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ABSTRACT

Long-term memory helps LLM agents solve tasks that require reasoning over long
interaction histories. Recent agentic memory systems can outperform providing
the full context window or standard retrieval over text chunks, but they often rely
on heavy, task-specific context engineering and complex memory pipelines, mak-
ing them hard to understand, deploy, and transfer to new domains. We intro-
duce LightMem, a lightweight, domain-adaptive memory system that keeps only
the most necessary designs in three core steps: extraction, consolidation, and re-
trieval. LightMem removes purpose-unclear components and clearly separates
what needs human input from what can be automated: users specify only memory
metadata and consolidation rules, while the rest of the pipeline is general. Dur-
ing consolidation, LightMem automatically builds a hierarchical memory tree via
non-parametric agglomerative clustering, reducing manual design and avoiding
task-specific tuning. During retrieval, LightMem traverses this tree to retrieve in-
formation across clusters and multiple granularities, enabling structured access to
relevant memories. We evaluate LightMem on two unrelated tasks, personaliza-
tion and code repository understanding, and show that it substantially improves
accuracy over vanilla RAG and prior agentic memory baselines, with latency on-
par with the fastest memory baselines.

1 INTRODUCTION

LLM agents increasingly operate in settings that require reasoning over long contexts [Zhang et al.
(2025); Bai et al.|(2025); [Liu et al.|(2025), including extended conversationsMaharana et al.| (2024);
Wau et al.[(2024)), personalization signals accumulated over time|Tan et al.[(2025); Jiang et al.| (2025)),
and large code repositories/Chen et al.[(2025); Qiu et al.|(2025). In these scenarios, relevant informa-
tion is often fragmented across lengthy inputs, scattered across many turns or documents, and mixed
with irrelevant noise. As a result, agents must reliably preserve and retrieve salient information in
order to answer queries, and more broadly, tacking actions.

A straightforward approach is to provide the model with the full available context window. How-
ever, this strategy is constrained by context length, often incurs substantial latency and cost, and can
increase the risk that the model is distracted by irrelevant or redundant information and ultimately
hurting performance Du et al.|(2025); |Shi et al.| (2023); Liu et al.| (2024)). Retrieval-augmented gen-
eration (RAG) offers a scalable alternative by retrieving relevant text chunks from an external store
and appending them to the prompt |Lewis et al|(2020). Despite its simplicity, vanilla RAG can be
unreliable for long-context reasoning: important evidence may be split across chunks, retrieved pas-
sages may be redundant or outdated, and performance can be highly sensitive to chunking strategy
Gao et al.| (2023)); Wang et al.| (2024a)).

To address these limitations, recent agentic memory systems have emerged and shown promising im-
provements over naive context filling and flat retrieval|[Zhang et al.| (2025); Hu et al.|(2025b)). These
systems often introduce structured representations, multi-stage pipelines, and specialized prompt-
ing strategies |Rasmussen et al.| (2025b); Zhong et al.| (2024). However, increasing performance
frequently comes with increased complexity: many memory systems rely on heavy, task-specific
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Figure 1: LightMem overview. LightMem separates minimal human design from an automated,
general-purpose memory pipeline. Left: Users specify memory metadata and consolidation rules,
which define what should be extracted as memory and provide high-level guidance for consolidation.
Middle: LightMem extracts memory units and automatically consolidates them into a hierarchical
memory tree via non-parametric agglomerative clustering, avoiding task-specific schemas. Right:
At inference time, LightMem performs efficient tree-traversal retrieval, selecting nodes along rele-
vant paths to access memories at different scopes and granularities while maintaining low latency.

context engineering, with multiple components whose necessity and effectiveness are not always
clearly justified. This complexity makes them difficult to interpret and deploy Hu et al.|(2025b), and
it can hinder transfer to new domains or use cases that differ from the task assumptions baked into
the memory design Hu et al.| (2025a).

These trends raise a basic question: what is the minimal design, and the simplest data structures
needed to support robust agent memory behavior over long contexts? Although state-of-the-art
agentic memory systems can look quite complex, most can be decomposed into three essential
stages: extraction, consolidation, and retrieval. We view the irreducible role of each stage as follows:

* Extraction: A filtering stage that removes irrelevant context and produces task-relevant
memory units. This is the only stage where task-specific design should occur, ideally yield-
ing the smallest useful granularity of memory.

