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Abstract

Most existing emotion analysis emphasizes which emotion
arises (e.g., happy, sad, angry) but neglects the deeper
why. We propose Emotion Interpretation (EI), focusing
on causal factors—whether explicit (e.g., observable ob-
jects, interpersonal interactions) or implicit (e.g., cultural
context, off-screen events)—that drive emotional responses.
Unlike traditional emotion recognition, EI tasks require rea-

soning about triggers instead of mere labeling. To facili-
tate EI research, we present EIBench, a large-scale bench-
mark encompassing 1615 basic EI samples and 50 com-

plex EI samples featuring multifaceted emotions. Each
instance demands rationale-based explanations rather
than straightforward categorization. We further propose
a Coarse-to-Fine Self-Ask (CFSA) annotation pipeline,
which guides Vision-Language Models (VLLMs) through
iterative question-answer rounds to yield high-quality la-
bels at scale. Extensive evaluations on open-source and
proprietary large language models under four experimen-
tal settings reveal consistent performance gaps—especially
for more intricate scenarios—underscoring EI’s poten-
tial to enrich empathetic, context-aware AI applications.
Our benchmark and methods are publicly available at
https://github.com/Lum1104/EIBench, offering a founda-
tion for advanced multimodal causal analysis and next-
generation affective computing.

1. Introduction

Emotion analysis plays a pivotal role in diverse fields such

as human-computer interaction (HCI) [24, 42, 46, 65],

healthcare [15, 50, 52], and market research [6, 7, 51].

While recent advances in emotion recognition (e.g., predict-
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ing whether someone feels “happy” or “sad”) have offered

valuable insights, they often overlook the deeper question

of why a particular emotion arises. Because emotions can

be subtle and highly subjective, merely labeling the emo-

tional state fails to capture the nuanced triggers that might

underlie or amplify the expressed affect.

To address the limitations of focusing on which emotion

is present, we highlight the significance of emotion inter-
pretation, where the objective is to explain why an indi-

vidual experiences a specific emotional response. In prac-

tical applications (e.g., empathic virtual assistants, mental

health counseling, user experience evaluations), identifying

the emotion alone provides incomplete information if un-

derlying triggers remain unknown. For instance, knowing

a user is “angry” but not understanding whether the anger

stems from waiting in a queue, receiving unfavorable feed-

back, or personal stressors hampers targeted interventions.

Consequently, there is a need for systematic frameworks

to help AI models identify and communicate reasons be-

hind emotional states, thereby enabling more empathetic

and context-aware intelligent services.

In response, we propose Emotion Interpretation (EI),
shifting emphasis from recognizing an emotion label to rea-
soning about triggers behind it. Unlike classical emotion

recognition, EI centers on why the emotional state arises

and accommodates both explicit cues (e.g., visible objects,

interpersonal interactions) and implicit or off-screen fac-

tors (e.g., historical context, hidden storylines). As shown

in Figure 1, EI spans scenarios from straightforward trig-

gers (e.g., prolonged waiting leading to frustration) to com-

plex ones with multiple emotional facets (e.g., overlapping

sadness and resentment). Modern Vision-Language Models
(VLLMs) [3, 9, 32, 37–40, 57] hold promise for EI by inte-

grating visual cues with rich world knowledge to produce

explanatory text.

Despite progress in multimodal learning, most existing

datasets still focus on emotion classification rather than
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Figure 1. Illustrative examples of Emotion Interpretation in five categories: (a) Angry, (b) Sad, (c) Happy, (d) Excited, and (e) Complex.

Each panel shows a scenario with potential triggers (e.g., service frustrations, medical news, festive attire, family interactions). In (e),

multiple triggers or viewpoints co-occur: a child upset about craft-making and a caregiver’s frustration. By integrating facial cues, context,

and domain knowledge, this approach surpasses mere emotion labeling, clarifying why individuals feel a certain way.

causal factors. Moreover, standard unimodal benchmarks

seldom capture how vision, language, and context interact

to explain emotional triggers. To address this gap, we create

the EIBench dataset, comprising 1615 well-annotated basic
EI samples plus 50 complex EI samples. Each sample chal-

lenges models to reason more deeply about multi-layered

or co-occurring emotions. This dataset thus supports ad-

vanced evaluation protocols reflecting real-world complex-

ity, in line with the push for more sophisticated multimodal

benchmarking. Building on these objectives, our main con-

tributions include:

1. Task Definition: We formally define Emotion Interpre-
tation (EI) as moving beyond simple emotion labeling

toward revealing the causes behind an individual’s emo-

tional state. This shift enables more empathetic and

context-aware AI systems.

2. Benchmark Dataset: We introduce EIBench, a large-

scale resource specifically aimed at EI, spanning four

primary emotion categories (e.g., angry, sad, excited,

happy) and complex scenarios where multiple emotions

interlace. This dataset allows for evaluating diverse di-

mensions of emotional interpretation.

