Agentic Memory-Current Research Landscape

At inference time, an LLM is essentially a parameterized math
function that is completely stateless.

This means its output depends solely on the current input
and its pre-trained parameters. It has no intrinsic memory
to remember what you discussed in a previous prompt .

y = fo(x)

This is the reason why we need to invent new techniques to give llm’s a memory.

Agentic Memory - Current Research Landscape

It is basically divided into multiple
subgroups such as:-
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Short Term Memory e Long Term Memory
Recent conversation context s Persistent knowledge storage
o— o o
‘mm's Episodic Memory Procedural Memory Semantic Memory
Stores past Stores learned !ﬂ Stores factual
experience skills knowledge

Short-term memory = In-context learning, thread-scoped



Traditional Methodology
1. Short-term Memory

Handling the Context Overflow Problem

[ g Continuous Conversation J
-J Messages are exchanged over time
v
[ h Context Length Evaluation J
“ Current conversation history is assessed
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L 1. Set Token Limit
Define a strict maximum token limit
Keep only the most recent messages
that fit under the token limit
3. Remove Older Messages
Drop older messages from the context
4. Reduced Context Sent
Send the trimmed context for
continued interaction
Flaw: Early context is lost permanently,

Technique A: Trimming
(e.g., 150 tokens)
2. Retain Recent Messages
/
} & which can break complex or long-running tasks.

1. Check Message Count
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j: Evaluate the number of messages
in the conversation
Exceeds
Threshold?

, > 6 messages)
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normally |

p
Continue Chat
| Q Chat proceeds

Technique B: Summarization + Deletion

2. Generate Summary
Summarize the oldest messages |
using a secondary model |

3. Delete Old Messages
Remove the summarized messages
from the history
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4. Keep Summary + Recent Messages
Retain the summary and the
2 most recent messages
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5. Optimized Context
Maintain full context within the

L T T T N T s ST e T token limit
*@e Continue Interaction
'-‘ Conversation continues with essential context preserved
without exceeding the context limit
2. Long-term Memory
1. Standard Long-Term Memory (LTM) Operational Lifecycle
£ e = 7 B / \‘
1. Creation | 2. Storage 3. Retrieval 4, Injection
(Memory Candidate (Database Write) (Semantic Search) (Context Augmentation)

Extraction)

Monitor conversation and
\,{ extract stable, reusable
facts (e.g., preferences,

identity, workflows).

1. User Input triggers
“Remember Node”

2, Memory Extraction
& Deduplication

User submits a
prompt. Input is input and outputs
structured JSON:
should_write (T/F)

and is_new (T/F).

routed to the

Extractor LLM.

Format the memory with
metadata and unique ID,
and write it to a

persistent database.

Extractor LLM analyzes

~ 0

For a new prompt, query
the database and
retrieve only memories

- Q

relevant to the query.

3. Database Write Condition
If should_write = True
AND is_new = True

Write to Memory Store

(under user's Namespace) Memory Store

using User ID to

® Otherwise,
skip write,

retrieve relevant

long-term facts.

B

4. Route to “Chat Node”

Chat Node queries

Inject retrieved memories
into the LLM context

and generate a
personalized response.

5. Prompt Assembly

& Generation

Retrieved facts are added
% to the system prompt.
Chat LLM processes the

| user input and generates

a personalized response.



Shortcomings:

1. Loss of Information Over Time
2. Flat Memory Architecture ( lack of hierarchical memory

architecture)

The current pioneers in this research, in my view, are
MemGPTresearchers, as they show significantly higher
performance on Multi-Session Chats and Document Analysis.

MemGPT’s Advantages

MemGPT is a system devised to enhance the performance of LLMs
by introducing a more advanced memory management scheme.
Below are some of the key features of MemGPT:

1. Memory Management:MemGPT uses a tiered memory
system within a fixed-context LLM, enabling the processor to
manage its own memory. This intelligent handling of different
tiers extends the context beyond standard limits, solving the
problem of restricted context windows in large language

models.