* Consolidation: A (pre-)reasoning stage that organizes extracted units into a clean, reusable
memory structure. Much of the pipeline and data-structure complexity in existing systems
serves this step. At minimum, consolidation performs clustering/grouping, deduplication,
and contradiction resolution. Additional heuristics may help but are not always necessary.
Because this stage is heavy but largely task-agnostic, automating it can substantially reduce
the engineering burden of building memory systems.

* Retrieval: Fetch relevant information from consolidated memory given the current query.
We argue this step should be as simple and low-latency as possible for a typical memory-
enabled system (e.g., a personal-assistant chatbot). This differs from open-ended discovery
systems (e.g., deep-research-style agents), where the use case is less predictable and it can
be beneficial to incorporate more reasoning and multi-step retrieval into the retrieval loop.

This perspective motivates a minimal memory pipeline that keeps these three stages explicit,
purpose-clear, and transferable across tasks.

Motivated by this perspective, we introduce LightMem, a lightweight, domain-adaptive memory
system that retains only the highest-leverage elements across the extraction, consolidation, and re-
trieval stages. As illustrated in Figure[T] LightMem enforces a clear division of labor between human
input and automation: the only required task-specific design is memory metadata specified at the
extraction stage, which defines what to store and how to filter raw context into atomic memory units.
Users may optionally add a small set of consolidation rules, while the core consolidation procedure
and essential operations remain general.
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During consolidation, LightMem automatically constructs a hierarchical memory tree via non-
parametric agglomerative clustering |Sneath| (1973); Miillner; (2011), avoiding hand-crafted
schemas and task-specific tuning. At inference time, LightMem retrieves memory nodes by travers-
ing a small number of relevant paths in the tree, enabling access to different scopes and granularities
while maintaining low latency.

We evaluate LightMem on two substantially different long-context tasks, personalization and code
repository understanding, and show that it consistently improves accuracy over vanilla RAG and rep-
resentative agentic memory baselines. Importantly, these gains do not come at the cost of efficiency:
LightMem maintains latency on par with the fastest memory baselines by relying on embedding-
based tree traversal. In summary, our contributions are threefold: (1) a minimal, purpose-clear
three-stage memory pipeline with an explicit human/automation separation; (2) an automated con-
solidation procedure that builds a hierarchical memory tree via non-parametric clustering, reducing
manual schema design and task-specific tuning; and (3) a multi-granularity retrieval mechanism that
surfaces information at different scopes while achieving strong accuracy—latency trade-offs.

2 RELATED WORK

A growing body of work equips LLM agents with external memory to overcome context-
window limits and support long-context interaction |Qian et al.| (2025). Early systems such as
MemGPT |Packer et al.| (2023) treat memory as an OS-like hierarchy, moving information across
fast and slow tiers to preserve useful context across long documents and sessions. For persistent
personalization, MemoryBank [Zhong et al.| (2024) stores user-centric information over time with
selective retention inspired by forgetting, enabling preference-aware recall. Together, these works
demonstrate the value of long-term memory while surfacing a central challenge: what to store, how
to update it, and how to retrieve it reliably as histories grow.

Beyond flat chunk retrieval, recent work increasingly explores structured memory representations.
HippoRAG lJimenez Gutierrez et al.| (2024)); (Gutiérrez et al.| (2025) and GraphRAG [Edge et al.
(2024) organize information using knowledge-graph-style structures and graph algorithms such as
Personalized PageRank to support multi-hop retrieval and integration. A-Mem Xu et al.| (2025)
adopts Zettelkasten-like linked notes to retrieve related memories jointly. Zep Rasmussen et al.
(2025a) proposes a temporally aware knowledge-graph memory service with structured ingestion
and temporal updates, while MemO |Chhikara et al.| (2025) targets production deployments through
scalable extraction, consolidation, and retrieval. Memory is also often embedded in reflection and
summarization loops that store experiences and higher-level reflections for later planning Patil et al.
(2025)), reinforcing a common extraction—consolidation—retrieval framing.