3. Annotation Method (CFSA): We develop a Coarse-to-
Fine Self-Ask (CFSA) procedure inspired by chain-of-
thought reasoning [4, 43, 47, 66, 69, 70]. By leveraging

advanced Vision-Language Models in a semi-automated

workflow, CFSA collects and refines multi-round in-

sights about emotional triggers, yielding high-quality an-

notations that capture both explicit and implicit factors.

4. Comprehensive Evaluation: We perform systematic

experiments on both open-source and proprietary LLMs

under four different testing settings (e.g., using im-

age captions, chain-of-thought prompting, and persona-

based variations). Our results highlight significant per-

formance gaps across these models. Notably, some

proprietary models (e.g., Claude-3, ChatGPT-4) excel

in simpler emotion interpretation tasks yet struggle to

maintain the same level of accuracy in multi-perspective,

complex scenarios—indicating the need for enhanced in-

terpretative strategies.

2. Related Work

We review the most relevant lines of research that inform

our work on Emotion Interpretation (EI). Unlike prior meth-

ods that primarily recognize an emotion label, our approach

aims to interpret the latent triggers behind that emotion.

2.1. Context-Aware Emotion Recognition

Facial Expression Recognition (FER) focuses on perceiv-

ing emotion from faces alone [11, 35, 44, 53, 55, 56,

71], whereas Context-Aware Emotion Recognition (CAER)

leverages broader contextual cues [5, 27, 34, 45, 49, 58,

62, 63, 67] such as body language or background details.

For instance, EMOTIC [27] integrates the body region and

the global scene, while CAER-S [28] captures human so-

cial contexts from movie clips. Recently, Xenos et al. [58]

exploited commonsense knowledge from Vision-Language

Models (VLLMs) to boost CAER performance. However,

these endeavors predominantly concentrate on determining

which emotion is expressed, not on uncovering why the

emotion arises.
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Table 1. This table demonstrates how the CFSA Method interprets excitement and joy at an LGBT event, where pink text highlights

generated captions, yellow text shows user query content, and light orange text corresponds to matched triggers.

An Example of Comprehending Excitement

User Question

(VLLM) What might have caused the man holding the rainbow flag to become so excited and joyful?

User Question Preprocessing Question Parse Who is the person user talks about?

(VLLM) The man holding the rain bow flag.

What is the user’s demand?

To know why the man is so excited and joyful.

Question Reconstruction The man holding the rainbow flag is a proud and enthusiastic partic-

ipant in a parade, possibly celebrating LGBTQ+ pride or a similar

event. He is waving the flag high in the air, showing his support and

joy. The user wants to know why the man is so excited and joyful.

General Self-Ask Thinking 1. How many people in this image, what are they doing?

(Question: Text-only LLM (GPT-4)) ... They are standing on top of a box ... are likely participating in a parade or public event.

(Answer: VLLM) 2. What does “the person user mentioned” do in this image? Does he have interaction with

others?

... is holding the rainbow flag and waving it high in the air...

3. What is the facial expression of the person mentioned?

The facial expression of the person holding the flag is one of excitement and joy.

4. How about his body language?

... holding the flag is expressive and energetic, ... active participation in the event.

Scenario Specific Self-Ask Thinking 1. What specific ... the man holding the rainbow flag ... relates to his excitement and joy?

(VLLM) The man is celebrating LGBTQ+ pride ... as indicated by the rainbow flag. ... participating in

such an event is a way for him to express his support for the LGBTQ+ community and celebrate

their achievements and progress.

2. What factors, such as personal experiences or beliefs, might contribute to the man’s enthusi-

astic participation in the parade or event?

... he may have friends or family members who identify as LGBTQ+ ...

3. How does the man’s enthusiasm and joy impact the overall atmosphere and energy of the

crowd and the event?

The man’s enthusiasm ... energy of the crowd and the event...

4. Are there any interactions or reactions from the crowd that might be influencing or being

influenced by the man’s excitement and joy?

... provide him with a sense of validation and encouragement for his participation in the event.

Emotion Summarization 1. Celebrating LGBTQ+ pride or a similar event. 2. Supporting the LGBTQ+ community.

(Emotional Triggers) 3. Expressing his personal beliefs and values. 4. Feeling a sense of unity and belonging with the

crowd. 5. Being part of a positive and uplifting event. 6. Standing on top of a box.

2.2. Emotion Recognition with LLMs
The advent of Large Language Models (LLMs) has in-

troduced new possibilities for explainable emotion recog-

nition [12, 14, 17, 30, 41, 60]. Some approaches use

chain-of-thought prompting to help LLMs identify hid-

den or implicit sentiments [17], whereas others employ

retrieval-augmented pipelines for conversational emotion

detection [30]. In the multimodal domain, VLLMs [37,

39, 40] enable image-grounded reasoning [13, 58, 60], but

these systems still center on labeling emotions rather than

interpreting the underlying causes. By contrast, EI explores

deeper triggers—even those not directly visible—and gen-

erates generative, flexible explanations.

