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Neuro-Inspired Memories

• Why model declarative memory?

• A computational model of declarative memory
• Modeling semantic memory

• Modeling episodic memory

• Modeling the associative memory formation in the hippocampus

• A commercial content-storage system modeled after human memory



The declarative memory system in brain

https://qbi.uq.edu.au/memory/where-are-memories-storedhttps://www.pnas.org/doi/10.1073/pnas.93.24.13438

Declarative memory is a type of long-term memory that involves conscious recollection of particular facts and events.

https://www.google.com/search?client=firefox-b-1-d&sca_esv=67b7e7efba1416c5&q=recollection&si=AMgyJEvfjzRzn-1LlmPs29qkb8mqIbXvrS04vsngflm3eWzLS0TkhIUxiHe_sYf-zcvp9VSfWu0hUfEZD_pDz0EVK1f6PZd9AyNV3toCSx_t6VFjvo-PKh8%3D&expnd=1&sa=X&ved=2ahUKEwj6q9TbwqmQAxV8QvEDHRLJJBEQyecJegQIFxAR


Attention-driven declarative memory

• Sensory systems

• Attention mechanism

• Hippocampal system
• Entorhinal cortex

• Hippocampal system

• Episodic & Semantic 
memories

https://thebrain.mcgill.ca/flash/a/a_07/a_07_cl/a_07_cl_tra/a_07_cl_tra.html
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Why build a model for declarative memory?

• Memory prosthetics for memory-impaired patients
• Patients cannot recognize their own family members
• Their long-term memories may still be preserved but their ability to form new memories is lost.
• This occurs in many conditions, both acute and progressive

• Acute memory loss:
• Alcohol-related “blackouts.”
• Aneurysms or brain bleeds.
• Brain surgery or similar procedures (especially surgeries to remove or scar part of your brain to prevent severe seizures that 

aren’t treatable with medication).
• Environmental toxins like carbon monoxide poisoning.
• Cancer treatment, including chemotherapy and radiation therapy.

• Traumatic brain injury (including concussion).
• Stroke (especially ischemic stroke) 
• Drugs

• Progressive memory loss:
• Alzheimer’s disease.
• Other neurodegenerative disorders, like dementia with Lewy bodies, Huntington’s disease and primary progressive aphasia.

• Vascular disorders of the brain.
• Brain tumors.
• Multiple sclerosis.

https://my.clevelandclinic.org/health/diseases/16800-brain-aneurysm
https://my.clevelandclinic.org/health/diseases/16800-brain-aneurysm
https://my.clevelandclinic.org/health/diseases/14480-brain-bleed-hemorrhage-intracranial-hemorrhage
https://my.clevelandclinic.org/health/articles/10257-chemotherapy-side-effects
https://my.clevelandclinic.org/health/diseases/15038-concussion
https://my.clevelandclinic.org/health/diseases/24208-ischemic-stroke-clots
https://my.clevelandclinic.org/health/diseases/9164-alzheimers-disease
https://my.clevelandclinic.org/health/diseases/9164-alzheimers-disease
https://my.clevelandclinic.org/health/diseases/17248-multiple-sclerosis
https://my.clevelandclinic.org/health/diseases/17248-multiple-sclerosis


Memory prosthetics scenarios

• Already being piloted around the world now 
• UAE launches 'Synthetic Memories' AI project for 

Alzheimer’s patients
• Using generative AI to digitally recreating lifelike 

memories that simulate moments from patients’ 
lives that have begun to fade

UAE uses AI to bring Alzheimer’s 
patients’ memories back to life

https://gulfnews.com/uae/health/uae-launches-synthetic-memories-ai-project-for-alzheimers-patients-1.500277996
https://gulfnews.com/uae/health/uae-launches-synthetic-memories-ai-project-for-alzheimers-patients-1.500277996


Memory prosthetics for continuous 
acquisition of memories
• Our approach targeted new memory 

formation issues rather than old 
memory recall following H.M. 
patient studies.

Sensory 
subsystems

Bio-inspired memory

Patient 
Environment

Subliminal 
feedback



Why model declarative memory?

