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Introduction



• Speech Emotion Recognition (SER) is important for many applications
• Education [1, 2]

• Healthcare [3]

• Call Center [4]

• Entertainment [5, 6]

• Social Robotics [7]

Speech Emotion Recognition Applications
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SER system's diverse application needs generalization 
across different domains or languages
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Literature Studies

• Common Formulation
• Mitigate mismatches of Source <--> Target domains

• Transfer learning, semi-supervised learning, few-shot learning, etc.

• Optimizing to decrease a distance metric of Source <--> Target 
features
• Variations on Generative Adversarial Network (GAN)
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Models are useful but come purely from a computational angle



Pretrained Model’s Layer Commonalities 
Motivation

• Pretrained Model Dependency [1]: 
• Current research heavily relies on large pretrained models
• Often focusing only on the final layer

• Task-Specific Nature and Hierarchical Structure [2, 3]: 
• Suggests that different layers encapsulate varying levels of information

We introduce a layer-anchoring mechanism to leverage multi-
layer information for effective cross-lingual emotion transfer
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Pretrain Layer Linguistic-Commonality
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Propose Steps

• A twofold approach
• 1. Analyze emotion-specific layer commonalities across languages

• Commonality Analysis → Anchoring Candidates

• 2. Leverages these anchoring units as a constraining factor to facilitate 
cross-domain/lingual SER

• Architecture

• Experiment results 

• Insights
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Layer Similarity Analysis



Speech Affective Corpora

• Two Naturalistic Corpora
• MSP-Podcast [1]: American English (200 hrs.)

• BIIC-Podcast [2]: Taiwanese Mandarin (140 hrs.)
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Setup : Pretrain Models 

• WavLM [1]:

• Self-Supervised Learning (SSL) for 
Speech

• Designed for Multiple Tasks

• Robust to Noisy & Overlapped 
Speech

• Whisper [2]:

• Weakly Supervised Learning

• Multilingual & Multitask

• Robust in Noisy Environments
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Layer Similarity

• Layer similarity is estimated using Cosine Similarity 
• Over both corpora

• Over the 12 layers (Base models)

• 2 level similarities
• Utterance level similarities

• Phoneme level similarities
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Emotion-specific Layer similarity
Utterance-level
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Emotion-specific Layer similarity
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• Differing Behaviors
• WavLM shows higher similarity in later layers

• While Whisper exhibits greater similarity in earlier layers

• This trend is consistent across emotions

Training Methodology Influence



Training Methodology
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Phonetic-Level Layer Similarity
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Phonetic-Level Layer Similarity
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• Similar insights as Utterance-Level Layer Similarity

• Inter-vowel similarities vary across layers for different emotions

• Overall shows the similar trends



Unified Layer Selection

• Group Layer:
• Top 3 most similar layers

• Best Layer:
• The best similar layer

• Worst Layer:
• 3 least similar layer
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Layer-Anchored SER Architecture



Architecture: Layer Anchored Cross-Lingual 
SER

• 2 Branches:
• 1) Conventional SER

• 2) Layer Anchoring 
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1st Branch: Conventional SER 

20

Loss: Cross-Entropy loss



2nd Branch: Layer-Anchoring
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Loss: Coral Loss



Overall Loss

22



Experimental Results



Baseline Models

• 1) Ensemble Learning [1]

• 2) Few-Shot Learning [2]

• 3) Phonetic-Anchored Learning (PA) [3]

• From the last section proposed the Phonetic-Anchoring Idea 
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Baseline Performance Comparison 

LA model achieves higher UAR with both WavLM and Whisper features
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CC: Cross-corpus (Direct Test)
PA: Phonetic-Anchored Model
LA: Layer-Anchored Model



Layer Selection

• Precise layer selection in LA  improves results
• Random or non-optimal layers do not enhance results
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LA: Layer-Anchored Model



Insights



Insights — Layer-based Anchoring 

• Presents Layer-Anchoring strategy for cross-lingual SER
• Effectively aligns the phonetic characteristics and mitigates the discrepancies 

across languages

• Analysis shows that layer selection varies by the task and the 
training methodology
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Future works

• Enhance Generalization
• Integrate anchoring with advanced domain adaptation techniques

• Leverage Large Pretrained Models
• Evaluate different encoders to maximize performance

• Expand Emotional Categories for a more inclusive SER model
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Thanks!
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