2.3. Humor Study
Humor is a specialized affective phenomenon that has re-

ceived extensive attention [1, 8, 10, 18–20, 22, 23, 61].

These works investigate features eliciting laughter, from

cartoon contexts [8] to internet memes [22] and video laugh

reasoning [23]. Hessel et al. [20] tested LLMs on a subset

of the New Yorker Cartoon Caption Contest to see whether

they grasp humor’s intricacies. While humor research con-

stitutes a form of emotional interpretation—aiming to elu-

cidate what makes content funny—our approach is broader,

targeting the triggers of various emotional states rather than

focusing exclusively on amusement.

2.4. Emotion Cause Extraction

Emotion Cause Extraction (ECE) seeks to find textual or

multimodal clues explaining a known emotion [29, 59].

Early ECE work focused on identifying cause-effect pairs

in textual corpora, often via multi-task learning to predict

both emotion labels and their antecedents [59]. Recently,

Wang et al. [54] extended ECE to a multimodal setting in

a SemEval challenge, where participants leveraged power-

ful LLM-based methods [13, 30, 68] to identify emotional

triggers in speaker-centric conversations. Our Emotion In-
terpretation framework is related to ECE but goes further:
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Table 2. A structured comparison of six major emotion-related tasks, highlighting their objectives and formal input–output relationships.

FER = Facial Emotion Recognition, CAER = Context-Aware Emotion Recognition, ER with LLMs = Emotion Recognition with Large
Language Models, HS = Humor Study, ECE = Emotion Cause Extraction, EI = Emotion Interpretation.

Task Definition and Formalism

FER Facial Emotion Recognition: Determines an emotion label using facial cues only.
Formal Definition: xface → Eemotion.

CAER Context-Aware Emotion Recognition: Identifies an emotion label by leveraging both facial and contextual cues.
Formal Definition: [ xface, xcontext ] → Eemotion.

ER with LLMs Emotion Recognition with Large Language Models: Generates intermediate reasoning steps (e.g., chain-of-thought) before predicting the final
emotion.

Formal Definition: [ xface, xcontext ] → Z1...n
mediate → Eemotion.

HS Humor Study: Explains humor triggers in text or images, focusing on what makes a stimulus humorous.
Formal Definition: Hhumor → Ihumor.

ECE Emotion Cause Extraction: Identifies specific triggers of a pre-given emotion from facial and contextual information.
Formal Definition: [Eemotion, xface, xcontext ] → Ttriggers.

EI Emotion Interpretation: Provides a broader and deeper explanation of an emotion’s triggers, potentially extending beyond observable cues.
Formal Definition: [Eemotion, xface, xcontext ] → Igeneral trigger.

it does not simply locate a cause within the input; rather, it

allows for generative, flexible triggers (including implicit or

off-screen context) and produces deeper explanations about

why an individual feels a specific emotion.

2.5. Chain-of-Thought Prompting
Chain-of-thought (CoT) prompting improves problem-

solving by prompting LLMs to articulate intermediate rea-

soning steps [4, 43, 47, 66, 69, 70]. Press et al. [47] in-

troduced the Self-Ask strategy, having LLMs generate and

answer sub-questions. Zhang et al. [70] extended this

approach to multimodal contexts by decoupling rationale

generation and reasoning. Our Coarse-to-Fine Self-Ask
(CFSA) method similarly structures an LLM’s introspection

but is specialized for emotion interpretation, transitioning

from general queries (e.g., number of people, basic context)

to scenario-specific analysis of triggers. This hierarchical

questioning strategy uncovers both explicit and implicit fac-

tors behind emotions, thus expanding CoT approaches into

deeper affective reasoning.

3. Problem Definition

Proposed Task. To explain why a given emotion emerges,

we introduce Emotion Interpretation (EI). Let X be the

space of images, each image x ∈ X consisting of a face
component xface and a broader context xcontext. Let E be the

set of possible emotions (e.g., happy, unhappy). We then

define the query space:

Q = X × E , (1)

where each query q ∈ Q is an ordered pair (x, e). Rather

than predicting e, EI aims to generate a set of emotional
triggers T . Let S be the set of all possible triggers, en-

compassing both free-form textual explanations (e.g., full

sentences) and concise labels (e.g., “job loss”). Formally,

we introduce a generative function

G : Q −→ P(S), (2)

where P(S) denotes the power set of S . For a query q =
(x, e) ∈ Q, the output

T = G(x, e) ⊆ S (3)

represents the set of emotional triggers. Each trigger ti ∈ T
may be either a descriptive sentence (e.g., “He is sad be-

cause he lost his job.”) or a concise tag (e.g., “job loss”). If

S = Ssent ∪ Stags, then ti ∈ Ssent (sentence-based explana-

tions) or ti ∈ Stags (concise labels). By letting T ⊆ S , we

allow multiple triggers to coexist, thereby capturing a more

nuanced explanation of an individual’s emotional state.

