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● Extensive debate in the NLP literature about what it means to 
understand, interpret, or explain the behaviour of NLP models
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Understanding and Explanation

Q: What does the literature look like 
for Vision-Language Models?

Hint: it’s much sparser



● Vision-Language Model has a Vision Enoder, a learned Projection, 
and an Autoregressive Language Model that produces responses
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But First: Some Common Ground

Figure: Liu et al. NeurIPS 2023. Visual Instruction Tuning.



How do LLMs integrate vision?
● Some evidence of direct information extraction (Neo et al. 2025)

4Neo et al. ICLR 2025. Towards interpreting visual information processing in vision-language models.



● VLMs integrate visual information at different layers of the language 
model when responding to an input prompt
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How does visual information flow?

Zhang et al. CVPR 2025. Cross-modal information flow in multimodal large language models.



Is visual information retained in LLMs?

6Fu et al. COLM 2025. Hidden in plain sight: VLMs overlook their visual representations

● On vision-heavy tasks, the projection seems to lose critical visual features



Cross-modal integration in LLMs
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● Visual tokens “align” with 
LLM representations only 
in later LLM layers

Venhoff et al. 2025. How visual representations map to language feature space in multimodal LLMs



● Part 1: Understanding what 
conceptual knowledge stored in 
vision and language models

● Part 2: Explaining the internal 
representation of images in LLMs
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Today



Understanding
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Seeing What Tastes Good:
Revisiting Multimodal Distributional 

Semantics in the Billion Parameter Era
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Dan Oneata Stella FrankDesmond Elliott

Findings of ACL 2025



● How well do large-scale 
pretrained models represent 
the semantic attributes of 
concepts?
○ ROSE is red, smells sweet, a flower
○ STRAWBERRY is red, has seeds
○ CHERRY is red, has seeds
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Main Question

Strawberry:
Red
Grows near ground
Summer fruit
Many seeds



● How well do representations capture concept attributes?
○ Distributional semantics: Baroni & Lenci (2008), Rubinstein et al (2015), 

Fagarasan et al. (2015), Lucy and Gauthier (2017)

● Long line of work on language & vision representations, and the 
complementarity of attributes:
○ Silberer et al. (2013), Bruni et al. (2014), Collell and Moens (2016), Derby et 

al. (2018), Derby (2022)
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Related Work



● Train linear probes, i.e. Diagnostic 
Classifiers, to predict the semantic 
attributes of concepts from frozen 
encoder representations

● Generalization on unseen concepts

○ Train: Cat, Dog, Cow→ has_four_legs
○ Test: Table→ has_four_legs
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This Study



● THINGS dataset of English-labeled concepts with images
○ 1,854 concepts; 26,000 images
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Concepts: THINGS

Hebart et al. 2019. PLOS One. THINGS: A database of 1,854 object concepts and more than 26,000 naturalistic object images



Original McRae dataset:
● 541 concepts, 2541 elicited features
● of which 274 appear in >5 concepts
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Dataset: McRae++
McRae++ dataset:
● THINGS concept set (1,854)
● 533 McRae attributes 

with THINGS-norm (GPT-3) + 
similarity matching

McRae et al. 2005. Behaviour Research Methods. Semantic feature production norms for a large set of living and nonliving things.
THINGS-norm: Hansen and Hebart. 2022. CogSci. Semantic features of object concepts generated with GPT-3.



● For the Language-only models, we need “concepts in textual 
context”, i.e. sentences that include the concepts

● Prompt GPT-4o to collect 50 sentences per concept
○ Total cost $26
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Collecting Textual Data



Average Pool

Visual Models

● Mean of the average pooled 
representation of the concept 
images
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Extracting Representations

Language Models

● Model-specific token-based 
pooling over multiple 
Transformer layers

The gir _affe eats
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Main Results

Evaluation Measure: F1-selectivity (Hewitt & Liang, 2019) above random baselineVision-only representations from multimodal pretraining are as good as language-only results
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Attribute Type Analysis

Taxonomic (is a) clearly the easiest attribute for all representations

Sound and Taste are better predicted by language-only representations

Visual attributes are mostly better predicted by vision representations



Analysis: do modalities differ?
Pairwise Pearson correlations of attribute F1

Strong within-modality correlations 20
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 As measured by linear probing for attributes:
● Multimodality still better than single modalities
● Differences between modalities are subtle,

given training on enough data.