A related emerging direction is self-evolving agent memory, in which agents learn storage and re-
trieval behaviors from optimization signals, often via reinforcement learning |Yan et al.| (2025); |Yu
et al. (2026). Although this direction is promising, it is not the focus of this work. Still, clearer de-
composition of memory components may help future systems separate task-specific behaviors from
more general memory mechanisms.

Despite strong results, many existing memory systems rely on richer schemas, such as note or graph
structures |Wang et al.| (2024b); [Cui et al| (2025)), typed relations Ward| (2025)), or multi-level ser-
vices |Li et al.|(2025), as well as multi-component pipelines [Sarin et al.[(2025]) whose behavior can
be closely tied to particular design assumptions or target use cases. In adjacent retrieval settings,
tree-structured organization has also shown strong utility: RAPTOR [Sarthi et al.| (2024) demon-
strates that hierarchical tree-based summarization and retrieval can improve navigation over large
corpora, suggesting that tree structures are a plausible foundation for memory systems as well. Sim-
ilarly, TreeMem Rezazadeh et al.| (2024)) uses a closely related tree structure, but focuses more on
online memory expansion than on isolating memory functionality into minimal, general-purpose
components. LightMem instead asks how far a minimal design with clear functional boundaries
can go: task-specific choices are confined to lightweight memory metadata during extraction, with
optional consolidation rules, while consolidation and retrieval remain general across domains. For
broader overviews and taxonomies, see recent surveys Zhang et al.[(2025); |Hu et al.[(2025b).
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3 METHODS

3.1 PROBLEM DEFINITION

We consider an LLM agent that operates over a long context collection and must answer queries that
depend on information distributed throughout that context. Let H = {x1,xa, ..., zn} denote a set
(or ordered list) of context units, where each x; is a unit of content such as a dialogue segment, a
document passage, or a code chunk. At inference time, the agent receives a query ¢ and produces an
output y based on its intrinsic knowledge and (a subset of) H.

For an agent equipped with an external memory system, the memory system first performs extrac-
tion to convert context units into memory blocks. Given an LLM-based extractor and a memory
metadata specification S that defines the fields of a memory block (e.g., summaries, keywords,
timestamps), each context unit x; is mapped to a set of base/leaf memory blocks:

ELim (@i 8) = {miy, .- min, } (1)

Each memory block m follows the unified schema defined by S and includes: (i) structured memory
fields (e.g., summary, keywords, salient notes, timestamps), (ii) a metadata payload (e.g., ID, number
of tokens), and (iii) provenance information that tracks its source context unit, denoted by src(m) =
Z;.

The memory system then performs consolidation by organizing extracted blocks into a hierarchical
clustering structure C that groups related memories at multiple levels of granularity. We define C
abstractly: it may be instantiated by different data structures, such as a tree, a DAG, or a graph,
as long as it supports hierarchical grouping and navigation. Each node v € C is associated with
a memory block b(v) that follows the same schema S. The lowest-level nodes correspond to the
initially extracted blocks, while higher-level nodes store consolidated information (e.g., aggregated
fields and evidence sources) derived from the nodes they subsume (e.g., their descendants in a tree-
structured hierarchy).

At inference time, the memory system performs retrieval over C to produce a compact retrieval
context R(q). We write:

R(q) = R(q;C, {src(-)}) )

where R is the retrieval procedure. Concretely, R(q) can be viewed as a set of field-value pairs
and/or text snippets drawn from retrieved node blocks and, when useful, their linked sources:

R(q) C (U selectedﬁelds(b(v))) U (U src(b(v))) 3)

vel vel

The agent then conditions on ¢ and R(q) to generate its output:

y = LLM(q, R(q)) 4)

We note that a classical RAG system also fits this formulation: it can be viewed as a flat memory
system that directly treats each x; (or its chunks) as a memory block, without consolidation.

The goal of an agent memory system is to retrieve a compact context that is sufficient for answering
the query. This can be viewed as a trade-off between task effectiveness and retrieval size:

max E[Acc(y,y*)] while minimizing |R(q)| )
where y = LLM(q, R(q)) and | R(q)| measures retrieval size (e.g., number of blocks or tokens).

We seek designs that keep task-specific choices localized to the memory block schema S during
memory extraction, while allowing consolidation and retrieval to remain general and transferable.