Emotional Triggers. We define an emotional trigger as

any stimulus τ ∈ S that elicits or modulates an individual’s

emotional response. Typical examples of τ include environ-

mental elements τenv (e.g., a festive or tense atmosphere),

social interactions τsocial (e.g., conflicts, gatherings), phys-

ical cues τphys (e.g., facial expressions, posture, gestures),

and objects τobj with sentimental value. While some triggers

are directly observable, others emerge from less explicit or

off-screen factors (e.g., cultural norms or hidden backsto-

ries). Accounting for both τexplicit and τimplicit broadens EI’s

ability to offer a richer, more holistic interpretation of emo-

tional states.

Relation to Existing Tasks. In contrast to TER (i.e., Emo-
tion Recognition), which often uses facial or contextual in-

puts to classify an emotion label, TEI (Emotion Interpre-
tation) explores why a given emotion arises. This extends

TECE (Emotion Cause Extraction), which locates triggers

for a known emotion Eemotion but seldom permits flexi-

ble, generative explanations. Likewise, TEMER (Explain-
able Multimodal Emotion Reasoning) frequently depends

on multi-class classification, limiting the variety of triggers
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Figure 2. Distribution of emotional triggers across distinct cate-

gories, contrasting Basic Emotions (left) and Complex Emotions
(right). Each slice represents the proportion of triggers category.

it can represent. Lastly, THS (Humor Study) [20] is a spe-

cialized form of TEI devoted to explaining comedic stimuli,

underscoring the wider applicability of interpretative frame-

works. Although modern TER methods may incorporate

contextual information or Large Language Models (LLMs)

with intermediate reasoning, they still focus on which emo-

tion is present rather than why it emerges.

Illustrative Examples & Comparisons. Table 1 demon-

strates how EI interprets excitement and joy in an LGBT

event. By parsing the user’s query and identifying perti-

nent triggers, the system explains why the individual ex-

periences a particular emotion, rather than merely detect-

ing which emotion is displayed. For a broader comparison

against existing emotion-related tasks, Table 2 details their

respective objectives and input-output formalizations. Crit-

ically, EI focuses on causal triggers and reasons for emo-

tional states, whereas most conventional approaches em-

phasize label prediction.

4. Emotion Interpretation Benchmark

We now introduce EIBench, a curated benchmark for EI

that builds on CAER-S [28] and EmoSet [64]. To the best

of our knowledge, EIBench is the first dataset dedicated to

explaining why an emotion arises (rather than merely clas-

sifying which emotion is present), featuring 1615 basic EI

samples and 50 complex EI samples.

4.1. VLLM-Assisted Dataset Construction

Coarse-to-Fine Annotation. As outlined in Appendix Fig-

ure 3, our Coarse-to-Fine Self-Ask (CFSA) pipeline decom-

poses an initially implicit query into multiple simpler Vi-

sual Question Answering (VQA) tasks. CFSA involves

four phases: (1) Initial Question Preprocessing, (2) Gen-
eral Self-Ask Thinking, (3) Scenario Self-Ask Thinking, and

(4) Emotion Summarization. After these automated steps,

four volunteers thoroughly refine the annotations.

Initial Question Preprocessing. A concise prompt steers a

Large Language Model (LLM), GPT-4 (denoted φ), to en-

rich the user’s initial query sinit. Let spar = φ(sinit). Given

an image xi ∈ X , we reconstruct a more elaborate prompt:

sreci = llava
(
xi, s

par
)
,

where LLaVA-v1.6-34B (llava) is a state-of-the-art

Vision-Language Model. While such VLLMs capture

many visual details, they tend to overlook subtle emotional

cues [12], necessitating the next “self-ask” phase.

General Self-Asking. We prompt GPT-4 to generate open-

ended questions across the dataset, storing them in Sgen.

From Sgen, we identify four frequently repeated queries,

S freq = {sfreq1 , sfreq2 , sfreq3 , sfreq4 }, focusing on: (i) number
of people, (ii) activities/interactions, (iii) facial expressions,

and (iv) body language. Each query sfreqj prompts llava
to produce an answer agenj , aggregated into Agen.

Scenario Self-Asking. We then supply the user query

squery, reconstructed prompt sreci , and the pairs

{S freq,Agen} to llava for scenario-level question-

ing, yielding Ssce
i . Finally, an advanced LLM (e.g.,

LLaMA-3) integrates all collected answers to summarize
emotional triggers. Table 1 illustrates a CFSA-assisted

annotation example.