• Can lead to new ways of storing, retrieving and generating information
• Content/file storage systems
• Vector databases
• Episodic memory LLMs
• Robotic architectures

AI Memory Systems ...

SOAR:Extending Cognitive 
Architecture with Episodic Memory.

Larimar: Large Language Models with Episodic 
Memory Control

https://medium.datadriveninvestor.com/beyond-vector-databases-the-next-generation-of-ai-memory-systems-8143605a7589
https://www.researchgate.net/publication/221604067_Extending_Cognitive_Architecture_with_Episodic_Memory?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoiX2RpcmVjdCJ9fQ
https://www.researchgate.net/publication/221604067_Extending_Cognitive_Architecture_with_Episodic_Memory?_tp=eyJjb250ZXh0Ijp7ImZpcnN0UGFnZSI6Il9kaXJlY3QiLCJwYWdlIjoiX2RpcmVjdCJ9fQ
https://raw.githubusercontent.com/mlresearch/v235/main/assets/das24a/das24a.pdf
https://raw.githubusercontent.com/mlresearch/v235/main/assets/das24a/das24a.pdf




Human Memory   Computer Storage devices 

A storage device is a passive keeper of information
• Ingest
• Store
• Retrieve 
• Not actively aware of the content inside
• Doesn’t self-organize over time
• Not as compact as the brain

Declarative memory also does 3 main functions
• Ingest
• Store
• Retrieve 

• Naturally associative 
• Involves learning
• Semantic retrieval
• Controlled forgetting
• Highly compressed
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Modeling the declarative memory system

https://www.oxcns.org/papers/573%20Ro
lls%202017%20Computational%20Models
%20of%20Hippocampal%20Functions.pdf



Building a computational model of memory



Bio-inspired Computer Storage System
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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/



Neural modeling of domain-specific ontologies

• Existing approaches leverage textual information associated with 
nodes

• Can the structure alone be used to capture the semantic similarity?

Group
Squad
Crew
Tribe
Gang
Party
Band
Unit
Company
Force

Hamper 

Bin
Crate
Box

Carrier
Tote
Wicker basket

Chest
Pannier 
Caddy

ChatGPT
ChatGPT

Words that are similar in sense



Learning semantic memory embedding
• using supervised contrastive learning



Learning associations in semantic memory



Domain-specific semantic memory models 

• 13 benchmark datasets

• Semantic similarity is respected for datasets that contain antonyms

Spearman correlation coefficient 
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Modeling Episodic Memory

• Episodic memory is an autobiographical memory of facts and events
• Remembers objects, shapes, colors, actions, the names, etc.

• Interacts with semantic memory during formation and recall
• Relates instances to broader concepts

• Demonstrated through
• Behavioral, lesion, and functional imaging studies

• Semantic memory located closer to the hippocampal regions

• Episodic memories distributed through the cortex

• What is known:
• Semantic memory facilitates the acquisition of new episodic memories

• Episodic memory facilitates the addition of new information to the semantic store.

• episodic memories facilitate the retrieval of information from semantic memory

• Semantic memories are the basic material from which complex and detailed 
episodic memories are constructed



A vision-language model can be seen as an 
episodic memory

• Associates images with language

Semantically 
similar ?



Need for semantic memory associations

• 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)



Aligning VLM with Semantic Memory

Project VLM onto the semantic memory embedding space

All related 
concepts and 

their associated 
images close 

togetherSemantically 
similar ?

Semantic memory embedding



SemCLIP – A new episodic memory model 
built on semantic memory substrate



Comparing episodic memory model to VLMs

An episodic memory model is more semantically stable

An episodic memory model has higher retrieval quality
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Modeling the associative learning in the hippocampus

30

Dentate Gyrus (DG): 
•Distinguishes between similar experiences, a process known 
as "pattern separation".
Cornu Ammonis (CA): 
•CA3: Contains "attractor networks" that help retrieve 
complete memories from partial cues.
CA1: Receives input from CA3 and the entorhinal cortex
projects to the subiculum to send information back out of the 
hippocampus.