3.2 MEMORY METADATA DESIGNING

LightMem isolates task-specific design to a single, declarative interface: the memory metadata spec-
ification S. Conceptually, S defines the schema of a memory block, i.e., which fields a block con-
tains and what each field is intended to represent. The LLLM-based extractor uses S to map raw
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history units into afomic memory blocks, and the same schema is preserved throughout consolida-
tion: intermediate (cluster-level) memories are represented in the same block format as leaf blocks,
but with aggregated fields.

We design S to satisfy three practical goals. First, each block should be self-contained: it must be
understandable without additional surrounding context. Second, it should support selective embed-
ding for grouping and retrieval: blocks expose high-signal fields (e.g., topics and keywords) that
can be used for grouping or retrieving relevant memories. Third, it should enable retaining effective
information (salient notes and grounded evidence source) for faithful answering.

Across tasks, we adopt a common set of high-level fields in S: (i) a short summary and a scope
describing what the block covers; (ii) an applicability field describing when the block is
useful for answering questions; (iii) topics and keywords used as grouping/retrieval signals;
and (iv) a list of salient notes, where each note is an atomic, grounded claim extracted from
the input. In addition, we include provenance signals so that retrieved blocks can be traced back to
supporting evidence in the original documents or interaction histories.

While the consolidation and retrieval procedures are shared across domains, the block schema S
can be adapted with lightweight, task-appropriate fields. We provide the task-specific schema in-
stantiations and a simplified extraction prompt template for personalization and code repository
understanding in Appendix [A]

A key design choice is that the same schema S is used for both leaf-level blocks and consolidated
(cluster-level) blocks. During consolidation, higher-level blocks may contain abstracted summaries,
aggregated keywords/topics, and merged salient notes (e.g., deduplicated or temporally updated), but
they retain the same field structure. This ensures that retrieval can uniformly operate over blocks at
different granularities, and that the returned context R(¢) can mix coarse and fine memories without
requiring separate representations.

3.3 MEMORY BLOCK EXTRACTION

Given the memory metadata specification S, LightMem performs extraction by applying an LLM-
based extractor &1\ to each context unit x; in H, producing a (possibly empty) set of leaf memory
blocks as defined in Eq[T]

Each memory block m follows the schema S, including high-level descriptors fields (e.g.,
summary, scope, applicability), retrieval signals (e.g., topics, keywords), and a
compact list of atomic salient notes. The source context to each block is also tracked as
sre(m) = ;.

3.4 MEMORY TREE CONSTRUCTION

LightMem consolidates extracted base memory blocks into a hierarchical clustering structure C to
enable multi-granularity access. Concretely, given the set of leaf blocks M = {m, ;}, we build C
using agglomerative clustering Sneath|(1973)); Miillner| (201 1)) with a cosine-based distance between
node embeddings. We initialize each leaf as an active cluster and iteratively merge the closest pair
until a single root remains (or until an optional distance threshold is met).

Each node in the hierarchy (both leaves and internal nodes) is represented using the same memory
block schema S. To support clustering, we associate each node with an embedding computed from
its schema fields. Specifically, for any node with memory block b, we construct an embedding input
text by concatenating the text in the fields and compute an embedding vector e(b). Leaf embeddings
are computed from extracted blocks, and internal node embeddings are recomputed from the merged
block using the same procedure.

When merging two child nodes with blocks b, and b, (both following S), we use an LLM-based
merge operator to produce the merged block b, in a single generation step. The LLM is instructed
to (i) preserve grounded information from both children, (ii) remove redundancy via semantic and
normalization-based deduplication, and (iii) regenerate the fields (e.g., summary, topics and
keywords) from the merged salient notes. Additional consolidation rules (e.g., conflict-handling
heuristics) can be optionally provided, but are not required by the core procedure. After obtaining
b,, we compute the parent embedding as e(b,,) and insert the new node back into the active set.
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Stopping criterion. By default, we continue merging until a single root remains, producing a full
hierarchy. Optionally, one may stop merging when the nearest-pair distance exceeds a threshold,
yielding a forest of higher-level clusters. In our experiments, we use the full hierarchy.