Human In-the-Loop Annotation. The CFSA pipeline

serves as a baseline. Four human annotators refine these

automatic labels by: (1) removing hallucinations (Ap-

pendix C.1), (2) adding commonsense knowledge (Ap-

pendix C.2), and (3) pruning irrelevant triggers. To val-

idate annotation quality, we randomly sample 50 images

from each emotion category (200 total) for a final review

by three volunteers, who rate their confidence in triggers on

a 0–5 scale (scores ¡ 3 signal poor or incomplete triggers).

As shown in Table 3, all final ratings exceed 4.0, demon-

strating EIBench’s reliable annotations.

4.2. Dataset Overview & Evaluation
Data Sources. EIBench is derived from CAER-S [28],

which features seven emotion types (angry, disgust, fear,
happy, neutral, sad, surprise), and EmoSet [64], compris-

ing eight (anger, disgust, fear, sadness, amusement, awe,
contentment, excitement). To balance diversity with man-

ageable annotation costs, we focus on four target emotions:

angry, sad, excited, and happy.

Data Composition & Trigger Distribution. Table 4 lists

fine-grained variants (e.g., annoyed, forlorn, thrilled) for

these four primary emotions. EIBench also includes 50

complex samples, each annotated from multiple emotional

perspectives. Emotional triggers fall into ten broad cate-

gories (e.g., atmosphere, social interactions, body move-
ments), as illustrated in Figure 2. Notably, atmosphere and

other predominate for basic emotions, while social interac-
tions and body movements dominate the complex subset.

Comparison with Existing Datasets. Table 5 contrasts

EIBench with other emotion-related corpora. Unlike con-

ventional datasets that classify a single dominant emotion,
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Table 3. Human evaluation results on EIBench annotation quality. Each cell shows (mean, std, [min, max]). “Overall” denotes the

aggregated rating across all emotion categories.

Satisfaction Happy Angry Sadness Excitement Overall

Person 1 (4.92, 0.27, [4, 5]) (4.90, 0.30, [4, 5]) (4.64, 0.83, [1, 5]) (4.98, 0.13, [4, 5]) (4.86, 0.46, [1, 5])
Person 2 (4.38, 0.62, [3, 5]) (4.62, 0.72, [2, 5]) (3.65, 1.31, [1, 5]) (4.58, 0.96, [1, 5]) (4.31, 0.94, [1, 5])
Person 3 (3.54, 0.63, [3, 5]) (4.08, 0.71, [2, 5]) (4.30, 0.75, [3, 5]) (4.39, 0.70, [2, 5]) (4.08, 0.70, [2, 5])

Average (4.28, 0.54, [3, 5]) (4.12, 0.98, [1, 5]) (4.61, 0.63, [2, 5]) (4.65, 0.69, [1, 5]) (4.42, 0.73, [1, 5])

Table 4. Fine-grained of emotions within each primary category.

Category Primary Fine-Grained Emotions

Negative Angry Annoyed, agitated, upset, irritated, outraged, infuriated, hos-

tile, concerned, frustrated, serious, displeased, mad, sur-

prised, shocked, exhibit

Sad Forlorn, contemplative, unhappy, disheartened, dismal,

solemn, sorrowful, somber, distress, miserable, discontent,

upset, disappointment, distraught, displeased, frown, weary,

frustration, loneliness, tragic, disappointed, melancholic,

pain, injury

Positive Excite Thrill, inspired, stimulate, incite, spur, smile, happy, raised,

joyful, fascinating, enjoying, brightly, spark, enthusiasm,

funny, intense, pleasant, feathery

Happy Smile, lighthearted, radiant, contented, pleased, spirited,

cheerful, exhilarated, glad, blissful, energetic, joyful, opti-

mistic, enjoying, positive, surprised

Table 5. Comparison of various emotion-related datasets. ER

stands for Emotion Recognition, EMER for Explainable Multi-
modal Emotion Recognition, and EI for Emotion Interpretation.

“Annotator” indicates the number of individual annotators, “Ex-

plainable” denotes whether the dataset supports explanatory or

causal annotations, and “Has Complex Label” refers to the pres-

ence of multi-layer or more nuanced labeling.

Dataset Task Annotator Emotion Types Explainable Has Complex Label

CAER-S [28] ER 6 7 � �
DFEW [26] ER 3 7 � �
RAF-DB [33] ER 315 7 � �
HECO [62] ER 13 8 � �
EMOTIC [27] ER – 26 � �
EmoSet [64] ER 10 8 � �
MER2023 (EMER) [36] EMER 6 7 � �
EIBench EI 4 4 � �

EIBench enables generative explanations of why an emo-

tion emerges, including complex labeling. Appendix B.4

provides further visualization of nuanced subset samples.

