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Motivation

/

Findings A

Problem
* Language models are typically unimodal
* Humans learn from multimodal input

Question
* Does visual grounding improve semantic representations?

Current Research

* Visual grounding improves semantic representations in text
models [1]

* Speech models are phonetically dominated [2]

Research Gap
* No direct comparison between effects of visual grounding on
\ speech and text models
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Approach
Models
Speech-Based Language Encoders (SLEs):
FaST-VGS+ [4]
(visually grounded)

wav2vec?2 [3]
(ungrounded)

Text-Based Language Encoders (TLEs):

BERT [5] VG-BERT [1]
(ungrounded) (visually grounded)

Analyses
* Representation Similarity
» Speech-text alignment (Centered Kernel Alignment)
* Word-Pair Similarity
* Probes identity vs. meaning vs. phonetics

* Cosine similarity between pairs of same word/ synonym/
homophones/ same speaker

* Clustering
* New datasets: controlled groups of semantically similar
and phonetically distinct words, or vice versa
* e.g., [piano, guitar, violin], [apple, banana, orange]
* e.g., [liquor, kicker, ticker], [chin, chip, chuck]
* Measure clustering quality with silhouette coefficient

* Subspace Probing
\ * Information decodability (Linear Discriminant Analysis) j
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Takeaways & Future Work

* Visual grounding aligns speech and text representations —
but improves word identity, not meaning, in speech models

* Visual grounding benefits semantic structure in text models,
but disrupts it in speech models

* Canvisual grounding improve speech semantics by targeting

semantically relevant subspaces (e.g., middle layers)?
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Global representational comparisons & word pairs
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Layer Index

Finding 1: Visual grounding bridges modalities
by enhancing word identity representation

Layer Index

Semantic clustering

# Vehicles
Building materials
Organs

A Financial terms
Vv Emotions
Ethical/ Legal terms

FaST-VGS+ (Layer 10)
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Layer Index
Finding 2: Visual grounding does not improve
semantic clustering in SLEs, even though it does so in TLEs

Additional findings
Different impact on representation geometry
* TLEs: grounded = ungrounded (CKA ~0.75)
* SLEs: more restructuring (CKA ~0.46)

Link between change and semantics (corr. sil. coeff. and CKA):
* Neg. correlation in SLEs: more change = worse clustering

* Pos. correlation in TLEs: more change > better clustering

Layer Index

Concrete word groups (e.g., vegetables) cluster better than
abstract ones (e.g., emotions)
» Effectis even stronger with visually grounding




