
set w=5). At each update step, an LLM determines whether
any dimension requires revision based on evidence from the
new scenes; otherwise, the profile is retained. This evidence-
driven update strategy enhances memory stability and miti-
gates temporal drift. Detailed prompts and formatting con-
straints are provided in the supplementary material.

4.2 One-shot Self-consistent Inference (OSI)
OSI performs joint inference for all three subtasks in a single
prompt conditioned on (St, H̃t,Mt(c)). To improve robust-
ness, we employ a self-consistency mechanism with sampling
and aggregation. Specifically, we generate N independent
responses with a higher temperature. For Subtask-I, the in-
consistency decision is aggregated via majority voting. We
then filter the responses, retaining only those consistent with
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Dynamic	Character	Profile Long-horizon	Context Inference

Continue	nearest	n	scenes
or

Top	n	scenes	by	RAG

Replace	with	
	scene	summary

Ablation	Study

Pre-processing

scene	t+1

Target	Character
Profile

Context	Scenes

Target	character
&	Current	Scene

Get	target	character	profile

One-shot	Self-consistent	Infer.

	result	1
	result	2
	result	3
	result	4
	result	5

T=0.8
Multiple	infer. voting

subtask-I
subtask-I
subtask-II

	result	2
	result	4
	result	5

merge

subtask-
I

	result

subtask-
I	/	II
results

subtask-
I	/	II/	III
results

Inst.

if	subtask-I	=	False

LLM Character
Profiles

scene	t

Iterate	all	scenes

Updatescene	t-1

subtask-I
subtask-II
subtask-III

Cascaded	Multi-step	Infer.

LLM

	result	2
	result	4
	result	5

subtask-I
subtask-II
subtask-III

Inst.

Inst.

Figure 3: Overview of Inconsistency Analysis (EIA) inference methods: One-shot Self-consistent Inference and Cascaded Multi-step
Inference. A shared context builder constructs the long-horizon input by combining the current scene, preceding scenes, and a dynamic
character profile updated along the timeline.

the voted label. For Subtask-II, we merge and deduplicate
the emotion words from the filtered responses to form more
comprehensive sets for explicit and implicit emotions. For
Subtask-III, we first determine the trigger utterance by ma-
jority vote. Subsequently, we prompt an LLM to select the
most coherent rationale from the candidate set, taking into
account the historical context and the current scene.

4.3 Cascaded Multi-step Inference (CMI)
CMI employs a three-step reasoning cascade under the same
input setting, decomposing EIA into sequential specialized
prompts:

Step 1. Determines whether the target character exhibits
emotional inconsistency in the current scene.

Step 2. If inconsistency is detected, the model infers both
explicit and implicit emotional states; otherwise, it infers a
single shared state, setting Êex = Êim.

Step 3. Triggered only when inconsistency is detected, this
step localizes the trigger utterance and generates an evidence-
grounded rationale.

This cascaded design isolates subtasks into dedicated
prompts, thereby preventing the generation of unnecessary
triggers and rationales for consistent cases. It is worth not-
ing that CMI can also be combined with self-consistency by
sampling multiple outputs at each step and aggregating the in-
termediate decisions. However, doing so would substantially
increase the inference budget, since CMI already decomposes
EIA into multiple sequential LLM calls. To ensure a roughly
comparable computational cost between OSI and CMI, we do
not apply self-consistency to CMI in our main experiments.
This design allows us to compare the effect of joint versus
cascaded task decomposition without confounding it with dif-
ferent inference budgets.

5 Experiments

5.1 Experimental Setup
Dataset. We conduct a benchmark on the full MaskDialog
dataset using fixed prompts and hyperparameters, following
the evaluation protocol and metrics outlined in Section 3.2.

Models and long-horizon inputs. We benchmark six
mainstream LLMs for on EIA: GPT-5-mini, GPT-5.1-chat-
latest, Gemini-3-Pro-Preview, Deepseek-v3.2 [Liu et al.,
2025], Qwen3-30B-A3B [Yang et al., 2025], and Qwen-Plus.
Dynamic character profiles are updated by Gemini-2.5-Pro
(w = 5). For history, we compare two strategies: (i) con-
secutive context, which uses the most recent K preceding
scenes, and (ii) RAG-based context, where we retrieve the
top-20 relevant scenes using Text-embedding-v4 [Zhang et
al., 2025a] and re-rank them with Qwen3-Rerank. In an ad-
ditional ablation study, we replace raw preceding scenes with
compact summaries generated by Gemini-2.5-Pro to reduce
context length.