Evaluation Metrics. We measure performance via:

(1) Emotional Trigger Recall, which checks whether pre-

dicted triggers overlap with ground-truth annotations (mul-

tiple valid triggers can exist for one sample); and (2) Long-
Term Coherence, which assesses whether a model main-

tains thematic and emotional consistency in longer outputs.

Specifically, we extract triggers from LLaMA-3 or Chat-

GPT3.5 responses, then use a BERT-based approach [16] to

measure sentence-to-sentence similarity.

1https://qwenlm.github.io/blog/qwen-vl/
2https://openai.com/index/gpt-4-research/
3https://openai.com/index/hello-gpt-4o/
4https://docs.anthropic.com/en/docs/models-

overview

5. Experiments
In this section, we evaluate both prominent open-source and

proprietary models on our proposed benchmark. We design

four distinct modes to assess each model’s capability in

Emotion Interpretation (EI), and we conclude with an in-

depth analysis of these results.

5.1. Experimental Setup
Modes of Evaluation. We introduce four modes to investi-

gate how LLMs approach EI:

• User Question (UQ): In this zero-shot scenario, the user’s

question is provided verbatim. This setting examines each

model’s direct ability to handle natural, potentially am-

biguous queries.

• User Question + Caption (UQ+C): The user question is

enriched by a caption (see Section 4 for details on cap-

tion generation). This aims to clarify context and im-

prove accuracy. We also include a text-only baseline with

LLaMA-3 fed the same caption.

• User Question + CoT (UQ+CoT): In this mode, a suc-

cinct chain-of-thought style prompt (e.g., “Let’s think

step by step”) is appended to the user’s query. This setup

intentionally encourages the model to reason more sys-

tematically, revealing key intermediate thought processes.

• CFSA Setting (CFSA): We carefully employ the Coarse-

to-Fine Self-Ask (CFSA) method, implemented by

LLaVA-NEXT (34B), to divide the EI task into

more manageable sub-queries. This scenario essentially

demonstrates an upper-bound performance facilitated by

a well-structured question–answer pipeline.

5.2. Overall Performance
Basic EI Results. Table 6 presents the scores of various

models—open-source and closed-source—on the four pri-

mary emotion categories (Happy, Angry, Sadness, Excite-
ment). Among open-source models, the LLaVA family and

MiniGPT-v2 generally excel, with Qwen-VL-Chat consis-

tently lagging. Notably, Video-LLaVA and Otter occupy

mid-tier performance, although Otter underperforms sig-

nificantly in Excitement. Closed-source systems, particu-

larly the Claude-3 series and ChatGPT-4o, typically surpass

open-source approaches in the direct user-question setting.

The Qwen-vl-plus, however, performs poorly compared to

other closed-source alternatives.
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Table 6. Basic EI performance of open-source and closed-source language models on four emotion subclasses (Happy, Angry, Sadness,

Excitement). Scores are reported under LLaMA-3 / ChatGPT criteria, with “Overall” denoting the aggregated result.

Models Happy Angry Sadness Excitement Overall

User Question

Qwen-VL-Chat 32.09/39.68 22.32/26.10 30.64/33.88 25.02/36.32 26.45/33.65
Video-LLaVA 55.55/53.28 40.42/36.97 50.62/45.25 51.78/52.23 49.26/47.06
MiniGPT-v2 52.78/51.80 47.10/47.76 60.47/58.14 50.78/53.66 52.89/53.59
Otter 45.63/49.25 42.53/43.07 47.67/46.19 39.47/48.30 42.81/46.64
LLaVA-1.5 (13B) 59.01/57.52 45.44/41.88 55.16/48.64 57.46/58.73 54.37/52.20
LLaVA-NEXT (7B) 54.16/49.24 43.71/39.87 53.29/46.52 58.90/53.06 53.82/48.18
LLaVA-NEXT (13B) 57.17/55.18 43.16/37.93 54.16/45.42 59.38/55.29 54.33/48.79
LLaVA-NEXT (34B) 54.50/51.03 38.96/35.65 51.10/47.21 51.77/52.04 49.03/47.13

User Question & Caption

Qwen-VL-Chat 41.94/46.34 32.71/31.91 41.82/44.16 38.65/43.84 38.47/41.54
Video-LLaVA 56.77/58.79 43.65/43.86 54.25/55.12 55.35/59.42 52.63/54.85
MiniGPT-v2 55.11/60.04 47.95/51.00 62.29/64.24 51.55/57.90 54.05/58.37
Otter 48.97/54.67 34.22/37.12 34.57/37.55 35.27/42.99 35.62/40.85
LLaVA-1.5 (13B) 57.91/58.46 43.75/40.72 55.47/51.46 56.42/59.42 53.55/53.13
LLaVA-NEXT (7B) 64.32/61.00 48.60/46.74 58.75/53.00 62.99/59.39 58.80/54.97
LLaVA-NEXT (13B) 61.99/61.95 48.84/46.85 59.62/55.18 62.17/59.95 58.60/55.92
LLaVA-NEXT (34B) 57.51/62.73 46.47/47.87 58.35/55.84 60.17/59.64 56.60/56.24
LLaMA-3 (8B) (Text Only) 52.36/50.73 34.78/32.71 52.29/46.87 43.62/42.06 44.73/41.94