Subiculum: 
•The final stage of the hippocampal circuit, it 
combines information from CA1 and the entorhinal 
cortex to project to other brain areas, helping to 
consolidate and retrieve memories.

https://thebrain.mcgill.ca/flash/a/a_07/a_07_cl/a_07_cl_tra/a_07_cl_tra.html



Hopfield Networks

31

• CA3 cells in the Hippocampus have been known to perform 
Hebbian learning.

• Content-addressable memory systems store data as 
attractor states in an energy landscape. 

• Can hold only a limited number of  memories

Stored pattern      Given query        Retrieve 1 Retrieve 2
 



Fig. from  [2]

Modern Hopfield Networks 

• Modern Hopfield Networks address the limited 
storage capacity by using am expontential 
energy function  

32[1] Krotov D, Hopfield JJ. Large Associative Memory Problem in Neurobiology and Machine Learning. 
[2] Millidge, Beren, et al. "Universal hopfield networks: A general framework for single-shot associative memory models."

– Reduces to pattern matching

– As many neurons as the patterns!

– Suffers from metastable states

– Requires partial patterns to be specified



Our key ideas

• Enhanced separability through latent representations can reduce metastable 

states.

•  Evidence from prior encoding in DG cells before CA3 in the tri-synaptic circuit suggests this as a plausible mechanism. 

• Partial content specification can be avoided using a language association. 

• Integration of language cue with content in the ET cortex prior to entering the hippocampus suggests hetero-association.

Group Name / DOC ID / Month XX, 2024 / © 2024 IBM Corporation 33



Encoding Hopfield Networks

Group Name / DOC ID / Month XX, 2024 / © 2024 IBM Corporation 34

MHN State update: 

s(t+1) = softmax(βΞTs(t))

HEN latent transformation: 

s(t+1) = softmax(βΦenc ​(Ξ)
TΦenc​(s

(t))).

Figure 3: Figure shows the performance of pixel represented and encoded hopfield network performance when queried on a
uni-modal retrieval experiment at 50 % sparsity level. From top to bottom, thefirst row is the full image stored in thehopfield
memory. For the encoded networks, the hopfield memory holds the 1024 encoded vector representation of the image. The
second row represents the sparse query. The third row is the hopfield update which has pixel representation of the images.
We see that they fall into meta stable states and give no meaningful retrieval except for the second figure. While the last row
represents the results of a hopfield network with encoded representations. We see that that at even 50 % sparsity it is able to
successfully recover the image.

Figure 4: Figure shows performance of the hopfield encoded network with different types of sparsity. from top to bottom, the
top row is the full image stored in the hopfield memory, the second row represented the query input where the full image was
encoded and then sparisfyed by zeroing out 50% of the encoded vectors. The third row shows the query input blacked out at
50 % sparsity and then encoded. The fourth row is the resulting reconstructed image after hopfield encoding network update
followed by a DallE decoder. Both sets of sparsity experiments managed to reproduce the full image succesfully.

Table 1: Comparison of the retrieval performance with different text based query representations. The proposed Pixelized Text
DallE embedding outperformed other text representations in the cross modality retrieval experiment

Normalized Index Lookup CLIP Text Embedding Pixelized Text DallE Embedding
MS-SSIM 0.3165 0.259 1.000
MSE 0.229 0.157 0.000
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MHN- Recovered 
from memory 

– Would any encoding 
work?

– Separability in 
the embedding 
space is 
important



Separability of various embeddings in Hopfield Encoding Network



𝜷 Ablation MS-COCO[3] 1-SSIM, N=6000

Reduce spurious attractors
Similarity Metrics: dot product and L2 losses
Pretrained Encoders: Diffusion models[1] – vqf8, vqf16, discrete 
VAE[2], Image
Eval Metrics: MSE, 1-SSIM 

[1] Taming Transformers for High-Resolution Image Synthesis
[2] Dall-E: https://github.com/openai/DALL-E
[3] Lin, Tsung-Yi, et al. "Microsoft coco: Common objects in 
context." Computer Vision–ECCV 2014

MS-COCO[3] with 𝜷 = 150, Scale Up 

In NeurIPS UniReps Workshop 2024

https://github.com/openai/DALL-E
https://github.com/openai/DALL-E
https://github.com/openai/DALL-E


Hopfield encoding network results

Dense associative memory bank Modern Hopfield Network Retrieval Hopfield Encoding Network Retrieval



Cross Modal Hopfield Encoding Networks

38

Cross-modal Hopfield Networks

• Memory vectors are created by concatenating 
embeddings from both modalities.

