
Motivation 1: Noisy & Redundant Memory Input
Long interactions contain substantial redundant information. 
Existing methods directly store raw context without filtering.
→ Leads to token inefficiency and even degraded in-context 
learning.
�  Memory systems lack information selection 
mechanisms.
Motivation 2: Fragmented & Shallow Memory 
Construction
Current approaches treat turns independently or rely on fixed 
context windows.
Fail to capture cross-turn semantic connections.
→ Results in incomplete or entangled memory representations.
�  Memory construction lacks global semantic 
coherence.
Motivation 3: Inefficient & Myopic Memory Updating
Memory updates/forgetting happen during inference (test-time 
coupling).
→ Causes high latency in long-horizon tasks.
→ Prevents deep, reflective processing of past experiences.
�  Memory systems lack decoupled and reflective 
update mechanism.
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Limitations of Current LLM Memory Systems

Light1: Sensory Memory (Pre-
processing)
LightMem first filters raw interaction 
streams by a sensory memory module 
to reduce redundancy. A pre-compression 
model or a generative model  selectively 
retains informative tokens based on 
retention probability or entropy.

Light1: Sensory Memory (Topic 
Segment)
A hybrid topic segmentation 
mechanism combines attention 
patterns and semantic similarity. 
This produces coherent, topic-level 
segments that serve as clean and 
structured inputs for downstream 
memory construction.

Light2: Short-Term Memory (Topic-
aware Summarization)
A backbone LLM generates concise 
summaries for each topic, forming 
structured memory entries. This topic-
aware design avoids noisy mixing across 
sessions while minimizing API calls and 
preserving summarization accuracy.

Light3: Long-Term Memory 
(Decoupled & Parallel Update)
LightMem adopts a decoupled memory 
update strategy by inserting entries into 
long-term memory during inference and 
deferring updates to a sleep-time phase. 
A similarity-based update queue is 
constructed for each entry with temporal 
constraints, enabling independent and 
parallel offline updates. 

Dataset1: LongMemEval

Dataset2: LoCoMo

LongMemEval: 
+2.09%–6.40% 
(GPT) and up to 
+7.67% (Qwen) 
accuracy, while 
achieving up to 
38×/21.8× token 
reduction, 
30×/17.1× fewer 
API calls, and 
12.4×/6.3× 
speedup.

LoCoMo: 
LightMem 
improves 
accuracy by 
6.10%–29.29% 
and delivers 
consistent 
efficiency gains 
(up to 20.92× 
tokens, 55.48× 
API calls, 8.21× 
speedup), with 
sleep-time 
consolidation 
further 
enhancing 
memory 
reliability.

sentence, token-level  
compression and 
summarization should 
be used flexibly.

This case explains why LightMem's soft 
update mechanism works.
soft update vs traditional hard update???
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