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MERMAID: Multi-perspective Self-reflective Agents with
Generative Augmentation for Emotion Recognition
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Introduction of Exetelty

Explicit Emotion (Face-Centric) Implicit Emotion (Natural Scene)

X Current MLLMs struggle with accurate emotion
recognition in wild facial images.

X Moreover, MLLMs remain limited in interpreting
emotions that are implicitly evoked by non-facial,
naturalistic 1mages.

X Unlike explicit emotional images with clear facial
expressions, unconstrained wild face images and
implicit non-facial images often exhibit weak,
ambiguous, and spatially dispersed emotional cues.
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1© Overview: MERMALID integrates decision, reflection, and generation agents to iteratively
refine emotion recognition through multimodal self-reflection.
Pipeline Highlights:
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Given an input image and a text query, MERMAID
identifies the dominant emotion from a predefined set of
emotion categories. It performs conditional classification
by estimating the probability of each emotion and
selecting the most likely one based on multimodal cues.

‘/Decision Agent: predicts and updates emotion labels.

‘/Textual Reflection: critiques predictions from semantic and contextual views.

‘/Visual Reflection & Augmentation: generates emotion-guided 1images for cross-modal
verification.

‘/Cross-Modal Iteration: refines predictions until textual—visual consensus 1s achieved.
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Reflection and Decision Agent Parameters

Guidance Scale

Inference Steps

8.7%—27.9% across Qwen2-VL, LLaVA, and
InstructBLIP models.

64- 64 - - 0 ‘/Generalizability: Extends beyond emotion tasks:
3 3 63 =, F Y on Mini-ImageNet, CIFAR, and MNIST,
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G @ 60 3 ot . confirming broad recognition benefits.
3 60- SR = 1 -1 & 53- A o ‘/Parameter Insights: Increasing reflection depth
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