3.5 RETRIEVAL

Given a query ¢, LightMem retrieves a compact set of relevant memories from the hierarchy C. We
first build a retrieval index by embedding all memory nodes (including both leaf and internal nodes)
using the associated fields. For each node v with memory block b,, we compute an embedding
vector e(b,). At inference time, we embed the query to obtain e(q) and score each node by cosine
similarity:

s(v,q) = cos(e(by), e(q)) (6)
‘We then obtain a ranked list of candidate nodes via nearest-neighbor search over these embeddings.

A key advantage of the hierarchical structure is that nodes along the same branch naturally form a
coarse-to-fine representation: higher-level nodes summarize broader content spanning their descen-
dants, while nodes closer to the leaves retain more fine-grained details. This observation motivates
retrieving from multiple branches to improve coverage under a fixed retrieval budget, as described
below:

Branch-aware selection. A naive top-k over all nodes can return redundant memories from the
same branch of the hierarchy (e.g., both a node and its ancestor), which reduces coverage and wastes
retrieval budget. To encourage diversity while preserving efficiency, LightMem performs path-
based branch selection: from the similarity-ranked candidate list, we greedily select up to k nodes
such that no selected pair has an ancestor—descendant relationship. Formally, we construct

S(ggcc, [S(@I<k (7)

subject to the constraint that for any u, v € S(g), neither u is an ancestor of v nor v is an ancestor of
u. In practice, we enforce this constraint using a precomputed Euler tour of the hierarchy, enabling
O(1) ancestor checks during selection.

Multi-granularity retrieval context. Because the candidate pool includes both leaves and internal
cluster nodes, the selected set S(g) naturally mixes granularities: internal nodes provide concise
cluster-level summaries, while leaf nodes provide fine-grained details when they are the best non-
overlapping matches. The final retrieval context R(q) is constructed from the schema fields of the
selected nodes and, when useful, can include linked evidence from the original sources.

Finally, this branch-aware retrieval perspective suggests an interesting direction for future work:
training embedding models that are explicitly granularity-aware for hierarchical memory. In this
paper, however, we focus on the pipeline design and use off-the-shelf embedding models.

4 EXPERIMENTS

4.1 DATASETS

To evaluate the effectiveness and adaptability of the proposed memory framework, we conduct ex-
periments on two fundamentally different tasks, personalization and code repository understanding,
both of which require LLMs to reason over long contextual histories.

Personalization The first dataset is LoCoMo Maharana et al.| (2024), a widely used benchmark
in agentic memory research and commonly adopted by state-of-the-art memory systems. LoCoMo
evaluates an LLM’s ability to understand and reason over extremely long-term human-to-human
conversations spanning extended time periods. The model is subsequently queried about personal
information discussed throughout the dialogue, requiring accurate memorization, aggregation, and
reasoning over information distributed across the entire interaction history.
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Code Repository Understanding The second dataset focuses on code repository understand-
ing, a subtask from LongBench v2|Bai et al.|(2025). This dataset consists of textual representations
of code repositories paired with multiple-choice questions that require professional-level under-
standing of code structure, functionality, and inter-file dependencies. Successfully answering these
questions demands long-context comprehension as well as precise retrieval of relevant information
from large codebases.

4.2 BASELINES
4.2.1 PERSONALIZATION BASELINES

We compare our method against both classical RAG approaches and structured agentic memory
systems. For RAG baselines, we include both sparse retrieval methods and dense retrieval meth-
ods using embedding models of varying sizes. For structured agentic memory baselines, we select
representative prior systems including A-Mem [Xu et al.| (2025), LongMemE], Zep Rasmussen et al.
(2025a), and MemO (Chhikara et al.| (2025)).

For agentic memory methods, we adopt the original evaluation results reported in MemO and use the
same evaluation implementation to evaluate our method, ensuring an apples-to-apples comparison.
For RAG methods, however, during our experiments, we observed that the original settings reported
in prior work, which use a small number of retrieved chunks (e.g., k = 1 or k = 2), do not fully
capture the performance potential of RAG on this benchmark. We therefore systematically increase
the number of retrieved chunks and find that performance continues to improve until peaking at
k = 30. We report the best-performing RAG results under this setting.