2. Virtual Context Management:
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Memory extension

Memory extension

Add 3.00 GB of RAM by occupying
storage. Use this feature only when
there's enough storage space available
on your device.
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https://arxiv.org/pdf/2310.08560

3. Operating System-Inspired: The architecture of MemGPT

draws inspiration from traditional operating systems, especially their
hierarchical memory systems that facilitate data movement between fast

and slow memory.

MemGPT's Architecture

MemGPT
O User message @ Send message

=| Document upload Virtual context E Query database

Main context

L Systemalert & Pause interrupts

External context

Similar to how a computer OS manages RAM and disk storage to

overcome physical limits, MemGPT utilizes hierarchical memory tiers

within an LLM, including;:

1. Main Context: Immediate inference workspace, like

RAM.

2. External Context: On-demand data storage, like a hard

drive.



3. Interrupts: OS-style pausing to manage user control

flow. & f)g\g L]La,u th

This architecture allows for dynamic context management, enabling

the LLM to retrieve relevant historical data akin to how an OS

handles page faults.

Context length of different frontier LLMs:

Context Window Comparison of Recent Frontier Al Models

Context window refers to the maximum number of tokens a model can process in a single conversation.

Model Company Maximum Context Window (tokens)

Gemini 2.5 Pro

G Googl
(May 2025) F Gocgle tokens

™
M

(May 2025) tokens

= 750K words
@ =3,000 pages

B =750K words
(D =3,000 pages

Gors I [, 5
(Apr 2025) tokens @ =3,000 pages
GPT-5.4 @ OpenAl ™ B =750K words
(May 2025) tokens [@ =3,000 pages
Grok 4 xAl 256K B =190K words
(Jul 2025) tokens @ =750 pages
| Claude Sonnet 4.6 YOOK B = 150K words
A\ ‘©  ANTHROP\C | et [0 = 600 pages
M2y 2025) i (1M tokens in beta)
Llama 4 Scout 00 Meta 10M B =7.5M words
(Apr 2025) tokens () =30,000 pages
10K 100K ™ 10M
Context Window Size (tokens)
Ny @ Most leading models now support up to 1 million tokens of context. @ Why it matters?
797 Key Takeaways @e Grok 4 offers 256K tokens, while Claude Sonnet 4.6 provides i :
-y 200K tokens (up to 1M in beta). Larger context windows enable deeper conversations,
: " " s A longer document analysis, and more complex
(X Llama 4 Scout leads with an impressive 10 million token context window.

Note: Data as of May 2025. Context window sizes are subject to change

reasoning over massive amounts of information.



Multi-Session Chat Results
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Evaluation

The biggest unsolved problems are not “how to store text” but
“what to keep, when to update it, how to forget it, and how to
prove it helped.” This is benchmarked by the research paper
namely MemoryAgentBench.
The paper proposes 4 core competencies that are still not
solved together completely in even the most heavily funded
LLMs as well which are:-

1. Accurate Retrieval

2. Test-time learning

3. Long-range understanding

4. Selective forgetting
Currently, even the most top-tier models score around 2-4%,
while it peaks at just around 7% for modern Al models like
GPT-40, Sonnet 3.7 etc.

AR TTL LRU SF Overall
Agent Type SH-QA MH-QA LME(S*) EventQA Avg.|MCC Recom. Avg. Summ. DetQA Avg.|FC-SH FC-MH Avg.| Scores

