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Vision-Language Model – A Joint Embedding Space
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Alignment using contrastive pre-training

VLM joint embedding

Concept general enough to beyond 
images to other multimodal data



VLM as Episodic Memory

https://blog.rsisecurity.com/is-it-safe-to-store-personal-data-on-the-cloud/
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How stable is the VLM embedding?
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How stable are VLMs?

• Recall sensitive to 
exact query

• Semantics not well 
understood

• Order seems to matter

hamper              basket frocks and 
overcoat

gown and coat
there is a table in the 
middle of the room table, 

room
room, 
table

(a)                       (b)                      (c ) (d) (e ) (f ) (g)



How does the brain relate concepts?

• Vision language associations are essential to formation of 
memories

• Extensive behavioral, lesion, and functional imaging studies have 
demonstrated existence and interdependence of semantic and episodic 
memories

• Semantic memory system:

• Organizes and interprets episodic memories 

• Facilitates the acquisition of new episodic memories

• Episodic memory system:

• Facilitates the addition of new information to the semantic store. 

• Facilitates the retrieval of information from semantic memory

• Uses semantic memory to form complex and detailed episodic 
memories

https://human-memory.net/episodic-
semantic-memory/



Formation of episodic memory by association

John’s House

A vector representing 
this memory of John’s 
house

Episodic concepts Semantic concepts

Episodic memory

Semantic association is essential to remember episodes

Episodic concept

Semantic concept



Key Ideas
• Build a semantic memory language embedding
• Semantic textual alignment
• Visual alignment into semantic memory space
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Modeling semantic memory

• Computational models 
have so far considered :

• Knowledge graphs

• Semantic networks

• Graph embeddings

• Are there any neural 
models of semantic 
memory that capture 
semantic similarity?

• Only concepts similar in 
meaning are close to 
each other

https://neo4j.com/blog/knowledge-graph/what-is-knowledge-graph/



Building semantic memory embedding

10

SemOnt2Vec

Multi-label contrastive loss

• Core vocabulary from Wordnet words:
Form similarity lists per anchor word 
• Cabin ->(cottage, hut, shack, shanty, lodge, chalet, hovel, 

independent house)
• Independent house -> (detached house, single family home, 

single-detached dwelling, building, housing, lodging)

• Building -> (edifice, construction, erection, structure)

• All other words become negative words
• Becomes a multi-label supervised contrastive 

learning problem
• Non-diagonal similarity matrix

Semantically similar words are 
inferred from distance in 
SemOnt2Vec embedding



Handling full captions in semantic memory
• Break a sentence into Wordnet words and average their embeddings

• E.g. There is a table in the middle of the room
• Composed nouns: table, room

•

• For long captions, average embeddings of composed words were taken.
• For out-of-vocabulary words, nearest semantic match using SBERT was taken.
• Word-sense disambiguation resolved the senses of nouns in the sentence.

If textual embedding of full captions are close => 
Their embeddings from the average are also close

Original caption was the nearest 
vector for 90% of the average 
vectors with an
average cosine similarity of 0.958 
in Visual Genome dataset.

Any arbitrary caption can be projected into the SemOnt2Vec Embedding



Building the transformation mapping for text
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Source text Input Target text Output

Word2Vec word VLM embedding Word2Vec word STE embedding

Full caption Average VLM 
embedding

Full caption Average STE 
embedding

STE embeddingVLM embedding

Trained on 1 M captions + base vocabulary accumulated across WordNet, MS-COCO, Visual Genome etc.



Aligning for images
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SemCLIP model

• Alignment transformer needs textual captions only
• Pre-trained STE embedding using large multi-label 

SupCon
• Pre-trained CLIP-variant VLM (any)
• Trainable Alignment Transform per CLIP variant using 

MSE loss

• Image-to-text caption
• Two-step projection

• Image->VLM->STE->nearest text tags
• Text-to-image retrieval

• Images already in STE space
• Text->STE->nearest images

Training Inference

Semantic memory

Episodic memory



Results



Semantic memory performance
How is STE embedding different from other word embeddings?

Is this the same as using WordNet directly?



Semantic memory embedding performance

• 13 benchmark datasets

• Semantic dissimilarity is respected for datasets that contain antonyms

Spearman correlation coefficient 



Comparing SemCLIP to VLMs

SemCLIP model is more semantically stable

SemCLIP model has higher retrieval quality

SemCLIP model is more semantically stable



Conclusions

• An embedding modeling semantic memory is important for capturing 
semantic relationships between concepts in text

• Multi-label supervised contrastive learning captures ontological structure

• Episodic memory developed using semantic memory substrate gives 
more semantic stability

• SemCLIP a new VLM integrating episodic and semantic memory


	Slide 1
	Slide 2: Vision-Language Model – A Joint Embedding Space
	Slide 3: VLM as Episodic Memory
	Slide 4: How stable is the VLM embedding?
	Slide 5: How stable are VLMs?
	Slide 6: How does the brain relate concepts?
	Slide 7: Formation of episodic memory by association
	Slide 8: Key Ideas
	Slide 9: Modeling semantic memory
	Slide 10: Building semantic memory embedding
	Slide 11: Handling full captions in semantic memory
	Slide 12: Building the transformation mapping for text
	Slide 13: Aligning for images
	Slide 14: SemCLIP model
	Slide 15: Results
	Slide 16: Semantic memory performance
	Slide 17: Semantic memory embedding performance
	Slide 18: Comparing SemCLIP to VLMs
	Slide 19: Conclusions