• Queries in one modality retrieve corresponding content in 
another modality.

• Encoded latent representations ensure separability even 
across modalities

• Can the association be through language?
• Yes

• Should the associative cue be in the same 
modality form?
• No

• Can the associative cue be separately 
encoded?
• Yes

• Should the associative cue be unique?
• Yes
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Need for unique associations

© 2019 IBM Corporation
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▪ A commercial content-storage system modeled after human memory



helmet->{'red helmet', 'baseball helmet', 
'green helmet', 'safety covering', 'white 
helmet', 'blue helmet', 'yellow helmet', 
'bike helmet', 'motorcycle helmet’} 
hair->{brown hair, 'curly hair', 'woman’s 
hair', 'man’s hair', 'gray hair', 'dark hair', 
'girl’s hair', 'long hair', 'blond hair', 'black 
hair', 'hair', 'white hair', 'red hair', 'blonde 
hair'}

Semantic Memory
'motorcycles': '0.19647014',

'biker': '0.19616504',

'bike rider': '0.14070328',

'red hat': '0.13334015',

'motor bike': '0.13019492',

'motorcycle': '0.11932715',

'black motorcycle': '0.11693948',

'motorbike': '0.09740791',

'handlebars': '0.061977874',

'red cap': '0.055556886',

'handlebar': '0.052708704',

'blue helmet': '0.04897222',

'yellow cap': '0.04508579',

'two wheels': '0.044758428',

'motorcycle helmet': '0.04200281',

'bikes': '0.034488477',

'red helmet': '0.029659964',

'bike': '0.028195346',

'motorcycle seat': '0.0274861',

File D1 Selected Region S1Saliency Map Attended Regions

Nearby 
Object Labels 
L1,L2..

Motorcycles->S1->D1, ->S3->D1

Blue helmet->S1->D1
…….

Episodic Memory indexing 

Ingestion Processing

Episodic memory



helmet->{'red helmet', 'baseball helmet', 'green helmet', 'safety 
covering', 'white helmet', 'blue helmet', 'yellow helmet', 'bike 
helmet', 'motorcycle helmet’} 
hair->{brown hair, 'curly hair', 'woman’s hair', 'man’s hair', 'gray hair', 
'dark hair', 'girl’s hair', 'long hair', 'blond hair', 'black hair', 'hair', 
'white hair', 'red hair', 'blonde hair'}

Semantic Memory

File D1 Selected Region S1

Retrieve images 
files depicting 

safety covering

“Safety 
Covering”

Query attentional 
processing

S1, D1

Bioinspired 
Retrieval

Motorcycles->S1->D1, ->S3->D1

Blue helmet->S1->D1
…….

Episodic Memory indexing 

Retrieval Processing



IBM CAS  - Content Aware Storage

Attentional 
Sensory 

Processing

Entorhinal 
Processing

Hippocampal 
Encoding

Episodic memory
Hippocampal 

Retrieval

Sensory 
Input

https://www.ibm.com/new/announcements/new-content-aware-
capabilities-help-ibm-storage-scale-improve-ai-responses

• GA in March 2025
• At NVIDIA GTC 

conference



Features of CAS

• Natural language ad hoc semantic retrieval

• High accuracy multimodal search

• Incremental update to memory

• Naturally associative between text and images



Evaluation results on enterprise datasets



Summary

• A computational model of declarative memory can be a viable way to implement 
a content-aware storage platform

• Important aspects of human memory simulated through novel neural networks:
• Semantic memory developed using supervised contrastive learning from ontological 

structure
• Episodic memory developed using semantic memory substrate
• Cross-modal Hopfield Networks improve capacity, offer higher compression, and increased 

accuracy of retrieval requiring uniqueness of association

• Future work:
• The model implementation still under development with the all key aspects need to be tied 

back together
• The transition from memory formation to long-term memory store needs to be explored
• Engram theory could be a possible tie-in
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