User Question & CoT

Qwen-VL-Chat 41.99/44.46 34.62/31.06 43.64/39.30 32.78/40.04 36.79/38.18
Video-LLaVA 51.42/47.63 42.68/35.65 56.77/46.29 53.01/46.98 51.81/44.42
MiniGPT-v2 56.36/57.58 47.71/48.32 59.46/56.79 50.21/52.39 52.67/53.08
Otter 49.97/51.91 43.23/43.71 50.15/46.86 42.30/47.16 45.17/46.61
LLaVA-1.5 (13B) 59.12/56.94 40.97/34.44 53.07/45.66 54.16/54.36 51.34/47.80
LLaVA-NEXT (7B) 54.74/52.04 44.61/41.93 52.69/47.63 52.78/47.60 51.14/46.66
LLaVA-NEXT (13B) 50.91/50.35 42.21/38.81 54.66/49.42 51.64/49.39 50.47/47.21
LLaVA-NEXT (34B) 52.17/49.55 48.35/44.45 55.97/50.55 55.29/53.46 53.84/50.50
CFSA (LLaVA-NEXT (34B)) 69.68/68.72 61.08/61.14 68.39/69.46 72.63/70.31 68.81/68.04

Close-source Models

Qwen-vl-plus1 29.05/27.22 23.58/17.89 38.35/30.08 30.09/26.87 31.00/25.90

ChatGPT-4V2 52.30/55.74 48.93/48.57 45.00/44.42 46.38/49.90 46.86/48.58

ChatGPT-4o3 52.94/50.78 42.12/35.33 49.79/46.42 53.48/54.53 49.99/47.93

Claude-3-haiku4 59.20/60.28 49.87/49.84 67.21/63.26 67.55/68.10 63.24/62.41
Claude-3-sonnet4 44.58/44.45 38.95/42.86 55.98/54.40 61.41/62.24 54.10/54.89

Table 7. Effect of persona prompts on model performance, evalu-

ated by LLaMA-3 / ChatGPT criteria. “w/o Persona” indicates no

explicit persona, while “AI Assistant, Architecture, Emotion”

specify distinct persona setups.

Model w/o Persona AI Assistant Architecture Emotion

LLaVA-NEXT (7B) 52.09/46.64 49.48/46.13 45.32/38.40 53.82/48.18
LLaVA-NEXT (13B) 52.44/50.07 49.69/48.12 44.26/35.79 54.33/48.79
LLaVA-1.5 (13B) 51.58/53.62 51.04/50.66 49.58/43.16 54.37/52.20
Claude-3-haiku 58.28/58.62 60.37/59.86 31.81/25.53 63.24/62.41

Complex EI Results. Moving to complex EI, Table 8

shows model recall on our multifaceted subset. Here, top

open-source models (e.g., LLaVA-1.5 at 38.10/39.53) come

close to ChatGPT-4o, the best closed-source model in these

scenarios. Interestingly, although Claude-3 variants dom-

inate simpler EI tasks, they do not achieve top-tier results

on these more complex samples. This discrepancy suggests

that while Claude-3 excels at single-perspective (basic) EI,

it struggles with the additional demands of deeper multi-

perspective emotional contexts.

Long-Term Coherence. Table 9 evaluates long-term co-
herence via a BERT-based similarity measure. Most mod-

els cluster around an 80–86% range, demonstrating the ca-

pacity to maintain thematic or emotional consistency across

longer outputs. Although coherence scores are relatively

high overall, they do not necessarily translate into superior

EI performance—underscoring that logical textual flow can

be partially decoupled from accurate emotional insight.

5.3. Ablation on Persona Prompts

Inspired by PsychoBench [21], we examine whether assign-

ing different personas to LLMs modulates EI performance.

Table 7 compares four settings: (i) no persona, (ii) AI As-
sistant persona, (iii) Architecture expert, and (iv) Emotion
expert. Models consistently achieve higher scores when

framed as emotion experts, suggesting domain-specific per-

sonas help center chain-of-thought on emotional triggers.

In contrast, an architecture persona often degrades EI per-

formance below the no-persona baseline, implying mis-

matched prompts overshadow emotional reasoning. These

results show that well-chosen personas, aligned with the

target domain, can guide LLMs toward more accurate,

context-driven EI interpretations.

5211



Table 8. Evaluation of complex EI ability across various VLLMs. Scores

denote Recall under LLaMA-3 / ChatGPT criteria.