● Large self-supervised vision encoders encode a surprising 
amount of conceptual knowledge
○ Convergence a la Platonic Hypothesis (Huh et al. 2024)?
○ or confounds & correlations (Malt & Smith 1994; Lampert et al. 2009)?
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Takeaways



Explaining
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LatentLens: Revealing Highly 
Interpretable Visual Tokens in LLMs
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ICML 2026

Benno Krojer



How do LLMs represent visual tokens?

● LogitLens kind of works (Neo et al. 2025, Jiang et al. 2025)

25Neo et al. ICLR 2025. Towards interpreting visual information processing in vision-language models.



New method for interpretation
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Prior Work

      LLM ❄ Probing
Define classes → train

dog
the
?!

classes

dog the ?!

Insights about relation to LLM 
embeddings? ❌
Need to train+define probe 
classes ❌

Issues
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Logitlens
unembedding matrix → NNs

“EmbeddingLens”
embedding matrix → NNs



LatentLens

      LLM ❄
Retrieve NNs from LLM 
contextual embeddings 

Textual corpus
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LatentLens Nearest Neighbours

line of tall buildings …  (L16, sim=0.46)
an urban scene with high rises … (L16, sim=0.45)
…



LatentLens: details
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GPT-5 validated 
on 1,000 human 

annotations 
(Cohen’s κ = 0.68)



Controlled Experimental Setup
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CLIP-ViT

SigLIP

DINOv2

      Qwen2-7B

      OLMO-7B

      LLaMA-3-8B

Vision Encoders Frozen LLMs



Peeking inside VLMs 🔎 

31

Finding 1: 
EmbeddingLens shows 
medium/high interpretability even 
at input layer for some models

lowest model
highest model



Peeking inside VLMs 🔎 
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Finding 2: 
LogitLens shows high 
interpretability, but only at late 
layers, and only some models 

lowest model
highest model



Peeking inside VLMs 🔎 
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Finding 3: 
With the LatentLens, vision 
tokens are much more 
interpretable across all layers 
and all tested models

lowest model
highest model



Peeking inside VLMs 🔎 
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lowest model
highest model

Insights also hold in several 
ablations, when we:

1. Apply to an off-the-shelf model 
(Qwen2-VL-7B-Instruct) ✅

2. update LLM during training → 
even more interpretability ⬆

3. replace MLP with linear mapping 
→ ~same interpretability ✅



Qualitative Examples

35Many more examples: https://bennokrojer.com/vlm_interp_demo/ 

https://bennokrojer.com/vlm_interp_demo/


Additional Analysis
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Logitlens: 
" circular", …,"bsites"

1. Phrases provide 
fine-grained 
interpretability

2. Visual text is most 
reliably interpretable

CLIP-ViT DINOv2



Non-interpretable tokens?
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● There are also non-interpretable 
tokens with low cosine similarity

● This raises the question: are they 
useful to the model downstream?

● Yes!



Takeaways

● LatentLens  provides interpretable textual descriptions of the visual 
input representations in VLMs

● Our findings generalize across combinations of vision encoders x 
language decoders and to pretrained models
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Final Remarks



● How do VLMs revise their predictions when they have multiple 
Chain-of-Thought steps to “think” about the problem?
○ Whether models are correct or incorrect, there is equal probability for their response
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Understanding VL Reasoning Dynamics

Villegas et al. COLM 2026. Reasoning Dynamics and the Limits of Monitoring Modality Reliance in Vision-Language Models.

InternVL3-Instruct InternVL3-Reasoning
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Textual interventions change behaviour



● Big differences in the evolution of answer accuracy between 
Instruction tuned models or Reasoning models.
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Instruct vs Thinking Behaviour



● Vision and Language models encode a surprising amount 
of attribute-concept knowledge after pretraining.

● Using nearest-neighbour retrieval, visual inputs are much 
more interpretable in LLMs than previously reported.
○ Can this also be applied to interpret other modalities?

● There are still many open questions in this space
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Conclusions
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