Prompts and parameters. We employ a unified, model-
agnostic prompting strategy across all LLMs. For OSI, we
generate N=5 responses at temperature 0.8 and aggregate
them via voting. For CMI, we use subtask-specific prompts
with conservative decoding for stability.

5.2 Main Results
As shown in Figure 4, the two inference methods exhibit
distinct performance profiles. OSI tends to obtain higher
Accuracy on Subtask-I, which may be related to its self-
consistency voting that favors more conservative decisions
under uncertainty. In contrast, CMI shows a slightly higher
F1. One possible explanation is that CMI appears more likely
to predict inconsistency on ambiguous cases, which can in-
crease recall and thereby improve F1.

Subtask-II remains challenging for both methods. When
relying solely on unimodal (textual) clues, the dialogue and
history often provide insufficient affective evidence for pre-
dicting nuanced emotional states. OSI exhibits a higher per-
formance ceiling, as its multiple sampled generations yield a
more diverse set of emotion words; merging these word lists
can improve the recall of emotional states to some extent.

On Subtask-III, the flexibility of joint generation allows
OSI to achieve higher peak performance on capable mod-
els. CMI, by contrast, delivers more consistent results across
different LLMs by progressively constraining the reasoning
flow and reducing the search space for trigger and rationale
attribution. In summary, OSI favors peak performance poten-
tial, while CMI offers greater robustness and stability across
model variants.
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F1ims

AccTrig ScoreRat

GPT-5-mini

F1exs

F1Acc

F1ims

AccTrig ScoreRat

GPT-5.1-chat-latest

F1exs

F1Acc

F1ims

AccTrig ScoreRat

Gemini-3-Pro-Preview

F1exs

F1Acc

F1ims

AccTrig ScoreRat

Qwen-Plus

F1exs

F1Acc

F1ims

AccTrig ScoreRat

Qwen3-30B-A3B

F1exs

F1Acc

F1ims

AccTrig ScoreRat

DeepSeek-v3.2
OSI
CMI

Figure 4: Radar plots comparing One-shot Self-consistent Inference (OSI) and Cascaded Multi-step Inference (CMI) on MaskDialog.
Each subplot corresponds to one LLM and reports six evaluation metrics (Subtask-I: Acc and F1, Subtask-II: F1exs and F1ims , Subtask-III:
AccTrig and ScoreRat).

Methods Raw/Summary Acc F1 F1ex
s F1im

s AccTrig ScoreRat
OSI + Consec Raw .687 .662 .303 .301 .218 .332
OSI + RAG Raw .675 .630 .300 .296 .187 .302
OSI + RAG + Re-ranking Raw .668 .624 .300 .294 .197 .304
OSI + Consec Summary .679 .640 .307 .301 .208 .307
OSI + RAG Summary .686 .651 .303 .304 .198 .315
OSI + RAG + Re-ranking Summary .679 .643 .305 .301 .206 .314
CMI + Consec Raw .664 .693 .259 .267 .247 .384
CMI + RAG Raw .667 .694 .259 .273 .236 .370
CMI + RAG + Re-ranking Raw .651 .681 .256 .274 .238 .371
CMI + Consec Summary .681 .715 .265 .278 .284 .402
CMI + RAG Summary .672 .706 .263 .279 .275 .385
CMI + RAG + Re-ranking Summary .670 .703 .265 .276 .271 .388

Table 1: Ablation study on long-horizon context construction for MaskDialog. We vary (i) history selection: using the consecutive scenes
(Consec) versus RAG-based context (RAG), with an optional Re-ranking step (RAG+Re-ranking); and (ii) history summary: using raw
preceding scenes (Raw) versus scene summaries (Summary). Reported scores are averaged across six evaluated LLMs (GPT-5-mini, GPT-5.1,
Gemini-3-Pro-Preview, Qwen-Plus, Qwen3-30B-A3B, DeepSeek-v3.2).

5.3 Ablation and Analysis
To investigate the impact of long-horizon context construc-
tion on EIA performance, we perform controlled ablation
studies. Unless stated otherwise, our default configuration
employs consecutive history in its raw form. In each ablation
run, we systematically vary a single factor while holding all
other components constant.
Consecutive context vs. Retrieval context. We compare
two strategies for long-horizon context construction. The
consecutive strategy adopts the most recent 20 preceding
scenes, while the retrieval strategy selects the top-20 rele-
vant scenes from the full dialogue history. Retrieval is imple-
mented via a hybrid retriever combining dense embeddings
and a name-aware BM25 component, with character names
in the current scene as the query. For each candidate scene,

we compute a hybrid score as a weighted sum of normalized
dense and BM25 scores, and keep the top-20 scenes. We fur-
ther evaluate two RAG variants: (i) Embedding + BM25 and
(ii) Embedding + BM25 + re-ranking. This design allows us
to examine whether retrieval-based context selection benefits
EIA more than simple consecutive context.