4.2.2 CODE REPOSITORY UNDERSTANDING BASELINES

Since existing agentic memory frameworks are not specifically designed for code repository un-
derstanding, we compare our method against the following baselines: (1) closed-book inference,
where the LLM is provided only with the question and must answer using its intrinsic knowledge;
(2) full-context inference, where the entire repository description is provided directly to the LLM;
and (3) classical RAG, where relevant code chunks are retrieved and supplied to the model. For the
RAG baseline, we refer to the empirical findings reported in the original LongBench v2 paper, which
show that a chunk size of 512 tokens and k = 256 retrieved chunks achieve the best performance.
We adopt this configuration in our evaluation.

4.3 IMPLEMENTATION DETAILS

Memory construction. During memory building, LightMem uses gpt-4.1-mini for the memory
extraction phase, leveraging its strong capability to handle and generate long contexts. gpt-4o-mini
is used for all other consolidation and reasoning stages. text —embedding—3-small is used as
the embedding model.

In the extraction phase, for the LoCoMo dataset, we provide the LLM with the entire conversation
session at each step to generate multiple leaf memory blocks. For the code repository understanding
dataset, the context window for each QA test case can be extremely long. Therefore, we chunk the
input proportionally, with each segment representing 0.5% of the total context length.

To demonstrate the robustness and adaptability of the system, we minimize prompt complexity
and follow human intuition when designing both the memory metadata and the consolidation rules.
In particular, we use only basic consolidation rules (merging and deduplicating salient items, and
normalizing keywords). This design choice ensures that performance gains come from the proposed
memory framework itself, rather than from very complex prompt design.

4.4 EVALUATION PROTOCOL AND METRICS

We set £ = 10 for LightMem in both experiments, meaning that 10 nodes are retrieved from the
memory tree. For LoCoMo, we use text—embedding—-3-small as the dense embedding model

'https://langchain-ai.github.io/langmem/
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for retrieval and feed the retrieved context to gpt-4o-mini to generate the final answer, matching the
baseline setting. First, similar to Mem0, we do not include the original source text chunks; instead,
we directly provide the salient fact notes from the retrieved memory blocks, which we find are
already sufficient to produce strong answers. We also show that including both salient notes and
linked raw source chunks can further boost performance, with a reasonable increase in latency.

For code repository understanding, we use the same embedding model for retrieval and evaluate
answer generation with both gpt-4o-mini and gpt-4.1-mini. In this task, we find that the original
code context remains helpful, so we include the linked raw source text in the retrieved context.

Metrics. For LoCoMo, we use LLM4Judge with gpt-4o-mini. The evaluation prompt and imple-
mentation strictly follow the MemO evaluation codebaseﬂ Similarlri, for code repository understand-

ing, we use the original LongBench v2 evaluation implementatio

4.5 RESULTS
4.5.1 LoCoMo

Table [] reports accuracy (LLM judge) and latency on LoCoMo. When RAG is allowed to retrieve
a sufficient number of chunks (e.g., £ = 30), strong sparse and dense retrieval baselines outperform
most prior agentic memory systems. In contrast, LightMem achieves higher accuracy than these
RAG baselines on three of the four LoCoMo categories, suggesting that hierarchical consolidation
and branch-aware selection better aggregate dispersed personal facts under a compact retrieval bud-
get. Moreover, augmenting retrieved memory notes with linked raw source chunks further improves
LightMem'’s overall performance.

For Open Domain questions, BM25 attains the highest score, and both sparse and dense retrieval
models remain highly competitive. LightMem is slightly lower in this category, indicating that
open-domain queries often benefit from retrieving larger amounts of raw evidence.

Table |I| also reports both search latency (retrieval only) and total latency (retrieval plus answer
generation). End-to-end latency depends not only on retrieval cost but also on the amount of text
passed to the answer model. While BM25 has near-zero search time, its total latency increases
substantially at larger £ due to longer contexts. Dense RAG with k£ = 30 exhibits a similar pattern.
By retrieving a small number of non-redundant nodes, LightMem maintains low latency, with search
time comparable to dense retrieval and total latency on par with MemO, the fastest agentic memory
baseline.

4.5.2 CODE REPOSITORY UNDERSTANDING

Figure 2] summarizes results on the code repository understanding task. For both answer models,
providing the full repository context reduces performance relative to closed-book inference (e.g.,
from 36% to 28% for gpt-4o-mini and from 50% to 46% for gpt-4.1-mini), consistent with prior
observations that extremely long contexts can degrade effective reasoning|Du et al.|(2025). Classical
RAG with a large retrieval budget (k = 256) also fails to improve over the no-context baseline,
suggesting that retrieving many raw chunks can still be noisy and insufficient for reliable evidence
aggregation. In contrast, LightMem achieves the best performance for both answer models (42%
and 56%), indicating that structured, compact retrieval from consolidated memory provides more
useful context than either full-context prompting or flat retrieval.