Long-Context Agents

GPT-40 72.0 51.0 32.0 772 581[87.6 123 50.0| 322 775 54.9| 60.0 5.0 32.5| 4838

GPT-40-mini 64.0 43.0 30.7 59.0 49.2 |1 82.0 151 486 | 28.9 63.4 46.2 | 45.0 5.0 25.0| 42.2
GPT-4.1-mini 83.0 66.0 55.7 82.6 71.8|756 16.7 46.2| 419 56.3 49.1| 36.0 5.0 20.5| 46.9
Gemini-2.0-Flash 87.0 59.0 47.0 67.2 65.1|84.0 8.7 464| 239 592 41.6| 30.0 3.0 16.5| 424
Claude-3.7-Sonnet 77.0 53.0 34.0 74.6 59.7 |89.4 18.3 53.9| 52.5 71.8 62.2| 43.0 2.0 225| 49.6
GPT-40-mini | 64.0 43.0 30.7 59.0 49.282.0 151 486 289 63.4 46.2| 45.0 50 250 423
Simple RAG Agents
BM25 | 66.0 56.0 45.3 74.6 60.5| 754 136 445| 19.0 521 35.6| 48.0 3.0 255 41.5
Embedding RAG Agents
Contriever 22.0 31.0 15.7 66.8 33.9|70.6 152 429 17.2 42.3 29.8| 18.0 7.0 125| 29.8
Text-Embed-3-Small | 60.0 44.0 48.3 63.0 53.8[70.0 153 42.7| 17.7 549 36.3| 28.0 3.0 155| 37.1
Text-Embed-3-Large 54.0 44.0 50.3 70.0 54.6 | 724 16.2 443 | 18.2 56.3 37.3| 28.0 4.0 16.0 | 38.0
Qwen3-Embedding-4B| 57.0 47.0 43.3 71.4 54.7|78.0 122 45.1| 148 59.2 37.0| 29.0 3.0 16.0| 38.2
Structure-Augmented RAG Agents
RAPTOR 29.0 38.0 34.3 45.8 36.8[59.4 123 359 134 423 27.9| 14.0 1.0 75| 27.0
GraphRAG 47.0 47.0 35.0 344 409(39.8 9.8 248| 04 394 199 14.0 20 80| 234
MemoRAG 29.0 33.0 20.0 56.0 34.5|77.0 13.1 45.1| 9.2 50.7 30.0| 21.0 7.0 14.0| 30.9
HippoRAG-v2 76.0 66.0 50.7 67.6 65.1|61.4 102 358 | 14.6 57.7 36.2 | 54.0 5.0 29.5| 41.6
Mem0 25.0 32.0 36.0 37.5 32.6 324 100 21.2| 48 36.6 20.7 | 18.0 2.0 10.0 | 21.1
Cognee 31.0 26.0 29.3 26.8 28.3(354 101 228 23 29.6 16.0| 28.0 3.0 15.5| 20.6
Zep 44.0 25.0 38.3 425 375|628 121 375| 4.2 282 16.2| 7.0 3.0 50| 24.0
Agentic Memory Agents
Self-RAG 35.0 42.0 25.7 31.8 33.6|11.6 128 122| 09 352 18.1| 19.0 3.0 11.0 | 18.7
MemGPT 41.0 38.0 32.0 26.2 343 |67.6 140 408 | 25 42.3 224 28.0 3.0 15.5 | 28.3
MIRIX 62.0 61.0 37.3 29.8 475|384 9.8 241| 99 40.8 254 | 14.0 2.0 8.0 | 26.2
MIRIX (4.1-mini) 73.0 75.0 51.0 53.0 63.0 | 61.0 103 35.7| 189 62.0 40.5| 20.0 3.0 11.5 | 37.7

Solving the problem of Selective forgetting can alone contribute
significantly in memory research.


https://arxiv.org/pdf/2507.05257

Selective Forgetting:-

Any deliberate mechanism by which an Al system reduces,
removes, decays, compresses, or suppresses specific stored
information — whether parametric (weights), structural
(external memory), or operational (context) — while preserving
the system's ability to perform downstream tasks.

Forgetting is necessary due to following reasons:-
1. Retrieval Quality
2. Personalisation
3. Stability
4. Storage Efficiency

A basic code demo for selective forgetting:- Code

A novel approach of MemGPT architecture:- Sparse Priming
Representation

Indepth discussion on MemGPT'’s architecture:- Notes


https://colab.research.google.com/drive/1ayZZo1jHH8yx26_1AAvr0fntrcOHtkYX?usp=sharing
https://medium.com/prompt-engineering/sparse-priming-representation-spr-a-comprehensive-overview-ac9e6ab8a138
https://medium.com/prompt-engineering/sparse-priming-representation-spr-a-comprehensive-overview-ac9e6ab8a138
https://drive.google.com/file/d/1WdUtN8vP-mCzVfDdddXHf8sT2il9R6W-/view?usp=sharing

