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Motivation

Speech carries what is said and how it’s said.

● Paralinguistic: emotion, pitch, volume, speed, speaker traits, etc.
○ Applications in affective applications, conversational agents, accessibility tech, etc.

● Audio LLMs are general speech interfaces, but their paralinguistic 
understanding is poorly characterized.

● Existing benchmarks conflate lexical and acoustic cues – never 
decouples them for isolated evaluation.
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VoxParadox - the Benchmark

10 tasks * 200 examples/task = 2,000 verified examples.
Generated with controlled text-to-speech engines, verified with Whisper and human.



Benchmark Metrics

We use two metrics to evaluate models on VoxParadox

● GT Accuracy – did the model match the acoustic truth? 
○ Higher = better

● Adversarial Label Agreement (ALA) – did the model match the 
transcript-implied label?

○ Lower = better

GT label ≠ Adv. label by design → high ALA = lexical shortcutting



Finding 1: Models Follow the Text

Across 12 models, GT acc averages to 15% while ALA 64%; no model exceeds 31%. 

Key Finding: Audio LLMs can be easily misled by transcripts and can 
collapse dramatically under controlled linguistic–acoustic contradiction.



Finding 2 & 3: Two Bottlenecks

We probe the Audio Flamingo 3 (AF3) internal audio representations from encoder 
layers → LLM layers. Probe accuracy = is the information easily retrievable?

Key Findings: 1. Utilization gap: probes massively outperform the model; paralinguistic 
information is present and retrievable, yet the model ignores it.
2. Representation Degradation: for some tasks, the intermediate layers are best, not 
the final layer, and there is a noticeable drop at the encoder–LLM interface.

The ASR training objective 
discards paralinguistic 
information



Method - PCLM

Prompt-Conditioned Layer Mixer: A lightweight module 
addressing both bottlenecks. Instead of solely passing in 
the final encoder output to the LLM, PCLM

● Tap into intermediate encoder layers
● Project each into LLM space
● Encode textual prompt with BERT, and use 

softmax to obtain aggregation weights for each 
layer. IOW, for each layer, how relevant is this layer 
in terms of answering the user’s question?

● Aggregate intermediate layer representations based 
on the weights, and feed into the LLM

Intuition: Low level signal tasks upweight the early 
layers; semantic questions upweight the later layers



Method - PCLM + DPO

After PCLM SFT, we apply Direct Preference Optimization 
(DPO) to directly prefer acoustically-grounded options.

DPO targets the decision policy that representation fixes 
alone can’t close.

Standard pair-wise logistic loss:

Note: VoxParadox benchmark never used in training.



Results

PCLM + DPO significantly improves paralinguistic understanding in both 
adversarial settings (VoxParadox) and non-adversarial settings (MMSU).

Ablation: SFT + DPO w/o PCLM helps, but far less effective.



Results

Adversarial Label Agreement dramatically drops,

AF3: 68.5% → 26.3%, Qwen2-Audio: 70.2% → 15.9%



Takeaways
VoxParadox: An adversarial paralinguistic benchmark that enforces 
linguistic-acoustic contradiction, exposing text following failures that 
other benchmarks hide.

Diagnosis: Audio LLMs overrely on text; paralinguistic information can 
degrade in deeper layers and at the encoder–LLM interface; a utilization 
gap exists between LLM internal representation and LLM output. 

Method: Prompt-Conditioned Layer Mixer (PCLM) + DPO

Questions?

pangj@usc.edu | achaubey@usc.edu 
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