4.5.3 ABLATION STUDIES

Appendix [B.1| (Figure [)) analyzes the effect of the retrieval budget k for both RAG and LightMem.
Appendix [B.2] (Table[2) compares different retrieval context types.

*https://github.com/mem0ai/mem0/tree/main/evaluation/src
3https://github.com/THUDMY/LongBench/blob/main/pred.py
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Table 1: Comparison of latency and accuracy across retrieval and memory methods. Results marked
with * were implemented and evaluated by us using the evaluation code from memO; all other
results are directly taken from the original memO paper. Each experiment was run three times, and
the reported values are averages.

Latency (s) Accuracy (LLM Judge)
P50 P95
Search  Total Search Total Single Hop Multi Hop  Open Domain Temporal

BM25*

k=1 - - - - 29434071  29.17 £1.05 65.87 £0.45  37.07 £0.31

k=2 - - - - 36.88+0.36 36.46+0.00 76.58 +£0.12  50.47 +0.62

k=30 0.001 0.763 0.001 2508 64.89 £0.71  54.17 £2.09 88.94 £0.12  65.42 +0.31
text-embedding-3-small*

k=1 - - - —  3830+£0.36  34.38 £0.52 60.64 £0.12  34.89 £0.16

k=2 - - - - 47.87+£0.36 42771 £1.05  73.13 £0.12  43.93 +0.31

k=30 0.168 0.924 0343 2672 74.11£1.34 50.59 £2.54 87.63 £0.62  65.73 £1.63
Qwen3-8B*

k=1 - - - - 38.65+£1.07  39.58 £2.09 58.03 £0.12  31.78 £0.31

k=2 - - - - 51424071 40.62+1.57  70.27 £0.16  43.61 +£0.32

k=30 0.067 0.822  0.108 2.2308  76.60 +£0.05  52.17 +3.04 86.07 £0.37  60.74 +2.50
A-Mem 0.668 1410 1485 4374 39.79£0.38  18.85+0.31 54.05 £0.22 4991 £0.31
LangMem 17.99 1853 59.82 6040 6223 £0.75 4792 4+0.47  71.124+0.20  23.43 +0.39
Zep 0513 1292 0.778 2926 61.70 £0.32  41.35+0.48  76.60 £0.13  49.31 £0.50
MemO 0.148 0.708 0.200 1.440 67.13 £0.65 51.15£0.31 7293 £0.11  55.51 £0.34
MemOg 0476 1.091 0.657 2590 65.71 £0.45  47.19 £0.67  75.71 £0.21  58.13 £0.44
LightMem* 0.171 0.757 0367 1.087 78.01 £0.36  56.60 +2.43 84.86 £0.63  66.46 £2.08
LightMem w/ source™* 0.169 0.871 0.314 1.689  76.71 £0.59 63.89 £+0.69 88.554+0.20 76.85 +0.53

Note: Latency is in seconds (lower is better). Accuracy is fraction correct (higher is better).
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Figure 2: Code repository understanding results. LLM-judge accuracy on the code repository
understanding task under four context settings: closed-book (no context), full-context prompting,
classical RAG (k = 256), and LightMem. Results are reported for two answer models (gpt-4o-mini
and gpt-4.1-mini).

5 CONCLUSION

We introduced LightMem, a lightweight, domain-adaptive memory framework for LLM agents.
By clearly separating human-guided specification from automated memory operations, LightMem
simplifies memory construction while remaining effective across tasks. On personalization and
code understanding benchmarks, LightMem improves accuracy over vanilla RAG and representative
agentic memory baselines while maintaining competitive latency.
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Beyond these results, LightMem’s minimal interface enables rapid task-specific customization with
limited context engineering. The explicit split between human inputs and automated consolidation
also provides a clean foundation for future self-evolving agents, where memory can adapt over time
with minimal manual effort. Overall, LightMem takes a step toward more transparent, transferable,
and scalable long-term memory for LLM agents.
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A  MEMORY METADATA SCHEMAS AND ABBREVIATED EXTRACTION
PROMPT TEMPLATE

This appendix reports the task-specific memory block schemas used in our experiments, followed
by a single abbreviated extraction prompt template. The same template is instantiated by substi-
tuting the appropriate schema (personalization or repository understanding) into the <<SCHEMA>>
placeholder.