Models Recall

Open-Source
Qwen-VL-Chat 22.00/32.40

Video-LLaVA 30.90/32.27

MiniGPT-v2 35.10/36.00

Otter 27.90/33.23

LLaVA-1.5 (13B) 38.10/39.53

LLaVA-NEXT (7B) 38.71/33.50

LLaVA-NEXT (13B) 39.16/33.60

LLaVA-NEXT (34B) 35.37/33.10

Close-Source
Qwen-vl-plus 20.37/19.60

Claude-3-haiku 24.00/24.77

Claude-3-sonnet 21.37/22.40

ChatGPT-4V 28.00/30.60

ChatGPT-4o 39.27/39.57

Table 9. Long-Term Coherence among VLLMs for the User
Question setting. Values are BERT-based similarity scores.

Models Coherence

Open-Source
Qwen-VL-Chat 84.49

Video-LLaVA 84.89

MiniGPT-v2 84.70

Otter 85.03

LLaVA-1.5 (13B) 84.50

LLaVA-NEXT (7B) 81.02

LLaVA-NEXT (13B) 81.09

LLaVA-NEXT (34B) 84.96

Close-Source
Qwen-vl-plus 83.00

Claude-3-haiku 85.98
Claude-3-sonnet 84.53

ChatGPT-4V 81.97

ChatGPT-4o 80.65

5.4. Analysis of Evaluation Modes

User Question vs. Caption. Comparing UQ to UQ+C (Ta-

ble 6) reveals that providing a relevant caption consistently

boosts performance, often by 2–5 points. The exception

is Otter, whose score drops when a caption is added, pos-

sibly because the additional text conflicts with its internal

reasoning framework. Meanwhile, MiniGPT-v2 gains sub-

stantially in Angry and Sadness, whereas the LLaVA vari-

ants post the highest overall figures. Interestingly, scaling

the LLaVA models to 34B does not yield a clear advan-

tage—both 7B and 13B configurations can achieve compet-

itive or better results in certain subsets.

Chain of Thought Prompting. Adopting UQ+CoT (cf.

Table 6) generally improves performance over UQ, indi-

cating that a structured, step-by-step approach helps sur-

face hidden emotional triggers. These gains align with the

CFSA pipeline’s rationale that detailed introspection (i.e.,

CoT) better exposes causal factors behind human emotions.

Indeed, the higher performance in CoT-like settings further

supports the idea that complex tasks—like explaining why
a person feels a certain way—benefit more from reasoned

dialogues than from direct, single-shot responses.

CFSA Upper Bound. By converting queries into mul-

tiple simpler VQA tasks, the CFSA configuration yields

the strongest results among open-source VLLMs, capturing

around 68% of emotional triggers in Table 6. This still falls

short of manual annotations, highlighting the complexity of

EI. Nonetheless, it demonstrates that a carefully structured
pipeline can significantly narrow the gap between raw zero-

shot performance and a more expert-level approach.

5.5. Key Observations and Limitations

Human-Level Annotation Gap. While CFSA-based meth-

ods show promise, they still exhibit a noticeable gap from

human-labeled data, indicating that subtle emotional cues

remain difficult for LLMs to capture. This gap reinforces

the need for refined instruction tuning and more sophisti-

cated context modeling.

Discrepancies Across Emotions. Both Table 6 and Table 8

reveal that performance varies widely by emotion category.

Models generally handle Happy and Sadness more success-

fully, whereas Excitement and Complex Mixed Emotions
pose greater challenges—possibly due to more nuanced or

overlapping triggers.

Open vs. Closed-Source Trade-offs. Although certain

open-source systems (e.g., LLaVA-1.5, LLaVA-NEXT) ri-

val or surpass smaller closed-source models, they still typi-

cally trail behind top-tier closed-source ones (e.g., Claude-

3, ChatGPT-4o). This discrepancy emphasizes how addi-

tional proprietary data and advanced training can drive in-

cremental performance gains.

6. Conclusion
This work reframes emotion analysis by asking why an

emotion arises rather than which emotion is present. We

introduced EIBench for Emotion Interpretation (EI), high-

lighting causal triggers of affective states via both explicit

cues (e.g., visible objects) and implicit factors (e.g., cultural

norms). Our Coarse-to-Fine Self-Ask pipeline and evalua-

tions on open-source and proprietary large language mod-

els demonstrate the potential of EI to enrich empathy and

context-awareness in AI. Nevertheless, models still strug-

gle with overlapping emotions and subtle cues beyond their

training scope, our dataset, though broad, cannot capture

all real-world scenarios, and existing interpretability met-

rics for causal reasoning need further refinement. Future

work should explore deeper integration with audio and tex-

tual dialogues, extended causal modeling to handle subtle

emotional overlaps, and more adaptive evaluation protocols

in dynamic contexts with user-specific adaptability.
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