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 Traditional emotion recognition often relies on costly, dataset- and
task-specific fine-tuning, with limited generalization across domains.

The Paradigm Shift: Pre-trained LLMs encode rich affective knowledge,
enabling zero-shot and few-shot emotion classification through promptingl'l.

Research Gap: The systematic interaction between individual prompt
components and model scale on emotion recognition remains
underexplored.

Objective: Benchmark commercial and open-source models using a
modular prompt design, and analyze how scaling effects text-based
emotion classification.

Methodology

Dataset
« ISEARI (7,328 samples, Text Modality)

« 7 categorical emotions (Joy, Fear, Anger, Sadness, Shame, Guilt, Disgust).

Models
« Commercial: GPT-40, Claude-3.5 Sonnet.

* Open-Source: Qwen 2.5, Gemma 3 (ranging from 1B to 14B parameters).

RAG (Retrieval-Augmented Generation) based Context Retrievall®]

» Use the retrieved contexts as dynamic few-shot prompts, enabling
nuanced emotion recognition without additional task-specific training.

* Retrieval: k-NN (k=7) via FAISS vector database (BGE-M3 embedding).

* Filtering: Similarity threshold (L2 distance < 0.1).
Proposer—-Aggregator LLM Ensemblel4
 GPT-40 and Claude-3.5 act as Proposers, while Qwen 2.5 14B or

Compositional Prompt

* A 5-stage modular prompting scheme incrementally adds persona,
definition, and in-context examples.
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Gemmaad 12B serves as the Aggregator to synthesize the final prediction.

Experimental Results

Prompting Gains & Scaling Paradox

* Macro-F1 score consistently increases as more structured contextual modules are incorporated into

the prompt.

« Advanced prompting (few-shot, RAG) yields substantial gains for smaller models, whereas larger

Class-specific performance
« Shame and guilt are among the lowest-scoring

and show frequent mutual confusions.
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Ensemble-Based SOTA Performance

 Ensemble leverages complementary strengths of commercial LLMs, with Qwen 2.5-14B

as aggregator achieving a peak macro-F1 of 78.4% on ISEAR.

Predicted Label

Discussions

« Shame—guilt confusion persists due to shared negative

Proposer Model Prompt joy fear anger sadness disgust shame guilt macro avg valence and overlapping Iinguistic markers, in line with
@ OpenAT R A L R L F1  self-conscious emotion theory!s!.
st . 0 GPT-40 RAG 961 853 76 774 746 615 735 80« Ensemble results: Commercial model predictions themselves
Aggregator = = oude s> Sonne! RAG 960 86 703 782 740 675 759 782 gct as strong contextual signals; controlled ablations are needed
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* Beyond categorical labels: Extend to multimodal and
dimensional emotion models (e.g., valence—arousal) to
represent continuous, context-dependent affective states.