A.1 MEMORY BLOCK SCHEMAS
Personalization schema (Spygs).

{
"summary": "string",
"subjects": ["string"],
"scope": "string",
"applicability": "string",
"topics": ["string"],
"keywords": {
"mentions": ["string"],
"predicate": ["string"],
"locations": ["string"]
b
"salient_notes": [
{
"text": "string",
"event_time": "YYYY | YYYY-MM | YYYY-MM-DD | null",
"note_time": "YYYY-MM-DD HH:MM | null"
}
1,
"time_description": "string"
"example_questions": ["string"]

Repository schema (Sggpo)-

{

"summary": "string",
"scope": "string",
"applicability": "string",

"topics": ["string"],

"keywords": {
"symbols": ["string"],
"endpoints": ["string"],
"cli": ["string"],
"configs": ["string"],
"files": ["string"],
"libraries": ["string"],
"concepts": ["string"]

b

"salient_notes": [
{ "text": "string" }

1,

"example_questions": ["string"]

A.2 ABBREVIATED EXTRACTION PROMPT TEMPLATE

13
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Figure 3: Simplified representation of the LLM extraction prompt. The template is instantiated by
inserting a task-specific memory schema S (Appendix [A.T). For clarity, we show the high-level
structure and intent while omitting detailed instructions.

{
"System": "You are an expert information extractor that converts an
input document unit into memory blocks.
Output MUST be a STRICT JSON ARRAY of 0-5 blocks (no wrapper keys, no
extra text).
Do not invent facts.
/+ Detailed formatting constraints and safety checks */",

"Input": {
"segment id": "{segment_id}",
"timestamp": "{optional}",
"content": "{raw text}"
by
"Goal": "Split into 0-5 topical memory blocks.
Each block should be self-contained and cover a coherent topic/scope.
Return [] if no eligible information exists.",
"BlockSeparation": "Create separate blocks when topic/scope/timeframe

differ materially.
Avoid mixing unrelated facts/features in one block.
Prefer fewer, cleaner blocks over over-splitting.",

"Eligibility": "Extract only task-relevant, grounded facts from the
input.

Ignore fluff, meta-chat, or unsupported claims.

/+ Task-specific eligibility details x/",

"Schema": "<<memory metadata schema S>>"

B ABLATION STUDIES

B.1 EFFECT OF THE RETRIEVED k

Figure [4] shows LoCoMo accuracy as a function of the retrieval budget & for classical RAG and
LightMem under the notes-only setting. LightMem consistently outperforms RAG at the same £,
indicating that hierarchical consolidation and branch-aware retrieval select more informative and
less redundant evidence than flat chunk retrieval. As k increases, both methods improve, but the
gap remains, suggesting that LightMem is not only more retrieval-efficient but also provides higher-
quality retrieved context even when restricted to compact memory notes.

B.2 NOTES-ONLY VS. SOURCE-ONLY VS. COMBINED RETRIEVAL

Table 2] compares three retrieval settings: retrieving only salient notes, only raw source chunks, or
both. Retrieving both consistently performs best on LoCoMo and code repository understanding,
suggesting that notes and sources provide complementary signals. On LoCoMo, notes-only is al-
ready strong, indicating that consolidated notes preserve most personal facts, while adding sources
recovers additional details. On code repositories, source-only outperforms notes-only by a larger
margin, reflecting that details are often best captured in raw context for code understanding.
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Figure 4: Effect of retrieval k. LoCoMo accuracy versus the number of retrieved units for RAG
and LightMem (notes only).

Table 2: Ablation study of overall LLM-as-a-judge scores for different retrieval settings across
datasets. Scores are computed using GPT-40-mini as the base LLM.

Retrieval Setting LoCoMo Code Repo
Notes only 77.21 34.00
Source only (raw chunks) 79.81 42.00
Notes + Source 82.21 44.00
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