As shown in Table 1, consecutive context shows a modest
advantage over retrieval-based context in most settings.
The retrieval outputs reveal that approximately 65% of the
top-20 retrieved candidates overlap with the most recent 20
consecutive scenes, suggesting that the hybrid retriever can
recover semantically relevant content. However, semantic
relevance alone is insufficient for EIA, which depends on
temporal event coherence and character state evolution over
long horizons. Consecutive context preserves chronological
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Figure 5: A representative example illustrating the difference between OSI and CMI on EIA. Red text indicates incorrect predictions, while
green highlights correct results.

order and local discourse continuity, which may provide a
more reliable basis for tracking emotional states and attribut-
ing their triggers.

By contrast, retrieval ranks scenes mainly by semantic sim-
ilarity, which may disrupt narrative flow and make the origi-
nal storyline harder to reconstruct. Although retrieved scenes
are individually relevant, they may come from disparate time
points, making coherent event-chain reconstruction more dif-
ficult. Consequently, the model must infer missing tempo-
ral and causal links from fragmented evidence, which may
weaken inconsistency detection and attribution analysis. Fur-
thermore, re-ranking yields only marginal gains for EIA.
While it refines semantic relevance, re-ranking cannot restore
chronological order; selected scenes remain temporally dis-
ordered and cannot form a coherent event chain.

Raw history vs. Summarized history. We evaluate a
method that replaces raw historical dialogues (either consecu-
tive or retrieved) with their summaries, aiming to reduce con-
text length while preserving key information.

As shown in Table 1, summarized history appears to help
OSI mainly in the RAG setting. Because retrieved history
is fragmented and may contain irrelevant details, scene-level
summaries can reduce noise and evidence conflicts across
snippets. For consecutive history, however, raw dialogues al-
ready preserve temporal coherence and useful textual cues,
so summarization brings limited gains and may discard in-
formative details. CMI shows more consistent gains from
summarization, possibly because its step-wise reasoning fa-
vors compact memory and relies less on raw historical text.
Shorter inputs may also reduce redundancy and alleviate at-
tention dilution at each stage.

Case Study. Figure 5 presents a representative example
from MaskDialog. While both OSI and CMI correctly iden-
tify the instance as incongruent, their detailed outputs differ.
OSI generates a more comprehensive set of implicit and ex-
plicit emotions by aggregating words across multiple sam-
ples. Furthermore, although both localize the trigger, OSI

yields a superior rationale; its selection step produces an ex-
planation that aligns more closely with the ground truth.

5.4 Limitations and Future Work
Our work has several limitations that highlight valuable fu-
ture directions. First, MaskDialog is constructed from TV-
drama and LLM-generated scripts, which may differ from
naturally occurring interactions in language style, narrative
structure, and emotional expression. Future work should
extend EIA to more naturalistic dialogues. Second, cur-
rent LLMs struggle to faithfully utilize long-horizon con-
text, especially when critical evidence is sparse. Develop-
ing fine-grained memory mechanisms and robust evidence-
tracking systems thus remains a priority [Zha et al., 2025;
Zhang et al., 2025b]. Third, inferring genuine vs. feigned
emotions from text-only dialogues is challenging due to the
ambiguity of textual signals (e. g., missing prosodic and fa-
cial cues). Extending EIA to multimodal inputs is there-
fore a promising avenue [Li et al., 2025a; Ai et al., 2025;
Xu et al., 2025]. Finally, prompt-based inference remains
brittle for complex, long-horizon reasoning. Future work
could explore task decomposition, improved context con-
struction, and learning from human feedback to enhance ro-
bustness and faithfulness [Lian et al., 2025b].

6 Conclusion
This work takes a step toward modeling emotions as latent,
long-evolving mind states rather than isolated surface sig-
nals. By framing Emotional Inconsistency Analysis (EIA)
and introducing the MaskDialog-based benchmark, we high-
light the limitations of LLMs in tracking implicit emotions
over long-term interactions. Our findings suggest that ro-
bust emotion understanding requires integrating longitudinal
reasoning, internal–external emotion disentanglement, and
evidence-based inference. We hope this work encourages fu-
ture research on emotionally aware dialogue systems that can
faithfully reflect human internal states, advancing affective
computing toward deeper cognitive and social intelligence.
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